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Abstract. The large amount and different types of data and knowledge generated
within the Additive Manufacturing (AM) value chain are highly challenging in
terms of management and organization. Understanding the interconnections be-
tween all these immaterial corpuses is important for decision making and process
optimization issues. Moreover, AM has more parameters than conventional man-
ufacturing processes, and many of these parameters are difficult to assess and
monitor. Therefore, it becomes important to develop computer-based solutions
that are able to aid the decision maker and to support the management of all in-
formation along the AM value chain. In this paper, a knowledge-based decision
support framework using ontological models and mechanisms is proposed for the
above objective. Cost estimation is conducted as an application of the proposed
framework.

Keywords: Knowledge-based approach, Decision support system, Automatic
Cost Estimation, Additive manufacturing.

1 Introduction

Even though the history of Additive Manufacturing (AM) technology is relatively short,
it has shown expeditiously growing interest in various domains and significant im-
provement on the quality of the produced parts as well as the efficiency of the related
processes [1]. Despite of these benefits and opportunities, many issues and challenges
such as traceability, accuracy, and parameters’ inconsistency still need to be solved [2].
With the growing complexity of AM process due to multiple interconnections between
heterogeneous parameters, changing one parameter could affect multiple criteria of the
produced parts [3]. Even for expert users, it is difficult to select the suitable values of
process parameters for successful AM building results [4]. Moreover, different types of
data generated along the product transformation cycle are creating new opportunities
for knowledge discovery [5]. So, understanding these data and knowledge definition
and correlation is essential for decision making and optimization from the earliest
stages of AM process.

In this topic, it becomes important to develop the right architecture of decision-mak-
ing system that correctly uses and manages all this corpus of information [6], while
paying particular attention to the key performance indicators and process parameters



management [7]. Thus, the main objective of this paper is to propose a knowledge-
based system (KBS), using an AM dedicated ontology, to support the expert decision
along the AM value chain. Section 2 presents a literature review on KBS and decision-
aid systems for AM. Section 3 proposes the main foundations of the proposed KBS.
Then, an application of this framework to support the decision making in cost estima-
tion is presented in Section 4.

2 Knowledge-Based Decision Support solutions for AM

Decision Support Systems (DSS) have proven an important role to support the experts
in various fields related to AM value chain. For instance, process planning support aims
to identify and adjust all parameters necessary to optimize the build and post-processing
steps [8]. Even though, the decision process is still complicated in terms of data man-
agement due to huge amount of data and heterogeneity of knowledge. The use of Arti-
ficial Intelligence (Al) leads to improvement of DSS through better exploitation of ex-
pert knowledge (rule inferences) as well as smart data mining and machine learning [9].
KBS are kind of computer systems that imitate human reasoning for problem-solving
by reusing previous experiences and inferring business rules [10]. These systems are
currently coupled with Knowledge Management (KM) practices to capture and formal-
ize tacit knowledge [11]. This kind of system consists of three main components; In-
ference engine, User Interface, and Knowledge Base (KB) [12]. In this type of ap-
proaches, knowledge modeling is a critical issue to satisfy the consistency of the KB.
With regard, ontology is one of the most effective tools to formalize the domain
knowledge, while supporting the automatic reasoning and information retrieval based
on business rules [13,14].

Lately, attempts have been made to develop a knowledge base in a form of ontology
as a decision support for AM. Some works have contributed to propose a knowledge
base that formalize Design for AM (DfAM) knowledge to be retrieved and reused to
support the designers in process planning, [15,16]. For instance, Kim et al. [15] use
Ontology Web Language OWL to categorize DFAM knowledge into: Part design, Pro-
cess planning, and Manufacturing features. SQWRL queries are applied to formalize
design rules and retrieve DFAM knowledge to be reused for solving new problems.
Using the same mechanisms, Hagedorn et al. [16] aim to support innovative design in
AM, by capturing information related to various fabrication capabilities of AM, and
their application in past innovation solutions. Samely, Liu et al. [4] propose a KB that
uses previous process planning cases and manufacturing rules. Eddy et al. [14] intro-
duce Rules-Based algorithm to select the best process plan as a combination of feasible
processes allowing the lowest total cost of the resulted AM part.

In summary, most of the developed approaches are specific and dedicated to solve
particular aspects of AM process, so they need high labor intensive to operate in general
context. In previous work, Sanfilippo et al. [10] propose an ontology as a generic ref-
erence model with the ambition to represent all main characteristics of AM value chain.
The proposed knowledge-based approach is realized as a part of this research work by
extending the scope to the preparation and post-processing steps, and taking into



account the link between customer specification and process characteristics, for effec-
tive cost estimation at the earliest stage of the AM project.

