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Abstract 

In today’s business environment, the trend towards more product variety and customization is unbroken. Due to this development, the need of 
agile and reconfigurable production systems emerged to cope with various products and product families. To design and optimize production
systems as well as to choose the optimal product matches, product analysis methods are needed. Indeed, most of the known methods aim to 
analyze a product or one product family on the physical level. Different product families, however, may differ largely in terms of the number and 
nature of components. This fact impedes an efficient comparison and choice of appropriate product family combinations for the production
system. A new methodology is proposed to analyze existing products in view of their functional and physical architecture. The aim is to cluster
these products in new assembly oriented product families for the optimization of existing assembly lines and the creation of future reconfigurable 
assembly systems. Based on Datum Flow Chain, the physical structure of the products is analyzed. Functional subassemblies are identified, and 
a functional analysis is performed. Moreover, a hybrid functional and physical architecture graph (HyFPAG) is the output which depicts the 
similarity between product families by providing design support to both, production system planners and product designers. An illustrative
example of a nail-clipper is used to explain the proposed methodology. An industrial case study on two product families of steering columns of 
thyssenkrupp Presta France is then carried out to give a first industrial evaluation of the proposed approach. 
© 2017 The Authors. Published by Elsevier B.V. 
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1. Introduction 

Due to the fast development in the domain of 
communication and an ongoing trend of digitization and
digitalization, manufacturing enterprises are facing important
challenges in today’s market environments: a continuing
tendency towards reduction of product development times and
shortened product lifecycles. In addition, there is an increasing
demand of customization, being at the same time in a global 
competition with competitors all over the world. This trend, 
which is inducing the development from macro to micro 
markets, results in diminished lot sizes due to augmenting
product varieties (high-volume to low-volume production) [1]. 
To cope with this augmenting variety as well as to be able to
identify possible optimization potentials in the existing
production system, it is important to have a precise knowledge

of the product range and characteristics manufactured and/or 
assembled in this system. In this context, the main challenge in
modelling and analysis is now not only to cope with single 
products, a limited product range or existing product families,
but also to be able to analyze and to compare products to define
new product families. It can be observed that classical existing
product families are regrouped in function of clients or features.
However, assembly oriented product families are hardly to find. 

On the product family level, products differ mainly in two
main characteristics: (i) the number of components and (ii) the
type of components (e.g. mechanical, electrical, electronical). 

Classical methodologies considering mainly single products 
or solitary, already existing product families analyze the
product structure on a physical level (components level) which 
causes difficulties regarding an efficient definition and
comparison of different product families. Addressing this 
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Abstract

In the era of the industrial digitalization, the availability of shop-floor data is not a question anymore, but rather the exploitation of the underlying
information. With advanced sensor technologies, detailed data can be obtained about products, resources and processes in near real time, however,
still there are gaps between the collection of the data, and the utilization of it. The greatest current challenge is the use of available data in decision-
making processes that brings the real business value for companies, to keep their competitiveness and internal efficiency. In the paper, a reference
model of an industrial data analytics platform is presented that supports the integration of various analytics solutions with enterprise level decision
support tools, such as planning and scheduling systems. The reference model is composed of various layers, supporting the collection, storage
and analysis of data coming from various sources. In addition to its business intelligence related dashboarding and visualization functions, it
provides the opportunity of linking the analytics results with other software applications. In order to highlight the capabilities of the proposed
model, possible application domains and use-cases are presented, reflecting real industrial needs.
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1. Introduction and motivation

Manufacturing data collection and analysis gain more atten-
tion from the industry in the era of industrial digitalization, un-
der the umbrella of Industry 4.0. The solutions that rely on the
Internet of Things (IoT) and cyber-physical technologies enable
to launch an increasing number of projects that aim at utilizing
the process-related data in production management. In a gen-
eral case, the project stakeholders are interested in solutions that
provide more insights in the processes, in order to understand
better the underlying causalities and root-causes of certain phe-
nomena, related to the manufacturing processes. The success
of these projects is typically measured by process performance
metrics, and the return on investment associated with the project
itself. Even in case a high-quality and sufficient amount of data

