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Abstract: The deployment of additive manufacturing (AM) processes had a 
rapid and broad increase in the last years, and the same trend is expected to 
hold in the near future. A way to better exploit the advantages of such 
technology is the use of appropriate information tools. However, today there 
is a lack of software applications devoted to this innovative manufacturing 
process. To overcome this issue, in the present work the application of 
manufacturing execution systems (MES), a tool commonly used in traditional 
manufacturing processes, is extended to AM. Furthermore, a framework for the 
deployment of shop-floor data, acquired through a monitoring system, in the 
design phase is presented: hence, MES should cooperate with design for 
additive manufacturing (DFAM), a set of methods and tools helpful to design a 
product and its manufacturing process taking into account AM specificities 
from the early design stages. In order to better understand the advantages of 
such cooperation, a case study for a proof of concept has been developed: the 
obtained results are promising, thus an online implementation would be 
recommended. 

Keywords: design for additive manufacturing; DFAM; additive manufacturing 
process; information systems; monitoring systems; manufacturing execution 
system; MES. 
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1 Introduction 

In the ASTM (2012) standard, additive manufacturing (AM) is defined as “the process of 
joining materials to make objects from 3D model data, usually layer upon layer, as 
opposed to subtractive manufacturing methodologies, such as traditional machining”. 
Several synonyms are also defined for AM: additive fabrication, additive processes, 
additive techniques, additive layer manufacturing, layered manufacturing, rapid 
manufacturing and freeform fabrication. To perform an additive fabrication process, the 
model data of the object to be produced is decomposed into a number of 2D cross 
sections and a file is created: common standards for such file are STL, VRML or the 
recently introduced 3MF. Then, the file is sent to the AM machine, which adds material 
layer by layer to produce the physical object. 

AM is emerging as an important manufacturing process and a key technology for 
enabling innovative product development (Laverne et al., 2015). Nevertheless, to support 
and promote this technology and its advantages, appropriate information tools are 
necessary. Currently there is a lack of software applications devoted to this innovative 
manufacturing process. In particular, few work has been done in the deployment of 
real-time monitoring systems to improve the quality of the product and the stability of the 
process. However, the problem of machine monitoring has industrial relevance. EOS has 
deposited a patent (Perret and Philippi, 2014) for the automatic calibration of a machine 
through a scanner; the MIT deposited a patent (Perez et al., 2015) for an AM process 
control methodology including a camera to acquire images of the object being 
manufactured. In traditional manufacturing processes, monitoring and control systems are 
integrated into manufacturing execution systems (MES). Nonetheless, in literature no 
applications of MES exist in the field of AM. Thus, the scientific contribution of this 
paper is to extend the state of the art providing a framework for the deployment of new 
information tools for AM; a case study for the monitoring of surfaces created by 3D 
printers will be introduced to validate the framework. Beside quality monitoring, the 
information extracted by such monitoring system can be deployed during the design 
phases for product or process adjustments. Hence, the integration between MES and 
design for additive manufacturing (DFAM), a set of methods and tools helpful to design a 
product and its manufacturing process taking into account AM specificities from the early 
design stages (Laverne et al., 2015), will be also discussed. 

The remainder of the paper is organised as follows: in Section 2 we briefly review 
AM technologies and methodologies to support design. In Section 3 we introduce MES 
and explain its possible deployment in AM. In Section 4 the developed case study is 
presented. The role of MES is discussed in Section 5 and a framework for its cooperation 
with DFAM is presented in Section 6. Finally, conclusive remarks are provided in 
Section 7. 

2 Additive manufacturing 

2.1 AM processes 

Several AM processes are currently available; seven process categories are defined in the 
ASTM standard. The choice of the fabrication process is strictly tied to the deployed 
material: polymers, metals, ceramics and organic materials are among the main ones 



