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1. Introduction 

1.1 Executive summary 

This White Paper on Gaps and obstacles in materials modelling is a public document published on the web 
site of the European Materials Modelling Council (https://emmc.info/). The document is based on wide-spread 
input from a range of modelling fields and a variety of modelling stakeholders.      

1.1.1 Objectives of this document 

The purpose of the European Materials Modelling Council is to promote modelling by means of physics-based 
and data-driven models in industry. The present document thus addresses both physics-based models and 
data-based (or data-driven) models. Physics-based models, by definition, rely on well-established physics 
equations; data-based models are those obtained by best-fitting of available data. These data can be either 
obtained from experiments or physics-based models and processing them leads to phenomenological (also 
called surrogate) models often used as materials relation for parameters in the physics equation. 

Our vision is that European materials-based industries should have access to models and modelling workflows 
of a high enough quality, reliability and predictive power such that modelling results will make an economic, 
environmental or societal difference. Therefore, it has been important for the EMMC to, on the one hand, 
promote an improved and wider exploitation of existing models and workflows, and on the other, promote the 
development of new, more reliable (yet computationally feasible) models and workflows. This document, 
published by the EMMC, aims to identify model gaps and challenges, and to establish strategies and 
roadmaps for model development to help cure the gaps and validate materials models. The document 
emerges from a joint activity between modelers, industrial stakeholders, translators (skilled professionals able 
to guide industry and advise on decisions needed to address an industrial problem by employing a modelling 
activity) and software owners. 

 
Schematics of discrete (electronic, atomistic and mesoscopic) and continuum model types  

The interoperability of physics-based models, namely the coupling and linking of different models, requires the 
definition of a theoretical infrastructure between models of different granularity and (often) applied across 
different length and time scales. In this way, sophisticated workflows of coupled and linked models provide the 
prospect of producing results for systems of sizes and complexities, which are more realistic than those done 
usually in academia and are thus of direct industrial use. 
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Changing the current state of affairs and promoting the use, and targeted development, of capable and more 
realistic models (stand-alone models as well as coupled & linked ones) has been an overarching objective of 
the EMMC modelling visions.  

The present White paper aims to identify key barriers in a range of industrial contexts and to present viable 
paths for their future remedies. It highlights the materials modelling and model development needed to meet 
future demands of the European industry in a large number of sectors and, in this sense, the present 
document also resembles a roadmap. In short, we would like the document - as a whole - to help: 

• promote the use of modelling in industry by highlighting in our texts both today's capabilities and the 
barriers that need to be overcome,   

• promote the awareness of the whole modelling chain among different categories of actors and 
stakeholders, and of its need for dedicated efforts and support,  

• inspire scientists to engage in the development of improved models and workflows to overcome the 
scientific barriers mentioned in our texts, 

• promote funding agencies and policy makers, including the European Commission, to promote and 
invest in actions that support the first three bullet points. 

By means of the extensive consultations run during the last three years, some industrial sectors of key 
importance to Europe, which could benefit by materials modelling, beyond what they already do, have been 
identified. In particular, this document discusses extensively nine of these sectors (see nine sections in 
Chapter 2). For each industrial sector, this document presents: 

1. Background, overview and scope.    
2. Current status and challenges in modelling: the good and not-so-good situation of modelling in each 

field. In short - is modelling used as much as it should or could be? If yes, we will read about some 
success stories, in other cases a number of problems will be highlighted. Are both technical and non-
technical barriers hampering modelling efforts? E.g. concerning infrastructures, data, communication 
barriers, barriers in industry-academia collaboration, education, whatever ...  

3. Advances needed:  Ideas how to cure the situation. What is needed?   Where should the priorities lie?  

In addition to the industrial Chapter 2, the Editors of this document decided to add five introductory sections 
(Chapter 1) in order to give a background to materials modelling and to summarize some key concepts that 
are used in the industrial Chapter. 

The last chapter (Chapter 3) presents the conclusions and Road Map arising from the analyses made. 

1.1.2 Endorsement of this document by the European modelling community 

Chapter 2, about “Analysis of the materials model development requirements for specific problems relevant to 
industry”, represents some of the very important industrial sectors European industrial stakeholders who have 
been invited on multiple occasions to participate, in a totally open process, for example  the meetings on 12-14 
June 2017, on 11-13 June 2018, on 3-5 June 2019 in Uppsala, on 1-2 February 2018 in Torino, on 25-27 
February 2019 during the 2nd International EMMC workshop in Vienna.  

Furthermore, the EMMC has arranged in total 13 meetings/mini symposia during 2017-2019. Seven of them 
have focused directly on models and model gaps, i.e. the very topics of this document. Additionally, we have 
collected views from industrial stakeholders on model gaps through 
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- circa 5 wide polls and surveys, 
- impulse talks, 
- panel discussions, 
- interaction with the CECAM Council,  
- modelling-oriented Centers of Excellence (MAX, ECAM, Nomad),  
- other foreign centers (e.g. NanoHUB in USA), 
- the International Materials Modelling Board, 
- many conferences. 

All of this has been reported to the EMMC and can be downloaded from the EMMC website 
(http://www.emmc.info). See Appendix 1 (in Section 1.6) for more details about the industrial attendance. 

A draft version of this White paper was published on the EMMC website to seek further wide-spread 
circulation, comments and endorsement, collected from the EMMC community (950 experts) via a dedicated 
survey. The (co-)editors of this document appreciate the engagement from the community and the comments 
received on the document. Many of these comments have been taken into account. However, the largest 
number of the comments were concerned with the document's perceived omission in the document of certain 
specific application areas related to materials modelling. The next session (1.1.3 ) was added to address some 
of the important points received from the EMMC community. 

1.1.3 Reply to the EMMC community’s comments on the draft version of this document  

As mentioned above the present this White paper aims to identify key barriers to modelling within European 
industry in a number of sectors, manufacturing as well as others, and to present some viable paths for their 
future remedies. As is evident from the different sub-chapters 2.1-2.9 many model(ling) gaps, concerns, 
problems, opportunities and suggested developments are fairly similar in different sectors, while others are 
quite sector- and application-specific. Nevertheless, in the present document we have been forced to make a 
selection of areas, and this selection does not represent a ranking of the importance of different sectors but is 
simply a consequence of the need to limit the extent of this document. We hope that the lessons learned from 
the present document can partly be applicable and informative to other fields not covered here or be helpful 
and inspiring in shaping similar surveys for other sectors. 

Additive manufacturing 

One such example of an important materials area that is not included in this document – largely because of 
space restrictions – is the already blooming sector of additive manufacturing, where many modelling studies 
from atomistic to continuum have already been published, including review articles such as3. A similar 
reasoning lies behind our decision to leave out, for example, the large sector of cementitious materials, which 
are of key importance in the construction sector; here, instead, we refer to a recent review of modelling 
techniques for cementitious materials from atomistic to continuum models4  

                                                       
3 P. Stavropoulos et al, Modelling of additive manufacturing processes: a review and classification, Manufacturing Rev. 5, 2 (2018) 

4 in Ref. [X.Q. Wang, C. L. Chow, D. Lau, A Review on Modeling Techniques of Cementitious Materials under Different Length 
Scales: Development andFuture Prospects, Adv. Theory Simul.2019,2, 1900047 (2019)].  
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Batteries 

Electrochemistry, batteries and "energy materials" is another area not specifically treated in the current 
document. Specific actions on batteries are currently being initiated on the European arena. Here we refer in particular to 
the Battery2030+ initiative, which released a comprehensive roadmap (https://battery2030.eu/research/roadmap/) in 
2020 with the purpose is to present a collective European plan for the needed research efforts,  including modelling 
aspects, to support the establishment of European battery cell manufacturing. For this reason, no dedicated chapter on 
battery modelling has been added in this white paper. 

Fluid vs solid modelling 

For somewhat different reasons, a discussion of model gaps in the area of fluids and fluid simulations is to a 
large extent not covered from the current document. While fluids are clearly of immense industrial and socio-
economic importance, the main focus of this document is materials and in the interest of focussing the target 
of the document, the fluids fall outside our scope. Likewise, the area of modelling ontologies5 is judged to lie 
outside the scope of this document, as the focus lies on the models themselves (be they physics-based or 
data-driven); access to adequate models and workflows is the first prerequisite for any kind of success.  

Data integration and interoperability 

For all coupling schemes in modelling, the topics of data integration, interoperability and management are 
important. Here the FAIR (Findable, Accessible, Interoperable, Reusable) principles6 provide guidance for 
scientific data management and stewardship and are gaining acceptance on the international arena. However, 
FAIR and related (very important) initiatives rather represent practical/political aspects of the interoperability of 
models and is beyond the scope of this deliverable. In the present deliverable, it is the quality of different 
models (physics-based as well as data-driven) that is in focus, and their capabilities to describe materials 
properties and processes in an adequate and realistic manner for the complex scenarios relevant to industry.  

Data acquisition  

In the context of data acquisition, it is worth mentioning that an interest is growing in the materials modelling 
community on the exploitation of ML techniques to automatize information extraction from technical literature 
using Natural Language Processing (NLP) techniques. Eminent works have recently demonstrated that 
knowledge extraction via text-mining represents a valuable approach in those cases where new data is difficult 
to generate on a systematic basis due to the lack of a solid theoretical background and one needs mostly 
resort to empirical knowledge. For modelling activities, ML-automated text mining also represents a valuable 
opportunity to connect and compare new results with other previously established in the literature7, and to gain 
insight on the latent knowledge about particularly promising materials for particular applications8.  

                                                       
5 See, for example: M.T. Horsch el al, Reliable and interoperable computational molecular engineering: 2. Semantic interoperability 
based on the European Materials and Modelling Ontology (2020), arXiv:2001.04175 [cs.CE] 
6 https://www.nature. com/ articles/sdata201618 
7 Weston, Leigh, et al. "Named Entity Recognition and Normalization Applied to Large-Scale Information Extraction from the 
Materials Science Literature." Journal of chemical information and modeling 59.9 (2019): 3692-3702. 
8 Tshitoyan, Vahe, et al. "Unsupervised word embeddings capture latent knowledge from materials science literature." Nature 
571.7763 (2019): 95-98. 
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Relation of the terminology in this work to other ontologies 

It was suggested during the most recent endorsement process to harmonise the RoMM and TC 229 concepts 
of mesoscopic entities for a consistent standard description and to modify the terminology in the White paper 
in a number of ways that are not consistent with the RoMM. We are certainly aware that several approaches to 
terminology exist, for example from the ISO Technical Committee (ISO/TC 229) on Nanotechnology 
https://www.iso.org/committee/ 381983.html. However, as stated at the beginning of Section 1.1.1 (also in the 
Draft version): "The nomenclature adopted in this document follows the CEN Workshop Agreement - CWA 
17284 Materials modelling - terminology, classification and metadata , which in turn is based on the Review of 
Materials Modelling (RoMM)." Thus, this deliverable is based on the RoMM nomenclature, including the 
definitions relating to mesoscopic systems.  

 

1.2 Physics-based materials modelling and the e, a, m, c, models 

The nomenclature adopted in this document follows the CEN Workshop Agreement - CWA 17284 Materials 
modelling - terminology, classification and metadata9, which in turn is based on the Review of Materials 
Modelling (RoMM)10. We refer to physics-based models as the combination of physics equations (PE) and 
material relations (MR). The former is the fundamental equation the model relies on, the latter is the 
constitutive equation which allows the general equation to be applied to a specific case. Together, physics 
equation and material relations form the governing equations of the (physics-based) model. Models are 
classified based on the concept of entities, rather than on time and length scales of their applications. Based 
on entities, four model types are identified: electronic models (entities whose behavior is described are 
electrons), atomistic models (atoms), mesoscopic models (connected group of atoms seen as one item, or 
beads) and continuum models (continuum volume). The first three model types are discrete. The choice for the 
model type is made by the person who wants to simulate a use case and often depends on the required 
accuracy and the computing power available for the numerical solution. Different model types can be used 
together in different workflows. Thus, we refer to a multi-equation model if a system is described by means of a 
set of interconnected models each describing different physics phenomena, and multi-scale models are multi-
equation models where the models are applied to describe phenomena at different length scales. Additionally, 
we refer to linking in the case where governing equations of two or more physics-based models are used, 
where the processed output of one model is used as input for the following model. In case the modeller wants 
to describe the fact that the physics is more interwoven a coupled system of governing equations can be used. 
There are two sub-classes of coupling: (i) iterative coupling in the case of iterative workflow of self-standing 
solution of the governing equations of two physics-based models, where the processed output of the first 
model is used as input for the second model and the processed output of the second is used as input for the 
first and where this is iterated until convergence, and (ii) tight coupling, in case of the governing equations of 
two (or more) physics-based models where the physics equations contain more than one unknown variable 
and the system is only well-posed if there are as many physics-equations as there are unknown variables.  

                                                       
9 https://www.cen.eu/news/workshops/Pages/WS-2017-012.aspx 
10 Review of Materials Modelling: "What makes a material function? Let me compute the ways…", Anne F. de Baas (ed), 6th Version 
(2017), DOI: 10.2777/417118 
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The e, a, m, c models. Continuum models are by far the most used and the numerical materials simulation in 
industry today and it is to a large extent dominated by Structural Mechanics (SM) and Computational Fluid 
Dynamics (CFD) modelling solved by Finite Element or Finite Volume Analysis, i.e. simulations high up on the 
multi-scale sequence. The parameters in the SM or CFD models are most often determined by data 
processing of results of experiments. As a consequence, the influence of the chemical material structure on 
the macroscopic performance in the end-product is usually missed! Such detailed information becomes 
particularly critical when the materials properties and processes depend explicitly on the material's behaviour 
at a very fine-grained level, such as the very small active chemical sites in the multi-billion dollar catalysis 
industry. Currently most industrial materials and device designs rely on continuum models applied to mm or 
nm scales, but with materials and devices increasingly being engineered at the nanoscale to achieve the 
desired functionality, the use of models with atomic resolution is becoming increasingly important. Moreover 
there are significant exceptions, e.g. the catalysis and electronic industry use electronic DFT simulations 
extensively. 

Discrete models, i.e. the discrete-entity models (e, a and m), are a special concern and focus of this White 
paper. Discrete models can provide far-reaching understanding of the structure and function of materials and 
thereby provide unique detail of the structure/functional relationship. There is an increasing need for tailored 
materials design at the electronic and atomic/molecular levels, and there is also a growing industrial use in 
products of complex nanostructures that provide new or enhanced functionality; this development entails a 
need to understand the new materials and to be able to predict and design such tailored functionality at the 
nanoscale.  

The electronic structure community is one of the largest communities of academic modellers in Europe, 
both in terms of number of actors and HPC (high performance computing) usage. Both the DFT-based and the 
so-called wave-function based electronic models belong here. Information from electronic structure 
calculations, i.e. quantum-mechanical (QM) calculations, is required in a range of situations where the detail of 
electronic models is needed, or where data at the level of accuracy of high-level QM calculations is needed. 
This may concern the information about the most likely route for a chemical reaction, the consequences of 
defects in a material, the relative stability of crystal polymorphs for use in pharmaceutical industry, or the 
design of more powerful magnetic materials. In addition to such examples where materials properties and 
processes depend explicitly on the behaviour of the electrons (the electronic wavefunction) or their energy 
levels and spins there are a number of other circumstances where QM calculations are needed. One example 
is the generation of ab initio-derived materials properties which can subsequently be used as parameters in 
atomistic or more coarse-grained discrete models or in continuum models, typically when experimental 
parameters are not available. Another example is the generation of data that can serve as a training-set for the 
parametrisation of more coarse-grained interaction model (e.g. e => a), or the reverse procedure, when some 
interesting phenomena or structure "observed" using an atomistic-model simulation needs  to be scrutinized at 
the level of detail given by an electronic model. 

Atomistic models are classical or semi-classical in nature. Materials modelling which involves atomistic 
models typically rely on the classical Newton's equations of motion to predict dynamic behaviour, often using 
Hamiltonians parameterised from ab-initio information in the Molecular Dynamics (MD) equations. One 
example is the embedded atom model, which assumes that the crystal energy is the sum of a pair-wise 
potential and an energy required to embed an atom into a local medium with a given electron density. This 
type of formalism is typically used to calculate particle or bulk properties for use in mesoscopic and continuum 
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models, respectively. In this sense atomistic models provide an important link between electronic and 
mesoscopic/continuum models.   

The mesoscopic modelling community involves quite a heterogeneous and broad range of competences 
and/or backgrounds. Mesoscopic models describe the behaviour of nanoparticles and grains, molecules or 
part thereof (groups of atoms), and with current computer power these phenomena can be described at meso 
length scales (nm) up to macro scales (mm). Such models, as they are of the supra-atomic type, average out 
less important structural details or fast details of the atomic motions or replace them by mean-field 
characteristics (dielectric constant, Debye length, viscosity, friction coefficient) and stochastic terms. Examples 
of mesoscopic models are discrete thermodynamic models where the interaction between grains and their 
environment (atoms, other grains, etc.) are described. Also the so-called coarse-grained version of molecular 
dynamics falls in this category and here the fundamental unit is a "bead" that interacts with other "beads" or 
atoms via effective soft potentials. This type of model can also be developed for colloidal suspensions of 
nanoparticles, also called nanofluids, and bio/medical materials to describe drug delivery in humans and 
animals. A third subset includes magnetism models based on macro-spin approaches that combine atomic 
spins into a macro-spin. Mesoscopic models are used to describe the behaviour of materials but also material 
processes, like manufacturing processes, catalysis, synthesis, cell growth, etc. 

Coupling and Linking of models efforts within our communities typically focus on the development of linking 
and coupling workflows to realise model workflows that can simulate phenomena at large size and time scales 
while simultaneously preserving, or reflecting, some of the valuable finer details of the physical system. 
However, it is not yet well known how best to couple and link different models between, or within, the e/a/m/c 
chain in a satisfactory way. For example, for a certain material, in running an e-type model and subsequently 
linking this to an a-type model ("upwards" linking) it is usually not known a priori which of the physical and 
chemical features of the electronic model need to be carried over to the atomistic model to preserve the crucial 
elements of the description, nor what materials relation  is needed to capture these features. This makes the 
process difficult to generalise. In the upward linking approach, there is a reduction of the degrees of freedom in 
moving from more detailed models towards less detailed ones. This step is sometimes called “restriction” in 
the scientific literature dealing with model reduction [1] and it is largely based on thermodynamics (e.g. using 
Boltzmann averaging). Going in the other direction ("downwards") to simulate finer details of selected  areas of 
interest  found in the coarse-level simulations, is often even more problematic, with a range of possible 
approaches for reconstructing the missing finer grained information from coarse “averages”. 

1.3 Data-driven relations in materials modelling  

1.3.1 Introduction  

Historically, materials modelling has been heuristic or physics-based or a mixture of both - the tendency to 
move towards physics-based models in the engineering sciences followed the development of powerful 
computers. Here, following RoMM, it is often valuable to make a distinction between data-driven models, which 
are intended for use in a stand-alone fashion, i.e. without a connected physics equation, and data-driven 
molecular/materials relations generated for use together with a physics equation. An example of the former are 
QSAR models (Quantitative Structure-Activity Relationships) for biomolecules applied for example in the area 
of toxicology, and an example of the latter are materials-specific force-field relations trained from quantum-
mechanical data for use together with Newton's equation of motion, i.e. a physics equation, in molecular 
dynamics simulations. Both these kinds of data-dependent materials relations (i) need large data sets, (ii)  are 
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used in situations where the problem is too complex to be simulated with physics based models, and (iii), can 
profit significantly from machine-learning algorithms for their construction. In the following we will refer to all 
such relations as data-based relations. Section 1.3 aims to present some basic (technical) concepts of data-
based relations and their application to materials modelling.  
 
Some simple examples of data-based relations (obtained by best-fitting of available data) are the Eckstein 
formula for sputtering yields [2] and, historically, steam tables [3,4], respectively. Since physics-based 
materials modelling often involves many parameters, and (in many cases) a fair amount of data is available (or 
can be made available through experiment or simulations),  it is especially attractive to use Machine Learning 
techniques and new information-processing tools coming from IT and Mathematics to find values for these 
parameters. For example, developing new ceramics or alloys [5] is still largely empirical but Machine Learning 
(ML) increasingly augments experiment and traditional simulations. In the following paragraphs the topic is 
elaborated and the techniques are briefly introduced.  

1.3.2 Concepts 

1.3.2.1 Machine learning techniques (ML) 

By Machine learning (ML) techniques we mean a variety of algoritms that are usually not per se new but which 
shed a new light on information processing, predicting and screening. They do this either by making it possble 
to perform calculations that were computationally unfeasible before or by introducing a new viewpoint. These 
techniques include deep learning (neural networks …), matrix-based methods (principle component analysis 
…), classification (unsupervised networks, Gaussian processes …), statistical learning (Lasso …), and 
Bayesian inference. They will be introduced together with typical examples below. These techniques are used 
to augment modelling, validation, materials databases, materials informatics and combinatorial methods. 

It is advisable to keep in mind that many of the ML methods in IT were designed for big data. Big data is 
loosely defined as data that do not fit into the main memory of a computer, in practice meaning amounts much 
larger than a terabyte. Big data collected by particle detectors, say, or by a network of cameras is something 
one has to handle  but generally this is challenging. In Materials science, one does not normally deal with such 
large amounts of data, which  makes life easier butalso means that IT methods developed for big data are to 
be modified or optimized. A peculiar situation sometimes arises in computational materials modelling if a large 
amount of intermediate data is generated from a small amount of initial information (we can call this 
bootstrapping) and then filtered using big-data methods. 

1.3.2.2 Dimensionality reduction 

Dimensionality reduction is a concept that does not rely on big data. Different terms like Feature extraction or 
Feature projection describe the same idea. 

Dimensionality reduction attempts to transform high-dimensional data into fewer dimensions. The new 
dimensions are a linear or nonlinear combination of the original ones. In the linear case, principal component 
analysis (PCA) is the standard tool. In the latter, several nonlinear dimensional reduction techniques exist, for 
example resting on tensor representations.[6] 
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It is obvious that linear methods are optimal only for a small part of real-world problems despite the fact that 
they are most often used. Imagine a curved cloud of points on the x/y plane, maybe a ‘fuzzy rotated parabola’ 
(Fig. 1). PCA would give two main axes, the long one connecting the endpoints of the parabola but shifted 
towards the extremum and the short one perpendicular to it and passing through the extremum. Any 
information regarding the parabolic shape is lost since the linearity of PCA restricts it to ‘elliptical data clouds’. 
In three dimensions, sometimes a ‘swiss roll’ (cylindrical spiral) instead of the parabola is used as an example 
where PCA cannot keep the spiral feature. 

 

 

 

 

 

 

 

Fig 1. A point cloud with a parabolic shape (black dots). PCA cannot keep this feature and keeps only the best ellipsoid 
(major and minor axes in blue). 

PCA can, however, also be applied to nonlinear functions via the so-called kernel method [7]. In this procedure 
a kernel function K that is thought to be able to map inherent data features is used to construct a matrix 
K(x)TK(y) from x and y. PCA applied to this matrix is then used for a better dimensional reduction. 
Modifications of this concept have opened up the venue to widely used algorithms called kernel perceptron, 
support vector machines (SVM), Gaussian processes canonical correlation analysis and ridge regression. 