∗ Corresponding author. Tel.: +36-1-279-6139
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is available for the analysis, preliminary statement of the out-
comes is often impossible to make as the nature of the processes
and complex relationships among various factors may influence
the target metrics. Hence, it might happen that the available data
cannot contribute to bring the expected results. This can lead to
defensive corporate strategy, namely that the management hesi-
tates or beware of starting an analytics project. The lack of con-
fidence is mostly associated with the uncertain return on invest-
ment, while it is important to highlight that the project efforts
can be high, considering both the expertise and time factors.

This paper aims to introduce a reference architecture for in-
dustrial data analytics, providing a guideline to achieve the ex-
pected results, increasing both the effectiveness, as well as the
return on investments in analytics projects. The presented meth-
ods contribute to obtain information from process-level (low
level in the hierarchy) data, and provides some ways to elevate
this data onto a higher level in the corporate decision making
hierarchy, supporting e.g., the material replenishment, network
planning or investment decisions through shop-floor data ana-
lytics.
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2. Data analytics in the manufacturing industry

Recently, an increasing number of industrial analytics ap-
plications are integrated in IoT platforms. They enable to im-
plement workflows and pipelines from the source of the data
towards its utilization, in the form of descriptive, predictive or
even prescriptive applications [9]. The latter is considered to be
the future of corporate decision making, as it provides the op-
portunity to optimize processes with a foresight on its future
state, by predicting the outcomes of various scenarios with the
analytics models [3]. IoT platforms are essential elements of
connected factories, as they provide the opportunity to collect
data from multiple sources, and store and analyze them in a
common system [12]. There are several platforms available for
industrial deployment (most of them are domain independent),
and both commercial and open-source tools available. Consid-
ering the industrial use, typical application cases include deci-
sion support for predictive maintenance, predictive quality con-
trol, inventory forecasting and logistics analytics [5, 10, 14],
however, there are only a few use cases that consider the di-
rect application of the analytics models in production planning
and control. Furthermore, data analysis and modelling are often
done in the IoT platforms without a feedback link to the enter-
prise IT systems, e.g. towards the ERP or MES systems. The
platforms are typically used for descriptive and predictive pur-
poses, and they only support the decisions indirectly. Conclu-
sively, there are only a few cases when the data collected from
the shop-floor is directly used for achieving the managerial ob-
jectives through pipelines not only along the IoT platforms, but
also across the various systems both in the forward and back-
ward directions. The paper aims at providing some techniques
how this gap between the decision making and industrial analyt-
ics can be bridged by real prescriptive decisions for production
planning and control.

3. Reference architecture for industrial data analytics

The contribution of the paper is brought by the presenta-
tion of a reference model for industrial data analytics projects.
Naturally, it is almost impossible to set-up an all-round archi-
tecture that can be universally applied in every industrial do-
mains. However, the model is built-up on the solid basis of sev-
eral, diverse analytics projects from the manufacturing indus-
try. A common initial state of these works was the existence of
process-related data, and only a blurry corporate vision of the
applicability of data in enterprise-wide decisions. Accordingly,
many questions were unable to answer in the initial states, how-
ever, the common goal was to increase the high-level effective-
ness and performance metrics on a data analytics basis.

3.1. Overview of the architecture

The proposed reference model has a hierarchical structure,
composed of four main layers that elevate the information from
the sensor-level data collection source all the way up to the
enterprise level analytics and application (Fig. 1). The Data

Collection Layer is responsible for sourcing the data from
the processes, and transferring it to the Data Lake via the
proper communication channels and protocols. On the latter
layer, poli-base, either permanent of temporary data storage
is implemented, with the help of relational or non-relational
database technologies. Considering a single main storage in
the form of the Data Lake, the Data Processing Layer in-
cludes all the algorithms that enable to access, filter and manage
the data, and to obtain some decision-related information from
it. On the top of the hierarchy, the Data Analytics Layer

takes place that includes all the models and software libraries
that enable to make the entire system smarter by the data-driven
processes.