(Doubrovski et al., 2011). Material extrusion is one of the most deployed methodologies: 
a thermoplastic material is heated over its glass transition temperature and extruded 
through a nozzle in a controlled manner. The extruded material is used to print 2D 
sections successively, one on top of another, until the object is complete. ABS and PLA 
are the most common thermoplastic polymers in material extrusion, because of their 
relatively low glass transition temperatures (Mellor et al., 2014; Rao et al., 2015). 
Recently, an innovative technique, named CLIP, has been developed and patented: a 
continuous liquid interface is used to build 3D objects; it is much faster than ‘traditional’ 
additive techniques (Tumbleston et al., 2015). Metal AM techniques are mainly based on 
powder; the mostly used materials are steels, pure titanium and titanium alloys, 
aluminium casting alloys; this list of metals and alloys is continuously growing as new 
processes are developed (NIST, 2013). Nevertheless, currently no process is able to 
create net shape parts, and a post-processing operation is necessary (for example, to 
remove supports or to finish the surface). This kind of operations can lead to  
some deformations and, sometimes, to destruction of the AM part. Consequently, 
post-processing operations can be a source of functional problems for the part: 
dimensional, shape, roughness errors, etc. Thus, a stand-alone AM implementation is not 
yet feasible, and the integration among production processes is necessary (Mellor et al., 
2014). 

AM processes allow an extraordinary design freedom: this advantage makes feasible 
shape complexity and geometry customisation levels that are not reachable with 
traditional manufacturing technologies (Vayre et al., 2012). Furthermore, material waste 
is reduced, since structural parts without functionalities for the user can be unnecessary 
(NIST, 2013). Time-to-market is shortened with respect to traditional processes, both 
because the design can be quicker and because additive fabrication totally occurs in a 
single place (while traditional processes can take place in different locations). This makes 
feasible a just-in-time production approach, as well as a reduction in transportation 
issues, cost and energy consumption (Vayre et al., 2012). 

Figure 1 Comparison among the timelines for industrial revolutions, traditional manufacturing 
and AM technologies (see online version for colours) 



Figure 2 Focus on the timeline for AM development (see online version for colours) 

AM processes are quite new, compared to traditional manufacturing processes: in  
Figure 1, a comparison between the timelines for industrial revolutions and the 
development of traditional and AM techniques is shown; however, AM development has 
been very quick and rich of milestones (see Figure 2). This class of process is still rapidly 
changing, and new applications arise as new materials become available. This rapid 
growth is also due to the support of the technological tools that led to the third and the 
fourth industrial revolutions. Currently, AM technology is mainly deployed in aerospace, 
automotive and biomedical devices manufacturing. The high customisation level allows 
to profitably use freeform fabrication in personalised products and in the production of 
small lots (Atzeni and Salmi, 2012; Mellor et al., 2014). Beyond end-user products, an 
indirect usage of AM is also feasible, for example to develop and produce tools for 
conventional machines as well as for reverse engineering of components which are out of 
production or under maintenance (Vayre et al., 2012). 

The AM market is significantly growing in every manufacturing sector: 
according to the last report by Wohlers Associates (2014), the global AM market in 2013 
was $3.07 billion (corresponding to Euro 2.8 billion, given a change rate equal to 
1 dollar = 1.11 euro); the yearly increase, with respect to the 2012 is 35%. 

2.2 AM methodologies 

The hype cycle presented in Figure 3 (Basiliere and Shanler, 2014), envisages that in the 
next five to ten years AM will be deployed in several different production fields such as 
bioprinting systems, oil and gas, and medical devices. As shown in the previous section, a 
huge research effort has been made to develop new materials and fabrication techniques; 
conversely, for a long time little investigation has been performed on the methods for 
designers. Yet, the design has a remarkable impact on the downstream phases, e.g., 
production, distribution, utilisation and disposal. The DFAM methodologies are now a 
major issue to exploit in an appropriate way the potential of AM technologies for product 
development (Laverne et al., 2015). Furthermore, digital fabrication and on-demand 
production dramatically changed the manufacturing paradigms: a customer can look for a 
product in a digital catalogue, customise it and send the resulting file to a small firm to 
fabricate it (Doubrovski et al., 2011). AM allows to produce huge quantities as well as 
small volumes of a product, with little or no stock; however, this technology is not yet 
used for the production of large products lots, because of economic reasons (Atzeni and 
Salmi, 2012). 