1.3.2.3 PCA 

Despite its simplicity and the shortcomings mentioned above, PCA is a powerful method of information 
extraction and compression. PCA is a linear fitting method in one or more dimensions. The difference to 
standard least-squares regression is that all dimensions are assumed to contain an error, not only the 
dependent one. The old dimensions are mixed into a new axis system in such a way that the covariances are 
maximized. The first new axis carries as much information about the data as possible and so on. The simplest 
way to obtain the new axes is to calculate the eigenvectors of the covariance matrix of the data. Other 
algorithms like singular value decomposition (SVD) can better address missing data and high dimensionality. 

1.3.2.4 Non-negative matrix factorization (NMF) 

NMF can be regarded as the ML analogue to non-negative fitting. In non-negative fitting it is ensured that a 
fitting parameter stays positive, either by applying a penalty function (which often hampers convergence), or 
by a suitable transformation, i.e. fitting which appears as a2 in the formula to be fitted (which forces iterative 
fitting to be used). Dedicated methods like NMF often perform much better. NMF decomposes a non-negative 
transformation matrix into two such matrices in a similar way as the Cholesky transformation produces 
triangular matrices. Parameters to be fitted must often be positive, for example if they represent signal 
amplitudes or concentrations. Of course, terms which are known to be negative from their physical meaning 
can be fitted by simply writing a minus sign into the equation like ‘-B/r6’ in a potential energy expression, 
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ensuring that B is positive. NMF allows the inclusion of probability distributions and has certain other 
advantages over PCA. 

1.3.2.5 Bayesian parameter estimation 

Bayesian parameter estimation is intrinsically connected to machine learning because the famous Bayes 
theorem describes learning from new information: P(A|B) = P(B|A) P(A) / P(B). 

In words, the likelihood of A, P(A) given that B is true, is equal to the likelihood of B, P(B) given that A is true, 
multiplied by the ratio of their independent probabilities P(A)/P(B). A famous illustration of this ‘symmetrization’ 
is the drug test: A person is tested positively for an illegal drug. The test is false-positive only in 0.5% of the 
cases. How likely is it that an arbitrary person is, nevertheless, innocent ? It is not 0.5% because the two 
independent dimensions ‘test quality=99%’ and ‘drug users in population= (let’s say) 0.1%’ must be combined 
according to Bayes and one sees that the probability of a correct positive result (0.99*0.001~=0.001) is much 
less than that of a false positive one (0.01*0.999=~0.01).  

With this recipe new probabilities can be obtained by augmenting old ones with new information, even 
continuously and it is therefore central to some applications of machine learning. What is the use of this for 
modelling with respect to materials? Imagine a sample like a plate that has a faulty spot somewhere and a 
technique that can detect this spot, for example by measuring the time a signal of supersonic sound needs for 
passing through the plate. The distortion can then be viewed as the source of a signal. Both the signal and the 
detector give rise to a distribution of the recorded signal which can be rather broad. The recipe how to 
combine many measurements in order to narrow the location of the faulty place is the repeated application of 
Bayes formula (Kalman filters [8] serve a similar purpose). The number of Bayesian applications in material 
science is growing very fast [9]. 

 

 

 

 

 

 

Fig 2. Field of lines. Left side: Equal density of the slopes; Right side: equal density of their angles. This figure is inspired 
by Fig. 3 in Ref. 10. 

Bayes logic states that every quantity has a natural probability distribution and another equally important field 
of applications associated with Bayesian inference rests on this assumption [10]. Think, for example, of a 
cloud of points and a line to be fitted to it. What is the general form of fitting if all lines per se have equal 
probability? Standard least-squares fitting treats x and y not equally. In other words, the density of the slopes 
of the fitted lines is equal. It is equally well possible though, that the angle between the lines shall be equal as 
it would be the case for unbiased fitting a general cloud of points in 2D (Fig. 2). 

The field concerned with the parameter estimation based on probability distributions has recently been known 
by the name of Uncertainty quantification (UQ). 
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1.3.2.6 Neural networks (NN) 

NNs are the most popular ML application. By combining iteratively and additively simple but nonlinear 
mathematical terms any relation can, in principle, be reproduced. Indeed their success is spectacular, not least 
due to availability of programming tools like tensorflow [13] and their implementation as standard tools in high-
level programming languages like Matlab [14] and Mathematica [15]. Their problems like overfitting, due to the 
large number of parameters, are also well known. It should be mentioned that what is lacking at the moment is 
knowledge of the relation between size and shape of the network and its performance. In other ways, one 
must simply try to experiment with the number of hidden layers and the number of neurons in each one.  

1.3.2.7 Supervised and unsupervised learning 

Most techniques discussed above fall into the category of supervised learning. They create a model that 
makes predictions based on available information and the presence of uncertainty. In contrast, in supervised 
learning known input data and known output data are used to train a model to generate correct output for new 
input. Neural networks fall into this category, as do all kinds of clustering algorithms, in contrast to 
classification which belongs to the supervised learning side of ML. 

1.3.3 Pitfalls 

There are many cases where the new methods of information processing and filtering cannot be applied. 
There are also ways to apply them incorrectly. 

1.3.3.1 Not enough data 

We mentioned that ML in Materials science differs from ML in IT in that ‘big data’ is the exception. However, to 
generalize or extrapolate, a certain amount of reliable data is always necessary. With three points the 
parameters defining a linear regression have large error margins and, of course, without additional information 
it is completely impossible to judge if assuming linearity is meaningful at all.  

1.3.3.2 No integral design 

Less attention is given to another point: Experiments or computational procedures that create raw data which 
are then subjected to an information maximizing treatment shall already be designed such that this is optimal.  

1.3.3.3 No physics 

Physical laws must be fulfilled strictly and not probabilistically, if resources permit. It is sometimes overlooked 
how valuable this is to reduce the dimensionality of the problem which is reduced due to any physical 
constraint. 

1.3.3.4 Incorrect applications 

• Incorrect applications of ML include overfitting and related mistakes like unevenly or too systematically 
distributed fitting data. This was, of course, recognized long before the area of ML and is only amplified 
by the large number of fitting parameters in NNs. 

• Using NNs for extrapolation is also a problematic. In general, only interpolation is safe with NNs. 

• Incorrect or simplified preprocessing of data in NNs. Preprocessing of data is important to exploit 
information that the network itself does not know and cannot learn precisely. For example, the potential 
energy of a set of atoms does not depend on the translation and rotation of the set as a whole and also 
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not on the exchange of the same kind of atoms in the set. [16] The cartesian coordinates of the atoms 
are therefore a poor choice of input variables and new ones should be created by symmetrizing them. 
This preprocessing, which essentially is encoding of known information about the system, is normally 
more difficult than setting up and training the NN itself but is indispensable. Fig. 3 shows the flow of 
information from the cartesian coordinates to the total energy of the system. 

• Starting with a bad prior. Despite Bayesian inference is incorporating new information into the former 
probabilities, it is very slow to move from a bad starting point to the correct answer. 

 

 
 
Fig. 3. A set of Neural Networks, one for each atom, to calculate the total energy of a system as the sum of the energy of 
each atom in its particular environment. 
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1.4 Physics-based models vs. data-driven relations  

1.4.1 Materials modelling: based on physics, aided by data-driven approaches 

In pure (ab-initio) physics-based modelling, nature laws are used to perform the task. An example is the high-
level electronic structure calculation of a molecule or cluster in order to, let’s say, obtain its electrostatic 
potential (ESP): Input are coordinates and charges of the nuclei, number of electrons and the charge- and spin 
state. The natural law is the Schrödinger equation, normally somewhat simplified. The output is the ESP, 
calculated via the electronic wave function or the electron density. The ESP is a scalar field in three-
dimensional space. It is itself an important observable for predicting how a molecule or cluster behaves, for 
example in chemical reactions. No statistical data processing, interpolation and fitting is involved in the 
process. 

Moving to the other extreme case of pure data-based modelling, we continue with the ESP just obtained. It has 
perhaps been calculated for several molecules which act as drugs to reduce hypertension. The effectiveness 
of the molecules for reducing hypertension has been measured in clinical experiments. If we try to correlate 
the ESP to the effectiveness by fitting an equation, this would constitute a data-driven modelling without any 
physics although, of course, the ESP ecomes from physical modelling. Indeed, such modelling happens 
frequently and is called search for Quantitative Structure Activity Relationships (QSARs, cf. Fig. 4).  

The two modelling approaches described above are typical of the "pre-ML" era. Progress in mathematics has 
shown that there are ways to improve QSAR by combining physics-driven with data-driven modelling. Through 
various transformations the ESP can be converted into a form that can be further treated e.g. principal 
component analysis can used to obtain a linear correlation between the important dimensions of the converted 
ESP and the effectiveness of the drug. Or in a later step, a neural network can be trained to use the ESP as 
input and deliver EF as output. By trying various pre-processing options, one can obtain hints about the most 
important features that determine the drug properties.  
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Many more steps in this process can be thought of. In all cases, the ability of the modelling to make 
predictions must be tested with data pairs that were not used in establishing the correlation. In 1 and 2, one 
does not use the term ML, simply because least-squares regression is an old standard technique. 

Adding more physics to the previous data-driven modelling approach can prove fruitful. We can imagine, for 
example, that with a hypothesis about the mechanism how the drug works, we can improve the data-driven 
modelling with physics. For example, if we know that the molecule must fit into a cellular pocket of a certain 
size, irrespective of its ESP we can calculate how well a given molecule fulfills this condition and thus have an 
additional descriptor, possibly greatly improving the quality of the search. This natural way to bring in physics 
is always present, starting with the very idea to use the ESP as a descriptor. 

 

 

 

 

 

 

 

 

 

Fig 4. The QSAR standard procedure shown in the figure also applies to most ML tasks 

 

1.4.2 Reflections and recommendations 

We end this section with a few reflections and recommendation regarding the issue of physics- vs. data-driven 
modelling (where of course "vs." actually means "and" – they go together!).  

• Data-processing workflows, shrewedly used, will be able to augment the capabilities of physics-driven 
modelling frameworks but the domain-specific expertise and experience embedded in physics-based 
relations is an invaluabe asset upon which materials modelling rests. To make best use of materials 
modelling, in industry as well as in academia, the data-based techniques adds the assets listed in the 
following bullet points (and more). 

• Develop better materials relations (MRs) 

• Fill in ‘gaps’ where the physics is unknown or too complicated 

• Replace physics-based handling mainly if it would be possible but too slow or otherwise cumbersome or 
where high accuracy is simply not necessary. An example of the last case is differential equation solving 
by NNs, for example applied to the investigation of porous materials [17], or to the wave propagation in 
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complex environments [18]. NN-based potential energy functions are also a particular case: Instead of 
expressing the whole system as a single NN each atom is represented by an NN, thereby gaining 
enormous simplification from the fundaments of the Born-Oppenheimer approximation and the concept of 
classical nuclei. The additional advantage of these approaches is that the NN is a closed analytic form, 
easily used in operations like differentiation. 

• by incorporating a feedback loop to check and improve the ML handling against physics, thus allowing to 
establish rigorously the additional uncertainty caused by ML. This is related to ‘on the fly learning’ which is 
expected to become more and more prominent.  

• Keep in mind that using as much physics as possible helps to limit spurious correlations. From the early 
use of combinatorial chemistry onward, it has been pointed out that ‘accidental correlations’ increase with 
increasing data size. Still, this sometimes goes unnoticed.  

These recommendations are somewhat reminiscent of the movement from ‘machine reasoning’ to ‘machine 
decisions’ [19]. Obviously, reasoning is facilitated by conditionally replacing small parts of a computational 
system by ML-driven parts instead of the whole system. Having said that, data driven approaches can 
definitely discover new factors governing material behavior. One should also keep in mind, that in practice the 
discussion applies to Neural Networks (NNs) and unsupervised learning. Bayesian inference, UQ and other 
ML techniques are just the very mathematical tools that are more rigorous instead of more familiar but less 
fundamental ones. If computationally permissible, they should be used. 
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1.5 Coupling & Linking 

1.5.1 Overview of the classification 

Detailed modelling of physical/chemical phenomena in materials often requires a multitude of different models. 
Hence, it is important to adopt a rational classification of coupling and linking. The proposed classification is 
based on wide-spread input and is herewith presented for discussion after which a widely endorsed standard 
should be established (this is the protocol of the EMMC). In the present document, the classification proposed 
in the Review of Materials Modelling [1] for the system of PE is adopted and elaborated with a classification of 
solvers. The key idea behind this classification is to identify three layers, namely (i) the physical system to be 
simulated (user case), (ii) the models (chosen physics expressed as mathematical equations) and (ii) the 
numeric solvers. These three layers are depicted in the schematics reported in Fig. 5. 

 

 

Fig. 5. Schematic about the coupling and linking classifications (graphic representation of the CWA classification by 
Emanuele Ghedini, University of Bologna). 
 
The first layer is about the user case to be simulated. This physical system is subject to many physical effects 
which all influence its behaviour (e.g. thermodynamics, mechanics, electro-magnetics) and hence the physics 
phenomena are said to be intrinsically coupled. However, the modeller can choose different types of models to 
describe the physical system.  

In particular, stand-alone models imply a model choice, which is based on strong decoupling assumption 
between physical phenomena.  

Sometimes the modeller chooses to use a medium decoupling assumption between the physics phenomena 
as he/she feels this is more realistic and use linked models in which the physical equations for the description 
of the system show a one-way dependency. One-way dependency means that one physical equation depends 
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on unknown quantities obtained by post-processing of the results of another physical equation, but not the 
opposite.  

If the modellers thinks it is more appropriate then coupled models can be used based on assumption of 
strong interdependency/coupling between phenomena, i.e. the modeller wants to take the interdependency 
between physical phenomena into account. In this case, two options are available, namely iterative coupled 
models and tightly coupled models. In iterative coupled models, physical assumptions lead to a two-way 
dependency of one physical equation on the results of another physical equation. The two equations are 
resolved sequentially and the process is repeated iteratively until convergence. Data are passed from one 
model to another, after post-processing, which is essential in this context. This approach is the way to express 
coupling between models that include modelling entities of different type or to implement restriction. In tightly 
coupled models, physical assumptions want to express full dependency of the physical equations which is 
expressed by the fact that the unknown physical quantities appear in both equations, without any post-
processing. The system of equations is a direct representation of the physical coupling between physical 
effects, which are taken into account. (This type of coupling is in practise only used for continuum modelling). 

Finally the last layer is the one about solvers and post-processing. (Please note that the definitions of coupling 
and linking are independent of any solver or numerical issue!). Stand-alone models are solved by independent 
solvers. Linked models are solved each by their own solver. (If coded up in one software code the total is 
sometimes called a one-way sequential solver (through post-processing). But in analogy of models, where two 
models coded into one software are still called two models, we will not call this ”one solver”). The situation is 
more complex for coupled models as one class can have more than one type of solver. In fact, iterative 
coupled models are solved by two independent sequential solvers through post-processing. However, tightly 
coupled models can be solved by a sequential solver or by a simultaneous solver. In the sequential solver, 
each physical equation is treated as if it has only a single unknown, temporarily treating the other variables as 
known, using the best currently available values for them. The equations are then solved in turn (internal 
iterations), repeating the cycle (external iterations) until all equations are satisfied. In the simultaneous solver, 
the system of equation is discretised and solved simultaneously as a single numerical problem. 

The previous discussion reveals that the choice for coupling/linking strategies is very wide and this also 
transpires from the MODA on the EMMC website documenting 130 choices. We will list in the following those 
coupling/linking strategies which were mentioned and/or discussed during our extensive interaction with the 
materials modelling community (see Appendix 1 in Section 1.6). This set of presentations are intended as 
examples of how heterogeneous the current situation of coupling/linking is. These examples will be discussed 
mentioning, in few occasions, some details of the underlying solvers. Of course, this reveal that the reported 
analysis is still work-in-progress and we hope that the public open consultation will help us on that. 

Appling the previous classification to the multitude of coupling/liking practices in the materials modelling 
community is an extremely challenging task, because of a number of reasons. First of all, there are many 
possible ways to couple/link the same models. If it is true that physics does not dictate the models, then it is 
also true that physics does not dictate the coupling/linking strategies. In both cases, models and 
coupling/linking strategies are key choices of the involved modeller. Only verification, validation and 
uncertainty quantification (VVUQ) can assess if the choices operated by the modeller are appropriate to derive 
meaningful insights for a specific industrial problem. Secondly, coupling/linking strategies are developed in 
niche applications, where many different constraints, conventions, traditions are found.  
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According to our experience in consulting the community, this leads sometimes to elaborate nomenclatures, 
which make it difficult to share the commonalities among similar coupling/liking strategies. Even worse, these 
specific traditions typically embed details of specific solvers, which proved very effective in solving some 
specific problems. Hence our consultations revealed sometimes an intricate situation, where models, 
coupling/linking strategies and solvers are somehow mixed together. A revealing example is the notion FE-
model. A first attempt to separate all these aspects into a logical vocabulary is the RoMM. 

Hence the following examples are intended only for improving the understanding of the proposed classification 
and for collecting useful feedbacks from the community. 
 

1.5.2 Linked models 

1.5.2.1 Electronic and atomistic models  

A way up from microscopic models for increasing the number of atoms and molecules goes by abandoning the 
electrons and treating atoms and molecules as purely classical particles (see [2, 3]). For atoms (neutral or 
ions) and small molecules, potential functions have been developed giving repulsion at short distances and 
attraction at longer distances. For larger molecular systems, potential functions of different types, called force 
fields (FFs, see [2, 3]) describe both non-bonded and bonded interactions.  

There are force fields designed to be closer to quantum mechanics in some aspects. For example, the so-
called polarizable force fields [4] taking into account the electron polarization and charge transfer. There are 
several ways to add polarization effects. Already flexible molecules in simulations give a nuclear polarization 
when bond lengths and covalent angles change due to strong interactions. Other strategies are self-consistent 
re-calculations of charges or inductive dipole (sometimes even quadrupole) moments. Point-polarizable 
models for small molecules have gained popularity and also so-called shell models with a deformable 
massless charged shell around heavy atoms. Another category is so-called reactive force fields where 
dissociation and association of covalent bonds are allowed to take place, this way making it possible to model 
certain type of chemical reactions [5]. They require a rather challenging parameterization procedure. 

1.5.2.2 Atomistic and mesoscopic models 

Standard classical molecular dynamics (MD) simulations with all-atom force field models are limited to fairly 
modest systems. To reach larger complex systems and longer times the development of simplified or coarse-
grained (CG) molecular models by systematic coarse graining has become an active field of research [6]. The 
coarse graining of molecules by representing groups of atoms as single interaction site facilitates the study of 
soft matter systems since (i) the total number of particles present in the system is reduced, (ii) the interaction 
potentials are simplified and (iii) the potential energy surface on which the molecules move is smoothed [7]. 

Coarse-grained methods, namely techniques used for deriving coarse-grained force fields for coarse-grained 
molecular dynamics simulations, can divided in two categories: Parameterized methods and derived methods 
[6]. Parameterized methods are those methods that provide CG models able to reproduce by construction a 
target radial distribution function (RDF) or a target force distribution calculated from simulations carried out at a 
more detailed level of resolution (e.g. atomistic simulations) [6]. This category includes: Iterative Boltzmann 
Inversion (IBI) method; Inverse Monte Carlo (IMC); relative entropy formalism; Force-Matching (FM) method; 
Multi-Scale Coarse Graining (MSCG) and Generalised-Yvon–Born–Green method (GYBG) (see [6] for details). 
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Derived methods are those in which the CG pair potentials are calculated at the atomistic level from the direct 
interactions between the groups of atoms represented by the beads [6]. Effective contributions of the removed 
solvent are present in implicit-solvent CG pair potentials, these potentials describe the physical pair interaction 
between a solute pair in the limit of infinite dilution [6]. This category includes: pair Potential of Mean force 
(pPMF); Effective Force CG (EFCG) method; Conditional Reversible Work (CRW) method (see [6] for details). 

1.5.2.3 Mesoscopic and continuum models 

The computational gap between (actual) molecular simulations and continuum materials is enormous. This 
explains the need, in some cases, to adopt extreme coarse-graining, where each coarse-grained bead 
represents a huge number of atoms. In this case, the number of degrees of freedoms inside each bead is so 
large that they cannot be completely neglected, because this would imply a too large error in the entropy of the 
system. Hence “soft” beads, namely coarse-grained entities with soft interaction potentials, can be considered 
or, equivalently, proper “soft” thermostats can be adopted in these simulations. This is the essence of the 
Dissipative Particle Dynamics (DPD) method [8]. Recent advances of DPD are beyond the scope of the 
present document (more details can be found in [9]). However, it is interesting to point out that the 
parametrization of DPD is typically done by using macroscopic properties, e.g. the self-diffusion coefficient and 
shear viscosity [9].  

1.5.2.4 Atomistic and continuum models 

Talking about coupling and linking, the most natural choice is to consider neighboring model types, namely 
electronic/atomistic, atomistic/mesoscopic and mesoscopic/continuum models. However the full chain of model 
types is actually interrupted because this is a huge gap in descriptions between atomistic and (extreme) 
coarse-grained models (e.g. DPD). Hence, sometimes it makes sense to fill this gap by connecting directly 
atomistic and continuum models. Direct atomistic simulations are used as the source of the constitutive 
relations in solid mechanics [10] or transport coefficients in computational fluid dynamics [11]. 

1.5.2.5 Electronic and continuum models 

Sometimes it makes sense to extract information from electronic models in order to feed continuum models. 
Free energies of activation for each elementary step of a chemical (catalytic) reaction can be determined from 
electronic (DFT) calculations and used to determine the equilibrium constants and rate coefficients for each 
elementary step [12]. A micro-kinetic model is used to calculate rates of formation of chemical species, which 
determine the rates of reactant consumption and product formation in a continuum model describing the 
transport of all species [12]. 

1.5.3 Coupled models 

1.5.3.1 Iteratively coupled models 

Coupled models offer a wide set of opportunities, but also of computational challenges, to materials modelling.   

An example, even though non exhaustive, consists in iteratively coupling discrete models with continuum 
models, in particular if the phenomenon under investigation is the dynamics of small entities, e.g. the 
propagation of defects. Essentially the idea is to reduce the degrees of freedom in simulations of mechanical 
behavior of materials without sacrificing important physics [13]. For example, a discrete dislocation method can 
be used in a quasi-continuum formulation in order to couple a fully atomistic region to a defect-free elastic 
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continuum. The original paper already proposes a procedure for passing the information about the dislocation 
defects from the atomistic to the continuum model [13]. Remarkably, the procedure is verified by comparing 
the predictions of the iterative coupled models to “exact” fully atomistic models for several equilibrium 
dislocation geometries and a nano-indentation problem in aluminum [13]. 

