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1  Executive Summary

This D5.4 report is a report othe technologies and methods that are being developed in the
"COGNITWIN Hybrid and Cognitive Twin Toolbox" and which were applied in the developments for the
COGNITWIN industrial pilots. The information provided in the report will further be usefuldgoingli

the concepts and available tools among the COGNITWIN partners but should also give external readers
ideas about new Industry 4.0 possibilities

The COGNITWIN projects aims toward supporting the digitalization of the Europeanritkestyies.

A main ambition of the COGNITWIN project is to develop cognitive digital twins that can support a
significant improvement in industrial operation. To do so, COGNITWIN is working with combining data,
physicsbased models, machine learning (MBapd Atrtificial Intelligence (Al) in the best possible
manner to solve the industrial challenges. Cognition is introduced into the models through self
learning and Al. In COGNITWIN WP5, where this report belongs, the aim is to identify which ML/AI
methods ae suited for such problems and extend and/or develop new algorithms to further improve
performances of the control systems. By developing a Cognitive Twin Toolbox, comprising methods to
analyse data, exploit the information from physttased models, conibe information from data and
numerical models, and demonstrating applications to process control, this can be applied more
generally to support many different process industries. A Cognitive Twin Toolbox was built out from
the needs of 6 different industl pilots, all with their specific and different challenges.

Thisdeliverableis the final report on technologies and methods that were developed for the Hybrid
Al/Analytics and Cognitive Toolbox. It includes the refinements and final results on hybrid twin
development and the results of the development of cognitive twins. Mosheftbolbox elements

have been applied to the pilots, while other elements have a great piadefior future application.

This deliverable refines and extends the D5.1, D5.2 and D5.3 deliverables by providing more technical
details especially on new features. In particular it extends the description of already provided
functionalities with new one developed during the laspoeting period.

The D5.4 deliverable is accompanied with demonstrators that show how a subset of components play
together. The demonstrators that show reusable patterns which can be replicated and adapted also in
future industrial process industry settings.

The new contributions in the D5.4 update from D5.3 in particular includes the following;

- SINTEE The PPBNhNethodology andmodeldevelopmens for ladle lining erosiorhas been
completed resulting in two papers and one submission to github.cBDITwas extended
to meet thecognitionneedsfor the Sidenor pilat

- Sidenor The PPBNbased model wamtegrated into eamPpes, reading'near onliné data
pushedby Sidenorusing secure ftpThedata ard model resuls weremade available through
a FAST serviceand aso explaed andmadeavailableto usersvia aknowledgegraph based
sdution for cognition (SINDIT)

- Cybernetica The model component for the Hydro GTC pilot has been extended to provide
nonlinear model predictive control of the plant, and closed loop operation has been tested.
Cybernetica Viewer has been extended with a REST interface such that resantpa user
interface in a web viewer. Both process data and calculated data from Cybernetica CENIT can
be displayed. Twavay communication is also possible. This has been applied in the Hydro GTC

! https://cognitwin.github.io/toolbox/tools/dfraph.html
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pilot. The Cybernetica CENIT API for error detection and handling routines has been further
refined.

- Nstg Focus on the Cognitive twins. A new method for cognitiomen unusuality detection is
proposed and validated. It uses the analogy from the human cognition that only variation in
the (external) signals will be registered and processed. In our @aswans that only the
changes in the input data will be detected and trigger the cognition process for understanding
these changes. We performed a validation based on the ladle degradation data from Sidenor
pilot

- Fraunhofer- The FAST service (Fraunhofer Advanced Asset Administration Shell (AAS) Tools
for Digital Twins) was extended to support time series data. To do this, logic had to be added
to a TimeSeries submodel that implements the required operations e.g. accessing data in a
unified way. The main challenge was to implement the extension in a generic way agnostic to
the type of underlying database so that it can pdially be used with any kind of database in
the future.

- Tekno- New tools were added to the Teknopar Industrial Automati®hd( Platform: TIA
MONITORING,IASTATISTICBAMETRICS,IAOEE, and@IAASPTIAMONITORING enables
predictive maintenance usingondition monitoring. TIA STATISTICS is used to perform
statistical analysis on the dateIAMETRICS enables the users to calculate defined criteria for
any process, production unit or producktIAASP is an Apache StreamPljased tool that
allows users to select and run machine learning models.

The overall structure of the toolbox has grown out from the pilot needs. In COGNITWIN WP4
infrastructure for sensors, data collection and storage, as well as orchestration of models is being
developed. The needs from WP5 are a general driver for the woNR4. The complete COGNITWIN
Toolbox [ittps://cognitwin.github.io/toolbox/) allows for orchestration of tools and methods, from
sensors all the way to operating digital twins. The way this is done is varying between the pilots and is
explained in more detils in the specific pilot reports.

A separate report on the "Platform, Sensor, and Data Interoperability Toolbox" (D4.4) is issued
together with this report, giving a more complete overview on the COGNITWIN challenges and
Toolbox.

As technical details are best presented on a-gemponentbasis, and our presentation on the
individual tasks focusses on more abstract insights. The bulk of technical details and development
status of the individual toolbox components is additionallyaeed as Appendix 1 and referred to in

this document.
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Acronyms
Al Artificial Intelligence
CEP Complex Event Processing
CFB Circulating Fluidizeddsl
CFD Computational Fluid Dynamics
CSTR Continuous Stirredank Reactor
DCS Distributed ControBystem
GTC Gas Treatment Center
ICPV Industrial Control Panel and Visualization
JSON JavaScript Object Notation
LSTM Long ShorTerm Memory
MEWMA Multivariate Exponetially Weighted Moving Average
ML MachinelLearning
MPC Model-Predictive Control
MQTT Message Queuing Telemetry Transport
OPGUA OPC Unified Architecture
PCA Principal component analysis
PLC Programmable logic controller
PPBM Pragmatsmin Physicd8ased Modelling
SWP Spiral Weld Pipes
TMat PdM MATLAB Predictive Maintenance for Electro Mechanical
Components
TIA TEKNOPAR Industrial Automation
UKF Unscented Kalman filter
WER Word Error Rate

Other acronyms are found #&ttps://www.allacronyms.com/data/abbreviations
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2 Introduction

2.1 Scope and purpose
A purpose of the COGNITWINiadiHybrid Al and Cognitive Twin Toolbox is to provide the technical
foundation for the realization of hybrid Al and cognitive twins in the process industry. This technical
foundation takes the form of software components, methods, and processes. An importan
consideration is that while hybrid Al and cognitive twin concepts are not entirely unique to the process
industry, certain aspects are specific to the industry. The toolbox developed in thispackkge
therefore comprigs:
1. custom software components that are developed, extended, or adapted for the specific needs
of the UseCases in the process industry,
2. existing components that are technically integrated to facilitate interoperability along
workflows specific to the Us€ases, and
3. workflows that that are realized entirely by existing software, but which is combined and used
in patterns and ways specific to the USases in the process industry.
The toolbox started out as a collection of indivial, mostly unrelated, software tools and processes
which were thought to be potetally applicable to the Us€ases in the process industry. These
unrelated components have been adapted, integrated, and combineplipelinesto support the
specific needs of the UgBases. At the end of the process, the toolbox provides a technical foundation
capable to support the requirements of the U8ases in known and tested usage patterns, with
specifically adaptedoftware components that are interoperable where required. The D5.4 deliverable
shows the final results towards that goal and takes the form of an updated version of the previous
WP5 deliverables.
The deliverable D5.4 is a result of all WP5 tasks. It defines the final specification of the COGNITWIN
Hybrid Al and Cognitive Twin toolbolt.is accompanied with demonstrators that show how a subset
of components play together. The demonstrators can be seen in the COGNITWIN YouTube video
channelhttps://www.youtube.com/@cognitwin9786/videoand are also linked to from the digital
twin pipelines and the various toolbox components in the COGNITWIN Toolbox portal,
https://cognitwin.github.io/toolbox/.

The deliverable serves as a common project reference across all the technical work packages (WP1
WP5).

2.2 Structure of the deliverable

This deliverable is structured as follows. We will start by givimigtalevel overviewof the toolbox in

its entirety, specifically design decisions and the final conceptual architecture.

The second part will contain statdescriptions on a taskevel, focusing on progress, challenges, and
deviations from original planning. These descriptions will still be kept relatively short, as the bulk of
the technical documentation is provided on a component level.

The third and most detailed part of this deliverable consists of detailed descriptions of the individual
toolbox components; including detailed descriptions of progress made during the project sq far
examples of how to use them, and their relation to the {@Gases. We also focus on how the individual
toolbox components are integrated in pipelines to meet the needs of the@ises.
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For the sake of completeness, this deliverable D5.4 takes the form of an updated version of deliverable
D5.3, and thus contains not only updates on the tasks performed in the pef3deMM2, but also the
underlying work performed prior to that.

The deliverable includes a list of the various specifications of the COGNITWIN components i Annex
COGNITWIN Toolbox Components.
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3 High-level overview
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Figure 1: High-level overview of the COGNITWIN Toolbox

The goal of WPis to provide methods and tools fétybridAl andCognitive Twing=igure 1 shows the
structure of the COGNITWIN Toolbas reflected in the COGNITWIN Toolfoetal, available at
https://cognitwin.github.io/toolbox/. This reporfocuseson the areasn the red boxon Digital Twin
Analytics Models and Visualisatiamhile the report D4 introduces the areas in the Toolbox and the
areas of to the left in the figure on Digital Twin Data Acquisition and Representation.

In the context of the COGNITWIN project, thgbridAl and Cognitive Twirshould not be developed

from scratch, but rather the already existing components/systems should be considered. Additionally,
the new services to model thbehaviour of a Hybrid Al or Cognitive Twinkave already been
developed by different partners. However, the partners use different technologies, develop
components in several programming languages, use different protocols, etc. In previobs WP
deliverables (D5.1, D5.2 and D5)3we have already identified a list of the componewntsich will be
reused or etended.

In thisfinal report, we are reportingorogress on the extension and déepment of componentsnd
reflecting on additional requirementhat emerge fromapplyingthe toolbox components to the pilots.
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4  Summary of toolbox elements and their relations to the pilots

TheCOGNITWIkbolboxis developedo support the pilotsand erable similarprojects in thefuture,
but where the developmentsbe done faster dueto exploitation of toolbox elements. The
requirements from the pilotspresentedin Chapter5, has been driving the contents of the toolbox. In
addition, we have tools thamaybe significant cotmibutors to future projects in this domain.

In WP4 we haveuppliedinfrastructureto provide sensos, data andmethodsto orchestratethis

together with modelsin the companyingCOGNITWIN Déreport? information about these toolare

given such asMAl, Cybernetica OPC UKRUSE OPC UAstream BD Pipelines DFHonir, Lodur,

Bedrock Steel4 which IoTP has been renamed B8PLATFORM, wherdAlIOT toolbox contain$|A
SENSORIIAPLC andllACONTROL tools, addADATA toolbox ofIAPLATFORM includddA
STORAGE affdASTREAM tools, FAST, DT Graph, StreamPipes + Siddhi, CEP Editor, IDS Connectors,
Trusted Factory Connector , COGNITWIN Toolbox Portal, Steeld ICP, Cybernetica Viewer, Sensor
library, and Sensor data quality framework. These elements sad as infrastructure for the model
developments.

Toolbox elements (i.e. tools) serving for the purposes of WP5 ar&IAnAPPS toolboxTIA
MONITORING,IAMETRICS|ASTATISTICBAOEETIAPREMATIAMODELTIAASP, andIADATA
GEN, inTIAUX toolboxTIADASHBOARD.

2 https://www.sintef.no/projectweb/cognitwin/publieports/
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Tablel: The table show the toolbox elements and their uses or pidgises across the
industrial pilots

Pilot type  |Pilot Task WP5 Toolbox COMPONENTS

TEKNOPAR: TIA APPS (TIA MODEL, TIA PREM
TEKNOPAR: TIA UX (TIA DASHBOARD, TIA U

TEKNOPAR: TIA APSS (TIA ASP)
FouCon Fouling management and control (UOUL|

Pragmatic framework for development of hybrid

TEKNOPAR: TIA DATA (TIA STREAM, TIA STO
models (SINTEF)

TIA CONTROL)
Machine learning for hybrid models (SINTEF)

ISINTEF Open Framework and Tools (SOFT)
Finite Markov Chains Matlab toolbox (MCPC)
(UOULU)

'SubFUSE Subspace identification and state

DFKI : Generation of photorealistic data
lestimation (UOULU)

Nissatech: StreamPipes Siddhi-Processor
TEKNOPAR: TIA APPS (TIA DATA-GEN)
Correlation Analysis Toolbox (SINTEF)
FUSE Fuel state estimation (UOULU)
FouMon Fouling monitoring (UOULU)

Cybernetica Cognitive CENIT

x Cybernetica ModelFit

DFKI: Neuroscope

Nissatech: D2Lab-C

Cybernetica CENIT

Cybernetica OPC UA Server

Bonzai (Scortex)

(Como (Scortex)

Keras / tensorflow (Scoretex)

SpinPro (Fraunhofer)
XXX [% -

\Weather API interface MAPI (SINTEF)

SINDIT (SINTEF)

= |SINTEFs BEDROCK
% |Cybernetica RealSim

X |Cybernetica Viewer
X |Cybernetica ProXim

Non-ferrous |Hydro Plant Digital Twins with ML/AI

Multi-variate Sensor analytics,Deep Learnin:
Deep Learning Performance

Hybrid Digital Twins (x) ) |(x) |(x)
Cognitive Digital Twins x) [ x_|x (x) )
Elkem Plant Digital Twins with ML/AI (x) X |(x) |x_|(x) (x) |(x) |(x)
Multi-variate Sensor analytics, Deep Learning ) () [(¥)
Deep Learning Performance (X)) |(x)
Hybrid Digital Twins () ) [ [ |x X (x) x)
Cognitive Digital Twins x) [0 x_|x (x) )
Steel Saarstahl |Plant Digital Twins with ML/AI

Multi-variate Sensor analytics, Deep Learnin|

3

<
<

<
B3
B3

Deep Learning Performance
Hybrid Digital Twins
Cognitive Digital Twins
Sidenor _ |Plant Digital Twins with ML/AI x) x) (x) (%) [(¥) (%)
Multi-variate Sensor analytics, Deep Learning
Deep Learning Performance
Hybrid Digital Twins x) (X) [(x) |x () x) x) x)
Cognitive Digital Twins X [x () (x) [(x) (x) X
Noksel Plant Digital Twins with ML/AI (x) () [x () [x)
Multi-variate Sensor analytics, Deep Learning X X X |(x) [|x
Deep Learning Performance
Hybrid Digital Twins () [x X X [(x)|(x) x) x)
Cognitive Digital Twins (X) [(x) [x X [x () [x) (x) (x)
Engineering |Sumitomo |Plant Digital Twins with ML/AI (X) (%) [(¥) [(x) (X) [(¥) [(x) X X |(x)
Multi-variate Sensor analytics, Deep Learniig (X) [(¥) [(x)
Deep Learning Performance x) [(¥) [(¥)
Hybrid Digital Twins (X) |(x) () () () [x) (x) x) ) () |x X
Cognitive Digital Twins (x) ‘(x) (x) |(x) (x) (x) [(x) (x) (x) [x [(x)

BIEREICIE
FIEIEIEIES
<
<
<

)

<

In Table 1 we see an overview of the toolbox elements and their relations to the pilots. Toolbox
elements which are directly used in a pilot is marked with an "x", while identified toolbox elements
that were not planned used, butddthe potertial to be used, are marked with "(x)".

From the table we can get a good overview over the tools used in each of the pilots. As the resources
for each pilotwere limited, it hasnot possible to involve all research partsén each and all of the

pilots. Therefore, each pilot team, being a subset of the technology parthavgworked with the

tools that they know bestand which vere the most efficient to support a given pilot. The tools with

only "(x)" was not apreferred tool now, due to partner preferences, but may be important
contributionsin similar future projects.

The tools provided by Scortévasunfortunatelynot be continued due tdankruptcy. As a resyithe
tools could not be used in the finakliverable to the Saarstahl pilot.

Looking across the pilots we can see that we have tools related to image processingpdeiting
(largelythe Saarstahl pilot), tools related to machinery optimization and maintenance (largely the
NOKSEhilot) and tools related to process control and optimization (largely the Hydro, Elkem, Sidenor
and SumitomoSHI FWpilots). Some of the tools have the potél to be used across this rough
classification of the pilots.
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4.1 Relationsto WP6 0" OOET AOGO Ei PAAODOG

The tools provided by DKFI, Fraunhofer, Nissatech, Oulu and SINTEF are considered as open. This
indicates that as much as possible of the tools and methods will be made publicly available and
published. However, it is expected that the work in the COGNNPAdjecthassuppledthese partners

with a competitive edge that may be exploited in future similar projects for the process industries.

The developments of Cybernetibaveresultedin proprietary tools which will be protected but made
available to the industry at any time. The developments of these tools in COGNITWIN will be a
significant contribution to resolve similar pilot challenges in the future.

The tools that have been developed and enhanced by TEKNOPAR are proprietary tools that will be
made available to the industry upon request and for the specific requirements of the customers/users.
Al the tools will be promoted through the COGNITWIN Digital Twin Toolbox.

4.2 Relations to WP7: Communication, Dissemination, Standardisation

The work to support the pilothas generaked multiple publicationswhere we haveexplaired the
models and methods that have been developed. Such publications are not only important to market
COGNITWIN aich butare critical to advance the use of the developed tools in future projects. The
publicationsdo not only market the toolsbut alsomarketthe research partners and bring these into
new projects and developments.
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5 Requirement analysis and utilization for the pilots

5.1 HYDRO Pilot

5.1.1 User requirements specification and user stories

Table2: Use case HydroG1

Use Case Template Description
Use Case Name Optimal alumina feed to GTC
Use Case ID HydroUC1

User story expression of use
case

1 As aGTC process operator, | wartommendations for
corrective action to keep the HF content of alumina ag
even as possiblso that disturbances to downstream
processes are minimized.

1 As a staff member in electrolysis process control roon
want alumina HF content to be as stable and predictal
as possible so that primary alumina production procee
optimally.

Goal

Achievenent ofeven distribution of adsorbed HF in secondary
alumina

Measurable KPIs for the goal
(if any)

Reduced process disturbance

Actors and stakeholders
involved

GTClelectrolysis operation
GTC IT and sensor support/supplier
Digital service provider

Input data

GTC operational data (Opc Ua)

Electrolysis operational data (Opc Ua)

Weather measurements and forecast (MET Norway =
Opc Ua)

Aluminacertificate (manual)

=A =4 4| =4 -4 4

=

Output data / actions

=

HFevolvementpredictions (Opc Ua)
HFcontent predictions (Opc Ua)

Optimised primary alumina feed rate (Opc Ua)
1 Optimised GTC recycle rgi@pc Ua)

= =

Summary descriptiog Main
success scenario

A hybriddigital twinrbased user interface for model
insight/communication of optimisation recommendations is
evaluated/tested by GTC operators and technical staff

Extensionsexceptions,
variations

None

Possible generalisation of use
case

Technical aspects (e.g. estimation/optimisation of flow rates)
can be applied to other cases

Classification
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Use casanalysig; related to
which Digital Twin pipeline
steps

This use case will be supported through the following Digital
Twin pipeline steps (Delete if not related): Digital Twin Data
Acquisition, Hybrid/Cognitive Digital Twin Generation, Digital
TwinVisualisatiorand Control

Table3: Use case HydrdG2

Use Case Template Description
Use Case Name Temperature control of gas flow into GTC
UseCase ID HydroUG2

User story expression of use
case

1 As GT@nd Electrolysid want the tuning of the integrated
heat exchanger (IHEX) controllers to bes®that
temperature targets are consistently achieved.

Goal

Maintain corstant @ A R &ingderéture of gas entering GTC filter
chambersto ensure adsorption of HF to alumina

Measurable KPIs for the goal (
any)

Reduced process disturbance

Actors and stakeholders 1 GTC operation

involved 9 GTC IT and sensor support/supplier

Input data I Temperature sensor measurement
1 General GTC operational data

Output data / actions 1 Controller setting

Summary descriptiog Main
success scenario

Robust online control of the IHEX

Extensionsexceptions,
variations

None

Possiblegeneralisation of use
case

Strategy can be applied to other temperature control needs

Table4: Use case HydrdG3

Use Case Template Description
Use Case Name Control of main GTC fans
Use Case ID HydroUG3

User storyexpression of use
case

1 As GT@nd electrolysisl want the main fan operation to
be adjusted based on mass flow from the potroom so th
the overall suction rate is reduced.

Goal

Reduce power consumption to the GTC main fans

Measurable KPIs for thgoal (if
any)

Energy/emissions savings
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Actors and stakeholders GTC operation
involved GTC IT and sensor support/supplier
Input data Pressure sensor measuremeagds flow measurement

Mass flow estimation
GTC operational data
Output data / actions 1 Controller setting
Summary descriptiog Main
success scenario

=A =4 4| =4 4

Robust online control of the main fan

Ext.en'3|onsexcept|ons, None

variations

Possible generalisation of use Strategy can be applied to other fan control needs
case

5.1.2 Final status and resolved challenges

Most of the CogniTwin toolbox elementdilised by the Hydro pilot have been implemented online
The collective system formed of toolbox elements is aimed at regulating operatigdheofsas
Treatment Centre (GTC).

A dynamic physiesased model has been developed and implemented as a Cybernetica Application
and Model Componerdnd was previously tuned offline using Cybernetica Modelfit. This model forms
the backbone of the hybrid digital twin running online as a Cybernetica CENIT application. The main
predictions of the physiebased model are 1) HF emissions levels from theqgumm to the GTC, which

can be compared to process data, and 2) the HF content of secondary alumina leaving the GTC and
proceeding to the powom, which cannot currently be compared to measurements. The digital twin
uses the residuals of the HF emissions predictions to develop addatn model for adaption of the
first-principles model, thus generating a hybrid digital twin.