To manufacture high-quality products, the properties of the material must be well 
known; these properties can strongly vary according to the production parameters, such 



as the orientation of the part in the 3D printer, the build speed and the tool path. Thus, the 
deployment of a consistent and structured design approach is mandatory. In traditional 
processes, design for manufacturing (DFM) practice is deployed to eliminate production 
issues, and minimise manufacturing, assembly and logistics costs (Boothroyd et al., 
1994). However, additive processes have different constraints and DFM cannot be used 
as it is; it must be re-thought to take into account the unique capabilities of AM, in order 
to fully exploit the advantages of such technology and consider its limits from the early 
design stage (Ponche et al., 2012). In particular, new design tools are necessary to define 
and explore product shape and properties, new materials, new efficient manufacturing 
processes, and to assess lifecycle costs (Huang et al., 2015). 

Figure 3 Hype cycle for AM technology (see online version for colours) 

Source: Basiliere and Shanler (2014) 

Figure 4 Design for DFAM methodology 

Source: Rosen (2007) 



DFAM is a set of methods and tools helpful to design a product and its manufacturing 
process taking into account AM specificities from the early design stages: DFAM  
allows to determine an optimised process planning from the functional specifications 
(Ponche et al., 2014). Mançanares et al. (2015) developed a method to select the best  
AM process for a part, in order to best satisfy the target. Rosen (2007) defined DFAM as 
the synthesis of shapes, sizes, geometric mesostructures, material compositions and 
microstructures to best utilise manufacturing process capabilities to achieve desired 
performance and other life-cycle objectives. He also defined the DFAM structure shown 
in Figure 4. Design is represented by the right-left flow: functional requirements  
are transformed into properties and an appropriate and realistic geometry; a process 
planning is performed to formulate a potential manufacturing process. On the  
left-right flow, the designed product and its fabrication are simulated to determine  
how well the original requirements are satisfied. Another structure for DFAM is 
formulated by Ponche et al. (2014): their methodology – shown in Figure 5 – is organised 
in three steps: determination of part orientation into the machine; topological 
optimisation of the part; optimisation of the manufacturing paths. This methodology 
allows to take into account the characteristics and constraints of the chosen AM process 
from the early stage of design. 

Figure 5 Design for DFAM methodology (see online version for colours) 

Source: Ponche et al. (2012) 

Thus, different definitions for DFAM are given in literature. The two models provided 
above mainly focus on the design of a process for producing single parts. Nonetheless, 
the approach can be extended to multi-part processes. For example, Zhang et al. (2015) 
developed a genetic algorithm to identify the best orientation in case of multi-part 
production, to minimise the cost of the process and the requested time. 

Beside design tools, in this work we also focus on information systems to collect and 
analyse data from the additive machine. This functionality is typically integrated into 
MES, which are introduced in the following section. 



3 Manufacturing execution systems 

MES can be defined as a group of information tools that enable information exchange 
between the organisational level of a company, which is commonly supported by an ERP, 
and the control systems for the shop-floor, usually consisting in several, different, very 
customised software applications (Meyer et al., 2009). Thus, MES is a strong support to 
intelligent manufacturing. 

A MES has two principal purposes. First, the system is in charge of evaluating the 
optimal production planning by taking into account the constraints of the process, such as 
processing and setup times, workstations capacity, requirements, necessities and targets 
given by the organisational level. The MES also has to manage and allocate resources 
such as the staff and the material necessary for the manufacturing process. 

The second aim of a MES is to manage the bottom-up data flow: recently, the 
development of low-cost, small, easily available sensors led to increased diffusion of 
monitoring systems to assess product quality and process performance, and to support the 
improvement of a production process. The role of MES is to collect the shop-floor 
information, analyse it through proper mathematical techniques, and provide an 
exhaustive description of the current state of the process. Possibly, the analysis should be 
performed in real-time, in order to make decisions to control the process as fast as 
possible. Such analyses can be aimed to quality monitoring, process management and 
optimisation, product traceability, or predict and prevent maintenance approach. A 
synthesis of MES integration with other information tools and the two data flows is given 
in Figure 6. Examples of real-time monitoring systems integrated in MES are provided in 
some papers (Arica and Powell, 2014; Snatkin et al., 2013; Zhong et al., 2013). 