A very similar scenario consists in coupling a molecular dynamics (MD) model with conventional hydrodynamic 
conservation equations for mass and momentum-flux with in a unified framework [14]. In this case, the goal 
was to develop a procedure for simulating micro/nano flows of high aspect ratio in the flow direction, e.g. within 
long ducts, tubes, or channels, of varying section, which is a very relevant problem in simulating the 
processing of materials [14]. In particular, the main idea was to use the computationally-costly MD model by 
applying it only at a limited number of stream-wise-distributed cross-sections of the geometry of interest and to 
extract iteratively from it some information which are passed to the continuum model [14].  

1.5.3.2 Tightly coupled models 

Continuum modelling frequently couples models in a tight way, as unknown physical quantities appear in all 
model equations, and the equations are thus coupled without any post-processing. The system of equations is 
a direct representation of the physical coupling between physical effects, which are taken into account. This 
type of coupling is in practice only used for continuum modelling. 

A very popular example in materials modelling is given by tightly coupling transport conservation equations for 
mass, momentum and energy, with phase field model equations [15]. The phase field model describes the 
dynamics of interfaces emerging during processing and/or ageing of materials. It can be obtained from some 
variational relations, which depend on the free energy of the system [15]. The phase field methodology is then 
used to model various classes of non-equilibrium phase transformations that serve as paradigms of 
microstructure development in materials science phenomena [15]. The phase field methodology has become 
ubiquitous of late and is gaining popularity as a method of choice to model complex microstructures in 
solidification, precipitation, and strain‐induced transformations [15]. For the sake of clarity, let us consider the 
EU project ICMEG (see Ref. [1]). One of the goals of the ICMEG project is to predict microstructure dependent 
effective properties of an injection moulded polypropylene (PP) plate over different sections of the plate [1]. To 
give more detail  ICMEg is simulating the injection moulding process by tightly coupling Navier-Stokes, heat 
transfer and flow front evolution equations, where the last is based on the phase field methodology, with a 
crystallization materials relation and this results in a  prediction of  mould filling, heat transfer and solidification 
[1].  

Another example is given by tightly coupling transport conservation equations for mass, momentum and 
energy, with electromagnetic field equations, under usual Magneto Hydro Dynamics (MHD) simplifications [16]. 
MHD is the study of the magnetic properties and behaviour of electrically conducting fluids and it has 
applications also in materials processing [16]. Magnetic fields can be used to melt, pump, stir, and stabilize 
liquid metals [16]. This provides a nonintrusive means of controlling the flow of metal in commercial casting 
and refining operations [16]. The quest for greater efficiency and more control in the production of steel, 
aluminum, and high-performance super-alloys has led to a revolution in the application of MHD to process 
metallurgy [16]. Moreover, MHD can be used for modelling gas-phase synthesis processes for realizing 
complex nanomaterial structures, as in the NANODOME project (see Ref. [1]). In particular, the NANODOME 
project aims to predict the nanoparticle size distribution, morphology and internal composition via modelling of 
the gas phase condensation synthesis process, including homogeneous and heterogeneous nucleation, 
surface and internal chemical kinetics and composition, agglomeration, aggregation [1]. In the continuum 
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modelling, this requires to tightly couple generic transport conservation equations for mass (species), 
momentum (Navier-Stokes) and energy, turbulence models (Reynolds Averaged Navier Stokes and/or LES) 
and electromagnetic field equations for plasmas (Maxwell’s equation under usual Magneto Hydro Dynamics 
simplifications) [1]. 

Another example is given by tightly coupling transport conservation equations for mass, momentum and 
energy, with the equations describing the chemical reaction kinetics [17]. Reaction kinetics is mainly focused 
on studying the rate at which chemical reactions proceed [17]. It is also used to analyse the factors that affect 
the reaction rates and the mechanisms by means of which they take place [17]. This is extremely important for 
describing materials processing and also materials aging. Aging kinetics is receiving an increasing attention 
because it is connected with the issue of sustainability of materials. Aging kinetics is also important for 
assessing the degradation phenomena in industrial applications, as in the PARTIAL-PGMs project (see Ref. 
[1]). In particular, the PARTIAL-PGMs project aims to model nanostructured materials for automotive after-
treatment systems [1]. Chemical reactions are also essential in modelling corrosion, where, typically, 
electrochemistry [18] must also be taken into account, as it happens in the LORCENIS project (see Ref. [1]). In 
particular, the LORCENIS project aims to model ageing control due to concrete additives of energy 
infrastructures exposed to accelerated salt corrosive environment [1]. Hence the LORCENIS project tightly 
couples the equations of solid mechanics with those describing the chemical and electrochemical variations of 
the local conditions. 
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1.6 Verification and Validation, Uncertainty Quantification (VVUQ) 

1.6.1 Definitions 

Materials modelling and simulation related to product design and manufacturing require definitions for aspects 
of verification, validation and uncertainty quantification (VVUQ). Even though VVUQ is not part of the scope of 
this document, the main definitions taken from reference [1] are reported here, together with some 
recommendations in the following section, which also emerged during an EMMC expert group meeting [2]. 
Verification [taken from 3, 4, 5, and even from 7] is the process of determining that a model implementation 
(numerical code) accurately represents the developer’s conceptual description of the model and the solution to 
the model. Verification is a coding task that deals with the estimation of all relevant sources of numerical 
solution error in an actual application model, which include: i) computer round-off error; ii) iterative solution 
error; iii) discretization error in space, time and frequency; iv) statistical sampling error; and, v) response 
surface error. If the estimate of each error is not feasible, then the sensitivity of the simulation results to these 
should at least be investigated.  
Uncertainty Quantification (UQ) is the process of characterizing all uncertainties in the model or experiment 
and of quantifying their effect on the simulation or experimental outcomes [3]. There are established methods 
(e.g. nondeterministic methods) for UQ.  
Summarizing, the expected outcome of the simulation VVUQ process is the quantified level of agreement 
between experimental data and simulation prediction, as well as the predictive accuracy of the model. A key 
component of the integration of simulation VVUQ into the quality-assurance process is the documentation of 
all relevant activities, assessments of VVUQ program adequacy and completeness, and peer reviews at 
various stages of the program [1]. 
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1.6.2 Recommendations 

A complete list of recommendations about VVUQ can be found as the main outcome of the EMMC expert 
meeting about this topic [2]. Here we would like to provide one more operational recommendation, which could 
help the materials community in implementing best practices about VVUQ: We would recommend to adopt the 
VECMA VVUQ Toolkit (VECMAtk) [9]. This is a package aiming to VVUQ for complex single- and multi-scale 
applications. Within the duration of the VECMA project (http://www.vecma.eu/), three annual releases are 
planned. The first Toolkit release contains a suite of components, providing tools to: create VVUQ procedures 
(EasyVVUQ); to automate the complex workflows emerging from these procedures (FabSim3); to enable the 
efficient execution of large numbers of jobs on computational resources (QCG Pilot Job Manager); and to 
provide convenient means to use HPC facilities for users (QCG-Now) and user-developers (FabSim3 and 
QCG-Client). The interesting point is that this Toolkit is part of an on-going European effort to enable 
automated VVUQ, providing support for software applications regardless of the domain of interest. The 
VECMA project has established a collection of readily working algorithms for uncertainty quantification within 
existing multiscale computing tools, covering also the field of materials modelling. 
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1.7 APPENDIX 1 

Our 13 meetings/minisymposia have had large industrial attendance. This is not only true for the two 
International workshops in Vienna, but also for the smaller meetings. Thus for example the M22 meeting in 
Uppsala (D1.5 (iii)) had active attendees from DCS Computing, DSM Material Science Center, Goodyear 
Dunlop Tires SA, Virtual Lab (Korea), Swerea KIMAB, Unilever, Noruna AB, Teknova AS, 
Leichtmetallkompetenzzentrum Ranshofen GmbH, Ministry of Infrastructure and the Environment (Saint Fons), 
+ Grantadesign, ACCESS e.V., Dow Benelux, HZG, Materials Design. The M18 expert meeting in 
Torino(D1.5(i)) had SOLVAY (France), ABB (Sweden), 3DS/BIOVI (UK),  Johnson Matthey (UK),  ENI  (Italy),  
DSM (Netherlands)- FCA Group (CRF, Italy) as invited speakers.  
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2. Analysis of the materials model development requirements for specific problems 
relevant to industry 

2.1 Electronics industry 

2.1.1 Overview 

Since the invention of the integrated circuit in 1959 the semiconductor industry has been on an amazing path 
of continuous miniaturization as encompassed by Moores law that the number of transistors on a chip is 
doubled every 18 months. This journey would not have been possible without advanced simulation tools, so-
called electronic design automation (EDA) tools. The EDA industry is today a multi-billion industry with large 
EDA businesses like Synopsys, Cadence and Mentor Graphics[EDA].  Leading semiconductor companies like 
Samsung, IBM and Intel, besides spending large amounts on commercial tools also invest substantial 
resources on internal tool developments.  

Traditional scaling, where the same materials and device geometries are used in new technology nodes with 
reduced dimensions compared to the previous node, only worked until 2010. After 2010, a large number of 
new materials have been introduced since the old materials failed when the technology was scaled. For 
instance, the traditional silicon-oxide gate insulator resulted in too large a leakage current when scaled and is 
now replaced with hafnium-oxide. Aluminium wires had too large a resistance and were replaced by copper 
wires. The planar field effect transistor (FET) is now replaced by a more complex 3-D structure, the FinFET 
technology. From transistors being built by 6 different chemical elements, H, O, Al, Si, B, N, nowadays there 
are more than 40 different chemical elements in a transistor[Intel]. To enable this technology development 
detailed physical modelling of the transistor has played an integral role. This type of modelling is a subgroup of 
EDA tools called technology computer aided design (TCAD). Atomic-scale materials modelling is used in 
TCAD to understand properties of new materials and device concepts and provide materials parameters for 
continuum level simulations. 

In this section we will discuss the gaps between current state of the art TCAD tools and the requirements for 
simulation of new emerging semiconductor technologies within the next 5-10 years and the role of materials 
modelling to achieve these requirements. The projected developments in device technology are outlined in the 
International Technology Roadmap of Semiconductors (ITRS) [ITRS] which in 2016 was substituted with 
International Roadmap of Devices and Systems (IRDS) [IRDS]. 

TCAD modelling is divided into process modelling and device modelling. Process modelling concerns 
simulating the device geometry as obtained by performing a number of process steps. The device simulation 
concerns simulating the properties, typically electrical, of the device geometry. The modelling challenges 
depend on the type of the semi-conductor device, and the main device types are Logic, Memory, Power and 
Optical devices. In the following, we will discuss the challenges for TCAD process and device simulation in 
each of these four semiconductor device areas.  While today most of the TCAD tools are based on continuum 
level modelling, in the future device are approaching the atomic-scale and will use a wide range of new 
materials and device concepts and this drives an increased need for electronic, atomistic and coarse grained 
modelling as well. 
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2.1.2 Current status and challenges 

2.1.2.1 Logic devices  

The logic device is the most complex semiconductor technology. Until 2002, the industry used a planar FET 
technology comprising a doped silicon substrate with an insulating SiO2 layer and an aluminium metallic gate. 
Today, the state of the art is a 3D FinFET structure. The Fin is basically a 2D-sheet etched out of a silicon 
substrate with several different complex material layers deposited onto the sheet.  In future technologies, the 
Silicon may be substituted by silicon-germanium and the Fin by 1D nanowires. Modelling of the device can be 
separated into modelling the transistor channel and the Back End Of Line (BEOL) which are the parts of the 
chip (wires, etc) coupling the channel with the other transistors. 

Figure 1 shows the structure of the gate stack in the 14nm Intel technology. Atomic-scale modelling of the 
processes leading to this device geometry are important. In particular, it is undesirable to have the metallic 
atoms diffuse into the channel and simulation of the diffusion constant of metallic atoms across interfaces and 
inside the different amorphous layers are desirable. The system has a size where it is not possible to directly 
simulate it with electronic models, however, atomistic, coarse grained or continuum models need parameters 
appropriate for the new materials and for the diffusion across interfaces between materials. It is difficult to 
determine such parameters experimentally and tools are now available that use multi-scale approaches where 
diffusion parameters are determined from ab initio and transferred to continuum level diffusion models[SMW], 
possible through an intermediate step  using Object or Lattice Kinetic Monte-Carlo models or Adaptive Kinetic 
Monte Carlo (A-KMC) models with atomistic modelling[Eon]. Since the underlying materials can be 
amorphous, there will be many different diffusion paths and there is a need for automated methods that can 
determine the diffusion paths[Eon] . The electronic models also need to be very efficient to handle a large 
number of calculations for often relatively large systems, ranging from a few hundred to several thousand 
atoms and providing an accuracy of ~10 meV on the calculation of the reaction barriers. 

 

 
Figure 1.  TEM image of the gate-stack in the Intel 14 nm FinFET technology. The image shows a crystalline Si channel 
covered with amorphous SiO2 and a high-k insulator, surrounded by two different amorphous metallic layers forming the 
gate. Image from Chipworks. 

Once the structure of the gate-stack is determined, its electrical properties must be simulated. Current device 
geometries are still out of reach for atomistic models, however, their electrical properties strongly depends on 
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the confinement in the FIN and the effect of the surrounding gate-insulator and the metal gate. Thus, a multi-
scale approach is needed where the basic properties, like electron effective mass, deformation potential, 
surface scattering, etc. are calculated with atomistic methods and then transferred to drift-diffusion models with 
appropriate quantum corrections[III-V]. Intermediate steps might be quantum based continuum level models, 
like Non Equilibrium Greens Function (NEGF) effective mass models or Boltzman Monte-Carlo methods 
[Devicemodel].  

Another important area is the simulation of the BEOL. The reduced dimensions of the metallic wires pose a 
number of challenges. In particular it is important to understand how the conductivity of the wires changes with 
the dimension as well as understanding heating and electro-migration for the wires.[SNPS-BEOL]. The 
simulation of heating and electro-migration at the atomic-level is still in its infancy and there is a need for 
reliable simulation tools which can simulate heating and electro-migration of systems with several hundred or 
thousands of atoms.  

While current technologies are too large for a fully atomistic description the situation might change in the 
future. New logic devices may be based on nanowires, 2D materials are other structures where there currently 
are no continuum level description and a fully atomistic description might be necessary. This requires fully 
atomistic models that include all the relevant device physics, i.e. including different types of elastic and in-
elastic scattering effects, as well as local heating effects in the device.  

Let us mention also that new approaches are emerging for logic applications utilizing the spin of the electrons 
or even spin-waves rather than the electron charge[spin]. Spintronic and multiferroic systems are leading 
candidates for achieving attojoule-class logic gates for computing, thereby enabling the continuation of 
Moore’s law for transistor scaling. However, these developments require shifting the materials focus of 
computing towards oxides and topological materials which implies a holistic approach addressing energy, 
stochasticity and complexity. Specific modelling tools will have to be developed to address these particular 
materials and the involved phenomena. 

2.1.2.2 Memory devices 

The simulation of current memory technologies has the same challenges and model gaps as for the logic 
devices. However, in case of memories there are wide range of new disruptive memory technologies which are 
close to becoming commercialized [review-memory]. Reliable modelling tools for these new emerging 
technologies are missing. Below we list some of the most promising new memory technologies. 

Spin Transfer Torque Magnetic Random Access Memory (STT-MRAM) technologies use magnetic materials, 
more specifically magnetic tunnel junctions (MTJ) to store information[STT]. The magnetic state of the MTJ 
can be switched by a pulse of current flowing through the junction. STT-MRAM technologies gather a unique 
combination of assets (non volatility, quasi-infinite endurance (>1013 cycles @30ns write time), speed (write-
read access time from a few ns to tens of ns), density (1Gbit in commercial product, 4Gbit demonstrated) 
which make them very attractive for a number of applications, in first place eFLASH replacement and SRAM 
CACHE replacement. These memory are now entering into volume production at major microelectronic 
foundries[STT-Prod]. There is a thorough basic understanding of the underlying mechanisms and they can be 
modelled by continuum level models (micromagnetic models) with the parameters in the models determined by 
electronic band structure calculations and atomistic models. The methodologies for this type of simulations are 
available. However currently, there are no commercial tools which puts the methodologies into a simulation 
flow.   
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Resistive Random Access Memory (Re-RAM) are memories where the resistivity of a material is used to store 
information and the resistivity can be changed by a voltage/current pulse. Different materials systems have 
been proposed for the implementation of ReRAM. The underlying physical mechanism behind the switching 
phenomenon are not yet fully understood and the mechanism may not be the same for different material 
systems. The systems are typically too large for electronic structure simulations and there is a need for 
atomistic or coarse grained methods which describe the relevant physical mechanisms once they are 
uncovered. The parameters of these coarse grained methods will most likely have to be calculated by 
electronic models and there is a need for combining the methodologies into simulation flows.   

Phase Change Memories (PCM) change the state of a material through electrical heating or an optical pulse. 
Also in this case there are different materials systems and the physical phenomena are not fully understood 
and may differ for different systems.  The modelling needs and gaps are of similar nature as for Re-RAM. 

 
Figure 2. Magnetic random access memory (MRAM): (a) Spin-transfer torque MRAM (STT-MRAM) cell comprised of a 
magnetic tunnel junction connected in series with a selection transistor; (b) Spin-orbit torque MRAM cell, 3 terminal 
devices written by an in-plane current flowing in a heavy metal line (large spin-orbit material e.g. Ta) and read with a 
vertical current using the tunnel magnetoresistance of the MTJ; (c) cross-sectional transmission electron micrograph of a 
Fe/MgO/Fe magnetic tunnel junction showing the nice bcc crystallinity of these MTJ (from S.Yuasa et al, J. Phys. D: 
Appl. Phys. 40 (2007) R337–R354); (d) Writing STT-MRAM by STT with pulse of current applied across the tunnel 
junction; (e) Extremelly low bit error rate (BER) which can be attained in STT-MRAM with out-of-plane magnetized MTJ 
(from J. J. Nowak, R. P. Robertazzi, J. Z. Sun, G. Hu, David W. Abraham, P. L. Trouilloud, S. Brown, M. C. Gaidis, E. J. 
O’Sullivan, W. J. Gallagher, and D. C. Worledge, IEEE Mag.Lett, 2, 3000204 (2011) 

2.1.2.3 Power and optical devices 

Typically, these systems are at a larger scale than the logic and memory devices, and continuum level 
modelling usually works well. Thus, currently the need for new electronic or atomistic modelling is less 
important. However, there are research and development of new material systems where the continuum level 
model parameters are missing and these parameters may be obtained from the electronic models.  

2.1.3 Advances needed  

In this section we discuss the advances needed to increase the use and impact of modelling in the 
semiconductor industry .The geometries of current and emerging semiconductor devices are typically too large 
to be handled by atomistic models, however, they are too small to be modelled by traditional continuum level 
models. Currently, the most promising way forward seem to add corrections to the traditional continuum level 
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models where the first set of parameters are obtained from atomic-scale modelling and the parameters are 
subsequently calibrated to reproduce representative experimental data.  

For process modelling the main parameters needed are formation and migration energies of defects and 
impurities. The need here is more accurate electronic models with an accuracy below 10 meV for formation 
energies and reaction barriers, as well as automated systems which can automatically setup and generate 
data for migration energies in complex systems [SMW], like amorphous materials, interfaces, etc. where there 
are a large number of migration paths. 

In the case of device modelling, the atomic-scale modelling can supply reference data with a full atomistic 
model of a model device and this reference data can be used to calibrate a full device simulation. The 
challenge is to simulate large enough structures such that they are relevant for simulating realistic devices and 
it is important the simulations are sufficiently accurate that the reference data are relevant. One particular 
problem in that respect is the band gap in DFT, and having access to fast and accurate DFT functionals.  

Within a 10 year timeframe it is realistic that some of the electronic devices can be solely handled by atomic-
scale modelling. In particular this could be important for simulating new memory devices which are based on 
completely new technologies, like phase-change materials, spin transfer torque, etc. Again the development of 
new more accurate and faster electronic models is a key to achieve a full atomistic description.  

It is most likely that the best approach will be a combination of atomistic, coarse grained and continuum 
models. Thus, there is a need for developing simulation flows where information from the atomic-scale 
simulations can be propagated to the course grained and continuum level scales.  

A common strategic view transverse to the above aspects consists of working towards standardization of 
modelling approaches. For instance, compact models can be associated with a “model card”, which provides 
the technology parameters and their typical variations. The next step will be to evolve the cards along with 
developing technology, possibly using automatic characterization tools and fitting algorithms. This process is 
expected, similarly to that developed by the Compact Model Coalition for CMOS electronics, to boost 
interconnectivity among different sources, thereby increasing the efficiency of feedback between industrial 
modelling and device design. 
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2.2 Electrical insulation materials 

2.2.1 Background  

Wind, wave power and solar are attractive sustainable energy sources for reducing CO2 emissions and 
tackling climate change. Power farms based on wind or wave energy are preferably placed off-shore whereas 
solar parks are installed in desert regions, i.e., at large distances from where the energy is actually consumed. 
High voltage direct current (HVDC) is the preferred technology to transfer the electrical power from such 
remote locations due to lower transmission losses. The transmission voltage should be as high as possible in 
order to transmit power with minimal loss.  

One of the key scientific and technological challenges associated with insulation materials for HVDC 
components, e.g. capacitors, bushings, cables, cable accessories, transformers etc.,is to develop a precise 
understanding of the electrical properties of both the insulation material and the interfaces between the 
different materials used in these HVDC components. Further, interfaces are also present inside materials, e.g. 
in composites where different additives in the form of micro or nanoparticles or fibers are incorporated to 
enhance specific properties of the materials. An additional interface of importance is the interface between HV 
electrodes and the insulation material. 

State of the art insulation materials for HVDC applications are today commercially available and used at all 
operating voltage levels. However, at higher electrical fields, a detailed knowledge of the material composition 
has to be realized to fully understand the performance obtained through experimental investigations. In 
general, for gases, liquids and solids, an understanding of the insulation performance at the atomic scale 
becomes important for the highest field levels in HVDC applications and beyond. 

Research in dielectrics is spread globally and has a long history. Detailed theory and continuum level models 
have been developed and used for a long time with good accuracy. However, as mentioned above, in order to 
develop next generation insulation materials, it is very important to generate a detailed knowledge of the 
correlation between the chemistry of the material and its performance and multiscale material modelling is a 
potential technology to be used for this purpose. For this to happen, more material scientists with expertise in 
different types of material modelling are encouraged to engage in the modelling challenges described below. 
In the following sections, we include some examples of the most recent efforts done in simulation of dielectric 
materials using discrete methods and some connections to continuum level models and end with a few 
potential advances needed. 
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2.2.2 Current status and challenges 

2.2.2.1 Dielectric gas 

Gas is used as dielectric media in several HV products, e.g. HV Breakers. Recently ABB launched a new 
insulating and interruption gas, AirPlus, with significantly lower global warming potential compared with the 
most commonly used gas, sulfur hexafluoride (SF6) [1]. Detailed knowledge of the gas molecules, both 
electrical and thermal properties, was needed in the development. In particular, modelling accelerated the 
R&D process e.g. thermal properties of the molecules was calculated and used in HV product design 
simulations. The primary property is of course the electrical breakdown field, which depends on pressure and 
e.g. the dew point since the gas should remain as a gas in relevant pressure and temperature ranges. 