Input data for the hybrid digital twin is made available online using the Cybernetica OPC UA Server
toolbox component. Amongst the online input data required for the hybrid digital twin is weather data

¢ both the current weather and the weather forecastich that the hybrid digital twin can anticipate
future changes in HF emissions and content. The weather data is collected by the BERAH
Interface (MAPRvhich has now been embedded into an online service where the most recent weather
measurements ad forecast are retrieved and prepared from the databases of the Norwegian
Meteorological Institute (MET Norway).

Hydro recentlyinstalleda new laser sensor to measure HF concentrations in the process fumes. The
sensor is capable of measuring the passage of HF in a conduit through a glass window that provides a
view inside the conduit to the laser. The sensor gives precise readings bifitdted by several
environmental challenges, e.g. small changes in position due to vibrations, or the layer of the glass
window facing the inside of the conduit losing clearness due to chemical erosion by the inner fumes.
These challenges can, if not defeE RE RS3ANI RS GKS aSyazNnRa NBIFIRAy3
unusable. Work has then beentiaied on a framework to detect and possibly predict the status of

0KS aSyaz2zNna NBIFIRAYIEAD / dNNByiditez Iy ly2ylLfe& RS
methods such as autoencoders, that can analyze and flag a stream of data for suspeciediesio
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Other options are also being considered, for instance a numerical score for the trustworthiness of the
measurements.

A challenge to the online digital twimplementationis the strict firewall separating the process
network from external data sourceA.solution to this problenmas beerreachedby using a virtual PC

with a selectively opened firewall. This data retrieved by MAPI is processed by the Cybernetica OPC
UA server (with a custom weather extension) and the data is made available on OPC UA tags to be read
by the digital twin.

A webbased interfacausing Cybernetica Web Viewsrnow available for operators to access. The
interface displays the maidigital twin trends and predictions on three different time horizons: 6
hours, 24 hours and 72 hours. In addition, the web interface allows fomtayaccess with the digital
twin by giving operators the option to adjust the optimisation target value.

The pilot challenges in the Hydro pilot which relate to WP5 are summariZeable5 and Table6.
For more indepth description of the data acquisition / collection challenges and solutions, we refer
to deliverable D4

Table5: Pilot challenges for Digital Hybrid and Cognitive Digital Twifigr the Hydro pilot

AnalyticsModels T NA

Physical Models Challenge No dynamic GTC model existed prior to pilot work
Requirement Model must be realistic and accurate while also
being able to be evaluated many timsster than real time in
order to enable hybrid techniques (state and parameter
estimation) and nonlinear model predictive control

1 Solution: Physical model is tested and tuned offline by Cyberne
Modelfit, Cybernetica RealSim and implemented online by
Cybernetica Cenit

Machine Learning 1 ChallengeQuality of vital sensor measurements (HF) is difficult
assess

1 Requirement Datadriven/machine learning approaches should
give a safe, secure result such as to ensure best online operati
the hybrid Digital Twin

1 Solutiont Anomaly detection algorithms are carefully tested and
validated offline

Hybrid Digital Twins 1 Challenge Combination of various data driven and Physical mo
require an approach for understanding the relationships betwe¢
the various models

1 Requirement Ensure consistent mapping and relationship
between data driven and physical models.

1 Solutiort Provide mappings between the data driven and physic
models, consider the usage of the AAS Digital Twin representa
for supporting links and relationships.

Cognitive Digital 1 ChallengeSelflearning, reactive/smart hybrid digital twinsfor

Twins cognitive plants.

= =4
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1 Requirement Methods for automatically identifying faults in the
Hybrid Digital Twinshouldbe developed.

T Solution By employindault detectionmethods, the system can
let the operators know if the results should be discarded or
trusted, and automatically suggest suitable actions for fault
mitigation.

Table6: Pilot challenges for Digital Twin Visualisation and Contriar the Hydro pilot

2D visualisation Challenge Design of a new GUI for GTC operator support
Requirement Operators need to be ablellow digitaltwin
solutions andadjust model behaviour (change value of
optimisation target)

Solution Interactive operatointerfacein CyberneticAVeb Viewer
3D/4Dvisualisation N/A

Control 1 Challenge Optimal controrequires characterization of a feasible
cost function and efficient tools for finding solutions. The
involvement of decision maker / user in the loop needs to be
addressed. Operations can be partly automated, but only partly

1 Requirement Closedioop control should minimize process
disturbances while staying within operating constraints of GTC
operation (silo levels, achievable feed rates, feasible recycle ra

T Solutiort Nonlinear model predictive control is available and
implemented as part of Cybernetica Cenit

f
f

==

=

5.1.3 Utilization of toolbox components

Four CogniTwin toolbox elements form an online data pipaineginning with external data retrieval,
data being made available via an OPC UA server, processing of the data by the hybrid digital twin and
the (planned) display of digital twin predictions for operator support.

SINTEMETAPIInterfacee Cybernetica OPC UA SereeCybernetica CENET Cybernetica Viewer
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Figure 2: IoT architecture for the Hydro pilot showingnterconnectivity of data and
toolbox components.

Data Sources:

1 Weather data is collected from Norwegian Metological Institute
1 Process data from cells and GTC

Data Processors:

1 MAP gueries and collects weather data througiithon serviceprepares data for OPC UA

1 Hydro OPC UA and GTC OPC UA expose process data to data processors

I OPC UAcollects data from various sources and makes it availabl€ybernetica CENIT,
Cybernetica ModelFit & Cybernetica Viewer

1 Cybernetica CENIT and Cybernetica ModelFit perform online/offline optimization, respectively

Data Sinks:

T Optimal control sequence as calculated by Cybernetica CENIT is implemented in control
system
1 Data is visualized graphically to the user using Cybernetica Viewer.

5.2 ELKEM Pilot

5.2.1 User requirements specification and user stories

Processing of liquid alloys require precise information about compositions, temperature and amounts,
preferably continuous but this is difficult to achieve with conventional measurement techniques. By
applying Infrared Cameras (IR) there is ptitdrio measure more frequently but also enabling access

to process parameters such as slag in the liquid metal, which traditionally has not been properly
accounted for in the decision support model. It is expected that improvements both in yield and quality
will bepossible by adapting new measuring methods, image analysis and mass/energy balance models.
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Table7: Use Case ElkebG1

Use Case Template Description

Use Case Name Temperature in tapping stream

Use Case ID ElkemUG1

Userstory expression of use | As process responsible for furnace operation, | want to be ab
case measure the temperature of the tapped ferrosilicon to establis

a link between output and furnace operation and adjust
operation as necessary when themperature gets too low.

Goal Automated temperature measurement of tapping stream
Measurable KPIs for the goal| Posttaphole yield

(if any)

Actors and stakeholders Furnace operators, process owners

involved

Input data Infrared images

Output data / actions Temperature of tapping stream

Summary descriptiog Main Installation of IR cameraprogrammingg recording of data;
success scenario development of algorithm to determine temperatugevisual

output to operator/process owner

Extensions, exceptions,
variations

Possible generalisation of usd Setup and methods can be applied to all plants
case
Use case analysigrelated to | This use case will be supported through the following Digital
which Digital Twin pipeline Twin pipeline stepsDigital Twin Data Acquisition, Digital Twin
steps Representation, Hybrid/Cognitive Digital Twin Generation,

Table8: Use Case ElketdG2

Use Case Template Description

Use Case Name Slag in refining ladle

Use Case ID ElkemUG2

User story expression of use | As process responsible for refining and alloying, | want to kng
case the amount of slag that accompanies the liquid metal at the s

of the refining process so that proper adjustments to the
operator decision support can be made

Goal Quantify the amount of slag per ladle
Measurable KPIs for the goal| Product quality, post taphole yield

(if any)

Actors and stakeholders Refining operators, post taphole process owner
involved

Classification Public Page24 of 175



COGNITWIN

DT-SPIREB6-2019 (870130) Deliverable 3.4

Input data Infrared images oliquid metal surface in refining ladle
Output data / actions Kilogram slag per tapmodification of total metal weight
Summary descriptiog Main Installation of IR cameraprogrammingg recording of data;
success scenario development of algorithm to determine slag coverage and

thickness; visual output to operator/process owner

Extensions, exceptions,

variations
Possible generalisation of usd Setup and methods can be applied to all plants where slag
case amount in ladle is important for correct liquid metal processin

Use case analysigelated to | This use case will be supported through the following Digital
which Digital Twin pipeline Twin pipeline steps: Digital Twin Data Acquisition, Digital Tw
steps RepresentationHybrid/Cognitive Digital Twin Generation,

5.2.2 Final status and resolved challenges

The Elkempilot case has focused on online implementation of CogniTwin toolbox elements. The
collective system formed of toolbox elements is aimedwgiporting the operators of the post taphole
process

A firstprinciples model has been developed and implemented as a Cybernetica Model and Application
Component and has been tuned to the plant offline using Cybernetica Modeélkét. model is
employed online using Cybernetica CENIT. Cybernetica CENIT uses the model to predict temperature
and concentration, which in turn is used in a nonlinear model predictive control scheme to calculate
the optimal amount of each addition.

Not all measurements were available on OPC, therefore a bespoke Cybernetica OPC UA server was
created to query relevant databases and publish the measurements to D#Cserver will also be
used to connect the data from the different toolbox elements.

Infrared camerabave been installed for the tapping station, refining station and at the casting station.
Imageswere gathered for offline analysis. The offline analysisultedin a set of machine vision
algorithms(described in detail in D.1.4pue to operational challenges related to the harsh operating
conditions at the pilot it has not been possible to tdstse algorithm®nline. The hitial analysisooks
promising, withthe machine vision temperature and modelled temperatimggood correspondence.
Once the operational challenges are overcome the machine visiwfll provide reaktime
measurements; most importantly temperature of the metal during tapping, refining, and casting.
Additional information may be extracted from the thermal cangrior example ladle slag coverage,
metal/slag ratio in tapping, and chemistry/dynamics during refining.

In parallel a datalriven model for estimating the amount of slag tapped from the furnaes tested
The modelsedmachinelearning algorithms with data from the furnaeedthe post taphole process
However, thedata-driven model wasot successful igivingmeaningful predictions of the slag

The hybrid digital twin thalhas beerdeveloped for this pilot combirsthe elements described above.
Once the IRamerasare reliably providing measurements onlin€ybernetica CENIT will use a
recursive estimation algorithm to correct the firgtinciples modein reaktime. Elkem has taken the
following mitigation steps for the further operationdéployment of the ir cameras and COGNITWIN
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technologies: Allocated additional internal funding from Elkem to COGNITWIN project partner
Cybernetica evolve and continue with the deployment for one more gegutil summer 2024.

Hired a new trainee that will help out at physically at the plant from summer 2023particular
regarding ITtasks related to the (internally extended) COGNITWIN project

The pilot challengein the Elkem pilot which relate to WP5 are summarizet@ldble9 and TablelO.
For more indepth description of the data acquisition / collection challenges and solutions, we refer
to deliverable DA.

Table9: Pilot challenges foDigital Hybrid and Cognitive Digital Twins for the Elkem pilot

Analytics Models 1 ChallengeLow correlation between measured variables and

(Plant DT with
ML/AI) (task 5.1)
(by task 5.1)

desired output.

Requirement Accurate estimation of key variables used by
physical model.

Solution Utilize data from infrared cameras and physical mode
when training ML model

Physical Models

Challenge Adapt physical model to pilot

Requirement Model must be realistic and accurate while also
being able to beevaluated many times faster than real time in
order to enable hybrid techniques (state and parameter
estimation) and nonlinear model predictive control

Solutiont Physical model is tested and tuned offline by Cyberne
Modelfit, Cybernetica RealSim aimdplemented online by
Cybernetica Cenit

Machine Learning
+ any needs for
Deep Learning
/imagery,
Performance (tasks
5.2/5.3)

Challenge Machine vision algorithms are difficult to develop for
every scenario due to moving equipment and a harsh environn
Requirement Datadriven/machine learning approaches should
give a safe, secure result such as to ensure best online operati
the hybrid Digital Twin

Solution Automatic detection of regions of interest in images of
moving equipment.

Hybrid Digital Twins
(by task 5.4)

Challenge Combination of various datdriven and physical
models require an approach for understanding the relationships
between the various models.

Requirement Integration between datariven and physical
models and results from machine vision algorithms

Solutiont Cybernetica OPC UA Server to make data available
between the different applications

Cognitive Digital
Twins
(by task 5.5)

Challenge Introduce cognition through knowledge and learning
from past data and situation iorder to provide operator guidancs
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Requirement Interact in a suitable way with operators to provid
guidance and recommendations
Solutiont Ensure inclusion of operators knowledge combined w
system situation understanding.

Table 10: Pilot challenges for Digital Twin Visualisation and Control for the Elkem pilot

2D, 3D/4D 1 Challengelt is difficult for the operator to act on
visualisatiorand recommendations from digitalvin hybrid unless it is visualized
Human interaction 1 Requirement Data from the decision support system needs to
(including speech) made availablénto the control room operator in an eadg-act-
(by task 5.1) upon, visual manner
1 Solutiort Use Cybernetica Viewer to visualize data
Controlg system 1 Challenge Optimal control requires characterization of a feasibl
interaction (related cost function and efficient tools for finding solutions. The
also to autonomous involvement of decision maker / user in the loop needs to be
Cognitive Twins) addressed. Operations can be partly automated, but only partly
(by task 5.5) 1 Requirement Closedoop control should minimize process
disturbances while staying within operating constraints
9 Solutiort Nonlinear model predictive control is available and
implemented as part of Cybernetica Cenit

5.2.3 Utilisation of toolbox components

FourCogniTwin toolbox elementsogether with Cybernetica InSighibrm an online data pipeline
beginning with external data retrieval, data being made available via an OPC UA server, processing of
the data by the hybrid digital twin and the display of digital twin predictions for operator supfort.
illustration of the pipeline is shown igure3.

- . Hybrid/ Cognitive Digital Twin
Digital Twin Data Digital Twin ¥ . / g. . g. "
T v . . Digital Twin ‘ Visualisation and
Acquisition/Collection Representation -
Generation Control
]

Cybernetica CENIT :
B Cybernetica

Nonlinear Model S SR I

E] Predictive Control

Digital Twin
Elkem S et i it lae Ny -
Plant Cybernetica Cybernetica (first-principles) (Al L
OPC UA -

Datab. T
o iy SINTEF
Slag Model

Cybernetica Cybernetica [ ]
InSight Frame Cybernetica InSight InSight ah
Grabber Machine vision Visualization OT Users

o
e
]

oo
£
a
(=
o
@
™
]
=
©
=

Elkem Bremanger Post Taphole
Elkem Bremanger Post Taphole

IR Cameras

Deployment: Edge On-Premise Cloud HPC Mobile, Browsers |

Data Acquisition/Collection Data Stor?ge/ Ana_ly‘tlcs/AI/_ » ﬁctlor.llln'teractlon/
Preparation Machine Learning Visualization/Access

Figure 3: Pipeline for the Elkem pilot
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5.3 SUMITOMO Pilot

5.3.1 User requirements specification and user stories

The Engineering pilot (Sumitomo SHI FW) in WP3 considers monitoring and control of fouling on the
heat exchange surfaces in biofuel combustion. The fouling monitoring can be approached from various
angles, using direct process data or mebased approache Online characterization of the incoming

fuel feed is expected to provide significant improvement to fouling monitoring. The final goal is to
optimize the boiler maintenance, e,gnaximize profits vs. costs isoot blowing or longterm
maintenance.

Table11: Use Case SFUG1

Use Case Template Description

Use Case Name Boiler fouling management

Use Case ID SFWUC1

User story expression of use | As anasset managelrwant to ensure that the heat exchange
case surfaces of the energy boiler are cleaned so thatbenefits

losses are optimizedoth in the short term (steam losses vs.
improved heat transfer) and in the long term (maintenance cg
vs. erosion of boiler parts). Aknt operatorl want a clear
indication of when to cleaheat exchange surfaces and in wha
way.

Goal Primarily to have an indication of when to start theot blowing
sequence (i.e., pause time betwesoot blowing, secondarily to
have the properties ofoot blowingsequence optimized if
possible (length ofoot blowingsequence, indication of which
soot blowersto run, order of running the individuabot

blowerg and to adapsoot blowingprocess to the process
operation (e.g., regarding the load levels and production

schedule)
Measurable KPIs for the goal| An economic cost function to be optimized needs to be
(if any) RSOSt2LISR® LG gAft 0S tAy(S
availability.
Actors and stakeholders Boiler owner, boiler operator, boiler supplier, digital service
involved provider
Input data Decisions are based on-ine/historical process operation data
Output data / actions Output will indicate the need for cleaning the heat exchangers

their state of fouling, and suggest/automate management
actions (e.g., starting soot blowingsequence or the optimal
pause time betweersoot blowingsequences)

Summary descriptiog Main | The cleanness of surfaces is monitoredlioe. The costs agoot
success scenario blowingare continuously evaluated against the heat losses dy
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to soot covered surfaces, and control/maintenance actions ar
timed optimally and performed in an optimal way.
Extensions, exceptions, There can be various alternative/supporting ways for gaining
variations information on surface cleanness: using direct and indirect
measurements from heat exchange surfaces, physical and/or
data-driven models for phenomena, knowledge of recent plan
operation (e.gon past fuel properties), specialized
measurements, etc.

Knowledge gained during pasbot blowingsequences is used td
improve future operation (a learning system).

Possible generalisation of usq Fouling is a common and significant phenomenon in all

case combustion boilers. Potdially, the methodology and tools
developed here can be expanded to any other industrial case
which heat exchange surfaces are regularly cleaned and in wj
basic quantities like temperatures and pressures are being
measured or monitored. Fusion of modelsd online data
provides a fundamental tool for solving a large variety of
monitoring problems in the heavy industry.

Use case analysigelated to | This use case will be supported through the following Digital
which Digital Twin pipeline [ Twin pipeline steps: Digital Twin Data Acquisition,

steps Hybrid/Cognitive Digital Twin Generation, Digital Twin
Visualisation and Control

5.3.2 Final status and resolved challenges

In phase I, the fuel state estimation (FUSE) component was constructed for characterization of
different fragments in the incoming fuel. FUSE consists of a physical model for the CFB furnace
(combustion, fluidization and heat transfer), a PMFIR tool fairty the physical model with process
historical dataand an unscented Kalman filter (UKF) tool foflina state estimation of the uncertain
fragments in boiler fuel feed The FUSEcomponent algorithmic/methodological development is
complete. The compomd has been successfully applied to two plant cages.tool is valid for power

plants operating with varyinfyel fractions, i.e.depending on the available set of fuels ahd current
process operating policy.

In phase Il,hie workfocusedon the development of the foulingonitoring (FouMon) componenon
monitoring of fouling at the heat exchange surfaces. A physical model for a heat excheagyer
developed and tuned to pilot superheater conditions. Improveddelbasedstate estimationwas
then sought via implementation of ensemble Kalman filtering (EnKF) Thel.FouMon approach has
been succesully tested with pilot plant data. The development work is ongoing.

Phase Il focused on fouling managemand control (FouConAn alternative approackor fouling
monitoringwasdeveloped based on subspace identification, enabling the application of linear state
estimation and a highly reduced computational load in online applicatibngddition, tools for
ensuring better data quality for datdriven modeling were implemented (see D4.4)n optimization
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schememaking use ofhe model has been developed, and applied for solving the sootblowing timing
problem.The Foon approach has been sucshsly tested with pilot plant data.

It is expected that the cognitive features of a digital twin supporting integration and decision making
will play an important role when deriving approaches for the management of the fouling phenomena.
The research worleventually expects to look at improvements to automatic control and/or
prescriptive maintenance procedures.

The challenges in th®umitomoSHI FWpilot which relate to WP5 are summarizedTiable12 and
Tablel3. For more indepth description of the data acquisition / collection challenges and solutions,
we refer to deliverable D4.

Table12: Pilot challenges for Digital Hybrid and Cognitive Digital Twins for SUMITOMO
SHI FWpilot

Analytics Models 1 Clallenge Optimization tools require proper formulation and arg
highly dependent on the type of the problem.

1 Reaquirement: High robustness of solutions is required, especial

with automated actions without human decisignaking.

Obtaining of solutions (even suboptimal) should be ensured.

Soution: Careful selection of cost function vs. solvers.

Todbox components: FouCon is to include optimization

Physical Models 1 Challenge Physical models for boilers are highly complicated to
build and maintain. Tuning of physical modellxoriousand may
lack dataPhysical models for heat exchangers are complicated
and require maintenance.

1 Reauirement: Model must provide realistic and accurate enougt
estimates/predictions.

1 Soltion: Modelling is based on laws plfiysics and validated
model structures.

1 Toolbox components: FUSE including PMFIR, FouMon

Machine Learning 1 Clallenge Fusion of physical models and process measuremer
data is complicated as data may be very sparse and models n¢
accurate/detailed enough.

1 Reaquirement: Algorithms must survive with sparse data, and
iterative computationsannotbe excessive.

1 Sodltion: Solutions will be sought by using-tggdate modetbased
state estimation techniques.

I Todbox components: FUSE including UKF, FouMon including

Cognitive Twin Cognitive DT requires abilities in humiarthe-loop considerations and

feedback of HDT outcomes to the plant/KPI. The challenges are in

extending from monitoring to prediction, and establishing feasible

approaches in optimization. These are developedindon.

= =4
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Table 13: Pilot challengedor Digital Twin Visualisation and Control for SUMITONEMI
FW pilot

2D visualisation N/A
3D/4D visualisation | N/A
Control 1 Ctlallenge Optimal control requires characterization ofeasible

cost function and efficient tools for finding solutions. The
involvement of decision maker / user in the loop needs to be
addressed. Operations can be partly automated, but only partly

1 Reaquirement: Solutions must be robust in the industrial
environment.

1 Soltion: Suitable solutions will be selected by focusing on
formulation of the cost function and feasible optimization
techniques.