3 The Proposed KBS framework

The computational ontology proposed by [10] is developed in OWL by means of
Protégé tool, and uses the concepts of “template” and “reusable case” as generic con-
tainers to structure and reuse useful knowledge for decision-aid perspective. Templates
can be seen as a semantic dictionary that organizes the collection of specific types of
AM data and knowledge. A “case” is used for the traceability of a given AM project
(successful or failed) through the instantiation of a collection of templates.

For instance, the template of machine will be used to create library of existing ma-
chine families by defining the main attributes for each category. The first instantiation
permits the declaration of a given reference of machine (or process, product, material,
etc.) with interval of possible values for the predefined parameters (Ex. Machine XX
has heating temperature between 300 and 500 degrees). Then, the creation of reusable
case is achieved by combining a set of templates with exact parameters values (ex. Case
project ZZ uses the processes PP to transform the material MM in the machine XX with
the parameters heating temperature 450°, material density is 4.4 g/cmd, etc. It results on
the product AA with characteristics: surface roughness: 5-18 um).

Relaying on that conceptual framework, first the ontology has been enriched with
high level of granularity and details axioms covering a wider range of control, and post
processes, among others. Five types of templates are initially distinguished: Product,
machine, feature, material, and process. Then, templates contents have been updated
and other types are added to cover project characteristics, customer specifications, and
finally, cost model as an example of decision-aid perspective.

By doing so, the proposed KB is structured and formalized around five layers as
shown in fig.1. The first layer forms the generic knowledge model representing all AM
related concepts (i.e. process, Machine, Material, resource, etc.), and their relationships,
following the meta-model proposed in [10] based on the Descriptive Ontology for Lin-
guistic and Cognitive Engineering (DOLCE).

The second layer includes the meta-definition of the different types of templates as
well as the semantic definition of case as concepts connected through constraints and
the relation HasTemplate. Concretely, Project template allows the description of main
categories of projects through their classification by customer activity sector, result type
(study, prototype, realization, etc.), complexity, etc. Product template classifies the
main families of products according to some invariants (i.e. category of size, form of
the support, generic shape, etc.). Feature template completes the product template by
classifying main elementary geometric shapes, so that a product can be identified as a
combination of elementary shapes and other free forms with specific dimensions. Pro-
cess Template classifies possible standard processes connected to the AM value chain
(support optimization, build, control, post-process, etc.), and identify for every type of
process the main parameters to be adjusted in and the constraints to be respected (com-
patible resources and materials, etc.). Material template helps to distinguish all material



types based on their physical properties, as well as compatibility and treatment con-
straints. Finally, Machine template describes the nominal characteristics of existing AM
machines and related equipment (manufacture name, max. build dimensions, tempera-
ture range, etc.).

Based on these definitions, the real basic templates are defined in the fourth layer as
individuals of the types of templates defined in layer 2, with range of values for every
parameter. The fifth layer contains the second instantiation where a collection of tem-
plates conducts to a specific reusable case. The exact values of these individuals are
automatically extracted from the database. This latest contains all the necessary data
collected from customer specification, 3D models and other technical documents. By
means, the ontology contains only useful information while the real data is still stored
in the database to avoid redundancy. Finally, the third layer gathers the needed business
rules and similarity constraints to support the decision-making process through linking
the current project data with similar cases, on one side, and the generation of new
knowledge by inference, on the other side.

Instantiation

i With interval
Decision
Process
knowledge

! |individuals

Instance of -
real value /@ oot
parameter m
Real data: specification document; CAD file;
project order, quotation, etc.

Fig. 1. Knowledge Base structure and layer interconnection

In practice, the execution of decision support starts with the analysis of the customer
requirements and additional specifications. New knowledge could be defined and pa-
rameters values refined through the application of some business rules. Then, the re-
lated templates are identified and business rules are again used to classify the new pro-
ject in the right category (project complexity, product size, etc.) Based on that, similar
cases are searched and the right decision model is identified for application. The results
are saved in the database after validation of the expert. However, if similar cases or
templates are not found, the enrichment process of the knowledge base is trigged in
collaboration with industrial experts to identify new rules and/or cases. The next section
illustrates the execution of the decision-aid mechanism for cost assessment, as an im-
portant step to help expert for defining cost quotations.



4 Framework Application: (Cost Estimation DSS)

Cost is one of the major performance indicators for the AM manufacturer to be com-
petitive. Its estimation is a challenging task that requires a vast amount of manufactur-
ing knowledge about the whole process in several cases, part of this knowledge is not
available in the beginning of the project and the expert should base his quotation on his
own expertise with different hypothesizes [17]. Therefore, the proposed solution aims
to provide a support for the cost estimation of AM products to help expert when an-
swering specific client demands or to answer call for tenders. For the decision model,
the proposed approach is based on Activity-Based Costing (ABC) method for providing
appropriate cost structure of the final cost for metal and laser-based Powder Bed Fusion
(PBF). The model helps identifying the main cost drivers within AM value chain and
their correlations with the available inputs and parameters at early stages when receiv-
ing customer specifications. The ABC model is prepared in a form of mathematical
equations, coupling the total cost of each activity with the related cost-center resources
(machines, labor, tools, etc.).
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Fig. 2. ABC Meta-Model

Fig.2 illustrates the ABC meta-model for the integration of their useful knowledge
as a specific template in the knowledge repository (ontology). For the simplicity of
reading, UML graphical language is used. The mathematical equations are integrated
as constraints and business rules, while the requested parameters to evaluate these equa-
tions are available in different templates to support their automatic evaluation. By
means, the global equation of the cost model is given bellow. The detailed parameters
are out of the scope of this paper because of the page size restrictions.