3.2. Data collection and storage layers

The Data Collection Layer implements the link be-
tween the physical and cyber parts of the system, by the appli-
cation of sensor networks and even manual data collection in-
terfaces. In this way, detailed data about the products, processes
and various assets can be collected even in near-real time. The
data collection is done through various communication chan-
nels and network protocols that meet the industry standards. Re-
cently, wireless communication is gaining more attention from
the industry that enables a flexible way of making the system
and products smarter. Among others, the major requirements
towards the wireless sensor communication protocols are com-
pactness, scalability, robustness and low energy consumption.
Typical IoT communication and messaging protocols include
WLAN, ZigBee, Bluetooth, MQTT etc. [6].

The Data Lake is responsible for storing all the data col-
lected from various sources, applying a raw storage format. In
contrast to the data warehouses, structured (relational), semi-
structured (XML, CSV) and unstructured data formats can be
all applied. They are stored in a poli-base structure, includ-
ing relational databases (accessible with SQL techniques), non-
relationl (NoSQL) databases and also files. Having data from
multiple sources available in a common layer, cross-functional
business analytics can be performed to obtain real business
value by analytics.

3.3. Data processing and analytics layers

The Data Processing Layer implements the functions
that are needed to ”catch” the proper data from the lake in the
correct, predefined format. For this purpose, database queries
and file parsing approaches are used, and in many cases, vari-
ous filtering and preprocessing methods are needed to get real
useful information from the raw data. Such methods imple-
ment data cleansing, data transformation functions, and in many
cases, aggregation functions are also applied to reduce the vol-
ume of the data that is managed in the latter stages of the ana-
lytics process chain.

In order to utilize the data collected an processed so far, an-
alytics, simulation, machine learning and visualization models
are deployed on the Data Analytics Layer. These models
directly provide results for the end users to get insight and fore-
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Fig. 1. Reference model for industrial data analytics with exemplar items on the various layers and technologies applied in the presented use case.

sight in relation with the shop-floor processes. Furthermore, the
analytics models should be linked with the enterprise IT system,
therefore, decisions made by using the ERP, MES and APS sys-
tems can be driven by data analytics. This data link is essential
part of the reference model, and often disregarded by general
purpose IoT reference architectures. Having proper models and
analytical pipelines implemented through the various layers of
the reference model, the analytics models and the linked IT sys-
tems can support decisions relying on multiple criteria, various
factors and always on the actual state of the production system,
so as implementing a situation-aware decision making process.
To this aim, two major model classes are deployed: batch and
stream analytics models. The former models are periodically
updated/trained with the latest stage of the system, while the
latter models rely on chunks of data, streamed continuously.
Both model types have pros and cons, and the selection is al-
ways based on the business objective and the production envi-
ronment.

4. Application case

The following sections provide some insights how the dif-
ferent layers can be implemented in a common analytics frame-
work of a connected factory. Different data-driven approaches
are integrated in the framework, all implemented in industrial
projects. The purpose of the use cases is to justify the idea that
the proposed model enables the analytics of shop-floor data, and
capable of utilizing it in higher level decision making processes
to obtain real business value through analytics.

4.1. Description of the production system and collected data

For demonstration purposes, a single production environ-
ment is considered, in the form of a simulation model. It rep-
resents the characteristics of the real production systems, and
in order to prove the effectiveness of the methods, the original
numerical test results are also provided. It is highlighted that

the target level of KPIs can be achieved via advanced data an-
alytics and machine learning methods, utilizing the data that is
continuously collected about the processes.

