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Introduction: 
In a product development process, numerical simulation is a very important step to validate design 
decisions and to assess product performance along each step of its lifecycle [2]. Designs of Experiment 
(DoE) are more and more used during the simulation process. To shorten the simulation process, two 
approaches were identified: (1) the DoE process execution duration reduction and (2) the DoE 
preparation process shortening by managing and reusing simulation data. The Simulation Data 
Management for Design of Experiment (SDM4DOE) project aims to develop these approaches to 
produce an open-source simulation platform dedicated to DoE applications. This platform ought to set 
and run DoE fast, for complex numerical models, while ensuring traceability of generated data and 
providing a decision-aid system for DoE preparation. This paper introduces concepts and specification 
to manage DoE process data. The simulation process and the DoE setting up are firstly described. 
Then, the selection of methods issue is addressed. The DoE data management system developed to 
solve this issue is detailed in the third section. To conclude, future works in the SDM4DOE project 
context are presented. 

DoE Process: 
The DoE process is based on the simulation process, which consists of three main steps [7]. A 
parameterized numerical model of the studied system is created. Corresponding outputs are obtained 
by a specific solver. These outputs are analysed during the post-processing step, for model checking 
and product validation. All of these steps may generate a large amount of heterogeneous data and 
could be very expensive and time-consuming. A DoE is a set of experiments defined to assess the 
numerical model for different configurations of the product. A DoE is defined by its type (distribution 
of experiments in the design-space), the number and type of its factors (model parameters) and 
associated levels. A DoE process may have different objectives (exploration, product optimization, 
sensitivity analysis, etc.) and submitted to different constraints (e.g. computational budget). The 
computational cost of a DoE is the cost of the numerical model calculation multiplied by the number 
of experiments. Thus, an optimal strategy is to choose the most efficient DoE and to use a method for 
reducing the computational cost of each run. An efficient DoE should minimise the number of runs 
and optimize the space-covering of the runs, according to the objective (exploration, product 
optimisation…). After the definition and the validation of the numerical model [16], the available 
factors must be analysed and selected to reduce the DoE cost, by a sensitivity analysis. Only most 
influent factors are kept, according to a specific output. To analyse accurately these influences, a 
metamodel (or surrogate model) is created from DoE results and statistical methods, as ANOVA. The 
metamodel can be reused to replace the numerical model for other studies. 
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Methods Selection: 
 
Designs of Experiment 
A large amount of different types of DoE are available [9] for numerical simulation. The DoE type 
selection depends on its properties (space-filling, uniformity, etc.), objectives (exploration, 
optimization, etc.) and constraints (computational budget, output linearity properties, etc.). DoE type 
selection can be a long and difficult operation. Although some classifications exist [22], they are not 
exhaustive. There remains a need for classifying DoE. It is important, for this purpose, to identify and 
capitalize all related data (DoE type, numerical model, objectives and constraints, etc.). 

 
Metamodels 
Metamodels are used to replace a costly numerical model by a function (e.g. a polynomial function) 
faster to be assessed, for a specific output. Metamodeling includes three steps: (1) selection of the type 
of metamodel, (2) the training step from a DoE and (3) the validation. Types of metamodels are 
numerous [5], [13]. Each type has specific properties (accuracy, non-linear output approximation, cost, 
etc.). The training step begins with the execution of a DoE to obtain a set of responses from the initial 
numerical model. The metamodel internal parameters (e.g. maximal degree a polynomial function) 
shall be set to fit as closely as possible these results [23]. The validation step is made by statistical 
methods as cross-validation methods [13]. The time needed to select and tune each method (DoE, 
metamodel and internal parameters, validation method, etc.) involved can be longer than the time 
saved for execution [21]. Recommendations and benchmarks exist for the selection of some DoE-
metamodel couples [9], [14], [23]. However, these classifications are non-exhaustive. Solutions have 
been proposed to automatically select the appropriate metamodel [10], but they can increase the 
computational cost. The data model developed in the following sections will capitalize metamodelling 
data and the results for each instance of the DoE process. This may lead to reuse data and help the 
designer to select and tune DoE and metamodel. 
 
Adaptive DoE 
Adaptive DoE are defined to produce the best DoE according to the studied numerical model and the 
objective of the study. From an initial DoE, only the most efficient experiments are iteratively added. 
Efficiency is defined by an infill criterion, which defines the potential gain associated to an experiment 
[12-13]. This process is repeated until a convergence criterion or a maximum number of experiments 
performed on the original numerical model. The two main types of data involved by adaptive DoE are 
(1) the infill criterion and (2) the optimization algorithm (evolutionary algorithms, local methods [4-
19]) used to find the experiment maximizing the infill criterion. The selection and tuning of these two 
elements depend on the metamodel used, the objective and constraints of the study [3], [20]. Adaptive 
DoE can lead to non-negligible time-saving, but it is a complex methods involving long time to be 
defined. A non-exhaustive infill criteria taxonomy [18] and methods for selection automation [4], 
which can increase the computational cost, exist. The classification and capitalization of simulation 
data is still a serious development axis to provide decision support to the designer [6]. This will reduce 
the preparation time and avoid increasing the computation time. In the context of SDM4DOE project, 
developments planned to shorten the DoE process (preparation and runs) cover: (1) adaptive 
metamodelling process, (2) statistical methods for relevant factors selection, (3) data management and 
capitalization for a decision-aid framework. The first two axis will be implemented in the platform 
URANIE [15]. The third axis will be developed by the definition of a data model dedicated to DoE 
process. 