Boltzmann’s equation for weakly ionized gases in electric field can be solved and together with streamer 
(electrical breakdown channel containing partly ionized/conductive gas or plasma) initiation criteria, used to 
calculate intrinsic electrical breakdown properties. Additional ambient circumstances, e.g. gas purity, electrode 
smoothness and shape, pressure, temperature etc, impact the actual breakdown performance. Accurate 
predictions of the intrinsic properties  can be obtained if total cross-sections for all electronic ionization and 
excitation processes are known. For many common gases the total cross sections are known from experiment. 
For gases with few electrons per molecule, e.g. N2, ab initio methods are available which can take into account 
impacting electrons within limited energy range, see e.g. [2]. In the absence of a purely ab initio approach to 
calculate cross-sections of larger gas molecules, some statistical models, expressions fitted to data, are 
available where data from DFT and semi-empirical calculations of molecular properties are used. In 
combination with similar models for boiling point, as a measure of dew points, this provides a screening tool for 
the identification of potential molecules [3]. Nevertheless, ab initio methods would be needed both for direct 
calculation of larger molecules/energy ranges and to generate data for training statistical models. 

The main reason to find an alternative to SF6 is its Global Warming Potential (GWP) and calculations thus 
offer an opportunity to search systematically for alternative gases. Calculation of GWP includes IR-absorption, 
atmospheric lifetime estimation and cloud models [4]. The lifetime estimation is the most challenging property 
to be determined, but within statistical models fairly good GWP estimations are possible in order to reduce 
potential candidates [4]. To my knowledge these methods have at least been applied in a few publications in 
the literature. 

2.2.2.2 Dielectric liquids 

Mineral oil is still the most commonly used dielectric liquid in power transformers, but some new liquids are 
available. Ester liquids are an attractive alternative to mineral oil as the latter is harmful to the environment, in 
addition ester liquids has higher flame point (which is good). For some dielectric properties mineral oil is still 
the best choice, but with detailed knowledge of the chemical structure of ester liquid it has been shown that 
these liquids can be tuned to the same level as mineral oil by adding molecular additives with specific 
electronic structure properties [5]. In comparison with electrical breakdown in gas the electrical breakdown in 
liquids is a much slower process, occurring after fulfillment of streamer initiation criteria. Phase transitions from 
liquid to gas to plasma slow down the process. Initially the streamer can be non-travelling and in a second 
phase gain some velocity until it reaches a high velocity and a breakdown occurs. Understanding this fully is 
challenging and is an active research topic. Simulation models to describe the phenomena at the macroscopic 
level are available in the literature. However, some molecular properties have been demonstrated to impact 
the streamer propagation, in particular ionization potentials and excitation energies. Detailed computational 
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studies of ionization potentials and excitation energies at high electric fields have been done [6]. But like in 
gas, cross sections for electron impact may also be an important parameter. The photon cross sections at 
different electric field is an important property in a proposed photoionization model for the onset of fast 
streamers [7]. As discussed above other properties needed for electrical breakdown models might be thermal 
decomposition energy for phase transition from the liquid to partly conducting gas or plasma [8].  

2.2.2.3 Dielectric polymers 

The need for a more detailed understanding of insulation materials originate from challenges at the 
macroscopic length scale but it connects all the way down to the microscopic material properties. For solid 
insulation both the detailed chemical composition and the introduction of nanoparticles have been shown to 
highly impact the insulating properties, in particular for the high-performance material used in high voltage 
cable and power capacitors. Here we focus the discussion to polyethylene (PE) and polypropylene (PP), which 
have electrons and holes as primary charge carrier in leakage currents measured experimentally. Both 
electrical breakdown and conductivity levels are important properties, the later are important for the reduction 
of losses, which result in heating and potentially in thermal runaway and electrical breakdown.  

2.2.2.4 Electrical breakdown 

Experimentally it has been shown that various molecules, so called voltage stabilizers, can be compounded in 
the polymers to improve electrical breakdown properties, e.g. fullerenes and PCBM show good results [9]. 
Ionization potential and electron affinity are typically used as measures to identify suitable molecules. Another 
approach to improve breakdown properties is to add nanoparticles to the polymer, magnesium oxide 
nanoparticles show most promising results for PE. The improvement is attributed to the interface between 
nanoparticle and polymer. Several studies at different length scales have been done to understand the 
properties of the nanoparticle polymer interface, continuum scale model  and DFT [10]. A multiscale approach, 
see illustration in Figure 1, including DFT, kinetic Monte Carlo (KMC) and geometrical particle morphology was 
used to predict breakdown and lifetime of TiO2 silicone nanocomposites [11]. Calculation of intrinsic electrical 
breakdown using density functional perturbation theory, DFPT, which connect electronic structure and phonon 
spectra at ab initio level, has been published in the literature, but is limited to crystalline materials [12].  



 
EMMC-CSA – GA N°723867 
Deliverable Report D1.4 - White paper on gaps and obstacles in materials modelling 

 

Public Version: final Page 38 of 85 
 

 
Figure 1. The schematic diagram of the multi-scale simulation approach to predict the lifetime and breakdown strength of 

polymer nanocomposites. From [11]. 

Electrical breakdown properties in solids depend on material properties at different length scales, from 
ionization potential to nanoparticle morphology. Methods to combine the relevant properties at different length 
scales, e.g. as described in [11], need additional development and software for easy workflow is needed. 
These methods may be valuable for material development as well for more detailed understanding of material 
already in use, if industrial conditions may be applicable. Industrial conditions may be to include impurities and 
additives, structural imperfections etc, 

2.2.2.5 Conductivity 

Electrical conductivity, in particular in PE, has been studied extensively due to its importance in HVDC cables, 
where crosslinked low density PE is used as insulation. Due to long timescales to reach steady state in 
leakage current measurements and the impact of chemicals in the polymer, detailed studies at different length 
scales are relevant. Using 1D fluid models phenomena on longer times scales can be simulated [13]. 
Parameters obtained from experiments or ab initio simulations are needed for these models. A number of DFT 
and linear scaling DFT studies have been done to understand which chemicals can yield various type of traps, 
impurity states in the polymer band gap, since these impact the electron and hole mobility, a recent study is 
[14]. Due to the PE semi-crystalline structure several studies have been focused on understanding how the 
crystalline and amorphous phases and the crystalline-amorphous interface may impact the electronic structure 
properties. The electronic structure of the pure polymer, including those with semi-crystalline structures, has 
been studied using DFT and linear scaling DFT, e.g. [15]. Using a Monte Carlo approach, that primarily take in 
to account the free energy of the torsional configurations of the polymer backbone, semi-crystalline structures 
can be easily generated and in a second step relaxed using Molecular Dynamics (MD) [15]. Mobility edges and 
activation energies has been calculated using semi-empirical methods and DFT [15, 16]. The main issue with 
electronic structure calculations of PE is the bandgap. Hybrid functional and GW methods give good 
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prediction, but for larges structures including impurities and/or semi-crystalline structures these methods 
become challenging. In overall the result show that the basic charge transport mechanism is hopping where 
the hopping sites origin both from the polymer structure and impurities and other chemicals. Knowing the 
charge transport mechanism, the mobility can be simulated as will be described below. 

Electron and hole mobility simulations have been done primarily for PE. Two approaches have been used, 
kinetic Monte Carlo (KMC) [17] and for excess electrons, the so called Lanczos method [18]. The KMC 
approach is limited to hole mobility since the conduction states are interchain states [19]. Parameters needed 
in KMC methods have been calculated using DFT. For amorphous polymers molecular models have been 
used due to the challenge to determine how the electronic state localize along the polymer. The Kuhn length 
can be used as a measure how long the molecules should be [17]. There are also propositions on structural 
criteria which cause the localization [20].  

Accurate methods to determine structures are needed in an easy workflow, in particular for larger polymer 
structures and polymers containing nanoparticles where the most accurate ab initio methods are not 
applicable. Methods for mobility simulations at different length scales exist but need further development and 
should be combined with structures at the different length scales in an easy workflow.  

2.2.2.6 Additional topics 

Other topics to mention are charge injection barriers, dielectric constant, dielectric loss and ion mobility. 
Charge injection determined from experiments does not match injection barriers of pure metals and ideal 
polymers [21]. For charge injection band gap prediction become an important topic, in particular with different 
chemistry included at the interface. 

In a few studies charge injection barriers have  been investigated, a recent study is [22]. Machine learning 
approaches have been used to identify new polymers with, e.g., a high dielectric constant using MD and DFT 
to calculate structures and band gaps, see this review for an overview [23]. Dielectric loss is investigated using 
MD [24]. Ions in a polymer stressed by a very high electric field may not be in equilibrium, which entails that 
the Einstein diffusion relation would not be valid [25]. More investigations on these topics are needed, in 
particular accurate force-fields for MD simulations. 

Functional materials, for example polymer composites are an additional important material class for HV 
components. Field grading materials (FGM) are a class of highly filled polymer composites which above a 
threshold field changes their electrical conductivity by several orders of magnitude [26]. This shift is due to the 
onset for the electrons and holes to move via the significantly much more conducting filler particles forming a 
percolating network in the composite. Electric circuit network models based on geometrical particle 
morphology have been able to explain several experimental observations, e.g. in [27]. Typical fillers are ZnO 
and SiC, and more recently graphene-oxide has been investigated [28]. 

2.2.3 Advances needed 

2.2.3.1 Dielectric gas 

New dielectric gases with low GWP can be predicted by a combination of atomistic methods for electronic 
properties, continuum models for charge dynamics and statistical methods for GWP prediction. However, both 
in atomistic and statistical models, expressions fitted to data have limitations in coverage, in particular for 
larger molecules. Methods for different cross sections need to be developed further to cover an increased 
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energy range and include larger molecules and molecules with high electron density e.g. fluorinated 
chemicals. Since the atmospheric lifetime of molecules is important for the GWP prediction, further 
development of the simulation models is of an industrial interest. 

2.2.3.2 Dielectric liquids 

Challenges in simulation of dielectric liquids are primarily to include all relevant processes occurring in the 
breakdown processes, which includes phase transitions and electronic structure properties of the molecules in 
the liquid. Thus, connections between scales, multiscale simulations, where molecular properties are used in 
meso scale and continuum models would be valuable in dielectric design. 

Ionization and excitation energies have been investigated in detail, while cross sections for impact may be an 
interesting property for further method development. Additional interesting properties are decomposition 
energies and viscosity. 

2.2.3.3 Dielectric polymers 

The electrical breakdown field is challenging to simulate in dielectric polymers, yet the cases described in 
Refs. [9-12] have contributed to an increased understanding of the processes involved. Some remaining 
challenges are to continue to couple the electronic structure properties to macroscopic properties and to take 
into account non-ideal materials with impurities and the additives used in industrial polymers. 

For conductivity and mobility simulations many challenges remain such as using the actual polymer instead of 
smaller molecular models, to treat more realistic materials with impurities and additives included and to 
connect continuum models with atomistic models. 

The band gap issue can partly be resolved using the scissor method, which simply correct the band gap by 
widen it with the known error, but it is unclear how impurity stats should be treated using this approach. Thus, 
the band gap prediction in DFT become important when industrial polymers should be studied since these 
always contain additional chemicals, e.g. anti-oxidants. 

Both for conductivity and electrical breakdown the polymer structure is important. For MD simulations, 
atomistic and coarse grained, accurate force fields are important. Equally important is to have easy access to 
force fields for a wide range of polymers or even combination of different polymers e.g. blends or interface 
between two polymers. For the engineer, which use already available polymers, this is important in order to 
describe the industrial materials used in a product, to be compared with a material developer that to a larger 
extent can focus on the ideal material properties. 

For functional materials and nanocomposites in general, an easy to use workflow including both discrete 
simulations levels as well as continuum level models is needed. 

2.2.3.4 Gas/liquid to solid interface 

HV component are built of various “materials”, which can be gases, liquids or solids, and thus incorporate 
many interfaces between the different materials. For many HV component the interface towards the air is an 
important interface. The interface between materials give additional properties of interest. The charging and 
de-charging behavior at gas-solid interfaces is an example. Such phenomena are affecting the performance of 
HV components exposed to continue HVDC stress that will charge up the interfaces over time. Another 
example is insulation systems that are exposed to voltage surges, such as lightning impulses, that cause 
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corona discharges which are deposited on the gas/solid interface. Simulation methods to study the charging 
dynamics for gas/liquid solid interface under high electric field are needed. 

2.2.4 Conclusions 

In summary, this report provides a brief overview on material simulation of electrical insulation materials. In 
particular, for gases, relevant properties can be simulated and used in R&D processes to accelerate 
development. For liquids, solids and various other material interfaces, additional and focused efforts are 
needed to make material simulation applicable in an industrial context where “non-ideal” materials are used 
that contain impurities, additives of different kinds, oxidation of surfaces etc. Within the HV area, the 
engineering is done at the macroscopic length scale, therefore, connection between discrete methods and 
continuum methods will be important to obtain success with discrete material modelling in this industrial sector. 
To reach that, I believe the great work started by the “pioneers” in this area at universities need additional 
development, in particular to connect simulation at different length- and time scales. 
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2.3 Metals and alloys   

2.3.1 Background 

2.3.1.1 Metals & alloys in economy and society 

Metals and alloys play an important role in many areas of society and serve as a means to support 
development in any of the social sectors, Table 1. The biggest market for metals and alloys, the steel market, 
corresponds to an annual market of billions of US- $ [1].  

Table 1. Overview of the main alloy classes and their main fields of application (non exhaustive) 
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alloy class main functionality area of application major social sector 
Fe-based structural material construction infrastructure, energy, mobility 
Ni-based high-temperature material turbomachinery energy, mobility 
Al-based lightweight structural 

material 
automotive mobility 

Mg-based biocompatible material, 
lightweight material 

implants, 
automotive parts 

health, mobility 

Ti-based biocompatible, light weight, 
high temperature materials 

implants, turbomachinery health, mobility 

Cu-based electric material motors/generators, 
electronics 

energy, communication, 
infrastructure 

Pb-based cathode material/solder batteries energy, communication 
Si-based electronic material photovoltaics, electronics communication, energy 
Sn-based solder materials electronics communication 
Zn-based corrosion protection construction infrastructure 
Li-based electric material, 

lightweight material 
energy storage energy 

2.3.1.2 Processing of metals & alloys 

Metals and alloys can be processed into components by a wide variety of processing steps, Table 2. Almost 
all metallic products can be recycled in suitable metallurgical processes paving the way towards a sustainable 
society and a cyclic economy.  

Any of these processes has an influence on the microstructure of the material and accordingly on its 
properties. The properties of the material vary over the different regions of a component because these 
individual regions experienced different histories during their processing. 

 
Table 2. Overview of the main processes during the production of metallic components 

process purpose area of application 
metallurgy purification recycling 
casting primary shaping* provide initial shape 
forming shaping provide final shape or near net shape 
heat treatment engineer properties materials engineering, property adjustment 
coating Provide functional coating corrosion protection 
machining Generate final shape and surface finish Mechanical engineering 
joining combine parts to system system engineering 
operation use system mobility, energy, health 
*includes Additive manufacturing 

2.3.1.3 Modelling of metallic components, their production and their properties  

Modelling of production processes using FEM type methods based on thermo-mechanical models is well 
established in many areas of industry. The materials relations and materials properties entering into respective 
simulations by now, however, in most cases are considered as being isotropic and constant across the entire 
part and by now often are only estimated or inferred based on similar materials. Models and methods to 
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describe and even predict the local properties of materials regions inside a component – and their evolution 
during processing and operation – are at the doorstep of first applications. 

The key to such a description is the microstructure of the material, which is the carrier of the properties and 
which can be influenced by dedicated processing and by a tailored composition to a large extent; see Fig. 1. 
The major progress in computational microstructure modelling started from CALPHAD type thermodynamics. 
Phase-Field Models nowadays are capable to describe microstructure evolution even in complex and 
multicomponent alloys. Eventually, crystal plasticity models allow for the description of deformation processes 
and evolution of defects and dislocations. A review of the current state of microstructure modelling is available 
in [2]. Many of the respective models are physics based, but still need some materials relations. Deriving such 
relations from discrete electronic/atomistic/mesoscopic models is not current practice but will become 
important in the future. 

Fe C  Mn Si P Cr Ni 

Bulk 
material, 
defines 
temperature 
stability 
range 

Workability, 
hardness, 
wear 

binds 
Sulphur, 
hardness, 
cold 
workability, 
machinabilit
y 

Electromagn
etic 
properties, 
surface 
properties, 
hardness… 

Hardness, 
hot 
workability, 

Corrosion 
resistance, 
wear/heat 
resistance 

Toughness, 
formability, 
thermal 
expansion 
matching, 

Bulk 0.003 – 2.1 
% 

0,02 – 27% 0.01 – 6 % 0.01 – 0.6% 0.01 – 13% 0,01 – 12% 

Fig. 1. A typical steel grade consists of numerous alloying elements with very different amount and specific contribution 
to the overall performance and processing of the material (adapted from [2]). 

2.3.2 Current status and challenges  

As an example, steel development in the last century aimed at improving the in-use properties of the steels but 
also – with almost the same emphasis - at their improved processing. Well defined amounts of very specific 
alloy elements have been added each being meant to serve a specific purpose. Trade-offs had to be identified 
on the base of huge experimental efforts for elements being beneficial with respect to one property while being 
detrimental with respect to another one. As a consequence and challenge, industrial customers increasingly 
require models being capable of treating multicomponent, multiphase alloys, their processing and eventually 
their properties. 

Tiny impurities are well known to have significant impact on macroscopic properties in electronic materials. In 
structural materials tiny impurities affect phase morphology and fatigue properties [3] or prevent production 
process instabilities [4]. Realistic models thus increasingly need to take tiny impurities and other defects into 
account.  

Making metallic components and designing their properties is not only about their composition. The processing 
history and especially the sequence of phenomena occurring during individual process steps decide about the 
final properties of the product. Currently emerging and future simulation techniques at the microstructure scale 
will further drastically reduce the development efforts for new materials and their processing into new products. 
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To reach this objective models are needed to track the evolution of metallic components along their entire 
production- (and service-) life cycle. 

Industrial users in general need cheap, fast, reliable, readily available and even pre-configured solutions to 
tackle complex topics of technical interest. A strong desire from industry can be noticed especially to have fast 
models allowing for real time control of production processes.    

 “Cheap, fast and reliable” relate to simulation speed versus accuracy of the results. Not knowing the accurate 
value (and its uncertainty) in a design process leads to selection of the worst value as design criterion. 
Specifying accuracy requires quantification and validation of uncertainties in experiments, simulations and 
data and their propagation along workflows. Validation thus is needed requiring an improved interaction 
between virtual and real worlds. 

The current trends are directed towards tailored, multicomponent, multifunctional materials as building blocks 
of components. These components themselves are tailored towards a specific functionality and operational 
performance and shall be generated in robust and effective processes. The overall production system in a 
multi-parameter optimisation has to be optimized towards maximum profit and minimum risk under given legal 
constraints. 

In summary, customers/end users in the metals and alloys industries: 

• require models for multicomponent, multiphase alloys and their processing 
• in future will increasingly consider even tiny impurities as being important. 
• need models to track the evolution of metallic components along their entire production- (and service-) 

life cycle.   
• need cheap, fast, reliable, readily available and even pre-configured solutions to tackle complex topics 

of technical interest 
• need validation of simulation and modelling results requiring improved interaction between virtual and 

real worlds and the assessment of uncertainties in both experimental and computational values 
• need multi-criteria optimization of workflows to balance all business 

2.3.3 Advances needed   

2.3.3.1 Advances in individual methods and models   

Quite a number of data is needed to simulate the evolution of microstructures. Once a microstructure is 
available a number of further data is required to extract the desired properties from that microstructure. Most of 
these data as listed below by now are often still determined experimentally. Efficient, robust and fast methods 
to determine these data from simulations are highly desirable. As modern materials typically contain quite a 
variety of alloy elements all these data in the best case are made available as functions of temperature and 
alloy composition. A first step would be a prediction of a property σ for a nominal temperature/composition 
including - at least - linear extrapolations like: 

 

	 , 	  , ∆  ∆  
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Increasingly, also the anisotropy of materials and of their properties is exploited to tailor the anisotropic 
properties of components. The development of efficient methods to determine the anisotropy of materials 
properties - again also as a function of temperature and composition- should become a target of future model 
development.  

The best solution would be a direct calculation of respective values during runtime of the simulation requiring 
these data. Respective values can however also be generated in pre-calculation strategies and then be stored 
in databases with rapid access. Such strategies by now probably have not yet been followed due to lack of 
awareness of the needs of other communities, the reluctance to act as a “calculation engine” just providing 
data, the lack of availability of suitable metadata structures allowing seamless data exchange between 
different communities and between models and databases. 

For a few special systems/phases and a few dedicated compositions data needed to describe the evolution of 
microstructures were determined experimentally in the past and are available in the literature and/or in 
databases. To account for temperature and composition dependent properties, however, models and methods 
have to be elaborated and established to calculate and predict these properties from simulations in future. The 
data needed to be calculated in order to describe microstructure evolution comprise  

(i) per phase properties 

Most thermodynamic data for individual phases are available via CALPHAD [5] type databases which 
in the past have been populated essentially based on experimental data. Nowadays increasingly data 
from ab-initio models also enter into such databases and their assessments. The same holds for 
diffusion data in multicomponent system. 

Other kinetic/transport properties, however, like thermal conductivity or electrical conductivity, are still 
often determined experimentally for dedicated alloy compositions or are estimated from values of 
similar materials being available in the literature.  

Crystal plasticity: The simulation of deformation of individual crystals by using crystal plasticity 
methods has made great progress in the recent years. Future efforts should target            the 
description the effects of alloy elements on slip-systems and plasticity. 

(ii) properties of/at boundaries 

Isotropic interfacial energies can be estimated from bulk thermodynamic data using simplified 
assumptions. Such values currently are the best practice to estimate composition & temperature 
dependent interfacial energies at all. Models existing to determine anisotropic interfacial energies, 
anisotropic interfacial mobilities, and grain boundary energies should be widened to allow for an 
efficient calculation of these properties as function of temperature and complex alloy composition. 

The simulation of transport data for heat, species, and charge across boundaries provides challenges 
for future research. These properties also should be provided as function of temperature and complex 
alloy composition. 

The data needed to extract properties from microstructures depend on the area of application. In general 
methods already exist to extract the effective materials properties of multiphase materials based on (i) the 
notion of the topological arrangement of the phases and (ii) the properties of the individual phases. While 
methods to simulate the topological arrangement of the phases are increasingly established, there is a strong 
need for the simulation of the properties of the individual phases as function of temperature and composition. 
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Current DFT calculations can only provide some of the desired data and are not yet established in the 
microstructure community. Gaps are especially seen in the in the determination anisotropic thermoelastic and 
viscoplastic properties of the individual phases as a function of temperature, composition and defect structure. 
For functional components especially anisotropic electromagnetic and optical properties and other properties 
being relevant to the desired functionality are required. 

