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Abstract. With the advance of information systems and bussiniatelligence
technologies, new possibilities and functionalitie@sneasure, monitor and con-
trol processes have emerged in the research adeim &ne market. In the con-
text of PLM system, not only KP1I for strategic gpahn be measure and indica-
tors for decision but also operational metrics ltokproduct, project and pro-
cess to manage agility of companies.

Keywords: PLM, Business Intelligence, Project ManagementidP@ance
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1 Introduction

According to Grogeet al, “Agility is a critical success factor for manufagers in
volatile global environment and requires employ@esitoring their performance and
reacting quickly to turbulences.” [1] An extrapatet can be drawn to the engineering
processes, including engineering product and matwiag process design, where
actors and collaborators must have the means tatenaheir performances, take
decisions regarding them and react if requireds Thaction can be necessitated to
“respond to unpredicted changes like a late custawguest, a designer failure, or
some other external environmental impact” [2], blgo to respond to poor perfor-
mance detection. The performance measurement imesring processes can be
based on data shared by the Information Systemafilications of Product Lifecy-
cle Management (PLM). In fact, to be able to perfaneasurement on data, compa-
nies “will continue to face new and ever-increasisgues surrounding the quality of
the data on which they rely”, with companies in@rgiing data from a wider variety
of sources [3]. In order to provide appropriatedi¢ators for performance monitor-
ing, in PLM system, the data integration is a @li§sue and it relies on various sys-
tems interoperability and their applications oraditgether [3]. A focus must be done
on Business Intelligence (BI) systems enabling mewjing process performance
measurement and Integrated Decision System Su(ipS§).
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The paper proceeds as follows: the second secttorduces a background in per-
formance measurements (KPI - Key Performance ltalisaand metrics), in Bl as
performance dashboard provider and in PLM as ojoeiat data sources. The third
section is dedicated to PLM-BI systems requiremémtgerformance management.
Finally, the fourth section reports on a proposethitecture to manage data for oper-
ational decision making within PLM-BI application.

2 Background

21 KPI and metricsfor performance measurement

In order to improve competitiveness, companies omeasnonitor, and analyze their
performance. Performance Management Systems (Pid3ggularly implemented as
“balanced and dynamic solutions requiring considierehuman and financial re-
sources, and offering support to the decision-ngakirocess” [4]. According to Neely
et al.[5], Performance Measurement can be defined &sgtbcess of quantifying the
efficiency and effectiveness of action”; a perfonoa measure can be defined as “a
metric used to quantify the efficiency and/or efife@ness of an action”; a PMS can
be defined as “the set of metrics used to quabtity the efficiency and effectiveness
of actions”.

Key Performance Indicators are global metrics lgrgsed in manufacturing in-
dustries to assess the efficiency and effectiveégsroduction workflow and the
MES - Manufacturing Execution System [6; 7]. Basedthis type of metrics, most
PMSs are mainly historical and static. They aredystamic and sensitive to changes
in the global environment of the company. As a lteslie information reflected by
KPI is not relevant, up-to-date or accurate [8;18]order to make PMS more effi-
cient, KPI need to become dynamic and process digpén

KPI and PMS design need to be based on comparir@ségies and operational
process [10; 11]. In the same consideration, varimethodologies aiming to deter-
mine relevant KPI in engineering design processe® farisen in the last few years
for instance in New Product Development [12] oriregring department manage-
ment [13].

In this section, dynamic metrics and KPI concetgehbeen presented to support
performance measurement. These indicators arellgatuainly used in the manufac-
turing field, but great perspectives are envisioiredhe product design and in the
manufacturing process design. In the next secéorerging Bl concepts are present-
ed to assist decision making process.

2.2 Bl system as performance dashboar ds provider

To monitor their performance, companies use spepéiformance dashboard derived
from Bl system. These Bl systems are based on afgsabdels, methods, and tools
that convert “raw” data into meaningful and usefifbrmation for business perfor-

mance control. As defined by Negash [14], “Bl sysecombine data gathering, data
storage, and knowledge management with analytcds$ to present complex internal



and competitive information to planners and deaisivakers.” In Bl technologies,
three types of views of business activities canpb®vided: historical, current and
predictive views. The most common functions of 8thnologies are: reporting, On
Line Analytical Processing (OLAP), analytics, dataing, process mining, complex
event processing, business performance managepredlictive analytics, and pre-
scriptive analytics.