1 Toolbox components: FouCon

5.3.3 Utilisation of toolbox components

The estimator in FUSE was based on applying a detailed circulating fluidized bed (CFB) furnace model
in conjunction with nonlinearBayesian state estimation tool, both implemented in Matlab. A
generalized version of the fuel characterization UKF toehabling application of other prediction
models and setups of plant measuremeimtsvas provided for the COGNITWIN toolbox as a set of
Matlab code. An example of a setup of data communication was demonstrated via an A0,
consisting of free software (Bsys) and existing properties of Matlad4thWorks) and StreamPipes
(Apache). The included PMFIR provides a tool for tuning the physical model with historical process
operation data; the UKF tool implemenBayesian modebased state estimation able to exploit a
physical process model.

The FouMon component contains the EfK® as an alternative Bayesian state estimation algorithm
applied for the fouling monitoring problen® physical model for heat transfer in the heat exchanger
surfaces was constructeahd tuned for pilot site conditions. The model was used in the mbdséd

fouling monitoring ThePMFIR and UKF/EnKF are general purpose tools which can be applied to solve
various tuning and state estimation problems in process engineering.

The FouCon containdather development of the SubFUSE subspace identification tool, implementing
the Prony approachThe FouCoroptimization isproblem dependent developed for solving the
sootblowing timing problenfior the pilot caseThe tools are described in more detail in the Appendices
of component descriptions and past deliverables.

The componerg use the samealata pipelinestructure, in that the model and estimators are built in
Matlab, and a connection to StreamPipes and plant data is made possil&@@AaA.
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Figure 4: Pipeline for the Sumitom&HI FWpilot

5.4 NOKSEL Pilot

5.4.1 User requirements specification and user stories

Table14: Use Case NOKSBICG1

Use Case Template Description
Use Case Name Industrial Big Data Processing
Use Case ID NOKSEUG1

User story expression of use
case

As a user, | want conduct dapae-processingso that the data sef
becomes ready to be used for ML/DL model training.

Goal To prepare data for ML/DL training
Measurable KPIs for the goal| There will be no empty cell in the data set
(if any) All data fields in the data set will be labelled

Actors and stakeholders
involved

Maintenance operator or maintenance manager

Input data

Sensor data, and data from the PLC (alarm and status data) |
for remaining useful life estimation and type of ML/DL algorith
to be trained

Output data / actions

Quiality data that is cleaned, scaled, filledanalysed
normalized, angre-processedand get ready to be used for
ML/DL model training

Summary descriptiog Main
success scenario

1. Data set is selected and uploaded.

Rules to fill in empty data &elected by the user.
Data is normalized.

Mean, median and variation of the data set is calculats

2.
3.
4.
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5. Processed data is stored.

Extensions, exceptions,
variations

None

Possible generalisation of use
case

The objective function of the ML/DL models to be trained may
functions other than predictive maintenance.

Use casanalysig; related to
which Digital Twin pipeline
steps

This use caskasbeensupported through the following Digital
Twin pipeline steps (Delete if not related): Digital Twin Data
Acquisition, Digital Twin Representation

Table15: Use Case NOKSBIG2

Use Case Template

Description

Use Case Name

Real time anomaly detection using pretrained ML/DL models

Use Case ID

NOKSEUG2

User story expression of use
case

As a user, | want to execute selected ML/DL models so that |
detect anomalies in real time.

Goal To estimate anomalies on stream data.
Measurable KPIs for the goal| None
(if any)

Actors and stakeholders
involved

Maintenance operator and/omaintenance manager

Input data

Sensor data, PLC data, alarm and status data

Output data / actions

Anomalies will be detected by the selected ML/DL models an
the results will be graphically displayed

Summary descriptiog Main
success scenario

1. The userselectthe pretrained ML/DL model sdb be
executed on the stream data.

2. The selected models are executed on the stream data

3. The results of the selected ML/DL models are calculat
and displayed to the user

Extensions, exceptions,
variations

If the user does not select any ML/DL model a warning messg
is displayed to the user in order to state that at least one mod
must be selected.

Possible generalisation of use
case

The pretrained ML/DL models can be generated for purposes
other than predictive maintenance and anomaly detection

Use case analysigrelated to
which Digital Twin pipeline

steps

This use caskas beersupported through the following Digital
Twin pipeline steps (Delete if not related): Hybrid/Cognitive
Digital Twin Generation, Digital Twin Visualisation and Contrg
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Table16: Use Case NOKSHBIG3

Use Case Template Description
Use Case Name Big Data Visualization
Use Case ID NOKSEUG3

User story expression of use
case

As a user, | wartb visualize past sensor data so that | see the
data trend of sensors.

Goal To display collected past sensor data in graphs.
Measurable KPIs for the goal| The zoom in and zoom out of displayed data should be <200j
(if any)

Actors and stakeholders
involved

Maintenance operator, maintenance manager

Input data

Past sensor data collected

Output data / actions

Sensor data displayed in graphics with respect to time

Summary descriptiog Main
success scenario

1. The user wants to visualize past sensor data in graph
2. The data is displayed to the user

Extensions, exceptions,
variations

When the usezoomsin and/or zoons out the time scale of the
x-axis changes, and the data is displayed in the graphs
accordingly

Possible generalisation of use
case

The visualized big data does not need to belong to the senso
the NOKSEL pilot, any time series big data can be graphically
visualized.

Use case analysigrelated to
which Digital Twin pipeline
steps

This usecasehasbeensupported through the following Digital
Twin pipeline steps (Delete if not related): Digital Twin
Representation, Digital Twin Visualisation and Control

Tablel7: Use Case NOKSBIG4

Use Case Template Description
Use Case Name Operational Data Visualization
Use Case ID NOKSEUG4

User story expression of use
case

As a user, | wartb visualize operational data so that monitor th
reaktime condition of the SWP machinery.

Goal To monitoroperational data regarding the SWP components
Measurable KPIs for the goal| Latency in visualization > 200ms
(if any)

Actors and stakeholders
involved

Maintenance operator, maintenance manager

Input data

Sensors and PLC

Output data / actions

Graphical representation of operational data
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Summary descriptiog Main
success scenario

1. The user selects the component of the SWP machine
which the condition is to be monitored.

2. The system displays the 3D model of the component ¢
graphics associated to tHetspots on the component.

3. The user selects the hotspot.

4. The system displays the values of the sensors associ:
with the selected hotspot in suitable graphics.

Extensions, exceptions,
variations

None

Possible generalisation of use
case

Thecomponent visualized may belong to a different machine
other than SWP, and the sensor set installed on the compone
may be different.

Use case analysigrelated to
which Digital Twin pipeline

steps

This use caskasbeen supported through the following Digital
Twin pipeline steps (Delete if not related): Digital Twin
Visualisation and Control

Table18: Use Case NOKSBIG5

Use Cas@emplate Description
Use Case Name New trained ML/DL model inclusion
Use Case ID NOKSEUGC5

User story expression of use
case

As a user, | wartb add a new prerained ML/DL model so that
can be used for anomaly detection in rd¢imhe on stream data

Goal

To include a new ML/DL model in the list of the models to be
executed without updating the source code

Measurable KPIs for the goal
(if any)

None

Actors and stakeholders
involved

System Administrator, maintenance manager

Input data

Pretrained ML/DL models

Output data / actions

Updated list of ML/DL model

Summary descriptiog Main
success scenario

1. The user selects the new model to be added to the lis
pretrained ML/DL models

2. The system displays the list of files to be selected.

3. The user selects the model to be included in the mode
set.

4. The selected model is added to the list of prained
ML/DL models.

Extensions, exceptions,
variations

If the file selected by the user is not a model, the systiksplays
a warning message to the user.
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Possible generalisation of use
case

The pretrained model can be for a different purpose other tha
anomaly detection.
Any process can be called and added to a multi selection list.

Use case analysigelated to
which Digital Twiipipeline
steps

This use caskasbeensupportedthrough the following Digital
Twin pipeline steps (Delete if not related): Hybrid/Cognitive
Digital Twin Generation, Digital Twin Visualisation and Contrd

Table19: Use Case NOKSBIG6

Use Case Template Description

Use Case Name Syntheticdata generation for generielectromechanical
components

Use Case ID NOKSEUG6

User story expression of use
case

As a user, | want to generate synthetic data for electro
mechanical components so that | creat@chine break down
and/or faulty cases.

Goal To generate synthetic data needed for the ML/DL training
Measurable KPIs for the goal| None
(if any)

Actors and stakeholders
involved

Maintenance Manager

Input data

Matlab model for the electremechanical components,
parameters, reatlata, limits

Output data / actions

.mat file including the faulty data generated

variations

Summary descriptiog Main 1. The user selects the Matlab model for the eleetro
success scenario mechanical component.

2. The system loads the model.

3. The useinstallsthe virtual sensors.

4. The system generates data including faulty cases.

5. The system saves the data in .mat file.
Extensions, exceptions, None

Possible generalisation of use
case

Different model files and sensor types can be used to genera
synthetic data

Use case analysigrelated to
which Digital Twin pipeline
steps

This use caskasbeensupportedthrough the following Digital
Twin pipeline steps (Delete if not related): Hybrid/Cognitive
Digital Twin Generation

Table20: Use Case NOKSBIG7
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Use Case Template Description
Use Case Name Predictive Maintenance
Use Case ID NOKSEUG7

Userstory expression of use
case

As aMaintenance Operatqrl want to be notified about the
anomalies detected so that | take actions in advance before
machine breakdowns occur.

As aMaintenance Managen want to be able to perform
predictive management so that the cost of maintenance is
decreased.

Goal

To conduct predictive maintenance

Measurable KPIs for the goal
(if any)

All anomalies detected will be accurate, and that there will be
anomaly that is left undetected. Thus, False Positive False
Negative values of the defect detection algorithms used for
remaining useful time estimation will both be zero.

Actors and stakeholders
involved

Actors: Maintenance operators and/or maintenance manager

Input data

Data that is stored by IASTORAGE and streamedltftSTREAM

Output data / actions

Based on anomalies detected, remaining useful time estimati
is displayed

Summary descriptiog Main
success scenario

1. The detected anomalies asentto related actors
(Maintenance operator) in the form of selected
notification

2. The operator evaluates the case

3. The operator takes necessary actions to overcome the
anomaly

Extensions, exceptions,
variations

In some cases, despite the determined anomaly, the reason f
the anomaly is not associated witihe common cause of the
failure, ie. wirecut, but with a reason other than wireut.

Possible generalisation of use
case

The use case is applicable to similar SWP machines that are
in the steel pipe production process industry

Use case analysigrelated to
which Digital Twin pipeline
steps

This use caskas beersupported through the following Digital
Twin pipeline steps (Delete if not related): Digital Twin
Representation, Digital Twin Hybrid Analytics Models, Digital
Twin Visualisation and Control

Table 21: Use Case NOKSHES8

Use Case Template Description
Use Case Name Preventive Maintenance
Use Case ID NOKSEUGS

User story expression of use
case

As aMaintenance Managen want the system to be able to
control welding cell temperature so that the system acts
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proactively and eliminatesumarnin-the-loop for climate control
operation.

Goal To conduct preventive maintenance

Measurable KPIs for the goal| Energy consumption reduced by at least 10%

(if any)

Actors and stakeholders Actor: TIACONTROL

involved StakeholdersMaintenance operators, Maintenance managers
Air Conditioner in the Welding Cell

Input data Indoor environment, Welding Machine Generators
temperatures, and Welding Machine Generators current valug

Output data / actions The command tonanipulate air conditioner in the welding cell

Summary descriptiog Main 1. For each welding machine generators current (voltage

success scenario are measured. If any of these values is greater than 0

amper, air conditioners are turned on.

2. Temperature in the welding cell and welding machine
generator are measured. If for more than one hour
welding cell temperature is in between 2% Celsius or i
environment temperature is less than 20 Celsius then
the air conditioner status is set to ckas

Extensions, exceptions,
variations The cause of machine breakdown may stem from a reason th
not associated with welding wire cut

Possible generalisation of usq The use case is applicable to similar SWP machines that are
case in the steel pipe production process industry

Use case analysigelated to | This use caskas beersupported through the following Digital

which Digital Twin pipeline Twin pipeline steps (Delete if not related): Digital Twin

steps Acquisition, Digital Twin Representation, Digital Twin Hybrid

Analytics Models, Digital Twin Visualisation and Control

5.4.2 Final status and resolved challenges

The most important challenges determined so far are related to the data set: 1) not sufficient data has
gathered on system break downs, 2) some conflict has been determined in between the data set
provided by the experts, and the system collected data.

The collected data does not have many machine breakdowns, in order to cope with the first challenge,
synthetic data has been created to align the data set. While the machine is working, data is collected.
Missing failure related real data has been solvadiglly by means of a tool used to generate synthetic
data as close as possible to the real cases.

Labelling a dataset for failed data is a challenge, not only does it require real data for machine failures,
but also should expert knowledge be inserted into the models. To cope with the second challenge,
several online and face to face meetings with tfmenain experts have been conducted, and thorough
analysis of collected data has been performed. Data labelling took many of the effort spend for TMML
related studies.
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Multiple methods have been used for feature selection. Feature importance method is applied until
the cumulative sum reached to 0.99, Pearson correlation, was utilized. Analysis of variance was
performed to determine the distribution of the sensors andaldiversity.

Based on the real data collected, followings were determined: Electric current and vibration values of
the SWP machine components should be checked in order to detect the mechanical failures. The most
common unplanned machine downtime is related to Wire, @ad the most important feature for the
detection of Wire Cut is the electric current values coming from the Welding Machine. The components
that affect the machine downtimes and the sensors that can impact the machine downtimes have
been determined. Patas profiling library was used, which allows us to to analyze the attributes on
the entire data set one by one. to analyze the attributes on the entire data set one by one. As a
different method, a size reduction study was carried out by determining tladitips that cover each
other. With the determination of the qualifications, machine learning and deep learning studies
started. Depending on the type of algorithm, standard €r @minmax) scaling was performed on the
features.

Seven different algorithms were used. Classification and regression studies were performed with SVM,
RF, GBT, LSTM, KNN, LGBM and MLP algorithms. During the classification algorithms, it was made with
a different label before the failure in order to ensurthe predetection of the data
(MultiClassClassification). This label has the quality of a failure. In another scenario, the data before
the failure is labelled and the information about the time of failure and the moment of stopping is not
added to the déa. In this way, it is aimed that the algorithms capture a pattern here by labelling only

the data before the failure. In the regression studies, the dependent variable RUL was added to the
studies.

High accuracy results were obtained during the analysis of energy data. It is possible to predict the
energy that the factory will consume in the coming months. Energy efficiency is achieved with the
prevention of downtimes. Future energy consumption detgrovided by the regression module of

the LGBM algorithmThecorrelations of energy consumption with all other qualities were calculated
and reported. Meanwhile, it has been observed that the 'HGPressure Line Filter' attribute has a
high correlationwith the SWP Energy analyzer. These correlation values were examined during the
meetings with the experts in the field. The conclusion that the contamination of the filter would
increase the current of the motor and increase the power consumption wasrowmd by the expert
engineers in the field, and the filter was changed.

The pilot challenges in the Noksel pilot which relate to WP5 are summaridedbie?0 and Table
21. For more irdepth description of the data acquisition / collection challenges and solutions, we
refer to deliverable D4.
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Table20: Pilot challenges for Digital Hybrid and Cognitiv@igital Twinsfor NOKSEL pilot

Analytics Models Challenge Data cleaning and labelling
Requirement Preprocessingor ML/DL for predictive maintenance
Solution: Industrial Big Data Processing implementation

Challenge The number of features is high
Requirement Efficient ML models generation
Solution PCA on data

Challenge Difficulty in analysis due to high volume of data
Requirement Efficiency and performance
Solutiont Pandas Profiling is used

Challenge SWP is a heavy energy consumer, @aiiction on energy
consumption is required.

Requirement Energy efficient system

Solution Applied data analytics using correlation to suggest changing
hydraulic power unit pressure filters

Physical Models Challenge Missing models
Requirement 1st order model generation
Solutiort Models are generated in Matlab Simulink

Machine Learning | Challenge Algorithms did not learn very well on the collected data set
Requirement Quality ML models trained

Solutiont A thorough analysis was conducteahd feature selection is
applied

Challenge Missing data
Requirement ML/DL model training for predictive maintenance
Solutiont Synthetic data generation and data balanced sampling

Cognitive Digital Challenge To ensure that the predictive maintenance takes operators'

Twins knowledge and experiences into account, and enable preventive
maintenance for one of the most common factors of machine unplanng
breakdowns

Requirement Combine the Digital Twin based recommendations with t
inclusion ofoperator<knowledge

Solution Extractthe tacit knowledge from experts asasis for
developing the cognition. Paally by applying unusuality detection on
past data ontology development and storing ontology in relational
databases, and design an autonomous system that idesaifiing and
proactive.(ON2RDB)
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Table21: Pilot challenges for Digital Twin Visualisation and Contrir NOKSEL pilot

2Dvisualisation Challenge Slowness in big data visualization

Requirement Latency < 200ms

Solution View creations for zoom in and zoom outs

3D/4D visualisation | Challenge Custom 3D visualizations

Requirement none

Solutiont User preferred visual elements adjustments.(icelour, light,
etc.)

Control Challenge To prevent machine failure due to increases in welding
temperature

Requirement Set the temperature of the welding cell to the state that
enables the machine to work properly without break

Solution: Tt Performed data analytics afldACONTROL (a control systel
to control temperature)

In the beginning of the project, no contrbbs been planned for the NOKSEL pilot. However, after
¢9Ybht ! wQathdcolectedbigdata, a @mmon reason foBWPmachine failures has been
detected. The reason has been associated with increased temperature in the closed environment
where the welding machines are located. A control system has been designed and implemented by
TEKNOPAR to control the agnditioner in the welding room, and one of the major reasofis a

NBadzZ 6§ ¢9Ybht! wQa az2ftdziazy Id bhY{9] FIrOAftAGE Vy
but alsoby controlling the temperature value prevented that failure to hapg€amel, et. Al. IEEE Big

Data 2022)

5.4.3 Utilisation of toolbox components

The toolbox component set utilized for the NOKSEL pilot contains the followings: TEKNOPAR Industrial
Big Data Analytics (IDBA) renamedTé&DATA,TIAAPPS composed of multiple tools/applications
namely TIAMODELTIAPREMATIAOEE TIAMETRICS/IASTATISTICHAASP andIADATAGEN,

and TIAUX previously named as TEKNOPAR Industrial Control Panel and Visualisation (ICPV). The
TEKNOPAR StreamPipes (TStreamPipes ML) tool renam®ASP, and a synthetic data generator
named as TEKNOPAR Ti8ghDarenamed asTIADATAGEN.

Table21 maps the Use Cases, and their associated requirements to the components developed by
TEKNOPAR:

Table 21: NOKSEL Use Cases and TEKNOPAR Components Mappings
Use Case No | Realizing Component Name
NOKSEUG1 | TIASTREAMIIASTORAGE ®fADATA
NOKSEUG2 | TIAMONITORING,|IAPREMATIAMODELTIADATAGENTIAASP offIAAPPS
NOKSEUG3 | TIADASHBOARDIA3D of TIAUX
NOKSEUG4 | TIAMONITORING dfilAAPPS andIADASHBOARD amtiA3D of TIAUX
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NOKSEUG5 | TIAMODEL o IAAPPS

NOKSEUG6 | TIADATAGEN offIAAPPS

NOKSEUG7 | TIAPREMA of IAAPPS

NOKSEUGS8 | TIACONTROL Gi1AIOT andlrIASTATISTICSTWAAPPS

The components are all used together in a pipelBig. Data acquired and analyzed ThADATA is
processed by th@IAAPPS toolbox tools. Outputs BIADATATIAASP and IAPREMAare visualized
by TIAUX. Data generated BMADATAGEN can be used by different tools within TIAAPPS
toolbox Error! Reference source not found.

Digital Twin Data Digital Twin Hybrid/ Cognitive Digital Twin
Acquisition/Collection Representation Digital Twin Generation Y Visualisation and Control

TIA loT C/\) TIA DATA {(:3:} TIA APPS == TIA UX
5 e
N TIA SENSOR (BN TIASTREAM % TIA MONITORING TIA DASHBOARD

TIA PLC =V TIASTORAGE i TaPREMA TIA 3D
[ TIA CONTROL Q TIA DATA-GEN

s &
TIA STATISTICS
17| TIAMETRICS

o wow |

TIA MODEL

Depl: Edge On-Premi: Cloud HPC Mobile, Browsers

Data Data Storage/ Analytics/Al/ - Action/Interaction/
Acquisition/Collection Preparation Machine Learning Visualization/Access

Figure5: Pipeline for the NOKSEL pilot

6

5.5 SAARSTAHL Pilot

5.5.1 User requirements specification and user stories

Table22: Use Case SAGG1

Use Case Template Description

Use Case Name (Rolling Mill) Tracking System

Use Case ID SAGUG1

User story expression of use | As a SAG Dafcientist, | want a seamless tracking such that

case process data throughout the entire production process can bg
linked to the respective billet. This closes the missing link in tk
digital twin representation of individual billets and lays the
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groundwork for the usage of innovative Al tools spanning the
production process, aiding in optimizing production routines g
reducing environmental impact.

As a rolling mill technician, | want a linkage of blooming train
rolling parameters with finished goods & surveillance of
blooming train, e.g. for predictive maintenance/root cause.

Goal A seamless (near) re@ime tracking of billets in the rolling mill

Measurable KPIs for the goal| Tracking system performance, i.e. ratio of correctly tracked

(if any) billets, inference speed of tracking system.

Actors and stakeholders Rolling mill personnel, works council, IT integration, technical

involved development of system, maintenance of system.

