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Wrinkling behaviour of biaxial non-crimp fabrics during
preforming

Johan Verner Viisainen

The necessary lightweighting of the transport sector to meet emission reduction targets can be
helped through the expanded use of composites. However, for the high volume production of
composites to be cost-effective, it is needed that they can be manufactured through automated
liquid composite moulding (LCM). Furthermore, the defects that occur during the initial
preforming stage of LCM, notably wrinkles, are a key obstacle preventing automation and
adoption of LCM, because wrinkles significantly compromise the component performance, and
because there is currently no reliable method for mitigating them. To pave the way towards
wrinkling mitigation during preforming, this thesis aims to characterise the wrinkling behaviour
of non-crimp fabrics (NCFs) as well as to investigate how the wrinkling severity is affected by
the tool geometry.

These aims are achieved through both experimental and numerical approaches. Firstly,
experimental forming tests are conducted to characterise the mechanisms, severity and vari-
ability of wrinkling for a ±45° biaxial NCF during preforming, considering four contrasting
benchmark geometries. Secondly, a large dataset of forming simulations for various tool
geometries is generated and used to investigate the effect of geometry on wrinkling severity,
and to develop a deep learning based surrogate model for rapidly predicting the fabric wrinkling
over a given tool geometry.

The results demonstrate that two macroscale wrinkling mechanisms exist for this NCF and
that the most severe wrinkles occur consistently via lateral fabric compression during material
draw-in rather than tow compression at shear-lockup. Furthermore, they show that the wrinkling
variability is significant and is especially apparent for multi-layer forming. Additionally, the
tool geometry is shown to have a substantial effect on wrinkling with more tapered geometries
leading to less severe wrinkling. Lastly, the surrogate model is demonstrated to achieve similar
predictions to the finite element simulations but at a much lower computational cost, thus
enabling the optimisation of component geometry for minimal wrinkling.



To Kirsi, Lena and Cui Er, three bold women who have all inspired me greatly.



Acknowledgements

This thesis would not have been possible without financial support from the Engineering and
Physical Sciences Research Council, as well as the contributions and support of the following
people, to whom I owe a debt of gratitude.

First of all, I would like to thank my supervisor Professor Michael Sutcliffe for helping
guide this research from the beginning, always providing positive yet decisive feedback, and
being supportive and approachable during the difficult moments. My thanks are also extended
to my advisor Dr Graham McShane, who offered useful comments during the first and second
year assessments in particular.

Furthermore, I want to acknowledge both Dr Jin Zhou and Dr Andrea Codolini, with whom
I had the pleasure of working on this research. They were both able to offer crucial insights at
critical points of this PhD journey, with Andrea also offering his time to run key simulations
for Chapter 5. Dr Burigede Liu is also acknowledged for helping me with developing the
post-processing method for Chapter 3. In addition, Dr Abbas Hosseini’s previous work into
wrinkling mechanisms contributed to the findings in Chapter 3. The previous work of MEng
students at Cambridge on developing the forming rig that I inherited is also acknowledged
and appreciated. I would also like to thank Dr Graham Treece for his advice in contributing
towards the variability calculation method in Chapter 4. Additionally, Chapter 5 would not
have been possible without the modelling expertise of Dr Fei Yu, Dr Shuai Chen and their
supervisor Dr Lee Harper from the University of Nottingham, who kindly allowed me to use
their finite element model. Furthermore, thank you to Dr Reza Sourki for making transatlantic
collaboration an enjoyable process.

The unsung heroes of any experimental work are the technicians who make it possible and
in this case, the experiments in Chapter 3 and Chapter 4 were only feasible due to the amazing
technicians in Division C, from whom I learnt so much. In particular, I would like to thank
Mr Simon Marshall and Mr Graham Smith, with Simon being instrumental in building the
forming rig and getting me familiar with DIC, and Graham being instrumental in keeping me
sane during those long days of testing. The assistance of Mr Stefan Savage, Mr Tony Dennis,
Mr Len Howlett, Mr Gary Bailey and Mr David Sayles is also acknowledged.



vi

I am grateful for the support of industrial partners Hexcel (Dr Dimitris Karanatsis and Dr
Arthur Swarbrick) and Dassault Systèmes (Dr John Klintworth) throughout this project. Hexcel
crucially provided all the fabric material for my experiments, and the insights of Dimitris,
Arthur and John have been exceedingly helpful at our regular meetings. I am also thankful for
having been able to be part of the EPSRC Future Composites Manufacturing Research Hub
during my studies, through which I was able to connect and interact with many like-minded
composites researchers throughout the UK. Therefore thanks to Dr Mikhail Matveev and the
other committee members for organising all the Researchers’ Network events over the past few
years.

The colleagues with whom I shared the Oatley Laboratory during this time will be fondly
remembered. I am grateful for the camaraderie and encouragement of Alberto, Angkur,
Johnny, Hamsini, Chanel, Ratul, Andrea, Liu, Lucas, Wei, Emilio, Joe and Sina. You have all
contributed in your own ways towards making this thesis possible.

During my time in Cambridge, I found a supportive community at Pembroke College as a
member of the Graduate Parlour. I am hugely grateful to have met so many wonderful friends
from there who have made the last four years all the more enjoyable: Coco, Leo, Helena, Flo,
Cameron, Anna F., Tobias, Eric, Jana, Selina, Anna G. and Saksham. From Pembroke, I also
want to thank Dr James Gardom and Ms Jan Brighting for their unwavering support and advice,
as well as all the college staff who always made me feel so welcome.

The main inspiration for me do to a PhD originated from my mother (and double Dr) Kirsi,
and I would not be here without her sacrifices and unconditional support, for which I will be
forever grateful. I would also like to thank everyone else in my family who have supported me
and provided cherished memories over the years. Particularly, thank you to Klaus, Nick, Aku,
Arttu, Juho, Tindra, Pirjo, Leif, Markus, Hannu and Aini.

Finally, actually completing this PhD would not have been possible without the love and
support of my partner Cui Er, who has been with me every step of the way, inspiring me through
the tough moments and enabling me to get to the finish line.

A PhD is supposedly an individual journey of personal reflection and achievement but
behind every thesis, there is a legion of influential people that actually make it possible and this
could not be more true in my case. An earnest thank you to all those that helped me get this far.



Table of contents

List of figures xii

List of tables xvi

1 Introduction 1
1.1 Motivation for thesis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Thesis aims and objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
1.3 Thesis outline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

2 Literature review 7
2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
2.2 Background to NCFs and preforming . . . . . . . . . . . . . . . . . . . . . . 7

2.2.1 Non-crimp fabrics . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
2.2.2 Types of preforming and defects . . . . . . . . . . . . . . . . . . . . 11
2.2.3 Geometries of interest . . . . . . . . . . . . . . . . . . . . . . . . . 13

2.3 Wrinkling defect . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
2.3.1 Definition and descriptors of wrinkling . . . . . . . . . . . . . . . . 15
2.3.2 Effect of wrinkles on component . . . . . . . . . . . . . . . . . . . . 17
2.3.3 Characteristics of biaxial NCFs related to wrinkling . . . . . . . . . . 18
2.3.4 Mechanisms of NCF wrinkling . . . . . . . . . . . . . . . . . . . . . 20
2.3.5 Factors affecting wrinkling . . . . . . . . . . . . . . . . . . . . . . . 22
2.3.6 Approaches for mitigating wrinkling . . . . . . . . . . . . . . . . . . 25

2.4 Variability in wrinkling and preforming . . . . . . . . . . . . . . . . . . . . 26
2.4.1 Definition . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
2.4.2 Wrinkling variability due to material production . . . . . . . . . . . 27
2.4.3 Wrinkling variability due to preforming process . . . . . . . . . . . . 28

2.5 Experimental methods for characterising wrinkling . . . . . . . . . . . . . . 29



Table of contents viii

2.5.1 Test types for wrinkling investigations . . . . . . . . . . . . . . . . . 29
2.5.2 Wrinkling characterisation . . . . . . . . . . . . . . . . . . . . . . . 30
2.5.3 Wrinkling variability characterisation . . . . . . . . . . . . . . . . . 31

2.6 Modelling methods for preforming and wrinkling . . . . . . . . . . . . . . . 31
2.6.1 Modelling approaches . . . . . . . . . . . . . . . . . . . . . . . . . 32
2.6.2 Semi-discrete forming models . . . . . . . . . . . . . . . . . . . . . 35
2.6.3 Macroscale forming models . . . . . . . . . . . . . . . . . . . . . . 35
2.6.4 Key elements of a macroscale wrinkling model . . . . . . . . . . . . 36
2.6.5 Virtual process optimisation . . . . . . . . . . . . . . . . . . . . . . 37
2.6.6 Modelling preforming variability . . . . . . . . . . . . . . . . . . . 38

2.7 Gaps in the literature . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

3 Wrinkling behaviour and mechanisms of a biaxial NCF 40
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40
3.2 Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

3.2.1 Experimental forming setup . . . . . . . . . . . . . . . . . . . . . . 41
3.2.2 Post-processing of experimental data . . . . . . . . . . . . . . . . . 46

3.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51
3.3.1 Observations at the end of forming . . . . . . . . . . . . . . . . . . . 51
3.3.2 Wrinkle development during hemispherical forming . . . . . . . . . 55
3.3.3 Shear angle development during hemispherical forming . . . . . . . 57
3.3.4 Stitch and fibre tow strain development during hemispherical forming 58
3.3.5 Macroscale and mesoscale wrinkle development during hemispherical

forming . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59
3.3.6 Relationships between wrinkling, strains and shear angle . . . . . . . 60
3.3.7 Wrinkling characterisation over four benchmark geometries . . . . . 62

3.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65
3.4.1 Wrinkling mechanisms . . . . . . . . . . . . . . . . . . . . . . . . . 65
3.4.2 Deformation modes and wrinkling behaviour . . . . . . . . . . . . . 67
3.4.3 Fabric architecture and wrinkling behaviour . . . . . . . . . . . . . . 68
3.4.4 Effect of geometry on wrinkling behaviour . . . . . . . . . . . . . . 69
3.4.5 Optimisation of wrinkling . . . . . . . . . . . . . . . . . . . . . . . 69
3.4.6 Benefits and limitations of method . . . . . . . . . . . . . . . . . . . 70

3.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71



Table of contents ix

4 Characterisation of wrinkling variability 73
4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73
4.2 Materials and methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

4.2.1 Material characterisation . . . . . . . . . . . . . . . . . . . . . . . . 74
4.2.2 Experimental forming method and wrinkle calculation . . . . . . . . 75
4.2.3 Sources of variability and variability control during preforming tests . 77
4.2.4 Outline of testing . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80
4.2.5 Method for wrinkling variability characterisation . . . . . . . . . . . 81

4.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88
4.3.1 Overview of variability results . . . . . . . . . . . . . . . . . . . . . 88
4.3.2 Effect of changing material . . . . . . . . . . . . . . . . . . . . . . . 90
4.3.3 Effect of forming parameters . . . . . . . . . . . . . . . . . . . . . . 92
4.3.4 Effect of forming layup . . . . . . . . . . . . . . . . . . . . . . . . . 94
4.3.5 Statistical significance of differences between sample sets . . . . . . 96

4.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98
4.4.1 Wrinkle amplitude variability and wrinkle location variability . . . . 98
4.4.2 Factors affecting preforming variability . . . . . . . . . . . . . . . . 99
4.4.3 Optimisation for minimal variability . . . . . . . . . . . . . . . . . . 100
4.4.4 Implications for wrinkle mitigation with realistic composite layups . . 101
4.4.5 Implications for process simulation . . . . . . . . . . . . . . . . . . 101
4.4.6 Evaluation of variability characterisation method . . . . . . . . . . . 102
4.4.7 Challenges of variability characterisation . . . . . . . . . . . . . . . 104

4.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104

5 Rapid prediction of fabric wrinkling for a given tool geometry 106
5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106
5.2 Literature review: deep learning neural networks . . . . . . . . . . . . . . . 108

5.2.1 Background to neural networks . . . . . . . . . . . . . . . . . . . . 108
5.2.2 Development of FCNs for image segmentation . . . . . . . . . . . . 110
5.2.3 Applications of neural networks for composites . . . . . . . . . . . . 111
5.2.4 Using neural networks to investigate effect of tool geometry . . . . . 113

5.3 Material, process and FE model . . . . . . . . . . . . . . . . . . . . . . . . 114
5.3.1 Material, layup and forming process . . . . . . . . . . . . . . . . . . 114
5.3.2 Finite element model . . . . . . . . . . . . . . . . . . . . . . . . . . 117

5.4 Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 120



Table of contents x

5.4.1 Geometry data generation . . . . . . . . . . . . . . . . . . . . . . . 121
5.4.2 Forming data generation . . . . . . . . . . . . . . . . . . . . . . . . 130
5.4.3 Data pre-processing . . . . . . . . . . . . . . . . . . . . . . . . . . 132
5.4.4 Model training and evaluation . . . . . . . . . . . . . . . . . . . . . 137
5.4.5 Wrinkling-geometry correlation . . . . . . . . . . . . . . . . . . . . 147

5.5 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 148
5.5.1 Typical wrinkling behaviour obtained from FE simulation . . . . . . 148
5.5.2 Effect of geometry on NCF wrinkling . . . . . . . . . . . . . . . . . 149
5.5.3 Surrogate model performance . . . . . . . . . . . . . . . . . . . . . 156

5.6 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 163
5.6.1 NCF wrinkling and tool geometry . . . . . . . . . . . . . . . . . . . 163
5.6.2 Surrogate model for wrinkling prediction . . . . . . . . . . . . . . . 168

5.7 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 173

6 Conclusions and future work 174
6.1 Summary of contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . 174

6.1.1 Wrinkling characterisation . . . . . . . . . . . . . . . . . . . . . . . 174
6.1.2 Effect of tool geometry on wrinkling . . . . . . . . . . . . . . . . . . 175

6.2 Specific conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 176
6.2.1 Wrinkling characterisation . . . . . . . . . . . . . . . . . . . . . . . 176
6.2.2 Effect of tool geometry on wrinkling . . . . . . . . . . . . . . . . . . 177

6.3 Future work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 178
6.3.1 Wrinkling characterisation . . . . . . . . . . . . . . . . . . . . . . . 178
6.3.2 Effect of tool geometry on wrinkling . . . . . . . . . . . . . . . . . . 180

References 184

Appendix A Experimental forming rig development 203
A.1 Upgraded forming rig . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 203

A.1.1 Inherited rig . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 203
A.1.2 Improvements made to inherited rig . . . . . . . . . . . . . . . . . . 204

A.2 DIC system arrangement . . . . . . . . . . . . . . . . . . . . . . . . . . . . 207
A.3 Actuator system . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 208
A.4 Closed loop motor control system . . . . . . . . . . . . . . . . . . . . . . . 210



Table of contents xi

Appendix B Procedure for experimental forming tests 212
B.1 Sample preparation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 213
B.2 3D-DIC preparation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 215
B.3 Rig preparation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 216
B.4 Test procedure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 217

Appendix C Speckle pattern application 219
C.1 Speckle material selection . . . . . . . . . . . . . . . . . . . . . . . . . . . 220
C.2 Controlled application of speckle pattern . . . . . . . . . . . . . . . . . . . . 221
C.3 Optimisation of graphite spraying distance . . . . . . . . . . . . . . . . . . . 223

Appendix D Benchmark wrinkle generator and decoupling validation 225
D.1 Wrinkle generator . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 225
D.2 Reference benchmark wrinkle surface . . . . . . . . . . . . . . . . . . . . . 226
D.3 Validation of decoupling . . . . . . . . . . . . . . . . . . . . . . . . . . . . 227

Appendix E Geometrical metrics 229
E.1 Spatial metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 232
E.2 Angular metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 232
E.3 Surface metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 234

Appendix F Optimisation of deep learning model 237
F.1 Hyperparameter optimisation . . . . . . . . . . . . . . . . . . . . . . . . . . 237
F.2 Model accuracy limit . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 240

Appendix G Research outcomes 242
G.1 Journal publications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 242
G.2 Conference presentations and posters . . . . . . . . . . . . . . . . . . . . . . 243
G.3 Co-supervision of MEng students . . . . . . . . . . . . . . . . . . . . . . . 243



List of figures

1.1 Overview of a liquid composite moulding (LCM) manufacturing process . . . 2
1.2 Graphical thesis outline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2.1 Overview of the different types of non-crimp fabrics . . . . . . . . . . . . . . 9
2.2 Four different stitch types for non-crimp fabrics (NCFs) . . . . . . . . . . . . 10
2.3 Comparison of the press tool forming and the double diaphragm forming

processes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
2.4 Geometries of interest for composites manufacturing via liquid composite

moulding . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
2.5 Macroscale and mesoscale wrinkling . . . . . . . . . . . . . . . . . . . . . . 15
2.6 Asymmetric shear behaviour of ±45° non-crimp fabric . . . . . . . . . . . . 18
2.7 Comparison of the bending behaviour of two biaxial non-crimp fabrics with

different stitch patterns . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
2.8 Summary of the various modelling approaches for the preforming of fabrics . 34

3.1 Fabric, sample geometry and tool geometries used in Chapter 3 . . . . . . . . 42
3.2 Experimental forming setup . . . . . . . . . . . . . . . . . . . . . . . . . . 44
3.3 Fabric wrinkle amplitude calculation method . . . . . . . . . . . . . . . . . 46
3.4 Fabric shear angle and fibre strain calculation method . . . . . . . . . . . . . 48
3.5 Fabric sample at the end of hemispherical forming, with the wrinkling defects

shown . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52
3.6 Fabric sample at the end of hemispherical forming, with the draw-in and shear

regions shown . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53
3.7 Fabric samples formed over the double dome, tetrahedron and triangular prism,

with the wrinkling defects shown . . . . . . . . . . . . . . . . . . . . . . . . 54
3.8 Wrinkle amplitude and wrinkle area development of a biaxial NCF during

hemispherical forming . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56



List of figures xiii

3.9 Shear angle development of a biaxial NCF during hemispherical forming . . 57
3.10 Stitch strain and compressive fibre strain development of a biaxial NCF during

hemispherical forming . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58
3.11 Maximum absolute wrinkle amplitude development in the positive and negative

shear regions during hemispherical forming . . . . . . . . . . . . . . . . . . 59
3.12 Relationships between wrinkle amplitude, fibre strain, stitch strain and shear

angle during hemispherical forming . . . . . . . . . . . . . . . . . . . . . . 61
3.13 Comparison of the wrinkling severity and surface strains for fabric samples

formed over the four punch geometries investigated . . . . . . . . . . . . . . 62
3.14 Spider diagram of five wrinkling-related metrics, compared for the same fabric

formed over the four punch geometries investigated . . . . . . . . . . . . . . 64
3.15 Wrinkling mechanisms for a biaxial non-crimp fabric with a ±45° fabric

architecture . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

4.1 Experimental setup and wrinkle calculation method . . . . . . . . . . . . . . 76
4.2 Outline of the experimental testing to investigate wrinkling variability . . . . 80
4.3 Wrinkling variability calculation method . . . . . . . . . . . . . . . . . . . . 82
4.4 Benchmark study of the wrinkle variability characterisation method . . . . . 86
4.5 Overview of the experimental variability results . . . . . . . . . . . . . . . . 88
4.6 Effect of material on wrinkling variability . . . . . . . . . . . . . . . . . . . 91
4.7 Effect of forming process parameters on wrinkling variability . . . . . . . . . 93
4.8 Effect of forming layup on wrinkling variability . . . . . . . . . . . . . . . . 95
4.9 Statistical significance of the differences in variability between the reference

set and the other sample sets . . . . . . . . . . . . . . . . . . . . . . . . . . 97

5.1 Accuracy of wrinkle prediction versus the computational cost for various
modelling approaches used for fabric forming . . . . . . . . . . . . . . . . . 107

5.2 Comparison of a convolutional neural network and a fully convolutional network109
5.3 Method for developing deep learning surrogate model . . . . . . . . . . . . . 120
5.4 Geometry generator and examples of generated tool geometries . . . . . . . . 121
5.5 Examples of geometries that were accepted and rejected at the filtering stage . 125
5.6 Probability density distributions and 5-bin histograms for all eight geometry

characteristics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 128
5.7 Optimisation of the total runtime for running 1818 finite element simulations 132
5.8 Outline of the method for obtaining tool height, shear angle and wrinkle

amplitude images from the finite element simulation data . . . . . . . . . . . 133



List of figures xiv

5.9 Outline of the wrinkle-free reference surface, used for wrinkle amplitude
calculation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 134

5.10 Geometries in the evaluation set . . . . . . . . . . . . . . . . . . . . . . . . 138
5.11 Outline of the fully convolutional network used for the surrogate model . . . 138
5.12 Progression in the loss function, the image accuracy and the wrinkle error over

the course of training the optimised surrogate model . . . . . . . . . . . . . . 145
5.13 Tool height, wrinkle amplitude and shear angle images for one geometry from

the geometry set . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 148
5.14 Comparison between the two NCFs in the layup of the probability density

distributions of wrinkling severity across all simulated geometries . . . . . . 150
5.15 Probability density distributions of the shear angle and the wrinkling severity

in the positive and negative shear regions of the bottom NCF in the layup . . 151
5.16 Correlation between the tool geometry characteristics and the mean wrinkle

amplitude . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 154
5.17 Correlation between the tool geometry characteristics and the mean wrinkle

amplitude in the positive and negative shear regions . . . . . . . . . . . . . . 155
5.18 Effect of training set size on maximum image accuracy . . . . . . . . . . . . 156
5.19 Image accuracy of the surrogate model based on the test set, with examples of

predictions shown . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 157
5.20 Error in surrogate model wrinkle severity predictions relative to predictions

from finite element model, evaluated on the test set . . . . . . . . . . . . . . 158
5.21 Wrinkling predictions for the geometries in the evaluation set . . . . . . . . . 159
5.22 Variability in simulated wrinkle patterns for cylinder-like and hemisphere-like

geometries in the training set . . . . . . . . . . . . . . . . . . . . . . . . . . 161

A.1 Inherited experimental forming setup . . . . . . . . . . . . . . . . . . . . . . 204
A.2 Upgraded experimental forming setup . . . . . . . . . . . . . . . . . . . . . 204
A.3 Blank holders used for the forming tests . . . . . . . . . . . . . . . . . . . . 206
A.4 Labelled assembly of the actuator system . . . . . . . . . . . . . . . . . . . 208
A.5 Graphical user interface of the control algorithm used to control the experimen-

tal forming rig . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 211

C.1 Speckle pattern application process . . . . . . . . . . . . . . . . . . . . . . . 222
C.2 Modified spray can gun . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 223
C.3 Cantilever test experimental rig . . . . . . . . . . . . . . . . . . . . . . . . . 224
C.4 Effect of graphite spraying distance on NCF bending stiffness . . . . . . . . 224



List of figures xv

D.1 Validation of the decoupling in the calculation of the wrinkle amplitude differ-
ence and the wrinkle location difference . . . . . . . . . . . . . . . . . . . . 228

E.1 Graphical definition of the 14 geometry metrics relative to one tool geometry 231
E.2 Optimisation of the grid length used for calculating curvatures . . . . . . . . 235

F.1 Optimisation of surrogate model hyperparameters . . . . . . . . . . . . . . . 238
F.2 Comparison of the image accuracy progression during training for the 10

best-trained surrogate models . . . . . . . . . . . . . . . . . . . . . . . . . . 241



List of tables

3.1 Parameters of the biaxial non-crimp fabric (NCF) used in Chapter 3 . . . . . 43
3.2 Key parameters relating to the 3D digital image correlation system . . . . . . 45
3.3 Validation of the calculated stitch strain and shear angle values . . . . . . . . 49
3.4 Description of the spider diagram wrinkling metrics . . . . . . . . . . . . . . 64

4.1 Characterisation of the three materials used in Chapter 4 . . . . . . . . . . . 75
4.2 Process parameters associated with the experimental rig and the preforming

process . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77
4.3 Sources of potential variability for the experimental preforming setup . . . . 79

5.1 Details related to the material used in Chapter 5 . . . . . . . . . . . . . . . . 114
5.2 Details related to the fabric layup that is investigated in Chapter 5 . . . . . . 115
5.3 Details related to the forming process that is simulated in Chapter 5 . . . . . 116
5.4 Key details relating to the macroscale material model used in the finite element

model for the biaxial non-crimp fabric . . . . . . . . . . . . . . . . . . . . . 117
5.5 Outline of the variable input parameters used for the geometry generator and

the corresponding parameter ranges . . . . . . . . . . . . . . . . . . . . . . 122
5.6 Details for the filters used to identify suitable geometries for preforming . . . 125
5.7 Details for the automated filleting algorithm . . . . . . . . . . . . . . . . . . 129
5.8 Details for the meshing of the generated tool geometries . . . . . . . . . . . 131
5.9 Sizes of the total, training, test and evaluation datasets used with the surrogate

model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 137
5.10 Details relating to the fully convolutional network used for the surrogate model 139
5.11 Details relating to the two metrics used to evaluate the performance of the

surrogate model for wrinkle prediction . . . . . . . . . . . . . . . . . . . . . 142
5.12 Hyperparameter values for the surrogate model . . . . . . . . . . . . . . . . 143



List of tables xvii

5.13 Computational cost of wrinkle prediction using the trained surrogate model
compared against using the equivalent finite element model . . . . . . . . . . 162

5.14 Computational cost of developing and using the surrogate model . . . . . . . 163

A.1 Feasibility of four different potential orientations of the DIC system relative to
the forming rig . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 207

C.1 Feasibility of six different speckle pattern material options . . . . . . . . . . 220

E.1 Details relating to the 14 geometrical metrics used in Chapter 5 . . . . . . . . 230



Chapter 1

Introduction

1.1 Motivation for thesis

As shown by the UK Climate Change Act and the 2015 Paris Agreement respectively, there
are both national legal requirements and a global agreement on the rapid need to decarbonise
every aspect of society and to reach net-zero carbon dioxide (CO2) emissions by 2050, if
we are to avoid the worst effects of climate change. This requirement applies equally to the
transport sector, which contributes around 20% of global CO2 emissions due mainly to the use
of fossil fuels for propulsion [1]. Thus there is an urgent need for the automotive and aerospace
industries to electrify their vehicles, where this is feasible, and significantly improve their
energy efficiency otherwise. With fully electric commercial plane travel not being projected to
be feasible within the next 30 years, improving energy efficiency will be critical for continued
operation at lower emissions [2], particularly as there are significant environmental concerns
associated with the adoption of bio-fuels [3].

With respect to the automotive sector, the shift towards ground-based electric vehicles is
well underway and projected to grow rapidly in the coming years [4] but these more efficient,
low emission vehicles are currently limited by their travel range, which can only be counteracted
by adding more heavy batteries [5]. These have a negative effect on efficiency as the maximum
energy efficiency of a vehicle is limited by its overall mass and thus those batteries must
be counterbalanced by weight reductions elsewhere. As a result, for both industries, there
is increasing attention to a previously secondary objective: to reduce the mass of structural
components through ‘lightweighting’: redesigning components using alternative materials that
provide the same mechanical properties at a lower density or improved specific strength and
stiffness.
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Advanced composite materials such as carbon fibre reinforced plastic (CFRP), are an
attractive class of materials that have similar strength and stiffness but much lower density
compared to the more conventional structural materials used in the transport sector: steel and
aluminium alloys [6]. Given these properties, CFRP is an attractive option for the lightweighting
of the transport sector and has already seen significant use in the structural components of
high-budget, low volume vehicles such as sports cars, Formula 1 cars and the Boeing 787
Dreamliner aircraft. In the latter case, composites make up 50% of the structure by weight,
leading to 20% overall weight savings [7]. However, the wider adoption of CFRP within the
automotive sector for mass-produced vehicles is held back by the high material cost of the
‘prepreg’ material and the traditionally low volume and high-cost method of autoclave moulding
[8, 9]. Thus to address this barrier, alternative approaches for the manufacturing of CFRP need
to be adopted that allow for low cost and high volume production.

a) b) c)

Preforming of the 
fabric layup

Resin injection 
into the preform

Final composite 
component

Fig. 1.1 Overview of a liquid composite moulding (LCM) manufacturing process. In this
case, the resin transfer moulding (RTM) process is depicted, consisting of two key stages: a)
preforming of the fabric layup and b) resin injection into the preform, which then result in c)
the final composite component. Adapted from [10].

Using dry textile reinforcements that are manufactured into ‘textile composites’ through
liquid composite moulding (LCM) presents a feasible way to make CFRP at high volumes
and relatively low cost. There are various LCM approaches including resin transfer moulding
(RTM), the steps of which are shown in Figure 1.1. A key example of a vehicle manufactured
in this way is the BMW i3, which was the first mass-market vehicle with a structure made fully
from CFRP [11] and has inspired further incorporation of composites within the automotive
industry [12]. LCM approaches minimise the cost of the raw material by avoiding prepreg and
thus keeping the fibres and resin separate until the infusion/curing phase. Furthermore, the
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manufacturing rate and cost are improved as LCM processes can be automated with short cycle
times and implemented into a continuous production, thus significantly reducing labour costs
and improving processing times compared to manual layup and autoclave moulding.

However, while using dry textile reinforcements (also called fabrics) instead of unidirec-
tional (UD) prepreg tapes is attractive from a manufacturing point of view due to their improved
handleability, the inherent crimp in woven carbon fibre fabrics is associated with significant
reductions in mechanical properties (both strength and stiffness) of the final component com-
pared to components made from UD [13]. Thus, it makes woven fabric composites less suitable
for lightweighting as thicker layups are required for the same performance.

Non-crimp fabrics (NCFs) are a relatively recent class of textile reinforcement, made up of
layers of straight fibre tows that are stitched together. Thus they avoid the tow undulations of
woven fabrics that cause a drop in mechanical properties while maintaining their handleability,
making them highly suited for automated manufacturing. By combining the best features of UD
and woven, they are thus an ideal material for use with LCM that can achieve high-performance
parts at lower cost and higher volume. However, due to the customisability of NCFs in terms
of layers, tow orientations and stitch types, they are generally much less well understood
than woven fabrics in terms of their behaviour. Therefore, further work is needed to better
understand how these promising fabrics can be most optimally manufactured via LCM.

The key impediments that hinder the automated production of textile composites through
LCM are the significant defects that arise during production, particularly at the initial pre-
forming stage of LCM, where the fabric layup is draped over the tool geometry (Figure 1.1a).
These defects mean that any advantages of automated production are offset by an increase in
scrapped parts and poorer overall part quality, which then result in added costs and production
time. Thus the preforming step currently represents over 39% of the total cost of an RTM
manufactured component [14], a similar proportion to the cost of the expensive raw material
(42%). Numerous studies have highlighted the additional challenges with forming of biaxial
NCFs compared to woven fabrics, namely the addition of relative ply sliding [15] and the
asymmetric shear behaviour [16]. These defects during preforming need to be eliminated or
mitigated so that textile composite components can meet the industrial safety and performance
requirements, and enable the lightweighting of the automotive and aerospace sectors.

While the defects and their severity can vary significantly, a critical defect that is common
to most forming processes is fabric wrinkling. This defect, consisting of either fibres buck-
ling along their length or the fabric folding out-of-plane can have detrimental effects on the
mechanical performance of the final component and thus has seen significant attention within
industry and academia over the last few decades. However, progress has been hindered by a
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lack of fundamental understanding of the underlying wrinkling mechanisms and the inherent
variability of wrinkling [17], which makes them more challenging to predict. Therefore, the
mitigation of wrinkling during preforming remains an unresolved problem that prevents the
higher volume production of CFRP.

The wrinkling of fabrics is particularly severe during the preforming of complex, doubly
curved geometries. The high level of wrinkling can be partly explained by the fact that some
wrinkles are an inevitable result of mapping continuous fibre tows over a curved geometry [18]
but it is not clear whether any particular wrinkle is a design-induced feature or a manufacturing
defect caused by poor selection of process parameters. Thus it is critical to better understand
how the tool geometry contributes towards wrinkling during preforming and whether these
defects can be eliminated through design optimisation.

1.2 Thesis aims and objectives

As outlined, a key challenge in the necessary lightweighting of the automotive sector through
the wider use of textile composites remains developing a better understanding of NCF wrinkling
behaviour and how this wrinkling can be mitigated during the preforming of complex geome-
tries. This thesis contributes towards addressing this challenge by considering the wrinkling of
biaxial NCFs during the preforming process. The two central aims of this thesis are:

1. To characterise the wrinkling mechanisms and variability of a biaxial NCF during
preforming (Aim #1).

2. To investigate the effect of the tool geometry on NCF wrinkling severity during preform-
ing (Aim #2).

In order to address these aims, the following six objectives are investigated through a mixture
of experimental and numerical approaches:

1. To characterise the wrinkling behaviour and mechanisms of a pillar-stitched ±45° biaxial
NCF formed over a hemisphere (as part of Aim #1).

2. To investigate how the wrinkling behaviour changes when the NCF is formed over three
other benchmark geometries: a double dome, a tetrahedron and a triangular prism (as
part of Aim #2).

3. To develop a novel variability calculation method that can decouple the wrinkling vari-
ability of fabrics in terms of wrinkle amplitude and wrinkle location (as part of Aim
#1).
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4. To apply this variability calculation method to characterise the experimental variability
in the wrinkling defects of a preformed biaxial NCF compared against other materials,
and with contrasting preforming conditions and layups (as part of Aim #1).

5. To develop a deep learning surrogate model to rapidly predict the wrinkling severity for
a given convex tool geometry during double diaphragm preforming for a biaxial NCF (as
part of Aim #2).

6. Based on the simulated data used to develop the surrogate model, to investigate the
relationship between geometrical characteristics of the tool geometry and the severity of
wrinkling (as part of Aim #2).

The motivation for these specific objectives will be further elaborated on through the literature
review presented in Chapter 2.

1.3 Thesis outline

This thesis is divided up into six chapters that attempt to address these objectives, with three
key investigations presented that consider in turn: wrinkling characterisation, the variability of
wrinkling and the prediction of wrinkling. The full outline of the subsequent chapters in this
thesis is thus as follows:

• Chapter 2 presents a detailed literature review into the wrinkling of textile reinforcements,
providing background to NCFs and preforming, as well as highlighting the gaps in the
literature that motivate the thesis objectives.

• Chapter 3 addresses the first two objectives by experimentally analysing the wrinkling
behaviour for a biaxial non-crimp fabric for a range of tool geometries, to highlight the
varying mechanisms by which wrinkles form in textile reinforcements and how these are
affected by tool geometry.

• Chapter 4 focuses on the third and fourth thesis objectives by characterising the variability
in wrinkling behaviour between ‘identical’ samples formed under the same conditions
using a novel image-based method. The investigation also extends to consider the effect
of different process conditions on the overall variability of forming and the wrinkling
defects produced.

• Chapter 5 targets the fifth and sixth thesis objectives through a numerical study to evaluate
the links between geometry and wrinkling severity, while also using this numerical data
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to train a deep learning surrogate model for rapidly predicting the wrinkling behaviour
for a given tool geometry.

• Chapter 6 concludes the thesis by summarising the key contributions made, listing the
specific conclusions from Chapters 3-5 and presenting possible avenues for future work.

To summarise the structure of the thesis, a graphical thesis outline is presented in Figure 1.2.

Wrinkling 
characterisation

Effect of geometry
on wrinkling

Wrinkling mechanisms
(Chapter 3)

Wrinkling variability 
characterisation

(Chapter 4)

Wrinkling severity over 
various geometries

(Chapters 3 & 5)

Wrinkling prediction over 
given tool geometry

(Chapter 5)

Wrinkling behaviour of 
biaxial non-crimp fabrics

during preforming

Aims InvestigationsTitle

Fig. 1.2 Graphical thesis outline showing the thesis title, the two aims and how these aims were
investigated through four distinct investigations that are spread across Chapters 3-5.



Chapter 2

Literature review

2.1 Introduction

This chapter presents an overview of the available literature related to the preforming of fabrics
and their wrinkling behaviour, with particular emphasis placed on biaxial non-crimp fabrics
(NCFs). The chapter will cover an overview of NCFs, key preforming processes and their
defects before elaborating further on research related to the wrinkling defects, and attempts
made to characterise and simulate the preforming and wrinkling behaviour of fabrics.

Spurred on by industrial interest into wider adoption of textile composites and the automated
manufacturing of composites, understanding into the forming of textile reinforcement and
particularly their wrinkling behaviour has grown significantly over the last 25 years within
academia. There have been major breakthroughs being made in developing experimental
methods for characterising and understanding the fabric behaviour [19], and in developing
more advanced models for simulating the forming behaviour [20], that are now capable of
capturing their complex wrinkling behaviour [21]. The large majority of this work has been
focused on conventional woven fabrics but, since the early 2000s, increasing attention in
academia and industry has been directed towards NCFs.

2.2 Background to NCFs and preforming

2.2.1 Non-crimp fabrics

NCFs, also known as multiaxial reinforcements, are a type of textile reinforcement made up of
orientated layers of aligned unidirectional (UD) fibre tows with the layers held together through
stitching. They are attractive because of their improved mechanical properties (stiffness and
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strength) over woven textile reinforcements while also providing superior handleability over
unidirectional (UD) tapes [8]. These properties are a result of the stitching, which ensures that
the fibre tows in the NCF are kept straight (rather than inter-woven) to achieve mechanical
properties comparable to UD [22], and holds the straight fibre tows together as a fabric making
NCFs handleable and suitable for lower cost manufacturing through LCM [8]. Thus NCFs
represent are an ideal hybrid material system between UD and woven in terms of properties
and ease of manufacturing.

The mechanical properties of the consolidated NCF composite for a given architecture are
largely determined by the choice of fibre material used in the NCF: either carbon fibre, glass
fibre or aramid, with carbon fibre resulting in the highest stiffness and strength [22]. However,
for the purposes of preforming and wrinkling, all the fibre systems behave similarly [23] and
thus different fibre materials are not considered in this thesis. The NCFs used in this thesis are
made of carbon fibre but the observations apply equally to other fibres as long as the NCF fibre
architecture is comparable.

An overview of the many different types of fabrics that are considered NCFs is shown in
Figure 2.1. The most common type, and the one that will be referred to as an ‘NCF’ for the
rest of this thesis, is the warp-knitted NCF. This is distinguished from weft-knitted NCFs by
the stitch loop formation being parallel with the production direction of the fabric [24], thus
making it more suited for automated machine production as multiple threads can be laid down
in parallel along the width of the fabric.

There are numerous types of warp-knitted NCFs and their fabric architecture can be
primarily categorised by the number of tows layers, the layer directions and the type of stitching
used. The number of layers in a NCF is typically either one (unidirectional-NCF), two (biaxial
NCF), three (triaxial NCF) or four (quadaxial NCF), with each layer adding an increased level
of complexity and causing differing fabric behaviour [25]. This thesis will primarily focus on
biaxial NCFs, which most closely resemble woven fabrics in their architecture.

The inherent customisability of NCFs means that the potential choice of layer directions are
only limited the by capability of the production machine but typically only certain combinations
are used in industry. These orientations are always balanced about the stitching direction and
for biaxial NCFs they are typically orthogonal to each other to mimic woven fabrics. As a result,
the biaxial orientations that are most commonly used in industry are either ±45° [16, 26, 27]
(also called a bidiagonal NCF) or 0°/90° [28, 26, 29], with the less conventional ±30° [30]
and ±60° [25] also offered by manufacturers.
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Uniaxial NCF Biaxial NCF Multiaxial NCF Three-dimensional
NCF

Warp-knitted NCF Warp-knitted NCF Warp-knitted NCF Spacer warp-knitted
NCF

Leno weave Weft-knitted NCF Weft-knitted NCF

Spacer weave

Advanced
synchron weave

Leno weave

Fold-wound NCF

Tape weave
Bonded tape NCF

Bonded thread NCF
Advanced synchron

weave

Bonded thread NCF

Multilayer weave

Angle-interlock
weave

Thesis focus

Fig. 2.1 Overview of the different types of non-crimp fabrics (NCFs) with the NCFs focused
on in this study highlighted. The figure is adapted from [24].
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TricotPillar Plain Satin

Thesis Focus Most Common

Decreasing bending stiffness

Increasing formability

Fig. 2.2 Four different stitch types for non-crimp fabrics (NCFs), ordered in ascending order of
NCF formability from left to right: pillar, tricot, plain and satin. Note that hybrid stitch types
that combine two or more stitch types are also possible (e.g. pillar-tricot stitch). The figure is
adapted from [31].

The stitch types that are used to bond NCFs are characterised by the transverse displacement
of the knitting needle during the stitching process, with the most basic ‘pillar’ (also called
‘chain’ or ‘warp’) stitch (Figure 2.2a) consisting of no transverse movement and each parallel
stitch being independent of the other. As the transverse displacement of the needle is increased
(measured in increments of the needle gauge, which equals the distance between neighbouring
needles) is increased to one, two and three, the corresponding stitch types are referred to as
‘tricot’, ‘plain’ and ‘satin’ stitch respectively (Figure 2.2b-d) [31]. For the production of NCFs,
two most types common stitch types used are the pillar stitch [16, 27, 32] and the tricot stitch
[33, 34], with occasionally a hybrid version of the two - the tricot-pillar stitch - being used
[35, 36]. For the 0°/90° NCF, the tricot or the tricot-pillar stitch are almost exclusively used,
with the transverse overlapping of the tricot stitch pattern allowing for the tows along the
0° to be held in place, which would not be possible with a pillar stitch. In contrast, ±45°
NCFs are not limited by the choice of stitch type and both tricot [33] and pillar [16] stitch
variations are used. As a result of the overlap of adjacent stitches, tricot-stitched NCFs are
more formable compared to pillar-stitched NCFs (Figure 2.2) but at the expense of lower shear
and bending stiffness [23]. Given that high fabric stiffness is a necessary condition for robot
handling during automated production [23], pillar-stitched NCFs hold more promise for low
cost manufacturing. In addition, NCFs can be further customized by changing their stitch gauge
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length, the stitch length, stitch tension and yarn count but these have a less significant effect on
forming behaviour compared to the stitch type [23, 37].

The above discussion highlights how the ±45° NCFs investigated in this thesis are attractive
from an automated manufacturing point of view, in comparison to an equivalent 0/90° NCF.
This is because they can be made with simpler pillar stitches and are suitable for automated
production due to their higher bending stiffness. However, previous studies have shown that
the formability of 0/90° NCFs is typically superior [26] and thus if ±45° NCFs are to be used
more extensively, their forming behaviour must be better understood such that they can be used
to produce components with minimal defects.

2.2.2 Types of preforming and defects

The preforming of dry textile reinforcements can be achieved through various methods that can
be generally divided into press tool forming and diaphragm forming approaches, with each of
these shown in Figure 2.3.

Male tool

Female tool

NCF Layup

Blank Holder

Top
Diaphragm

Bottom
Diaphragm

a) b)

Fig. 2.3 Comparison of the press tool forming (a) and the double diaphragm forming (b)
processes. The figures are adapted from [12].

Press tool forming

Press tool forming consists of one or two fixed tools and a fabric layup held in place under
tension (typically under a blank holder), while the male tool is gradually moved at a constant
speed through the tensioned layup for a predetermined distance or until it reaches the female
tool. With a single tool, it is most commonly conducted with a male rather than a female
tool [25] and the tool is often referred to as the ‘punch’. However, to better constrain the
deformation of the fabrics, a male-female tool configuration is most typically used in industry
[12] and is referred to as ‘matched tool forming’. However, the manufacturing of fixed tooling,
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particularly for matched tool forming, is costly, making it only really suitable for very high
volume manufacturing (>100,000 parts/annum) where no changes in tooling is expected [12].
Nonetheless, given the relatively simple experimental arrangement that can often be fitted within
existing mechanical testing machines, it is the most common preforming process considered
in academia and is used to characterise material preforming behaviour. This characterisation
is most commonly done over a hemispherical geometry, given its axial symmetry and lack of
distinct features [16, 26]. Hemispherical forming is employed in Chapter 3 and Chapter 4 for
wrinkling characterisation. While the matched-tool forming arrangement is unfeasible for the
study of the geometrical effect due to tooling costs, press tool forming using one male tool is
also suited to study the effects of different tool geometries (Chapter 3).

Diaphragm forming

Diaphragm forming consists of replacing one of the rigid tools from press tool forming with a
flexible diaphragm that is held under a vacuum against the layup in order to apply a hydrostatic
pressure that forces the fabric to form into the required shape. Diaphragm forming can be
done with either a male or a female tool. There are two versions of diaphragm forming: single
diaphragm forming (SDF) and double diaphragm forming (DDF). In the SDF configuration,
there is only a top diaphragm and a vacuum is created between it and the layup, while in DDF,
there is an additional bottom diaphragm that creates a vacuum between the tool and the layup.
SDF is more flexible than DDF as it allows for layer-wise forming but it is less effective in
reducing variability and defects for more complex geometries due to the lack of the bottom
diaphragm that constrains the plies relative to the tool [38].

The key advantages of DDF over press tool forming are the lower tooling costs meaning it is
economically viable for use with less high volume production (around 30,000 parts/annum) [12]
and there is much less material wastage as no excess material is required to tension the material
under the blank holder, meaning preforms can be produced at near net-shape [39]. Finally,
given the flexible diaphragms, it is particularly suited for comparative studies of different tool
geometries and thus will be the focus of the simulated work in Chapter 5.

Defect types

The common defects that can occur during these preforming processes for NCFs are macroscale
wrinkling (fabric folding), mesoscale wrinkling (tow buckling or fibre waviness), stitch bending,
stitch rupture, laddering (gapping between tows) and bridging [16, 26, 40, 38]. Although most
of the defects occur in both press tool forming and diaphragm forming, bridging is exclusive to
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diaphragm forming and occurs when the fabric is unable to fully form over a sharp radius of
the tool [38]. While the other defects should also be avoided where possible, the most critical
defect is macroscale wrinkling as it has the most potential for causing detrimental losses in
mechanical performance (Subsection 2.3.2). Thus it is the main focus of this thesis while the
mechanisms for mesoscale wrinkling are also considered in Chapter 3.

2.2.3 Geometries of interest

a) Aerospace b) Automotive c) Academic Benchmarks

• Large (~10 m)
• High aspect ratio (AR)
• Low complexity
• Single curvature

• Medium size (~1 m)
• AR
• High complexity
• Double curvature

• Small (~0.1 m)
• Variable AR
• Representative features
• Single ordouble curvature

5 m

10:1 AR

0.35 m

0.15 m

GKN
wingbox

BMW i3
chassis

Case study
component

Case study
component

0.5 m

1 m

Fig. 2.4 Geometries of interest for composites manufacturing via liquid composite moulding
within: a) the aerospace industry, b) the automotive industry and c) academia (academic
benchmark geometries). Smaller case study components are shown in a) and b) alongside
larger, more industrially relevant components. The images in a) and b) are adapted from [41]
(GKN wingbox), [42] (aerospace case study component), [43] (BMW i3 chassis) and [34]
(automotive case study component).

This thesis is concerned with trying to better understand the relationship between forming
defects and geometries over which these defects form. However, the types of geometries
that are of interest for composites manufacturing and thus preforming, are highly dependent
on the particular industry and context. While composites are also used in a wide variety of
applications in e.g. the sports, space and maritime industries, the two most prominent industries
for advanced structural composite components are the aerospace and automotive industries.
Both industries have distinct requirements of the types of geometries that are of interest in
terms of composites manufacturing via LCM.
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Aerospace structural components are relatively simple geometries, long (of the order of
10 m) with typically large aspect ratios, single curvatures and spread out geometrical features.
Typical examples of such geometries are shown in (Figure 2.4a) with the wing box representing
the true large scale of such components while the spar geometry shown has been scaled down
to be suitable for use as a case study in academia. The large sizes of these components means
that any defects are many orders of magnitude smaller than the component, making both
experimental [44] and computational study [45] of their forming defects more challenging and
costly.

In contrast, structural automotive components (such as the BMW i3 chassis in Figure 2.4b)
are smaller (of the order of 1 m), with significant levels of complexity, multiple geometric
features in close proximity and often including double curvatures. The smaller length scales
make defects easier to investigate but the proximity of multiple interacting features means that
defect-free forming is challenging to achieve and isolating how particular geometrical features
hinder or mitigate those defects is not feasible. However, like for aerospace components, they
are still often scaled down to smaller size for use in academia (see case study component in
Figure 2.4b).