Bl traditional components are data warehouse, dataces management, data
marts, query and reporting tools. For instancehéperimeter of supply chain man-
agement systems, information from various source<allected and loaded through
extract and transformation applications (ETL — BgtrTransform Load) into the data
warehouse [15].

According to Abdelfattah [16], the issue to seldet right dashboard system archi-
tecture is to understand user requirements anddhwglexity of the metrics and ap-
plications that this dashboard needs to provideidtinguishes seven dashboard ar-
chitecture categories [16]: Direct Query; Bl Tooldashboards; in-Memory Dash-
boards; Data Federation; Data Marts; Complex EReotessing (CEP). The competi-
tive pressure of today's businesses has led tm¢heased need for near real-time Bl.
The goal of near real-time Bl (also called opersioBl or just-in-time BI) is to re-
duce the time latency between when operational dasequired and when analysis
over them is feasible, as CEP example in [17].

Dashboards are expected to “improve decision makin@mplifying cognition
and capitalizing on human perceptual capabilitj@8]. In this paper, the aim is to
point out the expected benefits of the integraietween design based dashboard and
manufacturing based dashboards for decision support

In this section, dynamic dashboard functionalityBbfsystems has been presented
as a way to display appropriate indicators for genfince measurement. In the next
section, PLM systems, especially Product Data Mamegt (PDM) and Manufactur-
ing Process Management (MPM) functionalities aresented as interesting data
sources for dashboard.

2.3 PLM asoperational data source

PLM is defined as “a strategic business approaghahplies a consistent set of busi-
ness solutions in support of the collaborative tioea management, dissemination,
and use of product definition information across ¢ixtended enterprise from concept
to end of life” [19].

PLM aims at integrating the various processes dnad¢s involved during a typical
product lifecycle with collaboration in product @depment processes [20]. PLM
system has to be consider, from a technical pdiniew, as a collaborative IS plat-
form, not a single tool or package. It shares pebdata among actors, processes and
organizations in the different phases of the prodifecycle for achieving desired
performances and sustainability for the productfmiprocess [21].

In PLM systems, information mainly relies on protidata, design logic, assem-
bly, tolerance information, the evolution of prothueand product families [22]. PLM



systems are fully integrated with enterprise IS aragps with processes and organiza-
tion. It takes into account needs of project teaamimers and product end-users.

In PDM and MPM modules, static and predefined reppresented as dashboards
are provided as standard functionality to follovasge management and manufactur-
ing process management. Some systems or complementaiules allow defining
specific reports but few use the possibility of §ktems. A list of Product Develop-
ment Metrics is given by Kenneth Crow from DRM Asisdes [23]. Some researches
aim at defining KPI for PLM implementation and mimming [24] and even if the
objective is not the same, some of these KP| s¢erhs adapted to PLM system in-
use monitoring. In most of PLM system, the statédtimetrics are no up-to-date in-
formation, measured at regular times and storedi&iorical purpose. Two kinds of
statistical metrics links to business report carndeatified. The first one falls relates
on data characteristics such as number, quantiytyres of objects or documents
(files, Engineering Change Request, EngineeringnGdaOrder, Computer Aided
Design documents...). The second one related onghgeuof each PDM/MPM func-
tionality (query, create report, standard partgasparts reuse...).

There exists also a real need for monitoring mettiat are up-to-date information
used for management and maintenance of the PLMmsyby IT Department. These
monitoring metrics, such as IS supervision (CenBadcessing Unit (CPU), alive
processes, disk space, bandwidth...) and system igatjda (connections number,
number of opened sessions, license activation).

Other types of metrics can be useful in PLM sysgarch as « Collaboration per-
formance » metrics or Quality Assurance for Sofewvaetting metrics based on bug
tracker tools [25] As an extension to [26], all emgring processes face the same
challenges: dealing with technical complexity obguct and process; understanding
the interactions and dependencies between phadgsastials model; and, evaluating
the status of a product/project/process.

3 PLM-BI system requirementsfor performance management
and ar chitecture definition

In the previous section, a focus was done on tleatipnal data available in PLM
system that are not relevantly use to monitor aodtrol product/project/process:
PLM systems are great IT support to capture dataroducts and engineering pro-
cesses that have to be exploited to provide métrdisators of performance.