The production environment of the test case consists of three
main segments: a machinery job shop, a surface treatment area
and an assembly segment. In the machinery, 29 CNCs from
three types are available to perform the cutting processes, con-
clusively, alternative resources are considered when prepar-
ing the schedule of the system. The machines are automated,
and each job visits multiple machines, depending on its cut-
ting tasks. In contrast to the machinery, products are moving
in batches through the surface treatment segment into a mid-
progress buffer, where semi-finished goods are stored. Four
identical, manually operated flexible assembly lines are avail-
able to assemble the finish goods, regarding the product com-
plexity, 12 main finish good types are assembled using 6 main
parts that are machined in the first segment.

As for the collected data, a sensor network responsible for
monitoring the system is completely implemented in the Data

Collection Layer of the reference model. In the machining
job-shop system, the machines are equipped with sensors that
are capable for measuring the main cutting parameters, e.g.,
cutting forces, torques, vibration etc. The sensor signals are
collected and processed continuously, so as implementing an
online monitoring system. While it is relatively easy to collect
data about machining processes, manual assembly processes
are often hard to be monitored efficiently. Among the advanced
technologies of the industrial digitalization, indoor positioning
systems (IPS) have received higher attention from the manu-
facturing industry, as they provide the opportunity of tracking
and tracing assets in shop-floor environments more efficiently
than previous related solutions. IPSs can be used for locating
almost any kind of physical asset in a production environment;
typical examples are the tracing of products, tools and fixtures.
The assembly lines in the use case are all equipped with IPS,
in order to track the product movements, and derive KPIs from
the location data.
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The main data that an IPS system can provide include the
time-indexed spatial coordinates of the assets equipped with
sensor tags. The tag locations are captured by anchors installed
on the ceiling of the shop-floor. The raw sensor data is filtered,
and triangulation algorithms are applied to calculate the X-Y
coordinates of a tag, with a certain (typically 10-20 cm) accu-
racy. Despite the filtering algorithms—typically Kalman-filters
[2]—deployed on the edge devices (gateways or anchors), the
physical environment usually disturbs the positioning process,
resulting in outlier positions in the time series of the tracked co-
ordinates. As for the data collection, tag locations are streamed
over TCP/IP sockets with a 5 seconds sampling frequency, in
JSON format, including the ID of the tracked tag, its raw (unfil-
tered) X and Y coordinates and the corresponding timestamp.

4.2. Data storage, processing and transformation methods

Based on the real time monitoring of the machinery and as-
sembly segments, data needs to be stored permanently or tem-
porarily in the Data Lake and then, it is fed into predictive
machine learning models. The IPS tag coordinates are stored
in the Data Lake as time series (timestamp and the corre-
sponding spatial data) in a NoSQL database, provided in the
form of MongoDB collections [4]. The analyzed assembly lines
have a dimension of cca. 15x15 meters, and the workstations
have a cca. 1x1 meters size. The IPS system has an accuracy
of around 30 cm, however, some position errors are observed
(∼100 cm), due to the disturbances resulted by the physical en-
vironment. Similarly to the IPS logs, machinery data is also
stored in a NoSQL data collections, while in contrast, MES
data—e.g. job release and completion times—are managed in
relational databases (MySQL). Considering the operation of the
Data Lake, the volume of the stored data increase sharply to-
gether with the operation of the system, and gigabytes of data
are collected in every hour of production, resulting in a massive
dataset to be processed and analyzed.