While the scaled-down, case study components are shown in Figure 2.4a & b are useful
to some extent for proof of concept [42, 34], it is challenging to derive any fundamental or
generalised understanding from them about fabric deformations, and they make comparisons
across research groups more challenging due to their size and complexity. As a result, it
is neither practical or desirable to use directly industrially relevant geometries for the study
of fabric forming and associated defects within an academic context. Instead there is an
inclination to utilise particular benchmark geometries (Figure 2.4c) that allow comparisons to
be made across research groups and enable the characterisation of different fabrics to be done
comprehensively [46]. These benchmark geometries are typically smaller in scale and do not
correspond exactly to the desired industrial components, but rather they incorporate certain
representative geometrical features, and thus also allow for more general insights to be made
about fabric formability for industrial purposes. In particular, geometries incorporating double
curvatures are often used as these have been identified as particularly difficult to form without
defects [47]. In this thesis, experimental preforming tests are conducted on four common
benchmark geometries: a hemisphere, a double dome, a triangular prism and a tetrahedron
(Chapter 3), and finite element simulations are used to extend this investigation to a larger class
of geometries that contains various geometrical features relevant to both the aerospace and the
automotive industries (Chapter 5).
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2.3 Wrinkling defect

In both of the two preforming processes considered, wrinkling is a critical defect. There has
been significant attention to fabric wrinkling in industry and academia in the last 25 years
since the foundational work of Prodromou and Chen [48] that analytically showed that excess
in-plane shearing leads to fabric wrinkling. Since then, although there has been a multitude
of studies attempting to characterise [25, 49] and to simulate [50, 21, 51] the occurrence and
development of fabric wrinkling during preforming, mitigating them remains an unresolved
issue.

2.3.1 Definition and descriptors of wrinkling

10 mm 10 mm

a) b)

Fig. 2.5 a) Macroscale wrinkling and b) mesoscale wrinkling

There is no consistent definition for wrinkling within the composites manufacturing community
due to ambiguities with respect to the scale at which these wrinkles occur and the primary
mechanism causing them. Thus it is important to clearly define wrinkling for the purposes of this
thesis. Generally, a wrinkle can be described as any in-plane or out-of-plane surface deviation
from an ideally smooth surface. In this thesis, a distinction is made between macroscale and
mesoscale wrinkling whereby macroscale wrinkling (Figure 2.5a) refers to the out-of-plane
folding of the fabric perpendicular to the tool perimeter while mesoscale wrinkling (also called
tow waviness [52], or tow buckling [26]) (Figure 2.5b) refers to either the out of plane or
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in-plane folding of the fibre tow along its length. These naming conventions are consistent with
those used by Chen [12]. Where the term ‘wrinkling’ is used without a descriptor in this thesis,
this is to be taken to refer to macroscale wrinkling.

Macroscale wrinkles have been characterised using various different descriptors, depending
on the context in which they occur and on what data can be reasonably obtained. In its simplest
one dimensional form, a wrinkle can be characterised as a sinusoidal wave with a wavelength
(λ ) and an amplitude (δ ) with severity or maximum waviness angle (θ ) given by [53]:

θ = arctan
πδ

λ
(2.1)

While such a description of wrinkling is useful in certain scenarios such as modelling the
consolidation of a layup over a single curvature geometry [54] or for investigating the effect
of an embedded wrinkle within a layup stack [53], it is limited for describing the wrinkles
observed during preforming of complex doubly curved components where the macroscale
wrinkles are also 3D in nature and no waviness angle can be easily defined.

As the most popular predictor of wrinkling in more than one dimension, the shear locking
angle (γl) is used to quantify the limiting shear angle beyond which shear wrinkling initiates,
and has often been used to identify the locations on a preform where wrinkling is likely to
have occurred [47]. However, γl is limited to predicting wrinkles in regions of significant
shear, is not a sufficient predictor of wrinkling [21, 55, 47] under all conditions and cannot
describe wrinkling severity. Another predictor that has been more recently used to identify
wrinkle locations is the local Gauss curvatures (K) of the fabric preform, with K also indirectly
indicating the severity of particular wrinkles [56, 57]. Using K has been shown to be a
useful descriptor for validating the wrinkling predictions of a forming model relative to the
experimental ground truth by allowing for point-wise quantitative comparison [58]. Despite
this, the local curvature of the fabric is not an entirely reliable measure as its calculation is
often subject to spurious outliers [56] and does not provide any intuitive sense of wrinkling size.
Thus more explicit descriptors of the wrinkling severity are preferred if these can be obtained.

The most obvious measure of wrinkling severity, which has recently gained popularity, is
the wrinkle amplitude (aw) which is defined as the normal distance from the wrinkled fabric
surface to either a reference smooth fabric surface [25] or the tool surface [36]. In this thesis,
the wrinkle amplitude is used as the primary descriptor of wrinkling and the former definition
is used by determining a smooth reference surface for each wrinkled surface. The wrinkle
amplitude is a useful measure of wrinkling because it directly quantifies the local severity of
wrinkling while also allowing us to identify where these wrinkles are occurring. As such it
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has been used significantly in recent years, both in experimental [25, 49] and simulation [57]
contexts. Given that from a structural performance point of view, it does not matter whether
these wrinkles point outwardly or inwardly, it is useful to take the absolute value of the wrinkle
amplitude distribution across the fabric surface (|aw|). From this distribution, a maximum value
(|aw|max) can be derived to describe the most severe level of wrinkling observed. In addition,
another useful measure, the ‘wrinkle area’ (Aw), can be derived from |aw|, which attempts to
quantify how widespread the wrinkling is on the fabric preform. This measure was initially
proposed as the ‘wrinkle ratio’ by Shen et al. [49] and refers to the percentage of fabric surface
where aw has exceeded a certain threshold level (|aw|t). Shen et al. [49] used a range of |aw|t
(1 mm, 2 mm and 4 mm) to compare the distribution of different sized wrinkles on tufted
preforms. In this thesis, |aw|t is set to 1 mm throughout.

2.3.2 Effect of wrinkles on component

Wrinkles developing during the preforming stage can have significant effect for the rest of the
manufacturing process and on the mechanical performance of the final component. Thus they
must be treated as a critical defect to be mitigated or eliminated. Wrinkles can cause in-plane
fibre misalignment up to 50° [17] and they also disrupt the resin infusion process, leading to
resin-rich zones and dry spots in the component [17]. Furthermore, this fibre misalignment
has been shown to cause large degradation of composite strength due to the misalignment
of fibre tows, with strength losses of up to 40−70% in tension and 50% in compression for
severe wrinkles having been reported by Potter et al. [17]. Furthermore, Hamidi and Altan [59]
used a variety of previous studies to show that the wrinkle severity (defined by δ

γ
) correlates

strongly with the reduction in component stiffness, which can be as much as 80% with the
most severe wrinkles. However, smaller wrinkles can be tolerated within the safety factors of
the component and thus it becomes critical to be able to accurately quantify the extent of the
wrinkling in order to evaluate whether a component is safe or not. While the severity is simple
enough to characterise in 1D, historically the focus for 2D wrinkles has largely been focused
on solely predicting or evaluating whether wrinkling has or has not occurred in a binary manner
[16, 60]. To address this gap, the focus of this thesis is on measuring this wrinkling severity
when fabrics are formed over complex geometries.
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2.3.3 Characteristics of biaxial NCFs related to wrinkling

Shear behaviour

Due to the inextensibility of the fibre tows, the in-plane deformation behaviour of NCFs
is dominated by its in-plane shear behaviour and this is used as the basis for assessing the
formability of a particular material. The stitching has been shown to have a significant influence
on the shearing, leading to an asymmetric shear behaviour for ±45° biaxial NCFs [61] (see
Figure 2.6a). These NCFs exhibit differing behaviour depending on whether the stitch is
parallel or perpendicular relative to the shear loading direction [26]. This is explained by Chen
et al. [16] in Figure 2.6b, which shows how the stitching becomes taut in positive but not
negative shear, thus restricting further shearing. This asymmetric shear behaviour is in contrast
to woven fabrics and 0°/90° NCFs that display symmetric shearing behaviour [16, 26]. Thus
their in-plane deformation is more consistent and easier to predict using the shear locking angle
(γl). With regards to wrinkling, Mei et al. [26] qualitatively showed that under the same forming
conditions, a ±45° biaxial NCF leads to macroscale wrinkles, unlike the 0°/90° NCF. This
observation cannot be accounted for by the shear locking angle theory [27] and suggests there
could be an alternative wrinkling mechanism for these NCFs, as discussed in Subsection 2.3.4
and further explored in Chapter 3.

a) b)

Fig. 2.6 a) Asymmetric shear behaviour of a ±45° non-crimp fabric (adapted from [62]) and b)
the explanation for the asymmetric shear behaviour, caused by the stitching being in tension
when in positive shear (adapted from [16]).
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Bending behaviour

Beyond the shearing behaviour which relates to the occurrence of wrinkles, a key characteristic
of NCFs that determines the shape and severity of the wrinkles in the final preform is their
bending stiffness [21]. The bending stiffness of fabrics is significantly lower than their axial
stiffness and has been shown to be non-linear, as a function of the local curvature [63]. Despite
this, for simplicity, the bending stiffness is typically characterised as linear using a standardised
cantilever test for fabrics [64]. There are significant differences in bending stiffness for biaxial
NCFs of different stitch types, with the pillar stitch NCF resulting in a stiffer fabric compared
to the same NCF with tricot stitch (Figure 2.7). The bending stiffness of a pillar-stitched ±45°
NCF has also been shown to be an order of magnitude larger than those of woven fabrics
[57]. As a result of this larger bending stiffness, it is thus likely to result in larger wrinkles of
reduced quantity [65], making it an ideal material for the study of wrinkling in this thesis as
any wrinkling observed will be magnified.

Pillar Stitch Tricot Stitch

a) b)

Fig. 2.7 Comparison of the bending behaviour over a hemisphere of two biaxial non-crimp
fabrics with a (a) pillar stitch and (b) tricot stitch pattern respectively. The figure is adapted
from [23].

Stitching

The stitching is the most distinctive feature of NCFs and the effect of the stitching parameters
on NCF performance is an area of ongoing study [66] with efforts being made to understand
the most important parameters when it becomes to improving the formability of the fabric.

The stitch type and tow orientations relative to it have been shown to dictate the formability
and stability of the fabric, influencing both their shear and bending behaviour [23]. Furthermore,
as described previously, there are significant differences in the deformation behaviour between
a ±45° and 0°/90° NCF, with the ±45° NCF being notable for exhibiting asymmetric shear
behaviour [62, 16] (as shown in Figure 2.6). These observations about the effect of stitching
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led Krieger et al. [23] to develop tailored NCF stitching patterns where the stitch angles are
optimised such as to reduce this asymmetry.

With regards to other stitch parameters, Bardl et al. [37] showed that changing the stitch
length, stitch length and yarn count of a ±45° NCF introduced some changes in the asymmetry
of the preform but the effects were negligible in comparison to changing the process parameters
such as the blank holder force (Subsection 2.3.5). This demonstrates the crucial effect of the
initial tow orientations within each NCF for determining its forming and wrinkling behaviour.
Thus the global shear behaviour for one biaxial NCF can be considered similar to another as
long as they share the same tow orientation, despite certain differences in stitching. In contrast,
the bending behaviour is significantly influenced by the stitch type [23] and thus wrinkling
severity is affected.

2.3.4 Mechanisms of NCF wrinkling

The wrinkling of textile reinforcements, especially NCFs, can occur via differing mechanisms
and lead to either macroscale or mesoscale wrinkles. Conventionally, fabrics have been shown
to wrinkle on a macroscale owing to compression under shear lockup but recent work suggests
that this can also occur in certain fabrics via an alternative mechanism [27] when fabric shearing
is limited. Furthermore, biaxial NCFs are particularly susceptible to mesoscale wrinkling due
to tow compression [16]. These three aforementioned mechanisms of biaxial NCF wrinkling
are expanded upon below.

Macroscale shear wrinkling

The most commonly discussed wrinkles for fabrics are macroscale shear wrinkles that occur
when a critical local shear angle is reached, leading to adjacent tows to lock up and buckle
out-of-plane. While this type of wrinkling will be referred to as shear wrinkling in this thesis,
it is important to note that these wrinkles do not occur due to the shear itself but instead are
initiated by a compressive force at the point at which no further shear can take place. This
wrinkling mechanism and the locking angle principle was originally developed in 1996 by
Prodromou and Chen [48] for woven fabrics and similar shear wrinkling has been noted for
biaxial NCFs [27, 16]. Given that textile reinforcements typically deform via an in-plane shear
mechanism, this wrinkling type is the most common and thus the shear angle distribution
is often directly used as a predictor of wrinkling in forming finite element simulations [67].
However, this approach over-simplifies fabric wrinkling: it has been shown experimentally
that exceeding the critical shear angle does not always lead to the onset of wrinkling [68], and



Literature review 21

simulations have shown that fabric bending stiffness and in-plane tension also play a significant
part in wrinkle formation [21, 63, 69, 70].

Macroscale non-shear wrinkling

In addition to shear macroscale wrinkling, there is another less frequently discussed macroscale
wrinkling mechanism that can occur during forming. Similar macroscale wrinkles can also
occur via lateral compression when the shearing of the fabric is restricted significantly. This is
the wrinkling commonly seen in isotropic sheet metals [71], whereby the fabric compresses
along the surface of the forming geometry leading to fabric folds. These wrinkles are similar
in appearance to their shear counterparts but occur under different circumstances and via a
different mechanism due to the absence of shear [72]. This wrinkling mechanism has received
little attention for textile reinforcements, which are assumed to wrinkle exclusively at large
shear angles due to their typically low shear resistance. However, Skordos et al. [73] were
able to show this is the primary wrinkling mechanism observed during the forming of woven
prepregs, which are more restricted in shear than dry woven fabrics due to the resin. It is
possible that this wrinkling mechanism can be induced in dry woven fabrics with high shear
resistance. For example, Lee et al. [27] showed that for a biaxial ±45° NCF with a pillar stitch,
some wrinkles occurred in regions of low shear, suggesting that these are occurring not due to
the established typical shear mechanism. In Chapter 3, using a similar NCF, this observation is
expanded upon and investigated further to better understand this alternative mechanism and
how exactly it occurs.

Mesoscale wrinkling

The third possible wrinkling mechanism relates to the aforementioned mesoscale wrinkles,
whereby the fibre tows of the fabric buckle along their length as a result of fibre tow compression.
During open mould forming, the fibre tows buckles out-of-plane and during closed mould
forming (where out of plane movement is restricted), tows buckle in-plane resulting in apparent
fibre waviness, as was observed by Chen et al. [16] for a biaxial NCF. A similarly named
defect called ‘tow buckling’ has been shown to occur for certain woven fabrics [74]. However,
curiously, this defect is not buckling due to tow compression as the name would suggest but
rather it has been shown to occur due to the in-plane bending of the tows [75], and the defect
has a visibly different nature to those seen for biaxial NCFs in [16]. As such, tow buckling
is likely a separate defect to the mesoscale wrinkling described. It is as of yet unclear what
conditions are necessary for this tow compression and subsequent wrinkling to occur in NCFs.
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In Chapter 3, we use the same biaxial fabric as Chen et al. [16], to further investigate the
development of these mesoscale wrinkles.

2.3.5 Factors affecting wrinkling

There are numerous controllable factors that affect the occurrence and severity of wrinkles
during preforming. These include the fabric architecture, the process conditions, the frictional
conditions, the layup and the tool geometry.

Fabric architecture

The fabric architecture of the NCF significantly affects the resultant wrinkling behaviour
with the number of ply layers in the NCF, the orientation of those plies relative to the stitch
direction and the type of stitching used contributing significantly to wrinkling. Arnold et al. [25]
performed the most comprehensive comparison between different NCFs in terms of wrinkling
and found that UD-NCFs exhibit the least wrinkling while triaxial NCFs are prone to the
largest wrinkles with biaxial NCFs somewhere in between the two. It was also found that
a triaxial 45°/0°/−45° NCF with pillar stitch results in larger wrinkles than the equivalent
(albeit lighter) NCF with a tricot stitch, highlighting the effect of the stiffer pillar stitch on
wrinkling. Equally not all biaxial NCFs wrinkle to a similar extent, with the tow orientations
appearing to have significant effect, as a ±60° tricot NCF wrinkles with much greater severity
than the equivalent 0°/90° tricot NCF [25]. This was further confirmed by Mei et al. [26] who
showed that a ±45° NCF results in large macroscale wrinkles while the 0°/90° NCF does
not, under the same hemispherical forming conditions. In this thesis, the investigation will be
primarily based on a carbon fibre biaxial ±45° NCF with pillar stitch that has previously been
characterised by Chen et al. [16] but comparisons are made to a 45°/0°/−45° triaxial NCF in
Chapter 4 in terms of wrinkling variability and severity.

Process conditions

The process conditions of the forming process can significantly affect the wrinkling in the final
preform. In particular, the effect of increasing the global blank holder force (BHF) during press
forming has been shown to reduce the asymmetry of shear behaviour as well as reduce the
severity of resulting wrinkles [27, 76, 25]. This is because the BHF converts to in-plane tension
along the fibre directions, meaning compressive forces are counteracted and thus wrinkling is
delayed or avoided altogether. There is also significant evidence for shear-tension coupling
in woven fabrics and thus this additional tension increases the critical shear angle at which
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wrinkling initiates [77, 78]. As a result, during industrial matched-tool forming processes,
the global blank holder force is typically set at a high level (on the order of kNs) to get more
predictable forming behaviour [79]. However, it has been shown that increasing BHF cannot
completely mitigate wrinkles with fibre tow tearing or slippage possible at high BHFs [80].
Thus more novel, less brute force approaches for wrinkling mitigation are needed, as will be
outlined in Subsection 2.3.6. For the investigation of wrinkling behaviour and severity on a
lab-scale, it is preferable to use a lower BHF as this is more representative of the fabric’s true
deformation behaviour. As a result, in this study the BHF is limited to a maximum of 0.2 kN.
In Chapter 4, the effects of the modifying blank holder force and the forming diameter are
investigated with regards to their effect on the variability of wrinkling.

Friction and layup

The effect of friction on fabric wrinkling is significant, particularly when considering multilayer
forming and given the anisotropic nature of this interply friction [81], this frictional effect is
closely linked to the fabric layup [82]. While typically fabric forming studies have been limited
to single fabric forming, the more industrially relevant multi-ply forming and its associated
frictional effects have recently gained increased attention in the literature [83, 84, 82, 51],
focusing on woven fabrics. In particular, Guzman-Maldonado et al. [84] showed through
simulation that increasing the frictional coefficient between plies corresponds to a greater
number of wrinkles of larger amplitude. Within the same study, Guzman-Maldonado et al. [84]
also showed experimentally that a quasi-isotropic layup ([0°/90°,−45°/45°]2) wrinkles over a
hemisphere in contrast to no wrinkling for two equivalent layups with no relative differences
in fabric orientation. This occurs because, as shown by previously by Allaoui et al. [85], the
relative ply sliding between non-aligned tows generates high tangential forces that initiate the
development of wrinkles through the creation of compression zones [84]. This is in agreement
with the findings of Vanclooster et al. [86] who showed that increasing the relative orientation
of two woven fabrics from 0° to 45° significantly reduces the formability and increases the
amount of wrinkling. Thus this highlights the important contributions that inter-ply friction and
the particular layup can have on wrinkling severity for woven fabrics. While similar multi-ply
forming studies have not been conducted for NCFs, it is suggested that this frictional effect
could be exacerbated for NCFs due to the additional inter-NCF sliding between stitched tows
[15]. Considering this, the effect of layup orientation on wrinkling variability is investigated in
Chapter 4.
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Tool geometry

The influence of geometry on the forming behaviour of textile reinforcements has received
limited attention in the literature, although the forming geometry evidently has a significant
effect on how the material behaves. For example, in research conducted by Zhu et al. [87],
it has been demonstrated that shear angle distribution of the draped woven fabrics is closely
related to the geometry of the punch and the initial orientation of the blank. They stated that
shear distribution of the draped fabric can be estimated through two decoupled terms, namely
the geometry of the punch and the orientation of the blank. Such an analytical investigation to
describe the shear behaviour over a geometry has previously not been extended to NCFs. In
terms of typical geometries studied, there are a few double curvature benchmark geometries
that are typically used in these forming tests, which are the hemisphere [25, 88, 89, 79, 15, 90],
double dome [91–94], tetrahedron [88, 29, 95] and triangular prism [96, 85]. However, there
are rarely comparisons between these benchmark shapes, except in the work of Allaoui et al.
[88] where a square box, prism and a tetrahedron are compared as they all consist of a case
corner and the study by Pazmino et al. [97] where a tetrahedron and a double are compared.
Comparisons are necessary to identify general trends for optimal geometries that minimise
wrinkling at the design stage. Other studies have focused on employing specific complex
‘case study’ geometries from industrial partners for forming studies [34, 98] but such studies
offer isolated insight for a specific case and make it difficult to identify any useful guidelines
for geometry selection to minimise wrinkling defects. In Chapter 3, the effect on wrinkling
between four different benchmark geometries will be compared.

However, the high cost of manufacturing large numbers of fixed tooling and the near
infinite possible variations in tool geometry make exhaustively analysing the effect of geometry
experimentally unfeasible, although this was previously attempted by Wang and Cao [99] for
metal forming. Using validated simulations, a more exhaustive and cost-effective study could
be conducted to understand more generally how the tool geometry affects wrinkling severity
and develop guidelines for designing components for improved manufacturing and minimal
wrinkling. By characterising and classifying geometries based on their geometric features [100]
and simulating the forming of a large number of geometries using the state of the art models
[45, 39], a more thorough understanding of the geometrical effect can be achieved. However,
no such comprehensive study looking into fabric preforming behaviour has previously been
carried out and will thus be investigated in Chapter 5 for the double diaphragm forming process.
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2.3.6 Approaches for mitigating wrinkling

The mitigation or elimination of wrinkling during preforming represents the end goal of all the
investigations into understanding fabric forming and wrinkling behaviour. Thus it is important
to examine what methods have been developed in this regard and how successful they have
been. Methods for mitigating wrinkling during the preforming process can be divided up into
global and local process approaches, as well as design approaches.

Global approaches

Global methods for wrinkle mitigation apply a uniform condition onto the entire preform that is
hoped to reduce or eliminate the amount of wrinkling observed. This approach is exemplified by
the use of an increased BHF around the preform, as discussed previously. In addition, numerous
alternatives to blank holders have also been proposed that achieve a similar effect such as
through the use of tensioning elements [92] or flexible tracking devices [101]. As a more
elaborate global strategy, Nosrat Nezami et al. [102] developed an active blank holder system
to reduce the inter-ply friction through the introduction of metal sheets in between the plies and
actively vibrating these plies to further reduce friction. However, applying excessive in-plane
forces can lead to the fabric tows or stitches being destroyed, and thus BHF optimisation is
required [87, 92]. Furthermore, while it reduces macroscale wrinkles, it can also introduce
other unwanted defects such mesoscale wrinkles [103]. Thus while global process approaches
are the simplest, they have been found to not be sufficient for wrinkle mitigation.

Local process approaches

In an attempt to improve upon the deficiencies of global mitigation strategies, local mitigation
solutions are more targeted and attempt to change the fabric behaviour in particular regions of
interest. For this, many different approaches have been suggested. For example, Chen et al.
[92] showed that by locally optimising spring tensions around the preform, the maximum shear
angle in the preform could be reduced significantly. As a proposed improvement over the spring
tensioning approach, Jagpal et al. [36] outlined a promising strategy for using locally placed
magnets to apply variable clamping forces while not restricting interply slip. Additionally, Chen
et al. [104] have shown that placing rigid blocks in optimised locations around the preform can
reduce the presence of wrinkles through modifying local shear angle distributions. Similarly,
Rashidi and Milani [105] designed a geometrically modified blank holder that introduces
localised variations in applied tension and thus can reduce wrinkles to a greater extent than
a conventional blank holder under the same loading. Finally, Turk et al. [106] developed a
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method applying local resin patches to locally stiffen the fabric behaviour in regions where
wrinkles are likely to occur. Whilst many promising methods have been proposed, it is not
clear how successfully these work across the range of material systems and forming processes,
and thus further work is needed.

Design approaches

Beyond modifications to the forming process that attempt to mitigate defects at the manufactur-
ing stage, design approaches to mitigation are focused on identifying how the component design,
including layup and geometry, can be optimised for minimal defects. This is critical because
not all defects originate at the manufacturing stage but are the result of choices made at the
design stage [18] that then result in geometry-induced defects. As an example of design-based
mitigation, Krieger et al. [23] addressed the formability of biaxial NCFs by locally alternating
the stitching types used in the formed fabric between tricot and pillar stitching depending on the
local forming requirements, with the less stiff tricot stitch used in locations of high curvature.
Such an approach has promise for creating complex geometry parts without defects.

The other part of the design equation is the component geometry, which could be optimised
so as to minimise defects and offer a root-cause approach for wrinkling mitigation. However,
due to the historical separation between design and manufacture stages of production and a lack
of understanding about the effect of geometry, such a strategy has been largely overlooked until
recently. Notably, Zimmerling et al. [107] showed that a machine learning based method could
be used to optimise the design of composite components for improved formability. Taking
a similar approach, the investigation in Chapter 5 will attempt to develop a method through
which wrinkling mitigation could be achieved by modifications to the component geometry.

2.4 Variability in wrinkling and preforming

All of the above discussion points to the complexities involved in predicting and mitigating
wrinkling but the wrinkling defect is additionally prone to significant variability, as noted by
Giorgio et al. [108]. They observed a wide variety of wrinkling morphologies during bias
extension tests of the same woven fabric under the same process conditions. Furthermore, the
more loose and complex architecture of NCFs makes them particularly prone to variability,
with Endruweit et al. [109] observing that biaxial NCFs have much higher variability in fibre
tow angles than equivalent woven fabrics. Such variability impacts all experimental studies
into fabric wrinkling behaviour and hinders attempts to validate models that try to capture
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wrinkling behaviour [39, 84]. Thus, as a precursor to mitigating wrinkling during preforming,
the variability of wrinkling must be characterised and understood so that more representative
wrinkling models can be developed. To address this, a recent study by Harrison and Gonzalez
Camacho [110] briefly examined the variability of wrinkling for two woven fabrics during
forming, noting that the variability was largest in the case with no blank holder. However, no
previous study has thoroughly investigated the variability of biaxial NCF wrinkling, which
Chapter 4 aims to do.

2.4.1 Definition

Variability is defined here as the unexpected difference(s) from the nominal result under identi-
cally designed production protocols. This variability causes changes in the final component that
cannot be easily accounted for, thus making any resultant defects more difficult to eliminate
as they cannot be predicted. This variability is particularly significant when manufacturing
with fabrics such as NCFs because their inherent tow architecture is subject to changes in
orientation and thickness during production, leading to potential localised, irregular effects.
As noted by Mesogitis et al. [111], variability is introduced at every stage of textile composite
production and, on an industrial scale, such variability can cause scrapped parts during auto-
mated production due to unexpectedly severe defects. Additionally in academia, it hinders
the experimental study of the material behaviour and makes it challenging to create suitable
preforming simulations that are able to accurate capture production defects. It is therefore
essential, as argued by Potter et al. [17], that the variability in the material and the process are
both accounted for.

2.4.2 Wrinkling variability due to material production

The two primary sources of fabric wrinkling variability are the material production process and
the preforming process. In terms of composites fabrics, the ‘material variability’ results from
the production of the fabric roll from individual fibres. This defines the minimum variability in
the final component [18] when assuming that no variability is introduced during the composite
manufacturing process. It can either take the form of local variability in a given fabric roll or
global variability between production batches.

Local material variability in the produced fabric rolls refers to local variations from the
nominal across the produced roll such as fibre tow misalignment, tow waviness, tow size/shape
variations, gaps between tows etc. [111]. These variations need to be identified at the point of
production and could cause certain rolls to be scrapped if they do not meet quality thresholds.
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However, it is unavoidable that some level of local variability exists in the as-produced roll,
particularly when taking into account handling and transport. It has been demonstrated that the
variability in the manufactured fibre tow directions (initial fibre misalignment) can be highly
significant. For example, Yu et al. [76] showed that for a ±45° glass fibre NCF, the mean
measured orientation differed from the expected fibre orientation by 2.3° and the measured
distribution had a standard deviation of 5.6°. Similar observations were made by Skordos
and Sutcliffe [112] for a woven prepreg fabric. While the distributions will vary depending
on the exact fabric and its production quality, some local variability in alignment cannot be
avoided and should be expected for all produced fabrics. In addition, it is possible to find local
variability in the global properties of the material such as areal weight and thickness: e.g. Potter
[18] showed that for a given unidirectional prepreg roll, samples from the edges consistently
exhibited different areal mass compared to those in the middle of the roll. Such local variability
is thought to play a critical role in non-linear phenomena, such as wrinkling [111].

Global material variability refers to the differences in the global properties of the fabric
such as areal weight, thickness and roll width between different production batches. These are
accounted for by measurement and ensuring that differences are within the acceptable tolerance
for fabric production machinery. For example, the areal weight of the two fabrics used in
Chapter 4 has an uncertainty of 5% on the mass of the fabric as produced, leading to potential
variability between separate production batches. To minimise global variability in this study,
material from the same production batch is used. However, these global variations can become
significant in continuous industrial production where multiple batches are used.

While previous studies have analysed and compared the as-produced material variability
between a number of textile reinforcements: e.g. [113], this study extends this to characterise
experimentally the wrinkling variability after the preforming step, considering the combined
effect of the material and the preforming process.

2.4.3 Wrinkling variability due to preforming process

Along with material variability, the preforming stage of manufacturing textile composites has
been shown to be a significant source of variability in the final composite [102, 114], with
the stochastic simulations by Yu et al. [76] supporting the same conclusion. This is because
any draping of fabric causes local distortions in the fibre orientations as the fabric attempts
to conform to the tool surface while deforming within the limits of its architecture. This
then amplifies any existing local variations in the material and inconsistencies in the initial
conditions of the process [18]. Examples of initial conditions that are subject to variability
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include the initial orientations of the layup relative to the tool [18] and the variations in the
applied blank holder pressure [73], with these likely to be more pronounced when the process
is conducted manually [111]. However, for any automated process, it is even more critical that
these potential sources and effects of variability are thoroughly understood as these cannot be
manually corrected in this case.

Fabrics are particularly prone to wrinkling when formed over doubly-curved geometries
[47], where the geometry has a significant influence on local deformation and draping paths. In
addition, Nosrat Nezami et al. [102] reported high wrinkling variability when woven fabrics
were formed into a hemisphere and more complex geometries using identical test configurations.

In order to investigate this wrinkling variability due to the preforming process, Chapter 4
evaluates the effect of prescribed changes to the preforming conditions (material, layup and
process conditions) on the wrinkling variability in the preformed fabric. It is expected that the
quantified variability is specific to a particular forming setup but that trends related to changes
in variability can be extrapolated to other preforming processes if using similar materials.

2.5 Experimental methods for characterising wrinkling

Beginning in the late 90s, significant advancements in the experimental characterisation of the
fabrics have been made. Notable highlights have been the development of the picture frame test
in 1997 and bias extension test in 1998 by McGuinness and Ó Brádaigh [115], and Wang et al.
[116] respectively. These tests crucially allowed the characterisation of the fabrics’ in-plane
shear behaviour, which was seen as the most critical deformation mode during forming as
it allows the fabric to drape over the desired 3D geometry and is indirectly correlated with
wrinkling. However, in recent years, with a greater understanding of the wrinkling phenomenon
and the availability of new experimental tools, there has been a focus on experimentally
characterising the wrinkling behaviour of fabrics during preforming.

2.5.1 Test types for wrinkling investigations

Experimental investigations into the wrinkling behaviour of fabrics can be conducted using
two types of tests: forming tests or shear characterisation tests, but forming tests are the only
approach that allows for the effect of geometry to be considered. Shear characterisation tests
such as the bias extension [50] or the picture frame test [117], offer a controlled loading and
testing environment for observing macroscale wrinkles in fabrics, with any observed out-of-
plane displacement of the fabric corresponding to wrinkling [63]. While the bias extension test
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does not replicate the boundary conditions of the forming processes, the boundary conditions
of the picture frame test are to some extent similar to those of the forming processes [118].
Having said that, they both do not take into account the effect of geometry.

Forming tests, that attempt to represent the industrial preforming process on a laboratory
scale, can be further broken down into benchmark forming tests and case study component
forming tests, but both will vary based on the exact preforming process they are trying to
replicate (e.g. double diaphragm forming [38]). Case study component forming tests investigate
the formability of a fabric over a mould for a representative component that could be used
in industry [34]. This makes these tests more industrially relevant but their specificity and
complexity make them less useful for further understanding of the underlying mechanisms of
defect generation or generalising for the effects of geometry. Benchmark forming tests are
conducted using particular, double curvature geometries that have been agreed upon across
research groups for the study of textile reinforcements [46], allowing results to be easily
compared. In Chapter 3, a benchmark forming test approach with four different benchmark
geometries will be used to investigate the effect of geometry on wrinkling.

2.5.2 Wrinkling characterisation

Recent advances in imaging technology and new post-processing methods have made accurate
characterisation of wrinkling possible. For example, Arnold et al. [25] employed a single digital
camera and a ‘shape-from-focus’ method to measure the wrinkle amplitude across the surface at
discrete intervals during forming for a variety of NCFs. With similar outcomes, Shen et al. [49]
employed a ‘structure-from-motion’ approach to characterise the final wrinkling patterns for
tufted 3D composite preforms. Alternative methods including structured white light scanning
[63] and photogrammetry [110, 36] are all relatively cheap and well adapted for capturing the
static shape of the final preform, from which the wrinkle patterns can be obtained. However,
none of these approaches are able to also determine the strains in the fabric. On the other
hand, the 3D digital image correlation (3D-DIC) method allows for the full field tracking of a
speckle surface from which both displacements and surface strains can be obtained [119]. This
method has previously been employed to measure the wrinkle amplitude for bias extension tests
[63, 50] as well as being used to measure the local shear angle during forming tests [97, 28].
To date, experimental investigations into forming have either quantified the wrinkling of the
fabric or the fabric strains but not both simultaneously, meaning no correlations could be made
between them and there is thus a lack of understanding about how the strains in the fabric
relate to the wrinkling severity. To address this, the study in Chapter 3 is the first to employ a
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3D-DIC approach to obtain wrinkle amplitudes directly during a forming test and relate these
to measured strains.

2.5.3 Wrinkling variability characterisation

Measuring variability during composite manufacturing processes such as preforming has
historically been limited due to a lack of suitably accurate measurement techniques. However,
recent advances in image-based approaches have allowed for the characterisation of key
material and preforming process variables such as initial fibre misalignment [112, 120], final
fibre orientations [34], local shear angles [16] and wrinkle amplitudes in the final preform
[25, 49], thus allowing for the variability to be explored. In addition, the final geometrical
variability of the produced composite can be evaluated using similar techniques, capturing the
cumulative variability introduced throughout the whole manufacturing process [121].

In order to characterise the variability in fabric wrinkling, the shape of the deformed fabric
at the end of forming needs to be captured. For this, there are now multiple proven methods
including photogrammetry and structured white light scanning (Subsection 2.5.2). While
3D-DIC [119] is best suited for capturing the dynamic wrinkling behaviour throughout the
process, it can also be used to capture the end state of the preform, albeit with some loss
of data. Due to the availability of the DIC equipment and the necessity of using it for the
dynamic wrinkling analysis in Chapter 3, the 3D-DIC method is also used Chapter 4 in order
to capture the preform shape while being aware of its limitations. The focus of the variability
characterisation investigation is developing a method for characterising variability and this can
be equally applied to data from any of the aforementioned cheaper wrinkle characterisation
methods.

2.6 Modelling methods for preforming and wrinkling

Modelling the behaviour of fabrics such as NCFs is an inherently challenging task due to their
customisability, non-orthogonality, multiple length scales and distinct deformation modes. The
accurate modelling of wrinkling requires being able to characterise the tensile, shear and, in
particular, the bending behaviour of the fabric successfully, meaning simple kinematic models
are not sufficient [21]. Despite this complexity, significant advances have been made in the
development of various modelling approaches, particularly using finite element (FE) methods,
with the most recent state of art models being able to accurately capture the wrinkling of woven
fabrics and NCFs. While these developments are encouraging and are widely used in academia,
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the adoption of FE models within industry has so far been limited due to the higher level of user
expertise required to use these models [122], them requiring expensive material characterisation
tests [122], and being prohibitively slow to run in an industrial setting where rapid results are
desired.

2.6.1 Modelling approaches

A review of the modelling approaches for the preforming process was conducted by Gereke
et al. [19] in 2013 with an update provided by the review of Bussetta and Correia [20] in 2018.
The various forming modelling approaches for fabrics and their ability to model wrinkles
are shown in Figure 2.8. On a global level, the modelling approaches can be classified into
kinematic models based on a mapping-based approach and mechanistic models using finite
element methods [20].

The initial models of fabric behaviour were based upon the pin-jointed net or ‘trellis’
model that was first developed for homogeneous materials by Weissenberg [123] and were
first extended to the forming of composite woven cloths in 1981 by Robertson et al. [124].
The initial models were developed for woven fabrics with symmetric shear behaviour but an
energy-based kinematic model was developed for bidiagonal NCFs that takes into account the
asymmetric shear behaviour [61]. These models are now referred to as ‘kinematic’ models as
they do not consider the forces involved in the process, relying solely on a geometric mapping.
This simplistic assumption provides the main limitation of this approach as kinematic models
do not capture the mechanical behaviour of the fabrics or the loading conditions of the forming
process and thus remain limited in their accuracy, particularly for changing process conditions.
Despite this, they still remain the industry standard for fabric forming because their inherent
simplicity allows for a rapid computation speed and because they are able to give a reasonable
prediction of the ideal in-plane shear deformation [122].

With the development of new imaging and image analysis technologies in the late 90s,
it became possible to accurately examine and measure the fabric geometry, leading to the
development of more representative models such as the unit cell geometry model developed
by McBride and Chen [125]. It was also around this time that the first FE models for textile
reinforcements were developed [126], and this has since become the dominant method for
modelling fabrics in academia because of its robustness in being able to consider the mechanics
of the process and its adaptability to various modelling approaches at different length scales.

The three main modelling approaches for mechanistic modelling of the preforming process
are, in terms of length scales, a ‘macroscale’ approach [76, 16], a ‘semi-discrete’ approach
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[127, 55] and a ‘mesoscale’ approach [89]. Macroscale models are on the scale of fabric
with the fabric homogenised as a continuum, while mesoscale models are at the scale of
fibre yarns with repeatable unit cells developed to build up the entire fabric. Semi-discrete
approaches are a combination of the macroscale and mesoscale approaches that use unit cells
at the mesoscale but are defined in such a way that the unit cell properties can be characterised
at the macroscale (tension, shear and bending) [128]. While even smaller ‘microscale’ models
have been developed [129] that model each fibre tow individually, no feasible way has so far
been found to model a full scale fabric at the microscale and thus cannot be used for wrinkling
modelling. Additionally, while mesoscale models of NCFs have been shown to be capable
of successfully modelling laboratory scale experiments, such as the bias extension test and
hemispherical forming [89], due to the computational cost, their use is limited in practice. As
a result, for the optimisation of wrinkling or for industrial purposes, the feasible modelling
options are either using a semi-discrete or a macroscale approach.
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Fig. 2.8 Flowchart showing the various approaches that have been used to model the preforming
of fabrics, with these divided up by type, scale and the element types used. For each specific
modelling approach, an example from the literature is given. If the particular approach has
been applied to biaxial non-crimp fabrics (NCFs), then such a work is given, otherwise, a study
based on an alternative fabric (e.g. woven) is given. The corresponding references for the
examples provided are the following: 1:[130], 2:[73],3:[16],4:[63], 5:[51], 6:[127], 7:[55] and
8:[29].
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2.6.2 Semi-discrete forming models

Combining the advantages of macroscale and mesoscale models, semi-discrete models are
currently the most accurate model for capturing the forming and wrinkling behaviour of fabrics
that can be feasibly simulated for industrial-scale components. The three most prominent ap-
proaches to developing semi-discrete models are the custom triangular element mesh developed
by Allaoui et al. [55], the mutually constrained membrane-beam mesh proposed by Harrison
[127] and the multi-chain beam element mesh proposed by Thompson et al. [29] for 0°/90°
NCFs (Figure 2.8). The triangular element model was extended to capture forming of a biaxial
0°/90° NCF by combining two triangular elements connected by a bar element to represent
the stitching [81], which was successfully able to capture the ply sliding that is characteristic
of NCFs. Furthermore, an alternative semi-discrete model for tricot stitch ±45° NCFs was
recently analytically presented but with no simulation results shown, it is currently unclear
how accurate this model is in reality [131]. These hybrid models have promise but further
work is needed to identify the most promising strategy that could be viable for industrial use
with further increases in computing power [39]. At present, they are only viable with highly
specialised computing systems: Harrison and Gonzalez Camacho [110] reporting a run time of
12-15h using 48 CPU cores and a mesh size of 4 mm. Furthermore, currently, no semi-discrete
modelling approach has been presented for pillar stitch ±45° NCFs that are of interest in this
thesis, with these having been modelled exclusively using macroscale forming models.

2.6.3 Macroscale forming models

Macroscale forming models are the most commonly used fabric constitutive model, in which
fabric components are homogenised as a single continuum and the key fabric properties are
characterised through experimental testing. Macroscale material fabric models typically consist
of a hypoelastic non-orthogonal constitutive model, which was first proposed for NCFs by
Yu et al. [76], although hyperelastic models have also been proposed [93]. The key types of
macroscale models that have successfully been employed for fabric modelling are, in ascending
order of computational cost, the membrane [16], the shell-membrane [57, 39] and the 3D
shell model [51] (Figure 2.8), with the latter only been used for woven fabrics. Membrane
models have been shown to not be suitable for modelling the wrinkling of fabrics as they cannot
describe the out-of-plane bending behaviour, with any ‘wrinkles’ being only a function of the
mesh size [51].

On the other hand, using superimposed and decoupled shell-membrane elements has
been identified as a promising approach that allows for the modelling of fabric wrinkling.
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This approach has become popular recently due to its balancing of suitable accuracy and
computational cost, with multiple research groups converging towards a similar model [63, 39].
The approach has been shown to be equally applicable to woven and biaxial NCFs, and relatively
inexpensive, with Yu et al. [57] reporting a run time of 12 h using 4 cores and a 2 mm mesh.
Boisse et al. [51] argues that this decoupling of membrane and shell elements is ‘not founded
on the physics of textile reinforcement[s]’, and that 3D shell elements should be used instead.
However, the shell-membrane models have been thoroughly validated against experimental
results, including for multi-ply forming, in being capable of being able to capture both the
severity and location of wrinkles during press forming [57] and double diaphragm forming
[57, 39]. Furthermore, Yu et al. [57] showed that the accuracy of wrinkling prediction can be
further improved by implementing a non-linear bending model, albeit with a 33% increase in
computing time. However, as is the case with all macroscale NCF models, the stitching is only
implicitly modelled through the experimental shear curve and thus they are unable to accurately
capture the stitch-tow or tow-tow interactions that can lead to stitch failure or tow sliding [81].
Despite this, for the purposes of modelling macroscale wrinkling, they are sufficient.

2.6.4 Key elements of a macroscale wrinkling model

Based on the available literature, the key features of a macroscopic FE model for simulating
the wrinkling behaviour of fabrics during preforming, and how they might be implemented,
can be summarised as follows:

• Non-orthogonality: the fibre tows of the fabric, that are initially orthogonal, rotate relative
to each other as they deform meaning that the local coordinate systems must be defined
as non-orthogonal allowing for the stresses and strains to be correctly updated along the
fibre tow directions. This can be achieved using established Abaqus subroutines such as
‘*FABRIC’ [132], ‘VFABRIC’ [16] or ‘VUMAT’ [39].

• In-plane shear: the in-plane shear behaviour of the material must be accurately charac-
terised using a picture frame or bias extension test to obtain shear force vs shear angle
curve [16, 83]. The shearing can then be modelled using membrane elements [16]. If
the model only needs to predict the strains during forming or predict the onset of shear
wrinkles, then it has been shown that a simplified model using membrane elements is
sufficient [133].

• Tension: the tensile stiffness of fabrics along the fibre direction is large (of the order
of GPa [16, 127]) and can be assumed to be linear in NCFs [16] but not necessarily for
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woven fabrics [127]. This is because studies have shown coupling between the tension in
the warp and weft tows in woven fabrics due to them being inter-woven together [134].

• Shear-tension coupling: the shear and tensile behaviour are typically modelled as decou-
pled for NCFs, but for woven fabrics, Komeili and Milani [135] showed that incorporating
the shear-tension coupling enables a more accurate prediction of the wrinkles and residual
stresses.

• Bending stiffness: the bending stiffness of fabrics is low in comparison to the tensile
stiffness but is a critical component for accurately capturing the wrinkle shape [136].
The bending stiffness can be included by using shell or 3D elements and is typically
characterised as linear. However, a non-linear bending characterisation, implemented via
a user subroutine, has been shown to produce more realistic wrinkle patterns, albeit at a
higher computational cost [57, 45].

• In-plane/out-of-plane decoupling: Boisse et al. [137] showed that standard continuum
mechanics models cannot suitably capture the bending behaviour of fabrics due to the
out-of-plane bending being coupled with the in-plane behaviour. Standard continuum
mechanics models do not work because the tensile and shear stiffness are orders of mag-
nitude higher than the bending stiffness of any fabric and thus these must be decoupled
from each other to accurately model the fabric deformation and wrinkling shape. This
decoupling can be achieved through the superimposition of shell elements and membrane
elements that are fitted onto the same nodes [39, 63].

• Friction: the tool-ply and ply-ply frictional behaviour have been extensively studied
[138–140] and shown to be anisotropic over the duration of the forming process [103].
Furthermore, increasing the interply frictional coefficient has been shown to lead to
larger wrinkles [84]. Despite this, detailed frictional modelling is typically neglected in
favour of a simplified Coulomb friction model, that is characterised using a friction sled
test [38]. Further work is needed to understand whether an anisotropic frictional model
significantly impacts wrinkling predictions.

2.6.5 Virtual process optimisation

While preforming models have become reasonably mature and the accuracy of these models
is now sufficient to predict wrinkling defects, the development of methods for virtual process
optimisation of preforming with respect to minimising defects and increasing formability
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remains largely unexplored in the literature [141]. Virtual process optimisation is necessary to
avoid the large costs associated with the current trial and error methods used to try eliminate
preforming defects, and thus it should remain the ultimate goal of all forming simulations.

The existing work into fabric forming optimisation has relied upon either kinematic or
membrane based FE models due to their computational efficiency. For example, Skordos et al.
[142] used a kinematic model to optimise woven fabric forming using a genetic algorithm while
Chen et al. [92] employed a similar algorithm with a membrane-element FE model to optimise
the material draw-in of a biaxial NCF during forming. However, using a genetic algorithm
is currently incompatible for use with any higher accuracy models due to the computational
requirements, yet higher accuracy models are required to capture the wrinkling behaviour.
Thus, developing alternative approaches that allow the use of higher accuracy models is critical
for the optimisation and mitigation of wrinkling.

A promising optimisation approach that allows the use of higher accuracy models with a
much lower overall computational cost is surrogate-based (or meta-model-based) optimisation
[143]. In a surrogate model, a cheap-to-evaluate phenomenological relationship between the
input process parameters and the model output is developed on the basis of a parent model and
then used to generate rapid predictive results that are highly suited for optimisation. A more
detailed review of surrogate models is presented in Chapter 5, with a particular focus on deep
learning surrogate models. In order to expand the possibilities for wrinkling optimisation and
develop a wrinkling model that is suitable for industrial deployment, Chapter 5 also develops
such a surrogate model for the prediction of wrinkling patterns for any given tool geometry.

