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Start with why … challenges

Industry 4.0 key paradigm is about linking operations - in industry (and energy) -
and ICT to make production more flexible

Industrial metrology is the enabling factor to empower individualized products as
instrumental to process adjustment

production facilities are frequently reconfigured/or adapted

associated changes in production control operations must be
implemented efficiently to survive permanently in the market

Industrial metrology is creating/capturing a map of real world (digital twin) virtual
planning model

Data collected constitute a central component of cyber-physical (production)
systems (aka CPPSs) which aim at lifting the current productivity limitations of
established processes and meeting the requirements of operability and
networkability



* Reference architecture by Sascha Julian Oks et al. (2019)

E.A. Lee et al. (2006):
«Integration of computation with physical 
processes»

R. Rajkumar et al. (2012):
«physical and engineered systems whose 
operations are monitored, coordinated, 
controlled, and integrated by a computing 
and communication core»

V. Gunes et al. (2014):
«a term describing a broad range of 
complex, multidisciplinary, physically-
aware next generation engineered system 
that integrates embedded computing 
technologies (cyber part) into the physical 
world»

Start with why … CPPS



Integrating sensor, measurement technology and data analytics (IIoT) is thus a key
element in the success of CPPS

Such integration must advocate the following goals

i. collecting the “right” measurement data

ii. at the “right” place, and

iii. time,

iv. manageable to process intelligence (form collected data have has a decisive
influence on the quality of any derived index or indicator),

v. sensor layer must also react robustly to redundant and conflicting data
(resilient production in a resilient factory perspective)

Industrial metrology challenges/trends are fastness, accuracy, reliability, flexibility
and holistic (using sensor networks rather than sensor signals)

Start with why … challenges



Start with why … IIoT challenges

sensors on-edge
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Metabolic dynamic mapping and hidden
correlation unveiling

KPI identification in genuine Multi-
Variate environments and complex
engineering (eco)systems

Datafication for the O&M (Predictive
and Prescriptive)



Methodology, Sensor Network Analysis

Category data from 
maintenance reports, hanbooks, end user 

attributes, etc.

f. Sensor Network Analysis



Time Series Clustering: A Complex Network-Based 
Approach for Feature Selection in Multi-Sensor Data

Groups of Similar Time Series
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Unsupervised FSS algorithm based on a novel feature
clustering technique tailored to time series in industrial IoT
sensor networks.

Clustering complements visibility graphs to map time series
in the network domain, node degree sequences extraction
to characterize them, and community detection algorithms
to perform time series clustering

Methodology (2)

https://scholar.google.it/citations?view_op=view_citation&hl=it&user=uBFJa9UAAAAJ&sortby=pubdate&citation_for_view=uBFJa9UAAAAJ:HtS1dXgVpQUC


Time Series 

(Sensors Signals)

2. Connectivity Analysis

4. Complex Network Analysis:

• Node Weighted Degree Centralities,WDC

3. Graph Modeling

(Dynamical Networks)

Window Lenght: 6 h
Overlap: 3 h

5. CUSUM Chart 

based on Node WDC

6. Binary Data Labeling:

• Class 0: Standard Operation; 

• Class 1: Prefault

1. Normalization

(Standard Scaler)

For this purpose we have defined an unsupervised approach for data labeling based on complex network
measurement, in order to also include the precursor phenomena. At the end of this phase all the faults and
anomalies identified were then compared and validated with the events included in the maintenance reports

Methodology (3)
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https://scholar.google.it/citations?view_op=view_citation&hl=it&user=uBFJa9UAAAAJ&cstart=20&pagesize=80&sortby=pubdate&citation_for_view=uBFJa9UAAAAJ:0izLItjtcgwC


Connectivity Matrix
Adiacency matrix (nxn where n is the number of
monitored parameters) associated with each
temporal window of fixed lenght. Each element eij

represents the existing relation between variables i
and j and it is visualized through the color variation.

Complex Network Metrics: Total Degree
It is a centrality measurement. Centrality is directly related to te
potential importance of a node (variable) in the graph.