Figure 6 MES integration with ERP and the information tools used at the shop-floor level  
(see online version for colours) 

MES for AM. At the state of the art, there is no application of MES in the field of AM. In 
literature, some predictive models based on the values of machine parameters have been 
developed. Vijayaraghavan et al. (2014) formulated a model to predict the wear 
strength of a part, based on layer thickness, orientation, air gap, raster angle and width. 
Byun and Lee (2006) developed a decision making strategy for part orientation based on 
surface quality, building time and part cost. Sood et al. (2012a, 2012b) used air gap, 
raster angle and raster width to predict the wear rate and the compressive resistance of a 
part. Boschetto and Bottini (2014) developed a model to predict dimensional deviations 
of fabricated parts as a function of the process parameters. However, machine 



parameters are not sufficient to predict possible anomalies and failures; hence, the use of 
sensor-based monitoring systems is necessary. Rao et al. (2015) measured vibrations and 
temperatures to optimise process conditions, in order to obtain the best surface roughness 
and to real-time detect possible drifts. Bukkapatnam and Clark (2006) used a set of 
accelerometers to trace in real-time variations in process dynamics and to early detect 
possible anomalies. Dimensional and geometrical measurement and control of the 
manufactured parts also play a key role. Faes et al. (2014) deployed an optical sensor to 
measure layer width and height and to control the geometrical error in the z direction 
(perpendicular to slicing direction, traditionally vertical). 

Process parameters can be used to estimate part quality in an indirect way. However, 
direct measurements usually lead to more reliable results (Abellan-Nebot and Subiron, 
2010). Two kinds of technologies can be used to directly evaluate the quality of the 
produced geometry. Contact measurements through a probe are not currently feasible in 
AM, since the part is fixed in the manufacturing environment, and the room for a moving 
probe is very scarce; this technology can be used for offline measurements, after 
removing the part from the machine. For example, the object can be measured onto a 
coordinate measuring machine (CMM); this process leads to high quality measurements, 
but requires a huge amount of time, both for the measurement and for the creation of the 
measuring path. An alternative technology is given by non-contact measurements. 
Several different tools can be used to measure an object in a few seconds, according to 
the available room, the dimension of the object to be measured and the desired accuracy 
of the output. For example, optical measurements can be performed and different 
technologies can be chosen (such as time of flight or stereoscopic vision). 

At the state of the art, the deployment of real-time monitoring systems in AM is 
restricted because of the lack of proper smart sensors. This is mainly due to two factors. 
The first one is the reduced access to the build chamber: in high-performance additive 
machines, the printing environment is closed to keep constant the temperature, and 
cannot be opened. On the other side, the temperatures are too high for a common 
measuring device. The second factor is the need for intensive computing power: due to 
the very small time scale at which additive phenomena occur, fast and reliable in-situ 
measurements and analysis must be performed. 

Given the importance of MES role in AM combined with a monitoring system, in the 
next sections the core part of this research work is introduced: a case study for offline 
optical measurement of an additive manufactured part and its deployment into a MES is 
provided. Further, a theoretical framework is presented for the cooperation between MES 
and DFAM: this allows the design to have a feedback from the events occurring at the 
shop-floor. 

4 Experimental case study 

4.1 Description of the process 

Before the development of a customised industrial solution, it is important to validate our 
methodology (presented in the next section) on a product. We carry tests on a set of toys 
representing hollow ducks fabricated through a BFB 3D Touch machine, an additive 
machine based on the fused deposition modelling technique. Although a toy, the 
geometry of this part is not trivial at all, from the building process perspective: the 



surface exhibits different curvatures with variable radii. The dimensions of the parts (as 
designed) are 80.6 mm (length), 45.6 mm (width) and 51.5 mm (height). The objects 
have been produced both in PLA and in ABS. After the production of some parts, a  
non-detected issue in axes calibration arose, leading to surface defects of the final 
products. In particular, the part shown in Figure 7 exhibits a hole which width is 1.5 mm. 