2.6.6 Modelling preforming variability

The characterisation of the material variability has given rise to numerous modelling approaches
that are able to simulate the impact of this variability on the final preform or composite
component, as reviewed thoroughly by Mesogitis et al. [111]. The most common approach for
including material variability is through stochastic simulation: e.g. Skordos and Sutcliffe [112]
developed an image-based approach, based on Fourier Transform and correlation analysis, to
characterise the fibre tow misalignment in a woven fabric, and using the developed stochastic
model they showed that this misalignment caused significant variations in wrinkling strain
(coefficients of variation in the range of 10–20%). However, if the tow fabric directions in the
stochastic model are randomly assigned, it can cause spurious tensile stresses and thus Abdiwi
et al. [113] developed an alternative meshing method for incorporating the full field variability
in tow orientation that is based on pin-jointed nets. Such approaches have the potential to be
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implemented within existing wrinkling models in order to better capture the uncertainty in
fabric wrinkling, but so far this not been done.

2.7 Gaps in the literature

The objectives of this thesis, which were previously outlined in Section 1.2, are motivated by
the gaps identified in the literature in this chapter. These gaps can be summarised as follows:

1. The asymmetric shear behaviour of ±45° biaxial NCFs has been well established but it
is not clear how this contributes to its unique wrinkling behaviour.

2. The effect of tool geometry on wrinkling severity during preforming is not well under-
stood, with investigations limited by the cost of tooling and the large variety in possible
geometries.

3. The variability in wrinkling behaviour of fabrics during preforming has been widely
acknowledged but the extent of this variability has not been systematically quantified.

4. It is not clear how the wrinkling variability is affected by changes in preforming condi-
tions.

5. Mitigation techniques for wrinkling are focused on modifying the preforming process
conditions but mitigation through tool geometry optimisation has generally not been
considered.

6. Finite element models for accurately predicting wrinkling are too computationally expen-
sive to be feasible for virtual preforming optimisation or for industrial use.



Chapter 3

Wrinkling behaviour and mechanisms of a
biaxial NCF

3.1 Introduction

As reviewed in Chapter 2, it is evident that further work is required to develop a more generalised
understanding of the wrinkling behaviour of NCFs. To develop an improved understanding,
the possible wrinkling mechanisms and the impact of tool geometry on the resultant wrinkles
should be investigated. In particular, biaxial ±45° NCFs with a pillar stitch have been shown
to wrinkle during forming in ways that are not well understood [27, 16]. In contrast to
previous similar studies on wrinkle characterisation [25, 49], this work measures the severity
of wrinkling and local strains during preforming over four benchmark geometries, allowing
the wrinkling mechanisms to be investigated by relating the growth of fabric strains with
the development in wrinkle amplitude. Furthermore, Chapter 2 showed that differing tool
geometries are rarely compared within the same study with the same material and thus, in
this case, four different benchmark geometries are experimentally tested allowing the effect of
tool geometry on wrinkling to be studied. Thus the specific objectives of this chapter are the
following:

• To characterise the wrinkling behaviour and mechanisms of a pillar-stitched ±45° biaxial
NCF formed over a hemisphere.

• To investigate how the wrinkling behaviour changes when the NCF is formed over three
other benchmark geometries: a double dome, a tetrahedron and a triangular prism.
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3.2 Method

3.2.1 Experimental forming setup

Material and geometry selection

The material used for this study is a biaxial NCF with carbon fibre tows at ±45° to the stitch
direction and a polyester ‘pillar’ stitch (see Figure 3.1a), manufactured by Hexcel with under
the name ‘HiMax™ CGL4790 - FCIM359 NCF.’ Detailed material parameters for this fabric
are shown in Table 3.1. The shear behaviour of this fabric has previously been characterised
via a picture frame test, which showed its asymmetric shear behaviour, with large normalised
shear stiffness in positive shear (where the fabric is shear loaded such that the angle between
initially perpendicular fibre tows reduces) of approximately 1000 N m−1 due to the stitching
[16]. The fabric is cut into circular samples of 380 mm diameter (see the sample geometry in
Figure 3.1b) using a rotary cutter and a Perspex template, similarly to [25].

The four particular punch geometries were selected based on their previous use as bench-
mark geometries and because they display a range of similar and contrasting features, allowing
for the effect of geometry to be suitably investigated. These geometries are the hemisphere,
the double dome, the tetrahedron and the triangular prism (see Figure 3.1c), with the round
features of the hemisphere and double dome being in stark contrast to the sharp corners of the
tetrahedron and the triangular prism. The punches were manufactured out of modelling board,
with each punch having a forming height (h), of 75 mm. For each geometry, an associated
blank holder was also manufactured out of 10 mm thick Perspex, such that the gap between
each punch and the inner perimeter of the blank holder is constant at 15 mm (see Figure 3.2
and Appendix A).
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Fig. 3.1 a) The top and bottom surfaces of the biaxial ±45° non-crimp fabric with pillar stitch
used in this chapter (Hexcel ‘FCIM359’), b) The sample geometry and orientation used for
each forming test, showing the initial fibre tow directions (‘1’ - top layer, ‘2’ - bottom layer)
and the initial stitching direction (‘0’), and c) generated images of the four punch geometries
tested, each with a forming height (h) of 75 mm.
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Table 3.1 The parameters of the biaxial non-crimp fabric (NCF) used in this study, as obtained
from the manufacturer (Hexcel).

Fabric Fibre Stitching

Type Biaxial NCF Material

Standard

modulus

carbon

Type Pillar

Areal weight/

g m−2 441
Filaments per

tow
24K Material

Texturised

polyester

Tow

orientations/°
-45/45 Tex/g km−1 1850

Thread

thickness/

g per 10 km

78

Stitch

orientation/°
0

Gauge/stitches

per 25.4 mm
2.1

Gauge/stitches

per 25.4 mm
6

Areal weight/

g m−2 216 Length/mm 2.12

Areal weight/

g m−2 9

Speckle pattern application

The surface of the carbon fabric samples was sprayed with a speckle pattern to allow DIC
tracking. However, the typical choice of spray paint cannot be used on fabrics because it makes
them exceptionally stiff, resulting in unrealistic fabric deformations [50]. Instead, a minimal
amount of graphite powder spray was applied as the base layer to remove the reflections of
the carbon fibre, similar to [50]. To ensure consistency between samples, the spray pressure
was kept constant by the use of a modified spray can gun. To minimise any effect from the
graphite, the spraying distance was optimised (to 500 mm - see Appendix C) such that the
increase in bending stiffness of a sprayed rectangular fabric sample was negligible relative to a
non-sprayed sample, based on the ASTM standard cantilever test [64]. White speckles were
evenly applied with an alcohol-based powder spray, typically used as a flaw detector developer.
This low density, dry powder sits on top of the fabric surface, without affecting its deformation.
For each sample, only the area visible to the DIC cameras (see Figure 3.2) was sprayed to
further minimise the effect of the speckle pattern.
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Fig. 3.2 The experimental forming setup, showing the open mould forming rig used to deform
the fabric and the 3D-DIC system used to track the deformation of the fabric.

The forming tests are conducted using the experimental rig shown in Figure 3.2, which is
based on the rig used in [25], with the addition of the Aramis 3D-DIC system and an improved
actuation system. The development of the preforming rig is documented in Appendix A. The
key details of the 3D-DIC system are shown in Table 3.2. For each test, the speckled NCF
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sample is placed onto the rig and held down with a blank holder and a weight ring, onto which
weights are hung to generate a blank holder force (BHF), applying a uniform pressure on the
fabric regions that are under the blank holder. The BHF applied varies slightly (99-101 N) for
each punch geometry due to variations in the mass of their respective blank holders. For each
test, the punch moves up at a constant speed of 1 mm s−1 until it reaches a punch displacement
(PD) of 75 mm. Images are captured at a rate of 1 Hz by the DIC cameras. The facet size for
DIC tracking is set to 26 pixels, while the facet separation is set to 20 pixels, with a pixel side
length of 0.1 mm. The complete experimental forming test procedure is detailed in Appendix B.

Table 3.2 The key parameters relating to the 3D digital image correlation system used in the
forming experiments.

System specifications Experiment parameters

System name GOM ARAMIS 12M Lens length/mm 50

Camera resolution/

px x px
4000 × 3000

Measuring volume/

mm × mm
400 × 300

Camera chip CMOS Slider distance/mm 396

Max frame rate/Hz 58 Camera angle/° 25

Strain measuring

range/%
0.02 - 100 Calibration object CP20 350 ×280

Strain accuracy/% up to 0.01 Depth of field /mm 8

Lens coating Titanar Pixel side length/mm 0.1
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3.2.2 Post-processing of experimental data

Wrinkle calculation

PD = 50 mm
a) Raw DIC Coordinates

Obtain X,Y,Z Coordinates of Fabric from DIC

c) Punch Geometry Surface

Align Punch Geometry 
with b)

b) Smooth Fabric Surface

Generate Smooth Fabric 
Surface from a)

e) Fabric Surface

Calculate the 
Displacement Vectors

from d) to e) (

d) Reference Surface with 
Surface Normals ( )

Determine Reference 
Surface by combining b)

& c)

PD = 
50 mm

Determine the Component of Displacement 
Vectors along Normal Vectors of d)

(Wrinkle Amplitude - )

30 mm

y

x

f) Wrinkle Amplitude Surface

Fig. 3.3 An outline of the method for calculating the wrinkle amplitude on the visible fabric
surface (shown here for a tetrahedron at a punch displacement (PD) of 50 mm): a) the raw DIC
coordinates of the facet points, b) the smooth fabric surface, c) the punch geometry surface, d)
the reference surface with a selection of surface normal vectors drawn, e) the fabric surface
based on the raw DIC coordinates, and f) the wrinkle amplitude surface obtained.

The wrinkle amplitude (aw), defined as the height of the out-of-plane deviations across the fabric
surface, is calculated with respect to a reference surface, as shown in Figure 3.3. The reference
surface represents an ideally formed fabric surface with no visible defects (Figure 3.3d). The
wrinkle amplitude corresponds to the local surface normal (−→nr ) component of the displacement
vector (

−→
d f ) from the reference surface to the actual fabric surface. The reference surface is
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obtained by combining a bi-directionally smoothed fabric surface (Figure 3.3b) with the CAD
geometry of the punch (Figure 3.3c). At any local grid position (x,y) on the fabric surface, the
wrinkle amplitude (aw) is calculated by the inner product of

−→
d f and −→nr as follows:

aw[mm] =

−→
d f ·−→nr

|−→nr |
(3.1)

where
−→
d f is the outward displacement vector at a particular grid position (x, y) from the reference

surface to the corresponding point on the fabric surface, −→nr is the outwardly normal vector to
the reference surface at the particular grid position (x,y) (see schematic in Figure 3.3f).

To consider the spread of wrinkling, the ‘wrinkle area’ (Aw) (similar to the ‘wrinkle ratio’
from [49]) is calculated by taking the ratio of the area where |aw| exceeds an arbitrary absolute
wrinkling limit of 1 mm (A|aw|>1mm), divided by the total visible area (A) at that stage of
forming:

Aw[%] =
A|aw|>1mm

A
(3.2)

Local shear angle and strain calculation

As shown in Figure 3.4, the local shear angle across the surface of the NCF is calculated
by interpolating the changes in local fibre tow orientations from the known deformation of
the fabric, which also allows the surface fibre and stitch strains to be obtained. Firstly, the
local changes in fibre tow position and direction are obtained by defining a series of parallel
lines along the 45°, 0°, −45° directions to define the ‘1’ fibre tow, ‘0’ stitch and ‘2’ fibre
tow directions, respectively (defined in Figure 3.4a). These are then mapped on to the initial
fabric surface coordinates using linear interpolation (Figure 3.4a). Each virtual tow line (m
= total lines) is divided into short segments of 5 mm (n = total segments) and the initial fibre
tow directions are obtained by taking the difference in coordinates between the start and end
position vectors of each segment:

−→
D n,m =−→x n+1,m −−→x n,m (3.3)

where −→x n+1,m is the end position vector of the nth fibre tow segment, −→x n,m is the start position
vector of the nth fibre tow segment,

−→
D n,m is the local direction vector of the nth virtual fibre

tow segment of the mth virtual tow line.
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Fig. 3.4 An outline of the method for calculating the local shear angles and local fibre strains
(shown here for a hemisphere at a punch displacement (PD) of 50 mm): a) the visible (to
the DIC cameras) fabric surface at the start of hemispherical forming, with virtual fibre tows
mapped onto it, corresponding to the known initial fibre tow directions, b) the local calculation
for the shear angle (γ) at each facet point and the resultant global γ distribution over the visible
fabric surface, and c) the local calculation of the of the strain along the fibre tow on the top
NCF layer (ε f 1) during the forming process and the resultant global ε f 1 distribution over the
visible fabric surface.

For each successive forming step (Figure 3.4b & c), a linear interpolation function between
the reference facet positions and the current positions is used to obtain the new fibre/stitch
segment coordinates. From these segment coordinates, the current fibre directions at each
facet are obtained and the angle between the two tow directions (α) can be found as follows,
assuming that

−→
f1 and

−→
f2 are unit vectors:

α[°] = arctan

(
|−→f1 ×

−→
f2 |

−→
f1 ·

−→
f2

)
(3.4)

where
−→
f1 is the normalised unit local fibre tow direction vector on the top surface of the

NCF at each facet point,
−→
f2 is the normalised unit local fibre tow direction vector on the bottom
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surface of the NCF at each facet point and −180° ≤ α ≤ 180° (the unambiguous value of α

is obtained by considering the signs of the numerator and the denominator, using the atan2
function).

Knowing α , the local shear angle (γ) is found by subtracting from the initial angle between
them (90°) (Figure 3.4b):

γ[°] = 90−α (3.5)

where α < 90° represents the case of ‘positive shear’, corresponding to the fibre directions
getting closer to each other after shearing, and α > 90° corresponds to ‘negative shear’ where
the deformed fibre tows point further away from each other than in the initial configuration (as
depicted in Figure 3.4b).

Equation 3.5 allows for the shear angle to be determined without requiring any additional
tracking of the NCF’s bottom tow layer, which is not visible to the DIC cameras. This method
assumes that the −45° virtual fibres evolve along the same path as those on the bottom layer
and that the bottom fibres are at approximately the same amplitude as those on the (visible) top
layer. It was previously shown by Chen et al. [16] that the variation in grid position between top
and bottom layers at the end of forming is negligible, justifying that the bottom layer positions
can be determined via the top layer. To validate the accuracy of this method, calculated shear
angles are compared against direct measurement in two distinct regions of the NCF formed
over a hemisphere (Table 3.3), with the absolute difference between calculated and measured
angles being less than the uncertainty in the measurement.

Table 3.3 Validation of the calculated stitch strain and shear angle values by comparison with
directly measured values at two particular locations in the positive and negative shear regions
for the biaxial NCF formed over a hemisphere. Stitch strain measured using a Vernier caliper
and shear angle using a protractor. Note that PS refers ‘positive shear’ and NS refers to ‘negative
shear’.

Region

Position rel. to

fabric centre

(x,y)/mm

Variable

Calculated (C)

value

(interpolation)

Measured (M)

value (±)

Absolute

difference

(|C−M|)

PS (50,0)
Stitch strain (εs0) 0.038 0.037 ± 0.02 0.001

Shear angle (γ)/° 4.1 1.6 ± 4 2.6

NS (0,-50)
Stitch strain (εs0) -0.15 -0.17 ± 0.02 0.012

Shear angle (γ)/° -24.2 -27 ± 4 2.7
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Additionally, the local strains along the top fibre tow and stitching directions are determined
by considering the local changes in length of virtual fibre tow segments. The term ‘strain’ is
used here, as per convention, to refer to the change in length along a given path, even though
when in compression, the meaning of this for the tow/stitch can become ambiguous due to local
path waviness or rigid body movements. The local fibre strains along the ‘1’ fibre direction
(ε f 1) and the ‘0’ stitch direction, (εs0) are found as follows (see Figure 3.4c):

ε =
lx − l0

l0
(3.6)

where lx is the local virtual segment length at punch displacement (PD) = x mm, l0 is the
local virtual segment length at the initial stage (PD = 0 mm) = 5 mm, and ε = ε f 1 or εs0.

The calculated stitch strains are likewise validated in Table 3.3 by comparing against direct
measurement in the positive and negative shear regions of the fabric. Due to the low magnitude
of the calculated fibre strains, it is not possible to directly measure these and thus they are
validated via corollary from the stitch strain.

As only compressive fibre tow strain is likely to have an effect on wrinkling, only the
compressive fibre tow ‘strain’ (ε f 1c = ε f 1 < 0) is considered in Section 3.3. To account for
possible dispersion in calculated strains and wrinkle amplitudes, five identical samples are
tested and the mean values at each stage of deformation are used in Section 3.3.

Representative ‘maximum’ and ‘minimum’ values

To account for noise in the DIC data, all summative plots in Section 3.3 that look at the
development of a particular variable over the course of forming, representative ‘maximum’ or
‘minimum’ values at each stage of forming are used, which correlate to the general growth
of that variable. The ‘representative maximum’ (e.g. xmax) is defined as the mean of all the
surface values above the 97th percentile. The ‘representative minimum’ (e.g. xmin) is defined as
the mean of all the surface values below the 3rd percentile. Thus for a surface variable, x, at a
particular stage during forming, these can be calculated as follows:

xmax =
1

n−n97

n

∑
i=n97

xi, n97 = 0.97Nx (3.7)

xmin =
1
n3

n3

∑
i=1

xi, n3 = 0.03Nx (3.8)

where x is a surface variable (e.g. |aw|) that contains all recorded values for that variable at
that time step, Nx is an ordered list of all values of x, n is the total number of values in x
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(ordinal rank corresponding to 100th percentile), n97 is the ordinal rank corresponding to the
97th percentile, n3 is the ordinal rank corresponding to the 3rd percentile. The 97th and 3rd

percentiles are chosen based on a comparison of wrinkle amplitude development based on a
range of potential percentiles, and identifying the highest possible percentile (for maximum) or
smallest possible percentile (for minimum) that eliminates erroneous local effects.

3.3 Results

The appearance of the fabric at the end of forming is qualitatively analysed in Subsection 3.3.1
in order to demonstrate the wrinkling types observed and the deformation behaviour of the
fabric over the four geometries. Quantitative analysis of the wrinkling and strain behaviour
follows in Subsections 3.3.2-3.3.7.

3.3.1 Observations at the end of forming

Wrinkle types

There are two different types of wrinkles that develop consistently for this NCF and they occur
in three distinct locations of the fabric during hemispherical forming, as seen in Figure 3.5.
Macroscale wrinkles are observed on the left and right edges of the hemisphere, and extending
across the blank holder boundary (Figure 3.5a & b). In addition, similar macroscale wrinkles
are observed at the end of forming underneath the blank holder in the top and bottom regions of
the hemisphere (Figure 3.5a & c). These latter macroscale wrinkles appear somewhat different
in orientation and size to those on the hemisphere surface, but as these occur outside the ‘visible
region’ of the DIC cameras (Figure 3.2), they cannot be measured via the proposed DIC method.
The other wrinkles observed are mesoscale wrinkles, as shown in Figure 3.5d. These wrinkles
occur in the critical curved region of the hemisphere, only in the top and bottom parts of the
visible region (Figure 3.5a).
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Fig. 3.5 A representative fabric sample (single biaxial NCF) after being formed over a hemi-
sphere, showing the resultant wrinkling defects and their locations: a) the formed fabric sample
with the relative position of the top blank holder shown, b) macroscale wrinkles extending
across the blank holder boundary on the left and right sides of the hemisphere, along the stitch-
ing direction (‘0’), c) macroscale wrinkles under the blank holder on the top and bottom sides
of the hemisphere, perpendicular to the stitching direction (‘0’), and d) mesoscale wrinkles
within the visible region of the fabric on the top and bottom sides of the hemisphere.
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Material draw-in and shearing of NCF

As evidenced by observing the fabric before and after hemispherical forming in Figure 3.6, this
NCF appears to only deform via in-plane shear in the top and bottom regions, while the amount
of shear in the left and right regions is not significant. The final outline of the fabric at the
end of hemispherical forming is oval in shape (Figure 3.6a), in contrast to the initial circular
sample geometry (Figure 3.1), highlighting that the material draw-in of the fabric around a
uniform hemisphere is not uniform but still maintains symmetry about the stitching direction
(‘0’). More specifically, observing the local fibre tow paths on the non-speckled bottom ply
(Figure 3.6b), there is minimal shearing in the regions of largest material draw-in (left and right)
while there is significant shearing in the regions of least material draw in (top and bottom). In
addition, it can be noted from comparing Figure 3.6a & 6b, that the wrinkles observed on the
top ply correlate directly with those on the bottom ply, confirming that the bottom fibre tow
amplitudes can be assumed from the top ply measurement.

c) Draw-in Region 

d)

Initial Fabric Outline

d) Shear Region

2

0

1

60 mm

10 mm

10 mm

Fabric Sample at the End of Forming

a) Front (Top Ply) b) Back (Bottom Ply)

2

0

1
Final ‘2’ Fibre Tow
Initial ‘2’ Fibre Tow

Fig. 3.6 The outline of a representative formed fabric sample relative to the initial fabric outline:
a) the front surface of the fabric (facing the DIC cameras), b) the back surface of the fabric
(facing away from the DIC cameras), showing regions of shear (in blue) and draw-in (in red),
c) a close-up image of one of the draw-in regions of the fabric where an exemplar fibre tow (in
orange) experiences minimal distortion, indicating minimal shearing, and d) a close-up image
of one of the shear regions of the fabric where an exemplar fibre tow (in orange) experiences
large distortion, indicating significant shearing.
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Comparison of observations with other benchmark geometries

Macroscale
Wrinkles

Mesoscale
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Initial
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Blank 
Holder

a) b) c)
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Fig. 3.7 Representative fabric samples (single biaxial NCF in each case) at the end of forming,
shown relative to the initial fabric outline (dashed line), for three punch geometries and the
with the resultant wrinkling defects and their locations on the formed fabric surface highlighted
(shown using the colour coded squares: purple, light green and dark green): a) double dome, b)
tetrahedron and c) triangular prism. Note that two different types of macroscale wrinkles are
observed on the visible surface for the tetrahedron and the triangular prism.

The double dome, the tetrahedron and the triangular prism forming cases for this NCF, shown
in Figure 3.7, all display the two wrinkle types seen with the hemispherical punch, with the
tetrahedron and triangular prism additionally displaying a notably different type of macroscale
wrinkling in regions where mesoscale wrinkles also occur. For the double dome results shown
in Figure 3.7a, macroscale wrinkles are visible in the fabric along the two curved edges of
the geometry while mesoscale wrinkles are seen along the long edges of the geometry. For
the tetrahedron, macroscale wrinkles are observed over the two bottom corner edges while
macroscale and mesoscale wrinkles are seen over the top corner edge, with mesoscale wrinkles
also shown on the bottom face (Figure 3.7b). The triangular prism, in Figure 3.7c, displays
significant macroscale wrinkles along the two vertical faces of the shape with mesoscale
wrinkles on the two angled faces. Additional smaller macroscale wrinkling can also be seen
the bottom left angled face (Figure 3.7c).
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Due to the fabric architecture of this biaxial NCF, the material draw-in behaviour during
forming is similarly unequal around the perimeter for the three geometries in Figure 3.7, with
significantly more draw-in (and likely less shear) along the left and right-hand sides of the
fabric. For example, the material draw-in is especially significant for the triangular prism in
Figure 3.7c, in which the outline of the fabric is barely visible along the left and right edges
and as such, these are regions of minimal shear (from Figure 3.6c). Furthermore, for the
tetrahedron in Figure 3.7b, there is negligible draw-in along the top and bottom regions of the
fabric, suggesting that these correspond to the significant shear regions in Figure 3.6d.

3.3.2 Wrinkle development during hemispherical forming

The wrinkling of the NCF is measured to be predominantly in regions of minimal shear,
where the wrinkles grow linearly in amplitude and area after a clear onset point, as seen from
Figure 3.8. The progression of the representative ‘maximum’ absolute wrinkle amplitude
(|aw|max) with PD as shown in Figure 3.8a and the Wrinkle area (Aw) development with PD is
similarly plotted in Figure 3.8b. Based on an average of five repeated samples for hemispherical
forming, |aw|max and Aw both grow linearly after a clear wrinkling onset point at PD = 25 mm
before plateauing at PD = 50 mm. The surface distributions of |aw|max and Aw shown in the
insets in Figure 3.8a & b respectively, show that the wrinkling is concentrated to the left and
right regions, which were shown to have minimal shearing in Figure 3.6.
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Fig. 3.8 The global development of wrinkles with increasing punch displacement (PD) during
hemispherical forming, based on an average of five repeated samples with measurements
taken every 5 mm of PD (the error bars correspond to the standard deviation between the five
samples): a) representative ‘maximum’ absolute wrinkle amplitude, with wrinkling amplitude
surfaces shown at PD = 20, 40, 60 & 75 mm, and b) wrinkle area, with wrinkle area surfaces
shown at PD = 20, 40, 60 & 75 mm.
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3.3.3 Shear angle development during hemispherical forming

As shown in Figure 3.9, shearing in the positive shear regions is restricted at an early stage
while shearing in the negative shear regions is much more significant. This is seen from the
development of the representative ‘maximum’ (γmax) and ‘minimum’ (γmin) shear angles with
PD in Figure 3.9a. The maximum shear angle grows to a maximum of 10° and approaches a
plateau at PD = 40 mm, after which no further positive shearing occurs. The minimum shear
angle grows at a much faster rate and continues to grow beyond PD = 40 mm, reaching its peak
of −35° at PD = 60 mm, decreasingly slightly after that. Figure 3.9b highlights that the positive
shear (PS) regions correspond to the minimal shearing regions, and the negative shear (NS)
regions to the significant shearing regions, which were previously established in Figure 3.6.
From Figure 3.9c, the shearing of the fabric is shown to be largest at the edges of the visible
fabric and thus is expected be largest near the blank holder (outside the visible region at the
end of forming).

a)

20 mm

b)

c)

NS

PS

y

60 mm

PS: Positive Shear
NS: Negative Shear

60 mm

PS

NS

Shear
Boundary

x

Fig. 3.9 a) The global development of the representative ‘maximum’ and ‘minimum’ shear
angle with punch displacement (PD) for a representative sample during hemispherical forming
(the local shear angle surfaces are shown for PD = 20, 40, 60 & 75 mm), b) the local shear angle
distribution at the end of forming, defining the positive (PS) and negative shear (NS) regions,
and c) the mean of the local shear angles calculated along the five vertical and horizontal
parallel cross-sections (5 mm apart) shown in b), plotted against the distance from the X or Y
axis.
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3.3.4 Stitch and fibre tow strain development during hemispherical form-
ing

60 mm

b)

60 mm

a)

Fig. 3.10 a) The development of the ‘maximum’ and ‘minimum’ stitch strain in the positive (PS)
and negative shear (NS) regions respectively, with punch displacement (PD) for a representative
sample formed over a hemisphere. Surface distributions of stitch strain are shown for PD =
20, 40, 60 & 75 mm. b) The development of the ‘minimum’ compressive (negative-only) fibre
strain in the PS and NS regions with PD for a representative sample formed over a hemisphere.
Surface distributions of compressive fibre strain are shown for PD = 20, 40, 60 & 75 mm.
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The strain along the polyester stitches of the NCF is large (up to 30% in compression from
Figure 3.10a) and grows in a similar manner to the shear angle in the PS and NS regions
respectively (comparing Figure 3.10a with Figure 3.9a). Stitch tension in the fabric is seen
to correlate with positive shear and stitch compression with negative shear. This behaviour is
expected based on the fabric architecture (Figure 3.1a).

The compression along the carbon fibre tows, which is suggested to cause mesoscale
wrinkling, occurs in both the PS and NS regions, as seen in Figure 3.10b. The magnitude of the
representative minimum compressive fibre strain (ε f 1c,min) is up to 1.7% in the NS regions and
1.2% in the PS regions.

3.3.5 Macroscale and mesoscale wrinkle development during hemispher-
ical forming

60 mm

NS
PS

NS
PS

PS: Positive Shear
NS: Negative Shear

Fig. 3.11 The development of the representative ‘maximum’ absolute wrinkle amplitude in
the positive (PS) and negative shear (NS) regions with punch displacement (PD). The wrinkle
amplitude surface at the end of forming is shown for each of the regions, along with the
global wrinkle amplitude distribution. The wrinkles in the positive shear region correspond
to macroscale wrinkles and the wrinkles in the negative shear region correspond to mesoscale
wrinkles. Note that in the NS region, only positive amplitude wrinkles are considered to
eliminate erroneous data at the end of forming.
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From Figure 3.11, the macroscale wrinkles in the PS regions are shown to be at least twice as
large in amplitude as the mesoscale wrinkles in the NS regions. By considering the wrinkle
amplitude in the PS and NS regions separately (based on Figure 3.9b), allows the development
of macro and mesoscale wrinkles to be separated for hemisphere case, as shown in Figure 3.11.
This shows that macroscale wrinkles predominantly occur in PS regions while the mesoscale
wrinkles occur in NS regions. These wrinkle types appear to initiate around the same time (PD
= 25 mm) but the mesoscale wrinkles reach a lower amplitude.

3.3.6 Relationships between wrinkling, strains and shear angle

The mesoscale wrinkle amplitude over the course of forming can be linearly correlated (r2 =

0.98) with the growth of the compressive fibre strain in negative shear, as seen in Figure 3.12a.
This suggests that tow compression causes mesoscale wrinkles. However compressive fibre
strains are also shown to occur in positive shear regions (Figure 3.10b), where no mesoscale
wrinkles develop so the correlation appears only to apply under specific conditions.

Figure 3.12b shows that the overall wrinkling amplitude of this NCF displays no consistent
trend with shear angle and wrinkling initiates much before the locking angle for this fabric
(57°, based on [16]) is reached.

As inferred from Figure 3.10a and as expected from the fabric architecture that aligns the
stitching along the shearing direction, Figure 3.12c shows a linear relationship (r2 = 0.99)
between the stitch strain and shear angle of the fabric over the course of forming, with a
consistent trend in both PS and NS regions.

In contrast to the stitch strain, the compressive fibre strain over the course of forming shows
differing behaviour with respect to the shear angle in positive and negative shear (Figure 3.12d).
In negative shear, a linear correlation between the compressive fibre strain and shear angle is
noted, while in positive shear, the compressive strain increases at a higher rate compared to the
shear angle.
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a) b)

c) d)
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Fig. 3.12 a) The development of the representative ‘maximum’ mesoscale wrinkle amplitude
and the representative ‘minimum’ compressive fibre strain in the negative shear region, over
the course of the forming process. b) The development of the ‘maximum’ absolute wrinkle
amplitude in positive and negative shear regions with shear angle, over the course of the forming
process. c) The linear relationship between the ‘maximum and ‘minimum’ stitch strain and
the ‘maximum and ‘minimum’ shear angle in both positive and negative shear regions over the
course of the forming process. d) The compressive fibre strain plotted against shear angle, in
both the positive and negative shear regions. Note that all data is averaged over five repeated
samples formed over a hemisphere.
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3.3.7 Wrinkling characterisation over four benchmark geometries
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Fig. 3.13 A quantitative comparison of the wrinkling severity and surface strains for representa-
tive fabric samples formed over the four punch geometries investigated (hemisphere, double
dome, tetrahedron and triangular prism), measured at the end of forming (punch displacement
(PD) = 75 mm): a) wrinkle amplitude surface, b) wrinkle area surface, c) shear angle surface,
and d) compressive fibre strain surface along the top layer of the fabric.
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As seen from Figure 3.13, the wrinkling behaviour of the fabric over the four geometries tested
differ significantly in amplitude and spread but the locations of wrinkling follow similar trends
relative to the fabric straining, suggesting that the wrinkling mechanisms are consistent across
different geometries. For all shapes, the largest wrinkles in Figure 3.13a are recorded in the PS
regions (Figure 3.13c). Note that, for the triangular prism, the largest wrinkles on the vertical
edges of the shape (observed in Figure 3.7) could not be tracked but these are expected to be
in positive shear based on Figure 3.13c. The tetrahedron and the triangular prism are the only
geometries that exhibit macroscale wrinkling in the negative shear regions, which are smaller
in amplitude compared to those in PS regions (Figure 3.13a &c).

Some differences are noted in the compressive fibre strain distributions between the four
geometries in Figure 3.13d with the tetrahedron and the triangular prism showing more larger,
more localised compressive strains in the negative shear regions compared to the hemisphere
and double dome, for which the strains are lower and more evenly distributed on the fabric
surface.

Based on the ’spider diagram’ in Figure 3.14, the double dome is shown to be the most
formable geometry in terms of wrinkling whereas the tetrahedron displays the least formability.
The five key wrinkling metrics that are evaluated in the ‘spider diagram’ are defined and their
relevance explained in Table 3.4. Although closely matched by the hemisphere, the double
dome has the lowest wrinkle amplitude and area, the latest wrinkle onset while also displaying
the lowest shear angle and compressive fibre strain. The tetrahedron and triangular prism are
significantly worse in almost all categories, which suggests that sharp edged geometries are
more difficult to form than rounded geometries.
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Decreased Formability/
Increased Wrinkling

,

Fig. 3.14 A ‘spider diagram’ of the five wrinkling-related metrics, for the same fabric formed
over four punch geometries. The parameters have been arranged such that the centre of
the spider diagram represents maximum formability and minimum wrinkling. In order of
decreasing formability, the four punch geometries are the double dome, hemisphere, triangular
prism and tetrahedron.

Table 3.4 A description of the metrics plotted in Figure 3.14 and their respective relevance to
wrinkling.

Symbol/unit Description Relevance to wrinkling

|aw|max/mm
the maximum absolute wrinkle amplitude on the

visible fabric surface during the forming process

indicates the size of

macroscale wrinkling

Aw,max/%
the maximum wrinkle area (wrinkle = |aw|> 1 mm)

measured during forming process

indicates the spread of

macroscale wrinkling

PDonset /%

the punch displacement (as a % of the final punch

displacement) at the onset of wrinkling (when

|aw|> 1 mm)

indicates how early wrinkling

occurs

|γ|max/°
the maximum absolute shear angle measured across

the visible fabric surface during the forming process

indicates initiation of shear

macroscale wrinkling

|ε f 1,c|max

the maximum absolute compressive fibre strain

along the ‘1’ direction measured across the visible

fabric surface during the forming process

indicates likelihood of

mesoscale wrinkling
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3.4 Discussion

3.4.1 Wrinkling mechanisms
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Fig. 3.15 A diagram, using hemispherical forming as an example, that highlights the two local
shear deformations and the three wrinkling mechanisms that can be observed in this biaxial
non-crimp fabric with a ±45° fabric architecture: a) a schematic of the fabric sample when
formed over a hemisphere, highlighting the circumferential reduction of length required of a
hypothetical Strip I to be able to form into Strip II during forming, b) the shear deformation seen
in the positive shear (PS) regions, showing that shearing initially occurs (i) but is then restricted
by the stitches in tension reaching their elastic limit (ii), after which no shear is possible
(iii), leading to material draw-in and causing macroscale non-shear wrinkles, c) the shear
deformation seen in negative shear (NS) regions, showing initial shear and stitch compression
(i), with the fibre tows also becoming compressed during shearing (ii), leading to either fibre
tow buckling (mesoscale wrinkles) (iii) or further shearing and eventual lockup (macroscale
shear wrinkles) (iv), and d) the three types of wrinkles possible to occur during the forming of
this NCF and their relative locations, with images of each wrinkle type as shown in Figure 3.5.
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Macroscale wrinkling in textile reinforcements can occur via two mutually exclusive and
competing mechanisms: due to tow compression at shear lock-up (i.e. lateral tow-to-tow com-
pression) or due to lateral fabric compression when the fabric is prevented from shearing owing
to the tow architecture or the stitch pattern. These two mechanisms can clearly be identified
and separated out for the particular NCF studied and are outlined for the case of hemispherical
forming in Figure 3.15, but are equally applicable to other forming geometries, as seen from
Figure 3.13. As depicted in Figure 3.15a, a prerequisite for a fabric to successfully form over
a hemisphere is that a hypothetical strip of fabric (‘Strip I’) must reduce its circumferential
length to that of ‘Strip II’ by the end of the process as it is drawn in. This reduction in length is
facilitated by the local deformation of the fabric which in turn determines the likely wrinkling
mechanism. For this NCF, the distinct deformation modes in the positive shear (PS) and
negative shear (NS) regions highlight two ways for this reduction of length to occur for this
fabric (Figure 3.15a). In the NS regions, the fabric deforms primarily via shear while in the PS
regions, the fabric deforms via material draw-in.

Macroscale shear wrinkling occurs when shearing is the dominant fabric deformation mode
and the fabric has sheared to its limit leading to the adjacent tows locking up. For this NCF,
this occurs in the NS regions where shearing is unrestricted and allowed to reach the shear
lockup stage. The shear angle of the fabric in the NS regions increases with increasing punch
displacement (PD). In the initial stage of shear deformation, the shear resistance of the fabric
is low due to low frictional forces between the tow layers. With continuing deformation, the
shear resistance of the fabric increases more rapidly as inter-tow gaps vanish on each tow
layer and adjacent parallel tows begin to press onto each other laterally, while held together by
stitching (Figure 3.15c). This is the initiation of a lockup or jamming regime (Figure 3.15c).
As shear deformation of the fabric increases, the pressure between adjacent parallel tows rises.
This contact pressure corresponds to an in-plane compressive force that triggers the formation
of wrinkles, which is referred to as macroscale shear wrinkling [69, 70]. The experimental
investigation reveals that the critical lock-up angle is only reached for the tetrahedron and the
triangular prism, which require large amounts of shear to be formed, resulting in macroscale
shear wrinkles of around 1-2 mm in amplitude (Figure 3.13 and Figure 3.7). No macroscale
shear wrinkling is seen in the NS regions for the hemisphere or the double dome with lower
shear angles, except in the non-critical area underneath the blank holder (Figure 3.5), where the
shear angle is expected to reach its peak (Figure 3.9c). Although shear wrinkling is said to be
of primary concern when designing composites using textiles [21], this study suggests that the
macroscale shear wrinkles are significant only in geometries with sharp corners and edges.
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As previously discussed by Skordos et al. [73] for a rate-dependent prepreg textile, when the
shearing of a fabric is restricted, the fabric is likely to wrinkle due to lateral fabric compression.
For this NCF, in the PS regions, shearing is restricted to a minimum by the stitching (Fig-
ure 3.9a), leading to macroscale wrinkles as the fabric needs to reduce its circumferential length
by lateral compression, which then induces macroscale non-shear wrinkling (Figure 3.15b &
d). As a result, large wrinkles of up to 6 mm in amplitude form in these regions of the preform
for all geometries tested (Figure 3.14a). These wrinkles are shown not to be related to the
shearing of the fabric (Figure 3.12b). Furthermore, these wrinkles can initiate very early on
during forming (Figure 3.8) and there appears no simple way of mitigation when shearing
cannot be encouraged. Thus these wrinkles present a significant concern when manufacturing
any doubly curved component using this fabric and in any particular forming situation that
restricts shear deformation.

Mesoscale wrinkling in textile reinforcements occurs when fibre tows are loaded in com-
pression along their length and not restricted from buckling in their locality. This was shown to
be likely, as a linear relationship was found between the growth of mesoscale wrinkle amplitude
and the growth of compressive fibre strain (Figure 3.12) and the locations of the compres-
sive strains could be correlated with the locations of mesoscale wrinkling in the NS regions
(Figure 3.10b & Figure 3.5). This matches the observations in [16] for the same material.
However, even though compressive fibre strains occur across the fabric surface (Figure 3.10b),
mesoscale wrinkling only occurs in negative shear regions of the fabric (Figure 3.6). This is
because the tensioned stitching in positive shear not only restricts shearing but also prevents
the tows from buckling by acting physically as an anti-buckling guide across the top of the
tows - restricting the effective buckling length of tow to the stitching distance (Figure 3.15b).
In negative shear, where the stitching is in compression and the fibre compression increases
linearly with shear angle (Figure 3.15d), the stitching is unable to prevent this buckling leading
to mesoscale wrinkles (Figure 3.15c). The mesoscale wrinkles are significantly smaller in
amplitude compared to the macroscale wrinkles (Figure 3.11). However, since they are shown
to develop over large areas of the formed surface of the fabric for all geometries (Figure 3.5 &
Figure 3.7), they represent a potentially detrimental defect in terms of damaging the in-plane
mechanical properties of the final manufactured component.

3.4.2 Deformation modes and wrinkling behaviour

The wrinkling behaviour of textile reinforcements is directly linked to the competing de-
formation modes (in-plane shear and material draw-in) of the fabric and the resultant local
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deformation depends on the fabric’s local shear resistance. For most dry textile reinforcements,
the shear resistance is relatively low throughout the forming process, meaning that in-plane
shear is the dominant deformation mode and macroscale shear wrinkles are the most likely
defect [19]. However, in the case of this NCF, the stitching is aligned along the shearing
direction of the fibre tows (at 45° to each tow - Table 3.1) and thus it becomes the restrictive
element in PS regions when the stitch is in tension [16], preventing further shearing once it
is taut (Figure 3.9b and Figure 3.15b). Thus, in those shear restricted regions, rather than
forming like a pin-jointed net, the fabric locally forms like a sheet metal that deforms mainly by
lateral compression during forming [144]. Similar behaviour is observed for woven prepregs
by Skordos et al. [73] and this explains the similar wrinkling previously observed by Lee
et al. [27] in regions of low shear during a hemispherical forming on an NCF with a similar
architecture. As a result, the possible deformation modes of any NCF should be identified in
order to understand and optimise its wrinkling behaviour.

3.4.3 Fabric architecture and wrinkling behaviour

The fabric architecture rather than the geometry dictates the wrinkling mechanisms exhibited
by the fabric during forming. For all the forming geometries tested, the same types of wrinkling
are observed to occur (Figure 3.5 & Figure 3.7) within the expected shear regions of the fabric
(Figure 3.13) based on the mechanisms outlined in Figure 3.15. For this NCF, the interaction of
the stitching with the fabric’s shearing behaviour during forming controls the types of wrinkling
that can form in the positive (PS) and negative shear (NS) regions, respectively. As shown
in Figure 3.12c, there is a linear relationship between shearing of the fabric and strain along
the stitches, with positive shear correlating with stitch tension and negative shear correlating
with stitch compression. This matches the findings of Chen et al. [16] for this exact NCF and
the analytical stitch model developed by Krieger et al. [31]. In PS regions, the taut stitching
encourages macroscale wrinkles due to lateral compression (macroscale non-shear wrinkling)
but prevents mesoscale wrinkling by physically preventing buckling. While in NS regions,
the compressed stitches allow excessive shearing and tow compression leading to macroscale
wrinkling due to shear lockup (macroscale shear wrinkling) and mesoscale wrinkling.

This pattern of wrinkling, in terms of where particular types of wrinkles are located, is
consistent for all geometries tested using the same fabric, as shown in Figure 3.13. Thus, to
identify the wrinkling types and mechanisms for a particular textile reinforcement, it does not
necessarily need to be tested over multiple complex geometries.
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3.4.4 Effect of geometry on wrinkling behaviour

The severity and the extent of fabric wrinkling are heavily influenced by the particular tool
geometry, while the types of wrinkles observed are generally consistent for complex geome-
tries. The variation in severity of wrinkling for different geometries can be clearly seen from
Figure 3.14a, which shows how the tetrahedron results in much larger wrinkles relative to
the other three geometries. This is equally true in terms of the spread of wrinkling, which
is seen from Figure 3.14b, with the tetrahedron having a wrinkle area that is at least twice
as large as the next largest (triangular prism). In general, the more rounded geometries with
fewer sharp corners are shown to wrinkle less significantly and thus are more formable, as
seen from Figure 3.13 and Figure 3.14 for the double dome and the hemisphere. In particular,
shapes with more sharp corners (e.g. the tetrahedron and the triangular prism) are more likely
to require larger amounts of fabric shear, meaning they are more likely to exceed the fabric’s
critical shear angle leading to macroscale shear wrinkling (Figure 3.7). However, as shown
by Krieger et al. [31] for two biaxial NCFs, the extent of shearing over a geometry without
circular symmetry is also dependent on the relative orientation of the fabric with the geometry.
Figure 3.13d highlights that sharp-edged geometries are shown to cause larger compressive
strains on the fabric surface, which have been correlated with mesoscale wrinkles. However,
based on observation in Figure 3.5 and Figure 3.7, all the geometries tested result in similar
size mesoscale wrinkles, spread across the negative shear regions. Thus, as long as any amount
of tow compression occurs in regions where buckling is not restricted, mesoscale wrinkles are
likely to develop.

3.4.5 Optimisation of wrinkling

The results from this study suggest that locally controlling forming process conditions could
improve the formability of NCFs and minimise macroscale wrinkling by addressing local
variations in deformation behaviour. This optimisation can be done at either the design stage or
at the preforming process stage.

At the design stage, selecting a biaxial NCF with the stitching not parallel to the shearing di-
rection and optimising the geometry to minimise sharp corners would help mitigate macroscale
wrinkling. When the stitching is aligned with the shearing direction, local shear resistance
is increased leading to non-shear macroscale wrinkles (Figure 3.15b), and thus other fabric
architectures are preferred (e.g. a 0°/90° biaxial NCF). Furthermore, more rounded geometries
in this study are shown to result in smaller wrinkles and reduced shear than those with sharper
corners (Figure 3.13). Finally, although not explored in this study, the layup in multi-layer
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forming and the relative orientation of the ply relative to the tool geometry are expected to have
a significant effect on wrinkling through variations in frictional behaviour [103] and local shear
behaviour [97].

At the process stage, optimisation of the blank holder force application and locally control-
ling the shear and frictional behaviour are critical for mitigating wrinkling behaviour. Generally,
higher blank holder forces reduce the amplitude of the resultant shear wrinkles [27] by reducing
in-plane shear. However, for NCFs such as the one studied, local shear behaviour should not
be completely restricted during forming so as not to introduce macroscale wrinkles due to
compression in the positive shear regions. Thus the BHF should be delicately optimised and
ideally be locally varied around the fabric to avoid any adverse effects and control local shear
behaviour [102]. Alternative promising techniques for locally controlling shear behaviour
include applying local resin patches [106] and the additional of risers at certain key locations
around the blank [104]. Finally, controlling the inter-NCF frictional behaviour, which can
significantly exacerbate resultant wrinkles, can be done by adding metal sheets in between each
NCF in the layup and actively vibrating these sheets [102].

3.4.6 Benefits and limitations of method

While the experimental approach taken has many benefits such as allowing wrinkling-strain
relationships to be investigated and providing validation data for forming simulations, it has
some limitations that should be addressed. Firstly, the 3D-DIC cameras are only able to track
parts of the blank that are originally visible to them (shown in Figure 3.2) and thus no data can
be obtained on the sections of the fabric that are initially under the blank holder, resulting in
the visualised surface decreasing in size throughout the process (e.g. in Figure 3.8a). Secondly,
due to limited depth of the field of the cameras and because the speckle pattern starts breaking
down in certain regions due to excess in-plane shear, some data loss can occur at large punch
displacements (e.g. for the tetrahedron in Figure 3.13). Thirdly, while the effect of the speckle
pattern has been minimised to as large an extent as possible, the graphite sprayed onto the
fabric to provide a speckle pattern does still have some effect (see Appendix C), as also shown
by Harrison et al. [50]. Finally, because it is a visual approach, it can only be employed in open
mould forming arrangements where the top ply is visible and is unable to track plies below the
top surface (e.g. in multi-ply forming cases).

Although it is expected that the forming results represent the general behaviour of this
NCF, the particular test conditions and setup used for the forming tests (Figure 3.2) can have a
certain influence on the development of wrinkles on the NCF during preforming. In particular,
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key variables that could have a certain influence are the blank holder force (affecting wrinkle
amplitude), the alignment of the punch geometry (affecting the location of wrinkles), the inner
fillet radius of the top blank holder (affecting in-plane shearing) and the material of the top and
bottom blank holders (affecting frictional conditions). Comparison of the measured shear angle
distribution on the fabric with an alternative hemispherical forming setup for the same NCF
[16], suggest that the results are comparable and the aforementioned factors are minimal, at
least in terms of shear. Finally, in contrast to [16], the open mould setup in this study changes
the appearance of mesoscale wrinkles in particular as they develop out-of-plane instead of
in-plane.