Input data Video data from (rtsp) camera stream, tabular data (datetime
character string, numerical) provided in JSON format

Output data / actions Tabulardata (datetime, character string, numerical) provided i

JSON format; optional: video stream output.

With sufficient inference speed, resulting action could be
blooming train operator interfering to prevent deviation before
occurs if system triggers a warning with sufficient lead time.

Summary descriptiog Main

_ - ldentify/Assess (investment) requirements based on Ic
success scenario

site characteristics
- Set up necessary infrastructure
- Collect/Generate training data for Deep Learning
network
- Develop DL model for localization oflbe-tracked goods
- Develop tracking system
- Integrate tracking system into ambient infrastructure

Extensionsexceptions,

o None
variations
Possibl neralisation of . . . . .
ossible generalisation of use Tracking of miscellaneous goods in a large variety of possibly
case

demanding environments, especially also over large scales.
Current implementation is for moderate velocity oflve-tracked
goods, but could be adapted for high speed settings.

Use case analysigelated to

_ e A This use case will be supported through the following Digital
which Digital Twin pipeline

Twin pipeline stepDigital Twin Data Acquisition, Digital Twin
steps Representation, Hybrid/Cognitive Digital Twin Generation, Dig
Twin Visualisation and Control

5.5.2 Final status and resolved challenges
The pilot challenges in thif@aarstahpilot which relate to WP5 are summarizedTiable23 and Table

24. For more indepth description of the data acquisition / collection challenges and solutions, we
refer to deliverable D4.
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Table23: Pilot challenges for Digital Hybrid and Cognitive Digital Twifer SAARSTAHL
pilot

Analytics Models Analytical modelling for matching DL detections over consecutive fram

and different camera viewpoints

Physical Models 1 ChallengeBillet location needs to be known accurately for ML
algorithms to be able to optimize the process

1 Requirement Seamless billet tracking movement, constrained
physical environment

1 Solution Instance segmentation technology is used to track the
billets

Machine Learning 1 ChallengeNeed to analyse video imagery in order to understan
the movement of billets

1 Requirement Need to have effective training and use of Image
analytics includingerial photogrammetry including usBeep
Learning Neural Networldnalytical modelling for matching DL
detections over consecutive frames and different camera
viewpoints.

9 Solutiont Avisual debugger for neural networks Neuroscope wit
use of aerial photogrammetry

Cognitive Digital 1 Challenge Supportselflearning of the system also after i

Twins machine learning.

1 Requirement The system should provide alerts and
recommendations for operatorand be able to learn continuousl

1 Solution Provide interactive operator guidance

Table24: Pilot challenges for Digital Twin Visualisation and Contrar SAARSTAHL pilot

2D visualisation 1 ChallengeSuitable visualization for operators.
1 Requirement tracking of billets must be accurate and in réale
1

Solution User preferred visual presentations in Neuroscope tod

3D/4D visualisation | N/A

Control 1 Challengeinterfere in real time if critical situation is detected to
prevent damage to billet or the rostand

1 Requirement sufficiently shorinference time of model and
suitable visualization for operator

1 Possible Solutionalert operator with sufficient lead time and
provide suggestion for action

5.5.3 Utilisation of toolbox components

There has beesubstartial progress in the Saarstahl use casslated to the installation of optical
tracking sensory hardware onsite at the Saarstahl production facility, the implementation of
integrational components that allow the interoperability of the optical tracking system described in
the UseCase with Saatahl production planning systems, and the photogrammetric capturing of the
Saarstahl production plant to form a generative 3D maieiwingthe creation of training data for a
tracking system.
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Atechnical issudor the UseCase is that from the realizable camera angles, the rolled bars cannot be
separated optically. This means that rolled bars overlap in the image. A consequence is that the
envisioned software architecture consisting of a neural network forsga@mantic segmentation (i.e.
pixelwise labelling) of rolled bars, followed by a manually programmed component for the linking of
bars to sequences, will not work. The reason is that for overlapping bars, a semantic segmentation will
lose the information that the two objects are separate barinformation that cannot be retrieved

later. Rather than using this twwomponent approach, we will need to shift more responsibility to the
machine learning system by using either a network from the class of-ohjéict detection and
localization network, or instance segmentation networks. Mudthject detection and localization
networks means that the output of the network is a list of objects, each specified by a label and a
bounding box. The tecluhogy is well understood and mature, but is likely to encounter problems with
the very elongated shape of the rolled bars, which will lead to a very high degree of overlap between
the bounding boxes. Instance segmentation means that the output of the né&tiga label per pixel

(as for semantic segmentation), but different instances of the same object class are recognized and
receive separate labels. The technology is more promising for very elongated objects, but in general is
less mature and less undeostd, leading to a higher development risk and effértconsequence for

the toolbox components is that Neuroscope will be extended for support of the respective network
types. By the end of the project Saarstahl has taken over the refithe further customisation and
deployment of this through an internally funded project for the fall of 2023 and spring of 2024.

Data
Acquisition/Collection
(inchoding Data Ingestion
processing, Streaming, Data
Extraction, Ingestion Storage,
Different data types)

Data Analytics/Al/ Action/Interaction,
Storage/Preparation Machine Learning Visualisation/Access
(inchuding Storage (intluding data analytics, ‘ (including data presentation
Retrieval/Access/Queries Data ML model training, model environment/Doundary/ user

Protection, Curation, Integration verification, operation action and interaction)
Publication)

Figure 7: lllustration of the Saarstahl pilot pipeline
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5.6 SIDENOR Pilot

5.6.1 User requirements specification and user stories

5.6.1.1 Background

The steel production in the melting shop process is based on three main steps. The first one lies in
obtaining the liquid steel by melting iron ore (blast furnace, BF) or scrap (electrical arc furnace, EAF or
induction furnace). The second step (Seconddetallurgy, SM) is necessary for refining the liquid
steel, and the last one solidifies the steel during ingot or continuous casting processes.

The steel industry uses the ladles, which are cylindrical or tapered vessels, for processing and transport
the liquid steel. Once the liquid steepgducedin the furnace, it has to be stored and the steel makers

use the ladles for this purpose. Depending on the steelmaker, the ladle can contain from tens to
hundreds of ton®f liquid steel.

Most ladles have installed a porous plug at the bottom. It is responsible of the liquid steel stirring,
which is obtained by the injection of Ar op tirough it. The rising flow of the liquid steel promotes
the inclusion decantation from the steel to tletlag anchomogenizes the temperature and chemical
composition.

The main objective of the SM is to obtain the correct chemical composition and have enough
temperature for the casting process. In addition, there are several important tasks which must be
complete during the SM, as for example inclusion and gases remiovaitder to reach these
objectives, Sidenor has a SM mill consisting of two Liadieaces (LF) and a Vacuum Degasser (VD).
Each of the LFs have three electrodes, which are responsible of heating the slag, steel and ferro
additions. The ladle contains ttsteel and the slag for all the production process from the EAF to the
end of the casting process. The liquid steel has a temperature of around 1700 K in the ladle, and it is
covered with slag. The slag aweithe contact between the steel and the atmosphere, has lower
density than steel and consists basically of lime and oxide elements. The slag conditioning can be
improved during the SM by adding siigmers.

In order to store the liquid steel and slag with such high temperature, the ladle is built with a strong
outer steel shelland with aninside covered with layers of insulating materials (refractory). The
refractory is made of cerang@nd its most important properties are:

- handle the high temperature
- favourable thermal properties
- high resistance against erosion when in contact with steel and slag

The inner layer of refractory bricks, which are in contact with the liquid steel, are eroded by the
interaction with the hot metal and the slag. The bricks wmn away by each heat, and after several
heats they are so eroded that it is not safe to use the ladle one morehimae The refractory is
visually checked after each heat and dependingi®state, the ladle may be used one more heat, put
aside for repair or demolished. In case of repair, the upper bricks of the ladle, which are more eroded
will be replaced by new ones. Once the ladle is repaired, it is taken back into production. Later, based
on continuing visual inspection, the ladle may be deemed ready for demolition. In this case the entire
inner lining is removed and relined with new bricks.
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One important goal for Sidenor is to reduce the refractory costs by finding new methods for extending
the refractory life. One of the key points is to use the same ladle during more heats without
compromising the safety, but another important issue is talerstand better the mechanism that
drives the refractory erosion, in order to avoid as much as possible the worst working practices and so
to prolongthe working life.

5.6.1.2 Initial status

The ladle refractory lifetimes vary a lot depending on many production parameters. Moreover, it is
well known that if the ladle is not cyclically working, and it is out of use for several hours or days, the
lifetime is substatially reduced.

In a previous stage of the project, the use of 3D camera was considered for measuring the erosion
distribution inside the ladle, but this approach was rejected due to economical and operational costs.
On the other handanalyzing thermal images from outside of the ladle was considered to be a good
solution. This latter technique is being explored by the consortium, because it can match the results
obtained from developed models with the experience of the operators, whalyaes the refractory
situation, and takes into account the security, productivity and process parameters when using the
tool.

5.6.1.3 Target for development

The main goal is to develop a model whose results can help to decide whether the ladle could be used
one more time safely. The model should exploit both historic and current production data. The model
added to the knowledge of the operators could éxploited andcontribute to cognitive elements of

the model.

In addition, the model should give information about which parameters dominates the ladle refractory
erosion andgive tips about which precautions may be taken to extend the refractory lifetime.

5.6.1.4 User stories

Table25: Use case SidenttC1

Use Case Description

Use Case Name Development ofa physicsbased modefor ladle refractory wear
Use Case ID SidenorUG1

User story expression of use | As a user, | warthe model to deliver erosion states and wall
case temperaturesso that thisinformationcan be used as input to

other models or give a direct advice about if more use of the
refractory is safe

Goal Predict the temperatures and erosion state of the ladle
refractorywallsafter N uses

Measurable KPIs for the goal| Enable one more safe use of trefractory, compared to pure

(if any) human assessment
Actors and stakeholders Sidenor personnel: End user
involved Nissatech personnel: Integrate the model into StreamPipes

application, hybridnodelling

Classification Public Page47of 175



COGNITWIN

DT-SPIREB6-2019 (870130) Deliverable 3.4
SINTEF personnel: Developers, hybratlelling
Input data Data provided as *.xIsx and *.csv files
Output data / actions Output data, provided as *.xIsx and *.csv files and plots from

Python (screen or *.png to file)

Summary descriptiog Main
success scenario
Extensionsexceptions,

To be explained in paper on the PPBM method.

o Model has multiple simplifications, but also the poti@hto be
variations improved where necessary.
Possible generalisation of use

The model can be extended to any ladle process which involy
case refractory challenges and metal refining.
Use casanalysig; related to

_ o AR This use case will be supported through the following Digital
which Digital Twin pipeline | 1yin pipeline steps: Digital Twin Data Acquisition, Digital Twil
steps Representation, Hybrid/Cognitive Digital Twin Generation, Dig
Twin Visualization and Advice

5.6.2 Final status and resolved challenges

Asthe model development progresseitt became clear thad more direct wayas neededo push
data from Sidenor to the development tear@ata was then pushed to a8=TP serverand then
organized in a database at Nissatethe input part of thd®PBMmodel was adapted to read from the
database, such that it can operate continuously in data that is coming from the produde@sured
temperatures from the upstream Electric Arc Furnace (EAF) was progligedo needsfor having
initial data for the PPBM modi@nd wasclarified earlier Themodel is now using an optimization
scheme to fid the initial steel temperature if reliable data is not availabléhe result is satisfactory
predictions of the steel temperaturevolution during the heats.

During theCOGNITWIN consortiuM36 meetingin Bilbao inOctober 2021it was noticed that the
agitation in the steel is extremely powfal duringsimultaneousgas purging and vacuum treatment.
ConsequentlyCFD calculations were performed thiacorporates the physical effects of vacuum
treatment. This effect was previously deemed less importaihe result is thattte model nowpredicts
considerabhlarger erosion rateduringtimes withvacuum treatment.

The data thatvasprovided on detailed erosion distribution, at time of repair and at time of demolition,
hasnow beenred and used to tune the model and for model validation.

The model has beesppliedto simulate the entire lifespaall ladles and heats operated in 201%he
PPBMmodel is now simulating the temperature evolution in metal, slag and refractory, during time
with metal, and then simulating the temperature in the refractory during waiting time for the next use.
During time with metal the erosion is simulatethe erosion from the previous heat is input to the
next heat.The modelwasslightlytuned to reproduce the erosion at the time of repair. At repair, the
model is repaired in the same manner as the physical latihee mayor tuning constants now are the
intergraindiffusion lengths for dissolution of carbon into the staatthe thermal conductivity of the
MgOC lining bricks.

A generatuning strategywasdevelopedput it was not applied in its general forrihe challenge here
may be quite typical fothis type of industrial application:
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i) A very important input to the model the steel mass in the ladle. The steel mesaot

feasible to masure directly but is done downstream, by measuring the mass of thtatl
was castd through the casting machindn cases with operational trouble treast mass
may deviate considerably fromeal mass of steel in the ladle. As a result, all steel mass
below 110 tons was assumed to 110 tons.

ii) The measurements of ladle corrosiesrosionare picking the most worn bricks at each
height in the ladleThe variatios along the ladle perimeter itherefore unknown. This
knowledge would be crucial for detailed tuning of the model and desessing the
probabilistic accuracy of predictions.

The work has demonstrated the importance of the project development team having a very good
understanding of the process. This is a prerequisite for building the best possible model. The Sidenor
data is typical for this type of heavy industry and cannotused directly without qualified pre
processing. It is therefore critical to have a close interaction with the pilot owner.

The Sidenor pilot caskas beenprogressing as planned and model predictiamsderline the
importance of operational parametersuch & duration of metal treatment, duration ofacuum
application, gas injection anidjection gas flow rateThe development tearhasbuilt one physics

based model of the erosion process. The thermal part of this miodetated earliethat it might be
possible to obtain a mapping of the internal erosion state of the ladle by combining a physics based
model and thermal images of the outside wall of the ladigeresting, the physiebased model
indicates that the steel is penetrating-between refractory bricks and thereby increased the effective
thermal conductivity of the refractory. This seems to be the only way to explain the thermal data. In
addition, ths is consistent with early ThermCam images that show that the ladle outside is hotter in
the lower part where erosion, at least at the beginning heats, is less pronounced.

We havecombired the methods mentioned above, to arrive at a hybrid twin that exploits the best of
the different approaches.Hybridization methods, based on StreamPipes, are develdpto
orchestrate the hybridizatiorand the cognitive twin.

The pilot challenges in thfgidenorpilot which relate to WP5 are summarizedTiable26 and Table
27. For more indepth description of the data acquisition / collection challenges and solutions, we
refer to deliverable D4,

Table 26: Pilot challenges for Digital Hybrid and Cognitive Digital Twirfigr the Sidenor

pilot
AnalyticsModels 1 Challenge Predict the maximum number of heats before
(Plant DT with demolition
ML/AI) (task 5.1) 1 Requirement Exploit all the data that can be provided by Siden
(by task 5.1) Data quality must be assessed. The model must provide an an

at the end of each heat: Is one more heat safe?
91 Solutiont Arrive at the best ML/AlI model that may explain the
data, after normal cleaning.
Physical Models 1 Challenge Predict the thermal evolution and the degradation of
the refractory and based on that, predict the maximum number
heats before demolition

Classification Public Page49of 175



DT-SPIRE6-2019 (870130)

COGNITWIN

Deliverable 3.4

1 Requirement Model must be fast and tuneable to the available
data. The model should qualitatively explain the relations that I
been observed by operators.

1 Solutiort Develop a pythofbased numerical model, based on all
possible simplifications (PPBM method)

Machine Learning 1 Challenge Interpret thermal images taken of the outside of the

+ any needs for ladle

Deep Learning 1 Requirement Based on the images, tell if the ladle refractory orf

/imagery, the inside have problems.

Performance (tasks f Solution Combine predictions by the physics model with image)

5.2/5.3) analysis. This may indicate another special application, based
the PPBMbased model.

1

Hybrid Digital Twins 1 Challenge Exploit the physicbased model and the data, to arrivg
(by task 5.4) at an improved model with improved prediction power.

1 Requirement Model should be able to incorporate the physical
elements that has not been considered by the phybigsed
model.

i Solution The ML/AlI model maysethe predictions from
the physicsbased model, together with other data that
was not directly explored and arrive at an improved
prediction.

Cognitive Digital 1 ChallengeInvolve cognition into theilot - self learning and
Twins reactivity with operator interaction
(by task 5.5) 1 Requirement The knowledge of operators must be acknowledg

1 Solutiort Train the operators to work with the model and build
confidence that the operators, based on model predictions, ma
make a correct decision.

Table27: Pilot challenges for Digital Twin Visualisation and Contriar the Sidenor pilot

(by task 5.1)

2D, 3D/4D 1 Challenge Visualization of the thermal and erosion state of the
visualisatiorand refractory

Human interaction 1 Requirement Fast and simple

(including speech) | Solution Combination of Paravietased visualization and simplg

line plots to show the current refractory state, according to the
model. This will be assessed by the operators

Controlg system
interaction (related
also to autonomous
Cognitive Twins)
(by task 5.5)

No interaction with control system is planned

5.6.3 Utilisation of toolbox components

The toolbox elements, being developed and used in the pilot, are "Pragmatism in physecs
modelling" (PPBM), the " Hybrid model Designer for StreamHipesd Toolbox ", " Set of adapters
for StreamPipedbased Toolbox " and " Services for resolvingl wear / equipment degradation
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problems in process industry”. In additioseveral classical machinkarning methods (Python
libraries)havebeen applied.

An illustration of the Sidenor pildtybrid digital twin pipeline is shown Figure8.

.. . Hybrid/ Cognitive Digital Twin
Digital Twin Data Digital Twin yor ./ gn Dlgltal !
S . . - Digital Twin - Visualisation and
Acquisition/Collection Representation .
Generation Control

IR
Cameras

PPBM — first
principle
i model

ML/AI-
hybridization

systems

= On-plant —
c c
© sensors Stfeam o
-9 FA3ST Pipes + 4 D2Lab-C oy
. Plant data siddhi -
g . (SAP) to £ > D2lab-C | 2
b} Realtime cloud N o
= sensor/data ©
i —>| Python =

Deployment: Edge On-Premise Cloud HPC Mobile, Browsers
Data Acquisition/Collection Data Stor?ge/ Anealytlcs/Al,_' - A.ctnor_1/|n.teract|on/
Preparation Machine Learning Visualization/Access

Figure 8: Utilisation of the toolbox components in the Sidenor pilot
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6 Plant Digital Twins with ML/AI

A plant digital twinis a digital replica of the real plant. A modern digital twin gets is esgen
behaviouralcontents from aplant mode| linking simulations with ofine data and various services
such as data visualization and analytics, wihanhaly®s, or 3D plant animations. Currently, the huge
potential of the digital twin technology is reflected in a better design of an asset, based on extensive
simulations in various conditions. A model can be used for improving system dynamic behaviour,
designing a moddbased cotroller, or a stateestimator. Modelbased fault detection and isolation,
operator training simulatorsor plant analysisis well asntegrated plant and control design are other
examples ofpplicationsrequiring a proper dynamic process model.

The models can be very detailed and enable powerful simulations. In the heavy process industry, the
models are often built based on physical considerations, tuned and complemented in varigisyway
data from experimental tests or normal operation. Task 5.1 aims to promote use of ML/Al methods
suited for such problems and extend and/or develop new algorithms to further improve the
performance of the control, monitoringnd maintenance systems.

6.1 Obijectives, challenges, and components

Task 5.1 (T5.1) examines the role of simulation models and data to effectively modebriehhssets.
T5.1 identifies, selects, and extends/develops further ML/Al metipaaiscularlysuited to challenges
of the process industry. Eventually, it will provideelp and assistancdor selection and
parameterization of ML methods, as justified and illustrated by pilot case experimentation.

Thestate-of-the-art of the T5.1 methodology was described in the COGNITWIN WP5 M6 deliverable
(D5.1) Sec. 4.2. The methods of analytics are developing in a fast pace, and much of the required
infrastructure for sensor, data, and automation exists. However, due to the natfitbe heavy
process industry, the changes in the industrial practice can be &dsgussion of theseopics is
emerging in thescientific community

The heart of most ML/Al approaches is in learning from data. This poses sdradiesnigesn the heavy
process industry, which is typically characterizedloy processedarge size and complexity of plant
installations, and heavy safety requirements, which prohibit approaches based heavily on exploratory
data generation and testing. Plants are typically operated in production mode, Wdadsto the
operation data notbeing rich in information. Therefore, the role of physical modelgasticularly
pronounced. A significant challenge is to assess the feasibility of various prodasatapproaches

in the process engineering context.

T5.1 participates in providing components to the COGNITWIN toolbox, focusing on the full exploitation
of physical plant models and ML/AI approaches in datalytics and datariven model tuning. The

work in COGNITWIN associated with T5.1 largely origirfeden the development of solutions to pilot
case problemsThe case pilot problems were briefly described in Sec. 5, more extensive descriptions
are givenin the pilot work package deliverables (B1D24 and D34). The role of T5.1 is to focus on

the exloitation of physical modéhg aspects on one side, and on dalté/en techniquesg; such as
ML/AI ¢ on the other. Thdusion of data and physical knowledde/ridizatior) aspects are paially
considered in T5.4 on hybrid digital twiaed extendedo human and cognitive aspects in T5The

work in T5.1has beerpilot-driven, in that the methodbave beerexamined in solving the COGNITWIN
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pilot case problems, and promising solutidreve beergeneralized for extended use via the T5.1, to
be crossautilized in other COGNITWIN pilot case$ubure process industry applications.