Essential part of the Data Analytics Layer is the IPS
noise filtration, in order to obtain the real production param-
eters in the assembly area. As a first step of spatial data cleans-
ing a Savitzky-Golay (S–G) filter [11] is applied to remove the
noise from the position logs. The S–G digital filter can be ap-
plied to a set of data points for the purpose of smoothing, that
is, to increase the precision of the data without distorting the
signal tendency. This is achieved in a process known as con-
volution by fitting successive subsets of adjacent data points
with a low-degree polynomial by the method of linear least
squares (Fig. 2). Having a smoother position log obtained, a
knowledge-based filter is applied to match the refined coordi-
nates with workstations (zones), utilizing the technological data
of the processes. Matching the observed spatial data with a pre-
defined routing consists of two parts: first, the smoothened data
must be dragged onto the theoretical routing of the product, and
then a probability-based correction is applied. As a result, the
spatial time series is converted into a series of workstations in-
dexed with time, which enables to calculate the cycle times,
failure and utilization rates.

Fig. 2. Position coordinates before and after the filtering.
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The main data that an IPS system can provide include the
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JSON format, including the ID of the tracked tag, its raw (unfil-
tered) X and Y coordinates and the corresponding timestamp.
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of around 30 cm, however, some position errors are observed
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with a low-degree polynomial by the method of linear least
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nates with workstations (zones), utilizing the technological data
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parameters as e.g. feed rate or spindle speed are adjusted. which
will lead to a change in the expected process duration. Fur-
thermore, considering the quality of the machined parts, ML-
models can be used whether the product will be within speci-
fication after the current process. In case the product is out of
tolerance, the product either needs to be reworked or is a scrap
part. The rework-operation triggers an adjustment in the sched-
ule. The determination of a scrap part at early stages reduces
wastes. Altogether, these changes lead to the disruption of the
entire production schedule, which inherently relies on the real
processing time of the jobs. The machine learning models are
trained incrementally, and used to predict the remaining pro-
cess times. The know of this parameter is especially important
when cutting processes are long, and therefore, changing pro-
cess conditions may lead to significant lateness.

As the remaining process time is a numerical value, regres-
sion models are deployed on the Data Analytics Layer,
which provides real time estimations about the timespan until
the job completion on the basis of the collected sensor data. By
using predefined threshold values, a significant deviation from
the expected process time can trigger a rescheduling event, in-
fluencing the scheduled release time and machine assignment
of all jobs that are not yet released (in-progress) or booked al-
ready for machining. In this way, the entire target order set can
be rescheduled at an early point of time, and the new schedule
might deliver less total waste than rescheduling after realizing
the total lateness in the end of the given (late completed) pro-
cess. According to the numerical results achieved in the original
industrial test case, adaptive scheduling provided an approxi-
mately 10% shorter execution makespan in average, consider-
ing the machinery segment only.

4.3.2. IPS data analytics for robust production planning
In order to implement efficient scheduling in the assem-

bly segment as well, accurate information about the real cy-
cle times—as driver parameters in scheduling—is required. In
the analyzed use case, raw IPS logs are processed to calcu-
late the actual cycle times and workstation utilization values
in the assembly zone, based on the preprocessing techniques
described in Section 4.2. The first results of the IPS-based cy-
cle time analysis—applying the above specified architecture—
is described in [7]. According to the test results (Fig. 4), this
multi-step approach results in more accurate cycle times, than
those obtained by methods relying on the raw logged positions
(typical in industrial practice). Conclusively, more efficient de-
cisions can be made on the basis of these parameters, e.g.,
scheduling or process improvement decisions.

Having trustful assembly cycle times obtained from the IPS
system in near real time, the emphasis in assembly planning and
scheduling was put on the increasing the robustness of the pro-
duction plans, associated with the flexible, manually operated
assembly lines. For the planning itself, a new simulation-based
optimization method was developed to manage the stochastic
variables and random events in production planning of multi-
product assembly lines [8], through the analysis of cycle time
and ERP data. To this aim, simulation metamodels were defined
to predict the actual capacity requirements of different produc-

Fig. 4. Root Mean Square Error (RMSE) of cycle times calculated with and
without data cleansing and the difference between the two method (green line:
cleaned data, blue line: raw data, grey bar: difference).

tion scenarios, instead of calculating the plans according to the
idealistic cycle times. The novelty of the planning method is
provided by the combination of production data obtained from
the IPS and the enterprise resource planning (ERP) systems, fa-
cilitating the calculation of robust production plans.