2.3.3.2 Conceptual advances   

Besides the required advancement of the functionalities of the individual models depicted in the preceding 
section a number of conceptual advances is mandatory.   

No individual standalone tool allows tackling the complex simulation tasks required to design modern materials 
and products and to meet all requirements of the producing industry. The integration of a variety of software 
tools thus will generate a significant added value. Individual simulation tools currently fulfil the basic 
requirements and functionalities, which makes their basic integration possible now. Further improvements of 
individual tools with respect to speed, spatial resolution, number of elements and phases being described, 
quantification of uncertainties simultaneously still remain necessary. 

Besides technical issues of forwarding data (“interoperability”) also an awareness about the modelling 
possibilities up-stream the own simulation task and about the needs downstream in subsequent simulations 
has to be generated. An acceptance of a need to identify and to forward also data not needed for own 
purposes but potentially being beneficial for downstream simulations has to be conveyed. 

Interoperability of models and software tools at the component scale a huge variety of different software tools, 
data formats and nomenclatures exist and a harmonization of the simulation ecosystem at the component 
scale is currently targeted in the VMAP project [6]. At the mesoscale of the microstructures an hdf5 type file 
structure seems to establish itself as a de-facto standard. 

 A major gap has especially been identified between continuum mesoscale models and world of discrete 
models. First uses of interfacial data being calculated by electronic/atomistic/mesoscopic models in 
commercial software tools calculating the microstructure have already been reported [7]. 

The most promising approach towards generating interoperability between all these areas and across all 
scales of application currently is seen in a semantic interoperability based on a foundational ontology like the 
European Materials & Modelling Ontology “EMMO” being currently under development [8]. 

Software platforms: Modular, configurable combinations of different tools into workflows eventually being 
performed on a simulation platform are highly desirable. Efforts towards establishing a platform focused on 
metals & alloys are currently ongoing [9].  

Computational efficiency/speed: Production technologies strongly profit from real time control of the individual 
production processes. Current control algorithms are typically based on fast physical sensor-actor systems. 
Future intelligent control systems involving a modelling step allow better assessment of the measured data 
and more sophisticated actions to be taken by the actors. 

Such scenarios require a high modelling speed matching the time scale at which decisions have to be taken. 
Significantly speeding up existing complex simulation scenarios is one way to match this target, which, 
however, from a current perspective seems unrealistic. 

Alternatives scenarios which should be investigated are  
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• fast models with reduced – but quantified- accuracy  
• pre-calculation strategies to fill databases, which can be accessed in a very fast way 
• calibration and refinement of existing – fast – process models and empirical materials relations on the 

basis of intense and complex simulations 

Data re-use: Similar to the acquisition of experimental data also the generation of simulation data is a time 
consuming and costly effort. Strategies to re-use simulation data should thus be exploited in a more intense 
way. One type of re-use relates to the pre-calculation strategies to populate rapid access databases. In this 
case the re-use of the data is immediate part of the strategy. 

There are however many other types of data originating from simulations which might be interesting for a re-
use in future. A most interesting data set in this context seems to be a “3D digital microstructure catalogue”. 
Such a catalogue would provide digital microstructure representations which can be re-used in future 
simulations and can be combined with other 3D microstructures. 

Establishing and populating such a “3D digital microstructure catalogue” requires (i) a standardized data-
structure (e.g. EMMO [8]), (ii) microstructure data originating from both experiments (e.g. via the EMCC [10]) 
and simulations (e.g. via the EMMC [11]). 

The lessons learned in the recent decades lead to some paradigm changes: 

(i)   the perception that tiny amounts of chemical elements are game changers not only in electronic 
materials but also in structural metals & alloys 

(ii)   the perception that tiny amounts probably cannot be handled by AI methods as almost all currently 
available data sets do not even comprise the respective information. 

(iii)  the perception that the “sequence of things happening“ matters and may have a macroscopic impact. 
Again AI methods will probably not be able to capture such time sequences. 

In summary, the future design of new metals & alloys and new metallic components will essentially proceed 
based on simulation workflows. The materials and components will be optimized towards a desired 
functionality and performance while at the same time obeying constraints given by manufacturing processes, 
by ecological footprint and by economic impact. The prediction of materials and component properties will be 
possible along the entire production and service-life-cycle and also for recycling in a circular economy.  

The major strategy summarized in this article is based on a modelling hierarchy starting from the application 
scale of the components and going down to continuum descriptions of microstructures and eventually further 
down to the mesoscopic/atomistic and electronic entities. 

Models and software tools operating at the component level will strongly profit from being provided with 
anisotropic and locally resolved materials properties. Several of these properties can basically be generated 
for each dedicated alloy composition and process history by respective continuum microstructure models. 
These models and tools still are computationally very intense. 

These continuum microstructure models in turn need quite a number of parameters as specified in this section 
which can in few cases already be determined and provided by discrete models. The challenge for future 
discrete models from the perspective of a continuum microstructure modeller is best summarized as follows: 
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• Prediction of any type of physical property for a single phase solid solution crystal as a function of 
temperature and composition. The initial focus/priority should be on anisotropic thermoelastic, 
viscoelastic and viscoplastic properties including their uncertainties.  

• Prediction of any type of physical property for interfaces and higher order junctions as a function of 
temperature and composition. The initial focus should be on anisotropic interfacial energy and 
interfacial mobility including their uncertainties. 

Once one or more e/a/m models can perform these tasks at all, the generated data could be directly 
implemented and used as input to continuum microstructure models. Prerequisite then is a common 
“language” i.e. an ontology like the EMMO [8]. 

At least one stream of future activities in the area of e/a/m models should focus on the speed at which the data 
can be provided and on the uncertainties of the provided data. If the models can provide data almost at the 
same pace as they are needed in the continuum model, the development of suitable APIs should be promoted. 
In case the simulation tools should turn out to be too slow, pre-calculation strategies should be envisaged, 
where databases have to be developed and then to be populated off-line with simulation data from e/a/m 
models.  
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2.4 Polymers (polyethylene)   

2.4.1 Introduction 

Polyethylene (PE) is utilized in end applications varying from packaging to cable insulation. These applications 
all put different requirements on the final material properties. In addition to an experimental approach, 
modelling is used to understand and predict how the molecular design of the PE polymers will impact their 
properties during processing (melt phase) and how it will impact properties of the resulting product (solid 
phase). This information is critical to companies like Dow to enable the translation of customer needs into new 
polymer designs. It also allows technical support teams to collaborate more effectively with customers in 
optimizing the production process on their end. 

For a complete picture, the value of modelling needs to be viewed in a much broader sense. Modelling helps 
to speed up the design of new materials, formulations, and production processes [1]. Different layers of 
predictive models allow for effective screening of various ideas and hypotheses, making it possible to focus on 
the most promising ones. This screening mode can also be applied to analyze experimental data, and develop 
empirical models that can lead to development of theory. Overall modelling, in the most general sense of the 
word, is an enabler for collaboration between experimental researchers, market researchers, engineers, and 
customers. 

To properly address modelling gaps and needs, it is necessary to explain how modelling is positioned in 
projects. Typically a pragmatic approach is taken, where the choice of models depends on: 

• Availability of models and expertise 
• Cost of licensing and support 
• Timing, how long does it take? 
• Availability of experimental data 

Industrial research deals with multiple and variable time frames. For short time to market research, the main 
goal is to develop new materials or innovations where theoretical understanding comes second. The longer 
term research on the other hand, focusses more on knowledge building and understanding why things work. 
Therefore timing is a critical element in the choice for a modelling approach. 

Polymer modelling in industry is a very complex challenge, as it spans all the way from molecule to application, 
covering length scales from nanometer to millimeter or even larger. At such a wide range, every length scale 
requires its own modelling type. Any impact deriving from polymer structure, be it at molecular or mesoscopic 
level, must propagate down a chain of models to make its way to the properties of a final product. Connections 
between models need to be as seamless as possible, both in terms of interoperability and in completeness of 
information to be transferred. This implies modelling architecture challenges to enable models 
intercommunication, and scientific data management challenge such that important information is available 
through the model chain. 

This chapter will describe the process of materials modelling in the polyethylene industry, and the associated 
challenges in terms of modelling gaps. It is possible to distinguish between three main domains of perceived 
modelling gaps:  

1. Theoretical - connecting length and time scales. Going from molecular design to properties of the final 
product requires a modelling step at each length scale and time scale. And modelling typically requires 
making assumptions in order to make a problem solvable. However, this imposes a dilemma: to what 
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degree will these assumptions affect the accuracy of the model, and how will potential inaccuracies 
propagate through the chain of models? 

2. Architectural – connecting the models. Though this is more an IT -related problem it is still very real 
and relevant. Key to successfully operating model-chains, is a clear structure of inputs and outputs, 
properly documented in metadata. 

3. Model availability – getting access to the state of the art. There are basically three options, via 
commercial licenses, via research collaborations, or via open-source repositories. Each option has its 
benefits and drawbacks with respect to cost, availability, ease of use, implementation, and required 
expertise.  

2.4.2 Current status and challenges 

2.4.2.1 Polymer structure 

In an industrial setting, polymer modelling starts with the production process. Reactor setups and the various 
processes (gas-phase, slurry, and solution) lead to the different grades of polyethylene PE. Reactor models, 
based on mass balance and kinetics, are used to predict the resulting polymer structures. Though this part in 
the modelling chain also deals with certain gaps that need to be crossed, the modelling chain in this paper will 
start from the molecular level.  In the case of PE, the polymer consists of a polyethylene backbone with a 
predetermined amount of short chain branches (SCB) that are the result of 1-alkene incorporation. The 
backbone itself may also be split into branches that can grow in length and branch further during the synthesis, 
a process which is called long chain branching (LCB). Molecular design itself already requires the first 
assumptions to be made since polyethylene polymers are not monodisperse in terms of molecular weight 
(MW), SCB, and LCB distributions. The next step is to relate polymer structure to macroscopic properties of 
the polymer, such as density, melt-strength and rheology. 

The polymer is typically represented by either a mixture of discrete polymer structures or as a continuous 
statistical distribution. Both domains are complementary as it is possible to transform from one domain into the 
other. During this transformation important information may be lost though. Mixtures of discrete polymer 
structures typically are generated by Monte-Carlo techniques, which can be used for particle-based modelling, 
or serve as inputs to generate continuous statistical distributions. Particle-based modelling, in this case 
involves molecular modelling of polymer segments and complete polymers that can be course-grained. At this 
level all information regarding structure, geometry, and intra- and intermolecular interactions are available. 
However, both length and time scales, limited by computation times, are at best an order of magnitude below 
the domain of macroscopic effects. To cross the gap to this macroscopic domain, collections of polymer 
structures need to be converted to statistical distributions and their moments. Continuum modelling is able to 
simulate the length scales at which the effects of molecular phenomena such as chain entanglement can be 
probed. At this scale, detailed molecular information regarding discrete structures is not included but needs to 
be stored separately. To understand and model subsequent steps involving molecular orientation and 
crystallization, the structural information will need to be re-introduced in some way. An example of modelling in 
this area is the screening of new structures, with the aim of understanding of how molecular structure affects 
rheology. Representative numerical ensembles of polyethylene polymers are generated and used to predict 
linear and nonlinear rheology (shear and extensional) using the BoB (branch-on-branch) model [2]. Where 
possible, the results of the predictions are calibrated against available experimental data. This approach 
enables assessment of new structures without actually having to make them. Subsequent research can now 
be focused on the most promising structures, thus reducing the search space and research time.  
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2.4.2.2 Polymer processing 

The properties of a polymer in the molten phase do not fully determine the final application properties, 
however they are critical for polymer processing (e.g. film blowing, injection molding, fiber spinning, etc.). 
Though line speeds are governed by properties like melt strength and rheology, process settings like 
temperature and draw ratios (the degree of stretch) have a significant influence on crystallization and the 
orientation of polyethylene in the resulting product (film, fiber, etc.). And it is these properties that define many 
of the material properties, such as stretchability, puncture resistance, transparency, etc., that are required for 
the final application in for example packaging. Modelling at this step requires input both from the polymer side 
and the processing side, and typically combines the thermomechanical part (kinematics and thermal loading) 
of the conversion process and the polymer rheology and crystallization to describe the flow and crystalline 
structure formation upon cooling [3].  

The thermomechanical part is captured by a set of transport equations, which are derived from the balance 
laws for mass, momentum, and energy, and are usually expressed in the variables density, velocity, and 
temperature. 

 

Figure 1. Schematic overview of the film blowing process - Understanding complex structures through physics: Shape 
and stress development in cooling air ring and free surface from non-isothermal film blowing simulations [4]. 

The rheology of the polymer is captured by a constitutive equation for the time evolution of the stress tensor. 
The stress tensor is proportional to the second moment of a molecular conformation vector. Since the 
constitutive models used in process simulations are pre-averaged, i.e. formulated directly in terms of this 
second moment, they do not contain further information about the molecular conformation distribution. Typical 
constitutive models rely on a discrete spectrum of relaxation times and moduli, obtained from a fit of linear 
viscoelastic data, and additional parameters obtained by fitting nonlinear shear and/or extensional flow data. In 
this way some models, like those of the pom-pom family, provide accurate predictions of stress evolution in 
complex flows. However, the model parameters are not directly related to molecular architectural parameters 
(MW, SCB, LCB) and their distributions. 

To close the gap between molecular and continuum-level polymer rheology, the BoB model can be mapped 
onto a pom-pom model by fitting shear flow and uniaxial extensional flow data [5]. However, each segment in 
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a branched molecule requires multiple pom-pom modes and therefore the number of parameters runs into the 
thousands for industrial polymers, which is far too much for complex flow simulations [6]. The number of pom-
pom modes can be reduced without sacrificing predictive capability, but then the connection with the molecular 
architecture is lost. 

Finally, crystallization is an important factor in polymer processing, not only because it is connected to the 
rheology and therefore the process-able window, but also because the flow influences the crystallization 
kinetics and thereby the morphology, which determines the final solid-state properties. The morphology is 
often simply described by the crystalline volume fraction, which is calculated from kinetic equations for 
nucleation and growth. The transport equations, the constitutive equation, and the kinetic equations are all 
coupled. The most challenging problem is to develop predictive equations for the nucleation and growth 
kinetics in flow. These kinetics are extremely sensitive to molecular deformation (orientation and/or stretch) 
and this in turn is very sensitive to molecular structure (MW, SCB, LCB) [3]. Since these structural variables 
are broadly distributed in industrial polymers, predicting their effect on the semi-crystalline morphology (and 
hence solid-state properties) again requires that the rheological constitutive model used in process simulations 
is connected with the molecular level.  

2.4.2.3 Final application 

At the last stage, the main purpose is to modify PE resin properties to adapt to new requirements from the 
market being cost, process or application driven. Typically, requirements for final application are specified as a 
documented set of CTQs (Critical to Quality). Often those CTQs are routinely measurable quantities 
documented in industry standards ISO and ASTM such as: haze, tear, dart properties for film. As raw material 
suppliers sell products which are further processed and transformed by their customer, modelling becomes 
there a greater challenge. Indeed final application properties result now from convolutions of: material virgin 
properties, some known to PE raw material suppliers and other unknown to them as trade secrets of their 
customers (such as fillers, additives, demolding agents…); material-induced properties by the transformation 
(such as stretch-induced crystallization); and finally product shape and structure (thin film, sheet, tube…). 
Additionally, the difficulty for material suppliers to get real, trustable and quantitative information from their 
customers about how the resins are processed, make it a real black box with sometimes unpredictable 
outcome. Overall, attempts are made to mimic final applications using application tests defined to be simpler to 
model, be more reproducible,  and result in  lower cycle times (fast measurement, high-throughput, low 
material consumption…). Dow Packaging and Specialty Plastics are proposing to their customers various 
supporting modelling capabilities regrouped under PackStudio. As an example, Dow’s pouch drop test and 
appearance modelling have been presented externally, demonstrating Dow’s approach to apply integrated 
modelling from real physical properties to application performance [7].  
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Figure 2. Dow’s pouch drop test performance and shelf appearance with computer modelling (AMI 2015). [7] 

2.4.3 Advances needed  

The presented modelling effort, engages multiple resources from material, analytical and physical 
characterization, film fabrication and testing, and finally model development, making such a workflow routine 
today’s industry challenge. However, the rewards make it worthwhile, because if successful, the modelling will 
cut down significantly in development cost, time-to-market and industry waste, including CO2 emission for a 
greener tomorrow. 

Yet, there are still some gaps that will need to be bridged. As mentioned in the introduction, these gaps lie with 
the theoretical domain (connecting time & length scales), with IT (interoperability, model implementation), and 
with model availability. From an industry perspective, the advances needed in these fields are the following: 

The main theoretical advances that are needed deal with re-introducing information that is “lost” during one 
stage of modelling and is required at a subsequent stage. We have provided examples of cases where parts of 
the structural information are not transferred from one model to the other:  

• Connecting molecular rheological models that capture complexities in architecture distributions (like 
BoB) to continuum models that can be used in complex flows (Giesekus, pom-pom, etc.). 

• Modelling processes, such as crystallization that involve kinetics on the molecular level, but are also 
coupled to macroscopic conditions.  

The availability and implementation of non-commercial models and software is often dependent on libraries 
and software requiring specific runtimes (MATLAB, Python, R, etc.). In some cases this can form a barrier to 
implementing and using the code in an industrial environment. The second problem is interoperability, as often 
the output of one model serves as the input for another. In the current state this is often solved by manual 
operation: copying and manually modifying the data (format, units, etc.) and then running the next model. 
Ideally we would like to see a framework that is agnostic of modelling language and runtimes. In this the case 
all the data (inputs & outputs) are being handled by an independent software layer that can address the 
various models in their own runtimes. A key prerequisite for such a system is properly documented metadata, 
and models that are able to run stand-alone. 
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2.5 Polymeric materials  

2.5.1 Background 

Material modelling is a well-established activity within polymer producing companies. It is used extensively to 
develop new and support existing commercial products and their applications. The main goals are (i) to avoid 
trial-and-error experimentation, (ii) to link chemical composition, polymer properties and application 
performance and (iii) to build physical models and knowledge that will avoid repeating mistakes in the design 
of polymer architectures and their applications. The overarching target is to reduce the development costs and 
time to market of new products. The advent of the Industry 4.0 paradigm, in which the design and 
characterization of new polymers is envisioned to take place in silico, has sparked more interest in modelling. 
Due to their high molecular weight and mesoscale structure, the structure and dynamics of polymers are 
governed by very broad spectra of length and time scales. Thus, multiscale modelling approaches are 
required, ranging from quantum to atomistic and further to continuum methods. 

The vast majority of the tools, employed by the polymer industry nowadays, rely on a continuum description of 
the materials. Computational Fluid Dynamics and Computer Aided Engineering are two of the most accepted 
techniques since they are proven to be efficient and less expensive than actual experimentation in many 
relevant cases. Discrete methods, like discrete finite elements, are also employed for processes such as 
powder flow and particle’s aggregation. They rely on continuum mechanics, too. 

However, there is a plethora of phenomena that cannot be described adequately by continuum methods. 
Discrete modelling relying on a “microscopic” description (at quantum, atomistic or coarser resolution) is highly 
desired in such cases. Molecular simulations, which can provide this level of description, are much less 
embraced by polymer industry than continuum methods. We attribute the current situation primarily to the lack 
of scientifically mature methods to deal with complex, high molecular weight polymeric materials in a 
reasonable amount of time and computational resources. A prime example is the description of polymer 
crystallization processes: although in principle a “sufficiently” large system can be studied for “sufficiently” long 
time using standard molecular simulation techniques, the required computational resources are too high, and 
the actual waiting time is prohibitively long due to the typical molecular weights involved (larger than 104 
g/mol). Another reason, which to our opinion is of secondary importance, is the lack of robust implementations 
of such methods in standard software. 
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In this note, we highlight some of the methodological gaps of the current approaches, which, if addressed, 
could lead to a much broader acceptance and successful incorporation of discrete methods in industrial 
research. Based on our experience, these gaps have the highest impact in our field. The discussion will be 
limited to the prediction of polymer properties, excluding any material processing aspect. 

2.5.2 Current status and challenges 

The tasks and challenges that discrete modelling is dealing with in polymeric material industries, depend on 
whether the system is above or below its melting (or softening) temperature, i.e. in a melt or semi-crystalline / 
glassy state. In the first case, discrete modelling is used to obtain the rheological and thermodynamic 
properties of the system as well as polymer’s structure. Above melting point, the system is in thermodynamic 
equilibrium and simulations are more direct. In the second case, thermodynamic equilibrium is absent, and 
discrete modelling is employed to quantify, primarily: 

 Non-equilibrium structure of the semi-crystalline state. 
 Solubility and transport of small molecules in a polymer matrix: permeability and barrier properties, 

chemical and physical aging, swelling. 
 Mechanical properties such as modulus, strength, elongation at break point, glass transition temperature, 

wear & friction properties. 

Below melting temperature, the polymer is often semi-crystalline which implies dealing with crystal and 
restricted amorphous domains. In this situation, the interplay among the properties of the domains is 
important. A typical optical micrograph of a crystallized polymer is shown in Fig. 1. Typical length scales range 
from few Angstroms for a monomer up to submillimeter for a spherulite and time scales from picoseconds for 
the atomic motion up to seconds for the crystallization. 

 

Fig. 2. Optical micrograph of a specimen crystallized under the influence of a shear pulse at 165 °C. Red lines indicate 
the shear layer and typical sizes of spherulites; white lines indicate the shear stress profile. [Taken from Reference 1] 

2.5.2.1 Melt state simulations 

One of the tasks that discrete modelling has to carry out, is the rheological characterization of polymers 
targeted for high temperature applications, such as Stanyl© and Stanyl-ForTii© with melting temperature above 
300oC, for which rheological experimentation is cumbersome due to degradation. Quantities of interest include 
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the critical entanglement molecular weight (the minimum molecular weight above which the polymer chains 
become entangled) [2] as well as the loss and storage moduli for high molar mass (entangled) polymer. 
Equilibration by brute-force atomistic molecular dynamics requires computationally infinite times, owing to 
extremely slow dynamics and prohibitively large number of (atomic) particles in the simulation. Viable 
alternatives are based on connectivity-altering Monte Carlo methods [3] but (i) there is no efficient 
implementation which could handle any kind of polymer architecture and (ii) they (still) suffer from low 
acceptance ratio at an atomistic level; equilibration has to be carried out at a coarse level. The determination 
of the mapping workflow between atomistic and coarse-grain (CG) level, i.e. how many and which atoms will 
be grouped together in a CG bead, requires certain expertise while the derivation of the CG force field requires 
information from the atomistic scale which can be computationally expensive to obtain. Subsequently, the 
equilibrated CG structures should be back-mapped to atomistic ones via an automated procedure which will 
guarantee that the obtained atomistic configuration have good cohesive energy and a realistic chain 
conformation. A generic mapping tool is currently missing although there are certain ideas which have been 
proven to work in particular cases [4-6]. The idea of using multiscale techniques, although attractive for such 
kind of problems, is still problematic as CG reduces the degrees of freedom in the actual system and increases 
artificially the dynamics. Although a theoretical framework is available since many years, namely the Mori-
Zwanzig [7] formalism, it is of limited practical use. Although it provides a mathematical connection between 
two levels of resolution of the same physical system via a projection operation scheme, it is formulated in 
terms of kernel functions which are not known and have been approximated with limited success for polymers 
up to now. Other methods with an even coarser level of resolution, such as the Dissipative Particle Dynamics, 
have been recently expanded to include the effect of entanglements [8], but their parameterization is not 
mature, and they cannot be incorporated in an automated workflow. 