Table 28 and Table29 summarize the challenges, requirements and solutions related to analytics
modelsand machine learning models, respectivéty,the six pilots. As this isfandamental issue for

all the pilots, several different challenges have been identifi@dcommon thread for all the pilots is
that large amounts of data are availabtbat can be utilized to develop models to aid operation
Visualgation of the data is another importar@spect, and the challenges, requirements and solutions
pertaining to visualisation are summarizedriable30. In Table31, we show the mapping between the
toolbox components and the pilots for tasklb.

Table28: Analytics Modelg challenges, requirements and solutions

Pilots Analytics Models (Plant DT with ML/AI) (task 54 Challenges,
Requirements and Solutions

Hydro 1 Challenge Sensor measurements of HF is available for analytic
1 Requirement Datadriven/machine learning approaches should
give a good basis for analytics
T Solutiort Predictiveanalytics based on collected sensor data.

Elkem 1 Challenge Low correlation between measured variables and
desired output.

1 Requirement Accurate estimation of key variables used by
physical model.

1 Solutiort Utilize data from infrared cameras and physical mode
when training ML model

Saarstahl 1 Challenge
1 Requirement Analytical modelling for matching DL detections
over consecutive frames and different camera viewpoints.
9 Solution
Noksel 1 Challenge Data cleaning anidbelling
1 Requirement Preprocessing for ML/DL for predictive
maintenance
1 Solution: Industrial Big Data Processing implementation
1 Challenge The number of features is high
1 Requirement Efficient ML models generation
1 Solution PCA on data
1 Challenge Difficulty in analysis due to high volume of data
1 Requirement Efficiency and performance
1 Solutiort Pandas Profiling is used
Sidenor 1 Challenge Predict the maximum number of heats before

demolition
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1 Requirement Exploit all the data that can lgovided by Sidenor.
Data quality must be assessed. The model must provide an an
at the end of each heat: Is one more heat safe?

1 Solutiont Arrive at the best ML/AlI model that may explain the

data, after normal cleaning.

Challenge Physical models can be slow to evaluate fofine use.

Requirement: Means for model simplification and tuning are

needed.

1 Soution: Development of suitable tool3.0olbox components:
FUSE/PMFIR, FouMon/HX model.

SumitomoSHI FW

= =4

Table29: Machine learningz challenges, requirements and solutions

Pilots Machine Learning; + any needs for Deep Learning /imagery,
Performance (tasks 5.2/5.3) Challerges, Requirements and Solutions
Hydro 1 ChallengeQuality of vital sensor measurements (HF) is difficult
assess

1 Requirement Datadriven/machine learning approaches should
give a safe, secure result such as to ensure best online operati
the hybrid Digital Twin

T Solutiont Anomaly detection algorithms are carefully tested and
validated offline

Elkem 1 Challenge Machine vision algorithms are difficult to develop for
every scenario due to moving equipment and a harsh environn

1 Requirement Datadriven/machine learning approaches should
give a safe, secure result such as to ensure best online operati
the hybrid Digital Twin

1 Solutiont Automatic detection of regions of interest in images of
moving equipment.

Saarstahl 1 ChallengeNeed to analyse video imagery in order to understan
the movement of billets

1 Requirement Need togeneratetrainingdatafor Deep Learning
Neural Networksn specified quality and compositiarsingaerial
photogrammetry.

1 Solutiort Avisual debugger for neural networks Neuroscope wit
use of aeriaphotogrammetry

Noksel 1 Challenge Algorithms did not learn very well on the collected dg
set
1 Requirement Quality ML models trained
1 Solutiort A thorough analysis was conducted and feature selec

is applied

Challenge Missing data
Requirement ML/DL model training for predictive maintenance
Solutiont Synthetic data generation and data balanced samplin

=a =4 =4
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Sidenor 1 Challenge Interpret thermal images taken of the outside of the
ladle

1 Requirement Based on the images, tell if the ladle refractory or
the inside have problems.

I Solutiort Combine predictions by the physics model with image
analysis. This may indicate another special application, based
the PPBMbased model.

SumitomoSHI FW 1 ChallengeFusion of physical models and process measuremer
data is complicated as data may be very sparse and models n¢
accurate/detailed enough.

1 Requirement Algorithms must survive with sparse data, and
iterative computations canot be excessive.

9 Solutiort Solutions will be sought by using-tgpdate modetbased
state estimation techniqued.odbox components: FUBEKF,
FouMonEnKF, SubFUSE, FouCon/Prony

Table30: Visualisation and Human Interactiog challenges, requirements and solutions

Pilots 2D, 3D/4D visualisation and Human interaction (by task 5.1)
Hydro 1 Challenge Design of a new GUI for GTC operator support
1 Requirement Operators need to be able to evaluate the reliabil

of digital twin solutions and read recommendations for optimal
alumina flow control

1 Solutiort Custom user interface to meet operator needs in
Cybernetica Viewer

Elkem 1 Challengelt is difficult for the operator to act on
recommendations from digital twin hybrid unless it is visualized

1 Requirement Data from the decision support system needs to
made available in to the control room operator in an e&sact
upon, visual manner

1 Solutiont Use Cybernetica Viewer to visualize data
Saarstahl 1 ChallengeQuitable visualization for operators.
1 Requirement tracking of billets must be accurate and in r&ade
T Solutiort User preferred visual presentatioimsNeuroscope tool
Noksel 1 Challenge Slowness in big data visualization
1 Requirement Latency < 200ms
9 Solution View creations for zoom in and zoom outs, User
preferred visual elements adjustments (i.e. color, light, etc.)
Sidenor 1 Challenge Visualization of the thermal and erosion state of the
refractory
1 Requirement Fast and simple
1 Solutionr Combination of Paraviewased visualization and simplé
line plots to show the current refractory state, according to the
model. This will be assessed by the operators
SumitomoSHI FW 1 ChallengeQuitable visualization for operators.
1 Requirement Simple and illustrative
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1 Solutiont Usetechnology developed bgumitomoSHI FW
1 Challenge Optimization tools require proper formulation and arg

highly dependent on the type of the problem.
1 Requirement Automatic updating by preletermined interval.
High robustness of solutions is required, especially with autom;
actions without human decisiemaking. Obtaining of solutions
(even suboptimal) should be ensured.
Solution Careful selection of cost function vs. Solvers.
Todbox components: FouCon is to include optimization

= =4

Table31: Toolbox components per pilot used by task 5.1 Plant digital twins with ML/AI

6.2 Detailed description of activities performed

The progress itask T5.10on plant digital twins with machine learning and artificial intelligenaodl
M18 was reported ithe deliverableD5.2and M13M30 in D5.3Here, a summary of all contributions
up to M42is provided.

6.2.1 Monitoring of fuel characteristics and fouling

The UOULU (University of Oulu, Intelligent Machines and Systems research utargbhbgocused
on the SumitomdsSHI FWpower plant pilot case problem (WP3). This case considers the monitoring
and control/maintenance of heat exchange surface fouling.

As a component for solving the problem, a fuel characteristic estimator has been developed (the FUSE
componen), as well as a tool for tuning physical models (the PMFIR tool). Thetlvesrkonsideed

tools for online monitoring of fouling (FouMocomponent including the physical modelling of a heat
SEOKI y3ISN) I yR -hased SstatalmisBnatidinyto bé faRovéd by development of
optimization tools(FouCon component)The tools emerge from solving the WP3 pilot case problem,

but are intended and plicable for a much wider set of problems in the heavy process industry.

The development of the approach and methodology of FUSE (fuel state estimation) and PMFIR
(physical model finite impulse response) tools were covered in deliverable D5.2. Theuggéstion
in PMFIR is to use dynamic tuning elements at the outputs of a physical model, which enables both the
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application of robust parameter estimation ML techniques and availability of the original physical
model results gee Fig9Error! Reference source not found.The FUSEomponentthen implements
estimation of uncertain inputs via unscented Kalman filter, an implementatioBagksian state
estimation using simulations from the tuned physical model.

The PMFIRmethodological oyputs have been published in journal papg@konen & Selek, 2021The

paper provides a more thorough examination of the capabilities of the PMFIR approach, and also
extends comparison of the approach from finite state Markov chains to multilayer sigmoid neural
networks time series. An application to state estimatiomgdJKF (unscented Kalman filteringglso
provided.

Figure9: The PMFIR approach

The PMFIRrinciple of tuning physical model outputs was applied for the WP3 pilot probletheln
considered caséat pilot sister plant)the fuel feed consisted of fractions of demolition wood, peat
and woodchips. Using the tuned model, the fractions were estimatedinenusing the FUSi&ol
(described in more detail in D3.Zr’he FUSE method was then applied to the actual WP3 pilot plant.
However, the operation mode of the WP3 pilot was different from that of the sister @adtthe
validation of the estimatiorof fuel characteristics was left incomplete. In conclusion, the FUSE
approach was judged as successtfubugh potentially not feasible with the pilot due to the current
operating practices of the pilot plant.

The FUSEomponentand the examined method/procedure is expected to be applicable for other
input/parameter/state estimation problems as well. A generalized FUSHEddKRas been provided
for the COGNITWIN toolbox, providing a flexible implementation for the UKF statexstimsing a
physical plant modelAn alternative EnKF state estimation tool is also providdte PMFIR tool
algorithms have been published in detaihda Matlab tool is available for download

A parallel SubFUSIBmponenthas been developed in view of the WP3 pilot problem. $hbFUSE
focuses on datariven process identification using subspace technigassan alternative to physical
modeling The solution for the state estimation problem is then simple and computationally much
more affordable The SubFUSE approach was published in a meeting paper iN&Rbnen, Selek,

& lkonen, 2021
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The modelbased state estimation requires a physical model of the plant. In order to solve the fouling
monitoring and control problem, a physical model of a heat exchanger was constrectesidering

the main phenomena between flugas and the watesteamsystem.The heat exchanger model can

be used for simulation of other heat exchangers as well, given proper dimension, medium, and
material data.

|
: |
- w Flue gas iy Flue gas il mf, Flue gas ‘
mputs | 9 ; 9 P . |outputs
Dws,in | ‘ / ws,out
%)\i\‘,ln | ’ zw.\;uur
,71“'.‘1”!( ,__>: —-’1 ,nlt’.\,lll
I’;jg,m | \ fq.out
Jain |
"Uq,m |
' |Water/Steam| .. |Water/Steam| ... nn;,. Water/Steam
|
|
| Control volume 1 Control volume 2 | | Control volume n

FigurelO. A heat exchanger model.

The methodology using nonline&ayesiarstate estimation tools as well as subspace identification
and associated observer design tools, has been further developed and used to solve the WP3 pilot
problem in fouling monitoringThe modelbased tool palette is extended with ensemble Kalman
filtering. This part of the work by UOULU is reported in task T5.4 (hybrid digital twins), as it involves
more heavily also datdriven tools in addition to physical modeased.The further developmerst
towards cognitive gpects are reported in task T5.5 (cognitive digital twins).

6.2.2 TEKNOPARTIA PREMA

TEKNOPAR has focused on the NOKSEL pilot case of a metal sheet roller system of spiral welded pipes
(SWP). The goal is to monitor the production process maah@functioningand enable prediéte
maintenance

STEEL 4.0 Teknopar Machine Learning LibFatizl() wasenamed asTIAPREMATIAPREMAs being
continuously developed for Task 5.1 and T3 2ibrary ofML/DL (machine learningbdeep learning)
algorithms has been created and testdd. TIAPREMAdifferent machine learning algorithms are
applied through the incremental PCA stage to detect anomalies. Prediction results are produced using
different machine learning libraries. Both Spark MLIib and Keras were used. Sparksididituced
entirely by Sparkanddzd Sa { LJ N] Q& Sy 3Ay S 2 odéssingiker§shibrafy2that f | NH S
uses TensorFlow, is used for deep learning purposesLding ShorTerm Memory(LSTM algorithm

of this library is utilized. This opemurce neural network library makes it simpler to work with artificial
neural networks through its user interface facilities and modular structure. The-Beddin library is
another opensource machine krning library that contains several algorithms for regression,
classification,and clustering. We used algorithms like RF, GBT, LSTM, lKENMNland multilayer
perceptron (MLP) fromthe ScikitLearn library for data modelling and predictiomhe trained
algorithms have been compared in predictive maintenance.

TheTIAPREMANd TIAUX tools are described in the component/tool templatehia Appendix.
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6.2.3 Predicting the Slag Generated in the Furnace and Measured After Tapping

SINTEF Digital used machine learning models for predicting the slag generated in the furnace and
measured after tapping, in the Elkem pilot in WP1. The input time series data are measurements from
the furnace, materials addedind posttap hole measurements from previous tappings. Several
machine learning models were evaluated and compared, including support vector machines, a k
nearest neighbour algorithpand ensembles of decision trees. The results from testing these methods
have proved useful in getting better understanding of the underlying process, e.g. with respect to
parameter importance. Still, neural netweblased models outperformed the other models. The best
results have been obtained from modelhichtake sequences of data as input. A model consisting of
one convolution layer followed by three LSTM layers have been trained on filtered data to predict the
trend in slag measurements. Many sequence models have been tested, but all give similar or worse
results compared to LSTM models. Even if tbeent models show some predictive abilities, their
results are still quite unreliable. This makes it difficult to tune models and compare similar results.
Further development on the model is on hold, awaitidaa from the tap cameraecentlyinstalled in
Bremanger This will be analyzed arithplemented into the modelThe new model will then be
evaluated, and further improvements rely on a cooperative and iterative process; by analyzing and
discussing the results of the current best models, more ingigbtthe process might help in the tuning

of the models.

Thestatus ofBedRock todk given in Chapted.2.2.2 and is explained ithe Appendixof COGNITWIN
report "D5.1 Baseline Hybrid Al and Cognitive Twin Toothox

6.2.4 Estimation Technique for Parameters of the First -Principles Models

Cybernetica is applying a recursiegtimation technique to estimate parameters and states of the
first-principles models of the Elkem ferrosilicon refining pilot and the HyglsTreatmentCentre

(GTQ pilot. The physical models are formulated as a nonlinear siptece model, which typically
includes an integration frormane sample time to the next. Some of the parameters are quite uncertain
andvary with time in a manner that is difficult to model. The interfacial area between slag and metal
is one such parameter in the Elkem model, as it varies due to complex fluid dynamics which is
unsuitable for modelling in a reéime application. This parameter is important for calculating the rate

of the reactiongaking place at the slag metal interface and thus affects the composition of the metal.
In order to estimate this parameter using the available measurements online, the state vector is
augmented withthe parameter vector and the model is extended with a ddtiwen noise model.
Applying a recursive estimation algorithm to this extended model, such as a Kalman Filter or a Moving
Horizon Estimator, allows us to estimate uncertain parameters online. Gaeahas to be taken when
choosing which parameters to estimate online, and combining the knowledge of which parameters are
uncertain from a physical point of view, together with the knowledge of which parameters the model
is most sensitive to has prov@owerful in previous applications.

6.3 Progress beyond Sate of the Art or State of the Practice

A number of physical models and ML/AlI methods have been developed/applied in solving the
COGNITWIN pilot case probleni$ie LSTM recurrent neural network approach has been found
applicable in several pilot3he novel methods of modbhsed state estimation have been considered

3 Public reports (sintef.no)

Classification Public Pageb9of 175


https://www.sintef.no/projectweb/cognitwin/public-reports/

COGNITWIN
DT-SPIRE6-2019 (870130) Deliverable [5.4

as very promisingnd feasibleapproaches in the fusion of physical models with plant datsolving
the pilot case problems

Development and execution of detailed physical models require a specialized software. Typical data
storage/communication platforms do not support established ways of representing and solving
standard physical model forms, such as ordinaryiphdifferential equations Highlysophisticated
physical modéding tools do exist, however, such as Matlab (including Simulink and Simscape), CENIT
and others, used in the COGNITWIN. A digital twin requires a meacsnioecting to externatools.
Following the basic principle of WP4 interoperating toolbox, this connection has been developed using
e.g. OPA@A and MQTT services for data transfer.

The significant lesson learned from the applied work is the importance of fusing physicalingpdel
with plant data. This has been experienced in several (if not all) pilots, where it has been observed that
the operation data history is of limited range. In the development of plant operation optimization and
control, the models need to cover areastrtgpically visited by the plant (as tlaptimization is likely

to change theoperation point). A similar problem appears in maintenance/fault detection and
isdation in datadriven moddling of rare events. Therefore, dathiven approaches alone are not
sufficient. Digital twin provides a tool farfusion of data and models. A general approach for physical
process model tuning based on plant data has been proposed. In an alternative approach, the physical
model has been usetd generatecomplementing data for ML/AI learning.

6.4 Summary of the key achievements
Since M30much of the work has already moved from plant digital twins with ML/AI (T5.1) to hybrid
digital twins (T5.4) and towards cognitive digital twins (T5.5).

Papers on the COGNITWIN T5oltcomes were published in a scientific journahd in a scientific
conferences.

1 lkonen, E. and |. Selek (2021) Fusing Physical Process Models with Measurement Data Using
FIR CalibratiorControl Engineering and Applied Informatis (2), 6776.

1 lkonen, E., M. Neuvonen, I. Selek, M. Salo and M. Liukkonen (ZD2Rhe estimation of
circulating fluidized bed boiler fuel compositidt8th UK Automatic Control CoungilKACC)
International Conference (CONTROL2022),¢222 April 2022, Plymouth, UKDOI:
10.1109/Control55989.2022.9781460

1 Neuvonen, M., I. Selek and E. lkonen (2@4fjmating Fuel Characteristics from Simulated
Circulating Fluidized Bed Furnace Data.Conf. on Systemsand Contydl / { / @26 MavX H n
2021, Caen, France, 2021, pp. ¢012.

1 lkonen. E and I. Selek (2020) Calibration of physical models with process data using FIR filtering.
The 2020 Australian and New Zealand Control Confef@&it2CC 2020), Z& Nov 2020, Gold
Coast, Australia.

1  (Neuvonen, Selek, & lkonen, 20ZKonen & Selek, 2021)
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1 Seyithan Temel, Emre Ummak, Abdulkadir Tokgdz, FlrkarP | = mi £t SY 1 o6l &NJ 1

YR adzN} i ml GdntoRSydtedz Désigmandiltplementation Based on Big Data
and Ontology IEEE BigData 2022.

¢C9Ybht! wQa Llzof AOFGA2ya gKAOK INB Faa20AFr SR gAd

1

{ St cedz] = ® P2 «wyltz tdz ' f0FIENITZ modxz 3 W2
Generation and Predictive Maintenance for Vibration Ditaltidisciplinary Digital Publishing

Institute.

¢SYSts {dT 'YYI1Z 9% ¢2131T2 ! dX LOP|IZ CohI |
Control System Design and Implementation Based on Big Data and Ontology. Osaka, Japan.

Unal, A. F., Kaleli, A. Y., Ummak, E., & Albayrak, O. (R02tnparison of Statef-the-Art

MAchine Learning Algorithms on Fault Indication and Remaining Useful Life Determination

by Yelemetry Datal' he 8th Interhational Conference on Future Internet of Things and Cloud

(FiCloud 2021).

Unal, P., Albayrak, O., Jomaa, M., & Berre, A. J. (AD2@)Driven Artificial Intelligece and

Predicitve Analytics for the Maintenance of Industrial Machinery with Hybrid and Cognitive

Digital Twins. ITechnologies and Applicatipns for Big Data Valpps299320). Springer.

5SPSOAZI . | &3 4StiGA12€fdE adr !fo0lFE@NI 12X mox
Enabled Bearing Fault Detection Methods Based on Image Representaforsation

Systems Frontiers

5SPSOAZI . @ | &3 4SSt iA12€fdE ads ! LI ¢ ! fol ¢
Deep Transfer Learning Methods on Bearing Fault Detection., (p. The 8th International

Conference on Future Internet of Things and Cloud (FiCloud 2021)).

Kaleli, A. Y., Unal, A. F., & Ozer, S. (2@2\ultaneous Prediction of RemainibgeduiLife

and FailuteLikelihood with GRU based Deep Netwroks fpr Predictive Maintendahee44th

International Conference onf Telecommunications and Signal Procssirgp1304). IEEE.

The followingcomponentsools in the COGNITWIN toolbaxere developed:

= =4 —a —a A

1

FUSEomponent(Fuel state estimationwith PMFIR and UKF tools.
TIAMODELmachine learning libraty
TIAAPPSTIASTATISTICBAMETRICS,

TIAUX industrial control panel and visualizati@D modeling and digitatwin),
Bedrock toal

FouMon (Fouling monitoring) /Heat exchanger model tool.

These tooldnethods have been validated in at least one COGNITWIN pilot and are available for the
development of applications in other pilote the COGNITWIN toolbo¥ideo demonstrations are
available, the tools are described in more detail in the appenidieir gplications are described in

the associated pilot cases (@iD34).
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6.5 Conclusion

Task 5.Xfocused on the use gfhysical modelling, visualization, and MLféalated toolsfor solving
problems in the heavy process industry. Some main conclusions can be dfawhe computation
times associated wittsolving physical models still remain an obstacle for fluent dse on-line
monitoring and contral Modern methods of nonlinear modddased state estimatiorprovide
implementations requiring more economical amounts of simulatimnghe fusion of physical models
with plant data.(ii) In many cases, thgerformance ofphysical models can Werther improvedby
methods relying on external tuningased on datanat requiring excessive simulation@i) In many
cases, the operational history data is limiteg@od experiencesvere obtained fromsynthetic data
generationfor application of ML/Al learning techniques.
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7  Multi -variate Sensor analytics with Deep Learning on Imagery

7.1 Objectives, challenges and components

The possibility to processnulti-variate sensor data using Deep Learning will be crucial for the
realization of hybrid Al and cognitive twinglhile the extraordinary performance of Deep Learning
systems to many classificatiamd regression problems has been demonstrdtechanycontexis, key
challenges remainTher challenges are generally recognized to be: (1) high demand in compute
power, (2) high demand in training data, and (3) difficultiresbtainingtrustworthy resultsor even
finding good technical explanations in cases when unintersystem behaviour occurshe generally
high demandn compute power is lesgroblematicfor many applicationsn the process industras
high-performance hardware is readily availabkeor situations where latency is critical, we dedicate a
specific taskeep Learning Performance finding solutions. This task will therefore focus in the two
remaining core problems of Deep Learnirtige availability of training data andrustworthiness
concerningexplainability

For the availability of training data, we will focus on the generation of training data using parametric
models and sensor simulations, specifically on capturing of 3D informagiogphotogrammetry. For
improved explainability, we will adapt a visual debugger for neural netwcaked Neuroscopefor

the specific needs of the Usgases.