3.1 PLM-BI system current researches

Numerous researches point out how Bl framework cdod used in the context of
PLM in order to refine information for better daois making [27]. Depending on the
maturity level of PLM system, the use of Bl in Plévivironment can be considered
as premature. Maturity models can be characte@zespecial types of roadmaps for
implementing practices in an organization, andrtharpose is to help in the continu-
ous improvement of the capabilities of an orgamrain certain application or man-
agement aredg8].



Liu at al. point out that “a limitation of current Bl-concefs the neglecting of en-
gineering data and technical process attribute8J. [Relevant and accurate data and
information integration is the most fundamentauesdor all integration aspects in
IDSS and this integration is crucial for the counstion of relevant analysis based on
estimated indicators because data is the basicatofar decision variables, con-
straints and objective functions [30].

In [31], Do focuses on PDM system and the monitpif ongoing product devel-
opment process based on KPI regarding quality, @modtdelivery metrics for product
and design activities. He proposes a specific RioData Model and a specific Mul-
tidimensional Product Data Model to structure théadn the Bl system used for pre-
defined metrics. But this type of architecture does insure flexibility for the KPI
dashboard management; the structure and metricelrisopredefined and thus static.

The dashboards integrated within PLM systems thatige current and historical
product and process data, allow comprehensiveabdelimonitoring and control of
product/project/process [6]. Also, in [6], authdiighlight the needs for indicators
management solutions, integrated within a PLM syst® manage three main areas:
Design for X (product-oriented indicators such astcweight, space requirement,
energy consumption, assembly etc.), project cdimgp(time or cost efficiency indi-
cators) and PLM performance improvement (“Procestcators for Product Engi-
neering").

3.2 PLM-BI system needs, uses and requirements

The companies have understood the importance ofias@riven management to
estimate the goals defined by their strategy [B§].for manufacturing process, the
proposed levels of dashboards are modelled on coytgp@arganization levels [1].
Three types of dashboard must be set: strategicfeige control, tactical/project
control and operational/process dashboards. Itattécal/project control dashboard,
monitoring for IS expert and Product Developmennhagger has to be set. At each
level, specific dynamical metrics have to be meadur

A survey and synthesis paper on the current relsesforts with regard to the de-
velopment of IDSS was written by Liet al. [30]. This paper underlines that such
system must be compatible with new Bl systems dod/ga more flexibility and agili-
ty. The process improvement is not limited to tffeciency and effectiveness of the
decisions, but has to integrate collaborative stippod virtual team working im-
provement. Such a system must be characterizets bgsponsiveness and its agility
[9]. The responsiveness of a PLM-BI system is liiits to provide real time reports
on PLM processes. The agility of a PLM-BI systendéfined by its ability to adapt
itself to changes or organizational modifications.

3.3 Proposal for data extraction, transfor mation and loading : the workers

For each of involved components of IS, the goabisxtract the required data and to
store it in the Data Repository (DR). This functéty is performed by a specific
machine, called in this paper a workerd. 1) [34].
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Fig. 1. PLM metrics extraction and storage for performameasurement thanks to Bl system

Each worker is dedicated to a specific IS: it takdgantage of the extension’s ca-
pabilities of every component in terms of choseogptmming language, available
Application Programming Interface (API), data mqabit...[33]
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IS Server - uses the appropriate Server
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(web services, toolkit, etc...)
- knows the applicative server Stores
data model extracted data
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®

1S workflow
sends a notification

///o/‘}>
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Fig. 2. Workers’ processes for data extraction

Sometimes, the data stored in the IS component ttebg managed by specific
application. In this case, this application carirtstalled in the worker system in order
to extract the desired information and to storm ithe DR. For instance, in a PDM
system, CAD data can be retrieved, opened and zethiy order to store the proper
information (e.g. the mass of the product) in the @Big. 2).



4

Conclusion

In this paper, the issue of enhancing PLM systemsitoring by performance control
by applying Bl concepts has been introduced. Neédpecific and relevant metrics
for engineering process and PLM IS monitoring hasrbhighlighted. Future work
aims at defining a case study aiming to monitodpod quality factor based on PLM-
Bl system.
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