2.5.2.2 Simulations below melting point 

In simulations of polymer glasses (e.g., for determination of barrier properties against low molecular weight 
permeants), the amorphous phase is in a non-equilibrium state. In molecular simulations, such configurations 
are obtained by rapid quenching of equilibrated melts with a cooling rate which is order of magnitudes higher 
than the one used in practice. The density of the resulting amorphous phase depends on the cooling rate: if it 
is too high, the density is lower than the one encountered in practice. Since a glassy state is a kinetically 
arrested one, the obtained structures using a high cooling rate are not always representative of the actual 
polymer. As a consequence, the extracted properties from molecular simulation may differ greatly from the 
actual experimental ones, limiting the usefulness of discrete methods. 

Discrete modelling can also play an indispensable role in estimating the boundaries for the mechanical 
properties of semi-crystalline polymeric materials. An industrially relevant example is oriented ultra-high 
molecular weight polyethylene fibers. Such fibers have been commercialized by DSM Dyneema since many 
years. Determination of the mechanical properties of the individual phases can be carried out relatively 
straightforward. Only recently, the simulation of the interphase amorphous region between two crystal domains 
has become possible by Monte Carlo methods [9]. The adaptation of these methods to polymers with different 
molecular architectures is not trivial. In contrast to simulations above melting temperature, additional structural 
parameters have to be introduced to describe kinetic effects which have been neglected during the rapid 
quenching of melt configurations. Even with these elaborate methods, events like crystal slippage within a 
single crystalline domain cannot occur due to finite size effects. Phenomena taking place in the amorphous 
region perpendicular to the axes of two neighboring fibers cannot be described. When comparing the 
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deformation rates of in silico and in vivo experiments, we observe that they differ by several order of 
magnitudes. As a result, it is currently impossible to predict many industrially relevant mechanical properties, 
such as creep, using molecular simulations because of the disparity in time scales. 

2.5.3 Advances needed 

Currently, there are large barriers in exploiting the full potential of discrete modelling of polymers in industry. 
These barriers are mainly of methodological nature and originate from the large length and time scale 
variations which need to be covered due to the high molecular weight of the molecules. The impact of discrete 
modelling can be increased if a number of efficient tools is made available based on existing techniques and 
their extensions. The more important techniques include: 

• The equilibration of entangled polydisperse polymer melts using enhanced Monte Carlo methods (method 
in place but no tool available) 

• The automatic determination of the degree of Coarse Graining, i.e. how many and which atoms will be 
mapped into one CG bead, and the efficient derivation of the corresponding CG force field (method not in 
place)  

• The development of a widely applicable method for reverse-mapping of CG structures to atomistic ones 
(method not in place) 

Further advances must include the “equilibration” of glassy and semi-crystalline polymer structures [9, 10]. In 
the long term, the focus should be on bridging the time and length scales typically encountered in experiments 
and the ones, which can be addressed by discrete methods. There is a great disparity between the needed 
and the accessible length and time scales: typical experimental conditions correspond to time scales longer 
than 1 s and length scales larger than 1 mm while discrete methods are typically restricted to times and 
lengths shorter than few μs and μm, respectively. 

We want to reiterate that further advances in the development of efficient methodologies to cope with the 
described challenges will not be mitigated by the development of more computational resources. As a thought 
experiment highlighting this point, we consider the time required to double the simulation box without any new 
algorithmic advance. According to the very optimistic Moore’s law, the computational power doubles every 
year. Since a typical algorithm scales with  where N is the number of particles in the system, we 
need to wait roughly 3 years to obtain the required CPU power allowing the doubling of the simulation box and, 
thus, more than 30 years to bridge between current micron to the required millimeter length scale. 
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2.6  (Heterogeneous) catalysis  

2.6.1 Overview 

Heterogeneous catalysis plays a pivotal role in our modern society and is absolutely vital for the chemical 
industry. Totaling € 527 billion in sales in 2013, the European chemical industry represents 7% of the total 
European Union industry production and directly provides high skilled jobs to 1.15 million people.1 The 
chemical industry is however a very competitive market that is strongly exposed to energy and oil price 
fluctuations. By enabling chemical processes to run as efficiently as possible, catalysis is a key player that 
mitigates the exposure of the industry to these high energy costs. As such, catalysis should be considered as 
a strategic technology for the future of the European Union. 

Beyond economic considerations, heterogeneous catalysis is also a key enabler for a more sustainable world. 
Thanks to catalysts, the petrochemical industry is able to transform oil into a wide range of everyday chemical 
commodities at a minimal energy cost. This ensures that our natural resources are used as efficiently as 
possible. Thanks to catalysts, the emission of 20 million tons of pollutants (carbon monoxide, NOx and 
particulate matter) are stopped each year from leaving the exhaust pipe of our cars. But catalysis is not limited 
to the automotive industry and is used in pollution abatement for a wide range of mobile and stationary 
applications, providing us with a cleaner and healthier air. Thanks to catalysts, farmers are able to boost fresh 
food production around the world and meet the food demand from the ever-growing population. Although 
sometimes criticized for its environmental impact, the catalysed Haber-Bosch process is one of the most 
important chemical process of the twentieth century, producing enough ammonia (and hence fertilizers) to 
sustain the population growth since the 1930s.2 Because of the process conditions (high pressure and high 
temperature), it is still very energy intensive and the quest for a more efficient ammonia-producing catalyst 
continues to be a very active field of research.  

Whilst atomistic modelling techniques have nowadays been widely adopted by the pharmaceutical and the 
polymer industries, the catalyst industry has been lagging behind. Unlike a molecule, a heterogeneous catalyst 
is often poorly defined and/or characterized. Catalysts are complex, multi-phasic materials. They present a 
distribution of compositions and a distribution of particle and pore sizes across multiple length scales (Fig. 1). 
Any of these parameters (as well as synthesis conditions) may impact the overall performance of the catalyst. 
This multi-scale complexity makes it very challenging to use atomic-scale modelling techniques, i.e. electronic 
and atomistic modelling in the EMMC/MODA language. Another challenge posed to the atomistic modellers by 
catalyst materials is their dynamic nature as the active sites may change depending on the conditions and on 
the history of the catalyst. For example, the morphology and the surface coverage of a catalyst’s active site is 
intimately linked to local temperature and partial pressures. Any changes in these local conditions have the 
power to immediately influence the barrier of a reaction’s rate limiting step and consequently the overall 
performance of the process. Despite these difficulties, the field of catalyst atomic-scale modelling has 
burgeoned in academia with the development of periodic Density Functional Theory (DFT) codes, which 
initially allowed researchers to study single molecules on single metal facets but quickly expanded in 
complexity. It is only from the early-mid nineties that companies such as Johnson Matthey started to gradually 
include electronic and atomistic modelling techniques within their mainstream R&D projects portfolio. A recent 
review presenting how Johnson Matthey uses atomic-scale modelling is given in Ref. 3.   
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Fig. 1. Schematic representation of the multi-scale dimension of a catalyst, from the atomic scale to the monotlith. From 
left to right: representation of the supported metal nanoparticle; representation of the dynamic nature of the 
nanoparticles; cross-section elemental analysis of a monolith wall; car catalytic converters.   

2.6.2 Current status and challenges 

From the initial studies of small molecules on metal surfaces to the latest investigation of electrochemical 
reactions, the field of atomic-scale modelling applied to heterogeneous catalysis has made tremendous 
progresses thanks to development of more accurate force fields, faster and/or more accurate DFT codes, of 
new multi-scale approaches, of artificial intelligence and also thanks to good supporting experimental surface 
science studies. 

Force field calculations rely on a classical description of the atomistic interactions, where relatively simple 
equations dictate how atoms and/or ions interacts with each other. The accuracy of this type of models entirely 
depends on the empirically determined parameters populating these equations. Despite their relative 
crudeness they provide us with useful data for the development of catalytic systems by being able to quickly 
model bulk and diffusion properties of either large systems or of a huge number of smaller systems in material 
screening investigations. The inherent limitation and issues around accuracy should however be kept in mind 
when dealing with this kind of modelling.  

Much more accurate but more computationally intensive is DFT modelling, which is based on the quantum 
mechanics theories. The typically accepted error margin of DFT methods when computing adsorption energies 
is around 10-20 kJ/mol. According to the transition state theory, the height of an energy barrier sits on an 
exponential in the calculation of reaction rates. This translates into an uncertainty ranging from 1 to 3 orders of 
magnitude in the computation of reaction rates (and, to a lesser extent, thanks to error cancellations, to 
equilibrium constants) in the 400-600K range.4 In addition to this, the pre-factor of this exponential is related to 
the loss of entropy (i.e. freedom of movement) when molecules adsorb on the catalyst and is computationally 
expensive to assess. Faced with the big uncertainty introduced in the exponential, pre-factors are often simply 
estimated as opposed to exactly computed. Although the propagation of errors is fortunately very often 
minimized by error cancellation, kinetic models built from ab initio models are often too inaccurate to be used 
by chemical engineers when designing a new chemical plant. Robust empirical kinetic models where data can 
be safely interpolated are understandably much preferred. Nevertheless, kinetic studies based on ab initio 
models provides invaluable information of how the catalyst works and what are the reaction mechanisms at 
play. This information helps the design of new catalytic materials as the modeller is able to guide their 
colleagues in the lab toward the best pathway to develop new active materials.5  

The ability to determine how accurate one’s predictions are is of vital importance if one wants to design new 
catalysts. To this end, modellers have at their disposal numerous high quality surface science studies 
providing good metal surface characterization and high quality experimental low coverage adsorption 
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energies. The error made by traditional DFT methods can then be assessed as well as the need to apply 
corrections such as long-range van der Waals interactions.6 Due to their more complex nature, the equivalent 
is still lacking for transition metal oxides. Moreover, traditional DFT methods struggle to correctly reproduce the 
electronic structure of highly correlated d electrons. In such cases, modellers can either use hybrid DFT 
functional at a very high computational cost or apply an empirical Hubbard correction to the d electrons. 
However, since the Hubbard correction depends on the chemical environment and the DFT code, finding the 
correct value of the correction to be applied can look like a dark art to the untrained eye.    

Thanks to the development of faster computers and of faster DFT codes the field of heterogeneous catalysis 
modelling has grown to account for several orders of complexity. Full reaction pathways are now being 
explored, even using machine learning technique to explore complex reaction networks.7 These pathway 
exploration techniques are however still the realm of academia as the rapidly expanding complexity of reaction 
mechanisms call for more pragmatism from the industry. Coverage effects on the surface of the active site are 
now being included and by computing the loss of entropy upon adsorption on the surface we can now assess 
what would be the molecular surface coverage at a given temperature and pressure.8 These are important 
factors that are taken into account by the industry as the investigation of competitive adsorption of the different 
gases leads to the introduction of surface poisoning issues (i.e. an active site is occupied by an inactive 
molecule and is unavailable for the reaction) which have a direct impact on applicability and the lifetime of the 
catalyst. The interactions between the active transition metal nanoparticle and its support is also now being 
included in many studies, with nanoparticles that are being larger and with realistic morphologies. Nowadays 
investigations can go from an infinite slab representing an infinite surface to an ideal geometric particle to 
eventually a model of a “real” particle whose atomic coordinates are taken from a real catalyst.9 It is then 
possible to assess how far is the slab model approach to the real nanoparticle by comparing for example how 
strong does oxygen binds to the catalyst. Hybrid methods such as QM/MM, which combines a force field 
method with DFT calculations on the part of system that needs high accuracy calculations, also enables to 
reach the desired complexity of our models.10 It is for example possible to account for the catalyst support at 
the cheaper force field level while still modelling the metal nanocluster at the accurate DFT level. The 
complexification of heterogeneous catalyst models finally enables us to investigate electrocatalysts in greater 
details. Good progress is now being made by adding the effect of a bias electric potential on an electrode and 
in modelling the double layer at this surface.11 This open the door of electrocatalysis to the field with timely 
topics such as carbon dioxide and nitrogen electro-conversion and fuel cells.  

As pointed out earlier, exhaustively computing the energy and the structure of every transition states is a very 
time and computing intensive task. Great efforts have been made to lift up the burden of computing all the 
activation energies associated to a given chemical reaction. Linear relationships such as the Bronsted-Evans-
Polanyi linking the activation energy to the associated ΔE of an intermediate reaction enables the atomist 
modeller to save much computing time at minimal accuracy expense.12 Similarly, the use of simple activity 
descriptors coupled to the Sabatier principles enable us to screen many potential new materials with high 
activity. Activity descriptors can be very diverse in nature but are usually simply the adsorption energies of key 
intermediate species. If their binding energy is too weak then the total turnover frequency is impeded by the 
rate at which they adsorb on the active site. If their binding energy is too strong then they will poison the active 
site and lower the turnover frequency. Once the optimal binding strength of the key intermediate is known, the 
design of the best catalysts only requires computing adsorption energies, which is cheap and can be done 
over a large range of potential new materials in screening studies. These methods aiming at simplifying the 
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models and focusing on the few underlying important parameters are popular within the industry as they allow 
for faster turnover in the exploration for new materials. 

The ability to compute the reaction energy profile of complex reaction workflows has helped the development 
of bottom-up multi-scale modelling. Ab initio energetics can be fueled to a micro-kinetic model which will 
integrate every intermediate reaction and provide a steady state overall reaction rate for a given temperature 
and gas feed composition and pressure.13 Deeper analyses of the micro-kinetics results provide information on 
the degree of the reaction as well as the surface coverage and possible surface poisoning. An alternative way 
to compute the overall reaction rate of a process is kinetic Monte Carlo methods, which integrates the 
probability of every single reversible events on the surface based on their activation energies.14 Local 
coverage effects can be better taken into account than with a micro-kinetic model but the full description of 
every possible events at a DFT level can be cumbersome to compute. 

Multi-scale modelling is a poorly defined expression and may refer to different things even within the field of 
heterogenous catalysis. Therefore, aside from the multi-scale methods described above (where atomic scale 
information is passed to a continuum or a data-driven model), multi-scale modelling may also refer to passing 
atomic-scale information to another discrete model. DFT or molecular dynamic results are then used to fit force 
field, which is used to model the higher scales.15 Force field fitting however tends not to be done in industry as 
it is too time consuming. 

Knowing the overall reaction rate is not enough to develop better catalysts. Often, catalysts work in regimes 
where the intrinsic reaction kinetics are not limiting the overall output of an industrial chemical reactor. Mass 
and heat transport phenomena are equally important to the catalyst’s performance and it is a mistake to think 
that only chemical engineers can solve mass and heat transport problems. Mass transport phenomena may 
happen at the atomic scale when for example the catalyst is located inside a zeolite and configurational 
diffusion becomes important. Atomic scale modelling can then provide a better understanding of the 
reactant/product diffusion mechanisms that will influence the overall performance of the material.16   

The usage of all these techniques by companies such as Johnson Matthey is driven by the requirements of 
each projects. Simple models such as the BEP relationship or the Sabatier Principle are understandably 
favoured whenever possible. It is only once those methods are not valid or applicable that scientists in the 
industry will use more complex models such as for example computing an extended reaction pathway with 
coverage effects or computing configurational diffusion phenomena. Before invoking complex modelling 
techniques an assessment on the potential value of the outcome (in terms of company revenue or in 
opportunities to master new techniques) is required. 

2.6.3 Advances needed 

While the field has made tremendous progress in the past few decades, several advances are needed for a 
better integration of electronic and atomistic modelling into the design of new heterogeneous catalysts that can 
be used in the chemical industry.17 The accuracy of the methods and the ability to model large and complex 
systems are tremendously important. Transition metal oxides remain particularly challenging for traditional 
DFT and more efforts are needed in having a framework where the accuracy of the models can be accurately 
and reliably compared to robust experimental data.  

Due to its complexity, the field of electrocatalysis is also in need of more efforts. Green’s functions Grand 
Canonical DFT methods are promising at successfully modelling electrodes under working potentials and their 
development must be pushed.  
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Fully multi scale models combining the atomic reality of the catalyst with the mesoscale and macroscale 
structures of the whole process is still eluding despite the best efforts of the community. One big challenge in 
large multiscale model often lies in crossing the boundaries of several disciplines, which renders the 
communication between the different involved parties difficult. Everyone involved in a multiscale project needs 
to have some awareness of the language and techniques that are used by their colleagues involved in other 
time and length scales. This diversity in ways of thinking can notably be provided by excellent education.  

In addition to excellent human communication skills, there should also be excellent communication between 
the software being used. Information computed by one software at one specific time or length scale should be 
passed seamlessly to the other scale. Code interoperability is therefore very important and there is strong 
need for the whole community to adopt a common input and output file format in order to make interoperability 
as painless as possible.  

It should also be pointed out that because of its very nature, multiscale modelling projects are likely to lead to 
digressing or sidetracking studies at each time or length scale. While this may not be a problem in academic 
projects because every learning is important, industrially focused projects are more likely to suffer from this. It 
therefore necessary to clearly define the final aim of the project and have a robust project management 
scheme to ensure the project is successful. 

Lastly, it should be pointed out that multi-scale simulations linked to coarse grain model would be of interest to 
the formulation of the catalyst, which often involves some sort of slurry that is deposited on a support and then 
calcined. The properties of this slurry must be precisely controlled to ensure an optimal dispersion of metal 
active sites, an optimal micro-pore structure, etc in the final product. This area however still remains fairly 
unexplored.  
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2.7 Pharmaceutical Materials   

2.7.1 Background, overview, scope 

Selection of the commercial solid-form, the associated crystallization process and the corresponding material 
properties of the active pharmaceutical ingredient (API) is one of the key milestones during the development of 
any new drug product. The material properties are critical not only from a drug-substance manufacturing 
standpoint but also from a drug-product processing, performance and stability perspective.  The regulatory 
landscape and the broader business issues  associated with changes in the material of the API during  the 
molecule to medicine journey  has been comprehensively captured [1-3].  

Over the last few years publications have charted the evolution of Pharmaceutical Materials Science [4]. 
More specifically the importance of the Materials Science Tetrahedron in depicting the relationships between 
internal structure, particle properties, processing and performance of a drug product has been described [5].  
Pharmaceutical Materials Science has emerged as a foundation of Quality by Design (QbD) [6] with solid form, 
crystallization and particle engineering being core elements linking the the material properties derived from  
the  final steps of the synthetic pathway of the API  to the drug-product performance attributes to as shown in  
Figure1.  

 

Figure 1. Interconnecting between the material attributes from the API process and DP performance [7] 

Whilst increasing interest in the material properties of pharmaceutical entities within academia has resulted in 
substantial progress over the last decade, the challenge for the pharmaceutical scientist remains a significant 
one given the highly complex materials landscape of new chemical-entities and the increasingly sophisticated 
dosage forms being developed in response to the drive towards personalised medicines  

Given this perspective, this chapter outlines some recent progress on the application of emerging 
computational-materials sciences as foundational elements of a strategy for the development and manufacture 
of advanced pharmaceutical products.  Materials modelling within the pharmaceutical sectors largely remains 



 
EMMC-CSA – GA N°723867 
Deliverable Report D1.4 - White paper on gaps and obstacles in materials modelling 

 

Public Version: final Page 65 of 85 
 

in the hands of the experts but with the targeted investments in the workforce evolution, building models into 
new workflows, building the right infrastructure and funding the key scientific initiatives we expect to see a 
transformation across the industrial sector placing modelling at the heart of the molecule to medicine journey.  
This chapter highlights the opportunity for materials sciences to build the bridge across the traditional 
chemical, analytical and formulation disciplines as well as the enhance translation from academia into industry.  
These components when combined with institutionalised corporate knowledge of formulation-design practices 
can provide a clear materials based route map for a fully integrated, product realisation design process 
consistent with the QbD philosophy.  

2.7.2 Current status and challenges 

2.7.2.1 Solid Form Landscaping and Design – Simulation and Informatics  

The ICH Q9 [8] Quality Risk Management guideline defines risk as a combination of the probability of 
occurrence and the severity of the impact. The ICH Q6a guideline [9] consolidates this risk framework into a 
decision tree on solid form and associated material and physicochemical attributes.  The first two decision 
points on this framework remain the key questions that need to be addressed by the development scientist:  

• Decision Point 1: PROBABILITY- “can different polymorphs be formed?” 

• Decision Point 2: IMPACT – “do the forms have different materials and physicochemical 
properties? (e.g. solubility)” 

In attempting to provide a greater definition of the probability of a new form being accessible in the solid-state 
landscape as well as determining the breadth and depth of experimental work needed tools ranging from 
quantum chemistry analysis, hydrogen bonding statistics and crystal structure prediction have been applied 
either individually and in combination [10].  All these tools point towards the potential for the data in the 
Cambridge Structural Database (CSD) which contains over a million organic crystal structures to inform the 
user of possible structures for a new molecule. Informatics-based crystal structure speculation, a tool that 
would complement current high level DFT-D methods that are proving so successful in the crystal structure 
prediction blind tests [11] is an obvious development opportunity. 

2.7.2.2 The Crystallisation Perspective Nucleation, Surface Energies, Solvents and Directed 
Polymorphism 

The strong influence of the growth solvent on crystal morphology has been well documented.  It is known that 
the underlying mechanism involves face-specific, solvent-solute interactions resulting in different degrees of 
solvent (and impurity) binding which inhibits crystal growth on specific crystal-habit planes. An excellent review 
[12] covers the current and emerging modelling approaches in terms of practical applicability, from the 
standpoint of process engineering. Recently a different approach has been suggested to study the growth of 
crystals from solution using kinetic Monte Carlo simulations whose parameters are derived from molecular 
dynamics simulations [13].   

The exploration of the impact of structure on nucleation and growth using computational tools has long been a 
laudable goal.  A recent study using force field based lattice energy minimisation techniques has proven the 
concept exploring the structural variability within, and polymorphic stability of, nano-crystalline molecular 
clusters of L-glutamic acid and D-mannitol, modelled with respect to their size, shape and ‘crystallisability’  
[14].  For glutamic acid the simulated morphologies from the crystal structures showed excellent agreement 
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with the observed morphologies reported in the literature.  The ‘meta-stable’ α-form crystals showed a 
prismatic shape whilst the ‘stable’ β-form was predicted to have elongated needle-like shape. The energies of 
the facetted molecular clusters of different sizes calculated using force field based methods were plotted as a 
function of cluster size for both the polymorphic forms of L-glutamic acid. The results revealed that the ‘meta-
stable’ α-form is a more thermodynamically stable structure than the ‘stable’ β-form at smaller cluster sizes 
with a cross-over point of 240 molecules.   