Final Product cost = Total material cost + Build Platform cost + Y Activity cost +
consumable costs




For the sake of example, we assume that we want to estimate the cost of fabricating
a specific part using Titanium Ti64 material, and manufactured on an EOS290 DMLS
(Direct Metal Laser Sintering) machine (example from [18]). In this example only AM
process and machine templates are illustrated due to the paper size limitation, and only
the costs related to build job, machine setup, and machine output activities are esti-
mated. At first, the required basic templates for the DMLS process are selected from
the ontology. Then, the machine type and the resource needed for this process are cou-
pled (machine operator with its cost rate which is equal to 110 euro/hour) as shown in
fig.3. Fig.4 shows the characteristics of this machine type including the cost rate for
running this machine as a cost center rate for build job activity. However, the estimation
of build time obtained from several software packages exist for estimating the build
time like (Materialise-Magics, EOSprint, etc.).

Type: Object property assertions
ProcessTemplate — ineType Type
= rocessType dir interingType

ame Individual A

"™ specifiesLaserType ybFiberType

Different Individual Lz

"™hasPart AM_DMLS_Process_Template
™ partOf AM_DMLS_Process_Template
"™specifies ybFiberType

™specifies eosIntM290Type

ingType

Data property assertions
“hasBuildDurationinHour "55.0"**xsd:double
"hasBuildingCostinEuro "3850.0"*xsd:double
*hasMachineOutputCostinEuro "330.0""xsd:double
*hasMachineSetupCostinEuro "550.0"**xsd:double

Fig. 3. Individual of AM Process Template (DMLS)
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Fig. 4. Individual of Machine Type (EOSM290)

Based on the values stored in the templates, the cost for build job, machine setup,
and machine output activities are inferred using the SWRL rules in the ontology and
built-in reasoner Pellet that represent the cost estimation equations for these activities,
as show in the two rules below R1 and R2. The mapping with the identified templates
conducts to the categorization of the project as medium complexity for massive product
with medium size. The supporting strategy is standard category.



R1: ProcessTemplate (?x) ~ hasBuildDurationInHour (?x,
?y) *~ specifiesMachineType (?x, 2?z) ~ hasCostRateEu-
roPerHour (?z, ?a) » swrlb:multiply(?I, ?y, 2a) -> has-

BuildingCostInEuro (?x, °21I)

R2: ProcessTemplate (?x) ~ specifiesMachineType (?x, ?y)
~ hasMachineSetupDurationInHour (?y, ?z) *~ hasMachine-
OutputDurationInHour (?y, ?a) ”~ hasActorBusinessRole (?x,
?t) ~ hasCostRateEuroPerHour (?t, ?2i) * swrlb:multi-
ply(?u, ?z, ?1) A swrlb:multiply (?p, ?a, ?1) ->
hasMachineSetupCostInEuro (?x, ?u) ~ hasMachineOut-
putCostInEuro (?x, ?p)

5 Conclusion and Future work

The main goal of the proposed knowledge-based framework is to improve the perfor-
mance of additive manufacturing value chain, by supporting data sharing and tracing
along AM value chain, and support the experts’ decision making in different cases of
AM field. This work details the methodological framework in terms of the conceptual
approach, and framework layer’s structure. Ontology has been used to constitute the
knowledge base with its ability to capture heterogeneous knowledge, along with rule-
based approach in a form of SWRL in the ontology to integrate the amount of
knowledge provided by experts (know-how, decisions, etc.) in order to deduce new
knowledge. One application of this framework is exposed to support the decision mak-
ing in cost estimation which aims to aid the manufacturing products cost estimation.
Using Activity-Based Costing (ABC) method for providing appropriate cost structure
of the final cost, identifying the main cost drivers within AM process chain and their
correlations to the available inputs and parameters at early stages, considering customer
specifications, and product characteristics.

The project is currently under progress. At one hand, the approach needs to be com-
plemented with other techniques beside the rule-based approach such as similarity
measures, in order to foster the use of this framework in real world setting. On the other
hand, the implementation of this framework in software application requests the crea-
tion of specific connectors and parsers to automatically extract data from documents
and 3D models. Moreover, future work will be important to define other decision-mak-
ing scenarios focusing on qualitative performance indicators.
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