Figure 7 The part used as a case study, which exhibits a fabrication defect (see online version  
for colours) 

4.2 Monitoring and control system 

Due to the lack of sensors discussed in the previous section, in this study offline 
laboratory measurements have been performed: the whole profile of the defective part has 
been measured after the fabrication. The surface has been scanned through a GOM Atos 
machine; the distance between adjacent measured points is 0.6 mm. Then, the real-time 
behaviour of the technique for measurement analysis has been simulated: the algorithm 
was supposed to be run at every 2 mm material deposition thickness. The algorithm has 
been implemented in Matlab, and consists in two parts: in the first one, the presence of 
possible discontinuities in the surface of the part is detected. In the second part, the 
scanned point’s grid is compared with the nominal points cloud to evaluate the adherence 
to the expected output. In the following, a pseudo-code of the two algorithms is provided 
(also see Figure 8): 

1 Test for part integrity: 

a Identify the points without close neighbours: for each scanned point, evaluate 
whether other surface points were found in a square centred in the point with 
edge size equal to 2 mm. 

b Identify the boundary points: for each scanned point, evaluate whether there 
exist some points that can be considered neighbours or not. For each direction, a 
0.5 × 20 mm rectangle is considered: if no points are detected into this area, the 
point is tagged as boundary point. 

c Identify the points without close neighbours that are not boundary points, i.e., 
the points found in step 1a which do not respect the criteria in item 1b. 

d The points identified at step 1c are tagged as risky points: the lack of close 
neighbours and the presence of other, far, points with a similar x or z coordinate 
could be due to a discontinuity in the surface of the object. 



2 Alignment to the nominal geometry: 
a The CAD file for the nominal geometry is transformed into a points cloud. 
b The scanned points are roughly aligned to the nominal geometry: three 

translations are performed to align the two centres of mass, as well as rotations 
to align the axes directions. 

c The iterative closest point (ICP) algorithm (Besl and McKay, 1992) is used to 
best align the measured points cloud to the nominal model, by minimising the 
distances between the two surfaces. The repositioning performed at item 2b is 
used as initial condition for the ICP, and allows to reduce computational time. 

d For each scanned point the distances from the nominal surface are measured. 

Figure 8 Pseudo-code of the algorithms for measurements analysis (see online version 
for colours) 



The values for the square and the rectangle sizes have been chosen by combining: 

1 the properties of the measurement system, having a sampling step equal to 0.6 mm 

2 the geometrical features of the part: the distance between the end of the neck and the 
beginning of the tail is nearly 25 mm; in case the size of the rectangle is close or 
greater than this value, some points on the neck and on the tail would be wrongly 
tagged as risky. 

4.3 Results 

In Figure 9 some snapshots from the simulation for the integrity test algorithm are shown. 
Points on the surface of the duck are plotted in cyan; black points are the boundary 
points; red dots represent the risky points, i.e., the points which do not have close 
neighbours, but cannot be considered as boundary points (identified at step 1c). Thus, red 
points would not exist if the surface of the object does not exhibit discontinuities. In the 
example, 4,612 points are scanned on the surface of the object; among them, 115 are 
considered risky. 

Figure 9 Results of the simulation for the integrity test algorithm (see online version for colours) 

Notes: Points on duck surface of the duck are plotted in cyan; black points are the 
boundary points; red dots represent the risky points. 



In Figure 10 some results for the comparison between real and expected geometries are 
shown. Beside the hole, in some areas the distance between the fabricated surface and the 
expected one is greater than 2 mm. Even in this case, the algorithm is able to generate an 
alarm and the user can decide whether to interrupt the fabrication process or not. 

Figure 10 Results of the simulation for the algorithm to compare the fabricated surface with the 
expected geometry (see online version for colours) 

The algorithm has been run on a common laptop with CPU frequency 1.7 GHz: the 
computational time necessary to analyse the whole dataset (approximately, 4,600 points) 
with the two algorithms is lower than one minute; since the material deposition rate is 
much slower, the inspection algorithm can be used to real-time detect the presence of 
issues, given a suitable class of sensors. 

5 The role of MES 

The technique for surface monitoring can be used as a stand-alone application able to 
provide alarms in case an issue arises. However, beyond the monitoring and control of 
the fabrication process, the output of the algorithm can be used with further purposes. 