The wrinkling characterisation approach in Figure 3.14 is useful in identifying five key
parameters that contribute towards the three types of wrinkles identified, including their severity
and extent in the case of macroscale wrinkles. This allows for comparisons between the four
geometries to be made. However, this is approach is somewhat limited in that single values
cannot necessarily convey the exact wrinkling behaviour and the parameters do not capture
the extent of mesoscale wrinkles, which cannot be accurately measured using the presented
method.

3.5 Conclusions

This study leads to the following conclusions:
• The 3D-DIC approach can be successfully used to characterise the development of

wrinkling during forming and relate the wrinkling behaviour to the strains in the fabric.

• The linear stitch-strain relationship in ±45° biaxial NCFs controls their deformation and
wrinkling behaviour, leading to both macroscale and mesoscale wrinkles.

• Typically, textile reinforcements deform via in-plane shear but, as is shown for this NCF,
they also can deform via material draw-in when the shearing of the fabric is restricted.

• Macroscale wrinkles occur in textile reinforcements during forming via two competing
mechanisms, depending on the local shear resistance of the fabric: lateral tow compres-
sion at fabric shear lockup (macroscale shear wrinkling) and lateral fabric compression
(macroscale non-shear wrinkling).

• For this NCF, macroscale non-shear wrinkles, occurring in the regions of minimal shear,
are shown to be severe and in more critical locations than macroscale shear wrinkles.
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• In forming situations where the fabric’s local shear resistance is high, using the maximum
shear angle in the fabric (relative to the locking angle) is not a suitable indicator of
wrinkling onset or severity.

• The severity of wrinkling defects during press forming of this biaxial NCF with a
pillar stitch is shown to be highly influenced by component geometry but the wrinkling
mechanisms of a particular fabric are shown to be independent of geometry.

Building on the conclusions, it is imperative that the effect of tool geometry on wrinkling
is further investigated for other geometries beyond those used here in order to gain more
confidence in the conclusions made and a more fundamental understanding of how wrinkling
severity is affected by particular geometrical features. However, experimental testing of all
possible geometry variations is clearly not practically feasible due to high tooling costs. Thus,
simulation-based approaches, that incorporate the wrinkling mechanisms highlighted in this
chapter are necessary for a more exhaustive study of the effect of tool geometry on wrinkling
severity. This will be attempted in Chapter 5.



Chapter 4

Characterisation of wrinkling variability

4.1 Introduction

As highlighted in Chapter 2, the wrinkling of textile reinforcements has been shown to be
subject to significant variability: unexpected differences in wrinkling under identically designed
production protocols. This variability was also noted in the forming experiments of Chapter 3,
where representative wrinkle amplitude values are used to obtain more consistent trends in
wrinkle growth (Subsection 3.2.2) and yet noticeable variations in wrinkle amplitude between
repeated samples are observed throughout the forming process (Figure 3.8). This variability
detrimentally impacts experimental studies into fabric wrinkling as well as makes the validation
of wrinkling models more challenging. However, there has yet to be investigations looking
into quantitatively characterising this wrinkling variability. This variability is a function of
the material variability and the preforming process variability. As summarised in Chapter 2,
previous studies have only considered the as-produced variability of the undeformed fabric
material but have not tried to measure the variability in the resultant preform, which is subject
to change based on preforming conditions. In order to address this, the specific objectives of
this chapter are as follows:

• To develop a novel variability calculation method that can decouple the wrinkling vari-
ability of fabrics in terms of wrinkle amplitude and wrinkle location.

• To apply this variability calculation method to characterise the experimental variability
in the wrinkling defects of a preformed biaxial NCF compared against other materials,
and with contrasting preforming conditions and layups.
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4.2 Materials and methods

4.2.1 Material characterisation

The three materials used in this study are characterised in Table 4.1: specifically a biaxial carbon
fibre NCF (referred to in this chapter as ‘Bi-NCF’), a triaxial carbon fibre NCF (‘Tri-NCF’) and
standard printing paper (‘paper’). In a contrast to the biaxial NCF, the Tri-NCF was selected
due to its poor formability and its tendency for severe wrinkling [25], which would allow the
wrinkling variability method to be thoroughly evaluated. Additionally, the paper was selected as
a second comparison as it lacks the predefined structure of NCFs and thus it is expected to form
large wrinkles in a nonuniform and unconstrained manner. It then allows an examination into
the effect of the fabric architecture on wrinkling variability. The Bi-NCF and the Tri-NCF are
both manufactured by Hexcel, under the trade names ‘FCIM359’ and ‘FCIM358’, respectively.
They have the same polyester pillar-chain stitching and a similar fabric architecture except
for an additional layer of tows along the 0° (stitch) direction and the 45° and −45° directions
being flipped. As a result of the added layer, the Tri-NCF is more than 1.5 times heavier and
thicker than the Bi-NCF. The paper is lighter and thinner than both fabrics with an areal weight
of 164 gm−2 and a thickness of 0.2 mm.

All the three materials are cut into circular samples of 380 mm in diameter using a rotary
cutter and Perspex template, similarly to [25]. The paper is cut from A1 size sheets, controlling
for the machine direction of each sheet, while the fabrics are cut from 1.6 m wide production
rolls. Each sample is then applied with a speckle pattern to be compatible with the 3D-DIC
system used for capturing the wrinkled surface. In the case of the paper, the speckle pattern is
applied using solely a graphite spray, while for the fabrics, a graphite spray is used to make
a black base layer that removes any reflections from the carbon, before a flaw detector spray
is used to apply the white speckles. The detailed method for speckle pattern application is
described in Appendix C.
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Table 4.1 Characterisation of the three materials used in this study: a biaxial NCF (‘Bi-NCF’),
a triaxial NCF (‘Tri-NCF’) and standard printing paper (‘paper’).

Material name
Biaxial NCF
(‘Bi-NCF’)

Triaxial NCF
(‘Tri-NCF’)

Paper

Commercial name Hexcel ‘FCIM359’ Hexcel ‘FCIM358’ N/A
Thickness/mm
(± 0.01 mm)

0.51 0.89 0.2

Areal weight /g m−2 441 ± 22 749 ± 38 164
Tow orientations/° -45/45 45/0/-45 N/A

Fibre material Carbon fibre Carbon fibre Cellulose
Stitch material Texturised polyester Texturised polyester N/A

Stitch type Pillar Pillar N/A

Front/back of material

20 mm 20 mm 20 mm

4.2.2 Experimental forming method and wrinkle calculation

The forming tests, from which the variability data is derived, are all carried out using the
forming rig shown in Figure 4.1a, using the same method detailed in Chapter 3, with the values
and uncertainties in process parameters shown in Table 4.2. The wrinkle amplitude surface at
the end of forming is calculated using the approach detailed in Chapter 3, that compares the
deviation from the ideal formed shape along the surface normal in order to calculate absolute
wrinkle amplitude (|aw|) across the fabric surface. Before the wrinkle amplitudes are calculated,
the fabric coordinates at the end of forming are used to fit a surface on a square grid of size 300
mm × 300 mm with 1 mm spacing using gridfit [145]. The fabric surface edges are bounded
to the outermost tracked (x,y) fabric coordinates using the boundary function in MATLAB. A
summary of this wrinkle calculation method is given in Figure 4.1b.
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Fig. 4.1 Experimental setup and wrinkle calculation method: a) experimental rig used for
preforming process, consisting of a preforming rig and a 3D-DIC system, and b) wrinkle
amplitude surface calculation method based on data acquired from the 3D-DIC system. Note
that

−→
d f refers the outward displacement vectors from the reference surface to the fabric surface

and −→nr refers to the outwardly normal vectors of the reference surface. The setup and calculation
method are the same as used in Chapter 3.
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Table 4.2 The process parameters associated with the experimental rig and the preforming
process, including the uncertainty associated with each of them.

Process parameter/unit Value (±)

Circular sample diameter/mm 380 ± 1
Forming speed/mm s−1 1 ± 0.01

Hemispherical punch radius/mm 75 ± 0.01
Maximum forming height/mm 75 ± 0.1

Blank holder force/N (59 – 179) ± 1
Circular top blank holder inner diameter/mm 180 ± 1 or 287 ± 1
Circular bottom blank holder diameter/mm 287 ± 1

4.2.3 Sources of variability and variability control during preforming
tests

The proposed experimental preforming method consists of multiple sources of potential wrinkle
variability that need to be closely controlled and minimised, such that any variability in
the preforms can be primarily accounted for by the material variability and the preforming
variability, which are of primary interest in this study. Table 4.3 provides a description of all
the sources of variability identified for this experimental method, their relative potential effect
on variability (evaluated on the scale 1-3 where 3 is the maximum relative effect) as well as
the control techniques introduced to minimise these effects and their effectiveness (evaluated
on the scale 1-3 where 3 is maximum variability control effectiveness). Based on this, it is
suggested that the potential effect of all the controlled sources of variability are minimised such
that they are unlikely to contribute significantly towards the observed wrinkling variability.

The controlled sources of variability associated with the preforming process (Table 4.3)
relate to cutting each sample as well as placing and loading each sample into the forming rig.
As these steps are done manually during testing, which increases the potential for variability
[120], stringent control measures are implemented in order to mitigate potential effects, with
consistency between samples verified at each stage. For example, the mass of each cut sample
is measured and ensured that this is within the fabric areal weight production tolerance (5%) of
the expected mass of 50.01 g for the Bi-NCF. It was found that all the Bi-NCF samples were
within 1% of the expected mass.

The 3D-DIC measurement used to capture the wrinkled shape of the fabric introduces
additional sources of variability, namely the required speckle pattern application and the
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inherent error in tracking positions using DIC, and these need to be suitably controlled as
well (Table 4.3). With regards to the speckle pattern application, it is important that the
potential effects of the graphite spray on fabric deformation and bending stiffness, as previously
highlighted by Harrison et al. [50], are minimised. This is achieved by accurate control of
the spray process (see Table 4.3) and through careful optimisation to minimise the amount of
graphite applied (see Appendix C). To evaluate the effect and variability of the application, the
speckled samples are weighed and the added mass determined. For the Bi-NCF samples tested
in this study, the mean added mass from the speckle pattern was 0.53 g, corresponding to a 1%
increase in mass, still falling within production tolerances. However, some variability in the
spraying is noted with a standard deviation of 0.21 g in the added mass, which is due to the
manual application of the spray.

Additionally, the DIC approach is subject to some variability in its accuracy as previously
noted by, for example, Alsayednoor et al. [146], who found that the strain accuracy is particu-
larly dependent on the selection of suitable facet size, which needs to be large enough to be
easy to track while also small enough to capture the heterogeneity of the displacement fields at
the right length scale. For this investigation, the facet size was selected to be 26 pixels, while
facet separation is set to 20 pixels, resulting in a pixel side length of 0.1 mm. This meant that
the resolution was fine enough to capture the fabric’s macroscale wrinkles of interest, while
also not losing track of the deformed fabric at the end of forming. Additionally, the strain
measurements from this 3D-DIC system and experimental preforming setup were previously
validated by comparison to direct measurement using a Vernier caliper, with differences in
strains being within the uncertainty of direct measurement (see Table 3.3 in Chapter 3). For full
details of the DIC system (GOM ARAMIS 12M) and the specific experimental DIC parameters,
refer to Table 3.2 in Chapter 3.
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Table 4.3 Sources of potential variability at each stage of the experimental preforming setup,
including both the sources associated with the preforming process (‘Process’) and the 3D-DIC
method (‘Measurement’). The sources related to the process are divided into ‘uncontrolled’
(those that are investigated) and ‘controlled’ (those that are mitigated) sources while the sources
related to measurement are all controlled. The techniques used to mitigate the effects of the
controlled sources are detailed under ‘Control technique(s)’. The effect on variability (‘Effect’)
and the control effectiveness (‘Control’) columns are evaluated on a scale from 1 to 3 where 3
is the maximum relative effect or effectiveness.

Type
Process

step
Variability source(s) Potential effect(s)

Effect
(E) [1,3]

Control technique(s)
Control
(C) [1,3]

E-C

Pr
oc

es
s

(u
nc

on
tr

ol
le

d) Material
produc-

tion

• Tolerances in fibre
production

• Tolerances in fabric
assembly

• Irregular fibre tow
orientations

• Variations in sample mass 3

• Not controlled – investigated
in study N/A 3

Material
forming

• Deformation modes
• Dynamic effects
• Frictional behaviour

• Changes in preformed shape
• Changes in wrinkle

behaviour 3

• Not controlled – investigated
in study N/A 3

Pr
oc

es
s

(c
on

tr
ol

le
d)

Sample
cutting

• Sample dimensions
• Variations in sample

dimensions and/or geometry
• Variation in sample mass 1

• Use cutting template to get
consistent geometry

• Apply weights onto template
to prevent sliding

3 -2

Sample
cutting

• Lateral alignment of
template

• Variations in fibre tow
locations on the sample 1

• Using stitching as guide
when aligning cutting
template

• Apply weights onto template
to prevent sliding

3 -2

Sample
place-
ment

• Alignment of sample
relative to blank holder

• Variations in initial fibre tow
orientations 1

• Use the fixed grooves on
blank holder to align stitch
direction

• Use ruler and protractor to
ensure correct rotation

3 -2

Sample
loading

• Inconsistent weight loading
• Irregular blank holder force

application 1

• Avoid local loading
variations between the 4
weight hooks on the weight
ring

2 -1

Sample
loading

• Inconsistent weight ring
alignment

• Irregular blank holder force
application 1

• Place weight ring on blank
holder such that the
opposing hooks are directly
in line with the fixed grooves

1 0

M
ea

su
re

m
en

t(
co

nt
ro

lle
d)

Speckle
pattern
applica-

tion

• Irregular or excessive
application of graphite

• Local variations in sample
mass

• Local variations in bending
behaviour

2

• Using spray can gun to
control spray pressure

• Keep spraying distance
consistent at 500 mm

3 -1

Digital
image
correla-

tion

• Fabric coordinate
measurement subject to
errors

• 3D tracking calibration

• Inconsistent tracking of
fabric coordinates between
samples

• Variations in wrinkle
amplitudes

1

• Optimisation of facet size to
maximise accuracy of fabric
tracking

• Validation of strain
measurements from DIC

3 -2
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4.2.4 Outline of testing
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Fig. 4.2 Outline of the experimental testing conducted to investigate the effect of varying the
material, process parameters and layup on the wrinkling variability after preforming. These
tests are all compared relative to the prescribed reference (‘Ref’) case for the forming of a single
ply of a biaxial NCF (‘Bi-NCF’) with a blank holder force of 101 N and forming diameter
of 180 mm. For each variation relative to the reference, the forming test is repeated 7 or 8
times (16 for the paper) under those particular conditions in order to characterise the wrinkling
variability for that sample set. Note that the forming diameter (d f ) is defined as the inner
diameter of the circular top blank holder while the ply contact angle (θpc) is defined as the
initial angle between the fibre tows on the top layer of bottom NCF (2t) and the bottom layer of
top NCF (1b).

As outlined in Figure 4.2, the variability of the wrinkling behaviour during preforming is
explored with regards to three key areas: the effect of process parameters, materials and layup.
For each area, two particular changes are explored with the respect to the reference (‘Ref’) case
of a single Bi-NCF is formed with a blank holder force (BHF) of 101 N, a forming diameter
(d f ) of 180 mm, with the stitching (0°) direction aligned along the global X direction (see
Figure 4.1a). For process parameters, four different blank holder forces (BHF = 61 N, 101 N,
141 N and 179 N) and two forming diameters (inner diameter of the top blank holder: d f =
180 mm and 287 mm) are explored. In terms of investigating forming material effects, two
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contrasting materials (Tri-NCF and paper) are compared against the Bi-NCF. For the paper, to
discount the potential effect of forming anisotropy [147], 8 tests each are conducted with the
paper ‘grain direction’ (along the long edge of the sheet) parallel and perpendicular to the global
X direction, with these samples all compared against each other within one sample set of 16
samples. Finally, the effect of the layup is investigated by comparing the single-layer Bi-NCF
forming to two-layer Bi-NCF forming, with the initial orientation of the second, bottom NCF
at four different angles relative to the fixed top NCF (ply contact angle (θpc) = 0°, 30°, 60° and
90°).

All forming tests are conducted with a hemispherical punch made of modelling board with a
radius 75 mm, a circular Perspex blank holder, a forming speed of 1 mm s−1 and a total forming
height of 75 mm. For full details regarding the forming test procedure, refer to Appendix B.
For each sample set, the forming test is repeated 7 or 8 (16 for the paper) times. The results
from these are then used to characterise the wrinkling variability within that sample set using
the approach outlined in Subsection 4.2.5.

4.2.5 Method for wrinkling variability characterisation

The novel method for characterising the variability in wrinkle amplitude and wrinkle location
is outlined in Figure 4.3. The method is used to calculate the magnitude differences between
every possible pair in a wrinkle surface sample set. A sample set is defined as a set of
experimental samples of the same material that have been formed under the same prescribed
forming conditions. The variability characterisation method is implemented in MATLAB,
taking advantage of the Image Processing Toolbox. As the surfaces are compared as images,
the method is generalisable to any type of surface data and this surface data can be acquired via
any feasible method.



Characterisation of wrinkling variability 82

Sample set of wrinkle surfaces
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Fig. 4.3 Outline of wrinkling variability calculation method for a given sample set of wrinkle
surfaces from repeated forming tests: a) calculation of the wrinkle amplitude difference between
each wrinkle surface pair to characterise wrinkle amplitude variability, and b) calculation of the
wrinkle location difference between each wrinkle surface pair to characterise wrinkle location
variability.
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Wrinkle amplitude variability

Figure 4.3a outlines the calculation of the wrinkle amplitude difference, ∆aw, which charac-
terises the variability in wrinkle amplitude:

1. The wrinkle surface pairs are converted to grayscale images and the intensity scaled such
that the maximum corresponds to the largest wrinkle amplitude within the entire set:
|aw|max,set .

2. The image pairs are processed through edge detection and filtering to isolate just the
wrinkles in each image.

• Edge detection to identify the edges of the wrinkle surface is done using the Sobel
operator, which identifies the surface edges based on maximum gradients.

• Filtering to isolate just the wrinkles on the surface is done by applying a mask that
locates all image pixels where the intensity equivalent wrinkle amplitude exceeds
a specified filter amplitude. The filter amplitude is chosen to be 1 mm, consistent
with the threshold used for ‘Wrinkle Area’ in Chapter 3.

• All other pixel intensities, beyond these wrinkled regions, are set to NaN.

3. The mean wrinkle amplitude of each image, |aw|, is calculated by converting the mean
intensity in pixels into a mean amplitude in mm:

|aw|[mm] = I ×
|aw|max,set

Imax
(4.1)

where I is the mean intensity of the filtered image and Imax = 255.

4. The absolute difference in the means between the two images is calculated to determine
∆aw (step 4):

∆aw[mm] = ||aw|i −|aw| j| (4.2)

where |aw|i and |aw| j are mean wrinkle amplitudes of the ith and jth images in the sample
set respectively.

The wrinkle amplitude difference is decoupled from the effect of wrinkle location by taking
the mean amplitude of the wrinkles of each image before taking the difference. Note that, for
the generated wrinkle surfaces in the benchmark study (Figure 4.4) where large differences
in wrinkle location are imposed, it was necessary to apply a rigid registration to align the two
images before ∆aw is calculated in order to minimise the fictitious differences in amplitude
arising from representing sinusoidal wrinkles of varying orientations using square pixels.
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To eliminate this error, the wrinkle patterns were first aligned so that the wrinkles and thus
amplitude difference was consistent and as expected.

Wrinkle location variability

Figure 4.3b outlines how the wrinkle location difference, ∆lw, is separately calculated to
characterise the variability in the wrinkle locations:

1. The maximum image intensities between two images are matched by scaling them
independently to the maximum amplitude of each particular sample: |aw|max.

• Additionally, the histograms between the two images are matched using the imhist-

match function to ensure equal intensity distributions.

2. The two images are registered using non-rigid registration in order to determine the
displacement field (D⃗) from one wrinkle surface to another, with the local displacement
vectors corresponding to differences in wrinkle locations in pixels.

• The non-rigid registration is performed using the ‘Demons’ registration algorithm
[148] as implemented in the imregdemons function. This function determines the
displacement field required to align a particular image to be registered (‘moving’)
with a ‘fixed’ reference image.

• For the wrinkle surfaces considered, the optimal parameters for the variables associ-
ated with the imregdemons function, that produce the maximum similarity between
the registered images, were found to be:

– PyramidLevels = 3

– N (number of iterations at each pyramid level): = [200 100 50]

– AccummulatedFieldSmoothing = 1

3. The magnitudes of the displacement field in millimetres, |D⃗|, are determined by con-
verting the Dx and Dy components from pixels to millimetres, and calculating the vector
magnitude:

|D⃗|[mm] =
√
(Dx × c)2 +(Dy × c)2 (4.3)

where c is the conversion factor from pixels to millimetres and equals 1 mm px−1 in this
case.

4. The wrinkle location difference, ∆lw, is calculated by taking the mean of |D⃗|:

∆lw[mm] = |D⃗| (4.4)
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Variability within each sample set

The variability within each sample set is quantified by calculating the mean wrinkle amplitude
difference (∆aw) and the mean wrinkle location difference (∆lw) between all the pairs of that set,
thus describing the overall wrinkling variability under the particular conditions of the sample
set. In addition, the uncertainty in the overall variability is characterised by the sample standard
deviation of the wrinkle amplitude difference (s∆aw) and the wrinkle location difference (s∆lw)
respectively. For experimental measurements, this allows for the spread in the variability
measurements to be evaluated: i.e. how repeatable the observed variability is.

Statistical significance of variability

One-way ANOVA analysis, followed by a multiple comparisons test, is used to evaluate the
statistical significance of differences in variability of all the tested sample sets relative to a
specified reference set. This is done in order to understand whether the imposed change for
that sample set has a significant impact on the observed wrinkling variability or whether the
mean result is within the uncertainty for the reference set. This analysis is completed using
the anova1 and multcompare functions, separately applied to the wrinkle amplitude difference
and wrinkle location difference respectively. The significance level chosen for the multiple
comparisons test to evaluate significance is the 95% confidence interval (p < 0.05).

Benchmark study

In order to validate the variability calculation method and give context to the experimental
results of the study, a series of fictitious benchmark wrinkle surface cases are generated and
their variability calculated against a reference case (Figure 4.4). The benchmark wrinkles
cases (‘Reference’ and Cases 1-9) in Figure 4.4 are all generated using MATLAB and are
loosely based on the hemispherical forming of a biaxial NCF. The ‘Reference’ wrinkle surface
consists of four equal-sized sinusoidal wrinkles, with a maximum absolute amplitude (|aw|max)
of 1 mm and a maximum wrinkle width of 11.25 mm, that are equally positioned around the
circumference of the fabric surface (diameter = 180 mm) such that the wrinkles are all aligned
along the x and y axes. The benchmark cases are all variations on this reference surface with
changes made to the number, the width, the orientation and the amplitude of the wrinkles in
various combinations. The benchmark study additionally aids to assess whether the non-rigid
registration is able to successfully determine the location difference between surfaces with
differing wrinkle patterns. Additional details regarding the wrinkle generator used to create the
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fictitious wrinkle patterns, the reference benchmark wrinkle surface and the validation of the
variability calculation method are provided in Appendix D.

Case 1

Reference

Case 2

Case 3

Case 4 Case 5 Case 6

Case 7

Case 8

Case 9

180 mm

y

x

Fig. 4.4 Benchmark study of the wrinkle variability characterisation method using fictitious
wrinkle patterns: the wrinkle variability of nine generated wrinkle surfaces (Cases 1-9) are
compared against a generated reference wrinkle surface (‘Reference’) with the calculated
wrinkle amplitude differences and wrinkle location differences shown. Each case is specified to
be uniquely different to the reference in terms of the wrinkle pattern, amplitude and/or location.
The results give context to, but are not directly related to, the experimental results in Figure 4.5.
They also validate the decoupling in amplitude and location difference for the proposed method
(shown by Cases 4, 7 and 9).

The benchmark results in Figure 4.4 show that amplitude and location differences calculated
are fully decoupled by the method which produces variability results that are consistent with
what would be expected from observation. The decoupling of ∆aw and ∆lw is confirmed by how
the variability data points of the Reference, Cases 4, 7 and 9 (in Figure 4.4), fall at the corners of
a rectangle. This confirms that the calculated amplitude and location variability components for
the coupled Case 7 are equal to the corresponding components for cases where amplitude (Case
4) or location (Case 9) differences are independently imposed. Additionally, the benchmark
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study shows that the calculated ∆aw and ∆lw are consistent even when the compared wrinkle
patterns are inherently different. For example, Case 1 with twice the number of wrinkles that
are half the size relative to the reference is shown to be very close to the reference in both
amplitude and location (near 0 mm). In comparison, for Case 8 where increased amplitude
and rotation are imposed relative to the surface in Case 1, larger values of ∆aw and ∆lw of
0.225 mm and 19 mm respectively are observed. However, counter-intuitively, the location
difference of Case 3 with no imposed rotation is significantly larger than that of Case 5, which
is both higher in amplitude by 0.25 mm and rotated by 10° relative to the reference. This is
explained by observing that with this imposed rotation, 4 of the 8 wrinkles in Case 5 are already
near-perfectly aligned, meaning no further registration is done between the images.
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4.3 Results

4.3.1 Overview of variability results

b)Max. Wrinkle Amplitude Mean Variability

c)

Example Pair 1 (Ref)

Example Pair 3
(2NCF-30

Example Pair 2 (Paper)

40 mm
40 mm

40 mm

3

0

-3

8

0

-8

4

0

-4

All Variability Data

a)

Fig. 4.5 Overview of the experimental variability results for all the tested sample sets: a) the
mean values of the maximum absolute wrinkle amplitude recorded within each sample set
with the standard deviation shown as error bars, b) the mean (∆) and standard deviation (s) in
wrinkle variability for each sample set, including estimates of the mean and standard deviation
for all the sample sets combined and just all the biaxial NCF (‘Bi-NCF’) sample sets (excluding
‘Tri-NCF’ and paper), and c) all the variability data points measured between samples in each
sample set, based on which the mean values in b) are calculated. Additionally, three example
wrinkle surface pairs are shown in c) for data points at the extremes of the overall distribution.
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To give context to the variability results in Figure 4.5b & c, Figure 4.5a shows the maximum
wrinkle amplitudes for each respective sample set, highlighting some considerable differences
between them. In particular, the largest wrinkles are observed in the Tri-NCF (5.9 mm) and the
paper (7.9 mm) sample sets, while the Bi-NCF sample sets have smaller maximum amplitudes
ranging from 3 mm to 4.5 mm.

The mean and the standard deviation of the data points in each sample set are shown in
Figure 4.5b, highlighting noticeable differences between sample sets and suggesting that the
wrinkle variability in both amplitude and location is sensitive to changes in material, process
conditions and layup. From the sample set with the lowest amplitude variability (‘BHF61’)
to the largest (‘2NCF-60’), ∆aw triples from 0.03 mm to 0.09 mm. Similarly, ∆lw nearly
doubles at the extremes from 3.5 mm to 6.7 mm. The overall mean and standard deviation
for the variability of all the data points is 0.07±0.05 mm in amplitude and 5.2±1.4 mm in
location, while for just the Bi-NCF sample sets the wrinkle amplitude and location variability
are 0.06±0.05 mm and 4.8±1.4 mm respectively.

Figure 4.5c shows that the magnitude of wrinkling amplitude variability observed for
all sample sets ranges from 0 mm to 0.25 mm while the magnitude of the wrinkle location
variability is between 2 mm and 10 mm. Three example surface pairs are shown in Figure 4.5c,
which correlate to data points at three extremes of all the data points, highlighting the differences
that lead to particular amplitude and location variability measurements. Example 1 from the
‘Ref’ sample set, shows two wrinkle surfaces that are visually quite similar and lead to relatively
low values of ∆aw and ∆lw: 0.067 mm and 2.7 mm respectively. Example 2 from the paper
sample set has the largest ∆aw of any two samples at 0.23 mm and this is explained by the
large difference in wrinkle amplitudes in the top-left regions of these samples. Example 3 from
the ‘2NCF-30’ sample set, in contrast, is the data point with the largest ∆lw, which is visually
verified by the two samples having wrinkles in very contrasting locations.

In the subsequent sections, the effect on the variability of specific changes relative to the
reference set will be analysed, with the variability data points and mean values for each set
shown together in the subsequent figures.
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4.3.2 Effect of changing material

As shown in Figure 4.6a, the chosen forming material has a significant effect on wrinkling
variability, with the Bi-NCF (‘Ref’) being the least variable in both amplitude (∆aw = 0.04 mm)
and location (∆lw = 3.7 mm) out of three materials considered. In contrast, the Tri-NCF and
paper are similar in amplitude difference (∆aw = 0.08 mm and ∆aw = 0.09 mm respectively)
while the paper is overall slightly more variable in location (by 0.8 mm) than the Tri-NCF
(5.2 mm). The standard deviation in variability is also the highest for the paper (s∆aw = 0.02
mm and s∆lw = 0.7 mm), which has a significantly larger spread in data points, particularly in
comparison to the reference Bi-NCF case. This suggests that the Bi-NCF is more consistent in
the level of variability observed between repeated samples compared to the other two materials
tested.

Additionally, Figure 4.6b highlights the representative differences in wrinkle patterns for
the three materials with the paper wrinkling all the way around the sample circumference, while
the Bi-NCF and the Tri-NCF both only form wrinkles in particular regions according to the
constraints of their fabric architecture. This could help explain their lower variability compared
to the paper. Furthermore, this gives justification for the higher variability in the Tri-NCF
among the two NCFs as the Bi-NCF only forms significant wrinkles in two locations while the
Tri-NCF forms wrinkles in six separate locations. Finally, as shown in Figure 4.5a, the Bi-NCF
overall exhibits significantly smaller wrinkle amplitudes (|aw|max = 3.2 mm) compared to the
Tri-NCF (|aw|max = 5.9 mm) and the paper (|aw|max = 7.9 mm) and thus has less potential for
variability in wrinkle amplitude.
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b)

a)

Bi-NCF (Ref) Tri-NCF Paper

40 mm

Material

Wrinkle Pattern

Fig. 4.6 a) The wrinkling variability in terms of amplitude difference (∆aw) and location
difference (∆lw) for three different materials at the end of preforming: a biaxial NCF (‘Ref’), a
triaxial NCF and paper. b) The wrinkle amplitude surface shown for each of these materials at
2/3 through the total forming process (punch displacement = 50 mm), showing the distinctly
different wrinkle patterns and respective amplitudes. Note that each data point corresponds to
the difference between a wrinkle surface pair within the sample set and that ∆± s refers to the
mean and standard deviation of the sample set in terms of both ∆aw and ∆lw.
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4.3.3 Effect of forming parameters

Figure 4.7a shows that increasing the blank holder force (BHF) applied during the preforming
process has a negligible effect on the location variability of wrinkling: the mean ∆lw ranging
from 3.5 mm for BHF = 179 N to 4.0 mm for BHF = 61 N. The differences in variability are
within the respective uncertainties for all the four sample sets considered.

In terms of amplitude variability, an increase in ∆aw and a larger uncertainty (s∆aw) is
observed for the two larger BHF sample sets, compared to the two lower BHF sample sets,
suggesting that potentially BHF can increase wrinkle amplitude variability. However, given
that the largest variability is for BHF = 140 N rather than BHF = 179 N suggest that there is
no clear trend. It is possible that these slight differences could be due to the additional bending
moments introduced onto the weight ring (Figure 4.1a) as a result of unbalanced dead-weight
loading. Further work is needed to understand whether these differences in variability become
more significant at larger BHF.

Increasing the forming diameter (d f ) from 180 mm to 287 mm is shown in Figure 4.7b
to have a large effect on the wrinkle location variability. The wrinkle amplitude variability is
also affected but, due to greater uncertainty in the wrinkle amplitude variability, it is not clear
whether this effect is significant. The mean wrinkle location difference (∆lw) nearly doubles
from 3.7 mm for d f = 180 mm to 6.7 mm for d f = 287 mm with a very small uncertainty as
measured by s∆lw . Similarly, ∆aw also doubles from 0.04 mm to 0.08 mm respectively but is
also associated with a doubling in the standard deviation (s∆aw) from 0.01 mm to 0.02 mm. In
any case, this result suggests that when the fabric is less constrained during the preforming
process, there is greater variation and uncertainty in the amplitude and location of the resultant
wrinkle defects, leading to a larger level of unpredictability in the final preforming result. As
such, this result justifies the practice of minimising the distance between the tool and the blank
holder during forming to constrain the deformation of the fabric.
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Fig. 4.7 The effect of changing particular preforming process parameters on the wrinkling
variability, both in terms amplitude (∆aw) and location (∆lw), of a biaxial NCF: a) the effect
of changing the blank holder force (BHF) where BHF = 101 N is the reference (‘Ref’) case,
b) the effect of changing the forming diameter (d f ) where d f = 180 mm is the reference case.
Note that each data point corresponds to the difference between a wrinkle surface pair within
the sample set and that ∆± s refers to the mean and standard deviation of the sample set in
terms of both ∆aw and ∆lw.
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4.3.4 Effect of forming layup

As highlighted in Figure 4.8a, forming two Bi-NCFs simultaneously is more variable in terms
of wrinkle location compared to single-NCF forming (the reference ‘Ref’ case). Comparing
the reference case to the two-NCF case (with θpc = 90° corresponding to two Bi-NCFs in the
same orientation placed atop one another), there is no increase in wrinkle amplitude difference
but there is a noticeable increase in the mean wrinkle location difference (by 1.3 mm) and its
uncertainty (by 0.4 mm). This suggests that the additional inter-ply friction between the NCF
layers has an effect on the variability in the wrinkling defects observed.

In Figure 4.8b, four different ply contact angles (θpc) for the two-NCF layup are considered,
showing that while location variability is similar for all these two-NCF sample sets (between
∆lw = 5−5.7 mm with s∆lw up to 0.7 mm), the mean wrinkle amplitude difference is largest for
θpc = 30° & 60° (∆aw = 0.09 mm for both), which is more than double that of the reference
single-NCF case under the same conditions. However, once the bottom ply is rotated such that
the contacting plies are initially aligned (θpc = 0°), the wrinkling amplitude variability drops
but is still higher than for θpc = 90° and for the reference. This highlights that the wrinkle
amplitude variability that results from this preforming rig is influenced by the particular layup
of the fabric plies. This observation could be due to the additional uncertainty in manually
laying up NCFs at angles that are not perpendicular or parallel to each other (Table 4.3).
However, it is more likely to be due to the inter-ply friction, which varies depending on the
relative tow orientations and thus highly non-uniform and subject to local variability [138, 149].
Additionally, this inter-ply friction has been shown to be strongly linked to additional wrinkling
modes during multi-ply forming, thus contributing to their variability [84].
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Fig. 4.8 The effect of changing the preforming layup on the wrinkling variability, both in terms
amplitude (∆aw) and location (∆lw), of a biaxial NCF: a) the effect of changing the number of
plies in the layup (nply) where nply = 1 is the reference (‘Ref’) case, b) the effect of changing
the forming layup, measured in terms of the ply contact angle (θpc) for two-NCF forming, with
four different θpc (90°, 60°, 30° and 0°) tested with respect to the single-ply (‘Ref’) reference.
Note that each data point corresponds to the difference between a wrinkle surface pair within
the sample set and that ∆± s refers to the mean and standard deviation of the sample set in
terms of both ∆aw and ∆lw.
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4.3.5 Statistical significance of differences between sample sets

As an evaluation of the significance of the changes in wrinkling variability due to the factors
investigated, the one-way analyses of variance (ANOVA1) and multiple comparison tests in
Figure 4.9 present differing results for ∆aw and ∆lw. Only three (shown in red in Figure 4.9c)
out of the 10 sample sets are statistically different in wrinkle amplitude difference (∆aw)
compared to the reference sample set at a 95% confidence level. In comparison, seven of the
sample sets (shown in red in Figure 4.9cd) lead to a statistically significant change in wrinkle
location difference (∆lw) relative to the reference. The only three cases that lead to both a
significant change in ∆aw and ∆lw are the two alternative materials (Tri-NCF and paper) as well
as the two-NCF case with a θpc = 30° (‘2NCF-30’). It is noted that the ‘2NCF-60’ sample
set is also very close to being statistically different in both amplitude and location but is not
significantly different in amplitude to a 95% confidence level, only 92% (p = 0.08). The
two-NCF cases with the tows either perpendicular (‘2NCF-90’) or perpendicular (‘2NCF-0’)
are significantly different to the reference only in location but not in amplitude, suggesting
that the ‘off-axis’ cases are more critical for variability. At a 95% confidence level, the results
also show that BHF has no significant effect on either the amplitude variability or the location
variability of wrinkles. Finally, the results show that while increasing d f results in the largest
and most significant change in wrinkle location relative to the reference out of all the sample
sets, the change in wrinkle amplitude difference is not significant at a 95% confidence level
(p = 0.16). It is important to note that an underlying assumption of the ANOVA analysis is that
the variances in each data set are equal and although this criterion is not explicitly met with
some sets exhibiting larger variance than others (Figure 4.5b), the differences are deemed not
to be significant enough to affect the inferences drawn regarding statistical significance.
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Fig. 4.9 Analysis of the statistical significance of the differences in variability between the
reference (‘Ref’) set and the other sample sets: a) box plot acquired through one-way analysis
of variance (ANOVA1) for the wrinkle amplitude difference (∆aw) for all the surfaces pairs in
each of the sample sets (outliers shown in red), b) box plot acquired through one-way analysis
of variance (ANOVA1) for the wrinkle location difference (∆lw) for all the surfaces pairs in
each of the sample sets (outliers shown in red), c) multiple comparison test for the results from
a) showing the statistical significance of the mean values for each of the sample sets relative
to the reference (in blue), and d) multiple comparison test for the results from b) showing the
statistical significance of the mean values for each of the sample sets relative to the reference (in
blue). Data points in red correspond to a statistically significant difference (at a 95% confidence
interval) compared to the reference, while gray data points are not significant.
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4.4 Discussion

4.4.1 Wrinkle amplitude variability and wrinkle location variability

The experimental variability observed between samples (Figure 4.5) is relatively small, suggest-
ing that the wrinkling variability for the forming process is not large enough to fundamentally
change the wrinkling behaviour observed between samples. The relatively small variability
is shown by the fact that the ∆aw and ∆lw for all experimental cases are 0.07 mm and 5.2 mm
(Figure 4.5b) respectively, and therefore comparable to Cases 1-3 from the benchmark study
(Figure 4.4), which are only different to the reference in their wrinkle patterns. In contrast,
the experimental ∆aw and ∆lw are much less than the calculated variability for Cases 4-9
(Figure 4.4) which have significant amplitude and/or location differences imposed relative to
the reference.

Nevertheless, the measured variability in wrinkling is large enough to suggest that it should
be taken into account during industrial production, particularly in terms of the variation in
wrinkle location. While the mean wrinkle amplitude difference for all the Bi-NCF cases is
only 0.06 mm, relative to a mean |aw|max of 4.3 mm, the mean wrinkle location difference is
4.8 mm, which represents a significant shift in location over a hemisphere tool of radius 75
mm (Figure 4.5). Particularly for the manufacturing of complex components where wrinkles
cannot be avoided and significant wrinkles are directed into a particular location, such a level
of variability could potentially be detrimental to the final component.

Importantly, the study also showed that the level of variability observed is influenced by
the particular material, forming process and the layup configuration, leading to significant
changes in variability, particularly in terms of wrinkle location. Relative to the reference case
for a single Bi-NCF, Figure 4.9 shows that the wrinkle location difference (∆lw) is significantly
affected by changes in forming diameter, material and additional NCFs in the layup, regardless
of the relative orientation of the plies in the layup. Thus this wrinkle location variability is
highly sensitive to changes in the underlying process and should be carefully characterised
for particular preforming setups or processes. In contrast, the wrinkle amplitude difference
(∆aw) is more constant across the various cases tested with only the Tri-NCF, the paper and
one of the multi-NCF forming cases resulting in a significantly larger ∆aw when compared to
the reference (Figure 4.9). Thus it is suggested that, at least for NCFs, the wrinkle amplitude is
less sensitive to variability than the wrinkle location so it is more important to characterise the
severity of the wrinkling and potential changes in location rather than its amplitude variability.
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While the results for variability in this study are presented in absolute terms (in millimetres),
in certain circumstances it could be useful to normalise the wrinkle amplitude difference and
wrinkle location difference and express them as a percentage. Doing this for all the Bi-NCF
cases tested (excluding the Tri-NCF and the paper) and normalising the amplitude difference
(∆aw) relative to the maximum wrinkle amplitude in each sample set (Figure 4.5c), results in a
mean relative amplitude difference of 1.6%. Similarly for the wrinkle location difference, if
normalised relative to the hemispherical punch radius of 75 mm, this results in a mean relative
location difference for all the NCF cases of 6.3%. Normalisation is beneficial to compare the
relative significance of the variations in amplitude and location, which again suggests that the
location variability is more significant.

4.4.2 Factors affecting preforming variability

The particular forming material affects the resultant preforming variability significantly (Fig-
ure 4.9) and the differences in variability between the materials tested are found to be due to
their underlying material architecture. This is evident from the Bi-NCF forming, which results
in less wrinkling variability (Figure 4.6a) and with wrinkles smaller and constrained into fewer
locations on the material surface (Figure 4.6b) compared to the Tri-NCF. Chapter 3 showed
that the two wrinkling regions of the Bi-NCF correspond to the positive shear regions and are
a direct consequence of the NCF fabric architecture. In contrast, due to the additional tow
layer and inter-tow friction, the Tri-NCF has significantly larger wrinkles in six symmetric
locations (Figure 4.6b), still correlated to its architecture (wrinkle locations are approximately
perpendicular to its tow directions (45°/0°/− 45°)). As a result, the Tri-NCF has greater
variability than the Bi-NCF. However, it has lower wrinkle location variability than the paper,
which has no distinctly defined fibre architecture and thus wrinkles all around the circumference
of the sample, resulting in a larger ∆lw and a larger associated uncertainty (s∆lw) (Figure 4.6).

The results show that there is a significant contribution to wrinkling variability from the
preforming process itself, that cannot be accounted for by characterising just the material
variability in the produced roll, as has been done previously by e.g. Skordos and Sutcliffe [112].
Given that the biaxial and triaxial fabrics tested are produced in the same plant, it is likely
that their production tolerances in terms of global material variability are similar (Table 4.1).
Thus their statistically significant differences in wrinkle amplitude and location variability
(Figure 4.9d) are due to their differences in deformation (dictated by their fabric architecture),
becoming evident at the preforming stage.
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The composite component layup also has a significant effect on preforming variability, while
it is also expected that the component geometry would also have an influence on variability.
Figure 4.8 indicates clearly that the addition of a second ply has an effect on preforming
variability and this effect becomes more significant for particular ply contact angles (θpc = 30°
and 60°), suggesting that the layup design, which dictates the relative orientation of the plies,
has a significant influence on the variability observed at the preforming stage. Thus this result
suggests that when textile composite layups are designed, perpendicularly contacting plies
(θpc = 90°) should be prioritised as these result in the lowest amount of wrinkling variability
and thus most confidence in the repeatability of the manufacturing process. However, further
work is needed to concretise this finding for alternative fabrics and for other common ply
contact angles such as θpc = 45°.

In terms of preforming parameters, the results suggest certain parameters have a greater
effect on wrinkling variability than others. This is demonstrated by how the effect of blank
holder force on variability is found to be negligible (Figure 4.7a and Figure 4.9). In contrast, it
is shown that increasing the forming diameter from 180 mm to 287 mm results in a significant
increase in wrinkle location variability (Figure 4.7b and Figure 4.9). However, the latter case of
d f = 287 mm represents a somewhat unrealistic forming situation where there is a large 68.5
mm gap between the tool and the blank holder and this increase in ∆lw is found to be linearly
proportional to the increase in this gap. Therefore, this result supports the established practice
of minimising this gap in industrial preforming processes.

4.4.3 Optimisation for minimal variability

To minimise the variability in wrinkling behaviour of NCFs during forming and make it more
predictable, this study suggests that NCFs with simpler architectures should be prioritised
(fewer tow layers), the forming diameter should be minimised relative to the geometry, and
the contacting tow layers should be laid up parallel or orthogonal where possible. Following
these approaches allows the unpredictability in wrinkling variability to be minimised as much
as possible, allowing for localised approaches for wrinkling mitigation to be more successfully
implemented. Localised approaches have the advantage over global approaches (e.g. modifying
the global BHF) of being able to target just the fabric regions in which defects are likely to
occur, thus improving the effectiveness of the mitigation and reducing the chances of unwanted
effects. Examples of such approaches for local wrinkling mitigation include local resin patches
[106], clamping of individual layers [102], springs to locally vary tension around the blank
[104] and stitch removal [63], which could all be improved via minimising wrinkling variability.
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4.4.4 Implications for wrinkle mitigation with realistic composite layups

The results of this study provide some insights into what the implications are for mitigating
wrinkling and its variability during the manufacturing of realistic composite components using
LCM processes. The wrinkle locations generated for a single layer of Bi-NCF are relatively
low in variability compared to the paper. However, as shown for a two-NCF layup (Figure 4.8),
this variability can be increased with additional NCF layers, with wrinkling becoming more
prominent due to the inter-ply frictional effects [84, 83] and thus more prone to variability, as
the local frictional conditions can vary greatly within the layup. This variation in frictional
conditions is due to the inter-ply friction being highly sensitive to tow orientation [139] and
level of intra-ply shear [103], which both become more non-uniform during the preforming
process. Thus, further study is needed to understand how this wrinkling variability correlates
for more industrially relevant, thicker layups and to better understand the effects of frictional
conditions on variability, with a view to understanding how this variability could be minimised
to achieve repeatable results.

Considering industrial-level manufacturing conditions where multi-NCF layups are required
together with often complex geometries, this study shows that forming in these conditions is
likely to cause significant wrinkling variability and result in production issues. In particular,
the results suggest that layups where the contacting tows are neither parallel nor perpendicular
are more variable in wrinkle amplitude (Figure 4.8b). Thus, given the typical layup design
practices (and component strength requirements) that often require tows to laid up at θpc = 45°,
it is likely that the increase in variability from these layups need to be addressed using further
process adjustments. However, the compounding effect of the different variables has not been
studied here and it is also not clear how the variability would be affected by the addition of more
NCFs to the layup but it is suggested that this will likely create further variability. Furthermore,
each preforming process will have its own additional sources of variability that need to be taken
into account (Table 4.3). Finally, the effect of component geometry on wrinkling variability
should also be investigated given the wide range of geometries that are manufactured in industry
and that the tool geometry has already been shown to have a critical effect on wrinkle patterns
and their severity (Chapter 3). Thus further work is needed to understand the exhaustive
implications for industrial preforming.

4.4.5 Implications for process simulation

Analysing the results presented in this study for wrinkling variability during preforming
suggests that any process simulation attempting to capture the wrinkling behaviour of fabrics
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needs to incorporate some variability within the model, in order to account for the preforming
variability. Stochastic process models incorporate material variability through a characterisation
of the as-produced fabric that is then defined within a Monte Carlo scheme, with Skordos and
Sutcliffe [112] concluding that the measured geometric variability has a significant effect on
the variability of wrinkling due to tow buckling, based on simulating local wrinkling strain.
However, current models that attempt to capture the true shape of fabrics after preforming
[39, 63, 150], have thus far not incorporated any variability within their models, with the
exception of [76]. This is despite it being clear from the work by Thompson et al. [39] that
their predicted wrinkle paths do not exactly align with those achieved from experimental
testing. Incorporating a level of variability or uncertainty in these models would allow for
more confidence in the model’s predictions relative to experimental results. In order to improve
upon this, the previous stochastic characterisation of fibre tow angles could be extended to
incorporate the dimensional and spatial variability of the key parameters associated with the
material and the forming process into existing forming models.