Table32 summarizes the challenges, requirements and solutions related to machine learning for the
six pilots.Common challenges for the pilots are the difficulty in analysing images, and the lack of good
datasets In Table33, we show the mapping between the toolbox components and the pilots for task
5.2.

Table32: Machine learningz challenges, requirements and solutions

Pilots Machine Learning; + any needs for Deep Learning /imagery,
Performance (tasks 5.2/5.3) Challerges, Requirements and Solutions
Saarstahl 1 Challenge Need to analyse video imagery in order to understan

the movement of billets

1 Requirement Need to have effective training and use of Image
analytics including aerial photogrammetry including u3eep
Learning Neural Networlnalytical modelling for matching DL
detections over consecutive frames and different camera
viewpoints.

T Solutiort Avisual debugger for neural networks Neuroscope wit
use of aerial photogrammetry

Noksel 1 ChallengeAlgorithms did not learn very well on the collected dz
set
1 Requirement Quality ML models trained
T Solutiort A thorough analysis was conducted and feature selec

is applied

Challenge Missing data
Requirement ML/DL model training for predictive maintenance
Solution Synthetic data generation and data balanced samplin

E
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Sidenor 1 Challenge Interpret thermal images taken of the outside of the
ladle

1 Requirement Based on the images, tell if the ladle refractory or
the inside have problems.

I Solutiort Combine predictions by the physics model with image
analysis. This may indicate another special application, based
the PPBMbased model.

Table33: Toolbox components per pilot used by task 5.2 Muéiriate Sensor analytics
with Deep Learning on Imagy

Al
R

Pilot type _[Pilat PS Toolbox COMPONENTS

7.2 Detailed description of the activities performed

7.2.1 Neuroscope & Aerial Photogrammetric

DFKlhave worked inimprovingtwo key components: a visual debugger feeural networks called
Neuroscope and a pcess for the photogrammetric capturing of plant sites using aerial
photogrammetry A planned improvement for Neuroscope (integration of Expiaifix) was cancelled
for technical reasonshe photogrammetrievorkflow was consolidated technically.

A detaileddescriptionof the activities can be found in the component descriptions for the toolbox
componentgphotogrammetryand Neuroscope which aredetailedin the Appendix.

Working closely with DFKI, Scortex has prepared an evaluation of the synthetic data processing
approachusingphotogrammetryunder high performance conditions using our technology.

7.2.2 LSTM deep learning algorithm

Focused on NOKSEL pilot, TEKNOPAR has conadU&€l deep learning algorithm. Multiple sources

of sensor data (vibration, temperature, pressure, etc.) have been used and DL (deep leaodeg)

have been appliedTheKeras library, that uses TensorFlow, is used for deep learning purposes. The
LSTM algorithm of this library is utilized. This ogearce neural network library makes it simpler to
work with artificial neural networks through its user interface facilis@sl modular structure.

TIAMODEILof TEKNOPAR detailed irthe Appendix.
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7.3 Progress beyond State of the Art or State of the Practice

For Neuroscope, we havaenitially assumed our Us€ase would require semantigegmentation
networks (i.e, output of the network is a class label per pix&je have therefore adapted the methods
for applicability to semantic segmentation problelsge last progress report)

From working with the Us€ase it became clear that semantic segmentation (label per pixel) output
is insufficientbut instance segmentation output (mylie bounding lmxes plus labels per pixel inside

the bounding box) will be required. We have started to extend Neuroscope for the support of instance

segmentation networksThe most relevaninstance segmentatioarchitecturesconsist of twostages

The first stage is a conventional multi object detection architecture that generates bounding boxes.

The seond stage extracts suinages per bounding box and assigns labkls.havetherefore started
to implement object detection support first with the plan to extend this to instance segmentation later.

One promising method for visual decision explanations in object detection networks is called-Explain

to-fix. We started to integrate explaito-fix in Neuroscope. The attemfu integrate the method failed
for technical reasons, though. As we found out during the development, EstpHixheavily relies on
modifications of the networkunder investigationi.e. in order to perform the wsualization, the
investigatednetwork needs to adaptedThis collides with the basic idea of Neuroscope to load

arbitrary networks (from a certain class of network architectures) and debug them. We investigated

the possibility to automate the required modifications of the network Baund that currently, the
scientific understanding of the method is insufficientfacilitate such automation. We are in contact
with the authors of Expla#o-fix and currently consider writing a joint proposal for basic research on
the topic. However, for the purpose of COGNITWIN, this endeavor is out of Smpé¢he following
references forfurther information on the subject{Gudovskiy, Hodgkinson, Yamaguchi, Ishii, &
Tsukizawa, 201&pPetsiuk, et al., 2020)

7.4 Summary of the key achievements

We have published a useable version of the software Neurosdopeersion 1.0 available at:
https://github.com/c3di/neuroscope

We havepublisheda manuscript describing th&leuroscopesoftware (Schorr, Godarzi, Chen, &
Dahmen, 2021)

We have also prepared and submitted a manusadigtailingthe application ofPhotogrammetryin
the context of theSaarstahl Us€asgSchorr, Luschkova, & Dahmen, 2021)

2SS LlzmfAaKSR (KS F2tft2¢Ay3a 22dNYyIFf | NIAOtSY
Unal andt Py F NJ YPNOPI ¢NIYyaFSNI [SFENYyAy3a 9ylof SR
Representations of  Singleimensional Signals, Information Systems Frontiers,

https://doi.org/10.1007/s10796023-1037 %z
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7.5 Conclusion

As a route forward, we have cancelled the work of integrating Exfdadix in Neurosope and started
reviewing alternative techniques. The technique CRP derives from Eipi@nand inherits the
problems with integration. The recently published meth@dRISE [PET+20], however, seems
promising. We investigatkthe integration of BRISE into Neuroscope in order to achieve support for
object detection networks, then instance segmentation networks.
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8 Deep Learning Performance

8.1 Obijectives, challenges, and components

¢ KS LINSJA 2 dariated A &2 NBa dff iRt @ GAO&a ¢gAGK RiS®d f SI NI .
deep learning algorithms and achieve a good enough accuracy for drtasler to be able to deploy

such models in productigra specific focus has to kst on the pipeline performance in terms of

inference time, memory used, compute resources needed, Bt is especially true when it comes

to Industry 4.0where systems are deployed in the 3D world and have real. thoaeexample, in the

field of quality inspection, dozens of images of high resolution may be used to take a decision in real

time. This means that standard araturesfrom the literature designed on the ImageNet dataset

may be too slow to be used in practicehis task is about finding solutiomdich allow engineers to

deploy state of the art deep learniradgorithmsin practice, in factories.

Table34 shows the mapping between the toolbox components and the pilots for task 5.3

Table34: Toolbox components per pilot used by task 5.3 Deep Learning Performance

ilct type  [Pilot [Task PS Toolbox COMPONENTS

w
&
g (5] (5

8.2 Detailed description of the activities performed

The work in the areaf Deep Learning Performanaas performed by COGNITWIN partSeortex
until month 30 in the project. Sadly tHaancial crisis related to COVIBdJ to challenges and
bankruptcy for Scortex and theeased to continue #ir work in the projectafter that. See more in
section 8.5 Conclusion.

The Keras2HLS tool that is responsible of converting a machine learning model into an FPGA
compatible bitstream was improved to better allocate resources. Each machine learning layer can be
understood as a step in a pipelined architecture. In a pipelimeditecture, improving one step can't
guarantee an improvement of the overall performances since each step occur once the previous one
is done.

Considering a 3 steps pipeline with 50 ms of execution of each step, improving only the second step to
allow it to run at 1 ms doesn't improve the overall throughput since the step 2 will wait the step 1 to
be done, before being able to compute net dataa general manner, a simple pipeline throughput is
computed by the number of step * the slower step time to execute.

Classification Public Page67of 175



COGNITWIN
DT-SPIRE6-2019 (870130) Deliverable [5.4

The improvement in progress on Keras2HLS allows to better analyse each machine learning model
layer to dedicate the amount of FPGA resources needed to allow computing in a coherent speed
considering the other steps of the pipeline.

In a machine learning model based on convolution, the first layers are dense and require a lot of
computing capabilities compared to the latest layers. Then, the idea is to consumes more FPGA
resources to compute the first layers and making them more piséd and using less resources on
latest layers while keeping an homogeneous computation time.

Scortexhas experimentedn severalwaysto solve the deployment issues. Because Scortex is a quality
inspection company, it encounters the issue mofien than othercompaniesindeed, high resolution
images are often required to detect very small defects.

The work in the second period follow up on the following work that was done in the first period:

Network architecture design Architectures were specially designéa enable inference on high
resolution images (from 1000x1000 pixels up to 2000x2500 pixels) using only one GPU or FPGA. These
networks were trained and evaluated on Scortex datasé@tse tasks of interest were supervised
semantic segmentation / detection as well as anomaly detection.

Pruning of the network Pruning strategies were implemented. Though this method helps lowering
disk space and RAM/GPU memory constraints, it does not provide faster inference. We bea$ieve th
will be the case as long agnsorFlowKerasdoes not provide a better sparse tensor support.

Distillation: We successfully managed to transfer knowledge frolarge network to a smaller one

The performance is not as good as the large mdua better than the performance of the smaller

model trained on its own.

Inference graph optimizatonWS Ay @SadA 3l §SR a7 2 tvihikh/piogided 30% OK b 2 1
speed in inference time. Details can be found in Scditey

https://scortex.io/batch-norm-folding-an-easyway-to-improve-your-network-speed/

Quantizationof networks: Thisis a necessary step order to deploynetworkson FPGAardware
(see task 4.4We also work on &eras2RTcomponentwhichenablesconvering a Kerasmodelinto
something usable by the FPGA platform (see Honir, task 4.4)

Efficient inference pipelineScortex is currently working on @mdto-endf A 6 NI NB Ol £ f SR a2
acquire imagesapply preprocessing andeep learninghetworksas well agpost processing on top of

them. This library supports asynchronous and parallel inference on GPU sedhtine capabilities

can be achieved in a robust fashion.

{O2NILSE y26 dzaSa AG& ao2yiT I Aé fAONINEB G2 GNFAY Y
its customersScortex is ready tecale the methodology to these case partherho have need for

fastdeep learningechnology

TIAMODELs usedby TEENOPARor comparing the different machine learning models. While setting
up a machine learning model, it is difficult to predict which model architecture will provide the best
result. The parametershich affect the model architecture are called hypgearameters. For each
machine learning algorithm utilized, hypparametertuning has been performed Wyrst comparing

the previously determined success criteriand then selectng the best result combination by
examininghe results obtainedhroughtesting possite combinations of théyperparametersvalues
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in a certain range. For each ML algorithm usadfjitionally, variousparameters- such as precision,
recall, F1 score, error detection rate, total training time, total test time, average training time, Type 1
error, Type Il error were calculated and displayed to the user.

The user is offered a voting optiom decice onthe algorithm to use. The application enables users to
select the machine learning model for a given set of data, and then compares the output using
graphical elements. For developing and testing purppesAML Workshop dataset from Microsoft
(AML data set) is used MAMODEImodule.TheScikitlearn library has been used for Random Forest,
Gradient Boosted Tree, MultiLayer Perceptron, Support Vector MachmaekNearest Neighbors. For

the LSTM, Kerdsas been used.

TIAMODEIlof TEKNOPAR is briefed in Appendix.

8.3 Progress beyond State of the Art or State of the Practice
The work donén period 1byp 8 { O2 NI SE 2y 4. | GOK b2N)XY C2f RAy3E

https://scortex.io/batchrnorm-folding-an-easyway-to-improve-your-network-speed/

Batch Norm
Folding: An easy Y =
way to improve

your network
speed

Figure 10: Tech blog entry of Scortex

It is now one of the most read articles on the subject. As of 2021/01/19, it has been read by 1683
different people according to Scortex website statistiBsaders came from recognized industry
companies such aSony, Nokia, Daimler, AMD, Intel, Thales, Huawai, ZoomZ&1H, Panasonic,

etc.

By combiningseveral ideas described abov&ortex managed to deployssation able to perform a
complex inspection of rotating parts. The Scortex box handles the inspection of 3 parts per second
which requires inferencefd00 (3 x 100)1280x640grayscaldmagesper secondTo the best of our
knowledge Scortex is the onlgompany able to achieve suplerformancesdn a reallife deployment

8.4 Summary of the key achievements

In the first period- Using Batch Norm Folding, we were able to reduce the inference time of light
architecturesby 30% The work is summed up on Scortex blog

https://scortex.io/batch-norm-folding-an-easyway-to-improveyour-network-speed/.
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We managed to design and quantize efficient architectures. Once deployed on FPGA, we can achieve
120 FP#ramesper secondpn 1920x1200 RGB images. Deployed on 2 GPUS, we achieVed00
1280x640 grayscale images.

In the second period there was a focus on continued development of the FPGA library to make it more
versatile and more robust so that it could be easily used internally and externally. This work is mostly
related to task 4.4 but does need some inputs frihra task 5.3. The automatization of the conversion
process of a topology and the weights from a neural network into a hardware designed platform will
be done in the next steps (improvement of the Keras2RTL component). This will ease the use to the
processand reduce the time needed to transition from a functional neural network design on
computer to one running on an FPGA&urhter work started tdollow up on the use of very light
architectures. Which can be an issue because of the lack of expressiveness and capacity they lead to.
This is something that we have observed in practités suggested to rework tharchitectures,
typically using recent architecture blocks from the literature such as Efficient Net / efficient det
MBconv, SE and SK blocks, arengenerally the mechanism of attention (since we now have seen
some transformers breakthrough for computer vision in 2021). Packaging and standardization work
gAtf 0SS ySOSaalNER (G2 YI |-BBIlKRS: ¥SOKZIRAT &2 NBK $1BI12°
proven on internal datasets antbuld be tested and benchmarked on the pilot data, deep learning
tasks, and network architectures.

8.5 Conclusion

The work in the area of Deep Learning Performance was performed by COGNITWIN partner Scortex
until month 30 in the project. Sadly the financial crisis related to COVID led to challenges and
bankruptcy for Scortex and they ceased to continue their woteipttoject after that. The results are

still described here, as they are interesting as a conceptual basis for how deep learning performance
might be enchanced through hardware support in the futlites is relevant for organisations that will
consider lgh performance image processing.
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9 Hybrid Digital Twins

9.1 Ohbijectives, challenges and components

A Hybrid Digital Twin is an extension to the plant Digital Twin where the ptoasesl model is
combined with data from the real process and one or more data driven models that adapts and
corrects the Digital Twin such that it better represents itsgaild counterpart.

A definition for a Hybrid Digital Twin as the second layer in a tlaygered twin definition was given
in (Abburu, et al., 2020)

0An extension oDigital Twinin whichthe isolatedDigital Twinmodels are intertwined to recognize,
forecastand communicate less optimal (but predictable) behaviouthef physical counterpart well
before such behaviowccurs. Alybrid Digital Twimtegrates data from various sources (e.g., Sensors,
databases, simulationstc.) with the Digital Twinmodels, and applie®\l analytics techniques to
achieve higher predictiveapabilitieswhile at the same time optimizing, monitoringnd controlling
the behaviour of the physical asset. Hybrid Digital Twins typically materialized as a set of
interconneded models, achieving symbiosis among tigital Twirmodelsg

The main goal of Task Shs beento contribute to the Cogriwin toolbox with toolswhich support
the creation, useand exploitation oHybrid Digital Twins. The tools originate from the development
of twins in the pilots. Quitable elementshave been identified andextracted from the pilot twins
generalizedand made available admponents in theoolbox Thereby they are available for later use
in other processes.

The focus of the taskas beenon the following aspects:

- Enhancement of the digital twin technology by combining phyls&ssed models with data
driven models, including Al and machine learning functionality

- Development of soft sensing applications based on digital twins

- Development of advanced, predictivend selflearning control applications based on digital
twins

We have summarized the challenges, requirements and proposed solutions relating to hybrid digital
twins inTable35. InTable36, we show the mapping between the toolbox components andpitats
for task 5.4.

Table 35: Hybrid Digital Twinsz challenges, requirements and solutions

Pllots Hybrid Digital Twins (by task 5.4)Challenges, Requirements and
Solutions
Hydro 1 Challenge Combination of various data driven and Physical mo

require an approach for understanding the relationships betwet
the various models

1 Requirement Ensure consistent mapping and relationship
between data driven and physical models.

1 Solutiort Provide mappings between the data driven and physic
models.
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Elkem 1 Challenge Combination of various datdriven and physical

models require an approach fonderstanding the relationships
between the various models.

1 Requirement Integration between datariven and physical
models and results from machine vision algorithms

I Solutiort Cybernetica OPC UA Server to make data available
between thedifferent applications

Saarstahl 1 ChallengeBillet location needs to be known accurately for ML
algorithms to be able to optimize the process

1 Requirement Seamless billet tracking movement, constrained &
physical environment

1 Solutiont Instance segmentation technology is ugedrack the

billets

Challenge Missing models to be related to collected data

Requirement 1st order model generation with data correlation
Solutiont Models are generated in Matlab Simulink + data

Noksel

= = =4

ChallengeBig data seand complex data to train the model
Requirement MLmodels quality need to be above a certain vall
SolutionUndersampling has been applied to eliminate low qual
data and increase model quality

=A =4 =4

Sidenor 1 Challenge Exploit the physicbased model anthe data, to arrive
at an improved model with improved prediction power.

1 Requirement Model should be able to incorporate the physical
elements that has not been considered by the phybizsed
model.

1 Solutiont The ML/AlI model maysethe predictions from the
physicsbased model, together with other data that was not
directly explored and arrive at an improved prediction.

SumitomoSHI FW 1 ChallengeExploit physicdased modedand plant data to arrive a
an online model forfuel characterization and fouling monitoring.

1 Requirement Need to combinghysicsbased model with online
plant data in order to optimizéoiler efficiency

1 Solution FUSEApply a physical model for the CFB furnace
(combustion, fluidization and heat transfer), a PMFIR tool for
tuning the physical model with process historical data, and an
unscented Kalman filter (UKF) tool for-lime state estimation of
the uncertain input fuel fragments in the fu®ouMon: Apply a
heat exchanger model and an ensemble Kalffilggr (EnKFjor
online estimation of heat transfer coefficients.
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Table36: Toolbox components per pilot used by task 5.4 Hybrid Digital Twins

Pilot type _[Pilot [Task WPS Toolbox COMPONENTS

E _
: |3

9.2 Detailed description of the activities performed

9.2.1 Methodological development

In the different pilots, hybrid digital twinsyave been built by combining physiesased models with
data driven models in different ways. Different tools and different types of data driven mbdets
beenapplied in the various pilots.

In everal of the pilotsdynamical physicbased modeldiave been developedSuch a model is, in
principle, capable of tracking the behavior of the process intiga given that it is correctly itialized

and completely models the process. Neither of these conditions are normally fulfilled, so the models
are combined with data driven models that reduce the uncertainty and improvevkeeallbehavior

of the model. An example of such a data driven model is an Extended Kalmanwiitdr is an
algorithmthat usethe difference betweemprocess measuremenendestimated measurements from

the physicdbased model taupdate one or more parametric vala¢hat isused in thephysicsbased
model, as shown ifrigurell:. This method is used by the Hydro, Elkem, Sumit8ibF\Vnd Sidenor
pilots.

Process inputs (u) Measurements (y)

Disturbances (v)

Modelled
measurements (y)

Updates to plant model
states and parameters

Figure 11: Creating a hybrid digital twin by combining a physidsased model with a data
driven parametric model updated by aBxtended Kalman Filter.
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Other pilotscombine a physiebased model with a data driven model that is updated using machine
learning orartificial intelligence.Calculatiorresults fromeither model can then be used Itlge other
model This is useéh the Sidenor, NOKSEL and Saarstahl pilots.

Process inputs (u) Measurements (y)

Disturbances (v)

Modelled
measurements ()

v

Figure 12: Creating a hybrid digital twin by combining a physidsased model with alata
driven model updated bWL/Al methods

In someof the pilots, both methods are planned to be usiedcombination(Figurel2:). This is the case
in the Elkem, Hydro, Sidenor and Sumito8tdl F\Wilots.

The toolsthat support thedifferent hybrid digital twinsand are describeih the next section.
9.2.2 Tools supporting hybrid digital twins

9.221 Cybernetica CENIT

Cybernetic® work has been focusing on the Elkem and Hydro pilot cases. A large part of the work
effort has gone into building physiteised models for these two processes and to tune the model
parameters such that the models replicate the physical processes as corrgublysitsle The physics
based modeldor both pilotshave been implemented as extensions to the tools Cybernetica CENIT,
Modelfit, and RealSim. The extensions are in the form of applica@tific modulesind have been
implementedin C/ C++using a premade application component templat€ybernetica Modelfit has
been used together with logged dateom the processefor offline tuning ofthe model parameters

and the models now represent the processes quite well

Cybernetica CENELirrentlyrunsthe models online for both the Elkem and Hydro pilots

In the Hydro pilot tle online modehas beerextended witha datadriven modelthat continuously
adapts thephysical model to the real proced3ata is fed from the process via an OPC UA seaver

in additionweather data isfetched from a public API by a specific component developed by SINTEF
(described in deliverable D4.2fhe implementation of the datdriven model enable®oth soft-
sensing of unmeasurable variables in the procassyell agnodel predictive controlThe models are
currently runningonline, and model predictive control is ready to be tedt€urrently the solution is
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being tested with & Yhthg-f 2 2 LI = ¢ KSNB | ytrasieds tNd adviséd controjfedzl t € &
action to the procesence or twiceper day.