𝐖𝐃𝐂 =  𝒋=𝟎
𝑵 𝒘𝒊𝒋

where wij is the weight of the edges connected to the node i.

Visual Analytics:
Circular Layout
Nodes are positioned along a
circumference and are ranked
based on node metric.

Representative value of 
connectivity level between signals
1 and 2 in a specific time window

Matrix element e12

24 h Signal 1

Signal 2
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Methodology (4)



Parameter ID Description Mis. Point

Ex_1a_F Cylinder 1A Temperature (°C) 1

Ex_2a_F Cylinder 2A Temperature (°C) 2

Ex_3a_F Cylinder 3A Temperature (°C) 3

Ex_4a_F Cylinder 4A Temperature (°C) 4

Ex_5a_F Cylinder 5A Temperature (°C) 5

Ex_6a_F Cylinder 6A Temperature (°C) 6

Ex_7a_F Cylinder 7A Temperature (°C) 7

Ex_8a_F Cylinder 8A Temperature (°C) 8

Ex_9a_F Cylinder 9A Temperature (°C) 9

Ex_10a_F Cylinder 10A Temperature (°C) 10

Average_A_F Average Cylinder’s A Temperatures (°C) -

Ex_1b_F Cylinder 1B Temperature (°C) 11

Ex_2b_F Cylinder 2B Temperature (°C) 12

Ex_3b_F Cylinder 3B Temperature (°C) 13

Ex_4b_F Cylinder 4B Temperature (°C) 14

Ex_5b_F Cylinder 5B Temperature (°C) 15

Ex_6b_F Cylinder 6B Temperature (°C) 16

Ex_7b_F Cylinder 7B Temperature (°C) 17

Ex_8b_F Cylinder 8B Temperature (°C) 18

Ex_9b_F Cylinder 9B Temperature (°C) 19

Ex_10b_F Cylinder 10B Temperature (°C) 20

Average_B_F Average Cylinder’s B Temperatures (°C) -

EX_T_BF_TURBO_B_F Turbocharger B Inlet Temperature (°C) 21

EX_T_BF_TURBO_A_F Turbocharger A Inlet Temperature (°C) 22

Parameter ID Description Mis. Point

CA_TEMP_F Supercharging Air Temperature (°C) 23

LT_W_TEMP_INLET Cooling Water Temperature at Engine Inlet (°C) 24

TT06LT Cooling Water Temperature at Engine Inlet (°C) 24

TT103LT Cooling Water Temperature at Air Cooler Outlet (°C) 25

TT106LT Cooling Water Temperature at Oil Cooling Exchanger Outlet(°C) 26

TT102LT Cooling Water Temperature at Engine Outlet (°C) 27

Sensor networks and clustering

Fault prognosis in multi-MW ICE gen-set



Sensors

Fault prognosis in multi-MW ICE gen-set



Predicting operations in Multi-MW HAWT

Data is collected from a wind farm consisting of five WTs, each with a rated power of 2 MW
Wind farm is ranked as class 2 according to the standard IEC 61400

EDP. Wind Farm 1 - Failures, 2016. Data retrieved from EDP Open Data, https://opendata.edp.com/ 396 explore/dataset/htw-failures-
2016/information/.



SCADA-based characterization of faults

Fault early identification (generator) using Sensor Network 
Analysis AI

SCADA-based characterization

of normal operation

Predicting operations in Multi-MW HAWT



Sensor network mapping using AI

Predicting operations in Multi-MW HAWT



Predictive Maintenance in Wind Turbines

Predicting operations in Multi-MW HAWT

Plot of the model reconstruction errors of the turbine SN
(vertical black line represents the failure occurrence time)



Predictive Maintenance in Wind Turbines

Predicting operations in Multi-MW HAWT

Plot of the model reconstruction errors of the turbine SN
(vertical black line represents the failure occurrence time)



Conclusions

Industrial metrology is the enabling factor to disclose digital twin potentials
and create so-called physical data servers

Sensor network perspective enables a holistic view of production systems
meaning that all the relevant qualities are brought together to form a
complete basis for evaluating process/product/operation quality
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