DoE Data Management: 
Simulation Data Management (SDM) [8] is a part of a larger issue of Product Data Management (PDM) 
[1]. PDM provides methods and tools to support the structuring, storage in shared repositories, 
management and sharing of product-related data and processes for its processing. More recently, SDM 
issues are associated with the new Product Lifecycle Management approaches (PLM) [1]. This covers 
technical data management systems of the product (PDM), the design support tools (CAD/CAE), 
manufacturing support tools (CAM) and other ERP applications [11]. Numerical DoE is a concrete 
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example of the use cases of SDM tools. The realization of a DoE is based on the combined use of a set 
of design tools, simulation, computation, statistical processing and control of the computing process. 

DoE process is a collaborative context in which several experts from different fields with different 
roles are involved. The effect of DoE results on the global product development process implies many 
interactions between DoE Process and upstream and downstream activities. Informatics systems and 
support activities are also concerned.  

Moreover, as many choices, tests and decisions are made during the DoE process, several 
iterations are needed, which are made on several working sessions. Stakeholders working on two 
different sessions could be changed because of their availability, the objectives and the DoE run. Thus, 
a DoE run involves a large amount of heterogeneous data. Some of these data needs to be 
standardized to ensure a good communication between the stakeholders and different tools used. 
 
DoE Data Model 
In the context of the SDM4DOE project, a first study was realized to map and classify data involved in 
a DoE process. The global organisation of main data types are shown in Fig. 3, represented in packages 
by an UML diagram. 

 
 

Fig. 3: DoE Data classification. 
 

• The package "Design of Experiments": this first category of data aims to describe the main 
properties of DoE: objectives, the type, the nature of the studied phenomenon, etc. 

• The package "Traceability and Administration" is used to link the DoE folder with its administrative 
and operational environment. This connection is done by several concepts such as: the reference of 
the project, the product and / or component associated with the DoE, the stakeholders involved in 
the working sessions, the timing of these working sessions with related decisions, etc. 

• The "Parameters" package is the central node of the DoE data model. Through this concept the 
different types of parameters (factors) are classified according to their nature, their input/output 
status in the different steps of the DoE process and the possible intervals of variation of their 
value. The concept of “parameter” is used to define other specific properties but also to define a 
standard for a common semantic for codification of parameter names between enterprise business 
platforms and SDM platform. 

• The package "Business Models" is used to manage in a uniform way all types and versions of 
business models involved in a DoE process to facilitate their sharing. It also links parameters to 
business models. It mainly involves CAD models, FEM and metamodel data. 

• The package "Storage-Representation" provides important information to SDM for data location 
identification for extraction and exploitation. Because of their heterogeneity and diversity of their 
sources, data are stored in different places and in different formats (databases, header files, etc.) 
according to their nature. 
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• The package "Simulation-Computing" lists all types of simulation scripts and possible methods of 
analysis in a DoE process context and according to a given study. It can also link these different 
types of processing with concerned parameters. 

• The package «Resources» completes the definition of processing by proposing a classification of all 
softwares and methodological resources supporting computations. This will allow SDM users to 
quickly define the various steps of the DoE. The concept of "computational cost" allows a better 
characterization of the various alternatives of computations to facilitate the selection of the DoE 
execution mode. 

 
Principle of the SDM framework 
To implement a DoE data management system, open-source software architecture is being developed 
in the SDM4DOE project. This architecture is developed as a SaaS web service, based on several open-
source solutions. In a further development, the platform will be composed generic components to 
integrate other simulation softwares, including commercial softwares.  

The SDM platform related to DoE will provide users a set of features for DoE processing and 
management of administrative and technical data during a work session, via a web-based interface. It 
also allows you to view and navigate the previous PEN traceability data. To achieve processing 
features, the URANIE open-source software integration is planned. 

The fulfilment of a DoE is based on the link between the SDM system and the company's business 
platform, in which the computation chain is implemented, supervised by post-processing software 
Salomé. These services include the simulation software Code_Aster, in which acceleration methods of 
computations will be implemented. Finally, in order to support the data handled by the DoE, the 
various models described in the previous section will be implemented, according to the study and the 
nature of the data in a database or in the headers of documents associated with different business 
files. 

Conclusion: 
In this paper, a first inventory of issues related to numerical design of experiments was made to 
shorten the process. The first results of the SDM4DOE project show that existing SDM tools are not 
adapted to the heterogeneous nature of the DoE process data. Indeed, the optimization of a DoE 
process is based on the effective management of technical data, administrative data and also data 
related to the traceability of decisions. At this moment, a set of concepts has been proposed and is 
being refined and validate. The next step consists in integrating these concepts to develop a first 
version of the SDM platform. On the other hand, the mastery of the DoE complexity will be based on a 
standard codification proposal, on both business files and data types, to ensure the integration of 
SDM4DOE solution for all types of business computing platforms. This work will be subjected to a 
validation step by using this solution on complex systems. 
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