For the Elkem model, there are so few onlmeasurementghat the data driven modetould notbe
sufficiently updatedrom them. However, he process model is currenttynning online It is used to
produce advisory controlsing model predictive contrgl such that the product is within the
specificationsvhile at the same time maximizing the recycling of metal.

During the development phas€ybernetica RealSimd$ibeen used as a plant replacement simulator
for testing different scenarios with the twins.

The generic part o€ybernetica CENWasextended with functionality for evaluation of the quality of
both the input signals and its own calculation resulbis functionality has beefurther refined and
improved.In the case that invalid input or calculation results are detected, the application will send a
notification of this via an OPC connection. Thus, the plant operators can be notified, and a proper
fallback solution can automatically be activatéithis extension forms an important foundation for
adding more sophisticated error detection and setmination algorithms, like the Cognitive CENIT
extension

9.2.2.2 Bedrock Toolbox

The Bedrock Toolboky SNTEFhas beendevelopeal to allow for fast configuration scalingand

orchestration ofrunning applications.Installtion, updates and monitoring of deployed docker

container bundles are orchestrated from a central git repositoryusing Ansible.This enables
simukaneous remote orchestration of several instancesldferent servers whichis usefulin several
aspectse.g.duringimplementation of updates onsystem prototypes operating on several plaats
the same time

Development activities regardir8§iNTERR-housesoftwaremodulesin the framework has since 2021
focused on further developmermif data workflow functionalities applying the OPC UA protd€igjure
13: shows an example anitecture for implementation of a digital twimvith a process plant OPC
server.
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Figure 13: Data workflow architecture of BEDROCK application using the OPC UA protocol
for implementation of a digital twin in a procesglant control system

In Figurel3;, the process planDPC UA server is applied as message bial@ringfor bidirectional
communication of data between the process plant and the digital thiihcompute modules apphn
OPC UA cliersubmodulein order toread and write tag datan the central OPC UA servéhis allows

for flexibility and a modularized digital twin framework with all tidulesableto read and write
dataandhaving access thoth process plant data and data produced by different compute modules.
New compute modules camasily be addedo the frameworkin order to modularizedifferent tasks
andcomputefeatures

The architecture above requires the establishment of new writable tags in the process plant OPC server
for writing of simulated/calculated values message$srom the computemodulesof the digital twin.
During the development and testimghase, this can represesystem administration and potential
challenge to the plant ownersind carworst-caseintroduce risk tothe plant operation. Therefore, a
further extensionto the architecture has been developed in order to allow for deploymentiigifal
twins that does notwrite setpoints or data to the plant OPC servEhis solutiorapplies read-only
functionality between the digitalin and process plant and does not write setpoints back toplaat
control systemln this case, the digital twin framework has its own internal OPC UA samde®©PC
Historian dasbase allowingwriting of calculated data, setpoints and magss from the compute
modulesinto the framework dataflowwvhile reading tags from the plant OPC UA serVais solution
has allowed for quicker access to testing of frameworks on industrial plants in SINTEFs projects.
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Figure 14. Data workflow architecture of BEDROCK application using the OPC UA protocol
for implementation of a digital twin in a process control systemith read-only permission
from the plant OPC UA server

This setup can be applied fprocessdecision support, data analytics or predictions without writing
setpoints back to the control system. Since it only requires permission to read data from the process
plant OPC UA server, it does not risk interfering with the operating pldms. allows for easy testing

and development of digital twins based on access to real ddta frst step of implementing advanced
process controWith processsetpointswritten from a digital twin, can often be to start out with the
implementation of a digital twin for decision support. Over tirdecision support functionalities are
validated based omxperiences done with the system, the next step of implementation can then be to
also allow for writing of setpoints to the plant control system, or implementing the architesture/n

in Figure.

The OPC UA data workflow modules in BEDROCK are developed at SINTEF, and allow for flexibility due
to no 'blackboxes'in the software. Tisis beneficial in thelevelopment and testing phaséut lacks

industrial robustnessSince théOPC UAnodules are based on a standard protocol (OPC UA), they can
easily be replaced by commerciatiustrialOPC UA software upon final ilementation.

TheseOPC UAlata workflow modules of the framework can also be replacedombinedby other
form of communication protocols, f.ex. MQTT or Kafka, depending omuldkee workflowneeds and
the data source appliedn this casethe modular approach of the BEDRO®HKIbox allows for
flexibility in the replacement or addition of new modules in the framework.

Data from the Sidenor pilpturrently present aBxcelexportfiles from theplant, will be imported and
structured in a relatioral time series databasdhis will enable easy structuring of the data set for
application inhybridizationbetween physicdhased models and machine learnimgplementingthe
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developed models in thabove frameworks possible but will not be done now as we will do this with
StreamPipes.

9.2.2.3 Pragmatism in physics -based modelling

Pragmatism in physidsased modelling (®M)has been applied and furtheleveloped in the Sidenor
pilot case. The industrial task is related to the lifetiofea ladle in the steel industry. A ladle is a
container for liquid steel, typically filled with 1@QL80 tons of liquid steel. For eacheusf a ladle the
refractory will be eroded and after N uses the ladle must be taken out of use in order tos&vpias
accidents (more than 100 tons of extremely hot liquid stielving out and onto the floor in the plant).
The task is to find a method to extend the number N, withoainpromising with safety.

The BPBM process was applied to the abewentioned industrial case. Based on access to offline data
from the plant and multiple discussions with the pilot ownarquite clear picture of the challenge
could be formed. A physidsased model was proposed and implemented. The numerical
implementation, written from scratch, has been done using Python 3. The model is aiming to predict
the temperature evolution in theystem (steel, slag, refractory) and the erosion evolution of the wear
bricks of the refractoryA number of challenges habeenfaced due to the complexity of this task:

i) The model must be fast. Therefore, it is designed locally (at each height) to bdirnansional
through the refractoryConservatiorequations for energy of metal, slaand refractory (quasi 2D) are
included ii) A ladle is going through multiple operations for each Udes requires specific model
boundary conditions for each part of the sequend# The boundary conditions (energy and
composition of dissolved species) are complex due to applications dhdased stirring, natural
convection, radiation (only heat), and use of submergéettrodes in the slagv) The addition of
alloying material and slag formers consume consildierdneat. This necessitates an enthalmpsed
description of the slag and metal that can handle heats of phase transittermodynamic data is
not readily available for such system¥The erosion of the refractory is driven by thermal shocks and
dissolution of refractory when contacted by slag and metal. The solubility of refractory components
into the slag and metal can only be obtained from thermodynamics softveaitt on lab experiments

vi) The mass transfer is depending on natural convectionfaraed convection due to application of
gas (bubble) stiing. Both this and the additional impact of surface waves must be represeaiet
vii) In addition there areprocesss that must be considered (waiting times between uses, use of
burners and lids) and mistakes in the data input given by operators.

The modelwas demonstratedo be sufficiently fastpredicting the thermal evolution and erosion
losses during the lifetime of the ladir all Sidenor ladlesduring one complete year, to be fihed

in lessthan approximately one dayFrom the learnings, indicated lyto vii) above, several general
recommendations for improvements of ti#BMisextracted and documented for future application.

It was found thasometransientdatathat isloggedmay nd be relevant By running thehysicsbased
modelthe first temperaturerecorded foreachladle heatwas deemd incorrect.lt was laterverified
that this wadrue as this was a temperature that was sitting in the system from the previous Tieizt.
would not be possibléo detect with a pure ML/A&pproachIn addition it was found thasome heas
with low reported tonnage wasgesuliing in unreasonaby large predicted steel temperaturedt was
then clarified that the steel nss data, as reported, could not be used as the repdrhass waghe
tonnage of steepassed through the casting machin&metimeghat cast wasnterrupted due to
casting problems and necast steel wasaved for later casting.
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The model is currently predicting temperatuegolution andrefractory erosion due tanass transfer.
During first tuning of the modedgainst datait was found that data could only be explained if the
thermalconductivities in the wear bricks are significantly tuned. This indicates that steel is penetrating
in between the bricks due to thiarge hydrostatic head of steel. This is furtisepported by thermal
images which show that the higheuter steel sheltemperatures argound atthe lower part d the

ladle where erosion during the first heats are lowhis is in itself a significasbntribution to the
understanding of the phenomena theontrols refractorybehaviourand safe operations.

A strategy was developed to exploitall the availabledata and tune the modelsuch that both
temperature evolutions and refractory erosion can be explaifBde strategy invoh&several steps.
This is ondevel of hybridizationIn the second stepcontributions to ladle lifewhich havenot been

explained by thehysicsbhasedmodel, is subject to direct Mimodelling.

Due to the complexity of the modelling taslissill significant simplifications/ere introduced. Aswe
have beergoingthroughthis process the learningere generalized and included into tH#BM tool.

Publicatian of results The details of the learnings and recommendations for an improw&Mrtool
will be published in a paper, dealimgainy with the methodology and the process for developing
pragmatismbased physics modelk a second paper we will describe the phydiased model in full
detail and show validation of the model against d&atails about these papers are foundGhapter
14.11Pragmatism in physidsasedmodelling(PPBM)

The results from the modedre shared at github.conghttps://github.com/SINTEF/refractorywenr
Thisincludessource code and documentation. This casl@vailable undethe MITopensourcelicence
and can be reused for similar projects in the metals industry and other related industries.

9.2.2.4 FUSE and BuMon monitoring tools

The UOULU (University of Oulu, Intelligent Machines and Systems research unit) work has focused on
the development of tools for modelling, monitoring, and control, driven by solving the Sumi&tho
FWhpilot problem in Work Package 3. The work involves physical modeling and model tuning (see WP5
task 1 on plant digital twins with ML/AI, reported in Section 6); mdédeled bayesian state estimation

(task 4 on hybrid digital twins); and model reductiom-lme learning, optimization and descision
making supprt based on these tools (task 5 on cognitive digital twins, Sec. 10). Ndadel state
estimation is an efficient means to hybridize the physical knowledge of process phenomena and
measured data from the plant, to gain interpretable information from utai@ process quantities.

The FUSE component looks at solving the fuel state estimation problem, fusing a-phgsidsnodel

for the boiler furnace with process data in stochastic nonlinear state estimation. The component is
developed for the Sumitom&HI FWpilot (see D3.2), using a dynamic physical model for a boiler
furnace and data from the Sumiton&HI FWpilot. Unscented Kalman filtering (UKF) is used for state
estimation. The FUSE component contains an open access generalized UKF tool for the Matlab
environment, providing aimplementation of UKF with a possibility to flexibly use a physical model,
select input/measurement signals, and pick states to estimate.

The FouMon component looks at solving the fouling monitoring state estimation problem, fusing a

physicsbased model for a heat exchanger (HX) with process data. The component is developed for the
SumitomoSHI FWilot (see D3.3), using a dynamic physical model for a heat exchanger and data from
the pilot. Ensemble Kalman filtering is used for state estimation. The FouMon component includes an
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open access generplrpose implementation of the ensemble Kalman filter (EnKF) algorithm for the
Matlab environment.

State estimation is moddiased, it provides a means to fuse both model predictions antinen
process data. Figureblillustrates the concept used in both FUSE/UKF and FouMon/ENKF bayesian
state estimation. A process model is run in parallel with the real plant. The information from the two
sources is compared and used to adjust the estimates of the uncertain quantitiefuel
characterization, the mass flows of the input feed fuel fractions are unknown. In fouling management,
the state of accumulation of deposits to heat exchange surfaces is uncertain, an estimate of heat
transfer coefficient can be used as an indicabdd the degree of fouling. In both cases, the process
models are inaccurate and dime data contains noise and errors, making fusion of information a
tempting goal. In solving the fouling monitoring problem, the physical process knowledge was also
used n the calculation of indexes, by refinement of process data information with known energy
balances.

Process model - 8]

State estimation

calculations I
from data

Figure 15: State estimation fuses information from process model and data

Amajor problem in using physitmsed models in state estimation is the computational effort required

by solving the physical model equations and balances. Therefore, approaches that provide feasible
estimation results with less simulations are valuabksd®l on the pilot problem experiences, UKF and
EnKF are implementations of bayesian state estimation that can provide reasonably accurate
estimates, with a feasible number of simulations, in view ofine applications. The computations
remain resource @nsuming, though.

The considered state estimation algorithms are genprapose in that they can be applied for solving
many types of estimation problems. The construction of a process model can beatich@eesource
consuming, however. Process identification approachesptoblem from the perspective of data
driven construction of a plant model. Subspace identification looks for lineariticagiant (state

space) descriptions, for which computationally very efficient estimators can be developed, in the
bayesian or notbayesian context. These developments (SubFuse, FouCon/Prony) are discussed more
in the context of cognitive DT.

Several papers reporting work on state estimation have been published from the work in COGNITWIN:
1 Ikonen, E. and I. Selek (2021) Fusing Physical Process Models with Measurement Data Using
FIR Calibration, Control Engineering and Applied Informatics, vol 23, nro 2;pp. 67
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1 lkonen, E. M. Neuvonen, |. Selek, M. Salo, M. Liukkonen (202R)e@stimation of circulating
fluidized bed boiler fuel composition. 2022 UKACC 13th International Conference on Control
(CONTROL 2022),-2@ April 2022, Plymouth, UK.

 Liukkonen, M., A. Kettunen, J. Miettinen, E. Ikonen, |. Selek, M. Neuvonen, A. Hansen and M.
Edelborg (2022Hybrid Modelling Approach to Optimize Fouling Management in a Circulating
Fluidized Bed Boiler. Fluidized bed conversion conference 2022 (FBGRY)M8y 2022,
Gothenburg.

Video demonstrations are available on the fuel characterization and fouling monitoring

1 Estimation of power plant fuel characteristi€&stimation of power plant fuel characteristics
YouTube

1 Fouling monitoring demdzouling monitor deme YouTube

1 Fouling management demonstratio®UMITOMO Pilot (Final COGNITWIN Demonstrator
D3.4)- YouTubeas well as a video on the UOULU COGNITWIN tools, including FUSE/UKF and
FouMon/EnKRUOULU Toolbox components (Final COGNITWIN Demonstietar and D5.4)
- YouTube

9.2.25 Hybrid model designer for StreamPipes

One of the most challengirgsksin the hybridmodellingis enabling an efficient creation bifybrid
models, since it requires an efficient orchestration. We argue that StreamPipes is a very suitable
framework for such &ybridization due to its pipelineriented nature.

Thiscomponentuses thesdunctionalitiesto support the creation of hybrid models.

In the following figure we illustrate thantegration of two datadriven models (developed for the
Sidenor pilot), whereas the output of one model is used as an input for the otbdel.

Data-
driven
model 1
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u) (2] [
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|
l
1
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Figure 16: Integration of two datadriven models.

As shown irFigurel6:, the output of one model is used as an input for another modiékere can be
different ways of connecting and StreamPijpeshestrationseems to be suitable for any meaningful
combination of models
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9.2.2.6 TIA DATAGEN

By combining two related models data driveamodel and a (physigsiriven F'order principal model
- a hybrid digital twin has been generated! drder physicgdriven models can be beneficial to the
data-driven ones in many ways including but not limited to:

- Synthetic data generation in case of poor data: An example is training a machine learning pipeline for
the predictive maintenance. Generally, when a machine is new, it does not have historical sensor data
that can be used to train a datdriven approachWhen carefully designed, the virtual physhzsed

twin can generate the needed supervised training dataset.

- DataDriven Digital Twin quality control: When operating a critical infrastructure or asset, it is seen
as a risky approach to fully rely on dataven approaches itaking reattime decisions. To mitigate
these risks, its possible to build a control pipeline in which the physdiesed model will be used as a
controller to the datadriven predictor. A broker needs to be designed to integrate the two approaches
in a seamless way.

Datadriven models can be used to continuously calibrate physas®ed models. Machine
degradation, wearing of parts, environment, and other factors impacts the overall process
performance over time. The state of the practice is that an operator will manvecalibrate the
control system when a deviation is identified. Such manual operation can be replaced by setting a data
driven modelto identify and calibrate critical process variables that will be fed into a phiaiesd
model, which in turn will opimize the control system of the process.

A hybrid digital twin for predictive maintenance of a componemichis composed of electrical and
mechanical elements has been generated. The hybrid twin includes the sensor installed on the
machinery.

TIADATAGENgenerates synthetic data from the®lorder model elements for common electro
mechanical parts, including an electric DC motor, a gearbox and a hydraulicTppEaTAGEN~vorks

with MATLAB Simulink. Random realistic error sources are generated such as degradation of the
components and measurement errors. The outpufTéh DATAGENIs asupervised and annotated
dataset in .mat format
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Figure17: TIADATAGENpreviously named as TMabynDatto generate synthetic data

9.2.2.7 Hydraulic/Motor/Gearbox Models

Physical hydraulic/motor/gearbox models for the plamdve been developed. The models are
developed/implemented using Matlab SimScape with the aim of predictive maintenance purposes.
Model parameters have been calibrated and simulated. Ptdérfailure scenarios have been
identified and used in generation of synthetic data, used by ML/AI algorithms for predictive
maintenance. The model is enriched with data retrieved from the experts.

Since the last milestone, sensors have been added to the 1st order principal models. Current and
temperature sensors have been added to the motor and gearbox model, while a hydraulic press sensor
has been added to the previously developed hydraulic presdemn

Following the sensor implementations for the models, model parameters have been calibrated and
the random error sources have been introduced to the model. Thus, the model has been updated to
be ready for predictive maintenance algorithms by introducingses of random errors to be used in
predictive maintenance, adding appropriate sensors to observe the effect of these error sources on
important variables of the models and calibrating the geometrical, electéod hydraulic parameters

of components to make the model as applicable and as realistic as possible.

The TIADATAGEN TIAMODEL,TIAPREMA ANDOIA ASP aredescribed in the component/tool
template in Appendix.

9.3 Progress beyond State of the Art or State of the Practice
Several physical and datliven models have been developed for the pilot cases.

UOUWU has developedstate estimation tools for fuel characterization and fouling monitoring
(FUSE/UKFouMorEnKF)
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TEKNOPAR has created a hybrid digital twin for predictive maintenance, combining a physical model
of the process with sensor data and ML/AI algorithms.

Nissatech hadeveloped a hybrignodel designefor StreamPipesit has been applied in the Sidenor
pilot to combinetwo datadriven models.The study have been published in the following journal
article:sel cuk, kY, Unal, P., Albayrak, ¥, Jom©a, Moez.
and Predictive Maintenance for Vibration Data", MDPI21.

Important extensions and modifications for the SINTEF Bedrock, SINTEF Pragamati€©ybernetica
CENIT tools/ platforms have been made that will be used later in the project.

9.4 Summary of the key achievements
Task 5.4 has been involved in the development or extension of the following tools:

1 several physicbased process maodels for the pilots

improvements to the Bedrock platform

improvements to the Pragmatism methodology

input signal and calculation results validation (Cybernetica CENIT extension)
development of FouMon component tools

Hybrid model designer for StreamPipes

Synthetic data generator for DC motor and hydraulic shaft

Improvements toTIAAPPS

= =4 -4 —a a8 -8 -

9.5 Conclusion

Task 5.4 has focused on creating and improving tools that support the creation, use and exploitation
of Hybrid Digital Twingarly in the project, much work was done on building physésed models for

the various pilots. Later these models were extended with data driven models, thus forming hybrid
twins. Several of these twins run paralel with the process, continuously updating themselves.
Finally, gneric elements in the twins that are suitable for reubave been extracted and made
available as tools in the toolbo&ll tools have been used in at least one pilot project.
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10 Cognitive Digital Twins

Deliverable 3.4

COGNITWIN

10.1 Objectives, challenges and components
The main objective of this task is to design the cognition process as a part of industrial decision making
and its realization in Cognitive Twins

During the 1st year of the projectve reviewed the relevant definitions in the literature and
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accepted for the Twelfth International Conference on Advanced Cognitive Technologies and
Appications (COGNITIVE 2020). We defined the cognitive digital twins as an extension of digital twins

with cognitive capabilities in the context of the process industry.

For realizing cognitive digital twins in the process industry, an ésteaspect is to devise the
architectural building blocks that can serve as a foundation for cognitive systems in this domain. We
provided our architectural perspective on the type of cognitive services needdétbdmitive Twirsin

the context of process industry. The proposed architecture provides a blueprint, supporting a wide
range of abilities similarly to human capabilities Figure18: we illustrate the role of knowledge in

the Cognitive Twin (Layer in the Toolpox

control / feedback loop

Documented knowledge Human knowledge

oL

Industrial Systems <

Adapters
Broker

| Knowledge Extraction | | Knowledge Acquisition |
knowledge ’:____ T ___:“‘ knowledge
graphs Aknowledge}i
|_Repository |
ogele T 1 motlels Cognitive
d , i el
Lﬁl Learning h Twin c
£
ol cata '—*I Understanding H o
ol
data o O
< | Planning o
actions . o3
Orchestrator S
Hybrid |5
- models Composite Data Model y . 'E
[« CaE > Services Twin T_U
3
- )
“data | =
" TS dam-d[ri\[rp.n Data-driven Services
models Model models {batch, real-time) .
Repository fnumerical ) Dlgltal
g future ~ _ —— MOdess Model-based Services .
o Twin

data Digital Twin Services

(dlscovery, access)

©ofimes Data
_Repository

Figure 18: The role of Knowledge in the Cognitive Twin

There are many definitions of the cognition, but for this paper we focus on that derived from the
cognitive computing domain, which are related to reasoning and understanding at a higher level, in a
manner that is analogous to human cogaiiti We specialize this view for the complex cases where
there is a lot of uncertainties inherent in the available data and models. We expeca thanan
cognitionlike approach will enable a broader, as well as a more connected view on the data and
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models. The key advantage is the introduction of new knowledge that should provide missing insights
for resolving original cases, as illustratedrigurel9:Figure.