As stated in Section 3, performance and quality monitoring are among the tasks that a 
MES has to perform. Thus, the efficacy of the monitoring and control system could be 
enhanced through the integration with a MES. If the monitoring and control system is 
used offline, MES allows to compare the performance of the last production process with 
the previous ones and detects symptoms of possible criticalities. The information 



analysed and stored by the MES is an instrument to support automatic correction or 
compensation strategies, as well as to improve the awareness of operators’ decisions. The 
availability of data-sources able to perform online measurements would further enhance 
this capability, allowing to adjust the process in real-time and improve the quality of the 
part undergoing the printing process. The information provided by the MES, in turn, 
enables to reduce the sources of waste, with particular concern for defects: the detection 
of issues allows to stop the production of a part as soon as its quality is believed 
unsatisfactory: hence, the material waste due to finishing a part that will be rejected is 
avoided, as well as the time spent in useless processes. Thus, the communication between 
the monitoring and control system and the MES also supports the path towards lean 
manufacturing (Womack et al., 1990). It must be highlighted that the whole cloud of 
points is transmitted to the MES, but only a few amount of synthetic indicators is 
necessary to be saved for each part (e.g., characteristic sizes, maximum/average deviation 
from the nominal geometry, detected issues). 

Over longer time-scales, syntheses of the collected data can be performed to highlight 
the reasons for which criticalities occurred. This capability is very significant in the field 
of AM: currently, the most important challenges for this technology are poor part 
accuracy and lack of process repeatability (Rao et al., 2015). These issues are due to the 
complex relationships among variables which are, in many cases, still unknown. Hence, 
the information provided by the MES allows to acquire knowledge about the process and 
to improve its performance. The feedback mechanism allows to reduce the ramp-up 
phase of a new product, since machine parameters can be tuned in real-time. Further, the 
acquired expertise can be used for further product developments, and improved quality of 
the output can be reached (e.g., lower surface roughness and stair-stepping effect, or 
improved stress resistance). 

6 Cooperation between MES and DFAM: proposal of a new framework 

A broader deployment of these results can be done if the MES is integrated with tools for 
design: DFAM has been introduced in Section 2.2. 

MES can profitably be supported by design tools: the cooperation between the two 
systems allows MES to continuously compare the ‘as-is’ product and process states to the 
expected conditions and quickly detect mismatchings. In the presented case study, this 
task is performed by the algorithm that evaluates the adherence of the measured points 
cloud to the expected output. This cooperation supports the creation of a product 
passport, which is “a set of information about the components and materials that a 
product contains, and how they can be disassembled and recycled at the end of the 
product's useful life” (European Commission, 2013). The improved knowledge about the 
real condition of the product enables a more realistic definition of its use and its useful 
life: this thesis has been supported by Portillo-Barco and Charnley (2015), who aim at 
using sensors to gather data concerning the deployment condition of high pressure nozzle 
guide vanes and better address the prediction of performance and maintenance. 

MES can also profitably support design: the analyses performed over longer 
time-scales, based on real data, the information about criticalities and the in-field 
acquired knowledge are a critical input to correct and improve the design of a product or 
its fabrication process (e.g., change machine parameters, the positioning of the part on the 
machine tray, change material, choose a different machine, …). 



Figure 11 Proposed framework for the cooperation between MES and DFAM (see online version 
for colours) 

In Figure 11 the framework for the cooperation between the two systems is schematically 
shown. It allows to extend the DFAM model proposed by Ponche et al. (2014), shown in 
Figure 5: it consists in three tasks and is able to optimise the design of a product taking 
into account the capabilities and the constraints (such as the thermal distribution and the 
trajectories) of the process that will be used for its fabrication. MES support can be useful 
to improve the result of all the three tasks performed by the DFAM. 

