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ince the breakthrough with image-recognising deep neural networks, Artificial Intelligence (Al) has
proven to be highly successful in a wide range of applications. It has extended what could be achieved via
traditional machine learning techniques by leveraging the computational power of new chips and cloud
infrastructures, as well as new protocols and technologies for data exchange and storage. Big tech firms
have been the true drivers of this Al revolution through their delivery of a new set of data-driven services.
Needless to say, the industrial setting differs from the one in which these companies operate. However,
operation technology and information technology, traditionally two non-intersecting realms, have been
getting closer and closer, even overlapping, as they draw on this new data-oriented perspective. Indeed, Al
applications for manufacturing have the potential to unlock automatic process control and allow predict-
ive diagnostics of machine components, taking the concept of automation to a new level, especially in
terms of plant efficiency and cost reduction. Automated prescriptive actions powered by algorithms could,
in fact, soon be adopted in critical decisions for plant management and execution of operations. However,
full deployment of such technologies in a plant poses serious challenges because of the strict constraints
that apply in a production environment. For algorithms to reliably support the decision-making process of
both white and blue collar workers, the central role played by data needs to be acknowledged. It is vital to
standardize the information flow generated across the entire factory, from raw material characterisation
to quality control, from order scheduling to warehouse management.
Looking to the future, this short article illustrates the approach that SACMI has taken to make this pos-
sible; it does so by discussing the technologies of choice and illustrating some Al applications that have
been developed.

SACMI is an international group, a world-
leading provider of advanced technologies
to the ceramics, plastics, food and beverage,
metals, packaging as well as advanced ma-
terials industries (Fig. 1). The Group brings
together people with different skills sets,
from mechanical engineering to chemis-
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Fig. 1 SACMI’s headquarters in Imola
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try, from software engineering to Al. The
number of patents filed up to 2021 clearly
demonstrates that, besides the specific
business areas, the core business concept is

the development of innovative technologies
to make manufacturing better and faster,
while ensuring high quality standards at all
times.
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Fig. 2 On the left: the list of plant “layers”; on the right: the machines and tools SACMI

provides to cover three out of four layers

In recent years, the implementation of ad-
vanced sensors on machines and the use
of high-capacity communication protocols
for data transfer have allowed us to further
extend SACMI's integrated diagnostics and
remote services in an Industry 4.0 perspec-
tive. This has been done with the aim of
offering customers around the world new
opportunities to enhance processes, prod-
ucts and services.

SACMI's Ceramics Division manufactures
and supplies machines and complete plants
for the manufacture of tiles, sanitaryware,
tableware, refractories, special ceramics
and technical items. A detailed illustration
of these field-level machines is outside the
scope of this article, but one can state that
use of the most advanced technologies has
allowed the progressive replacement of
manual production processes with auto-
mated ones, not just on more advanced
markets but all over the world.
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Fig. 3 Mould lubrication notification
system: the blue and red clusters are the
data points generated when the machine
is operating under good conditions but
with two different moulding pressures,
green data points appear when moulds
need lubrication
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In Fig. 2, the field level is the bottom layer.
Stacked on top of it are the other factory
layers. At the top lies the business level
where Enterprise Resource Planning (ERP)
resides, hosting the article and job order
database. The Manufacturing Execution
System (MES) links the business layer to
the field level by interacting with the ERP
and executing orders through the line auto-
mation function provided by the edge layer.
The edge layer extends the capabilities usu-
ally covered by SCADA and Distributed
Control Systems (DCS) with new data hand-
ling, data processing and data analytics
functions. The SACMI-provided tools that
“fill" the MES and edge layers are shown
on the right in Fig. 2.

Human Expertise for Reactive Engineer-
ing (HERE) is a SACMI-developed software
platform that allows digital control of order
and production flows in ceramic plants.
HERE can communicate with any ERP sys-
tem via the SQL and webAPI languages.
This means it can receive instructions from
the ERP and feed them to the production
line and, in turn, feed information from the
field (e.g. plant performance data) to the
business layer. It has a modular, scalable
structure that can be configured to meet ef-
fective factory needs, including monitoring
of production, Key Performance Indicators
(KPI), costs, shifts, worksheets, status charts,
notifications, recipes, maintenance, orders,
alarms, energy and material consumption
and, lastly, scheduling. Deploying HERE is a
step-by-step digitalization project in which
SACMI provides close customer support.
The edge level is “filled” with iTools Edge,
a software developed by IPREL, a SACMI

company. It provides all field devices with
connectivity and enables data collection
and normalization for immediate use; it
also hosts data processing, storage, analysis
and dashboarding capabilities to maxim-
ise the value obtained from data sources.
Moreover, it offers orchestration functions
to build, deploy, manage and update edge
applications.