4.4.6 Evaluation of variability characterisation method

The proposed method for variability characterisation has certain strengths that make it useful
for analysing variability in a wide variety of scenarios. In particular, it allows for the charac-
terisation of defect amplitude difference and location difference independently (Figure 4.4),
making the method rather robust and widely applicable. Furthermore, given that the inputs
for variability calculation are grayscale images representing spatial distributions of data, it is
generalisable for use in a variety of contexts. These include other forming cases, other full-field
measurement methods, other sources of data and other defect types. As a result, this method
has a number of potential applications beyond the specific focus of this study.

Firstly, is envisioned that this method can be extended to consider the variability in other
defects or surface parameters that can be measured during the preforming process of fabrics.
These include the shear angle, fibre compression, mesoscale wrinkles etc. On this basis, such
a method could become a benchmarking tool for assessing the repeatability of a particular
preforming setup by quantifying the consistency of repeated tests. This is particularly important
for textile reinforcements, for which previous benchmarking has shown that results from shear
characterisation tests across institutions can vary significantly for the same material [151] due
to variations in equipment.

Secondly, the method can be equally applied when using alternative full-field measurement
methods such as ‘shape-from-focus’ [25] or structured white light scanning [63]. Furthermore,
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the characterisation method can be applied to other forming processes such as double diaphragm
forming or matched tool forming, and to consider the effect of tool geometry on wrinkling
variability.

Finally, the calculation approach could be applied to data from finite element (FE) simula-
tions of the preforming process, allowing investigation of the sensitivity of forming models
in terms of the resultant wrinkles. The latest forming models that include non-linear bending
stiffness of NCFs have been shown to be able to accurately replicate fabric wrinkling behaviour
[63] and additionally Zimmerling et al. [152] have shown how FE forming results can be
represented as 2D grayscale images [152]. Thus such an approach holds a lot of promise to
analyse the robustness and sensitivity of forming results from simulations.

Despite the advantages and potential of the proposed method, it has certain limitations
that should be discussed. Firstly, some error in the calculated ∆aw could occur in cases
where wrinkles are at significantly different locations. This is because the pixelated image
approximations of the surface data change based on the orientation of the surface and so can
result in unexpected differences. From testing on the benchmark reference image (Figure 4.4),
this can result in errors in ∆aw of up to 15% from the expected result. Thus for wrinkle surfaces
that are significantly different in terms of where the wrinkles are located, it is important to
apply a rigid registration to align the images before the amplitude difference is calculated.
This was done in the benchmark study (Figure 4.4) where large rigid transformations were
imposed. While for the experimental cases tested, it was found that this rigid registration made
no difference.

Secondly, although the method is generalisable to any surface data, to achieve accurate
characterisation results, it is necessary that the image registration parameters are optimised for
each particular set of images. Particularly for the calculation of location difference, this ensures
suitable displacement fields and thus accurate values for ∆lw that actually correspond to the
mean distance to map one set of wrinkles to the other.

Additionally, the location difference based on non-rigid registrations has a few potential
limitations. As highlighted by Case 3 and Case 5 of the benchmark study (Figure 4.4), in certain
cases where the surfaces are different in terms of the numbers of wrinkles, the registration will
not give the expected result.

Finally, from analysis using the benchmark cases, it was found that, if the prescribed
difference in wrinkle locations is too large (beyond an imposed pattern rotation of 25°), the non-
rigid registration fails to properly register the two images, resulting in an incorrect displacement
field and thus an unreliable value for ∆lw. The limit of 25° was found to be consistent for a
variety of generated wrinkle surfaces. This suggests that the wrinkle location difference method
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becomes less accurate for cases where the two wrinkle surfaces are highly different in location,
thus potentially limiting it to surfaces with some degree of similarity.

4.4.7 Challenges of variability characterisation

While this study highlights the importance of considering variability within the composite
manufacturing process, it also highlights the associated difficulties with investigating variability.
Firstly, variability in wrinkling is particularly sensitive to the specific material and the forming
process considered, and any changes in these could have a consequential effect on the variability.
Thus it makes comparisons between similar investigations difficult and means that variability is
often considered in qualitative [17], rather than quantitative terms [153].

Additionally, the particular experimental method used to capture the shape of the preforming
fabric can create potential limitations in terms of the accuracy of the variability data and its
usefulness. The limitations of the 3D-DIC approach for wrinkle characterisation have previously
been analysed (Chapter 3) and particularly for variability analysis, it is limited because it cannot
capture the entire fabric shape at the end of forming. Thus, alternative surface capturing
methods applied at the end of forming could provide a more thorough characterisation of the
whole wrinkled surface.

4.5 Conclusions

From the results of this chapter, the following conclusions can be drawn:
• A novel image-based analysis method is able to characterise the variability in both

wrinkle amplitude and wrinkle location for fabrics at the end of preforming.

• The material architecture and the specific layup are shown to have a significant influence
on the wrinkling variability, both in terms of amplitude and location.

• Increasing the gap between the blank holder and the tool geometry significantly increases
the absolute wrinkle location variability in a biaxial NCF.

• Increasing the fibre tow layers in the fabric architecture of an NCF is shown to increase
the variability in amplitude and location of the resultant wrinkles in the preform.

• The wrinkling variability in both amplitude and location of a biaxial NCF is shown to be
lower compared to paper formed under the same conditions.
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• Forming two biaxial NCF layers is shown to be statistically more variable in wrinkling
than a single biaxial NCF formed under the same conditions.

• The proposed variability characterisation method has the potential to be applied as a
benchmarking tool to characterise process defects in a wide variety of scenarios.



Chapter 5

Rapid prediction of fabric wrinkling for a
given tool geometry

5.1 Introduction

The recent development of deep learning networks called ‘fully convolutional networks’ (FCNs)
have considerable potential for use as surrogate models in improving aspects of composites
manufacturing, including for the mitigation of wrinkling defects during the preforming process.

As previously discussed in Chapter 2, a key factor affecting the presence of wrinkling
defects in the resultant preform is the geometrical features of the tool over which the fabric
layup is formed [17] but this factor has also been largely overlooked in the literature in favour
of investigating factors that can be modified at the preforming process stage. However, it
has been noted that the geometrically-induced wrinkling cannot be mitigated solely through
changes to the preforming process and conditions [154]. Hence, it is critical that design
for manufacture principles are implemented into the composite component design process
along with the development of functional tools that can predict the effect on the manufactured
component of particular changes to the geometry.

Furthermore, as summarised in Chapter 2, existing simulation tools for predicting the forma-
bility of a fabric layup over a given geometry are not suitable for design optimisation. They are
either too simplistic to accurately capture the occurrence of wrinkles or too computationally
costly to produce the rapid results necessary for optimisation purposes.

Deep learning surrogate models offer an attractive solution that could, in theory, provide
the low computational cost of kinematic or simplistic mechanistic models while maintaining a
level of accuracy comparable to the ‘parent’ model that it was trained on (Figure 5.1). Thus
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such a model could be feasibly used for the iterative optimisation of a preforming process for
minimal wrinkling defects.
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Fig. 5.1 A schematic of the accuracy of wrinkle prediction versus the computational cost
for various modelling approaches. The grey models represent the conventional modelling
approaches that require a higher computational cost to achieve higher accuracy. In contrast, the
deep learning surrogate models (in yellow), have the potential of achieving very high accuracy
with low computational cost.

While a surrogate model can be trained to make predictions for any set of variables, the
aforementioned gap in understanding regarding the effect of tool geometry on wrinkling
motivates the development of a surrogate model for predicting the wrinkling behaviour for a
given tool geometry. This is because the model development process also provides an avenue
for gaining further insight into the relationship between the component geometry and the
resultant wrinkle after preforming.

As a result of the above, the specific objectives of this chapter are the following:
• To develop a deep learning surrogate model to rapidly predict the wrinkling severity for

a given convex tool geometry during double diaphragm forming for a biaxial NCF.
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• Based on the simulated data used to develop the surrogate model, to investigate the
relationship between geometrical characteristics of the tool geometry and the severity of
wrinkling.

The chapter is arranged as follows: firstly, a short literature review, that extends upon Chapter 2,
is presented to provide context to deep learning neural networks and surrogate models, and
to further motivate the objectives. Secondly, the method for developing the deep learning
surrogate model and for assessing the effect of tool geometry is outlined, before the results of
the investigation are presented. The chapter ends with a discussion of the results and some
conclusions.

5.2 Literature review: deep learning neural networks

5.2.1 Background to neural networks

Artificial neural networks (ANN) are computer-based networks made up of sequentially con-
nected neurons that are inspired by the workings of the human brain. They typically fit within
the domain of deep learning, which is a subfield of machine learning, all of which sits within
the larger domain of artificial intelligence [155]. ANNs consist of multiple layers with an input
layer, output layer and a number of hidden layers whose weights are progressively optimised
during the training of the network such that they learn the relationship between given inputs and
outputs. This represents a type of supervised learning where the network is given a particular
output and is used to solve regression or classification problems, whereas in unsupervised

learning only input data is provided and this is used to solve association and clustering prob-
lems. The key difference between deep learning and machine learning is that in deep learning
the features to be extracted from the input data are not predefined by the user but learned by
the algorithm, thus making it more powerful than machine learning tools for solving complex
problems where the significant features are not self-evident [156]. Deep learning ANNs differ
in structure from machine learning ANNs by having more than one hidden layer, with typically
a larger number of layers resulting in higher predictive performance. For an examination of the
different types of machine learning beyond ANNs, refer to the review by Chauhan and Singh
[157].

Deep convolutional neural networks (CNNs) differ primarily from other ANNs by being
designed to be used with image-based data, as first proposed by LeCun et al. [158] in 1998.
CNNs typically consist of successive convolution layers (identifying key features in data),
pooling layers (reducing data dimensions based on key features) in various arrangements
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and end with a fully connected layer that provides the probability of the given input image
belonging to each of the pre-defined set of classes [155]. The layers of the CNN are sometimes
collectively referred to as an ‘encoder’ (Figure 5.2). A key feature of CNNs is that with each
successive network layer the resolution (length and height) of the feature maps gets smaller
as the input images are broken down into finer features with the resulting output (after the
classifier - Figure 5.2) being a scalar from which the most probable class can be inferred.
CNNs have found a multitude of applications with their most common use being for image
classification [159]: classifying images into particular classes. For example in Figure 5.2, the
CNN is able to identify that the input image is likely to contain a dog or a cat.

FCN

Encoder Decoder Classifier

CNN

Encoder
{Dog}

or
{Cat}

Classifier

Input Output

Pixel-wise 
Prediction

Dog
Cat

Background

Fig. 5.2 A diagram highlighting the differences in structure and utility between a convolutional
neural network (CNN) and a fully convolutional network (FCN). Both networks are fed an
input image of a dog and a cat, with the CNN being able to associate the image with the labels
‘Dog’ or ‘Cat’ (image classification) while the FCN can locate and label the positions of the
dog and the cat within the image (image segmentation). Images adapted from [160].

Fully convolutional networks (FCNs) are an extension of CNNs that have images at both
the input and the output (Figure 5.2) and were first introduced by Long et al. [161] in 2015.
In addition to the initial ‘encoder’ part from the CNN, these networks include an additional
‘decoder’ (also called the ‘upscaling’ or the ‘deconvolutional’ phase). Within the decoder,
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the initial operations are reversed (often mirrored) to then obtain equal-sized image(s) at the
output of the network [162]. As a result, there is typically a one-to-one connection between
the input image pixels and the output image pixels [163]. The input images are first broken
down into high-level feature representations before the decoder interprets these features to
generate a pixel-wise prediction at the output. Several variants of FCNs have been proposed
and these will be discussed in Subsection 5.2.2. These networks have been particularly used for
image segmentation [164]: to divide images into patches of particular features. For example in
Figure 5.2, the FCN is able to identify the outlines of the dog and the cat from the background
of the image. This image segmentation capability of FCNs has various real life engineering
applications, including for improving the capabilities of autonomous vehicles for detecting
features on the road based on video footage [165]. When used without a classifier (Figure 5.2),
the pixel-wise predictions of FCNs have also been shown to be particularly suited for use as
image-based surrogate models that learn the phenomenological relationships between pairs
of (input, output) images that have been derived from a physically relevant model [152, 166].
Based on this capability, an FCN-based surrogate model is developed for wrinkling prediction
in this chapter.

5.2.2 Development of FCNs for image segmentation

Since their initial introduction in 2015 [161], various FCN architectures have been proposed,
each attempting to improve upon what came previously. The original FCN by Long et al. [161]
was the first work to convert an existing CNN structure for pixel-wise prediction and thus it
opened up a whole new avenue of possibilities for deep learning networks and their applications.
It also introduced skip connections into the network for improved predictive capabilities.
However, this initial network lacked any real deconvolution (transposed convolution) layers,
making use of an upsampling layer instead, and thus its performance for image segmentation
was insufficient [159]. Noh et al. [167] improved upon this by developing the ‘DeconvNet’,
an FCN that added a deconvolutional phase, made up of deconvolution layers and unpooling
layers, to the end of an existing CNN (‘VGG16 - [168]), creating the mirrored structure that
is now a common feature of most FCNs. Recently, a less memory-intensive version of [167]
was developed by Badrinarayanan et al. [169] and called ‘SegNet’. This network removes the
superfluous fully connected layers between the convolutional and deconvolutional phase of
[167], thus reducing the number of trainable parameters by 90% and thus improving model
efficiency.
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An alternative mirrored network structure that became very popular and spawned various
iterations, is the ‘UNet’, developed by Ronneberger et al. [170]. This network consists of
a mirrored convolutional-deconvolutional network similar to [167] but additionally contains
the skip connections from [161], that transmit higher level context information between the
convolution and deconvolution layers, thus resulting in a ‘U’ shaped network structure. This
network has inspired a number of modified and more complex networks including the ‘ResUNet’
[171], the ‘ResUNet++’ [172], the ‘ResUNet-a’ [173] and the ‘Res-SE-UNet’ [166]. The key
addition in all of these networks is the addition of residual (‘Res’) units to create a mapping
between the inputs and outputs of each convolution/deconvolution layer. These residual
units have been shown to improve learning capability in certain cases, particularly for deeper
networks [174].

While these more advanced and deeper FCNs have been developed in recent years for the
task of image segmentation, it does not necessarily mean that these should be automatically
selected for a particular alternative application. In fact, it is suggested that the networks perform
the best when they are only as complex as the corresponding application [155]. In the case of
preforming prediction, it was previously found that a simpler version of the ‘DeconvNet’ was
sufficient for shear angle predictions [152] and thus based on this, a similar network architecture
is utilised in this work for wrinkle prediction, taking into account key features from both the
‘DeconvNet’ and the ‘SegNet’.

5.2.3 Applications of neural networks for composites

The use of deep learning neural networks such as FCNs is being more widely considered
within the composites community, with potential uses for improving manufacturing processes
and designing components for better manufacturability. This fast-growing attention towards
using these networks for addressing some of the unresolved problems in the field is enabled
by the increasing amount of data collected throughout industry [156], the continual increases
in computing power for generating simulated data and the increased network training speeds
provided by GPUs [175].

As reviewed thoroughly by Wang et al. [156], deep learning has huge potential for improving
manufacturing in various ways: for example, through automated defect detection. Sacco
et al. [176] showed that an FCN could be successfully used for pixel-wise classification of
defects during the automated fibre placement (AFP) process: giving the exact size, shape
and location of defects on any component. They also proved that such a solution could be
easily integrated within the AFP process software, making it a feasible reality for the industrial
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operator. However, they also estimated that more than 1000 images of defects will be needed
to achieve sufficient accuracy such that operator intervention is not necessary. Given that
this translates to hundreds of scrapped components, generating such a dataset experimentally
becomes very costly. This points to one of the drawbacks of using FCNs for defect identification:
they require large amounts of data from defective samples to be effective and producing these
samples is expensive and thus not necessarily industrially viable [156].

While using FCNs for defect monitoring is limited by expensive data, within component
design there is tremendous potential to apply deep learning tools to reduce the likelihood of
defects in the first place through optimisation based on manufacturing outcomes. A key way
that FCNs can enable this design optimisation is through using them as surrogate models to
phenomenologically replicate the results of high-fidelity models and therefore significantly
reduce the computational cost of repeated predictions. For example, rapid topology optimisation
of structures has been shown to be feasible using such an approach, with Banga et al. [177]
reporting reductions in overall computation time of up to 40% while maintaining similar levels
of accuracy compared to physics-based modelling. Gu et al. [178] additionally showed how
neural networks could be incorporated within an efficient optimisation scheme to optimise
the geometric design of composites for maximum theoretical strength and toughness. Similar
approaches could equally be used to optimise designs for minimal manufacturing defects and
thus maximise the final as-manufactured strength of components.

Deep learning surrogate models also have significant potential for improving the fabric
preforming process, for which process optimisation has typically been limited to the use of
simple models [92, 104] that do not sufficiently capture physics of fabric deformation, in
particular wrinkling formation. The pioneers in applying FCNs to composite forming are
Zimmerling et al. [152], who showed that a surrogate FCN could be trained based on 9000
generated geometries to predict the shear angle distributions of a woven fabric formed over
a given tool geometry. This work was novel because it incorporated predictions of full shear
strain fields rather single scalar values of their previous work [179, 180], making it much more
powerful and useful tool for engineers compared to using scalar-based optimisation. They later
extended this work to perform an optimisation of the variable gripper forces [141], material
draw-in [181] to achieve optimal shear angle patterns as well as using such a surrogate model
to optimise component design [107]. However, in terms of formability and defect prediction,
the accuracy of their proposed surrogate models are still limited by either the use of a kinematic
forming model for training [152] and/or the reliance on the shear locking angle for identifying
the onset of wrinkles [107]. As explained in Chapter 2, the shear locking angle is not a sufficient
predictor of shear wrinkling in regions of significant shear [55] and as shown in Chapter 3, it
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cannot predict the non-shear wrinkling of in regions of restricted shear. Furthermore, it can give
no indication of wrinkling severity, which is crucial for complex geometries where wrinkling
cannot be fully avoided. Hence for a more suitable surrogate model, the physically relevant
wrinkling patterns should be simulated directly instead and used to train the model. In this
chapter, such an FCN-based surrogate model for predicting the wrinkle pattern for a given tool
geometry is developed.

5.2.4 Using neural networks to investigate effect of tool geometry

Machine learning approaches have allowed breakthroughs in developing new ways to investigate
the geometrical effects on defect development during manufacturing. As an example in sheet
metal forming, Wang and Cao [99] were able to develop a feed-forward neural network for
predicting the possibility of wrinkling from a set of geometrical variables. Additionally and
more recently, Hamouche and Loukaides [100] trained various deep neural networks to identify
the best metal forming process for a given geometry based on a description of the component’s
mean and Gauss curvature.

In terms of the effect of geometry on composites fabric forming in particular, the investiga-
tions by Zimmerling et al. [152, 107] are the most relevant but these are insufficient in a critical
way. In [152] they employ a geometry parametrisation scheme, made up of six independent
parameters, to generate a set of 9000 convex shapes with varying topologies to represent the
tool geometry in forming while in [107], they use a similar approach to generate various doubly
curved corner features within a larger component. However, the derived understanding from
these studies about how geometry influences formability is limited because no characterisation
of geometries (e.g. of their surface curvatures) is carried out to understand how these charac-
teristics relate to the resultant forming behaviour. Particularly when considering thousands
of geometries, this would allow a more fundamental understanding of the geometrical effects
and the potential development of design guidelines. To address this limitation, in this work all
the generated geometries are characterised and these characteristics are linked to the resultant
wrinkling severity to assess their effect.
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5.3 Material, process and FE model

This investigation is conducted using a large dataset of simulated data, based on forming
a layup of biaxial NCFs via the double diaphragm forming (DDF) process over a range of
tool geometries. This dataset is used to investigate the effect of tool geometry on wrinkling
as well as to develop the deep learning surrogate model. While there are no experimental
tests conducted in this study, the finite element model used to model the DDF process has
previously been validated using an analogous experimental forming rig [57, 45]. The details of
the material, the process and the FE model are outlined below.

5.3.1 Material, layup and forming process

The fabric material that is investigated in this study is outlined in Table 5.1. It is a carbon fibre
biaxial ±45° NCF with a pillar stitch (‘FCIM-359’, manufactured by Hexcel), for which the
effect of geometry was previously investigated experimentally in Chapter 3.

Table 5.1 Details related to the material used in this chapter: a biaxial ±45° non-crimp fabric
(NCF) manufactured by Hexcel. *The thickness of this NCF was previously measured to be
0.51 mm in Chapter 4 but the lower value of 0.4 mm is used here to be consistent with previous
modelling efforts using this material at the University of Nottingham [16].

Fabric

Type Biaxial NCF
Commercial name Hexcel ‘FCIM359’

Thickness/mm (± 0.01 mm) 0.4*
Areal weight (GSM)/ g m−2 441 ± 22

Tow orientation/° -45/45
Fibre material Carbon fibre
Stitch material Texturised polyester

Stitch type Pillar

Front/back of fabric

20 mm
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For the purposes of this numerical investigation, two plies of this NCF with square sample
dimensions of 200 mm × 200 mm and a layup of [0°/90°,0°/90°] are used (Table 5.2). The
bottom NCF closest to the tool is referred to as ‘NCF1’ while the top NCF of the layup is
referred to as ‘NCF2’. The pillar stitching on the plies is orientated such that it is at 45° to the
global X direction (see Table 5.2). A two-layer NCF layup is chosen, in this case, in order to
better replicate realistic forming situations where the interply frictional effects are included,
that have been found to have a significant effect on wrinkling behaviour and severity [84].

Table 5.2 Details related to the fabric layup that is investigated in this chapter and how the
non-crimp fabric (NCF) plies within the layup relate to the forming tool. The NCF ply closest
to the tool is referred to as ‘NCF1’, while the other ply is referred to as ‘NCF2’. The ‘0’
direction corresponds to stitch direction, while the ‘1’ and ‘2’ directions correspond to the fibre
tow directions.

Layup

Layup/° [0/90,0/90]
Sample size/mm × mm 200 × 200

Sample shape Square
Stitch orientation (relative to the

global X direction)/°
45

Representation of the layup
relative to the tool

y x
z

NCF1

NCF2

Tool

1 (0°)

0 (45°)

2 (90°)
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Table 5.3 Details related to the double diaphragm forming process that is simulated in this
chapter, including a diagram highlighting the key components and dimensions of the process.

Forming process

Forming process type Double diaphragm forming (DDF)
Vacuum pressure/kPa 100
Diaphragm material Stretchlon HT-350 (thermoplastic)

Diaphragm thickness/mm 0.08
Base dimensions/m × m 1.8 × 1.5

Diagram of forming process

z

x
100 
kPa

Tool

Top
Diaphragm

Bottom
Diaphragm

Fabric
Layup

1.8 m

Base

As outlined in Table 5.3, the forming process that is investigated in this study is the double
diaphragm forming (DFF) process. The dimensions of the simulated process are based on
the laboratory scale DDF rig with dimensions of 1.8 m × 1.5 m, which was developed at the
University of Nottingham. Further details regarding the specifics of this rig can be found in
[38]. The diaphragm material used is the ‘Stretchlon HT-350’, made of thermoplastic and with
a thickness of 0.08 mm. The maximum vacuum pressure imposed onto the plies during the
process is 100 kPa. As the focus of this investigation is on the effect of the tool geometry on
wrinkling, the tool geometry used to form this layup is variable but in order to allow for a
more effective comparison between geometrical features, the forming height of the tool is kept
constant at 50 mm. Male tooling is used specifically because previous analysis has shown that
using male tooling rather than female tooling during DDF is more likely to result in wrinkling
[182], which is the defect of interest in this investigation. All other parameters related to
the forming process beyond the shape of the tool geometry are kept constant throughout the
investigation.
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5.3.2 Finite element model

Table 5.4 Key details relating to the macroscale material model used to describe the biaxial
non-crimp fabric within the finite element (FE) forming simulation of the double diaphragm
forming process. For additional information related to the FE forming model, refer to [45].

Material model used in FE forming model

Type Superimposed shell-membrane macroscale model

Abaqus subroutine VFABRIC

In-plane/out-of-plane decoupling

Achieved via decomposing each NCF ply into 3 layers using

Abaqus ‘composites layup’ [63]:

Layer 1: out-of-plane bending

Layer 2: in-plane tension and shear

Layer 3: out-of-plane bending

Layer 2 element type Membrane - M3D4R

Layer 1 and 3 element type Shell - S4R

Element edge size/mm 3

Fabric thickness/mm 0.4

Volumetric density/kg m−3 1200

Tensile modulus/GPa 3

Shear behaviour: asymmetric
Normalised shear force (Fnorm in

N m−1) as a function of shear angle

(γ in radians)

Fnorm = Fyarn +Fstitch [16]

Fyarn is the shear force due to the

fibre yarns/N m−1 Fyarn = 29.56γ5 +5.56γ4 +137.07γ3 +94.73γ2 +112.19γ

Fstitch is the shear force due to the

stitching/N m−1 Fstitch =


2000γ −120 if 0.06 ≤ γ ≤ 0.50

−3520γ −2640 if 0.50 ≤ γ ≤ 0.75

0 otherwise

Bending: linear, non-orthogonal
Bending stiffness per unit width

along fibre direction (B f i)/Nm
0.00228

The development of a surrogate model for wrinkling prediction necessitates the use of a ‘parent’
model from which the expected output (‘ground truth’) data for a given input can be obtained
and used to determine the phenomenological relationship between the input and the output.
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Different finite element modelling techniques for capturing the wrinkling behaviour of textile
reinforcements were reviewed in Chapter 2 and based on this, an established hypoelastic
macroscale material model of the biaxial NCF forming using superimposed shell-membrane
elements is chosen to provide the ground truth wrinkling behaviour for this investigation
[63, 45, 57]. The key details of this material model are outlined in Table 5.4.

The membrane-based fabric material model was initially developed by Chen et al. [16]
and this model was extended by Yu et al. [63] to include superimposed shell elements to
model the fabric’s bending stiffness. The model is implemented in Abaqus/Explicit with the
non-orthogonality of the fabric captured via the ‘VFABRIC’ subroutine. Reduced quadrilateral
elements (M3D4R and S4R) of element edge size of 3 mm are used for the fabric. This mesh
size was found to be sufficient for modelling the forming behaviour of this NCF through mesh
sensitivity studies performed previously by Chen et al. [16] and Yu et al. [45]. The decoupled
in-plane and out-of-plane behaviour of the fabric model, achieved through the use of Abaqus
‘composites layup’, ensures that the large shear stiffness and relatively low bending stiffness of
the NCF can be accurately captured [63]. The asymmetric in-plane shear material behaviour
was previously characterised through a picture frame test and implemented into the model
through polynomial functions that combine the shear behaviour of the carbon fibre yarns and
the polyester stitch respectively (Table 5.4) [16].

The thermoplastic diaphragm material (from Table 5.3) was previously characterised using
uniaxial tensile, equibiaxial tensile and planar shear tests [45]. The two diaphgrams in the
process are modelled using a Marlow material model based on this experimental data, with
reduced quadrilateral shell elements (S4R) used for meshing them [45]. The element size for
the shell elements is varied between 3 mm and 7.5 mm, with the smaller 3 mm elements used in
regions where diaphragms are in contact with the layup and the tool. For more details regarding
the diaphragm characterisation and modelling, refer to [45].

The contact interactions between the fabrics and the diaphragms are modelled using the
Abaqus penalty contact algorithm with Coulomb friction [45]. The friction coefficients used
have been derived experimentally by Yu et al. [45] and are 0.51, 0.40 and 0.36 respectively for
the tool-diaphragm, fabric-diaphragm and fabric-fabric interfaces.

The shell-membrane model has been experimentally validated for both the press forming
[57] and double diaphragm forming processes [45]. Additionally, it has been shown to be able
to capture the two distinct wrinkling mechanisms in positive and negative shear for this ±45°
NCF [57].

While both non-linear and linear bending stiffness characterisations for this model have
been proposed [57], with the non-linear characterisation achieving improved accuracy, a linear
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model is adopted here for the sake of computational efficiency with the linear bending model
being 25% faster. This is justified because in this study, thousands of simulations are run
using this model and thus this reduces the total run-time of the simulations by several weeks.
Additionally, although achieving sufficient accuracy of the wrinkling behaviour is important to
allow for comparisons of the tool geometry effect, the surrogate modelling method proposed is
equally applicable to be used with any ‘parent’ model and the choice of the model does not
affect the validation of the surrogate modelling approach for wrinkling prediction.

For this investigation, the bending stiffness of the NCF is modelled with a constant bending
stiffness per unit width along the fibre direction (B f i) of 0.00228 Nm (Table 5.4). This B f i value
used for this study is 40% lower than the mean experimentally derived value of 0.0035 Nm for
this NCF (based on the cantilever test - [57]) but since they of the same order of magnitude,
this does not drastically change the wrinkling behaviour [65]. Based on a direct comparison of
simulations using the two values of B f i, it was found there was on average a 10% difference in
wrinkling severity using the lower B f i value with the wrinkles somewhat exaggerated but the
patterns comparable. Thus using the lower value allows for any trends related to the effect of
geometry to be more clearly identified without compromising the validity of the observations.

Within this explicit simulation, the quasi-static double diaphragm forming process is
modelled as three distinct steps: (1) applying pressure on the diaphragms, (2) moving the tool
relative to the fabric layup and (3) removing the pressure on the bottom diaphragm to force
the fabric layup to form over the tool [45]. Different levels of mass scaling are used in each
step to reduce the overall computational cost. In the first step, a fixed mass scaling factor of
10000 is used, while this factor is reduced to 200 and 20 for steps 2 and 3 respectively. The
actual forming of the layup and thus the formation of wrinkles occurs in step 3. Therefore the
reduced mass scaling factor in this step minimises the potential of dynamic effects impacting
the formed fabric shape. Previous analysis by Yu et al. [45] has shown that the kinetic energy
of the simulation remains below 5% of the total strain energy throughout and thus the effect of
the mass scaling on the forming result can be concluded to be negligible.
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5.4 Method
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Fig. 5.3 Outline of the method for the development of the deep learning surrogate model for
wrinkle prediction. The method consists of four key stages: a) geometry data generation, b)
forming data generation, c) data pre-processing and d) model training and evaluation.

The method for the development of the deep learning (DL) surrogate model for rapid wrinkle
prediction is outlined in Figure 5.3, consisting of four key stages:

a) Tool geometry generation (Subsection 5.4.1): generating and characterising a large set of
varying tool geometries.

b) Forming data generation (Subsection 5.4.2): simulating the forming of NCF layup over
each tool geometry using the finite element model to obtain fabric positional data from
which the ground truth wrinkle data can be obtained.

c) Data pre-processing (Subsection 5.4.3): processing the geometry and wrinkling data into
2D grayscale images that are suitable to train a deep learning model.

d) Model training and evaluation (Subsection 5.4.4): training the deep learning network and
evaluating its performance relative to the ground truth finite element simulation.
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Each of these stages is further detailed in this section. As well as the resulting deep
learning model, by characterising each generated geometry based on a number of geometrical
characteristics, it allows the generalised effect of the tool geometry to be investigated by
comparing the characteristics against the severity of the obtained wrinkled patterns.

5.4.1 Geometry data generation

Geometry data generation is the first stage of the method in which the sampled geometry
space for this investigation is created. Thus it determines the range of geometries that are
used as input data to train the deep learning surrogate model and also to investigate the effect
of geometry on wrinkling severity. This stage consists of generating a large set of differing
tool geometries, characterising each of these geometries, filtering out all geometries that are
unsuitable for forming and filleting the edges of the suitable geometries. In the end, 1818
suitable geometries are taken forward to the next stage of wrinkle data generation.

Tool geometry generation

= 
50 mm

Y
X

Z

n-sided PolygonEllipse

a) Male Tool Geometry Generator

Top

Middle

Bottom

b) Examples from 10,000 Geometry Set

Lofting
through

polygons

Fig. 5.4 a) Outline of the code-based geometry generator used to generate the geometry set of
male (globally convex) geometries and b) examples of geometries from the initial set of 10,000
geometries.
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Table 5.5 Outline of the variable input parameters used for the geometry generator and the
corresponding parameter ranges. The ranges are manually selected for each parameter while
the combinations of parameter values for each geometry are randomly assigned from these
ranges, subject to certain conditions (eqs. (5.1) to (5.3)). The referenced ellipses and polygons
are defined in Figure 5.4a.

Symbol/unit Description Parameter range

n Sides (number of sides for each polygon) [3, 4, 5, 6, 8, 10, 30, 50]

ht /mm
Top height (height between top and middle

polygon)
[1,2. . . 30]

a/mm Bottom ellipse major axis [50,51. . . 99,100]

b/mm Bottom ellipse minor axis [50,51. . . 99,100]

c/mm Middle ellipse major axis [25,26. . . 99,100]

d/mm Middle ellipse minor axis [25,26. . . 99,100]

e/mm Top ellipse major axis [0.25. . . 100]

f /mm Top ellipse minor axis [0.25. . . 100]

g Top ellipse/middle ellipse length ratio [1/100, 1/10,1/4,1/2,3/4,7/8,1]

θ1/°
Bottom polygon rotation anticlockwise

relative to x axis
[-90,-45,0,45,90]

θ2/°
Middle polygon rotation anticlockwise

relative to x axis
[-90,-45,-30,-15,0,15, 30, 45, 90]

∆x & ∆y/mm
Middle polygon shift in x and y, relative to

centre of bottom polygon
[-18.75. . . 18.75]

In order to meet the significant data requirements for deep learning models and to be able to
gather sufficient data for analysis of the relation between geometries and wrinkling, a rapid
method for generating a large number of different geometries is necessary. A code-based CAD
geometry generator is developed (Figure 5.4a) and used to generate an initial set of 10,000 male
tool geometries (Figure 5.4b). The generator is loosely inspired by previous works of [107, 152]
but differs in its implementation and sampling. As shown in Figure 5.4a, the generator consists
of three polygons that are fitted within ellipses and then lofted together through their vertices.
The number of polygon sides (n), major and minor axes of each ellipse (a, b, c, d, e, f ),
the relative height between them (ht) and their relative rotation (θ1,θ2,) and lateral shift (∆x,
∆y) are all modifiable parameters (Table 5.5), This allows the generation of vastly different
geometries, as shown by the examples in Figure 5.4b. Note that the same n is used for the
three polygons within one geometry in order to ensure they can be successfully lofted together.
Furthermore, the overall height of the tool (h) geometry is kept at constant at 50 mm (as was
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done in [107]) in order to accommodate more direct comparisons between geometrical features
in terms of the resulting wrinkling behaviour. The generator is implemented in a Python script
using the parametric CAD module ‘CadQuery’ (v 2.0), based on the PythonOCC development
framework [183].

For generating the initial geometry set of 10,000 geometries, a semi-random approach
for input parameter selection is utilised, with each parameter value randomly picked from
within manually specified parameter ranges that are outlined in Table 5.5. The parameter
ranges are selected so as to produce the widest possible distribution of geometry characteristics
(Figure 5.4.1). A simple random sampling approach is preferred to a parametric approach
that considers every possible combination of parameters because it allows for a larger breadth
of combinations to be covered within a fewer total number of geometries. While a more
robust random sampling method - ‘latin hypercube sampling’ (LHS) - has previously been
used [152, 166] to sample the parameter space, it was found not to improve the distribution of
geometrical characteristics in the generated geometry set (Figure 5.6) and thus not employed
in this case. This is partly because LHS assumes that all input parameters are independent of
each other [184] (which does not apply in this case), and because the input parameters do not
directly correlate with the geometrical characteristics (which are of primary interest in this
study).

During the semi-random parameter selection process, the following constraints are imposed
between the 13 input parameters in order to ensure that every geometry has a globally convex
(male) shape (eq. (5.1)), that the top and middle ellipse maintain the same aspect ratio (eq. (5.2))
and that the likelihood of undercuts is minimised (eq. (5.3)):

a ≥ b ≥ c

b ≥ d ≥ f
(5.1)

c
e
= g

d
f
= g

(5.2)

∆x ≤ (a− c)

∆y ≤ (b−d)
(5.3)

However, the presence of undercuts cannot be fully avoided due to the inclusion of relative
twisting and thus any generated shapes with undercuts are removed out at the filtering stage.
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Filtering

Filtering of the geometries is necessary in order to ensure they meet the requirements of the
specific forming process to be simulated. Based on applying the five filters outlined in Table 5.6,
the initial 10,000 geometries are reduced to a final set of 1818 geometries. The filtering metrics
(∆X , ∆Y , ∆Z, Nz,min, rA and θd,min) are defined in Appendix E and are used to identify suitable
geometries from the initial set. To exemplify the filtering process, Figure 5.5 shows examples
in red of rejected geometries corresponding to each of the five filters as well as an example in
green of a geometry that passed all filters.

The five filters are shown to filter out the initial geometry set to differing extents. The dimen-
sions of the ellipses that constitute each geometry are chosen so that they meet automatically
the requirements of the first three filters (Table 5.5) but due to the lofting operation connecting
the polygons in Figure 5.4, it is plausible for these filters to be exceeded as curved edges are
fitted through the polygon vertices. As a result, 301, 308 and 923 geometries are rejected by the
‘max length’, ‘max width’ and ‘max height’ filters respectively (Table 5.6). Furthermore, the
‘sharp points’ filter, as described by a combination of θd,min and rA, eliminates 1025 geometries
(Table 5.6) that are too pointy to be realistically simulated without fabric penetration and could
even lead to piercing the diaphragm during forming trials. However, the most important critical
filter from a forming perspective is the ‘undercuts’ filter that rejected 7779 geometries that have
downward-pointing surfaces (Table 5.6). This is also the most critical filter from a forming
perspective because such geometries cannot be successfully formed without excessive bridging
in the case of DDF or tool collision during matched tool forming [152]. Furthermore, having
no undercuts is required such that the tool geometry can be mapped onto a 2D surface without
loss of detail (see Subsection 5.4.3). In theory, if the minimum z component of all the surface
normal vectors on the geometry (Nz,min) is negative, then the surface contains at least one
undercut region and should be eliminated. However, to account for unrepresentative outliers,
the filter requirement is set at Nz,min >−0.1. Applying all the filters together results in 8288
rejected and 1818 suitable (‘Accepted’) geometries (Table 5.6), with the latter taken forward to
the characterisation stage and subsequent simulation.
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Table 5.6 Details for the five filters used to identify suitable geometries for preforming and
how many geometries were accepted and rejected by each filter, along with summary based on
applying all filters simultaneously. The ()′ notation denotes the complement of the set defined
within the brackets.

Filter
number

Filter name Filter condition Accepted Rejected

1 Max length ∆X ≤ 100 mm 9699 301
2 Max width ∆Y ≤ 100 mm 9692 308
3 Max height ∆Z ≤ 50.1 mm 9077 923
4 Undercuts Nz,min >−0.1 2221 7779
5 Sharp points (θd,min < 45°∩ rA < 0.01)′ 8975 1025

All 1818 8282

2) Exceeds Max
Width

1) Exceeds Max
Length

3) Exceeds Max
Height

4) Has
Undercuts

5) Has Sharp
Points

Passes all filters
= Accepted

Fig. 5.5 Pie chart showing the number of geometries that were accepted and rejected at the
filtering stage. Examples of geometries that were rejected by each of the five filters and one
example of a geometry that passed all filters are shown.
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Characterisation

The characterisation of the accepted tool geometries is necessary to enable the diversity within
the geometries to be evaluated, to categorise them within particular groups and subsequently
to understand how these characteristics correlate with the resultant wrinkling severity. All
of the geometries are characterised based on eight metrics, which are defined in Appendix E.
Figure 5.6 shows the probability density distribution and five-bin histograms across the range
of each metric with example geometries shown for three of the five histogram bins to provide
context. The eight metrics and the associated characteristics (in bold) that have been developed
for the characterisation of the geometries are the following:

• rA (area ratio) (Range: [0,1]) characterises the ‘Area Ratio’ of the geometry with
rA approaching 0 resulting in a pointed geometry while rA equal to 1 is a flat-topped
geometry with vertical sides. Figure 5.6a shows the distribution of rA is concentrated at
the lower end of the range, suggesting more pointed than blunt shapes.

• rV (volume ratio) ([0,1]) characterises the ‘Volume Ratio’ of the geometry relative to its
bounding box and thus describes to what extent the geometry fills out its bounding box,
with a rV = 1 corresponding to a cuboid the same size as the bounding box. Figure 5.6b
shows that most of the geometries are between 0.4 < rV < 0.6, with very few geometries
at the extremes of the distribution.

• θdo/° (mean overall draft angle) ([0,45]) characterises the ‘Conicity’ of the geometry
with a larger draft angle (θdo), for a fixed tool height, corresponding to a more conical
geometry with greater tapering while a θdo approaching to 0 has vertical sides and
thus no draft. As a result, this characteristic is somewhat related to rA, albeit inversely.
Figure 5.6d shows that the geometries are approximately normally distributed with the
mode between 18° and 27° (3rd bin).

• θint /° (mean interior angle) ([60,180]) characterises the ‘Angularity’ of the geometry
with a large θint tending to approximately curved edges in the limit while the smallest
θint = 60° corresponds to a triangular geometry that is distinctly angular. Figure 5.6d
shows that the geometries tend to be more curved than angular with a majority of
geometries in the last two bins. Additionally, the distribution can be seen to be discrete
due to being directly linked to the number of polygon sides (Appendix E)

• |do|/mm (offset distance) ([0,6]) characterises the ‘Asymmetry’ of the geometry with
a larger |do| corresponding to a greater degree of asymmetry. Figure 5.6e shows that
the geometries tend more towards symmetric, which is expected given that excessive
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asymmetry is likely to cause undercuts in the geometry, which were eliminated during
filtering.

• θtt /° (mean true twist angle) ([0,35]) characterises the ‘Tortuosity’ of the geometry with
a larger θtt corresponding to larger relative twist within the geometry. Figure 5.6f shows
that the distribution is discrete and that most geometries have relatively small amounts of
twist (between 0-7°), which is expected given the large number of geometries with large
θint that minimises the true twist and how increasing twist is likely to cause undercuts for
smaller values of θint .

• Hr/mm−1 (representative mean curvature) ([−3.5,1.5]×10−2) characterises the ‘Mean
Curvature’ of the geometry, calculated based on the mode of the local mean curvature
(H) distribution across the geometry surface (see Appendix E). When Hr < 0, the
geometry tends to curve away from the outward surface normals (see the example for bin
1 in Figure 5.6g) while when Hr > 0, the geometry tends to curve towards the outward
surface normals (see the example for bin 5). Based on Figure 5.6g, the majority of
geometries are concentrated in bin 4 between [−0.5,0.5]× 10−2 mm−1 (thus having
minimal mean curvature). Furthermore, there are more negative Hr geometries than
positive Hr geometries, showing that the geometries tend to curve away from the normals.

• Kr/mm−2 (representative Gauss curvature) ([−3.5,1.5]×10−3) characterises the ‘Gauss
Curvature’ of the geometry, is calculated similarly to Hr: based on the mode of the
local Gauss curvature (K) distribution (Appendix E), where K corresponds to the product
of the principal curvatures k1 and k2. Thus when Kr < 0, the sides of the geometry
tend to bulge inwardly, K = 0 describes a single curvature geometry with (k1 or k2 = 0)
and Kr > 0 corresponds to a dome-like shape. The distribution of Kr in Figure 5.6h, is
concentrated around 0 (bin 4) suggesting that although most of the geometries exhibit
some level of double-curvature, there is not a large amount of variability in the extent of
this curvature, with relatively few geometries at the extremes of the range.
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a) Area Ratio

e) Asymmetry

g) Mean Curvature

b) Volume Ratio

d) Angularity

f) Tortuosity

h) Gauss Curvature

c) Conicity

Fig. 5.6 Probability density distributions and 5-bin histograms, based on all suitable 1818 tool
geometries, for all eight geometry characteristics considered: a) Conicity, b) Area Ratio, c)
Volume Ratio, d) Angularity, e) Asymmetry, f) Tortuosity, g) Mean Curvature and h) Gauss
Curvature.
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Filleting

Table 5.7 Details for the automated filleting algorithm used to apply fillets to the tool geometry
edges ahead of the simulation stage.

Type Condition Example
Quantity

(% of total)

Top fillet
only

θd,min < 35°∩θint,min ≥ 135° 747 (41)

Side fillet
only

θint,min < 135°∩θd,min ≥ 35° 48 (3)

Top and
side fillet

θd,min < 35°∩θint,min < 135° 894 (49)

No fillet
(θd,min ≥ 35°∩θint,min ≥ 135°)

∪ f < 1 mm
129 (7)

Engineering components typically have filleted radii in order to minimise stress concentrations.
Thus in order to make the generated geometries as realistic as possible and to minimise contact
penetrations during simulations, a filleting algorithm (detailed in Table 5.7), which determines
whether fillets are required in two key locations of the geometry, is applied to all suitable
geometries. The algorithm is implemented in CadQuery [183], with the fillet radius (r f )
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calculated based on the minor axis length of the top polygon ( f - see Figure 5.4) as follows:

r f =


1, if f

15 < 1
f

15 , if1 ≤ f
15 ≤ 5

5, if f
15 > 5

(5.4)

The minimum draft angle (θd,min) and the minimum interior angle (θint,min), as defined in
Appendix E, are used to identify whether to apply fillets for each geometry in two general
locations of each geometry where fillets might be needed. These two locations are along the
edges of the top polygon (‘top fillet’), or along the lofted edges that connect the polygons (‘side
fillet’) (see Table 5.7). A top fillet is applied if θd,min < 35°, a condition which is empirically
found to correspond to sharp edges for at least one of the top vertices. A side fillet is applied if
θint,min < 135° that likewise suggests that at least one of the lofted edges is sharp. As a result,
the geometries had either a top fillet, a side fillet, both or neither with the quantities for each
category shown in Table 5.7. Most of the geometries required a top fillet (90%) to be applied,
with approximately half (52%) needed a side fillet.

5.4.2 Forming data generation

Using the 1818 suitable geometries generated, the corresponding wrinkle data for each tool
geometry is created by simulating the wrinkling behaviour of a two-NCF layup over each one
during DDF using the FE model detailed in Section 5.3.

Tool meshing

The generated tool geometries need to be meshed in a systematic manner that maintains, as
much as possible, the true topology of each geometry. To achieve this, the meshing approach
detailed in Table 5.8 is applied. This approach consists of using the ‘Free’ meshing algorithm
in Abaqus with a target element side length of 1 mm, and mostly quadrilateral rigid elements
(R3D4) with some triangular elements included in the difficult-to-mesh regions (R3D3). As it is
known that highly distorted elements can cause simulations to abort prematurely, the minimum
interior angle of all the triangular elements (θm,min) is calculated to identify geometries with
highly distorted elements of near-zero area in the mesh. For those geometries for which the
minimum angle (θm,min) is less than 0.1° (5% of all meshed geometries), the virtual topology
that stringently defines the points through which the mesh nodes need to pass through, is
removed and the geometry is re-meshed. While this theoretically reduces the accuracy of the
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mesh in representing the geometry, the fine mesh size means that deviations from the true shape
are kept to a minimum (see example in Table 5.8).

Table 5.8 Details for the meshing of the generated tool geometries, including the conditions for
removing the virtual topology of the geometry in cases of highly distorted elements.