First, part orientation has a strong impact on the quality of the finished part. Decision 
support tools have been developed to identify the part orientation that results in the best 
roughness and accuracy of the produced object. However, such tools are based on 
predictions and simulations of process behaviour. A feedback information from a set of 
sensors able to evaluate the quality of the physical part would be useful to validate the 
predictions and, in case of mismatching, to correct the orientation of the part into the 
machine. Also the simulation model can benefit from the feedback mechanism: it can be 
enriched or adjusted with the empirically acquired knowledge, resulting in a more 
accurate output; improved models can lead to better predictions and, in turn, to better 
support the DFAM. Second, the shop-floor information can also be used for further 
adjustments of the part geometry. In case the quality or the precision of specific features 
is not satisfactory, the shape of the object and the material distribution can be revised 
more quickly. The third task included in the DFAM methodology is the optimisation of 
manufacturing paths and machine parameters. A feedback information from the 
shop-floor is useful because even minute variations can lead to strong differences in the 
quality of the fabricated part. Several variables can affect the production process, 
concerning the deposition and the material (melt pool geometry, temperature, deposition 
height); furthermore, the output quality is also correlated to the state of the deposition 
chamber, such as temperature, humidity or oxygen concentration (Reutzel and Nassar, 
2015). All these parameters interact with each other. It is not trivial to ensure the quality 
of a produced part by controlling only a few variables, but further adjustments to the 
machine parameters can be necessary according to the real operating conditions. Such 
adjustments can be taken according to the measurements performed by the sensors, and a 



MES-DFAM cooperation allows to quicker take decisions and actions to improve output 
quality. 

This proposal for MES-DFAM cooperation also allows to extend the model proposed 
by Rosen (2007) (see Figure 4): after planning a manufacturing process, simulations are 
performed to check whether the design process results in producing an object in 
compliance with the specifications. Such simulations can be supported by the MES 
feedback, which allows to continuously validate the process and its model and to better 
take into account process variability. In case an issue arises, alarms may be generated, or 
strategies for self-adaptation or self-compensation can be undertaken. Furthermore, 
functionalities to early detect possible decays of the process over a longer time scale can 
be implemented. 

7 Conclusions and future work 

In this paper, the importance of deploying a monitoring system in an AM machine has 
been shown. The results obtained with a test performed offline are promising, and an 
online implementation would provide useful hints to correct the process while it is still 
occurring. The scanning system used in this work cannot be deployed in a production 
environment, since the ratio between costs and benefits would be excessively high. 
However, several different optical devices can be used to acquire a 3D cloud of points; 
there exist reliable, recently developed tools which cost is sufficiently low to allow the 
deployment of several devices to have a complete scan of the object undergoing 
fabrication (such as the Asus Xtion). Nonetheless, such devices cannot be integrated into 
the building chamber of an additive machine; a further miniaturisation effort is necessary. 

The framework for direct communication between MES and DFAM has also been 
shown: the two systems can support with each other to improve the control of the process 
and to enhance the design of a part. This integration enables to use experience-gathered 
knowledge to address a dynamical change of the way to work, leading to more flexible, 
efficient and smart processes. Today, this is one of the major trends in manufacturing 
(Jardim-Goncalves et al., 2016). 

Beside these results, the deployment of a MES in the field of additive processes also 
allows to improve the economical sustainability of the process. Today, due to the 
unpredictability of the process, the unitary cost of a part produced through AM is usually 
higher than producing it by the traditional technology. Nonetheless, AM is convenient to 
produce single parts or small lots, because it does not require the initial investments 
necessary to start the process in traditional manufacturing (e.g., specialised machines, 
moulds, …). However, improved knowledge process results in improved predictability 
and output quality. This, in turn, can change the economic balance between traditional 
and AM, and make AM convenient even for larger batch sizes. Further, sensors can be 
used to monitor parameters linked to the energy impact of the process, such as the nozzle 
temperature and the energy requested to run the process. Such data can be analysed by 
the MES to evaluate the current energy efficiency and identify optimisation paths to 
improve sustainability. A methodology towards this direction has been proposed by 
Peruzzini et al. (2014). 

The study presented in this paper has been applied to a case study in the field of fused 
deposition modelling. Nevertheless, the approach is general enough to be deployed with 
any of the available additive technologies discussed in Section 2: the technique presented 



in Section 4.2 needs a cloud of point as input, without regard for the specific technology 
chosen to produce the part. The deployment of MES could be much more significant in 
high value-added productions, such as the production of aeronautical or biomechanical 
components, where the tolerances are very tight and expensive materials are deployed. 
MES-DFAM cooperation can also be helpful in testing new materials or alloys: the 
sensors-based system can collect information about the behaviour of the process and the 
final quality of the product; the acquired data may validate the expected performance, or 
provide hints for further adjustments or improvements. 
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