This work also examined the impact of facetted versus non-facetted clusters as well as the variation in the 
conformation of the glutamic acid molecule as a function of distance from the centre of the nanoparticle. The 
ability to routinely explore this ‘digital fingerprint’ of a material from bulk through to surfaces and solutions for 
complex drug molecules should become standard modelling practice in our workflows. 

2.7.2.3 Physicochemical Property Prediction  

It has been reported that over 75% of drug emerging development candidates have low solubility based on the 
Biopharmaceutics Classification System (BCS) [15]. Development of low solubility compounds can be both 
expensive and time consuming and consequently optimization of solubility during drug design and 
development is critical to enhance discovery and development productivity. 

From a pharmaceutical perspective, the crystalline solid is usually the final form of choice when developing a 
new chemical entity (NCE) into a product and consequently it would be of great value to be able to accurately 
predict the intrinsic solubility of crystalline drug molecules. Despite tremendous efforts, a definitive accurate 
and comprehensive approach to predicting solubility has proven elusive. Consequently, there have been 
several experimental attempts to probe changes in solubility as a function of structural changes in specific 
classes of molecules as well as systematic approaches looking at matched molecular pairs to determine 
improved solubility as a function of inferred crystal packing disruption.  Attempts have been made to 
experimentally and computationally deconvolute the solvation and lattice energy components and their 
respective contributions to low solubility [16.17].  Again, moving forward, it would be helpful to have a fully 
integrated theoretical framework for the treatment of solubility modelling as current approaches favour 
quantum mechanics for treatment of solvation and force field-based lattice energy calculation methodologies 
for packing exploration.  

The packing energy of a crystal is an important quantity that can impact various commercial processes 
particularly in pharmaceutical development where it plays a crucial role in solubility, stability and processability. 
Lattice energy (Elatt) is a value that represents the packing energy and is the amount of energy needed to 
separate molecules in a perfect crystal lattice to individual molecules in the gas phase (disregarding thermal 
and vibrational contributions).  

The application of big data and predictive sciences to streamline pharmaceutical development as exemplified 
by the Advanced Digital Design of Pharmaceutical Therapeutics (ADDoPT) program, shows the growing 
momentum in this area. In a recent paper the application of a materials sciences informatics approach has 
been used to estimate the lattice energies of 1500 in house drug molecules [18].  As part of the ADDoPT 
program a cross community effort has developed a model using force field-based methods across a bigger 
dataset involving 50,000 crystal structures selected from the CSD.  A cross-industry aim to enrich the training 
set with a greater quantity and diversity of molecules would also be valuable to improve the accuracy and 
range of applicability of the materials informatics approaches to emerging drug structures.  
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2.7.2.4 The Drug Product Perspective  

A key challenge in product design is that one or more active pharmaceutical ingredients (APIs) are combined 
with non-active excipients to produce a marketable product. The excipients provide a range of materials 
attributes optimising features such as bulking and flavoring as well as optimising the mechanical and 
processing properties of the active ingredient.  Excipients can also have a major impact on the stability of the 
product and so appropriate selection and final composition of the product is critical to the success of product 
realisation process.  

To achieve this, a thorough understanding of the components, their interactions with the API and proposed 
manufacturing process is required.  Grid search methods allied to surface chemistry modelling can be utilised 
to explore particle properties in terms of the surface chemistry impacting product attributes such as dissolution, 
mechanical properties, agglomeration [19].  

Many active pharmaceutical ingredients (APIs) are administered as solid oral dosage forms and the resulting 
bioperformance is dictated by dissolution of the product, permeability of the molecule and physiology of the 
patient. The most popular oral solid-dosage forms are immediate release (IR) tablets and capsules which are 
designed to disintegrate releasing the active pharmaceutical ingredient (API) crystals followed by the 
dissolution of these particles in the fluid of the gastrointestinal (GI) tract.  

To develop models that accurately describe the real, physical process of drug dissolution, requires a multi-
scale approach. At micro-scale, a detailed description of single, faceted-crystal dissolution phenomena is 
required and at the meso- and macro-scale, a description of the hydrodynamic behaviour of the dissolution 
environment in both apparatus and patient. There is promising work in academia [20] showing a coupled 
Molecular Dynamics and kinetic Monte Carlo approach providing high resolution ‘observation’ of the kinetics of 
the dissolution.  

The chemical stability of a drug is a critical quality attributes as the safety of the drug must be guaranteed 
throughout the shelf life of the product. Purposeful degradation studies of APIs are often conducted in solution 
in order to identify potential reaction pathways however, the degradation pathways observed in the final 
product composite can be different in terms of both rates and reaction types. Thus, there is a need to better 
understand chemical stability in the solid state in the presence of excipients to ensure product shelf life. 
Furthermore, the molecular mobility of the API and the diffusion of reactants, such as oxygen and water, 
through the product composite to the API crystal can impact the reaction rate. 

In the solid state, chemical reactions between APIs and excipients can be expected to take place on the 
crystal surface, where the components meet one another. In a recent publication on stability by design from 
RCPE [21] molecular dynamics simulations were used to model structural properties of crystal surface and the 
surface properties that could influence reactivity within the product composite. The authors established 
molecular and surface descriptors representing both the accessibility of the reactive site of molecules, the 
topology of the different surfaces and the stability of the crystal surface and related this to chemical stability.  
Ultimately moving forward, the community would like a quantum mechanics based description of the chemical 
and physical stability of the species within the product composite. 

In the ADDoPT project several tools and methods have been developed that simulate the impact of materials 
attributes of API and excipients on processing pathways and the interconnectivity of unit operations. The 
ultimate outcome of this will be a digital twin with a fusion of materials attributes, unit operation process models 
and product performance. Eventually, the introduction of anisotropy in crystalline solids and the resulting 
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complex dissolution behaviours, to these theoretical and computational models, could be the next step 
towards a fuller comprehensive treatment of the phenomena. A key part of the modelling infrastructure needed 
here will be the ability to explore functional interfaces in the pharmaceutical product composite as it related to 
stability, efficacy and processability.    

 

 
Figure 2.  The importance of materials sciences to product performance 

2.7.3 Advances needed  

In this chapter we discuss the advances needed: Materials Simulations at the heart of a Systems Based 
Philosophy of Product Design.  Whilst, traditionally, the solid-form selection process has focused on two main 
factors, that is engineering an appropriate degree of product stability and bio-availability, there is increasing 
emphasis on optimal material properties such as mechanical behaviour, surface properties and particle shape. 
Given this perspective, this chapter has, briefly, outlined some recent research on the application of emerging 
computational materials sciences technologies as foundation elements of the modern design paradigm.  

There is a growing influence of a Systems Based Philosophy throughout pharmaceutical development. For 
example, models have been built that allow scientists to explore the impact of particle variation on dissolution 
rate and bioavailability. The Biopharmaceutics Classification System (BCS) [22] is used to define classes of 
compounds based on the solubility and permeability of the molecules. Permeability is a molecular property, but 
solubility and dissolution rate are related to the internal structure (salt and polymorph) and particle size 
distribution/surface area. Going forward our community would envisage a systems-based approach where the 
materials models would seamless integrate with the bio-performance models fusing a cutting edge physical 
chemistry/materials science to a greater understanding of physiology. Such a vison has already been hinted at 
the in the elegant work captured across the breadth of the IMI-Orbito project [23]  

Additionally a recent cross-industry attempt to develop a Manufacturing Classification System (MCS) [24]  
highlights the intense interest in this area from a manufacturing perspective. It is envisaged that an MCS would 
aid product and process development facilitating the transition between clinical and commercial manufacturing 
sites providing a common understanding of risk. A further stated goal of the MCS would be to provide 
regulatory relief during the development and manufacture of dosage forms with well controlled API and 
excipient properties targeted/suited to particular manufacturing process trains. This institutionalised 
corporate/community knowledge of formulation design and manufacturing practices plus computational 
methodologies integrated across the scales (i.e. particle attributes integrated with DEM) open up the potential 
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of a fully integrated holistic product design process consistent with the emerging QbD philosophy and 
highlighted in the ADDoPT project  

The design of a recent NATO summer at Erice [25] was to help build the bridge between the solid state 
architecture, the landscape of material attributes and surface properties accessible from these structures and 
the impact of the resulting material attributes on function and performance. This intent was inherent in the 
construct of the summer school and subsequent book where the contributions were assembled into ‘Form, 
Formation and Function’ sections.  The construct of this chapter was shaped by a scientific story board 
created by our community over the last few decades including: 

• the key concept of the crystal as a supramolecular assembly   

• crystal engineering – the design of functional organic solids  

• the pioneering work on stereochemical control and manipulation of nucleation and crystal growth  

• towards a knowledge-based approaches to crystal design  

• a structural perspective on the morphology of molecular materials  

• pharmaceutical materials sciences and the materials sciences tetrahedron 

• the centrality of materials modelling in the molecule to medicine journey  

The integration of this story board within this chapter and the wider white paper is very timely and the themes 
captured remain very contemporary. This is exemplified in the recent conferences covering Molecules, 
Materials and Medicines M3 [26]. Global engagement in the area remains high with the Novartis/MIT centre 
for continuous manufacturing in the USA, the Synthesis and Solid State Pharmaceutical Cluster (SSPC) in 
Ireland as well as the Continuous Manufacture and Crystallisation (CMAC) in Scotland reflecting the fusion of 
crystal design, particle engineering materials sciences and innovative manufacturing paradigms. The 
compelling future vision from NASA 2040 [26] targets the use of computational materials tools and techniques 
that, combined with structural and systems engineering tools and the associated “digital tapestry” that will 
enable cost-effective, rapid, and revolutionary design of fit-for-purpose materials, components, and systems.   

In the future state defined by this white paper the accelerated product realisation process will be an integrated 
simulation tapestry. Product design will be achieved by scientists adopting a systems-based philosophy fusing 
physical sciences with patient perspectives and advanced manufacturing processes. Creating an adaptive 
collaboration environment that integrates materials modelling with multi-scale and multi domain simulation 
approaches is seen as essential to the design and production of new pharmaceutical products (see Figure 3). 
The EMMC is well placed to orchestrate and these components across the EU, to coalesce the pharmaceutical 
communities to support these efforts and ultimately drive the science to realise this vision.   
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Figure 3.  Adapted from the materials sciences tetrahedron [5] with materials modelling place at the heart of connectivity 
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2.8 Aerospace    

2.8.1 Background-Overview-Scope    

The aerospace industry has been on the forefront of materials science since its infancy, trying to achieve 
higher efficiency by utilising lighter, stronger and more temperature capable materials. Currently the large civil 
airframe manufacturers use a mixture of composite materials [CFRP (Carbon fiber reinforced polymer), GFRP 
(Glass fiber reinforced polymer, GLARE (Glass reinforced aluminium)] along with the typical lightweight 
Aluminium and Titanium alloys. Similarly, aero engine manufacturers employ high temperature Ni, Ti, Ti-Al and 
Fe alloys for the hot section of the engine while CFRP or Ti alloys are employed for the cold section. Over the 
last 60 years the fuel efficiency has improved by 45%, the engine noise reduced by 30db and the thrust to 
weight ratio increased by more than 400% [1]. These extraordinary leaps can be attributed partly on the overall 
system design approach but mostly the efficiency has been derived from the use of novel materials which 
have reduced the weight and improved the thermal cycle efficiency as seen in Figure 1 [2].  

 
Figure 1. Evolution of the turbine entry temperature capability of Rolls-Royce’s civil aeroengines [2]. 
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In order to utilise these materials to their full extend, comprehensive testing needs to carried out for statistical 
determination of the minimum properties for strength, fatigue, defect and oxidation resistance. Once the 
properties are extracted, modelling of the loading and thermal profile of the flight cycle is introduced in Finite 
Element software and the final dimensioning of the part is established. However, the cost associated with 
testing at temperatures ranging from room temperature up to melting temperature is prohibitive. Considering 
the differences in material condition due to different manufacturing routes (casting, HIP, forging, ALM), 
modelling of the constitutive behaviour becomes necessary as manufacturing residual stresses directly affect 
performance and are necessary to include in the analysis so as to certify the component.  

With the advances in computing power, a new world of computational materials science has developed. 
Length scales are nowadays mixed with models that overlap or complement each other between atomistic and 
continuum. The reality however is very different in the industrial day to day application. For example structural 
parts dictate fast design cycles and employ continuum models which within FE codes provide accurate and 
verifiable information. This verification and validation process is key within the aerospace sector and will be 
expanded in the following section as there is a strict certification process that oversees the way the analysis is 
carried out.   

2.8.2 Current status and challenges 

The current status of materials modelling can be divided in accordance to the length scale of the model 
employed. As such we make the district differentiation between Continuum, Mesoscale, Atomistic and 
Quantum.  

The design process necessitates component dimensioning and declared safe life due to applied stresses, 
thermal and aerodynamic loads, thus raising the question of what are the material properties that one needs to 
have in order to model a part, an assembly and ultimately a system robustly and safely? To the every-day 
designer/engineer it is only the continuum scale properties and models that will help them make decisions and 
as such models of elasticity, monotonic and cyclic plasticity, creep rate, crack initiation and propagation and 
cyclic damage tolerance models for both isotropic and anistotropic metallic materials. All the above need to be 
a function of the process route and the prior thermo-mechanical history, i.e. alterations to grain size or texture 
effects need to be verified and accounted for in the model. For organic, metallic and ceramic composite 
materials these properties may extend to include defects from the method of manufacture such as local 
porosity, matrix pockets and fibre angle deviation due to draping. 

One of the major benefits in these continuum models, such as finite element analysis, is their almost universal 
applicability to a range of material systems. At their simplest level they require the use of an elastic stiffness 
matrix which is relatively cheap and fast to generate through experimental testing. For example, a single 
monotonic tensile test can provide the elastic modulus, the yield stress, the tensile strength, the fracture strain 
as well as the Poisson’s ratio, all of which are essential in structural design studies.  

On the other hand, a significant drawback is their limited interaction with other deformation mechanisms.  
Lately commercial and open source tools have implemented some of these mechanisms such as phase 
transformations, recrystallization phenomena and constitutive behaviour updating based on the microstructure 
evolution [3, 15, 16]. This shows that the current state of the art in continuum/macroscale modelling is  volving 
and can be applied even at the grain level very successfully.  

Despite these advances, issues such as creep, plasticity and fatigue interaction in metals is still considered as 
a separate process within the finite element code of continuum mechanics and the material models do not 
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have a common global ‘hardening’ or ‘damage’ parameter which is effectively a representation of the 
dislocations at the fundamental lattice level. It is here where the application of lower scale models and 
methods start to show their benefit and in particular mesoscale crystal plasticity models, which bridge the gap 
between the full scale part and a representative volume element (RVE) or statistical equivalent microstructure 
(SEM). These provide insight into the evolution of the texture and local inelastic processes assuming that the 
constitutive flow rule employed is calibrated correctly and can be verified by experimental evidence [17]. 
Examples of crystal plasticity finite element mechanics (CPFEM) are currently employed in different aspects of 
materials modelling with applications extending from low cycle fatigue [18] and failure locations predictions [19] 
to crack propagation and oxidation behaviour [20].  

Another good example is the DAMASK framework [4] with applications extending to continuum level material 
property scatter by employing Monte Carlo SEM simulations and prediction of damage initiation in a range of 
material systems. Although these modelling endeavours have advanced materials understanding and have 
helped to identify potential failure mechanisms, they are still limited by the use of continuum mechanics data 
for model calibration and thus necessitate prior testing data. It is common practice to use single or multiple 
stress-strain curves from monotonic tensile testing to evaluate the fitting of the model parameters which are 
then only applicable to that specific temperature and loading regime of the equivalent microstructure (i.e. 
varying the grain size will have different macroscopic flow stress requiring refitting of the associated 
parameters). More complex mesoscale models can be fitted to a larger range of temperatures, loading 
regimes and microstructures but validation of the simulations outputs needs to be meticulous and their 
applicability cannot be extrapolated.Furthermore, the computational requirements of modelling more than a 
few hundreds of grains necessitate significant IT investment and are beyond the typical laptop/desktop that a 
design engineer would normally use. But that is necessary if the large fluctuations of the stress and strain 
fields in a component which directly affect fatigue and fracture initiation are to be identified [5] and especially 
where localised stress gradients and adverse microstructure could interact.  

Although continuum level properties are necessary for design of components, these properties must be 
validated experimentally and demonstrate equivalence with actual components. This must then be 
independently assessed by the certification authorities (e.g. EASA, FAA, etc.) usually through the Technology 
Readiness Level (TRL) assessment process [21].  

On the other hand the materials application/development/manufacturing engineer is interested in introducing 
novel alloys or material systems; however, at the same time reducing costs and lead time (i.e. less testing and 
material produced). This has driven a need for predictive material property tool sets.  Thermodynamic 
databases combined with applications such as CALPHAD [6] provide this predictive capability. Their 
parameterisation for novel systems frequently requires physics based and lower scale modelling such as 
atomistic and quantum simulation. Given some reasonable investment for training and purchasing of software 
tools (i.e. base alloy specific thermodynamic databases), the experienced user can conceptualise an alloy, 
calculate the phase diagram of the material and model the atomic lattice based on the phase element 
partitioning.  

At present atomistic and quantum models are rarely if ever directly used within the aerospace industry. 
However, they are an area where in the authors’ opinion the aerospace industry will begin using as the 
simulation capabilities increase. Atomistic Molecular Dynamics (MD) systems remove the intrinsically coupled 
behaviour of quantum systems by modelling atomic motion using Newtonian mechanics. The interactions 
between the atoms are modelled using potential energy functions in general these potentials are a function of 
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the positions and velocities of the adjacent atoms. Typically for metallic systems these functions are Finnis-
Sinclair [7] or Embedded Atom potentials [8], whilst for organic systems topologically defined potentials such 
as Class I force fields (connections of up to 4 atoms) or Class II (connections of up to 8 atoms) [9] are used, 
ceramic systems often have bond order potentials such as the Tersoff potential [10] used to model their 
interactions. These potentials have been used successfully in a variety of industries which focus on the nano-
scale and are of the forms likely to be used in aerospace in the coming decades.  

MD methods can be applied to comparatively large systems such with multi-million atom simulations routinely 
being conducted for short time periods in academia. These simulations can investigate behaviour of features 
such as dislocation motion and diffusion which can be used in higher level techniques. However, the 
complexity and computational costs of these models typically necessitates the involvement of experienced 
academics in the simulation design and interpretation. Another drawback in this approach is to specifically 
place the atoms in their exact location given the alloy phase chemistry. For simple ordered phases the task is 
simple but given the number of alloying elements that are used in modern structural applications metallic 
materials the complexity and uncertainty increases exponentially. This can be surpassed by employing Monte-
Carlo techniques [11] and by using already validated free source codes [12] the user can calculate important 
materials properties such as element diffusivities, Gibbs free energy, stacking fault and anti-phase boundary 
energies as well as macroscopic thermo-physical properties.  

This sort of work will be introduced into the industry through collaborations between academic institutions and 
industry with the results being fed into established macro-scale tools. The authors expect that by 2030 this 
technology will be being used within the aerospace sector to aid in the understanding of phenomena which 
cannot be directly observed; furthermore the use of interatomic potentials in Monte Carlo simulations to better 
understand phase stability will likely begin earlier than this.  

Discrete dislocation level simulations (DDS) fall above the previous category since the length and time scale is 
now two orders of magnitude higher than atomistic (~10-8 m, ~10-10 s). The outputs of DD simulations are 
typically the dislocation microstructure but much more informative statistical data such as the dislocation 
density, the accumulated shear strain, the stored energy and the local stresses. These properties are the key 
inputs for mesoscale modelling as explained above and provide much better understanding of the material 
deformation and fracture initiation mechanisms. One the main issues though of DDS is the computational time 
and usable domain size (<40µm3). Running a complicated loading cycle with thermal transients can take 
months and that will only be applicable for a single integration point in a mesoscale crystal level FE model. Still 
they pose a better alternative than the lower scale methods, due to their direct linkage with continuum or 
mesoscale models. 

At present Quantum analysis has the advantage that minimal external information on the system is required. 
This has the potential to enable parameterisation of higher level techniques which in turn allow the 
characterisation of a material without actually producing samples. Doing so could enable the down selection of 
material systems to be conducted using computational methods reducing both the number and variety of tests 
required to develop and classify an alloy. However, at present there are some significant limitations to this 
approach. Exact quantum methods scale poorly with system size, making them unsuitable for the foreseeable 
future, less precise methods such as Tight Binding [13] and Density Functional Theory (DFT) [14] have over 
the last 10-15 years developed into valuable tools for understanding materials at a nanoscale and are widely 
used in the semiconductor industry. However, at present they also remain too computationally expensive to 
enable use in addressing key questions such as interfaces and dislocations; furthermore, as material systems 
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increase in complexity the minimum system size required for accurate modelling of material properties also 
increases.  

A modern nickel super-alloy might have 10 or more elements with some being present at atomic 
concentrations below 0.05%. This implies over 2000 atoms might be needed for simple systems to be 
modelled including heavy elements which are computationally challenging to implement. Therefore, at present 
even within academia problems require very targeted approaches focusing on regions where segregation can 
reduce the system complexity. Once this issue has been addressed the issue relating to the approximations 
will become relevant with inaccuracies of a few percent, which are difficult to avoid in DFT at present, 
compounding into significant uncertainties at the macro level.  

Therefore, whilst quantum simulations are very much on the horizon it is not yet widely used within aerospace 
for materials characterisation and mechanistic understanding; however, it is widely used in the 
parameterisation of thermodynamic models, such as CALPHAD, which are already in use in aerospace 
industry. As materials are pushed closer to their limits and more complex mechanisms, such as corrosion 
fatigue or oxidation, can no-longer be designed out of products it is expected that quantum modelling 
techniques will be used to better understand material susceptibility to these mechanisms.  

2.8.3 Advances needed 

The major drawback in all the aforementioned tools and models is their variety surprisingly. For a novice user, 
the vast number of open source codes, the presence of technical support and future development plans are 
key issues which can clearly affect their implementation.  The aerospace sector is trying to address this by 
using common software tools (mostly texture generation and FE codes) which suppliers, OEMs and customers 
can use for analysis of materials with embedded manufacturing information from ingot/billet to final part. This 
way the main issues of IP control, traceability, robustness and model definition are solved.  

IT infrastructure and training is another issue which needs to be addressed as many of these codes are 
developed in operating systems and architectures not suitable for industry but having academia in mind as the 
major customer. To make it clear, industry requires IT support/troubleshooting for COTS codes and tools. The 
cost of maintenance of bespoke toolsets/codes within an industrial IT architecture is not comparable to an IT 
company that already employs experts to do the same task and sells it services globally. Already industry is 
moving towards cloud software applications (with HPC capability) and subcontracting of IT services rather than 
in-house development. Over the last decade university spin-offs and small versatile companies have made the 
use of materials modelling easier by applying simpler web based interfaces for CALPHAD and MD software 
tools.  