Element types R3D4, R3D3
Mesh size/mm 1

Abaqus mesh algorithm Free – advancing front (quad-dominated)

Type Condition Example
Quantity

(% of total)

With virtual topology θm,min ≥ 0.1° 1724 (95)

Without virtual topology θm,min < 0.1° 94 (5)

Optimised simulation process

The running time for one finite element (FE) simulation of the linear bending membrane-shell
model used in this study is on the order of several hours [57] and thus for the efficient simulation
of 1818 geometries, it is important to optimise the simulation process to minimise the total run
time. All the FE simulations are run using a high-end CPU: the Intel i9-10980XE @3.0GHz
with 18 total cores and 64GB of RAM, which is able to at most run 16 simulations in parallel.
Based on this setup, it was determined that the most time-efficient method for simulating
all geometries was to run 16 simulations in parallel using 1 CPU core each, as compared to
running each simulation with 2, 4, 8 or 16 CPUs each with maximum parallelisation (Figure 5.7).
The average runtime for the completed simulations, based on the mass scaling described in
Subsection 5.3.2, was found to be 11.5 h (hours) and all the simulations were completed in just
less than two months (1307 h or 54 d (days)). Out of the 1818 simulations that were attempted,
16 were found to have aborted prematurely and thus those geometries were eliminated at this
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stage from the investigation. The rest of the 1802 simulations are further processed to obtain
the tool height, shear angle and wrinkle amplitude maps for each corresponding tool geometry.

a)

b)

Fig. 5.7 Optimisation of the total runtime for running 1818 finite element forming simulations
with respect to the number of CPU cores used for each simulation: a) the measured runtime for
one forming simulation against the number of cores used, and b) the expected total runtime for
all 1818 simulations, calculated based on the runtime for one simulation (a) and assuming that
a total of 16 CPU cores can be used at any one time.

5.4.3 Data pre-processing

Positional and strain data are extracted from the simulations and processed in MATLAB in
order to obtain sets of grayscale images corresponding to the tool height surfaces, shear angle
surfaces and wrinkle amplitude surfaces respectively for each simulation (Figure 5.8). The
pre-processing stage consists of first calculating the wrinkle amplitudes at each position on the
deformed fabric and then mapping the wrinkling and the corresponding shear angle results back
onto the initially flat, undeformed fabric, such that there is no data loss when these surfaces are
turned into 2D grayscale images. The tool geometry coordinates are translated into a contour
map of the same dimensions as the undeformed fabric and then turned into a grayscale image,
with the local tool height represented by the intensity of the image. The tool height and wrinkle
amplitude images are used to train the deep learning surrogate model and the shear angle
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images are used to compare the wrinkling behaviour in the positive shear (PS) and negative
shear (NS) regions respectively.

a) Tool Height c) Wrinkle Amplitude

50

0

38.8

-38.8

Convert to grayscale
image

Map onto undeformed
fabric

Determine wrinkle-free
reference surface

Calculate local wrinkle 
amplitudes

Map onto undeformed
fabric

Convert to grayscale 
image

b) Shear Angle

Convert to grayscale 
image

Map onto undeformed 
fabric

85.3°

-85.3°

Surrogate Model Dataset

Fig. 5.8 Outline of the method for obtaining grayscale images for the tool height (a), the shear
angle (b) and the wrinkle amplitude (c) from the finite element simulation data. Note that only
the tool height and wrinkle images are used to train the surrogate model.

Wrinkle calculation

The wrinkle amplitude surfaces are calculated based on the same method outlined in Chapter 3
where the wrinkle amplitude (aw) is defined to be the magnitude of the out-of-plane displace-
ment of the deformed fabric surface in the direction of the surface normal of a wrinkle-free
‘reference surface’. The only difference in the method is that now with thousands of varying ge-
ometries for processing, an automated method was developed for determining the wrinkle-free
reference surface (Figure 5.9).
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After the DDF process, the bridging and wrinkling defects are often superimposed on top
of each other and thus it is important for the bridging to be discounted as part of the reference
surface so that all measurements are related to actual fabric wrinkling. The reference surface
(grey in Figure 5.9) is calculated by determining the mean paths of the fabric from the point
at which the fabric breaks away from the tool surface (‘breakaway point’ in Figure 5.9) and
combining this with the sections of the tool geometry that are in contact with the fabric. To find
the mean paths, firstly the mean heights (h) of the deformed fabric around the tool geometry
perimeter for a range of incremental mean radii (r) away from the tool centre are calculated
(see Figure 5.9). Then the paths are found by setting all the fabric heights around the perimeter
at each r equal to h and fitting a 2D surface through these points. This surface containing
the mean paths is combined with the top section of the tool geometry (above the ‘breakaway
point’ in Figure 5.9) and the boundaries of the deformed fabric to obtain the reference surface
for each tool geometry. As a result, the reference surface does not contain any wrinkles as
these have been eliminated by taking the mean fabric heights but the bridging is maintained
by determining the path through these mean heights (as shown in Figure 5.9). The wrinkle
amplitude aw(x,y) surface is then calculated as per eq. (3.1), based on the deformed fabric
surface and the reference surface.

Deformed
fabric surface

Wrinkle
Amplitude
( /mm

Reference
surface

Tool
Geometry

(half,
x-section)

x

z

Bridging

Tool 
centre
(0,0)

Breakaway 
point

Fig. 5.9 Schematic outlining how the wrinkle-free reference surface, that is used to calculate
local wrinkle amplitudes, is obtained automatically for each tool geometry. This reference
surface incorporates the bridging of the fabric from the tool surface so that the bridging can be
decoupled from wrinkling. The wrinkle amplitudes are calculated with respect to the particular
reference surface for each tool geometry and the actual formed fabric surface.
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Mapping onto undeformed fabric

The mapping of the wrinkle amplitudes of the deformed fabric surface onto the undeformed
fabric is necessary to avoid data loss when translated to a 2D grayscale image. This mapping
is inspired by a previous study where this was done for a shear angle distribution [152]. To
achieve the mapping, a linear interpolation is made from the grid coordinates of the deformed
fabric surface to the wrinkle amplitudes of the deformed fabric at each grid coordinate (X ,Y ).
Then this interpolation is applied to the nodal coordinates (x,y,z) of the deformed fabric at the
end of forming to obtain the wrinkle amplitudes at each fabric surface node coordinate (x,y).
Using the nodal information, the wrinkle amplitudes can then be mapped to the initial nodal
positions (xi,yi) to obtain the ‘undeformed’ wrinkle map.

The shear angle (γ) distribution across the NCF surface, is also mapped onto the unde-
formed fabric in a similar way (Figure 5.8b). This allows the shear angle distributions to be
directly compared with the wrinkling behaviour and thus allows the wrinkling severity to be
differentiated based on the wrinkling mechanism.

For the tool geometries, as they do not contain any undercuts, a height map h(x,y) viewed
from above can describe them without any loss of detail [152]. The tool height map is obtained
by fitting a 2D surface through the tool coordinates on a grid the size of the undeformed fabric.

Grayscale image conversion and scaling

The undeformed wrinkle map, shear angle map and tool height map are converted to grayscale
images (see bottom of Figure 5.8) such that the intensity of the image corresponds to the local
wrinkle amplitude (aw), local shear angle (γ) and local tool height (h) respectively. The images
are scaled such that the extremes of the grayscale range, black and white, correspond to the
largest possible values across all the simulations, in order to allow for direct comparisons and
wrinkling severity evaluation based on each image. For the tool height, the limits are constant
between 0 mm (black) and 50 mm (white) and for the shear angle the largest magnitude shear
angle was found to be −85.3° and thus the limits were set at [−85.3,85.3]°. Finally, for the
wrinkle amplitude, the maximum amplitude was found to be 38.8 mm and thus the limits are
set at [−38.8,38.8] mm. The resulting images of size 201 px (pixels) × 201 px are resized to a
size of 256 px × 256 px so that they are compatible with the requirements of CNNs, which
necessitate that image dimensions be multiples of two for best performance.
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Wrinkling metrics

As a result of the equal scaling of the grayscale images and correlation of the intensity with
wrinkle amplitude, the wrinkling severity for each tool can be directly evaluated from these
images based on various metrics. For this work, three wrinkling metrics are used: the maximum
absolute wrinkle amplitude (|aw|max), the wrinkle area (Aw) and the mean absolute wrinkle
amplitude (|aw|). These metrics respectively describe how large the most severe wrinkles are,
how much of the preform are they cover and what is the average size of the wrinkles. Thus,
when used together, the three metrics are able to provide an exhaustive assessment of wrinkling
severity.

The following description outlines how the metrics are calculated: based on the linear
relationship between the local intensities of the image (I(i)) and the wrinkle amplitude at any
given point (aw(i)), the absolute wrinkle amplitude map (|aw(i)|) from each image can be
obtained as follows:

|aw(i)|[mm] = |
2awmax,set

Imax
I(i)−awmax,set | (5.5)

where i is the ith pixel of the image, awmax,set = 38.8 mm and Imax = 255. From this, three
wrinkling metrics can be calculated as follows:

• Max wrinkle amplitude:
|aw|max[mm] = max(|aw(i)|) (5.6)

• Wrinkle area:
Aw[%] =

N|aw(i)|>1mm

N
(5.7)

• Mean wrinkle amplitude:
|aw|[mm] = |aw(i)|>1mm (5.8)

where N|aw(i)|>1mm is the number of pixels with an absolute wrinkle amplitude greater than 1
mm, N is the total number of pixels in the image and |aw(i)|>1mm corresponds to all image
pixels with an absolute wrinkle amplitude greater than 1 mm. These metrics are used to compare
the wrinkling severity between the simulated geometries, to relate the wrinkling severity to
the geometrical characteristics and to evaluate the wrinkling prediction performance of the
surrogate model.
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5.4.4 Model training and evaluation

The final stage of the method consists of splitting the processed data into subsets, selecting a
suitable neural network architecture and training the surrogate model using optimised hyper-
parameters. Subsequently, the wrinkle predictions from the surrogate model are evaluated by
comparing them against the ‘ground truth’ (or expected results) from the finite element model.

Training, test and evaluation sets

The total dataset is divided into two subsets: the training set and the test set. Approximately
90% (1616) of the total dataset (1802) is used for the training set, with 10% of the data reserved
for the test set (186). As the numbered geometries are already ordered randomly based on the
generation process (Subsection 5.4.1), the last 186 geometries chronologically are selected as
the training set, while being representative of the larger training set. The test set is used to
optimise the performance of the model for maximum accuracy, and evaluate the distributions
in model predictions. While it is common to include a third validation set in addition to the
training and test sets [155], in this study, the test and validation sets are combined together in
order to maximise the size of the training set. Also because a separate evaluation set is used,
there is less of a need for a third, unseen validation set for evaluation purposes.

Table 5.9 The respective sizes of the total, training, test and evaluation datasets used with the
surrogate model. Each dataset consists of pairs of tool geometry and wrinkle amplitude images.

Dataset Dataset size (% of total)

Total dataset 1802 (100)
Training set 1616 (90)

Test set 186 (10)
Evaluation set 10

The evaluation set consists of ten realistic benchmark tool geometries, which are shown
in Figure 5.10. Four of these geometries (hemisphere, double dome 1, triangular prism and
tetrahedron) are similar to those used in Chapter 3 for press tool forming with six others also
selected to highlight a wide variety of benchmark geometries, some of which fall outside the
generated geometry space (‘extrapolations’). Like all the generated geometries used for training
and testing, all of the evaluation geometries are scaled to have a maximum height of 50 mm.
Furthermore, all of them are simulated using the FE forming model in order to allow for the
surrogate model predictions to be evaluated relative to the ground truth. This evaluation set
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is used to evaluate the generalisability of the trained model: how well the model can predict
wrinkling for new, previously unseen tool geometries.
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Hemisphere
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Box Double
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Double
Dome 2

Height 
= 50 mm

Fig. 5.10 The 10 geometries, making up the evaluation set, that are used to evaluate the
performance of the deep learning surrogate model.
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Fig. 5.11 Outline of the fully convolutional network (FCN) used for the wrinkling prediction
surrogate model with an example pair of tool geometry and wrinkle pattern images at the input
and output respectively.



Rapid prediction of fabric wrinkling for a given tool geometry 139

Table 5.10 Details relating to the fully convolutional network used for the surrogate model,
including the specific hidden layers (and their quantity) used within the encoder and decoder
stages, the min/max channel sizes, the min/max number of channels and the number of trainable
parameters. Note that ‘px’ refers to pixels.

Network detail Value/description

Type
Fully convolutional

network (FCN)
Input channel size (px × px) 256 × 256

Encoder
16×Conv2D

6×MaxPool2D
16×Relu2D

Fully connected layers None
Minimum channel size (px × px) 8 × 8

Decoder
16×Conv2DTranspose

6×MaxUnpool2D
16×Relu2D

Output channel size (px × px) 256 × 256
Min channels 16
Max channels 512

Trainable parameters 15,705,185

The deconvolutional network architecture utilised for the deep learning model (shown in
Figure 5.11, with additional details in Table 5.10) is developed based on some of the existing,
proven-to-work FCNs architectures reviewed in Section 5.2 for image segmentation. A similar
but shallower deconvolutional network has previously been shown to be fit for purpose for use
as a preforming surrogate model by Zimmerling et al. [152]. The selection and quantity of
particular network layers for best performance is not straightforward as neural networks are
difficult for humans to interpret and thus empirical investigations were conducted to identify
the most optimal network architecture with respect to the most accurate wrinkle predictions.
The architecture is primarily inspired by the ‘DeconvNet’ [167] and the ‘SegNet’ [169], which
are FCN versions of the original ‘VGG16’ CNN [185]. The network consists of the following
key features, with the similarities and differences to these networks highlighted:

• Input and output layer size: a layer size of 256 px × 256 px is used instead of the 224
px × 244 px in [167, 169, 185]. This provides a higher level of detail in each image at
the cost of higher data requirements.
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• Encoder: the encoder, which divides the input image into an increasing number of
smaller feature images, is the same as the ‘VGG16’ from [185] except that an additional
convolution block (3× Conv2D layers, 3× ReLu layers and 1× MaxPool2D layer) has
been added to account for the input larger image size. Furthermore, the initial channel
size is set to 16 instead of 64.

• Fully connected layers: the network contains no fully connected layers as first proposed
by [169] as they found it significantly reduces the number of trainable parameters in the
model and makes it easier to train. Empirically, removing the fully connected layers was
also found to improve the accuracy of the wrinkle predictions.

• Decoder: the decoder, which recreates the output image based on the input feature
images, is the same as the decoder in [169] except that an additional deconvolution block
(3× Conv2DTranspose layers, 3× ReLu layers and 3× MaxUnPool2D layer) has been
added. Furthermore, the channel size in the last block is 16 instead of 64 to make the
decoder structure symmetric to the encoder.

• Batch normalisation: batch normalisation (‘BatchNorm’) layers are often used after
every Conv2D or Conv2DTranspose layer to normalise layer inputs and improve train-
ing speed [186] and thus are included in most conventional FCNs such as [167, 169].
However, these were found empirically to have a detrimental effect on wrinkle pattern
predictions for this application and thus were removed in this network.

The model contains a total of more than 15 million parameters (Table 5.10) that need to be
iteratively trained based on the training set such as to achieve maximum performance on the
test set.

Model performance metrics

The model performance for wrinkling patterns and wrinkling severity is assessed during training
by means of two contrasting metrics (Table 5.11): a global image comparison metric based on
structural image similarity (‘image accuracy’) and a local pixel-based comparison metric based
on the mean wrinkle amplitude difference (‘wrinkle error’).

The ‘image accuracy’ metric is used to holistically assess the model performance during
training and evaluate how well the predicted wrinkle patterns align with the expected patterns
in terms of their shapes and locations. As reviewed by Ding et al. [187], there are a number of
ways to assess the similarity between two images, with the most state-of-the-art methods being
based on neural networks trained on dedicated image datasets. However, these metrics are
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computationally expensive and are trained on real-life photographs and thus not suited for the
grayscale, generated images used in this work. Likewise, error-sensitivity measures such as the
mean absolute error (L1) or the mean squared error (MSE), while easy to calculate and interpret,
have been shown to not correlate with perceived visual quality [188, 187] and are deemed
not suitable for assessing wrinkle patterns because they are too strongly influenced by the
‘non-wrinkle’ background within any particular image. Furthermore, due to their assumption
of pixel independence, they are not able to contextually compare two similar wrinkle patterns
that are somewhat offset relative to each other. Instead, a structural metric, which considers
the image similarity between image features rather than just pixel-wise similarity, is preferred
in this study as it offers an established method for easily assessing the similarity between two
images.

As a result, the ‘image accuracy’ metric chosen in this study is the multi-scale structural
similarity metric (MS−SSIM) [189], which improves upon the default single-scale SSIM [188]
by considering image details at multiple scales. MS−SSIM is calculated as the product of the
relative luminance (l), contrast (c) and structure (s) of two images (x and y), where c and s are
calculated at ‘M’ scales of filtering (by default M = 5):

MS−SSIM = lM(x,y)
M

∑
j=1

c j(x,y)s j(x,y) =
2µxµy

µ2
x +mu2

y +C1

M

∑
j=1

2σxy +C2

σ2
x +σ2

y +C2
(5.9)

where µx/y refers to the mean of either image x or y, σx/y refers to the variance of one image and
σxy is the co-variance of both images. Furthermore, C1 = (K1L)2 and C2 = (K2L)2 where L is
the dynamic range of the image (= 255 for 8-bit image), K1 = 0.01 and K1 = 0.03. In practice,
MS− SSIM is calculated iteratively over patches of the two images using a convolutional
filter with kernel size K (K = 11 by default), with the mean of these reported. MS−SSIM is
implemented as per the ‘PIQ’ metric library [190].

To calculate the ‘image accuracy’, the MS− SSIM is calculated between the ‘predicted’
wrinkle pattern image from the surrogate model and the ‘expected’ wrinkle pattern image from
the finite element model. From empirical testing on the wrinkle pattern predictions, MS−SSIM

was found to be able to discern between highly similar and dissimilar wrinkle patterns, whereas
SSIM was less successful. MS−SSIM conveniently produces a normalised result between 0
and 1, with 1 corresponding to two identical images, making it an easy metric to interpret.

In contrast to the ‘image accuracy’ which assesses globally how well the two wrinkle
pattern images compare, the ‘wrinkle error’ (∆|aw|) metric is used to evaluate how well on
average the model captures the wrinkling severity for a given expected wrinkle pattern. ∆|aw|
is calculated based on the absolute difference in mean wrinkle amplitudes for the predicted (p)
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and expected (e) wrinkle images as follows:

∆|aw|[mm] = ||aw|p −|aw|e| (5.10)

While this metric is similar to just simply taking the mean absolute error of image pixels
(L1), it is different in a key way that makes it a more reliable measure of wrinkling prediction
capability. Namely, the image pixels are filtered out to only include regions of the fabric with
|aw|> 1 mm. Thus the influence of the background pixels is negated, which could otherwise
produce misleading results for the mean amplitude difference. Note that the filtering is applied
before the difference is taken and thus the wrinkled regions are calculated independently for
the predicted and expected wrinkle images. This is a similar approach that was previously used
to quantify the wrinkle amplitude variability in Chapter 4.

Table 5.11 Details relating to the two metrics used to evaluate the performance of the surrogate
model for wrinkle prediction. The ‘image accuracy’ metric is used as the primary metric for
the model hyperparameter optimisation.

Metric Name/unit Range Objective

Image accuracy
Multi-scale structural

similarity index (MS−SSIM)
[0,1] Maximise

Wrinkle error
Mean wrinkle amplitude
difference (∆|aw|)/mm

[0,∞] Minimise

Loss function

A loss function is used to direct the training process towards minimising a particular function.
The loss function drives the optimisation of network parameters during the training process
and thus its selection is crucial for a successful model. Although, in theory, any differentiable
function tending to zero can be used as the loss function, in reality, simpler functions have
become the norm. The most common loss functions used in training deep learning models are
the mean absolute error (LL1) or the mean squared error (LMSE), calculated as follows:

LL1 =
P

∑
i=1

|x1(i)− x2(i)| (5.11)

LMSE =
P

∑
i=1

x1(i)2 − x2(i)2 (5.12)
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where x1 and x2 are the two images to be compared, i is the index of the image pixels and P

is the total number of pixels in each image. Due to its simplicity and robustness, particularly
LMSE has become the default option for most regression optimisation problems [171, 191].
However, the squaring of the error has also been shown to lead the optimisation towards blurred
images [171, 192]. Using LL1 results in no such blurring and it has also previously been shown
to be superior as a loss function in some tasks compared to LMSE [191].

However, Zhao et al. [191] has shown that, while LL1 can achieve good results in terms of
intensity, it can be insufficient for identifying high contrast regions and proposed that superior
results are achieved by combining LL1 with a loss function based on MS−SSIM, LMS−SSIM, as
follows:

LMS−SSIM−L1 = αLMS−SSIM +(1−α)LL1 (5.13)

where
LMS−SSIM = 1− (MS−SSIM) (5.14)

This loss function (LMS−SSIM−L1) is adopted in this work as it was found to achieve superior
image accuracy results over using LMS−SSIM, LL1 or LMSE independently (Appendix F). The
optimal α was found to be 0.4 (Appendix F) but in order to ensure the best performance for the
model, other hyperparameters need to also be chosen carefully.

Model hyperparameters

The hyperparameters related to the deep learning model are selected for maximum accuracy on
the test set (Table 5.12) and then used to train the final optimal model (Figure 5.12). The opti-
misation process is detailed further in Appendix F along with results for each hyperparameter.

Table 5.12 The chosen hyperparameter values for the surrogate model, chosen based on the
optimisation results in Appendix F. Note that ‘early stopping’ refers to stopping the training of
the model when the loss function stops decreasing.

Hyperparameter Value/description

Loss function LMS−SSIM−L1

Alpha (α) 0.4
Learning rate (lr) 2×10−4

Batch size (b) 16
Weight decay (wd) 0

Epochs (ep) Early stopping
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During training, pairs of input (x) and output (y) images are fed to the network in batches
of ‘batch size’ (b - hyperparameter). The input batch of images is forward propagated through
the nodes of the network until a predicted output (ŷ) is obtained used to calculate the loss (L)
relative to the expected output batch of images (y). For this model, the optimal b was found to
be 16. This agrees with previous work showing that lower b results in better model accuracy
over the typical b values employed [193, 194], at the expense of data parallelism and increased
computational time.

After forward propagation, the loss for the batch is then ‘backpropagated’ through the
network in order to calculate the gradients of the node weights with respect to the loss [155].
Based on these gradients, the model weights (parameters) are updated based on a particular opti-
misation algorithm, that aims to minimise the loss with the ‘learning rate’ (lr - hyperparameter)
specifying the step size of this optimisation. In this case, the model is trained using the popular
‘Adam’ algorithm [195] that uses adaptive learning rates to robustly reach a global minimum
based on the initial lr. The initial lr is one of the most important hyperparameters to select,
with too high a lr meaning you do not reach the global minimum and too low a lr meaning the
training is too slow to be effective [196]. Based on Appendix F, the optimal initial lr for this
model was found to be 2×10−4. Additionally, often a penalty function (‘weight decay’) with a
scaling term wd is added to the loss function in order to improve generalisability of the model
and prevent overfitting [197], but for this application, it was found not to improve performance
with wd = 0 being the optimal value for maximum accuracy on the test set (Appendix F).

The above process of forward and backward propagation is repeated in batches for multiple
cycles of all images in the training set (epochs) and thus the final hyperparameter to optimise is
how many epochs (ep) the model should be trained for such that it is neither overfitted (only
performing well on the training set) or underfitted (lower than optimal performance on both
training and test sets). To avoid needing to optimise this, and following accepted convention
[196, 180], an ‘early stopping’ algorithm is used to identify the point at which the loss on the
test no longer reduces over a p number of epochs, where p is selected, in this case, to be 24.

Training of optimal model

The changes in loss function (LMS−SSIM−L1), image accuracy (MS−SSIM) and wrinkle error
(∆|aw|) with training time (epochs) for the final optimised model are shown in Figure 5.12, with
the red line indicating the epoch from which the final ‘optimised’ model parameters are taken.
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b)

c)

a)

Fig. 5.12 The progression in the loss function (c), the ‘image accuracy’ (b) and the ‘wrinkle
error’ (c) over the course of training the optimised surrogate model. One epoch corresponds
to one full cycle of all the images in the training set. The model parameters that were used to
make predictions for the evaluation of the model are from epoch 80 (red line).
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Figure 5.12a shows that the loss converges quite quickly towards an optimal solution, after
which only iterative improvements are made on the test set, while training set loss continues to
decrease further. The early stopping algorithm is activated at around epoch 80 and then the
training continues for another 24 epochs before terminating.

The image accuracy in Figure 5.12b is shown to follow a similar but reverse trend to
the loss, as would be expected as the loss is partially based on 1− (MS− SSIM). The test
set reaches a maximum image accuracy of 0.9, at which it remains for most of the training
period, while the training set achieves a maximum accuracy closer to 1. Although ideally
there would be a smaller gap between the training and test sets in order to achieve better
generalisability, it was found to not be possible to exceed this performance with alternative
networks or hyperparameters (Appendix F), suggesting that this limit could only be surpassed
by improving the underlying dataset, as will be discussed in Section 5.6.

The wrinkle error in Figure 5.12c is shown to change more erratically during training
compared to the image accuracy, which is suggested to be because it is not directly optimised
by the chosen loss function, whereas image accuracy is. However, the wrinkle error is still
shown to reduce with decreasing loss, suggesting some correlation between the two. It reaches
a minimum of around 0.3 mm on the test set but continues to fluctuate around this for the
subsequent epochs. Due to these fluctuations, the epoch at which this wrinkle error is a
minimum in this plateau phase is chosen as the one for which the model performance is
evaluated. Thus, the model parameters at 80 epochs (red line in Figure 5.12) are selected and
used in the results of this chapter.

Wrinkle prediction evaluation

The wrinkle predictions of the optimised model are evaluated both on the test set and the
evaluation set, with the test set used to better understand the distributions in prediction quality
while the evaluation set is used to assess generalisability to new geometries.

In order to quantitatively evaluate how well the model wrinkle predictions (p) compare
with the expected (e) ground truth from the FE simulation, the wrinkling metrics from Subsec-
tion 5.4.3 are applied to both sets of images. The relative wrinkle errors based on each of the
wrinkle metrics are then calculated as follows:

• Max wrinkle error:
∆|aw|max

|aw|max
[%] =

||aw|maxp −|aw|maxe|
|aw|maxe

(5.15)
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• Wrinkle area error:
∆Aw

Aw
[%] =

|Awp −Awe |
Awe

(5.16)

• Mean wrinkle error:
∆|aw|
|aw|

[%] =
||aw|p −|aw|e|

|aw|e
(5.17)

where p corresponds to the predicted image and e corresponds to the expected image. These
error metrics are used to evaluate the predictive capabilities of the deep learning model. Note
that the mean wrinkle error is the relative version of the ‘wrinkle error’ metric introduced
previously in Table 5.11.

In addition to calculating the relative prediction error based on each wrinkle metric, the
coefficient of determination (R2) is calculated to compare how well the predicted values match
up to expected values for each wrinkle metric. Based on fitting a line yp = ye over all predictions
from the test set, R2 for metric y can be found as follows:

R2 = 1− SSres

SStot
= 1− ∑(ye − yp)

∑(ye − yp)
(5.18)

where yp is mean of yp and y = |aw|max, Aw or |aw|.

5.4.5 Wrinkling-geometry correlation

To analyse the effect particular geometrical characteristics of the tool have on the wrinkling
behaviour of the preform, correlation analysis is performed to evaluate the linear coefficient of
correlation (r2) between each characteristic (Figure 5.6) and each wrinkling severity metric.
Additionally, the analysis is separately conducted for the wrinkling behaviour in the positive
shear (PS) and negative shear (NS) regions.

After fitting a line of best fit ỹ = mx+b between a characteristicx, and a wrinkling metric y,
r2 is obtained as follows:

r2 = 1− SSres

SStot
= 1− ∑(y− ỹ)

∑(y− y)
(5.19)

where y is mean of y. As r2 is based upon the best fit line through the data, it provides a
measure of how well the characteristic and wrinkling metric correlate to another, with r2 = 1
corresponding to a perfect linear correlation and r2 = 0 corresponding to no correlation.
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5.5 Results

5.5.1 Typical wrinkling behaviour obtained from FE simulation

a) Tool Height
b) Shear
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Fig. 5.13 Tool height, wrinkle amplitude and shear angle images for one geometry from the
geometry set, shown for both NCF plies (‘NCF1’ and ‘NCF2’) within the layup: a) tool
height image, b) shear angle image, c) overall wrinkle amplitude distribution image, d) wrinkle
amplitude distribution image for just the positive shear (PS) region, and e) wrinkle amplitude
distribution image for just the negative shear (NS) region. The values for the max wrinkle
amplitude (|aw|max), wrinkle area (Aw) and mean wrinkle amplitude (|aw|) are reported under
each wrinkle amplitude image while the maximum (γmax) and minimum (γmin) shear angles are
reported underneath the shear angle images.

Based on the FE simulation results, the formed NCF layup is shown to result in significant
wrinkling of comparable severity in both NCF plies with the largest wrinkles concentrated
typically in the positive shear (PS) region of the fabrics. Figure 5.13 shows the simulated
wrinkle amplitude patterns for the two layers of the NCF layup obtained for one representative
tool geometry (Figure 5.13a), with the corresponding shear angle distribution used to divide the
wrinkle patterns into the wrinkle amplitude in positive shear (PS) and the wrinkle amplitude in
negative shear (NS).
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The shear distribution in Figure 5.13b shows that the simulation successfully captures the
asymmetric shear behaviour, with γmin =−75.9° and γmax = 30.3° for NCF1 (and similar for
NCF2). This asymmetry results from the stitching of the NCF being orientated along the
shear direction and is crucial in explaining the macroscale wrinkling behaviour of this NCF
(Chapter 3). In PS, shearing is limited due to the stitching becoming taut early on in the forming
process and thus this NCF tends to wrinkle via lateral compression, while in NS the NCF
wrinkles via excess shear once the shear locking angle (γl) has been reached.

The wrinkle patterns in Figure 5.13c show that the max wrinkle amplitude is large (|aw|max

= 29.1 and 30.3 mm for NCF1 and NCF2 respectively). Additionally, in spite of the locking
angle for this material (γl = 57°) being exceeded in the NS regions, Figure 5.13d-e show that
the largest wrinkles are located in the PS region with the wrinkles in the NS region being three-
fold smaller in comparison (|aw|max = 9.28 and 29.1 mm for the NS and PS regions of NCF1
respectively). Furthermore, Figure 5.13 suggests that the differences in wrinkling severity
between NCF1 and NCF2 of the layup are rather minimal. Regardless, these observations will
be further investigated in the next section based on all the simulated tool geometries.

5.5.2 Effect of geometry on NCF wrinkling

Global wrinkling distributions

Considering the distributions of three wrinkling characteristics for all 1802 simulated geome-
tries (Figure 5.14) shows that while the extent of wrinkling is consistently similar for the two
NCFs in the layup, the resultant wrinkling severity for both depends significantly on the tool
geometry being formed. The distribution of wrinkling characteristics for the tool geometries is
approximately normally distributed with a large range for all three metrics and both NCFs (Fig-
ure 5.14). The max wrinkle amplitude (|aw|max), plotted in Figure 5.14a, ranges from around
5 mm to 38 mm for all the geometries with a median value between 20−21 mm for both NCFs.
Similarly, the wrinkle area (Aw) distributions for NCF1 and NCF2 in Figure 5.14b are similar in
shape and median value but both extend over a large range (from 5% to 60%). Finally, there is
more a noticeable difference in the mean wrinkle amplitude (|aw|) in Figure 5.14c between the
two NCF plies with the top NCF2 having a median |aw| of 4.1 mm that is 0.6 mm greater than
the bottom NCF1. However, this difference is not deemed significant enough for the two NCF
plies to be treated separately in this study, particularly because the shapes of the distribution
are comparable. Therefore, in the subsequent sections and for the training of the surrogate deep
learning model, only the data relating to NCF1 is used but the findings are equally applicable
to NCF2.
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a) b)

c)

Fig. 5.14 Comparison of the probability density distributions, based on all 1802 simulated tool
geometries, of the wrinkling severity between the two NCFs in the layup (‘NCF1’ and ‘NCF2’):
a) the distribution of the max wrinkle amplitude, b) the distribution of the wrinkle area, and c)
the distribution of the mean wrinkle amplitude. The median values for each distribution are
reported.

Comparison of effect on wrinkling by shear region

As shown in Figure 5.15, the wrinkling of the NCF layup is statistically much more severe
in the PS regions than the NS regions of the fabric for all the tool geometries investigated,
something which can be related back to the two differing wrinkling mechanisms of the fabric.
The mechanisms can be inferred from Figure 5.15a, which shows the maximum absolute shear
angles (|γ|max) in each region relative to the known locking angle (γl) for this NCF [16]. This
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shows that the shear locking angle is predominantly exceeded in NS but not in PS, suggesting
that any wrinkles in the PS regions are not due to excessive shearing (most common for textile
reinforcements), but rather lateral compression (as described in Chapter 3).

a) b)

c) d)

Fig. 5.15 Probability density distributions, based on all 1802 simulated tool geometries, of the
shear angle and wrinkling severity in the positive shear (PS) and negative shear (NS) regions
of the bottom NCF in the layup (‘NCF1’): a) the maximum absolute shear angle distribution
for both PS and NS with the shear locking angle for this NCF (γL = 57° [16]) shown, b) the
distribution of the max wrinkle amplitude in PS and NS regions, c) the distribution of the
wrinkle area in PS and NS regions, and d) the distribution of the mean wrinkle amplitude in PS
and NS regions. The median values for each distribution are reported.

The contrasting wrinkle severity in each region is shown in Figure 5.15b-d, which show that
the wrinkling is more severe in PS regions based on all three metrics. For example, the median
of the mean wrinkle amplitude (|aw|) distribution in Figure 5.15d is more than twice as large
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in the PS regions (4.3 mm compared to 2.0 mm) compared to the NS regions. Similarly, the
max wrinkle amplitude is on average more than twice as large in PS than in NS (Figure 5.15b),
with the wrinkle area also being statistically larger (Figure 5.15c). Albeit resulting in different
levels of severity, the effect of the tool geometry is still significant for the wrinkles in both shear
regions with the metrics distributions extending over similarly wide ranges (Figure 5.15b-d).
As a result, the observations made for the representative tool geometry in Figure 5.13 appear to
hold true for all the geometries in the set. Due to the contrasting severity and mechanisms in
PS and NS regions, the correlations between the geometrical characteristics and the wrinkling
behaviour will be investigated separately for PS and NS wrinkling in the next section.

Correlations between geometry characteristics and wrinkling severity

Figure 5.16 contains plots relating the mean wrinkle amplitude to each of the eight geometry
characteristics that were measured for each tool geometry. The figure shows that certain
characteristics are significantly correlated with the resulting wrinkling severity while some
characteristics have little to no correlation with wrinkling severity. It was found that there are
generally few differences between the respective correlations calculated for the three wrinkle
severity metrics (|aw|max, Aw and |aw|) and thus only the lines of best fit for the mean wrinkle
amplitude (|aw|) are shown for simplicity.

Based on Figure 5.16a, the mean wrinkle amplitude (|aw|) is most strongly correlated
(r2 = 0.53) with the Conicity of the geometry, as measured by the mean overall draft angle
(θdo). This is a negative correlation and thus geometries that are more cone-like (with a higher
θdo) tend to result in lower mean wrinkles amplitudes. Based on the line of best fit and 95%
prediction intervals, |aw| can drop from 4.9±1 mm for θdo = 0° to 2.9±1 mm for θdo = 45°,
representing a 40% drop in mean severity. Additionally, the Area Ratio (rA) is shown to be
positively correlated with wrinkle severity (r2 = 0.38 from Figure 5.16b). Therefore, results
suggest that convex geometries with smaller initial contact points with the fabric lead to less
severe wrinkling. However, it is noted that as rA approaches 0, the correlation becomes weaker.
Despite this, given the correlation with the draft angle in Figure 5.16a, this correlation is not
surprising as the geometries with a smaller rA also tend to also have a larger draft angle (θdo).

In contrast to the Conicity and the Area Ratio, the Volume Ratio (Figure 5.16c, r2 = 0.17)
and Gauss Curvature (Figure 5.16d, r2 = 0.18) are found to be weakly correlated with wrinkling
severity. Firstly, increasing the Volume Ratio (rV ), meaning the geometry approaches a
cuboid, is shown to lead towards larger wrinkling severity (Figure 5.16c). Secondly, based on
Figure 5.16d, geometries with negative Gauss Curvature (inwardly curving) tend to wrinkle
more than those with positive Kr (outwardly curving) but the confidence in this correlation is
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dampened by the large 95% confidence intervals for Kr < 1.5×10−3 mm−2, as most geometries
are concentrated close to Kr = 0 mm−2. The four remaining characteristics investigated show
little to no correlation with overall wrinkling severity. These include Asymmetry (Figure 5.16f,
r2 = 0.08), Mean Curvature (Figure 5.16e, r2 = 0.03), Tortuosity (Figure 5.16g, r2 = 0.00)
and Angularity (Figure 5.16h, r2 = 0.00).

The correlation analysis is extended in Figure 5.17 to consider the wrinkling in positive (PS)
and negative (NS) regions separately, showing that generally similar trends from Figure 5.16
apply for both PS and NS but for certain correlated characteristics, the correlation is more
significant for NS than for PS. Most notably, in terms of Area Ratio, r2 for wrinkling in PS is
0.23 compared to 0.60 in NS (Figure 5.17b). This observation that the correlation is stronger
in NS than PS is equally noted for Conicity (Figure 5.17a, r2 = 0.39 (PS) and r2 = 0.49 (NS)).
Furthermore, the correlation between Volume Ratio and wrinkling severity is greater in NS
(r2 = 0.36) than PS (r2 = 0.08) (Figure 5.17c).
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Fig. 5.16 The linear correlation between the eight tool geometry characteristics and the mean
wrinkle amplitude, ordered in descending order of the squared coefficients of correlation (r2):
a) Conicity, b) Area Ratio, c) Volume Ratio, d) Gauss Curvature, e) Asymmetry, f), mean
curvature, g) Tortuosity and h) angularity. For each correlation, the 95% prediction limits and
the 95% confidence limits are also calculated.
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Fig. 5.17 The linear correlation between the eight tool geometry characteristics and the mean
wrinkle amplitude in the positive shear (PS) and negative shear (NS) regions, ordered similarly
to Figure 5.16: a) Conicity, b) Area Ratio, c) Volume Ratio, d) Gauss Curvature, e) Asymmetry,
f), Mean Curvature, g) Tortuosity and h) Angularity.
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5.5.3 Surrogate model performance

The analysis of the simulated forming data highlighted some interesting trends in terms of
the effect of tool geometry on wrinkling severity. The forming data is also used to train the
deep learning surrogate model, and the performance of this model for wrinkling predicting
is analysed in this section. This is done by considering the following: the effect of training
dataset size on model accuracy, the model predictions on the test set when using all available
training data, and the model predictions for the 10 evaluation geometries as compared to the
ground truth from the FE model.

Effect of training set size on model accuracy

The effect of training set size (mtr) on the surrogate model image accuracy was evaluated in
Figure 5.18, based on a constant test set size (mte = 186). It shows that there are diminishing
returns for mtr > 1000 as the image accuracy converges towards a maximum. This suggests that
the number of samples used for training could be almost halved while achieving the same levels
of prediction accuracy, thus potentially allowing for the data generation (and training) time
to be considerably reduced for this particular task. As there was no previous reference of the
amount of data required for effective wrinkle prediction, proceeding with more samples than
necessary was a good approach. However, this result is helpful for future work in providing
better guidance for how much data is necessary to achieve convergence for such a model.

Fig. 5.18 The effect of increasing the training set size on the maximum ‘image accuracy’
obtained, as measured for the training and test sets respectively. The test set size is kept
constant at 186 throughout.
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Image accuracy and wrinkle error on test set

The performance of the surrogate model based on predicting the wrinkle amplitude patterns for
the 186 geometries in the test set is relatively good with a vast majority of geometries being
predicted with high levels of image accuracy and low levels of relative wrinkle error compared
to the finite element results.

Figure 5.19a, containing the probability distribution of the image accuracy for all tool
geometries in the test set, shows that the predicted images for the test set have a high level
of accuracy with 75% of the predictions having a MS−SSIM > 0.86 and a median accuracy
of 0.93. Figure 5.19b shows examples of wrinkle predictions from each of the six percentile
domains (i-vi) in Figure 5.19a with the tool geometry (‘Input’), the FE ground truth wrinkle
pattern (‘Exp. Output’), the surrogate model wrinkle prediction (‘Pred. Output’) and the
inverted pixel-wise error (‘Diff’) shown. It shows that the predictions with MS−SSIM > 0.86
correspond visually to a very good prediction (iii) with only small details missing from the
predicted wrinkle image. These predictions get visually better for iv)-vi) with the latter predicted
image with MS−SSIM = 0.99 being near indistinguishable from the expected ground truth.
As such, Figure 5.19 also shows that MS−SSIM is an effective metric for discriminating across
the spectrum of ‘good’ and ‘bad’ wrinkle pattern predictions.

MS-SSIM

i)

ii)

iii)

iv) v) vi) i) ii) iii) iv) v) vi)

a) Image Accuracy Distribution (Test Set) b) Wrinkle Prediction Examples

Fig. 5.19 a) The probability density distribution of the image accuracy across the 186 test set
geometries with the 5th, 25th, 50th (median), 75th and 95th percentiles shown and b) examples
of wrinkle predictions from each of the regions (i-vi) bounded by the percentiles in a), with the
image accuracy reported for each prediction. For each example, the tool geometry (‘Input’), the
FE ground truth wrinkle pattern (‘Exp. Output’), the surrogate model wrinkle prediction (‘Pred.
Output’) and the inverted pixel-wise error (‘Diff’) between the ground truth and prediction are
shown.
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a) Wrinkle Prediction Error Distributions (Test Set) b) Predicted vs Expected Wrinkle Severity

Fig. 5.20 a) The probability density distributions of the wrinkle prediction error for the geome-
tries in the test set, evaluated for the three relative wrinkle error metrics (max wrinkle error,
wrinkle area error and mean wrinkle error). The median values for each distribution are also
shown. b) The predicted mean wrinkle amplitude vs. the expected mean wrinkle amplitude
for all the geometries in the test set with the coefficient of determination (R2) of the data with
respect to the line yp = ye reported. The 95% prediction limits of the data are additionally
shown.

Figure 5.20 shows that the high image accuracy values observed in Figure 5.19 correspond
to low levels of wrinkle error, with the surrogate model doing particularly well in predicting
the mean wrinkle amplitudes for each geometry in the test set. However, it is shown to be less
accurate with predictions for the max wrinkle amplitude and the wrinkle area. Figure 5.20a
displays the probability distributions and median values for the max wrinkle error (∆|aw|max

|aw|max
),

the wrinkle area error (∆Aw
Aw

) and the mean wrinkle error (∆|aw|
|aw|

) with the median relative error
values for the mean wrinkle amplitude being the lowest at 8%, while the wrinkle area had the
largest relative error with a median of 15%. Additionally, Figure 5.20b shows that the mean
wrinkle amplitude is well predicted by the model with a coefficient of determination (R2) of
0.71 with respect to the expected values from the finite element model and the line yp = ye

falling within the 95% prediction limits. While not shown, it was found that the model was
less accurate in its predictions of the max wrinkle amplitude (R2 = 0.53) and the wrinkle area
(R2 = 0.53), which are both somewhat under-predicted by the model. However, the surrogate
model predictions are still sufficient as first estimates of wrinkling severity. This is because the
relative differences between tool geometries can be established based on these predictions and
therefore the tool geometries resulting in the lowest wrinkling severity can be identified.



Rapid prediction of fabric wrinkling for a given tool geometry 159

Model wrinkle predictions for evaluation set
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c) Wrinkle Pattern Predictions

b) Wrinkle Prediction Error
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Fig. 5.21 a) The normalised wrinkling severity for the 10 evaluation geometries based on
the wrinkling data from the finite element simulation, b) the relative wrinkle prediction error
(based on the max wrinkle error, the wrinkle area error and the mean wrinkle error) for the 10
evaluation geometries, arranged from left to right descending in prediction error (based on the
mean of the three relative wrinkle error metrics), and c) the wrinkle pattern predictions for all
evaluation geometries from the surrogate model (‘Pred. Output’) compared to the ground truth
from the finite element model (‘Exp. Output’), with the tool geometry images (‘Input’) and the
inverted pixel-wise difference of the wrinkle patterns (‘Diff’) also shown.



Rapid prediction of fabric wrinkling for a given tool geometry 160

The model predictions for the previously unseen evaluation set, shown in Figure 5.21, highlight
that the surrogate model can successfully predict the wrinkling patterns to a good level of
accuracy for certain geometries but for geometries that are clearly outside the boundaries of the
training set, it is less accurate.

Figure 5.21a shows the normalised wrinkling severity of the ground truth wrinkle patterns
for each evaluation geometry based on three wrinkling severity metrics, showing that the
cylinder, corner, box, triangular prism and elongated hemisphere have the highest wrinkling
severity out of the ten geometries.

The corresponding error in the wrinkle predictions of the surrogate model for each evalua-
tion geometry is shown in Figure 5.21b, with the geometries arranged in order of decreasing
relative prediction error (the mean of the three relative error metrics) from left to right. Thus
it shows that the cylinder is predicted with the lowest error and the pyramid is predicted with
the largest error. There is a significant range in the measured errors across the geometries
with, for example, the wrinkle area error (∆Aw

Aw
) ranging from near 0% for the cylinder to over

120% for the pyramid. Also, the trained model is shown to be better at predicting the mean
wrinkle amplitude rather than the wrinkle area or the max wrinkle amplitude, given that the
mean wrinkle error (∆|aw|

|aw|
) is generally smaller across the 10 geometries than the other two

error metrics.
The predicted wrinkle patterns for each evaluation geometry (‘Pred. Output’) and the

ground truth wrinkle patterns (’Exp. Output’) are shown in Figure 5.21c. This figure allows
the predictions to be qualitatively evaluated and shows that the first four wrinkle patterns
from the left (cylinder, elongated hemisphere, corner and box) are visually well predicted
while more noticeable errors in the location and/or numbers of wrinkles are present for the
other six geometries. For example, the predicted pattern for the hemisphere has only one
noticeable wrinkle whereas four were expected, although that one wrinkle is of the expected
size and amplitude. The last five geometries (double dome 1, tetrahedron, double dome 2,
triangular prism and pyramid) are also less well predicted, each in their own particular way. For
example, for the pyramid, six wrinkles are predicted when only two wrinkles were expected,
thus resulting in the very large difference in wrinkle area seen in Figure 5.21c. These last five
geometries were expected to be less well predicted as they represent geometries that fall outside
of the types of geometries the surrogate model was trained on. Thus they are ‘extrapolations’
whereas the first five geometries are ‘interpolations’. It is notable that the hemisphere should
be better predicted by the surrogate model given that it represents an interpolation.

Another observation from Figure 5.21 is that the geometries with better predictions are
generally those with more severe wrinkling. This can be attributed to the fact that the model
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is optimised based on improving the image accuracy of predicted wrinkle image relative to
the ground truth. However, for less severely wrinkled patterns, a high image accuracy can be
achieved easier due to the greater influence of the ‘non-wrinkle’ background of the image (as
seen from the high MS−SSIM scores for the triangular prism and the pyramid in Figure 5.21c).
This suggests that the image accuracy (MS−SSIM) is not always sufficient for identifying high
levels of wrinkling accuracy, particularly for these wrinkle patterns of lower severity.

Variability in expected wrinkle patterns for certain geometry types

CylinderCylinder-like (in Training Set)

Hemisphere-like (in Training Set)

Variable
wrinkle pattern

Inaccurate
prediction

Similar tool
geometries

Consistent
wrinkle pattern

Accurate
prediction

Similar tool
geometries

Hemisphere

a)

b)

Fig. 5.22 a) A selection of most cylinder-like geometries (based on their MS−SSIM relative to
the cylinder) from the training set and their corresponding simulated wrinkle patterns (‘Exp.
Output’) compared against the surrogate model prediction (‘Pred. Output’) for the cylinder
from the evaluation set. b) A selection of the most hemisphere-like geometries (based on
their MS− SSIM relative to the hemisphere) from the training set and their corresponding
simulated wrinkle patterns (‘Exp. Output’) compared against the surrogate model prediction
(‘Pred. Output’) for the hemisphere from the evaluation set.