HERE and iTools Edge deliver a framework
where algorithmic intelligence can operate
in a production environment.

Developing data analytics for manufactur-
ing is a challenging task that can be broken
down into six stages, as described in Cross
Industry Standard Process for Data Min-
ing (CRISP-DM) methodology [1]: business
understanding, data understanding, data
preparation, modeling, evaluation and de-
ployment. Possible process outputs might
include alert-generating systems to prevent
the machine from running under adverse
conditions or wear-monitoring systems for
critical components.

For example, the SACMI R&D Innovation
Lab has developed a system to stop the ma-
chine when cavitation occurs in hydraulic
pumps. By analyzing the resulting vibration
and compressing the relevant information
into a single metric, the problem can be de-
tected immediately: a sharp peak, exceed-
ing both the warning level and the alarm
threshold, appears in the metric. In produc-
tion, as soon as the metric crosses the alarm
level, the machine is shut down to prevent
pump damage.

A similar system was developed to no-
tify the operator when mould lubrication
is needed. This task is specific to the con-
tinuous compression moulding machines
used to manufacture plastic caps. Again,
vibration analysis and feature engineering
allow us to extract the information needed
to separate out the different working condi-
tions, as shown in Fig. 3, the green cluster
indicates an undesirable situation (i.e. unlu-
bricated moulds). A boundary decision func-
tion was then defined and used to classify
new data, with the operator being notified
when lubrication is needed.

Let's now consider wear monitoring sys-
tems. Here, a specific application has been
packaged to detect wear on the textured
compaction belt used to form ceramic tiles.
The compaction belt has a textured plas-
tic resin lining that decorates tile surfaces
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during powder pressing (Fig. 4). Needless
to say, the quality of the plastic lining de-
grades with use. Scanning the pattern im-
printed on the surfaces of the tiles being
manufactured allows estimation of wear, as
shown in Fig. 5.

Belt quality starts out at 100 % and pro-
gressively diminishes with use. At a certain
point the operator is notified that the belt
needs replacing.

Another application is detection of filter
clogging in oil circuitry. A pressure sensor
coupled with a flow sensor will suffice to
detect any clogging, as the two signals
trend together in an anti-correlated fashion.
Once the trend is detected, it can be used to
predict the time at which pressure or flow
will cross a warning threshold, providing
an estimate of the remaining filter lifespan
and scheduling maintenance when actually
needed.

In conclusion, Al applications have sev-
eral benefits in manufacturing. To name
just few, these include early detection
of component wear, the capacity to plan
maintenance in advance and establish cor-
relations between machine behaviour and
product quality. Overall, Al can be a power-
ful new tool for improving manufacturing
processes and machines efficiency, reducing
waste and downtimes and avoiding unne-
cessary maintenance.
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Fig. 4 Left: the press on which the textured compaction belt is mounted; right: a close-up of the belt with the plastic textured lining

However, these are not yet plug & play solu-
tions: portability from plant to plant still re-
mains an issue, either because signal levels
may differ or the data model provided by
the machines may change. Also, since such
applications run in a production setting,
they need to be continuously tested for
robustness and refined over time as more
and more data is collected. Tackling these
challenges is a must if the technology is to
become commonplace, but the future looks
promising in this regard.

Standard data models do exist, such as
EuroMAP for the plastic and rubber industry
[2], PackML for the packaging industry [3]
and TMC for the tobacco industry [4]. The
adoption of standards will reduce fragmen-
tation within the data stream landscape,
both machine-to-machine and machine-to-
higher systems, and will reduce the required
integration effort. On the other hand, the
open-source community is driving the de-
velopment of high-level data analytics
tools at an incredible pace, with the result
that building data analytics models is now
easier than ever. They are also easily port-
able across platforms and running them in
production settings, always up-to-date, is a
smooth process thanks to the robust solu-
tions for continuous integration and deliv-
ery developed by the software engineering
community.

Fig. 5 The metric engineered to estimate
compaction belt wear; starting from
100 %, the metric decreases with use

Lastly, the process of Al application devel-
opment, from business understanding to
full deployment, can be drastically simpli-
fied by a close supplier-customer partner-
ship in which different skills sets are com-
bined. This is key for getting the most out of
Al solutions in an industrial setting.
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