Data analytics is essential part of the overall method, as sim-
ulation metamodeling is a data intensive task. It is aimed at
defining regression models on the basis of several simulation
experiments, in order to capture the system behaviour in an an-
alytical way, which enables to leave out simulation runs from
the planning cycle, so as saving significant amount of time that
the simulation experiments would require [1]. The greatest ben-
efit of simulation metamodeling is the opportunity to capture
the underlying process dynamics, and represent the stochastic
nature of certain parameters implicitly, in the form of simple
predictive models. The models are built over datasets that are
generated by a series of simulation runs, and in case the target
training accuracy is achieved, they can be deployed to be part
of the decision making process, e.g., production planning in the
use case.

In the use case, manual operations and product reject rates in
the assembly segment introduce stochasticity and uncertainty in
the planning parameters, so as degrading the robustness of the
plans. In case the plans are calculated on the basis of ideal, cor-
porate standard cycle times, the variance of these parameters
leads to load imbalances, and result in backlogs and lateness.
Therefore, the data analytics based robust planning approach
relies on the actual production data obtained from the IPS, MES
and ERP systems periodically. Accessing the data from the
Data Lake enables to parametrize the lines’ simulation mod-
els to represent their quasi actual state. The simulation model
of a given line is deployed on the Data Analytics Layer,
and experiments are performed by considering several random
production (order set) scenarios. This results in a dataset with
production orders as input, and capacity requirements as out-
put values. Important to highlight that the simulation model is
parametrized by taking into account the variance of the time
parameters, fitting distribution functions on the actual values
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obtained from the MES. With the use of the resulting dataset,
multivariate linear regression models are periodically trained in
the Data Analytics Layer, which guarantees that the mod-
els used for production planning will always reflect the latest,
quasi-actual state of the system. These models are used in the
optimization of the production plan, as the simulation meta-
models can provide the actual capacities required to assemble a
set of orders. The workflow of the implemented robust produc-
tion planning method is illustrated by Fig. 5.

Capacity 
requirements

Data Lake

Simulation

Simulation metamodels 
(regression)

APS

Production 
scenarios

Production planning loop

GUI

ERP dataIPS data MES data

Capacity analysis loop

Fig. 5. Data-driven robust production planning method for manually operated
flexible assembly lines.

As for the original industrial test case, five days’ production
was planned on a rolling horizon, considering orders on hand
that were known already in the beginning of the horizon, and
also those that are placed by the customers during the five days.
Nine product types were assembled, of which orders are placed
for 36 variants. Comparing the results obtained when applying
the robust planning method and the corporate standard method,
the resulted total output volumes were quite similar. However,
the operators’ performance and workload, were substantially
better in case of the proposed method, as the average output
per operator was 15% higher, compared to the historical values.

5. Conclusions and outlook

In the paper, a reference model for a connected factory was
introduced, highlighting various data-driven decision support
functions that aim at increasing the effectiveness of production
management. This can be achieved if higher level decisions rely
on trustful parameters obtained about the actual state of the sys-
tem. The situation-awareness requires various models and tech-
nologies from data collection through processing until analytics
and dashboarding, so as implementing multi-perspective analy-
sis on the basis of various data sources. The use cases justified
the idea that analysis of shop-floor data can help to understand
the causalities in the process chain, and support decision mak-
ers to obtain real business value out of the data.

The future work within this research aims at increasing the
technology readiness level of the implemented architecture,
and also its scalability to reduce latency and achieve faster re-

sponse times from the analytics models. General purpose ma-
chine learning models will be replaced by new models relying
on technologies for Big Data, such as Apache SparkTM [13]. The
functionalities of the architecture will be enriched with meth-
ods that are available already as separate applications, e.g., lead
time and functional quality prediction tools.
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