The accuracy of the surrogate model predictions is potentially affected by numerical variability
in the wrinkle patterns obtained from the finite element simulations for certain similar geome-
tries, such as the hemisphere. This is seen from Figure 5.22, which compares the surrogate
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model predictions for the cylinder (a) and the hemisphere (b), and presents the most similar
training set geometries to each of them respectively. The figure shows that the cylinder-like
geometries in the training set result consistently in similar wrinkle patterns (four large wrinkles
with one in each corner) in the NCF while for the hemisphere-like geometries in the training
set, the ground truth wrinkle patterns are more variable with changes in the number of wrinkles
and their locations. As also highlighted previously in Figure 5.21, the wrinkle prediction for
the cylinder is accurate while the hemisphere prediction is inaccurate. Thus, it is plausible that
the differences in the prediction outcomes can be accounted to the variability in the wrinkle
patterns for hemisphere-like geometries. This suggests that there is some level of numerical
variability within the finite element simulation that can lead to large changes in wrinkle pattern
for only small changes in input geometry. The implications of this are further discussed in
Section 5.6.

Computational cost of surrogate model

Table 5.13 The computational cost of wrinkle prediction using the trained surrogate model
compared against using the equivalent finite element model, based on one tool geometry.

Model type CPU details
Computational cost/h

(% of total)

Macroscale FE model
Intel i9-10980XE @3.0GHz

(64GB) - 18 cores
1.33 (16 cores)

Pre-trained deep learning
surrogate model

Intel i7-1051OU @1.8GHz
(16GB) - 4 cores

0.000215

As shown in Table 5.13, the computational cost of using the trained surrogate model to
get wrinkle predictions for one tool geometry is many orders of magnitude lower than the
alternative of running the equivalent finite element model of comparable accuracy. The average
computational cost for one image prediction using the surrogate model is less than 1 second
(0.7 s or 0.000215 h) using a conventional CPU while the cost of running the FE model with
a high-performance CPU and parallelised over 16 cores is 1.33 h. Thus the surrogate model
achieves approximately a 6000 times reduction in prediction time compared to the FE model.
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Table 5.14 The computational cost of developing and using the surrogate model used in this
investigation, including the data generation, model training and prediction stages.

Stage CPU/GPU details
Computational cost/h

(% of total)

Simulated data generation
using FE model

CPU: Intel i9-10980XE
@3.0GHz (64GB) - 18 cores

1307 (99.3)

Surrogate model training
GPU: NVIDIA GeForce
RTX 2070 Super (8GB)

9 (0.7)

Prediction
CPU: Intel i7-1051OU

@1.8GHz (16GB) - 4 cores
0.000215 (0)

All 1316 (100)

In contrast, Table 5.14 shows that the development of this deep learning surrogate model
has significant computational costs due to, primarily, the need to run thousands of simulations
to generate the wrinkling dataset for training. The generation of the wrinkling data using finite
element simulations for 1802 geometries is calculated to be approximately 99.3% of the total
development cost of 1316 h (or 55 d). The training of the surrogate model is only 0.7% of the
total time at 9 h, while the cost of predictions is negligible in comparison.

5.6 Discussion

The discussion is divided in the context of the two objectives: assessment of the effect of
geometry on wrinkling and the development of a deep learning surrogate model for wrinkling
prediction.

5.6.1 NCF wrinkling and tool geometry

Significance of geometry effect

The results of this investigation show that the shape of the tool geometry has a significant global
effect on the wrinkling severity of this biaxial NCF during DDF, with this being independent of
the underlying wrinkling type within the positive and negative shear regions respectively. The
large variations in wrinkling severity for the 1802 widely contrasting geometries investigated
are seen in Figure 5.14. More specifically not only does the tool geometry affect the amplitude
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of the wrinkles but also their width, quantity and relative positions on the fabric (see for
example Figure 5.19 and Figure 5.21), thus resulting in highly contrasting wrinkle patterns. The
independence of this significant geometrical effect with wrinkling type for this NCF is observed
in Figure 5.15: the distributions in wrinkle severity are similarly widespread in both PS and
NS regions, each corresponding to different wrinkle mechanisms respectively (as discussed in
Chapter 3).

Furthermore, it is also shown that wrinkling severity across all the tool geometries investi-
gated is more than twice as large for the non-shear wrinkles in the PS regions than the shear
wrinkles in the NS regions (Figure 5.15). This finding is in agreement with what was found for
the same NCF during experimental press forming tests in Chapter 3 and more comprehensively
suggests that for this ±45° NCF, it is the non-shear wrinkles in PS regions that are of primary
concern for the manufacturing of ±45° biaxial NCFs. Thus they should be the primary focus
with respect to wrinkling mitigation. This conclusion is in agreement with the findings of
Yu et al. [45] for DDF using the same NCF, where the wrinkles in positive shear were more
prominent.

However, while the large variation in wrinkling severity suggests that there is potential for
modifying the underlying geometry to reduce wrinkling severity, it is also noted that these
wrinkles formed are still significant for all geometries (the lowest maximum amplitude recorded
across all geometries is 7 mm - Figure 5.14). Therefore, when dealing with difficult-to-form
male geometries with double curvatures [182], modifications to the geometry cannot fully
remove wrinkles and forming process optimisation tools need to also be implemented to address
this issue.

The link between geometry characteristics and wrinkling severity

While the global effects of geometry on wrinkling are significant, this study also suggests that
certain geometrical characteristics of the geometry contribute more strongly than others towards
the resultant wrinkling severity in the final preform, with these trends being broadly similar
for the wrinkling in the two distinct shear regions of this biaxial NCF. Based on Figure 5.16
and Figure 5.17, it was found particularly that the Conicity, Area Ratio, Gauss Curvature and
Volume Ratio correlate to some extent with wrinkling severity while the Asymmetry, Mean
Curvature, Angularity and Tortuosity were found to not be correlated at all with wrinkling
severity. The strongest correlation was found to be with Conicity (Figure 5.16a) and this
negative correlation suggests that more conical geometries (with higher draft angle) that are
more tapered along the vertical axis of the tool (e.g. hemisphere) are likely to result in less
severe wrinkling than those with abrupt edges and no tapering (such as a box or cylinder). This
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is further supported by the (weaker) correlation with Volume Ratio (Figure 5.16c), where a
larger Volume Ratio tends towards a more ‘boxy’ geometry. Furthermore, the strong negative
correlation with Area Ratio (Figure 5.16b) is suggested to emphasize a similar conclusion as
a lower Area Ratio also tends to have more tapered sides (Figure 5.6). As this correlation is
found to not apply for very small area ratios (rA < 0.01), it suggests that the initial contact
area with the geometry is less significant than the mean angle formed by the top and bottom
areas relative to the vertical axis (mean overall draft angle - Conicity). The aforementioned
three characteristics that have the highest correlation with wrinkling severity all describe, to
some extent, how abruptly or gradually the topology of the tool geometry changes along its
vertical direction. Thus it suggests that this is the most important design feature to optimise
for wrinkling mitigation purposes. This effect is exemplified in (Figure 5.21) by how the
tetrahedron, the hemisphere and the pyramid have significantly lower wrinkle amplitudes
compared to the box and the cylinder. However, Figure 5.17 also showed that for those three
characteristics, the correlation is stronger for wrinkles in NS regions and therefore it suggests
that increasing the Conicity of the geometry is more likely to reduce the shear wrinkles in
negative shear than non-shear wrinkles in positive shear, with the latter found to be of greater
severity (Figure 5.15). This is likely to be because the more conical geometries result in lower
levels of in-plane shear and thus do not necessarily reach the shear locking angle in NS, whereas
in PS the non-shear wrinkles are more difficult to avoid as they are observed at very low levels
of shear (γ = 8° based on [63]).

The mild correlation of wrinkle severity with Gauss Curvature (Kr, r2 = 0.16) but not with
the Mean Curvature (Hr, r2 = 0.03) is an interesting finding and suggests that the product of
the local principal curvatures is more critical than their sum for affecting wrinkling. Based
on this, geometries with positive Kr (locally convex, outwardly curving e.g. hemisphere)
are suggested to wrinkle less than geometries with negative Kr (locally concave, inwardly
curving). While no comparable study exists in the literature, this suggestion is supported by
the experimental press forming findings in Chapter 3 and by the DDF simulations for the
evaluation geometries (Figure 5.21a): the hemisphere, the two double domes and the elongated
hemisphere all wrinkle less severely than the geometries of zero Gauss Curvature (cylinder,
box and triangular prism). However, it is also noted that the Conicity has a more significant
role in wrinkling than the Gauss Curvature given that the high Conicity, zero Gauss Curvature
geometries of the tetrahedron and the pyramid result in the lowest levels of wrinkling severity
from the evaluation geometries (Figure 5.21a).

The lack of correlation between the mean interior angles of the geometries (Angularity)
and wrinkling severity (Figure 5.16h) is a rather surprising finding given how you might expect
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more angular shapes (e.g. a triangular cylinder) to be more difficult to form than a more rounded
geometry (e.g. regular cylinder). However, this suggests that the sharpness of the angles along
the sides of the geometry is not significant for wrinkling, and is further exemplified by how
the cylinder and the box have very similar wrinkle patterns in Figure 5.21c, despite highly
contrasting levels of Angularity. Furthermore, given that the Angularity has no effect, it also
explains why the Tortuosity (or twisting about the vertical axis) has no effect (Figure 5.16g)
because essentially this just reorientates the vertices of the top and middle polygons, which
have been shown to not to contribute towards the wrinkling severity.

Lastly, it is interesting to note that (Figure 5.21a) suggests that the tetrahedron wrinkles
less severely compared to the triangular prism and to a similar level to the hemisphere and the
double dome, which is in contrast to Chapter 3 where the tetrahedron is found to wrinkle most
severely based on press forming of the same fabric. This suggests that the observations made
regarding the effect of the tool geometry found in this study for DDF cannot necessarily be
extended to other preforming processes without verification. As a result, this prompts the need
to compare the effect of tool geometry for different preforming processes.

Implications for mitigating wrinkling through component design

Based on the correlation analysis (Figures 5.16-5.17), certain practical guidelines for designing
components or tooling to achieve minimal wrinkling in the final component can be suggested.
Firstly and most critically, more tapered, conical tool geometries tend to wrinkle less during
double diaphragm forming and thus introducing a larger overall draft angle into the tool
geometry is likely to be beneficial from a manufacturing point of view. For predefined designs
with limited scope for changes, a similar improvement in terms of wrinkling defects could
potentially thus also be achieved by introducing larger fillets or chamfers onto component
top edges such that transitions along the geometry topology are more gradual. Furthermore,
introducing positive Gauss curvature i.e. outwardly curving surfaces are suggested to reduce
wrinkling and thus introducing dome-like features instead of inner radii could be beneficial.
Finally, in terms of what does not affect wrinkling, the study suggests that having asymmetrical
features, twisted features along the height of geometry or having angular sides to the geometry
have no effect and thus are less critical from a design for manufacturing perspective. While
these observations are limited to convex, standalone geometries, they can equally be applied in
more complex industrially applicable geometries where often geometrical features are located
far enough apart such that they can be thought of independently from a forming perspective
[107]. However, as shown by Krebs et al. [182], the wrinkling resulting from a female tool
during DDF is significantly different and thus these guidelines do not necessarily apply in those
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cases, or for other preforming processes as previously mentioned. In any case, further work is
required to validate these guidelines for a wider array of geometries and forming situations.

Limitations of geometry analysis method

The method used to investigate the effect of geometry on wrinkling severity is unique within
composites manufacturing due to the large of geometries involved and thus it provides useful
insights, but nevertheless, it has certain limitations.

Firstly, the large number of geometries means that it is more challenging to analyse
the nuanced differences in effect between similar tool geometries, which would be more
feasible with fewer geometries. Instead, the analysis is more broad stroke, based on global
characteristics, which cannot fully describe any one geometry on their own, but rather are
simplified approximations that describe the average value for one particular aspect of the
geometry. For example, the mode of the local curvature distribution (Appendix E) does
not necessarily capture local regions of extreme curvature , which could have a significant
contribution to wrinkling.

This highlights the second limitation in that the correlations are analysed separately for
each characteristic (Figures 5.16-5.17) but given how each geometry has a unique set of
measured characteristics, these observed trends can hide within them contributions from the
other characteristics. For example, the Area Ratio appeared to correlate well with wrinkling
severity up to a certain point but it was found that this trend was actually more closely linked to
the change in draft angle (Conicity) rather than the Area Ratio itself (Figure 5.5.2. This occurs
because the characteristics are not fully independent of each other and because the effects of
other characteristics are not controlled for in this study. As such, using more tightly controlled
geometry sets where only one parameter or characteristic is changed in each case, might allow
for more comprehensive conclusions to be drawn.

Thirdly, some of the characterisation metrics are limited by the precision of the method
used to calculate them, in particular for the mean and Gauss curvature. Due to the generation
method utilised (Figure 5.4), the curvatures had to be obtained from a surface fitted through
the geometry coordinates (Appendix E) but a fully representative surface fit was not always
possible for all geometries (particularly for the filtered geometries containing undercuts), which
could have affected the final accuracy of Hr and Kr. Thus an alternative strategy for generating
geometries that does not approximate curvatures radially around the tool would allow for more
accurate curvature values to be obtained based on the true geometry.

Fourthly, the wrinkling severity observed in this study is slightly exaggerated by the use of
a lower bending stiffness than measured experimentally and also by characterising the bending
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stiffness as linear (Table 5.4), and thus for more accurate results, a non-linear bending model
should be implemented [63, 57], although this would add significant computational cost.

Finally, this geometrical analysis could be affected by the asymmetrical wrinkling behaviour
of this ±45° biaxial NCF. This means that the largest wrinkles tend to be focused in the PS
regions irrespective of the underlying tool geometry and thus depending on the orientation of
local features on a tool, its effect could be amplified or weakened. To negate this effect, two
simulations for each geometry could be done with two layups that are rotated 90° relative to
each other (e.g. [0°/90°,0°/90°] and [90°/0°,90°/0°]) such that each tool region is both in PS
and NS. Alternatively, a fabric with symmetric shear behaviour could be utilised.

5.6.2 Surrogate model for wrinkling prediction

Assessment of model performance and usefulness

The deep learning surrogate model is assessed to perform well when interpolating to new
geometries and its usefulness is aided by the potential to reduce the number of geometries for
training but hindered by an apparent accuracy ceiling that cannot be exceeded for this wrinkling
dataset. The results showing the performance of the surrogate model for wrinkling predictions
(Figure 5.21 suggest that it provides good predictions for geometries that are similar but it is
shown to become less accurate when extrapolating to new geometries far beyond the training
set. With regards to the extrapolation geometries, the two double domes consist of two peaks
that make simultaneous contact with the fabric while all the generated geometries only have
one initial point of contact with the fabric, thus significantly affecting the shear distribution
and wrinkling patterns in ways that the surrogate model cannot appreciate. Secondly, the
tetrahedron and pyramid both consist of sharp peaks and these types of geometries had been
eliminated from the training set at the filtering stage due to concerns about fabric penetration
during simulation creating unrepresentative results (Figure 5.5). This limited extrapolation
capability highlights the importance of selecting the initial dataset such that it is fit for the
purpose of your application. This finding regarding limited extrapolation capabilities is in
agreement with those of Zimmerling et al. [152] for the prediction of shear angle patterns, who
found their FCN surrogate model was only effective on convex shapes but not on concave
shapes, which were outside of the training set.

The usefulness of the surrogate model derives from how fast it is to obtain predictions from
the trained model. The cost of predictions using this surrogate model is shown to be over 6000
times lower compared to running the equivalent FE model (Table 5.13) and thus it is highly
useful in a number of academic and industrial applications. Furthermore, this shows that the
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more complex the phenomenon that is being simulated, the higher the benefit of using a trained
surrogate model as the surrogate model prediction cost will be near-constant irrespective of
complexity while the parent model cost will increase with complexity and accuracy (Figure 5.1).
Furthermore, the time for just training the model is on the same order of magnitude as running
a FE model for wrinkle prediction (9 h), making it efficient to train new networks once you
have a suitable dataset for training.

However, the usefulness of this wrinkling prediction surrogate model is currently held
back by the high total computational cost (∼ 2 months) for developing the model, of which
generating the wrinkling data using a FE model takes up a vast majority (Table 5.14). This
high initial cost of this wrinkling surrogate model illustrates why previous forming surrogate
models [107, 152] have relied upon vastly computationally cheaper parent models, sacrificing
accuracy for the sake of accessibility. However, the results (Figure 5.18) also show that the
number of geometries used for training could be significantly reduced without affecting final
model accuracy, thus making this approach more accessible and useful. In fact, the number
of geometries could be reduced by about half (see Figure 5.18), thus reducing the total data
generation time by close to a month (Table 5.14). Further reductions in computational cost
could also be achieved by further optimising the runtime of the FE model (Figure 5.7).

Interestingly, the optimisation of the model network and hyperparameters for maximum
accuracy (Figure 5.12 and Appendix F) suggest that there is an accuracy ceiling with regards
to performance on the test set that cannot be exceeded, irrespective of the chosen network or
parameters. Thus this implies that the underlying dataset limits the maximum performance,
either due to the sampling of the geometries or due to inconsistencies in the wrinkling patterns
for a given geometry, as was found for the hemisphere in Figure 5.22b.

Implications for using DL surrogate models for improving preforming and minimising
wrinkling

The surrogate model developed extends understanding about the potential uses of surrogate
models within composites manufacturing by showing that it is indeed possible to apply sur-
rogate modelling for the study of wrinkling behaviour directly, without having to rely on the
(insufficient) predictions of the shear angle distributions [152, 107]. As such, this work allows
the scope of studies investigating the effect of the tool on wrinkling to be expanded, particularly
for ±45° biaxial NCFs with irregular wrinkling mechanisms. For example, knowing that the
predictions from the trained model are sufficiently accurate, the correlation analysis could
easily be extended to new sets of similar geometries in a computationally efficient way.
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Due to the low computational cost of the deep learning (DL) surrogate model developed
compared to its high-fidelity parent model (Table 5.13), it holds tremendous potential for
component geometry optimisation. As a concrete example, by incorporating the DL surrogate
model within an optimisation scheme consisting of a parametrised CAD model of the initial
component design to be manufactured via RTM, all the potential parameter combinations can
be iteratively tested until an optimal geometry is obtained that minimises the mean wrinkle
amplitude (|aw|) during DDF. Such an approach was recently employed by Hao et al. [198]
for the design optimisation of curvilinearly stiffened panels, showing that it achieved much-
improved component performance at a lower computational cost compared to other surrogate-
based optimisation methods. While the accuracy of the surrogate model is not quite as high as
its parent model, it is sufficiently good that it can identify relative differences between potential
geometries (Figure 5.10) and allows for a time-efficient exploration of the potential design
space, as shown by Zimmerling et al. [107]. Once the optimal design has been found via the
surrogate model, the predicted wrinkling behaviour can also be validated by running the FE
model and/or via experimental testing.

Furthermore, in contrast to FE models that require significant levels of technical expertise
for use for fabric forming, pre-trained DL surrogate models could become particularly useful
within the composites manufacturing industry due to their ease of use and rapid predictions,
and thus could replace the default methods of kinematic modelling, and trial and error testing.
While this work focused on predictions based on changes in tool geometry, similar surrogate
models can be trained based on changes in different forming process parameters [180]. These
various factors affecting formability and wrinkling could also be incorporated within the same
surrogate model by expanding dataset and model inputs, as has been done within metal forming
[166], giving the engineers a simple tool to obtain rapid forming results for any given forming
case without having to resort to expensive experimental testing.

Another potential area where such surrogate modelling could become particularly useful
is for the simulation of large scale components on the scale of multiple metres where the
defects occur within local regions of that component at a much smaller scale, as is common for
aerospace components. Yu et al. [45] showed that a global-to-local modelling strategy could be
used for this purpose to capture the wrinkling severity of the plies only in the key regions of
interest where wrinkling is predicted to occur, thus reducing total computational time. However,
assuming that the regions of wrinkling are far enough from each other to be independent in
terms of behaviour [107], the FE sub-models could be replaced by a trained surrogate model
that obtains predictions significantly faster. Such an approach was previously proposed by
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Zimmerling et al. [107] but focusing solely on the shear distributions around the key locations
of interest.

Limits to the wrinkling predictions of the surrogate model

No surrogate model will be equally as accurate as its parent model but for this application to
wrinkling prediction, it was found that the maximum accuracy of the developed model was
limited beyond a certain point (Figure 5.12 and Appendix F). This is in contrast to a previous
study using a similar model for predicting shear angle distributions during forming, where
higher levels of accuracy seemed to have been achieved [152]. While this also could potentially
be due to unequal sampling in the training dataset, it is suggested that instead, predicting
wrinkle patterns based on a phenomenological model is more challenging due to the underlying
variability in simulating wrinkling (Figure 5.22). The capacity of any phenomenological model
to accurately predict an output image based on an input image requires that the relationships
between input and output are consistent for all sets of inputs and outputs. However, it is
suggested that for this wrinkling surrogate model, this assumption does not always hold and
thus potentially restricting the model from achieving higher levels of image accuracy. This is
supported by how the surrogate model incorrectly predicts the wrinkle pattern and the number
of wrinkles for the hemisphere despite there being numerous hemisphere-like geometries
in the training set (Figure 5.22b). This is because, unlike for the cylinder-like geometries
(Figure 5.22a), the hemisphere-like geometries result in widely different simulated wrinkle
patterns, implying that these wrinkling patterns do not necessarily follow empirically from the
input tool geometries, which are similar in this case. This indicates that the FE model is subject
to numerical wrinkling variability that can make the simulated wrinkles patterns less reliable
in certain cases. While experimental wrinkling trials are also subject to certain variability
(Chapter 4), it is unclear whether the results for all tool geometries are representative of the
‘real’ fabric behaviour. Thus further work is necessary to analyse this numerical variability
in the simulations by analysing the robustness of the model under various conditions and
comparing the wrinkling predictions against experimental results.

Additionally, variability of the fabric wrinkle patterns exposes another limitation of this
surrogate model’s predictions. This is because the predictions are single deterministic results for
a given tool geometry but in reality, as highlighted by Figure 5.22b and the results in Chapter 4,
wrinkling variability cannot be avoided, neither numerically or experimentally. To address
this, the full range of experimental wrinkling possibilities should be incorporated within the
modelling framework, while the numerical variability should be minimised. While conventional
deep learning surrogate models, like the one employed in this work, cannot incorporate



Rapid prediction of fabric wrinkling for a given tool geometry 172

probabilistic outcomes, there is currently significant ongoing research into extending the
capabilities of deep learning models, as reviewed by Masegosa et al. [199]. One method of
implementing variability within the deep learning network would be to incorporate a ‘variational
auto-encoder’, which produces a probabilistic distribution of values for a given input [199].
However, training such a probabilistic deep learning model and understanding its limits requires
that probabilistic training data is available. Thus probabilistic FE forming simulations based on
incorporating experimental variability are needed, as will be discussed further in Chapter 6.

Limitations of method

The method used to develop this surrogate model has certain limitations that should be ad-
dressed, namely with respect to the geometry space used, the high cost of data generation and
the training approach.

Firstly, in terms of the geometry space, the usefulness of the model for predicting geo-
metrical effects is limited by the types of geometries it was trained on and thus, despite its
potential, it is unlikely to be directly useful for industrial use given that the geometry space
used (Figure 5.4) is not representative of typical composite components in the aerospace or
automotive industries, that are typically larger in scale and more complex in terms of their
features (Figure 2.4). Therefore while the proposed model in its current form is useful for
assessing wrinkling patterns for certain types of generic convex geometries and as a proof of
concept for such an approach, alternative geometry sets would need to be developed for use
with industrial applications, thus highlighting a key avenue for further work.

This leads to another key limitation of the method which is the high initial computational
cost for generating the simulated data that is used to train the model (nearly two months of
continuous computing for this task - Table 5.14), which makes it time-consuming to implement
and cumbersome to make changes to the underlying approach. Despite this, based on the
popular strategy of transfer learning [200], previously trained models can be retrained for a
new task based on smaller sets of new data and thus the computational costs associated with
developing an entirely new geometry dataset can be significantly reduced. Furthermore, by
developing shared databases of simulated and experimental forming data across companies and
institutions, the implementation costs of such models could be brought down even further.

Finally, while a saturated accuracy is reached based on the MS−SSIM metric and guided
by the LMS−SSIM−L1 loss function, the key metrics of interest for wrinkling prediction are
ultimately the wrinkling metrics but these do not directly decrease with loss (Figure 5.12).
Thus potentially the model performance could be improved by implementing a custom loss
function based on one or a combination of these wrinkling metrics. However, developing such
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a function that performs robustly during training and tends reliably to a global minimum is a
challenging task and one of the key reasons why in most cases LL1 or LMSE are used.

5.7 Conclusions

The following conclusions can be made based on the work in this chapter:

• The effect of tool geometry on wrinkling severity during double diaphragm forming is
large and is equally significant for the two types of macroscale wrinkles that occur for
biaxial NCFs with a pillar stitch.

• The greater the tapering of a convex tool geometry is, the less severe the resultant
wrinkling is likely to be.

• More outwardly curving geometries tends to form less severe wrinkles than zero curvature
or inwardly curving geometries.

• The sharpness of the outside vertices of a tool geometry makes no contribution towards
wrinkling severity.

• A deep learning surrogate model can be successfully developed for the prediction of
wrinkling severity over a given tool geometry.

• The predictions of the surrogate model are found to be sufficiently accurate for geometries
similar to those it was trained on but its ability to extrapolate to vastly different geometries
is limited.

• The computational cost of obtaining a wrinkling prediction using the trained deep learning
surrogate model is approximately 6000 times lower than the equivalent finite element
model.



Chapter 6

Conclusions and future work

This thesis set out to characterise the mechanisms and variability of NCF wrinkling behaviour
and to investigate the effect of tool geometry of wrinkling, and both of these aims were achieved.
For each of these aims, a brief summary of the contributions made, a complete list of specific
conclusions and suggestions for future work are provided.

6.1 Summary of contributions

6.1.1 Wrinkling characterisation

The wrinkling of a biaxial ±45° NCF with a pillar stitch was successfully characterised
in terms of the underlying mechanisms, severity and variability. The use of 3D-DIC was
shown to be an effective method for the characterisation of the mechanisms of macroscale
wrinkling as it allowed the continuous measurement of wrinkling severity and the in-plane
fabric strains throughout the forming process (Figures 3.8-3.10). From this, the two competing
macroscale mechanisms of a ±45° biaxial NCF were identified (lateral fabric compression
during material draw-in and tow compression at shear-lockup - see Figure 3.15) and related
to the asymmetric shear behaviour of the fabric. The characterisation of wrinkling severity
highlighted the significance of the lateral fabric compression wrinkles (macroscale non-shear
wrinkles) that are caused in this NCF by the taut stitching in positive shear (Figure 3.12). It was
also shown that mesoscale wrinkles form exclusively in regions of negative shear (Figure 3.11)
and are caused by tow compression (Figure 3.15). Furthermore, the same experimental testing
setup was used to characterise the variability in the resulting wrinkling defects at the end of
forming by applying a novel image-based comparison method (Figure 4.3) for quantifying
the differences in wrinkle amplitude and wrinkle location within a set of repeated forming
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tests under the same conditions (Figure 4.2). This showed that the wrinkling variability is
particularly significant during multi-layer forming (Figure 4.8) and subject to change depending
on the forming conditions (Figure 4.9). While this study also made clear that using 3D-DIC
is not the most effective approach exist for capturing the final wrinkled shape of preforms
due to gradual data loss, the proposed variability characterisation method was found to hold
tremendous potential as a benchmarking tool for assessing the variability in process defects
in a wide variety of preforming scenarios. As a result, important contributions were made to
comprehensively outline the plausible wrinkling mechanisms of biaxial NCFs and develop a
novel method for characterising the inherent variability in fabric wrinkling.

6.1.2 Effect of tool geometry on wrinkling

The effect of geometry on the wrinkling severity of NCFs was shown to be significant and a
deep learning surrogate model was proposed for the rapid prediction of this effect in order to
allow for component design optimisation.

The effect of geometry on wrinkling severity was initially investigated through an experi-
mental comparison of four benchmark geometries (Figures 3.13-3.14). While this demonstrated
that the severity was highly variable depending on the geometry, the high costs of experimen-
tally testing a wide range of geometries meant that more generalised conclusions about how
certain geometrical features contribute to wrinkling could not be made. To address this, a
dataset of forming simulations for nearly two thousand geometries was generated and used
to relate the characteristics of these geometries with the resultant wrinkling severity (Figures
5.16-5.17). From this novel approach, certain guidelines for minimising wrinkling through
design could be suggested that extend the boundaries of what was previously known about the
geometrical effect on wrinkling. Particularly it showed the benefits of introducing tapering into
the design for reducing wrinkling. However, while intuitive guidelines are useful to direct the
initial design towards the defect-free solution, using automated optimisation tools present a
superior avenue to navigate the complexities of the geometrical design space. For this purpose,
the aforementioned dataset was used to train a deep learning neural network (Figure 5.11) for
rapidly predicting the wrinkling patterns for a given tool geometry. The good level of prediction
accuracy (Figures 5.19-5.21) demonstrated the potential for using deep learning surrogate mod-
els to optimise composite component designs for minimal wrinkling in a time-efficient manner
(Table 5.13). As a result, critical contributions were made by extending the understanding of
the effect of the tool geometry on wrinkling and developing a promising method by which
component geometries can be optimised to minimise wrinkling.
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6.2 Specific conclusions

6.2.1 Wrinkling characterisation

From Chapter 3 and Chapter 4, the following conclusions could be made:
• The 3D-DIC approach can be successfully used to characterise the development of

wrinkling during forming and relate the wrinkling behaviour to the strains in the fabric.

• The linear stitch-strain relationship in ±45° biaxial NCFs controls their deformation and
wrinkling behaviour, leading to both macroscale and mesoscale wrinkles.

• Typically, textile reinforcements deform via in-plane shear but, as is shown for this NCF,
they also can deform via material draw-in when the shearing of the fabric is restricted.

• Macroscale wrinkles occur in textile reinforcements during forming via two competing
mechanisms, depending on the local shear resistance of the fabric: lateral tow compres-
sion at fabric shear lockup (macroscale shear wrinkling) and lateral fabric compression
(macroscale non-shear wrinkling).

• For this NCF, macroscale non-shear wrinkles, occurring in the regions of minimal shear,
are shown to be severe and in more critical locations than macroscale shear wrinkles.

• In forming situations where the fabric’s local shear resistance is high, using the maximum
shear angle in the fabric (relative to the locking angle) is not a suitable indicator of
wrinkling onset or severity.

• A novel image-based analysis method is able to characterise the variability in both
wrinkle amplitude and wrinkle location for fabrics at the end of preforming.

• The material architecture and the specific layup are shown to have a significant influence
on the wrinkling variability, both in terms of amplitude and location.

• Increasing the gap between the blank holder and the tool geometry significantly increases
the absolute wrinkle location variability in a biaxial NCF.

• Increasing the fibre tow layers in the fabric architecture of an NCF is shown to increase
the variability in amplitude and location of the resultant wrinkles in the preform.

• The wrinkling variability in both amplitude and location of a biaxial NCF is shown to be
lower compared to printer paper formed under the same conditions.
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• Forming two biaxial NCF layers is shown to be statistically more variable in wrinkling
than a single biaxial NCF formed under the same conditions.

• The proposed variability characterisation method has the potential to be applied as a
benchmarking tool to characterise process defects in a wide variety of scenarios.

6.2.2 Effect of tool geometry on wrinkling

From Chapter 3 and Chapter 5, the following conclusions could be made
• The severity of wrinkling defects during press forming of this biaxial NCF with a

pillar stitch is shown to be highly influenced by component geometry but the wrinkling
mechanisms of a particular fabric are shown to be independent of geometry.

• The effect of tool geometry on wrinkling severity during double diaphragm forming is
large and is equally significant for the two types of macroscale wrinkles that occur for
this biaxial NCF with a pillar stitch.

• The greater the tapering of a convex tool geometry is, the less severe the resultant
wrinkling is likely to be.

• More outwardly curving geometries tends to form less severe wrinkles than zero curvature
or inwardly curving geometries.

• The sharpness of the outside vertices of a tool geometry makes no contribution towards
wrinkling severity.

• A deep learning surrogate model can be successfully developed for the prediction of
wrinkling severity over a given tool geometry.

• The predictions of the surrogate model are found to be sufficiently accurate for geometries
similar to those it was trained on but its ability to extrapolate to vastly different geometries
is limited.

• The computational cost of obtaining a wrinkling prediction using the trained deep learning
surrogate model is approximately 6000 times lower than the equivalent finite element
model.
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6.3 Future work

6.3.1 Wrinkling characterisation

Characterisation of mesoscale wrinkling for NCFs

Future work could include attempting to more thoroughly characterise the secondary type of
wrinkling that was observed consistently during the forming trials in Chapter 3: mesoscale
wrinkling. While the macroscale wrinkling and its underlying two mechanisms for this biaxial
NCF were characterised, the analysis was more limited for mesoscale wrinkles. From the fabric
strain data, it was clear that this mesoscale wrinkling occurs due to compression along the fibre
tow and that it occurs exclusively in negative shear regions (Figure 3.15). However, it is yet
not understood exactly how this compression occurs in negative shear or how these potentially
detrimental wrinkles might be avoided. Thus developing improved experimental methods for
characterising this defect could provide greater understanding. For example, a shear-tension
picture frame rig [78] could potentially be used to isolate mesoscale wrinkles in negative shear.

Mitigation of non-shear wrinkles

Developing methods for mitigating the non-shear macroscale wrinkles that occur in biaxial
NCFs should be a priority in terms of future work. The results in Chapter 3 make clear that
these wrinkles are almost inevitable when forming a ±45° biaxial NCF with a pillar stitch
because these wrinkles form so early in the process (Figure 3.8). In comparison to the shear
wrinkles, which can be avoided by introducing tension and/or locally modifying the shearing
behaviour (Chapter 2), it is not clear how these non-shear wrinkles could be mitigated for this
material system. One plausible approach would be to partially remove stitching in positive
shear regions so as to encourage further deformation rather than lateral compression but this
suggestion needs to be further investigated while examining any potential adverse effects on
the fabric’s structural integrity.

Comparison of alternative and/or combination of surface measurement techniques

Future work could also include comparisons between the results obtained via 3D-DIC with
wrinkling characterisations obtained via alternative and lower cost means such as structured
white light scanning [63, 110] or photogrammetry [110, 36]. While the 3D-DIC system
utilised was effective for characterising the growth in wrinkling severity and fibre strains
during forming (Chapter 3), it was less effective for capturing the end state of the preform
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(Chapter 4). This is due to the gradual loss in data that occurs at larger deformations as the
speckle pattern disintegrates and the fact that the 3D-DIC cameras cannot track the fabric
that emerges from under the blank holder. Thus it would be valuable to compare the results
for wrinkling variability using 3D-DIC with results from alternative methods, where the full
final wrinkled pattern can be captured. This would extend upon the work of Harrison and
Gonzalez Camacho [110] which compared the effectiveness of structured white light scanning
with photogrammetry. Furthermore, by combining 3D-DIC together with e.g. photogrammetry
within a single workflow, it would allow for greater confidence in the measured wrinkling
severity. Furthermore, it would potentially enable the two datasets to be combined, allowing
the data loss from 3D-DIC to be compensated for from the photogrammetry data and thus more
complete comparisons of the fabric strains with wrinkling severity. This would also permit
the complete experimental fabric wrinkle patterns to be mapped onto the initial undeformed
fabric surface, in a similar way that was done in Chapter 5 for simulated data (Figure 5.8).
This would mean no data loss occurs during conversion to grayscale images thus making the
resulting variability analysis more rigorous.

Characterisation of through-thickness wrinkling for multi-layer NCF layups

Future work should consider extending the characterisation in this thesis to investigate the
severity of wrinkles through the thickness of multi-layer NCF layups. The proposed characteri-
sation methods in Chapters 3-4 are optimised for the study of single fabric forming because
the 3D-DIC can only measure the wrinkle patterns for the top-most NCF. Therefore in terms
of multi-layer NCF forming, which is more representative of industrial preforming, it is not
clear how the wrinkling severity would vary across the thickness of the layup. This could be
experimentally investigated by capturing the deformed surfaces of each NCF layer at the end
of forming through one of the aforementioned alternative surface scanning methods. Then by
using the proposed wrinkle calculation approach (Figure 3.3), the wrinkle amplitudes for each
layer could be obtained and compared. Such an investigation would additionally aid in better
understanding the effect of inter-ply friction on wrinkling severity, which was partially explored
in Chapter 4 and has received more attention in recent years (Chapter 2), but for which more
study is needed.

Extension of characterisation to different NCF material systems

The method developed for the characterisation of wrinkling behaviour (Chapter 3) and its
variability (Chapter 4) should be applied to NCF material systems beyond the particular biaxial
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NCF (±45° NCF with a pillar stitch) that was predominantly investigated in this study. Thus
future work could consider characterising other NCF material systems with different numbers
of layers (e.g. UD-NCF), stitch types (e.g. tricot or tricot-pillar stitch), layer orientations
(e.g. 0°/90°) etc. This would extend upon the work of Arnold et al. [25] that quantified the
relative wrinkling severity for a range of NCFs and the work of Mei et al. [26] that qualitatively
compared the defects between two biaxial NCFs.

From the results of Chapter 3 and Chapter 5, it was found that the mascroscale wrinkles
occurring in positive shear, where shearing is restricted, are more severe than those in negative
shear (Figure 5.15). As this restriction in shearing causes the asymmetric shear behaviour of
this NCF, it is suggested that the more symmetric the fabric shear behaviour, the less severe the
wrinkling is likely to be. A similar suggestion was made in the recent work of Krieger et al.
[31]. Thus it would be of interest to do a direct comparison of the results of this study with
a tricot-stitched biaxial NCF, which has been shown to be less asymmetric in shear [31] or a
biaxial NCF with a 0°/90° architecture, which has been shown to have negligible asymmetry
[26]. This would allow the identification of the optimal ‘off-the-shelf’ biaxial NCF architecture
for minimal wrinkling.

Additionally, extending the characterisation to other NCFs will allow for the method to
be tested with other NCFs, in particular how well the proposed 3D-DIC method in Chapter 3
works with alternative stitch patterns, for which the stitches are more prominent and thus
could affect the performance of the 3D-DIC to track facets during forming. The novel strain
calculation method (Figure 3.4) that was developed for biaxial NCFs in Chapter 3 should also
be tested with UD-NCFs or triaxial NCFs to see if it can be adapted to calculate strains for
these fabrics as well. If so, it could be used as a generalised strategy for strain calculations for
NCFs, for which only one set of fibre tows can be tracked from one side (in contrast to woven
fabrics). Finally, comparisons of the fibre strains and wrinkling amplitudes would provide
important insights into the wrinkling mechanisms of UD-NCFs and triaxial NCFs, which have
previously had limited attention in the literature, with the exception of the work by Schirmaier
et al. [201, 202] for UD-NCFs.

6.3.2 Effect of tool geometry on wrinkling

Effect of geometry on wrinkling variability

The experimental investigation into wrinkling variability in Chapter 4 considered the effects of
different process parameters (Figure 4.2) but did not include the effect of tool geometry. Thus
the effect of differing tool geometries on wrinkling variability could be investigated as part of
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future work, using a simulation-based approach and/or an experimental approach. As suggested
above, a photogrammetry approach could be used to avoid the high costs of using 3D-DIC
while capturing the full deformed fabric. To reduce the costs associated with tooling, additive
manufacturing (‘3D printing’) could be utilised to develop a modular tool geometry to which
features/blocks could be added or removed as necessary [203], allowing for various similar tool
geometries with gradually changing features to be compared in terms of wrinkling variability
and severity. Such an approach would allow for an efficient way to validate wrinkling forming
models under different tool geometries, each of which could potentially trigger numerical
instabilities that do not correlate with reality [110]. Furthermore, based on using such modular
tooling and characterising each of the geometries that are tested, the findings from Chapter 5
regarding how different geometry characteristics affect wrinkling severity (Figures 5.16-5.17)
could be validated against experimental results.

Expanding understanding into the effect of geometry

There are a number of ways in which the investigation into the effect of geometry in Chap-
ter 5 could be expanded upon as future work. Firstly, the trained surrogate model could be
implemented within an optimisation scheme for improving the design of a particular case study
geometry within certain constraints. Then once the optimal design is found, the reduction
in wrinkle severity and improvements in component structural integrity could be evaluated.
Additionally, numerical comparisons could be made between the press forming and DDF
processes with respect to the same range of tool geometries, to understand how generalisable
the findings of Chapter 5 are. Lastly, a separate, more controlled study into the effect of each
geometry characteristic (Figure 5.6) could be considered. This would be done by using different
sets of geometries where within each set only one characteristic or geometrical parameter is
gradually modified. Thus this avoids any potential secondary effects from other varying aspects
of the generated geometries. Therefore, such an additional study could give more clarity and
help validate the correlations observed between geometry characteristics and wrinkling severity.

Characterisation of numerical variability and robustness of wrinkling predictions

Combining the methods of Chapter 4 and Chapter 5 allows the numerical variability in wrinkling
predictions to be investigated. By applying the variability characterisation method on the
processed wrinkling images from the finite element simulations under slightly varied simulation
conditions (e.g small pre-defined changes to the geometry), the numerical variability of the
finite element simulations could be investigated. From this analysis, the noticeable variability
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in the wrinkling patterns for hemisphere-like geometries (Figure 5.22b) can be analysed to
understand what causes these unexpected changes in wrinkling behaviour. This builds on the
findings on Harrison and Gonzalez Camacho [110] who noted that using their semi-discrete
forming model, the growth direction of wrinkles could suddenly change during the forming
process due to numerical instabilities and stressed the importance of evaluating the robustness of
forming models, which is typically not done in the literature. Such an investigation would allow
the robustness of the macroscale wrinkling model used in Chapter 5 [63] to be investigated
while also potentially provide a method for improving the phenomenological predictions of the
surrogate model developed.

Expanding the capabilities of the surrogate model

As the surrogate model for wrinkling prediction in Chapter 5 is a proof of concept, there
are numerous ways in which its capabilities can be expanded to make it more useful for
the purposes of improving composites forming. Firstly, the structure of the surrogate model
(Figure 5.11) could be expanded by implementing additional input channels related to the
fabric layup and process conditions, in order to build a more complete, simple-to-use geometry
optimiser for industrial purposes. Furthermore, the potential of using ‘transfer learning’ [204]
for improving the extrapolating performance of the model should be explored. This could be
done by retraining the surrogate model using additional data related to a new class of geometry
that would otherwise be poorly predicted and then examining the performance of the retrained
model. Finally, the investigated geometry set used to train the surrogate model could be adapted
based on an alternative geometry generator that is more closely related to larger industrially
relevant components. For example, this could be a high aspect ratio spar geometry (Figure 2.4),
that is common in the aerospace industry [45, 44].

Development of stochastic wrinkling simulations

The macroscale finite element model utilised in Chapter 5 has been shown to be able to
model fabric wrinkling behaviour [63, 57], but the results of Chapter 4 show that in reality the
resultant wrinkle patterns are subject to variability. Thus developing a forming simulation that
is able to incorporate this wrinkling variability would be advantageous in order to quantify
the uncertainty in model wrinkling predictions. This could be achieved through extending
the stochastic modelling approaches outlined in Chapter 2 to material models capable of
wrinkling prediction, such as the one used in Chapter 5. As an alternative approach, the
latter simulations could be repeated with small variations in the material parameters to assess
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how small fluctuations impact the resultant wrinkling patterns. Furthermore, the results from
these simulations could be assessed in terms of wrinkling variability using the pre-processing
steps (Figure 5.8) from Chapter 5 and the variability characterisation method (Figure 4.3)
from Chapter 4. Through introducing variability into the material tow orientations and the
simulation process parameters, it would ensure that the forming simulations accurately reflect
the variability in the process, giving greater confidence in the results and identifying the worst-
case scenarios. While this would undoubtedly result in computationally costly simulations
[111], it could be a useful approach as a final validation step before proceeding to manufacture.
However, for this approach to be viable, the observed numerical variability in the wrinkling
simulations (Figure 5.22) needs to be first understood and minimised such that it can be
decoupled from the material and process related variability.

Surrogate model-based design optimiser for mitigating wrinkling defects

The deep learning surrogate model developed for wrinkling prediction in Chapter 5 has tremen-
dous potential. Such an approach could be extended to develop a composites component
design tool that incorporates experimental and simulation data to be able to rapidly provide
the predicted defect formations for any given proposed design based on a trained surrogate
model. Thus this would allow engineers to efficiently identify the most promising designs
from a manufacturing perspective [107]. As a result, it would no longer be necessary to run
expensive FE forming simulations for each proposed design as the resulting deformed preform
and wrinkling patterns could be obtained instantaneously. This could be implemented within an
existing CAD software or an alternative graphical user interface, allowing design modifications
to be made on the fly in an intuitive manner. Combined with other key design targets, such a
deep learning surrogate model approach could enable an entirely new design process where
given designs can be ‘instantaneously’ evaluated in terms of the final component performance
with respect to these targets. Such a proprietary interface has already been proposed by a startup
company Monolith AI for general engineering applications [205]. However, further work is
required to make this approach functional within the composites design and manufacturing
context where complexities associated with component layups, manufacturing routes, fabric
variability and choice of resin need to all be additionally considered to assess overall component
performance.
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Appendix A

Experimental forming rig development

This appendix is supplementary to Chapters 3-4. It outlines how the experimental forming rig
utilised was developed, explaining the improvements and design choices that were made in
upgrading the inherited forming rig (Section A.1). These include the choice of a DIC system
arrangement (Section A.2), the selection of a new actuator system (Section A.3) and the design
of a new control system (Section A.4).

A.1 Upgraded forming rig

A.1.1 Inherited rig

The experimental forming rig used in this thesis was developed based on a forming rig inherited
from the work of Arnold et al. [25]. This inherited rig was developed over a number of years
by successive MEng students at the University of Cambridge Department of Engineering
[206–208]. It was originally inspired by a rig proposed by [209] for the draping of fabrics. A
schematic of the inherited setup is shown in Figure A.1. It consists of a hemispherical punch of
75 mm in radius, connected to a photographic enlarger head and powered by a stepper motor,
allowing it to move down to deform a circular fabric sample of diameter 380 mm. The sample
is held in place by a clamping ring of inner diameter 287 mm and dead weights hung from a
weight ring placed on top of the clamping rig. The deformation of the fabric is captured by
a single DSLR camera that is fixed below the rig, allowing the surface wrinkle amplitudes to
be calculated at discrete forming intervals through a ‘shape-from-focus’ approach [25]. The
movement of the punch is controlled by a control algorithm developed in LabVIEW and the
punch force on the fabric is recorded via a load cell. While this forming setup has been to be
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capable to wrinkle severity characterisation, it was found to be limited in a number of ways
that motivated the need for it to be upgraded, as will be described below.

Fig. A.1 The inherited experimental forming setup developed by Arnold et al. [25].

A.1.2 Improvements made to inherited rig
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Fig. A.2 The upgraded forming setup used in this thesis.
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The upgraded forming rig that was used in this thesis is shown in Figure A.2 and its key features
have been previously described in Chapter 3. Relative to the inherited rig, the original frame,
supporting rig and weight ring are preserved but numerous changes are otherwise made to
improve the operation and functionality of the rig. The following are the key improvements or
changes that have been made:

• 3D digital image correlation (DIC) system: the 3D-DIC system replaces the singular
digital camera in the original setup and enables the continuous measurement of wrinkle
amplitudes and fabric surface strains, meaning that the development of wrinkling can be
related to the development of strains in the fabric. Thus further understanding into the
underlying wrinkle mechanisms can be made.

• Orientation of the forming direction: The forming direction in the upgraded forming
rig is reversed such that the punch geometry moves upwards instead of downwards. The
compatibility of different rig orientations with the 3D-DIC system were evaluated in
Section A.2 and it was found that this arrangement was the only feasible one.

• Improved actuator system: a new linear actuator system assembly, consisting of a linear
actuator, a more powerful stepper motor with encoder and a new motor driver/controller,
is added to replace the photographic enlarger head and stepper motor in the original
setup. This linear actuator system ensures the smooth and consistent motion of the punch
geometry throughout the forming process, which was not possible with the enlarger head
and undersized motor in the original rig. More details regarding the design of the new
actuator system are detailed in Section A.3.