Training and user interaction is a key factor in implementation of materials modelling, but above all the clear 
translation of what are the main outputs of all these tools and how easily they can be exploited. Current 
academic literature shows extremely promising results with application of increased fidelity models without 
implementing any sort of Technology Readiness Level (TRL) procedures. High throughput computing and 
novel material identification is being suggested as the panacea of materials modelling with the reality being 
nowhere close to what the application requires or having manufacturing/processing challenges in mind at least 
for structural applications. To facilitate industry adoption there needs to be a move within the academic fields 
from working on simple systems to addressing aerospace relevant material systems, in a similar manner to the 
semi-conductor, precious metal, and energy storage sectors. The validation of these models will naturally be 
initiated in academia and finalised through collaboration with aerospace companies.  



 
EMMC-CSA – GA N°723867 
Deliverable Report D1.4 - White paper on gaps and obstacles in materials modelling 

 

Public Version: final Page 76 of 85 
 

To the authors opinion it is envisaged that government funding could initiate development of applicable models 
such as custom force fields for aerospace grade materials. This would likely be a multi-stage approach with 
models fitted to quantum simulations and the available open literature, thereby achieving low TRL standards 
and demonstrating applicability. These models could then be validated by the aerospace industry through the 
existing panels which have access to the proprietary information on material behaviour necessary to validate a 
model to a high TRL. 

In conclusion, the importance of materials modelling is clearly understood both by industry and government 
bodies and it is nowadays considered an essential part of the product lifecycle. Continuum materials modelling 
and FEA of components and systems have long been established with great success, while the benefits using 
lower length scale modelling tools (quantum, atomistic and dislocation dynamics) still remain elusive.  
Nevertheless, the aviation industry has embraced the benefits of multi-scale modelling by developing 
dedicated teams and sponsoring collaborative projects with academic partners covering all length scales as 
these technologies mature.  
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2.9 Modelling materials properties for industrial R&D purposes 

2.9.1 Introduction: modelling as a R&D enabler for chemicals and advanced materials markets. 

“Predicting materials properties” - From an industrial perspective, this is the key to a significant opportunity, as 
the aim of any materials provider is to satisfy fully its customers, targeting the exact property that will fit to the 
needs, and ensuring the capability to generate the right materials for these properties in a cost efficient and 
reliable way.  

From the R&D perspective, this simple and obvious statement looks like a logical must have in any department 
working for improving a product portfolio. For many years now, the R&D labs in materials providers R&D 
departments have built their expertise around this final aim, so that it is estimated that every year, a significant 
part of benefits come from Innovation: targeting the needs of customers with innovative solutions, to reinforce 
the customer experience and the added value on the market. This is true for experimental lab equipment, and 
R&D teams have access in laboratories to methods, techniques, and apparatus that are trustable thanks to 
systematic procedures for calibration and validation of the results obtained with these tools. One of typical 
daily tasks in labs is to ensure that every measurement is reliable. This is an obligation to reach the level of 
confidence, trust, and reliability needed to validate that what is measured will be exactly what customers will 
benefit from. A failure in the chain of validation of processes and tools may indeed have dramatic 
consequences for the industrial actors, in term of quality and in terms of reputation as a material provider. One 
of the concerns or major industrial actors in the field of Chemicals and Materials is obviously to ensure the 
reliability of its product whatever use will be made of them, and fit as close as possible to its customer needs. 

While this is well accomplished at the experimental level, still too many R&D projects rely on trial and error to 
identify, tune, adapt, the materials properties, and it has been acquired now that a change of paradigm must 
be accomplished to include Digital in the modern R&D culture. Digital can englobe many aspects, and 
computational predictive modelling is one of them. The purpose of the present chapter is to enlighten from the 
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industrial perspective what are the pitfalls and the remaining gaps that may be encountered when confronting 
the modelling tools to the industrial reality.  

2.9.2 Current status and challenges 

2.9.2.1  Industrial expertise and its range of application 

Materials providers deals with their materials properties, and therefore, their modelling ambitions range from 
the pure ab initio domain (quantum chemistry based, electronic structure theories) - predicting electronic 
properties such as electrochemical potentials, light absorption and emission properties of organic or inorganic 
materials, or chemical reactions and catalysis ) to the macroscopic simulation tools, going through the 
atomistic domains (molecular dynamics, reactive force fields, coarse grain models) and up to the 
computational fluid dynamics, this one mostly related to process design and optimization, and finite element 
modelling  dedicated to the prediction of mechanical properties of finite materials. In other words, all the range 
and scale of available computational methods is needed to support the development of materials and 
processes, as their added value may come from their intimate chemistry as well as their processing and 
formulation. This is the reason why the evolution of modelling methods and computational capabilities is so 
important for industrial actors, because as major players in the chemical industry, they have to cope with all 
aspects from the synthesis to the final product commercialization and characterization. A particular point of 
focus is also the ability to couple these different domains of application, bringing information from the smallest 
domains to the final macroscopic properties of a finite size material; this point (and its related gaps) will be 
discussed later.  

2.9.2.2 Experimental reality versus modelling accuracy 

One relevant concern today in investing in modelling tools in industry resides in the reliability of these methods 
and in the ability to trust their results. The finite element macroscopic methods (both for solid materials and for 
flow simulations (CFD) are adopted by industry for many years now and are today fully validated based on 
many available experimental data (for instance gathered by customers). The industry researchers and 
technical support specialists have access to these data, and are able to predict for instance the mechanical 
behavior of specific materials for finite pieces, based on well-known equation and parameters. [1] 

But this is far to be true for lower scale methods such as Density Functional Theory (DFT, electronic level of 
simulation) or atomistic Molecular Dynamics, which will be the main focus of the present paper. These 
methods are young, and their industrial R&D application even younger. They have been mostly adopted by the 
private sector over the last decade, through open innovation collaborations with the academic sector. Before 
that, these methods mostly belonged to the academic domain, while for some of them, the question of whether 
they are to be trusted or not is still the topic of many papers [2,3]. In the case of Density Functional Theory in 
particular, which became the most popular electronic level theory because it is fast and still predictive, it is very 
well know that most of its shortcomings come from the choice of a suitable exchange-correlation functional, 
such as the very famous B3LYP, the reliability of which is based mostly on error compensation and a heavy 
parameterization [4]. The impact of the exchange-correlation functional is also at the core of the “gap issue” for 
solid materials, among other know method shortcomings for such materials, in which predicting the right 
optical gap between the valence and the conduction band (of high interest for electric and electronic properties 
of such materials) is still a challenge, looking more like tuning a hardly controllable parameter than using the 
right physics model for a trustful prediction. When going to Molecular Dynamics models, the choice of the force 
field and the difficulty to generate systems that are good representations of the “experimental reality” of 
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materials, is challenging and time consuming, because force fields parameters may be hardly transferable 
between all types of materials (liquids/solids, molecules or polymers, inorganic solids… all are based on 
different types of parameterization), or because we are trying to capture the time evolution of some specific 
properties under some constraints but cannot take all the potential real constraints into consideration (effect of 
temperature, pressure, long relaxation times, solvation effects, the presence of defects, the presence of 
pollutants, even in traces).  

Globally speaking, simulating realistically a material, being a molecule, a polymer, or an inorganic material is a 
challenge by itself. As another example, inorganic powders may be constituted of finite size particles, of the 
size of few micrometers with irregular surfaces, and some specific properties of these materials come in fact 
from the surface and not from the bulk (surface chemistry, local structures, defects as well), while the portfolio 
of methods to study such systems are almost systematically periodic infinite systems, perfect for bulk 
properties. These models won’t be able to capture easily the source of these specific properties.[5]  

The risk behind this missing realism in the models is that the “look and taste of accuracy” may seem more 
attractive to non-experts that the rightness of the models underlying the simulations, and that relying blindly on 
a method, validated on one particular case, to be applied on every other case is tempting and seem to be a 
time saver; but no one can measure the risks to do so as of today. A good example of that is given by the 
following Fig.1, that has been obtained while studying oxidation and reduction potential of different fluoro-
organic based materials. The chart indicates the correlation between B3LYP/TZVP based values for HOMO 
and LUMO and oxidation and reduction potentials, CBS (Gaussian09 CBS method [6]) results for the same 
oxidation and reduction potentials, and finally the experimental oxidation and reduction potentials obtained by 
linear sweep voltametry.  

 
Fig. 1. Correlation plots between (left) HOMO and oxidation potentials (B3LYP and CBS levels) + experimental (Linear 
sweep voltametry) results – (right) LUMO and reduction potentials (B3LYP and CBS levels) + experimental LSV results. 

It is to be observed when looking at this chart that HOMO and oxidation potentials are well correlated 
qualitatively, and that the two correlate approximately to experimental cyclic voltammetry results even though 
some discrepancies may be observed. But none of that is true for LUMO/reduction potential. In this case, none 
of the series of results correlated with each other, except when comparing B3LYP and CBS results, which is 
expected but still nonsystematic showing also the limits of DFT based calculations. 

In this particular case, the mismatch between modelling and experiment can be attributed to the fact that we 
deal experimentally with irreversible reactions, and that therefore the degradation mechanisms of the reduction 
process will modify the measured experimental potential. While when performing DFT calculations for the 
same process, we stop at the question: what is the energy difference between a neutral and a reduced 
system, i.e. bearing a –1 charge, without further degradation steps. We deal here with a mismatch of physical 
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phenomena, but that does not prevent the foreseen model to fail predicting these key properties and therefore 
being of no use to support new materials design. [7]    

Presenting such a result to a project team and experimental electrochemists could generate a global mistrust, 
because even if as explained the physics behind the reduction potential DFT modelling results seems to be 
good, it does not allow to predict the experimental values, and therefore is useless for R&D programs, at least 
without the analysis of a modelling expert to read and interpret in the right these results.  

Globally speaking, this example shows why it is difficult to adopt these methods from an industrial perspective. 
As explained above, the need for reliable and reproducible methods is a “must have” when designing new 
commercial materials, and even at lab scale, there is no place for “uncontrolled” uncertainty in R&D tools. 
From a R&D program manager perspective, including simulations that a) may need long time to deliver, and b) 
need to be coupled with intensive experimental validation to be trusted, is not the most appealing when a 
research project needs to deliver in a short time framework. Therefore modelling tools in this context are 
limited either to small impact tasks, or are used mostly for prospective studies. But isn’t it more the role of 
academic research to run prospective programs? This is a recurring question, and it slows down significantly 
the adoption of modelling R&D methods in industry. 

2.9.2.3 Environment effects 

Another important point when running simulation with the target to drive materials property design is to 
properly take into account the impact of environment on these properties. These may be of multiple nature and 
origin as was already mentioned. Let’s cite: solvation effects, orientation averaging, temperature, pressure, 
dielectric medium, local structuration, interfaces between finite size elements. All these effects are impacting 
(either in a controlled or uncontrolled way) the measurements, while to take them into account in an atomistic 
or electronic simulation usually transforms a reasonable computation time into a nightmarish complexity 
problem. For solvent effects for instance, the implicit models that are usually available in standard quantum 
chemistry codes, such as PCM [8] (polarizable continuum models) and its derivatives, are only a poor 
approximation to real dynamic solvation effects for properties such as Redox potentials or light absorption and 
emission [9], due to the high impact of explicit interactions on the energetics of the system. But going to 
explicit QM/MM models usually increases significantly the cost of the simulation and decreases significantly 
the choice of methods to be used. Temperature effect is usually taken into account by performing a Maxwell 
Boltzmann population analysis on different conformers of the system[10], while a proper treatment should 
require running Ab initio molecular dynamics to study the time evolution of the properties of interest. But these 
calculations are prohibitive to run, even limiting while sticking to DFT level.  

All these missing effects are a barrier to the adoption of simulation, because they represent an unpredictable 
source of mismatch between measured and calculated properties, leaving only the possibility to do qualitative 
predictions for systems properties as soon as they are not measured at 0°K in the absolute void. This is 
known, for many years, and many developments have been made to fill this gap (for instance, linear scaling 
quantum chemistry methods to be applied on much bigger systems), but the adoption of these methods at the 
industrial scale do not seem yet achievable, while it would fill an important gap. 

2.9.2.4 Multiscale aspects 

From a technical point of view, this is another important challenge on which to discuss; a significant leap 
forward will be made if the information that can be obtained at the microscopic/atomistic levels of theory could 
be easily and systematically transferred at the macroscopic level without loss of accuracy, reliability and detail. 
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Indeed, the link between the smallest size scale models and the macroscopic models is a key cornerstone to 
really bring an added value for modelling in materials design, as it could lead us to be able to perform a 
rational design process entirely from modelling, similar to the concept of the digital twin.  

This is one of today’s challenges for models in industry. For instance, being able to predict the atomistic 
structural conformations of different polymer grades, but not being able to predict what will be the impact of 
these modifications on the stress-strain curve of the material without having to synthesize and run the 
experiments, is like missing the most added value that modelling could bring to the industry. And none of this 
can be done without having models that can link the results obtained at one modelling level to the upper level, 
toward the final application. 

Connecting the electronic based properties to their macroscopic properties, taking into account the impact of 
climbing the scale ladder on these properties (both in size and in time resolution), is also considered as a holy 
grail in the industry R&D sector.  

2.9.3 Advances needed to increase the use & impact of modelling in this sector 

2.9.3.1 How to go further? 

Several technical points have already been drafted in the previous chapter, and most of them are less 
technical than conceptual.  The first and most important point to improve related to the adoption of electronic 
and atomistic methods in the chemical industry is reliability. It is well understood that most of the method 
developers aim at providing tools that are reliable and trustable, but these methods are containing inherent 
flaws that come directly from the physics underlying them, and the approximation to be made to solve the 
system equations. Expert users know well about how to control this source of uncertainty, but this is not true 
for final stakeholders who need to trust in these methods to include them in their R&D programs.  

When buying lab equipment, this equipment usually comes either calibrated, or with a very well defined 
calibration procedure that needs to be run before starting the tests, ensuring the validity of any further trial at 
any moment. When dealing with modelling software/methods, there is no such a guarantee that the results 
that will be generated will be trustful, they will depend on too many parameters, including the expertise of the 
user, its knowledge of the methods and even its preference of using this or that parameterization, including 
also all the missing physics behind the model.   

Therefore, if the purpose is to see industry adopts those tools, method developers and software providers 
should think as equipment providers, and together with their methods, deliver their range of validity: for a given 
property, what is the best choice of parameterization, and what will be the expected range of error? Providing 
a uniform benchmark validation procedure between many different tools on specific applications, common 
between all software providers and developers, would be a clear factor of trust from industrial stakeholders.  

It was mentioned earlier the impact of environment effects and the multiscale approaches. On these particular 
aspects, the trend is to progressively replace the classical simulation methods by data science, extracting the 
complexity that models have hard times to take into account from analytics and machine learning methods 
applied on large sets of experimental data and linking then to atomic descriptors. These tools are of course 
very powerful, and they have their role to play in many domains of interest where data is available. But they 
miss one important parameter, which is the physics behind the properties, to be linked with the nature of the 
material, the nature of these multiscale effects. These tools will be predictive, but won’t explain why these 
properties are what they are. In order to use their outcome for designing completely new materials out of the 
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box, a physical understanding will still be needed, and the ideal method toolbox probably lays in-between, 
where modelling method and data science meet to extract most of the added value of what was done, and 
generate the basis of rational design for future materials development. 

2.9.3.2 Should it be only technical? 

Another clear point that needs to be emphasized in the present discussion is cultural, more than technical. The 
application R&D domain is quite conservative, in terms of methodology: for a new technique to be acquires 
(meaning, validated on many success stories), a significant time is required, mostly for the reasons explained 
above (reliability and accuracy), but also because of mentalities. Basically, there is still today a lack of 
groundbreaking success stories on how the computational modelling has helped to generate innovations at the 
industrial scale, which would be much more easily heard from the global R&D managers but also from the 
people on the field. It is still common to hear the misconception that including modelling simulations in a 
project will decrease the lab work, and therefore people’s activity, while it is obvious that the use of simulation 
aims to keep the lab work focusing on the most promising solutions. Building success stories, gathering 
internal and external customer’s feedback, advertising how simulation helps the research project, is still today 
a large part of the activity of modelling experts inside companies, besides the core activity which is to run 
simulations properly speaking. This is a cultural aspect that needs to be taken seriously into account if we wish 
for a much larger adoption by the industrial actors of such simulation methods in their R&D portfolio.   

Another blocking aspect is educational. Most of the people working in R&D did not receive a deep training 
regarding computational chemistry methods, and there is either a fear of what is behind these methods, when 
pronouncing words like “quantum”, thinking that there is no room for such words in industry, or the opposite 
way of thinking, that simulation can solve any kind of problem, without development, tests and validation, and 
therefore should cost nothing and deliver immediately. And therefore these two misconceptions are inherent 
blocking points for adopting more widely modelling in the industrial sector, but also for putting the right means 
for it to be adopted once the decision is made to include these tools to the R&D portfolio. 

On these two points, the community of modelling experts, the software developers, and the funding agencies 
have a role to play, to advertise what is material simulation in the right way: no to sell more licenses of their 
best software update, or to advertise their latest development of method, but to transform a promising tool and 
make it become a state-of-art materials research tool widely adopted throughout the industrial R&D sector. 
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3.1 Synopsis of issues brought forward in the industrial chapters 2 

3.1.1 Model(ling) gaps  and barriers from an industrial perspective 

A number and modelling gaps and barriers of either a technical/scientific nature are brought forward in the 
findustrial chapters, but also a range of different types of obstacles, often specific to industies, or to industry-
academia interaction, are highlighted. Some examples are  

Technical obstacles 

• Lack of trust in modelling 
• Lack of sufficiently good models (i) Materials complexity gap. (ii)  Method/model gap.            

Here two classes of approaches to  remedy the situation when materials interaction models (i.e.  the 
models that define the 'Energy = f(particle positions)'  energy surface) are lacking or insufficient were 
highlighted in Chapers 1.2 an 1.3. In the latter, individual models are combined using coupling and linking 
protocols to reach over larger time- and length scales in the simulations. In the foermer, one calls in 
assistance from data-driven approaches.  

• Lack of validation/verification procedures. Lack of reference data.  

Non-technical obstacles 

• Time pressure, i.e short deadlines in industry.  

• Communication gap between different modelling communities, in particular between academic model 
developers and industrial stakeholders can be a large barrier towards making best use of available 
modelling tools and capacities. There may be many reasons for such communication barriers: Different 
objectives for the modelling efforts, an Intellectual property barrier between the different actors involved, a 
knowledge gap, e.g. that there is a lack of (access to) personnel trained in modelling. Here human 
translators, namely experts that connect manufacturer challenges with potential solutions using materials 
models and digitalized materials sciences knowledge, play a crucial role, and it may be noted that 
Discussions and surveys in WP1 have confirmed the view that software owners are key translators, with 
unique insight into current and future model needs of industrial stakeholder.  

3.1.2 Suggested remedies and a roadmap 

Accuracy and complexity. One important barrier to the adoption of modelling in industry is skepticism or lack 
of confidence in the modelling results, aka he models and workflows is the lack of confidence in the accuracy 
of the results. This is tightly coupled to the difficulty to treat realistically complex systems, in sufficient detail, 
either because the real systems and conditions are indeed too complex for available modelling methods to be 
feasible, or because the structure is not known (at the level of interest, say the atomic arrangement, or the 
microstructure). For electronic calculations achieving total energies with an accuracy of 1 kJ/mol or 10 meV, 
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which is needed for certain crucial application, remains a fundamental challenge as industry at the same 
needs modelling to handle enormously complex system. Overcoming such barriers should be one the major 
thrusts of future research. 

Solving the time equation. Industry is generally keen to adopt a new helpful tool or workflow as long as they 
are proven reliable enough, fast enough, user-friendly enough. The painstaking task to develop the methods, 
workflows, models towards this goal generally rests in the hands of academia and software developers (which 
may or may not be academia as well) and it is a long-term (5-10 years) undertaking. However, success will 
lead to a win-win situation as the two communities are communicating vessels. Funding schemes for such long 
term planning is crucial: The developments made now pave the way to enable materials and process 
innovations 5-20 years from now.  This time equation needs to be recognized by grant-giving institutions. 

Towards an uptake of discrete models. The challenges and barriers to the acceptance of discrete models 
are manifold. Many are technical, but let us start with the perception of the models and the requirement of 
credibility. There is still today a lack of groundbreaking success stories on how the computational modelling 
has helped to generate innovations at the industrial scale. Building success stories, gathering internal and 
external customer feedback, advertising how simulation helps the research project is a necessary process. It 
requires, from the side of academic model developers and software owners, an appreciation of the industrial 
problem and a commitment to ‘solve the problem’ rather than merely ‘sell the code’. In this aspect there is an 
important role for translators, which has proven to be a highly successful aspect of the EMMC CSA project. 
Knowing the potential economic benefits may boost utilization of simulation by industry. Moreover, industry 
needs to know the state of the art and possibilities of modelling. They need support from experts in the field to 
minimize the time needed to develop and implement economically viable materials modelling solutions. Vice-
versa, academic researchers developing innovative modelling techniques are often unaware of the actual 
industrial problems. Thus, communication has to flow in both directions.  

Ultimately, the uptake of advanced models will require a new generation of engineers with a background in 
modelling (including e/a) and the techniques and concepts of coupling and linking including the aspect of 
interoperability. This requires the acquisition by Graduate students of transferable skills beyond those required 
for the progress of their specific research programme and an appreciation of the use of modelling in industry. 
Translators could usefully produce online materials for related courses. With the appropriate background such 
graduate students could act as evangelists for the importance and application of advanced models with strong 
capabilities.   

The perception and credibility of advanced discrete models will not be instantaneous: this is the important role 
of the translator in encouraging and managing the acceptance of advanced models in the industrial 
environment. In addition, the community of modelling experts have a role to play, to advertise the best of 
material simulation. Ultimately they could transform a promising tool and make it become a state-of-art 
materials research tool widely adopted throughout the industrial R&D sector. IT infrastructure and training is 
another issue which needs to be addressed as many of these codes are developed in operating systems and 
architectures not suitable for industry. Here it is important to note that many industries are moving towards 
cloud software applications (with HPC capability) and subcontracting of IT services rather than in-house 
development. 

Nonetheless there can be no doubt that there is an important industrial role for discrete models: each chapter 
describes significant challenges which can only be overcome by the involvement of electronic or atomistic 
models. Generally these result from the failure of continuum models to encompass the important details of 
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materials and device design which increasingly involves design at the nanoscale to achieve required 
functionality. This is certainly the case, for example, for electronic materials, which have to respond to the 
decreasing device dimensions required for continuation of Moore’s law. A particular challenge here is the 
emergence of a number of disruptive technologies for which reliable models are not currently available and 
which are urgently required.  The need for discrete models is generally in the emergence of phenomena at the 
atomic level which control or disrupt device functionality: many examples occur throughout the chapters. This 
includes, for example, the need to model amorphous materials; investigate the effects of tiny amounts of 
impurities in multiphase alloys; study the detail of polymer architectures; in the case of pharmaceutical 
materials the exploration of  the impact of structure on nucleation and growth. All of this requires electronic/ 
atomistic level models. However, in many cases the discrete model information needs to be coupled or linked 
in a multiscale process to continuum and large scale models in a well-established and documented workflow. 
This is a challenging area, involving both the associated theoretical and computational challenges of the 
multiscale process and the problem of ensuring interoperability of codes. 
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