• Closed loop motor control system: to accommodate the new actuator system, a new
control system had to be designed to operate the forming rig and ensure consistent
movement of the forming punch during each test. The addition of the encoder allows
the motor speed and position to be closely monitored and controlled during operation
meaning that the precision of the punch movement can be ensured, which was not
previously possible. Details regarding the motor control system and the associated
graphical user interface (GUI) are shown in Section A.4.

• Top blank holder: in the inherited setup, there is a large gap between the blank holder
and the punch geometry meaning that the fabric does not conform to the surface of the
geometry during forming, contrary to an industrial forming process. In the upgraded
rig, the distance from the geometry to the inner perimeter of the blank holder is reduced
from 68.5 mm to 15 mm. For the hemisphere, this is achieved by introducing a wider top
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blank holder with a smaller forming diameter (d f ) of 180 mm (reduced from 287 mm -
see Figure A.3a). While the 180 mm blank holder is used in most of the hemispherical
forming tests in this thesis, the wrinkling variability results between the two blank holders
are compared in Chapter 4.

• Additional punch geometries: three additional punch geometries (triangular prism,
tetrahedron and double dome - see Figure 3.1c) were manufactured to allow for the
effect of tool geometry on wrinkling behaviour to investigated. Like the hemispherical
tool, these punch geometries were manufactured out of modelling board. For each
geometry, an associated top blank holder was manufactured from 10 mm thick Perspex
that maintains a constant distance of 15 mm distance between the inner perimeter of the
blank holder and the outline of the tool geometry (Figure A.3b).

28
7383

68.5 15

18
0

383

a) Hemisphere blank holders

287 mm 180 mm
b) Blank holders for additional punch geometries

Triangular Prism Tetrahedron Double Dome

15 15
15

383
383 383

Y

X

Fig. A.3 a) The two blank holders used with hemisphere punch geometry, with inherited blank
holder (left) having a forming diameter (d f ) of 287 mm and the new blank holder (right) having
a d f of 180 mm. b) The blank holders designed for the additional three punch geometries
investigated. The distance between the outline each of geometry and the inner blank holder
perimeter is constant at 15 mm. All dimensions shown are in mm and the blank holders are all
made out of 10 mm Perspex.
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A.2 DIC system arrangement

Table A.1 The four different orientations of the DIC system relative to the forming rig that were
considered, with the respective advantages and disadvantages of each option shown. Note that
the schematics show the case of hemispherical forming with a forming diameter of 287 mm
(the inherited forming scenario).

Option Description Schematic
Advantages (+) and

disadvantages (-)
Feasibility

1
DIC system

below
3D DIC System

Punch

Fabric
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+ Inherited forming
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- Required camera

distance not possible

✗

2
DIC system

on side

3D DIC
System

Fabric Punch 287 mm

+ Required camera

distance possible

- Cannot easily apply

blank holder force

- Process not industrially

representative

- Difficulties in placing

rig horizontal

✗

3
DIC system
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with mirror

3D DIC 
System

M
irr

or

Punch

Fabric

45°

287 mm

+ Required camera

distance possible

+ Inherited forming

configuration

- Mirror makes system

calibration impossible

- Image distortion

possible

✗

4
DIC system

above

3D DIC System

Fabric

Punch

287 mm

+ Required camera

distance possible

- Limits maximum rig

height

- Forming direction

reversed (from inherited)

✓
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Four different orientations of the DIC system relative to the forming rig frame were investigated
in order to identify the most feasible arrangement, with the results summarised in in Table A.1.
It shows that the only feasible arrangement, is option 4 with the DIC system above the rig and
the forming occurring from below. However, this configuration also presented a geometric
limitation on the maximum height of the upgraded forming rig. This is because to be able to
track the deformation of the fabric sample, the two DIC cameras need to be 960 mm away from
the fabric surface and they can only be raised to a maximum of 1400 mm above the ground,
due to the tripod. Therefore, the maximum height of the rig was limited to 1400−960 = 440
mm and this informed the choice of the actuator system (Section A.3).

A.3 Actuator system

Belt Drive

Support Structure

Stepper Motor
w/Encoder

Rod Attachment

Rod

Punch

Limit Switch

Load Cell

Frame

200 mm

Linear Actuator

Fig. A.4 Labelled assembly of the actuator system fitted onto the forming rig, shown from the
side view.
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Inherited actuation system

The actuation system on the original rig (Figure A.1) was deemed inadequate because it could
not provide a consistent movement of the punch that would allow for continuous deformation
tracking. This was due to the rack and pinion actuation system within the original enlarger head
which was manufactured to an inadequate tolerance, meaning there were significant variations
in punch speed during forming. Furthermore, the stepper motor was undersized and thus began
to struggle at higher loads resulting in inconsistent punch movements. In addition, the system
had no feedback loop to ensure that the punch had moved the desired distance, which could
lead to inaccuracies.

Upgraded actuation system

The upgraded actuator system is shown in Figure A.4, consisting of a linear actuator, a stepper
motor with encoder and a custom built supporting steel structure that connects the system
to the rig frame and the punch geometry. The linear actuator selected is the igus® drylin®

SLW-1040 linear module with a trapezoidal 10 mm × 2 mm lead screw and a stroke of 200
mm [210]. This actuator is chosen because it fits within the dimensional constraints of the rig
(Section A.2) and is able to raise and lower the punch consistently. The trapezoidal lead screw
in the linear actuator also provides high positional accuracy, and because it is self-locking
it also prevents the punch from moving back on itself under gravity [211]. The actuator is
powered by a NEMA23 stepper motor with an encoder [212]. The stepper motor was selected
to be more powerful than in the original forming rig (NEMA19) to ensure that there would
be no issues with overloading. The encoder was chosen so that the actuator position could
accurately be measured and a closed-loop control could be implemented.

To ensure a better fit within the dimensions of the rig, the stepper motor is connected to
the linear actuator via a belt drive so that it could be fitted in parallel to it and not in series,
thus reducing the total length of the system (see Figure A.4), as required by the DIC system
arrangement (Section A.2). In order to attach the linear actuator within the existing forming rig
frame, an adjustable supporting steel structure was manufactured. To attach the punch to the
actuator, a steel attachment with a cylindrical rod was made that connects to the carriage of the
linear actuator. The punch geometry and the load cell [213] are attached to the steel rod. The
punch is fitted so that it is as close to the vertical axis of the actuator in order to minimise any
adverse moments that could affect its movement. Two limit switches were fitted at the top and
bottom of the actuator stroke, to provide limits for the punch movement. They also provide a
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reference position from which to calculate the absolute punch displacement within the control
system.

A.4 Closed loop motor control system

Motor driver/controller

A combined driver and controller system, the Arcus ACE-SDE [214], was selected to control
the actuator system. This system is wired to the stepper motor and encoder, and controlled
through a purpose-made LabVIEW control algorithm.

Control algorithm and GUI

The control algorithm for the forming process was designed and implemented in LabVIEW
and replaces the inherited control algorithm used for the original forming rig. The algorithm
provides a simple graphical user interface (GUI) (Figure A.5) to control the punch movement
and provide a repeatable test sequence that will ensure that the punch moves in the same
predictable way during each repeated test. The critical features of the control algorithm and
GUI are:

• Encoder data used to feedback to the controller and create closed loop control.

• Automated movement of the punch to the test ‘start’ position at which the punch lies
immediately below the fabric.

• Easily adjustable punch displacement and velocity variables.

• One button operation to start test and one button to reset punch to start position.

• Pop-up display to indicate the end of the test.

• Ability to record accurate load-displacement data for each test.
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Fig. A.5 The graphical user interface (GUI) of the control algorithm, developed in LabVIEW,
that is used to control the experimental forming rig.



Appendix B

Procedure for experimental forming tests

This appendix provides supplementary information relevant to Chapters 3-4 as it outlines the
detailed experimental procedure for the forming tests. This experimental procedure is divided
into four distinct parts: sample preparation (Section B.1), 3D-DIC preparation (Section B.2),
rig preparation (Section B.3) and test procedure (Section B.4). The outlined procedure was
developed specifically for the purposes of this thesis and is designed for the rig shown in
Figure 3.2. More details regarding the development of the rig are shown in Appendix A while
additional details for the speckle pattern application process are described in Appendix C.
Beyond the forming rig and the 3D-DIC system (GOM ‘ARAMIS 12M’ - Table 3.2), and
their associated software and equipment, the procedure makes use of the following specialised
equipment:

• GOM ‘CP20/350’ calibration panel

• Circular template of diameter 380 mm

• Rotary cutter [215]

• Spray can gun, modified with a threaded screw (Figure C.2)

• Graphite powder spray [216]

• White flaw detector spray [217]

• Adhesive spray [218]



Procedure for experimental forming tests 213

B.1 Sample preparation

1. Layout a roll of NCF fabric onto an even cutting surface. Place cardboard underneath the
fabric to aid in the cutting process.

2. Place a circular template of diameter 380 mm onto the fabric such that the stitch aligns
with the straight line drawn across the centre of the template. This ensures that each cut
sample is consistent in terms of the stitch pattern.

3. Distribute four flat dead weights of 1 kg each onto the template in order to hold it in
place during the cutting procedure.

4. Using a rotary cutter, carefully cut around the template to get a circular fabric sample.
Multiple passes of the cutter around the sample are required.

5. Weigh the sample mass using a scale accurate to ±0.01 g.

6. Select the particular punch geometry to be used for the forming test and take the top
blank holder associated with that punch.

7. Place the blank holder onto centre of the sample such that it is aligned in a way that it
matches the desired orientation of the sample relative to the punch/blank holder during
the forming test.

8. Carefully draw a path around the inner perimeter of the blank holder using a paint marker.
The inside of this perimeter is to be sprayed with a speckle pattern and represents the
area that will be tracked during the forming test using the 3D-DIC.

9. On the outside of the circle, mark the sample with a number using the same paint marker
for identification purposes.

10. Hang up the NCF such that its surface is perpendicular to the ground, using tape to hold
it in place.

11. Define a spraying line that is parallel with the surface of the sample 500 mm away in the
perpendicular direction, measured using a ruler that is secured to the floor.

12. Prepare the spray can gun attachment such that the distance between the two fixed nuts
on the protruding screw is 19.00 mm. Verify this using a Vernier caliper.
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13. Using the spray can gun attached to the graphite spray can, evenly spray the surface
of the sample with one coat of graphite spray as the base layer for the speckle pattern.
The spraying should be done from behind the spraying line with the spray can nozzle
perpendicular to the sample. Throughout the process, have the spray can gun trigger
pressed as far as it can go to ensure a constant flow. Start the spraying away from the
sample and then move horizontally across the sample at a constant speed. Then move
down the sample and repeat going in the opposite direction, until you have covered the
area within the marked perimeter with one layer of graphite.

14. Remove the sample, lay it flat on the ground or on a table and let it rest for at least five
minutes before proceeding with the next step.

15. Using the flaw detector spray (nozzle diameter of at least 0.6 mm required), very lightly
press (a quarter of a full press) on the spray can such that the white powder spray spits
out and leaves speckles of approximately 3 mm in diameter. Spray at a 45° angle from a
distance of 200 mm away and continually sweep can from left to right, and vice versa to
get the best results.

16. Continue spraying until there speckle pattern is evenly distributed and there are no empty
spots within the marked perimeter. Note that it can take a few seconds for the speckles to
appear.

17. Re-weigh the sample using a scale to determine the amount of mass deposited on the
surface by the speckle pattern.

18. Check for the effect of the speckle pattern on the fabric’s bending stiffness by placing
a treated and an untreated sample halfway over the edge of a table and check that they
deform by a similar angle. Align both samples such that stitching runs perpendicular to
the edge of the table. If there is a vast difference in the bending angle (greater than ±5°),
scrap the treated sample and repeat from step 1.

19. Repeat all steps to produce the required number of samples.



Procedure for experimental forming tests 215

B.2 3D-DIC preparation

1. Power on the GOM 3D-DIC system cameras, lights and attached PC. Allow at least five
minutes for them to warm up.

2. Set up the GOM cameras with 50 mm Titanar lenses and no lens extensions.

3. Rotate the cameras such that the lenses point parallel to the ground.

4. Following the instructions provided by GOM for a measuring volume of 350 mm × 260
mm and using the scale on the camera rig, set the slider distance to 396 mm for both
cameras, measured from the inner edge of the cameras to centre of the camera rig.

5. Using gloves, set up the calibration panel (dimensions 350×280 mm) on a tripod in
front of the cameras such that the calibration panel is 960 mm away from the cameras
(measured from the square at centre of cameras to the front surface of the calibration
panel).

6. Secure the wheels on the GOM camera rig so that it cannot longer be moved relative to
ground.

7. Open a new project in the ARAMIS Professional 2016 software and in the ‘Set Up’ view
accurately adjust the position of the cameras such that the crosshairs of both cameras
point at the centre of the calibration panel and the laser dot. Ensure that the slider distance
does not increase beyond 396 mm. If necessary, move the camera rig slightly closer to
the calibration to accommodate.

8. Open the camera apertures fully and adjust the focus using the focus ring on each camera
until the text on the calibration panel is fully in focus.

9. Position the two lights such that they are above each respective camera and pointed
towards the centre of the calibration panel.

10. Set the polarisation filters on the lights and cameras, following the instructions provided.

11. Adjust the aperture on one camera to 8 mm (providing a depth of field of 150 mm) and
then adjust the other camera’s aperture until they both display the same image intensity.

12. From the ARAMIS software, start the calibration process.
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13. Following the on-screen instructions, sequentially rotate the calibration panel and take
images until all the calibration steps have been completed.

14. Check that the calibration was successful and record the calibration accuracy.

15. Rotate the cameras to pointing towards the ground and raise them as high as possible on
the camera rig (such that cameras are approximately 1.4 m above the ground).

16. From this point onwards, do not adjust the position of the cameras or lights relative to
each other.

B.3 Rig preparation

1. Place experimental rig on the floor below the GOM cameras such that the two grooves
on the supporting ring are aligned in parallel with the top/bottom edges of the GOM
camera views. Use a ruler on the GOM computer screen to ensure that the grooves, as
seen from both cameras, are all aligned along a horizontal line across the screen. This
enables the alignment of the initial stitch direction (‘0’ direction) of the NCF material
along the global X direction.

2. Fix the experimental rig in place using tape or similar.

3. Attach the desired punch geometry to the screw thread above the load cell and, if it is
not a hemisphere, ensure that it is correctly orientated relative to the grooves on the
supporting ring.

4. Check that the laser dot points at the centre of the tool geometry. Ensure, using a ruler,
that the distances from laser dot to the inner perimeter of the blank holder are as expected.
Adjust carefully if necessary.

5. Using gloves, place a prepared NCF sample into the rig for reference. Adjust the height
of the cameras until the crosshairs on both cameras align with the laser dot.

6. Connect the additional electrical equipment (motor, controller, power supply, load cell,
amplifier and laptop) to the forming rig.

7. Power on the dual power supply such and adjust such that one supply outputs 12V to the
controller and the other 24V.
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8. Power on the laptop used to control the forming process, and load the associated rig
control file (‘NCF_Forming_Rig_Control_System.vi’) in LabVIEW 2014.

9. Select the name of the attached punch geometry from the drop-down menu in the
graphical user interface (GUI).

10. Specify the desired punch displacement (75 mm by default) and punch velocity (1 mm
s−1 by default) in the GUI.

11. Using gloves, remove the NCF sample from the rig.

12. Press ‘Run’ in LabVIEW at which point, the punch moves and resets to its initial test
position.

B.4 Test procedure

1. Remove the top blank holder and weight ring from the rig.

2. Using gloves, place the NCF sample(s) onto the supporting ring, ensuring that the correct
layup orientation is achieved and that the stitch direction of the top-most sample is
aligned with the horizontal edge of the two GOM camera views and and an imaginary
line drawn through the two grooves on either side of the supporting ring. Ensure that
there is minimal slack in the fabric.

3. Place the top blank holder and the weight ring back onto the rig.

4. Attach hanging dead weights (of 2 kg each) onto the weight ring (by default a total of 8
kg). Attach the weights equally on the four hooks of the weight ring such that the weight
on opposing hooks is the same.

5. Adjust the height of cameras such that the crosshairs at centre of each camera image line
up with the laser dot on the surface of the fabric.

6. Take a reference image in the ARAMIS software.

7. In the software, define a ‘Surface Component’ and draw a polygon around the edges of
the visible sample. Set facet size to 26 pixels and facet distance to 20 pixels.

8. Check the pattern accuracy of speckle pattern using the software. If low accuracy, remove
the top sample and spray more white speckles (Section B.1) in order to produce a better
speckle pattern.
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9. In the software, click on ‘Start Measuring Sequence’: set the image capture rate to 1 Hz,
the maximum number of images to 80 and specify ‘lightgate’ as the preferred method to
start recording. Click ‘OK’.

10. In LabVIEW, press ‘Start” in the GUI, leading to a pop-up window to define the file
in which the punch load and displacement data will be recorded. Name the document
accordingly with the file type ’.csv’.

11. Simultaneously press OK on the pop-up in LabVIEW and the button on the lightgate
switch in order to start the forming process and the DIC image capture at the same time.

12. Wait for the test to complete at which point a pop-up will show up in the Labview GUI.
Click OK.

13. Press ‘Reset’ in the LabVIEW GUI to return the punch to its default position.

14. Spray the deformed sampled generously with an adhesive spray to secure the deformed
sample in place. To avoid the adhesive getting onto the rest of the rig, use a piece of
paper with a cutout in the shape of the top blank holder.

15. Carefully remove the weights, the weight ring and the top blank holder.

16. Using gloves, take care to remove the NCF sample from the supporting ring without
affecting its deformed shape.

17. Wait until the images have all been processed and then save the .aramis file.

18. Using the ARAMIS software, export the X, Y, Z coordinates and number of each facet
point on the fabric surface as a .csv file for all the recorded stages (images) of the forming
process.

19. Repeat all steps for the other prepared samples.

20. Post-process the .csv files in MATLAB in order to determine the wrinkle amplitudes,
fibre strains and shear angles (Chapter 3).



Appendix C

Speckle pattern application

The following is supplementary detail related to Chapters 3-4 explaining how the speckle
pattern method for preparing fabric samples for the experimental forming tests was developed.

A non-traditional speckle pattern application method was developed in order to minimise
any unintended effects of the speckle pattern on the fabric deformation and wrinkling behaviour.
A speckle pattern is needed in order to make DIC tracking possible. However, as noted by
Harrison et al. [50], spray paint, which is typically used for DIC, cannot be used on fabrics
because it drastically increases the bending stiffness of the fabric, resulting in unrealistic fabric
deformations during forming. A number of alternatives to spray paint were qualitatively tested
in Section C.1. Based on this, it was decided to apply the graphite powder as a base layer [50]
and the flaw developer on top of this to create the white speckles.

The application of the graphite is carefully controlled (Section C.2) and optimised because
it was found that applying excess graphite could still significantly affect the fabric’s bending
stiffness. To achieve more repeatable and even spray across multiple samples, the spray
pressure, orientation and amount of graphite are carefully controlled. Furthermore, the effect
of the graphite on the fabric is minimised by optimising the spraying distance (Section C.3).

The speckles are evenly applied using the flaw developer spray (Section C.2). This low-
density, dry powder sits on top of the fabric surface, without affecting its deformation. For
each sample, only the area of the sample that is visible to the DIC cameras (within the inner
perimeter of the blank holder) is sprayed.

The complete steps for applying the speckle pattern are outlined as part of the complete
experimental procedure in Appendix B with more details regarding the speckle pattern material
selection (Section C.1), controlled application (Section C.2) and spray distance optimisation
(Section C.3) described below.
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C.1 Speckle material selection

Table C.1 The six different speckle pattern material options that were considered, with their
respective advantages and disadvantages shown.

Option Description
Image

(applied on fabric)
Advantages (+) and

disadvantages (-)
Feasibility

1 Acrylic paint

10 mm

- Colour not visible

- Seeps into fabric

- Deformation affected

- Time dependent

✗

2 Transfer paper

10 mm

+ Visible pattern

- Paper bonds tows together

- Deformation affected

- Application requires heating

✗

3 Plastic primer

10 mm

+ Visible pattern

- Faded colours

- Requires large amounts

- Time dependent

- Deformation affected

✗

4 Paint marker

10 mm

+ Deformation unaffected

- Faded colour

- Labour intensive

- Speckles too large

- Cannot remove reflectiveness

✗

5
Flaw detector

spray

10 mm

+ Spray stays on surface

+ Time independent

+ Deformation unaffected

+ Clear colour/pattern

- Easy to brush off

✓

6 Graphite spray

10 mm

+ Eliminates reflectiveness

+ Time independent

+ Does not come off

- Deformation (minimally) affected

- No contrast with black carbon

✓
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An investigation was carried out to determine the most suitable material to apply a speckle
pattern on a carbon fibre biaxial NCF without affecting its deformation properties, with the
results summarised in Table C.1. Each possible material was sprayed or applied onto a sample
of NCF and then its pattern clarity and effect on the fabric were evaluated. The results showed
that out of the six options considered, there were only two feasible material choices for the
speckle pattern: the white flaw detector spray (option 5) and the black graphite spray (option 6).
To take advantage of the strengths of each, it was decided to use both of them in combination
for spraying the forming samples. To remove the reflectiveness of the carbon fibre [50], the
graphite was used a black base layer with the flaw detector spray used to spray on white
speckles. The particular flaw detector spray used is the ‘Ambersil Flaw Detector Developer 3’
[217] and the graphite spray chosen is the ‘Kontakt Chemie Graphit 33’ [216].

C.2 Controlled application of speckle pattern

As shown in Figure C.1a, the speckle pattern is applied in two distinct steps, with first the
graphite powder spray applied as a black base layer and subsequently, the flaw developer
spray applied to create the white speckles. The methods for applying each of these sprays
are distinctly different with particularly the application of the graphite spray being tightly
controlled in order to minimise its impact on the fabric’s deformation during forming.

Graphite spray application

For applying the graphite spray (Figure C.1b), the fabric sample is hung up vertically on metal
railings and a spraying line is made along the ground at a distance of 500 mm away from the
surface of the fabric. The sample needs to be vertical so that the graphite can be sprayed with
the spray can vertical, ensuring the most consistent and repeatable spray flow. The spraying of
the graphite is done using the modified spray can gun in Figure C.2 that ensures the pressure to
be controlled and kept constant for all samples. For the spraying, the operator presses down
the gun trigger to its limit (set by xspr) and moves the gun horizontally across the sample
at a controlled speed. xspr is fixed at 19.00 mm for all samples. Once a horizontal line has
been sprayed, the gun is lowered slightly and the process is repeated until the area within the
marked-out perimeter is fully covered in a single layer of graphite. The spraying distance is
chosen to be 500 mm because this was found to be optimal spraying distance at which the
amount of graphite is such that the reflectiveness of the carbon fibre is removed but the graphite
has a negligible impact of the fabric’s bending stiffness (Section C.3)
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Fig. C.1 An outline of speckle pattern application process: a) the NCF sample before (untreated
- left), during (treated with a graphite base layer - middle) and at the end of the process (treated
with both graphite and the white speckle pattern), b) a schematic of the graphite application
process where the sample is hung up vertically and the graphite is sprayed using a spray can
gun from a distance of 500 mm, c) a schematic of the speckle application process where the
flaw developer spray is applied with the sample flat on the ground and the spray can at 45° to it.
The spray can is pressed lightly in order to create the speckles.

Flaw developer spray application

As depicted in Figure C.1c, the flaw developer spray is applied with the fabric on a flat surface
and the spray can pointed down at a 45° angle, while the nozzle is pressed very lightly such
that the spray periodically ‘spurts out’ with speckles. To ensure that speckles are produced
it is required that the nozzle of the spray can is at least 0.6 mm wide. The spraying is done
with the spray can approximately 200 mm above the sample. During spraying, the spray can is
moved back and forth across the fabric surface until the area within the marked-out perimeter
is covered in a speckle pattern of regular density.
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a) b)

c)

120
mm

= 19.00 mm

Fig. C.2 An outline of the modified spray can gun: a) side view of gun attached to the graphite
spray can, b) close-up side view of the spray can gun showing the exposed bolt distance (xspr)
which controls the maximum trigger movement and thus the spray flow rate, and c) close-up
front view of the spray can gun showing how the bolt limits the trigger movement.

C.3 Optimisation of graphite spraying distance

An optimisation study was carried out to ensure that a minimal amount of graphite is applied that
still achieves a suitable speckle pattern without significantly affecting the fabric deformation.
This optimisation was conducted by measuring the bending stiffness of rectangular (325 mm
× 37.5 mm) NCF samples before and after spraying with graphite. The samples are cut with
the fibre tows of one layer aligned with the longer sample edge and five samples are sprayed
at distances of 200 mm, 300 mm, 400 mm, 500 mm and 600 mm respectively. The bending
stiffness of the fabric is measured using the standardised cantilever test, originally developed
by Peirce [219]. The experimental rig developed for this test, based on the ASTM standard
D1388 [64], is shown in Figure C.3.

With an incline (φ ) of 41.5° designed into the rig, the linear bending stiffness per unit width
along the fibre tow direction (B f i) can be calculated from the overhang length of the fabric
(lover[m] - shown in Figure C.3) as follows [219]:

B f i[Nm] =Wg
(

lover

2

)3

(C.1)

where W is the ‘areal weight’ = 0.44 kg m−2 and g is the acceleration due to gravity = 9.81 m
s−2.
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lover

41.5°
350 mm

Fig. C.3 The experimental rig used for the cantilever test that measures the bending stiffness of
a fabric, designed according to ASTM standard D1388 [64]. This rig was inherited and not
developed as part of this thesis.

The results of this investigation are shown in Figure C.4, showing that the minimum graphite
spraying distance, at which the bending stiffness of sample treated with graphite is equivalent
to the untreated sample’s bending stiffness is 500 mm. This spraying distance is thus used for
the spraying of the forming samples (Figure C.1b and Appendix B).
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Fig. C.4 The effect of graphite spraying distance on bending stiffness of rectangular samples of
a biaxial non-crimp fabric, with the bending stiffness of each sample measured before and after
the spraying of the graphite.



Appendix D

Benchmark wrinkle generator and
decoupling validation

The following is supplementary material to Chapter 4. It describes the generator used to
generate the fictitious benchmark wrinkle surfaces (Section D.1), the details relating to the
generated reference wrinkle pattern (Section D.2), and how the wrinkling variability calculation
method is validated in being able to produce decoupled results in terms of wrinkle amplitude
and wrinkle location (Section D.3).

D.1 Wrinkle generator

In order to evaluate the proposed wrinkling variability method, a parametric wrinkle generator
is developed in MATLAB that utilises a number of sinusoidal waves orientated (and increasing
in amplitude) radially on a circular sample. The generated wrinkles are loosely based on the
wrinkle patterns seen when a circular sample of biaxial NCF is formed over a hemisphere with
a blank holder of forming diameter (d f ) of 180 mm and when considering only the visible
fabric within the inner perimeter of the blank holder (Chapter 3). The variables that control
the appearance of the wrinkle pattern are the total number of wrinkles (nw), the number of
wrinkle groupings (ng - where each grouping is separated by a non-wrinkle region), the number
of wrinkles in each grouping (nwg), the peak amplitude of the wrinkles (amax) and the offset
angle (θo - the counterclockwise rotation of the wrinkle surface relative to the X direction - see
Figure D.1).

Using polar coordinates, the wrinkle amplitude in the z direction (aw(r,θ)) at each angle
(θ = [0,360]°) and radius (r = [0,90] mm) is calculated as follows:
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aw(r,θ) =

amax sin(ω(θ −θo)) f (r) if (n−2)θs −θ∆ ≤ θ −θo ≤ nθs +θ∆

0 otherwise
(D.1)

where the wrinkle frequency (ω)= nw
2 , the start angle (θs) = π

ng
and the wrinkle group width

angle (θ∆) = nw−ngnwg
ng

, the radial wrinkle distribution ( f (r)):

f (r) =


0 if 0 ≤ r < 30
r

30 −1 if 30 ≤ r < 60

1 if 60 ≤ r ≤ 90

(D.2)

and the start angle factor (n):

n =

n+2 if θ −θo ≥ nθs +θ∆

n otherwise
(D.3)

where θ is increased from 0° to 360° in increments of 1° and n initially =−1. f (r) ensures
the wrinkles do not occur near the centre of the fabric and are the largest towards the outer
boundary of the visible fabric, as was observed during the experimental tests (Chapter 3).

Similarly to the experimental wrinkling data, each surface is fit to a square grid of 300 ×
300 mm using gridfit [145] from which the surface is made into a grayscale image of 301 px
× 301 px that can then be processed according based on the variability calculation method
described in Chapter 4 (see Figure 4.3).

D.2 Reference benchmark wrinkle surface

Using the wrinkle generator, a reference generated wrinkle surface (Figure D.1a) is created
that consists of four equal-sized, separated sinusoidal wrinkles (nw = 4, ng = 4, nwg = 1) of
maximum amplitude (amax,re f ) 1 mm and a maximum width of 11.25 mm that are equally
positioned around the circumference of the surface such that the right wrinkle is at 0° from the
X direction (θo,re f = 0°) . This surface is used as the reference to which all other generated
surfaces in the decoupling study (Section D.3) and the benchmark study presented in Chapter 4
(Figure 4.4).
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D.3 Validation of decoupling

The calculated wrinkle amplitude difference and wrinkle location difference are validated to
be decoupled, as shown in Figure D.1. The analysis to validate this decoupling was done by
generating three sample sets of 11 wrinkle surfaces each (Figure D.1b), which are all compared
relative to the reference to calculate the respective values of ∆aw and ∆lw: the first set i)
(’Coupled Amplitude and Location’) consists of imposing both increasing amplitude (amax) and
offset angle (θo), the second set ii) (’Decoupled Location’) is made up of surfaces of increasing
offset angle and the third set iii) (’Decoupled Amplitude’) consists of surfaces of increasing
wrinkle amplitude. For each generated surface, the specified maximum amplitude relative to
reference (∆asp,max) is calculated as follows:

∆asp,max = amax −amax,re f (D.4)

where amax is the maximum amplitude of the particular generated sample. The value of amax

is varied between 1−6 mm for sample sets i) and iii) resulting in the range of ∆asp,max being
[0,5] mm. Furthermore, the specified offset angle relative to the reference (∆θsp) is calculated
as follows:

∆θsp = θo −θo,re f (D.5)

where θo is the offset angle of the particular generated sample. The value of θo is varied for
sample sets i) and ii) between 0−25° resulting in the range of ∆θsp being [0,25]°.

If the proposed variability calculated method is fully decoupled in terms of amplitude
and location, the results for ∆aw and ∆lw from the first set i) should be equal to the results
of ∆lw from the second set and ∆aw from the third set. This is proven to be the case in
Figure D.1c, which shows how both the calculated ∆aw and ∆lw increase linearly with the
imposed differences in amplitude and location relative to the reference, and the coupled case is
near identical to the decoupled cases. Furthermore, Figure D.1c shows that ∆aw and ∆lw are
both highly sensitive to imposed changes between two samples with an imposed ∆asp,max of 5
mm corresponding to a ∆aw of 2.5 mm and an imposed ∆θsp of 25° causing a ∆lw of 25 mm,
highlighting that the proposed method is suitable to identify even minute differences between
wrinkle surfaces.
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Fig. D.1 Validation of the decoupling in the calculation of wrinkle amplitude difference and
wrinkle location difference for the variability characterisation method, based on a set of three
generated wrinkle surface sample sets: a) an outline of the reference wrinkle surface against
which all the other surfaces are compared, b) summary of the three sample sets (11 wrinkle
surfaces generated for each) for which the wrinkling variability is calculated relative to the
reference surface: i) coupled amplitude and location (linearly increasing specified maximum
amplitude relative to the reference (∆asp,max) and specified offset angle relative to the reference
(∆θsp) ii) decoupled location (linearly increasing ∆θsp only) iii) decoupled amplitude (linearly
increasing ∆asp,max only), c) the calculated wrinkle amplitude difference and wrinkle location
difference for increasing ∆asp,max and ∆θsp showing that the decoupled cases (sample sets ii)
and iii)) are identical to the results from the coupled case (sample set i).



Appendix E

Geometrical metrics

This appendix relates to Chapter 5 and describes the definitions of the geometrical metrics
that are used to analyse the 10,000 generated tool geometries. The 14 geometrical metrics
that are defined in Table E.1 are used to filter the geometries based on specific requirements,
characterise them for subsequent correlation with wrinkling severity, as well as to enable the
filleting and meshing of them in preparation for input into finite element forming simulations.
These geometry definitions are supported by Figure E.1, which displays graphically how these
metrics relate to the generated tool geometries, using one exemplar tool geometry from the
initial geometry set. Each of the metrics and the way they are calculated are described below.
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Table E.1 Details relating to the 14 geometrical metrics used in Chapter 5 for filtering, charac-
terising and filleting the generated geometries.

Number Type Symbol/unit Name Equation/definition Usage

1 Spatial ∆X /mm Box length ∆X = Xmax −Xmin Filtering

2 Spatial ∆Y /mm Box width ∆Y = Ymax −Ymin Filtering

3 Spatial ∆Z/mm Box height ∆Z = Zmax −Zmin Filtering

4 Spatial rV Volume ratio rV = V
∆X∆Y ∆Z Characterisation

5 Spatial rA Area ratio rA = At
Ab

Filleting and

characterisation

6 Spatial |do| Offset distance |do|=
√

∆x2 +∆y2 Characterisation

7 Angular θd,min Min draft angle θd,min = min(θd)
Filtering and

filleting

8 Angular θint Mean interior angle θint = mean(θint) Characterisation

9 Angular θint,min Min interior angle θint,min = min(θint) Filleting

10 Angular θtt Mean true twist angle θtt = mean(θtt) Characterisation

11 Angular θdo Mean overall draft angle θdo = mean(θdo) Characterisation

12 Surface Nz,min Min normal Z Nz,min = min(Nz) Filtering

13 Surface Hr
Representative mean

curvature
Hr = mode(H) Characterisation

14 Surface Kr
Representative mean

curvature
Kr = mode(K) Characterisation
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a) Isometric View

Surface Normal

Area
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Fig. E.1 The 14 metrics from Table E.1 defined graphically relative to one of the generated
tool geometries, which is shown from three different views: a) isometric view, b) top view and
c) side view.) Note that the defined angles are calculated for all the corresponding vertices of
the polygons in order to obtain the final metric values, as per Table E.1. The three different
polygons are derived from the way the geometries are generated in Figure 5.4.
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E.1 Spatial metrics

The spatial metrics (numbered 1-6 in Table E.1) include the ‘box length’ (∆X), the ‘box width’
(∆Y ), the ‘box height’ (∆Z), the ‘volume ratio’ (rV ), the ‘area ratio’ (rA) and the ‘offset distance’
(|do|). The maximum dimensions along each axis (∆X , ∆Y and ∆Z) are obtained by calculating
the dimensions of the bounding box of the geometry and thus their product corresponds to
the volume of the bounding box. Based on this and the true volume of the geometry (V - see
Figure E.1a), the volume ratio can be calculated as follows:

rV =
V
Vb

=
V

∆X∆Y ∆Z
(E.1)

The area ratio (rA) corresponds to the ratio of the area of the top polygon (At) to that of the
bottom polygon (Ab), which are both shown in Figure E.1a:

rA =
At

Ab
(E.2)

Finally, the offset distance (|do|) is determined from the input shift parameters ∆x and ∆y,
corresponding to the total offset distance of the middle polygon relative to the centre of the
bottom polygon:

|do|=
√

(∆x)2 +(∆y)2 (E.3)

E.2 Angular metrics

The angular metrics, numbered 7-11 in Table E.1, are all determined similarly by calculating
the angles between the respective polygon vertices, as defined in Figure E.1. Once the (x,y,z)
coordinates of the vertices (1,2,3) related to each of angular metric have been obtained, the
corresponding angle (θi) at vertex 2 can be calculated as follows:

θi = arccos

x1 − x2

y1 − y2

z1 − z2

 ·

x3 − x2

y3 − y2

z3 − z2


∣∣∣∣∣∣∣
x1 − x2

y1 − y2

z1 − z2


∣∣∣∣∣∣∣
∣∣∣∣∣∣∣
x3 − x2

y3 − y2

z3 − z2


∣∣∣∣∣∣∣

(E.4)
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and is then repeated at all n vertices of the geometry polygon. Once the angles for all vertices
of the polygons have been obtained, either the mean is calculated to obtain θ or the minimum
value is taken to get θmin.

The ‘min draft angle’ (θd,min) is defined as the minimum angle between the top polygon
vertices and the corresponding middle polygon vertices from the side-view (Figure E.1c), while
the ‘mean overall draft angle’ (θdo) is the mean draft between the top and bottom polygons
instead (ignoring any relative twist between them). The ‘mean interior angle’ (θint) and the
‘min interior angle’ (θint,min) correspond to the mean and minimum interior angles of the top
polygon, respectively (Figure E.1b). As a result of the averaging, θint is directly correlated with
the number of polygon sides n by θint = (n−2)× 180

n .
The ‘mean true twist angle’ (θtt), defined as the relative twist between the nearest vertices

of the middle and bottom polygons, requires the calculation of the ‘mean relative rotation
angle’ (θrot) and the ‘mean twist angle’ (θt). The mean relative rotation angle (θrot) is the
mean rotation, from the top-view, of the middle polygon vertices relative to the bottom polygon
vertices, measured about the centre of the bottom polygon. The rotation is measured for all
vertices of the polygons and then the mean value is taken to obtain θrot . This mean angle is
measured based on correlating the polygon vertices that would be nearest with no rotation
and thus it is an incomplete measure of the tool geometry twist, as the rotation changes the
relative alignment of vertices of the middle and bottom polygon. The true twist angle needs to
be measured based on the nearest vertices after the rotation has been completed and accounting
for the fact that the maximum possible twist is a function of the mean interior angle (θint). As a
result, the mean twist angle (θt) is initially calculated from θint and θrot as follows, noting that
any rotation that is a multiple of 180−θint does not contribute to twisting:

θt = θrot%(180−θint) (E.5)

where % corresponds to the remainder operator and 180− θint corresponds to the relative
rotation at which the vertices overlap and thus no twist occurs. From this the mean true twist
angle (θtt) shown in (Figure E.1b) is calculated accounting for the fact that the maximum true
twist is halfway between two polygon vertices before decreasing linearly:

θtt =

θt if 0 ≤ θt <
180−θint

2

(180−θint)−θt if 180−θint
2 ≤ θt < 180−θint

(E.6)
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E.3 Surface metrics

The surface metrics (12-14 in Table E.1) are obtained by considering the local variations in the
topology of each geometry. A evenly spaced set of coordinates X(x,y,z) are obtained from the
tool surface and the surface normal vectors (N⃗(Nx,Ny,Nz)) at each coordinate are calculated.
The minimum of value of the z component of the surface normals (Nz) corresponds to the ‘min
normal Z’ (Nz,min).

These coordinates and surface normals are obtained by analysing each segmented face
of the tool geometry (as seen for example in the geometries of Figure 5.4b). However, as
the geometry generator (Figure 5.4a) approximates curvature along the X −Y direction by
increasing the number of polygon vertices (n) to a large value (limn→∞), it is not possible
to accurately calculate local curvatures from the segmented faces of each geometry as these
are not representative of the true curvature of the shape formed by the combination of these
segmented faces. As a result, the curvatures are obtained instead by fitting a surface through
the coordinate points of each geometry such that the true local curvatures become apparent.
The tool geometry coordinates are interpolated to a 2D grid Z(x,y) of g mm grid length and
then differentiated twice in order to calculate the local mean (H) and Gauss (K) curvatures at
each grid point [220]:

H =
(Z2

x +1)Zyy −2ZxZyZxy +(Z2
y +1)Zxx

(2(Z2
x +Z2

y +1)1.5 (E.7)

K =
ZxxZyy − (Z2

xy)

1+(Z2
x )+(Z2

y )
2 (E.8)

where Zx is the first partial derivative with respect to x, Zy is the first partial derivative with
respect to y, Zxx is the second partial derivative with respect to x, Zyy is the second partial
derivative with respect to y and Zxy is the second partial derivative with respect to x and
then y. Once the local curvatures are obtained, the ‘representative mean curvature’ (Hr) and
‘representative Gauss curvature’ (Kr) are calculated by taking the mode of all locally calculated
curvature values:

Hr = mode(H) (E.9)

Kr = mode(K) (E.10)

The mode is used instead of the mean in order to ignore the influence of any outliers. As the
resultant curvature values were found to be dependent on the grid size (g), g was selected
based on evaluating the curvatures for a hemisphere of radius of 50 mm. For this geometry, the
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values of K and H are known and constant across the whole surface (H =−0.02 mm−1 and
K = 0.0004 mm−2) and thus it allows the optimal grid size to be selected.

a)

b)

50 
mm

50 
mm

Fig. E.2 Optimisation of the grid length (g) used in surface fitting the tool geometry coordinates
for calculating the representative curvatures: a) representative mean curvature for a hemisphere
of radius 50 mm, calculated based on the mode and mean of the distribution of local curvature
values, plotted against (g), defining the spacing of the grid onto which the coordinates of the
hemisphere are fitted, and b) representative Gauss curvature for a hemisphere of radius 50 mm,
calculated based on the mode and mean of the distribution of local curvature values, plotted
against g.
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Figure E.2 shows the representative mean curvature (Hr - in a) and representative Gauss
curvature (Kr - in b), calculated using both the mean and mode of the curvature distributions, for
a range of values of grid length (g). It shows that the optimal value of g is between 1.75 - 2 mm
as this corresponds to when the respective values of Hr and Kr are closest to the expected values.
The value of g = 2 mm is chosen in this study for consistency and simplicity. Additionally,
particularly for Hr in Figure E.2a, it is shown that the mode is a more accurate measure of
representative curvature than the mean, as it is not affected by outliers caused by the surface
fitting process. The effect of these outliers was found to be significant for many of the generated
geometries, thus necessitating the use of the mode. For simplicity, the representative curvature
values are referred to as the ‘Mean Curvature’ and ‘Gauss Curvature’ in Chapter 5 but the
subscript ‘r’ is kept in their respective symbols in order to indicate that these refer to the
representative mode values from the overall curvature distributions.
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Optimisation of deep learning model

The following is supplementary data for Chapter 5, showing how the hyperparameters of the
deep learning surrogate model were selected (Section F.1). Additionally, the apparent model
accuracy limit is shown through a comparison of the 10 best performing models (Section F.2).

F.1 Hyperparameter optimisation

The approach taken for the hyperparameter optimisation is to perform a set of parameter sweeps
across a range of plausible values for each hyperparameter, then training the model using
each one and finally identifying which one results in the largest value of ‘image accuracy’
(MS−SSIM) on the test set. While more complex optimisation methods exist (e.g. Bayesian
optimisation [221]), this approach was found to be sufficient for the purposes of this model.

To reduce the computational cost of each training run, the total size of the dataset used
is reduced to 448 instead of 1802 (representing approximately 1/4 of all data), with 90% of
these geometries used for training and 10% reserved for the test set. As a result, the ‘image
accuracy’ values achieved in the optimisation models are not as high as those recorded for the
final trained model (Figure 5.12) but the results of the optimisation are equally applicable.

Each model within the optimisation is trained until the loss on the test set no longer improves
based on the early stopping algorithm, using a ‘patience’ of 6 (the training stops if the loss
does not reduce over six consecutive epochs) or if 160 epochs are reached. Then the maximum
values of ‘image accuracy’ for both the training and the test sets are recorded and plotted
against the results from the rest of the parameter sweep. In the case of the loss function, the
parameter sweep consists of different loss functions not different parameter values but the same
principle applies.



Optimisation of deep learning model 238

a) b)

c) d)

e)

Fig. F.1 The optimisation of various key hyperparameters related to the training of the deep
learning surrogate model: a) loss function, b) the value of α for the LMS−SSIM−L1 loss function,
c) batch size (b) d) learning rate (lr), and e) weight decay (wd). They are all optimised with
respect to the maximum ‘image accuracy’ on the test set.
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Loss function

Three different loss functions (LMS−SSIM, LL1, LMSE) and two ‘hybrid’ loss functions (LMS−SSIM−L1

and LMS−SSIM−MSE) were compared against each other to identify which results in the highest
‘image accuracy’ on the test set. LMS−SSIM−MSE is defined in a similar way as LMS−SSIM−L1

(Equation 5.13) but using the mean squared error loss (LMSE) instead of the mean absolute
error loss (LL1):

LMS−SSIM−MSE = αLMS−SSIM +(1−α)LMSE (F.1)

with an α = 0.09 used for LMS−SSIM−MSE and α = 0.4 for LMS−SSIM−L1 (see below). The
optimisation results in Figure F.1a show that the best performing loss function is LMS−SSIM−L1

and this motivates its use in Chapter 5.

Loss function balance

The value of α determines the balance between LMS−SSIM (Equation 5.14) and LL1 (Equa-
tion 5.11) for the LMS−SSIM−L1 loss function, with α = 1 corresponding to LMS−SSIM−L1=
LMS−SSIM and α = 0 corresponding to LMS−SSIM−L1=LL1. The optimal value of α = 0.4
for LMS−SSIM−L1 is determined from Figure F.1b where the effect of α is investigated over
the parameter range α = [0,0.1,0.2...1], with the best performing values being α = 0.3 and
α = 0.4. The value of α = 0.4 is used in Chapter 5 and for the comparison of loss functions in
Figure F.1a.

Batch size

The batch size (b), corresponding to the number of images that are fed to the model during each
training iteration, is optimised in Figure F.1c over the parameter range: b = [4,8,16,32,64].
Typically, the lower the value of b the higher the accuracy at the cost of longer training times
due to less parallelisation during training. However, in practice, the accuracy also tends to drop
for very small values of b, which is what is found in Figure F.1c, where the optimal value is
found to be b = 16, and this is what is used in Chapter 5.

Learning rate

The learning rate (lr) determines the rate at which the training progresses and is likely the
most important hyperparameter to optimise for any gradient-based neural network [222]. The
optimal lr was initially explored, as is conventional, over a logarithmic parameter range:
lr = [10−5,10−4,10−3,10−2,10−1] and based on this it was found that lr = 10−4 results in the
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highest ‘image accuracy’ on the test. For a more detailed study, lr is investigated over the range
[1,2,3,4,5]×10−4 in Figure F.1d and the optimal value is found to be 2×10−4. Compared
to the initial value of lr = 10−4, using the larger lr = 2×10−4 is also preferable as it brings
down the computational cost associated with training.

Weight decay

The optimisation of the weight decay (wd) parameter, that is applied to the loss function within
the optimiser in order to potentially improve model generalisability, is shown in Figure F.1e for
the range wd = [0,5×10−4,10−4,10−3,10−2,10−1]. The results show that the optimal value
of wd is 0, suggesting that any amount of weight decay has a negative effect on the accuracy of
this model.

F.2 Model accuracy limit

Over the course of the model development and optimisation process, hundreds of models were
trained with different configurations in order to identify the best performing surrogate model
and through this process, it became apparent that there appears to be a limit to the maximum
achievable model accuracy using this dataset. Figure F.2 shows a comparison of the 10 best
performing models that were all trained on the whole 1802 image dataset but were each run
with slightly different sets of hyperparameters. It shows that the maximum accuracy achieved
was just above 0.9, with all the other models achieving similar levels of accuracy. These
accuracy results are representative optimal cases of all models that were trained during this
investigation. Given that none of the models are able to reach close to the perfect accuracy
of 1, it suggests that there is an underlying accuracy limit that cannot be overcome through
parameter modification. It is suggested that this limit is due to certain discrepancies in the
underlying dataset of tool geometry and wrinkle surface images, as discussed in Chapter 5.
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Accuracy limit

Fig. F.2 A comparison of the 10 best performing models that were trained during the optimisa-
tion process, showing the progression in the ‘image accuracy’ on the test set with increasing
numbers of training epochs. The maximum accuracy achieved is 0.909 with all models achiev-
ing an accuracy similar to this.
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