Hybrid Twin

____________________________

————— —

____________________________

Figure 19: Cognition extending Hybrid Twin solution
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be missing a high accuracy, due to not having enough data in the training set. As illustrgtétion

supports augmenting the input data, as well as intelligent methods with new knowledge (gathered
directly from the expert or some other sources), with the goal to generate new outputs (with a higher
accuracy). Therefore, we argue that the uncertainty iiteer in the problem (e.g missing data,

models) can be resolved by augmenting data and intelligent methods to compensate missing
information. Notice that this process is not about getting new data, but rather new insights about
existing data (through cogfion).

Therefore,the main role of cognition services is to enable understanding the monitsyestenQ a
behaviorunder varioustypes of uncertainties/unknowns, to support reliable decision making (by
human experts) or control (in autonomous systems). Uncertainties can be of different types, but we
focus onthe two mostimportant types from the DT point of view: lack of data and unavailability of
models regarding the current system behavior. It means that the current system behavior cannot be
understood neither a)y analyzing past data, since the relevant data is missing nor b) by the
simulations of numerical models, since these do not exist (or are not accurate enough). In such cases,
it is important to compensate these unknowns by introducing new processing thigpwill gradually
improve the understanding of the system behavior, until thisderstanding is enough for the
desired/requested action. This process we consider as cognition, where the processing steps are part
of cognition services.

The main challenge is that the real time data is not enough for understanding the current situation
(regarding the underlying problemJhe nain goal of the cognition service is to enable resolution of
the original problem by introducing new knowledgehich provides new insights for the model
learning/creation processes, e.g. introduction of some constraints in the interpretation of originally
collected data. Therefore, cognition is working on top of existing models, whittbe derived using

Al methods, gtending the intelligence with the with the deep understandirand reasoning
strategies.

We can materialize this general procdsg following four steps(cf. Figure): (1) Inserting new
knowledge (relevant for the problenf2) Learning more accurate models, by applying new knowledge
(3) Better situational understanding (e.g. lower interpretation uncertainty), by applying medels
(4)Planning actions for resolving the problem, based on improved situational understanding

We describe these steps in the followirkgrstly, by knowledgeextractionand knowledgeacquisition
for gathering knowledge fronthe existing data sources (e.g. unstructured and sstmictured
content) and from experts, respectively. The goal is to collect knowledge related to the uncertainties
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in data and models. Since the process is related to supporting hdikamunderstanding, it is
important that the process is driven by the wdbfined knowledge structures (like knowledge graphs)
which provide a general description of the domain. Indeed, one of the main characteristics of the
human cognition is a very fast discovery of hidden connections between arbitrary information items,
which is based on large memory magSecondly by karning, which encompasses applying new
knowledgeto the existingdata, modelsand methods, with the goal of learning more accurate models
(from existing datasets}.here are three main activitiesansforming existing datasets in the anomaly
free ones, which can be used for learning more accurate modgisoving used learning methods by
introducing some knowledgdriven constraints in the learning procesand adding new methods
which can complement existing ones in the context of the aboeationed uncertainties Thirdly,
understanding, which is related to appiginew models on redime datato geta better interpretation

of the situations ofnterest (e.g. problem/anomaly detection). We assume that, as in the hulikan
cognition, this process can be iterative, i.e. understangiragesgscan generate data which can be
used for improving the learning proceggnally, planning, fordefining optimal actions based on system
behavior understanding

There are many challenges to be addressed to realize the vision of the cognitive digital twins. The most
important ones are discussed below

Knowledge representation challengeThe first question to be clarified is how knowledge can be
formally represented to enable a digital twia learnfrom experience andbehaveintelligently like a
human. All cognitive services mentioned above are heavily dependent on this decision.

The morecomplex the representation of knowledge is, the more difficult it is to acquire this knowledge
automatically. However, more advanced reasoning services can be offered. Our goal is not only to
support the decisionmaking process, but also to increase itswacy and huma@acceptance. Thus,

020K RSOfINFYGADS YR LINRPOSRdAzN}If (y26fSR3IS Aa yS!
gKEG 02y (-3 Hefickhonld BE arfwered.

Several knowledge representation formalisms seem to be suitable for cognitive digital twins. To clearly
separate the general knowledge from the specific knowledge, it makes sense to structure the
knowledge into two parts: ontologies for representing thentkin knowledge and rules for
representing the problensolving knowledge.

To better understand a current situation (i.e. the asset itself, the context in which it is used, its
environment, etc.), we consider using ontologies. They are a knowledge representation method that
is on one hand expressive enough and on the other hasteinsible. They could be used:

1 to represent the domain knowledge which includes the vocabulary domgderts apply
(e.g. brick walltypes of bricks e.g. red shale, clay bricks, ett¢he features of bricks
thermal shock resistancenechanical strength, ete and so ohas well as the constraints
(e.g. temperature threshold at which the stone is unusable)

1 to take into account existing standards for the domain

9 to support collaboration between digital twine.g. for cooperative execution of complex
tasks.

Although simple constraints (e.g. temperature of a ladle must not exceed a certain threshold) can be
modeled by using ontologies, there are many scenarios where complex (functiobahaviora)
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constraints should be considered (e.g. calculatio@udng results of different physiebased, Al,
statisticbased, etc. models). To mimic the reasoning lafiman expert in solving knowledge intensive
problems, there is a need to use rules (e.g. event condition action rules). Rules should be used even in
the preserce of incomplete and/or uncertain information to

0] focus the attention to the most important aspects and

(i) collect additional, goabriented information relevant for a given context. This can be done
by mapping raw sensor data and/or outputs of different digital twin models into actions
(such as control decisions or recommendations for human operators).

Knowledge acquisition challengélhe second challenge is tmllect knowledge which is not only
spread in different documents (e.g. excel tables) and software systems (e.g. error reports in MES
systems), but could be also implicit as it is based on personal expefidnckis even more difficult

to express. To make the tacit knowledge explicit and maehimderstandableas well asprocessable,
different cognitive technologies could be usedch as NLP, speech recognition, etc. For example, one
possibility is to apply a speetb-knowledge approach, as speech is relevianthe shop floor workers

for short information interchange allowing hanftee conversations. Since the multilingual speech
functionality in recent yearbecamea commodity available on smart speakers, mobile phoaed
computers, the preexisting solutions could be reused and added to the cognitive digital twin to enable
speech communicatiochanneswith human operators. Ontologies can help achieving higher accuracy
of resulting rules, as synonyms, multilingual aspects, context, etc. can be takeacaaont. In this
way, the domain and problersolving knowledge will be connected.

Knowledge update challengén addition to collecting knowledge, the ability to learn, to unleamd

to continuously update knowledge is crucial for cognitive digital twins to create competitive
advantage. Knowledge update is however a complex process, which includes knowledge extension
(e.g. adding a new entity in the ontology for new types of bricks), knowledge forgettimpy{ing an
ontology entity representing material not used anymore for brickad knowledge evolution (e.g.
changingthe maxmum temperature of a ladle)dmilar strategies can be applietb the problem
solving rulesThe challenge lies not only in ensuring the consistency after applgingrage, but more
importantly in discovering the need for a change. This can be done by applyingdisagestrategies

(e.g. by monitoring whether the proposed decisions were accepted by domain experts) or by using
structure-driven methods (e.g. by usingntology-based reasoning to discover conflicting rules or
generalized/specialized rules).

Table 37 summarizes the challenges, requirements and solutions related to the development of
cognitive digital twins for the six pilots. As this is the final goal of the COGNITWIN pilogect,
challenges, requirements and solutions are more individual to each Bilate most pilots will utilise
some sort of automatic control, the tasks pertaining to that ssenmarized inrable38. In Table39,

we show the mapping between the toolbox components and the pilots for té&sk 5.

Table37: Cognitive Digital Twing challenges, requirements and solutions

Pilots Cognitive Digital Twins (by task 5.§)Challenges, Requirements and
Solutions
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Hydro 1 Challenge Selflearning, reactive/smart hybrid digital twinsfor

cognitive plants.

1 Requirement Methods for automatically identifying faults in the
Hybrid Digital Twins should be developed.

i Solutiont By employing fault detection methods, the system ca
let the operators know if the results should be discarded or
trusted, and automatically suggest suitable actions for fault
mitigation.

Elkem 1 Challenge Introduce cognition through knowledge and learning
from pastdata andsituation in order to provide operator guidang

1 Requirement Interact in a suitable way with operators to provid
guidance and recommendations

9 Solution:Ensure inclusion of operators knowledge combined w
system situation understanding.

Saarstahl 1 Challenge Support selfearning of the system also after fiiail
machine learning.

1 Requirement The systenshould provide alerts and

recommendations for operatorand be able to learn continuously

Solution Provide interactive operatoguidance

==

Noksel

= =

Challenge: Ensure that the predictive maintenance also takes i

I O02dzy i 2LISNI i2NEQ (y2¢fSR3AS

1 Requirement: Combine the Digital Twin based recommendatio
with the inclusion of operators knowledge.

1 Solution: Extract the tacit knowledge from experts as a basis fg
developing the cognition. P@ally by applying unusuality
detection on past data. These are developediIACONTROL

Sidenor 1 Challenge Involve cognition into the pilot self learning and

reactivity with operator interaction

Requirement The knowledge of operators must be acknowledg

Solution Train the operators to work with the model and build

confidence that the operators, based on model predictions, ma

make a correct decision.

SumitomoSHI FW 1 ChallengeThe challenges are in extending from monitoring to
prediction, and establishing feasible approaches in optimizatior

1 Requirement Cognitive DT requires abilities in huriarthe-loop
considerations and feedback of HDT outcomes to the plant/KP

I Solutiont These are developed in FouCon.

= =4

Table38: Control System Interactiog challenges, requirements and solutions

Pilots Control ¢ system interaction (related also to autonomous Cognitive
Twins) (by task 5.5) Challenges, Requirements and Solutions
Hydro 1 Challenge Optimal control requires characterization of a feasibl
cost function and efficient tools for finding solutions. The
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involvement of decision maker / user in the loop needs to be
addressed. Operations can be partly automated, but only partly

1 Requirement Closedoop control should minimize process
disturbances while staying within operating constraints of GTC
operation (silo levels, achievable feed rates, feasible recycle ra

T Solutiort Nonlinear model predictive control is available and
implemented as part of Cybernetica Cenit

Elkem 1 Challenge Optimal control requires characterization of a feasibl
cost function and efficient tools for finding solutions. The
involvement of decision maker / user in the loop needs to be
addressed. Operations can be partly automated, but only partly

1 Requirement Closedoop control should minimize process
disturbances while staying within operating constraints

9 Solutiort Nonlinear model predictive control is available and
implemented as part of Cybernetica Cenit.

Saarstahl 1 Challengeinterfere in real time if critical situation is detected to
prevent damage to billet or the roll stand

1 Requirement sufficiently short inference time ohodel and
suitable visualization for operator

1 Possible Solutionalert operator with sufficient lead time and
provide suggestion for action

1 ChallengePerformance of search query s low

1 Requirement:Efficient and fast ontology query result

1 Possible SolutionSave ontology in relational database by mean
of ON2RDB script.

Sidenor 1 ChallengeDevelop decision support, such that both model
predictions and operator's experience can be exploited

1 Requirement Model predictions must be available at the time
when the ogerator must decide if the ladle must be taken out of
production or not

1 Solutiont Combine the operator's assessment and the model
prediction, to arrive at a safe decision, supervised by the opera

SumitomoSHI FW 1 Ch: Optimal control requires characterization of a feasible cost

function and efficient tools for finding solutions. The involveme

of decision maker / user in the loop needs to be addressed.

Operations can be partly automated, but only partly.

Req: Solutions must be robust in the industrial environment.

Sol: Suitable solutions will be selected by focusing on formulati

of the cost function and feasible optimization techniques.

1 Toolbox components: FouCon

NOKSEL

= =
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Table39: Toolbox components per pilot used by task 5.5 Cognitive Digital Twins

Pilot type _|Pilot [Task PS Toolbox COMPONENTS

PREMA}
A UX)

ontrol {UOULU)

(TIASTREAM, TIA STORAGE,
Matlabtoolbox (MCPC)

n of photorealisic data

10.2 Detailed description of the activities performed

10.2.1 Cognition -driven Unusuality detection

As we already described in the previous deliverable, cognition is related to the expert knowledge used
in (nontrivial) decision making processes. One such a process is the tool/equipment degradation. In
the process industry it is especially important sitise equipment is used in a very harsh environment
(e.g. high temperature) and even more difficult, data related to the condition of the equipment cannot
be regularly collected.

We briefly describe the process how the decision about the usage of ladle (equipment) in the steel
production (Sidenor pilot).

At the moment, a human expert is in charge of inspecting the state of bricks after lex@rgrocess

and deciding whether they need to be repaired/replaced. He perforimsal inspectiorof the bricks
(since he does not have access to them, unless when being repaired/r¢@adathecks specific
parameters related to a current heat process, as well as several previous (he%0). If bricks pass
visual inspection and parameters have appropriate values current set of bricks is used in the next heat.
Otherwise, bricksnustbe repaired or replaced. Additionally, human expert can see whether he made
optimal decision or not, during repairment/replacement when bricks can be closely inspected
(whether he made optimal decision is based on the thickness of the bricks during
repairment/replacement Anoptimal decision to stop further heatss the one when no further heats

are possible. Contrariwise, saiboptimal decision to stop further heatis the one when further heats
could be done before repairment/replacemien

Based on this discussion we provide a set of constraints which the human deuiskimg process is
exposed to

1 Human decisiommaking is based on his experience and implicit rules which he cannot make
formal. Decisiormaking process is not well defined.

2 Human decisioimaking process is based amivariate analysis Expert checks parameter
values for last N heatmdividually, which means that he does not take into consideration
possible relation between different parametert is possible that, when individually checked,
parameters have appropriate values, but if jointly analyzed, they can indicate that there is a
problem,and that repairment/replacement is needed.

3 Human expert uses a subset of all parameters during his deaisaiimg process. It is possible
that analysis of more parameters would result in better decisions.
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As a direct result of the previous problems, human decismaking is prone to mistakes. These
mistakes refer to situations in which it is decided that the bricks need repairment/replacement, when
in fact, those bricks could be used for several more heatgsses. This problem leads to suboptimal
use of said bricks.

However, such mistakes happen very seldom, which indicates that a human operator uses a very
efficient mechanism for this type of judgment. Indeed, human are precise in detecting small changes
in the known environment, based on the-salled Fast thinking process. In other wordspansuality

will be discovered precisely. We assume that this capability is activated/used when making also a
decision in the aboveescribed process.

Therefore, we propose to use unusuality detection methods for simulating the deeisa@ing
process of the human operatate., his cognition process

Experimentation is conducted on following parameters from Sidenor datg SevacipKwh_rr, Cal
total, Tiempo_llena Alumina_rr S al vuelco_rrTiempo_vacip Gases Caf total Acero_liquido
V_desulfuracionT _calentandpEscoria_lanéndMn_vuelco

Experimentation is performed on each ladle separately, as well as on joined ladle data.

Even though we are getting strange training loss output (Image 5.3.3.1.), the results are quite good
Depending on the unusuality zone, we get from 15% up to nearly 100% of matching between our model
and MEWMA. This result stands both for individual |adfid joined ladle data.

— Taining loss
—— Validation loss
10°

Loss

100 150 200 250
Epoch

°
g

Figure 20: trange zigzag pattern of training loss (usually indicates that the learning rate
is too high, but we did not manage to get appropriate results even with really low values of
learning rate)

An example of error curve and unusuality zorH3;, 6, 2.5 and 1 percent of the greatest erjdos one
of the validation parts of data sé&t presented in Figure 2
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Ermrors

Figure 21: Validation results

10.2.2 Cognitive CENIT

Cyberneticahas started the development of axtension to its software produ&@ybernetic:cCENIT
called Cognitive CENIT, which enablesdialjnosing. A framework for sationitoring of the model
predictive control application via stagmst monitoring has been developed and is currently being
evaluated on a simplified and simulated test process. The framework consists of the following steps:

1 Estimate the measurement error distribution

1 Propagate that noise distribution through the closledp model predictive controller via
Monte Carlo simulations

1 Compare the resulting distribution of the average stage cost from the actual plant. If the
average stage cost is significantly off from the theoretical distribution, this indicates an error
in the closedoop model.This is illustrated ifrigure22::

Sudden shift:
Indicating component failure,
| ge cost, due 1

or other sudden large system
change
sta

ift of average " e 3

“. slow drift o ovation and increasing plant . Acctpldb-lt

\ model deter h / degradation
\ model mismatc J threshold

==
- Dashed line:
/ Expected average stage cost

/ (from analytical expression or
“ simulations)

|
\_{ Distribution of average stage cost

(from analytical expression or

simulations

Average stage cost
/

Time
Figure 22: Cognitive CENIT

As shown irFigure22:, analyzingthe average stage cost distribution in closed loop applications can
detect anomalies like component failure or model mismatch

10.2.3 FouConPlant Monitoring and Control

The UOULU (University of Oulu, Intelligent Machines and Systems research unit) work has focused on
the development of tools for modelling, monitoring, and control. The work involves modeling and
tuning (see WP5 task 1 on plant digital twins with ML/Alprégd in Section 6); state estimation (task
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4 on hybrid digital twins, Sec. 9); and extending the hybrid model with adaptive and optimization
abilities (task 5 on cognitive digital twins). The driving components towards cognitive digital twins are
in exploiting the hybrid model ability to predict the future, to learn odine in an automated fashion,

to provide optimal solutions to well defined problems, andith all theseg to assist the operator in
his/her every day decision making.

The work was driven by theeeds for solving the Sumiton®HI FWpilot problem in Work Package 3.

The need for fouling management is due to accumulation of deposit to heat exchanger surfaces at the
flue gas path of a combustion plant. To clean the surfaces, the pipes are cleaned by blowing steam at
high pressure to detch residues. Typically, this is done at regular intervals. The focus of fouling
management was targeted to the soot blowing timing optimization problem, i.e., to finding the optimal
start time (and potetially some otter adjustable parameters) of a soot blowing sequence.

The FouCon component consists of two main elements: a geperpbse tool for identification, and

a specialized optimization and user interface for decision making. A tool that uses subspace
identification to extract lightveight approximations of subpress behaviour, SUbFUSE, was originally
examined for the fuel characterization problem. As it became apparent that the state estimation (of
heat transfer coefficient) relying on physicased models was reliable but relatively heavy to compute,

a lightweight solution was sought when extending from monitoring to-love optimization. The
SubFUSE tool was then further developed for the fouling management problem, by implementation of
the Prony method. Subspace identification is a group of modelling methamadong linear state

space approximations from a set of inpubutput data. It provides means to easily control the
dynamic modes of the outcome, the linearity of the model improves the robustness of identification.
For the soot blowing problem, the modelsare repeatedly rddentified after each sootblowing
sequence. This helps to keep the models up to date between full maintenances, typically conducted
yearly.

The existence of a dynamic model provides means for generating predictions to the future. Given a
proper cost function, the predictions can be used to find the decision parameters which minimize the
cost/ maximize the profits. The optimization problerhiighly nontrivial to solve, due to the properties

of the problem. In thesoot blowingcase the problem is mixeidteger, constrained, and nonlinear. It

Ad AYLRNIFYy(d G2 y24S GKFG GKS W2LIWAYFEAGEQ 2F O
and limited models. In the engineering reality, this optimal solution is entwined with othemeddl
requirements. The decision maker, the plant operator, is aware of much more details, conditions, and
constraints than the automated optimization routinéVhat the optimization can provide, is a
suggestion for a decision. It can also support the decision making by illustrating the impact of
alternative decisions to the operator. The conceptual solution to the sootblowing problem of three
first superheatersvas developed and demonstrated using data from the pilot plant.

Several papers reporting work on subspace identification have been published from the work in
COGNITWIN:
1 Neuvonen, M., I. Selek and E. Ikonen (2021) Estimating Fuel Characteristics from Simulated
| ANDdzf  GAy3 CtdZARAT SR . SR CdzNyI OS 5PRaNow Ly G ®
2021, Caen, France, 2021.
1 Neuvonen, M., I. Selek, E. Ikonen and L. Aho (2022) Heat exchanger fouling estimation for
combustiorgthermal power plants including load level dynamics. IEEE SMC 2022 Prague
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A M42 video demonstration is available on fouling management

1 Fouling management demonstratioAvailable at COGNITWWuTube channeBUMITOMO
Pilot (Final COGNITWIN DemonstratD3.4)- YouTube

Avideo on the UOULU COGNITWIN tools, including SubFUSE/MOESP and FouCon/Prony.
T UOULU Guide to COGNITWIN toolbox toélsailable at COGNITWMNXouTube channel:
UOULU Toolbox components (Final COGNITWIN Demonstixot and D5.4)YouTube

10.2.4 TIA PREMAPredictive Maintenance

Focused on the NOKSEL pilot case of a metal sheet roller system of spiral welded pipes (SWP),
TEKNOPAR has worked on related to TBSireamPipedL is developed by TEKNOPAR to apply ML
algorithms on the stream and to compare the results of the algorithms. The developed data processor
enablesusers to select the algorithms to be used/compared and the output is displayed on a
dashboard.

¢ 9 Y b h tTMarRY& component renamed aSIAPREMAwhich is under continuous development,

can be used for predictive maintenancetb& DC motor, gearbox, and hydraulic press. Different ML

models have been used BYAPREMATIAPREMAIzA S& a! ¢[ ! . Q4 t NBRAOGA DS a
and Classificatiohearner appTIA PREMAnables visualization @fconfusion matrix for the selected
algorithmsto present the difference between simulation outputs.

In the related pilot caséhe NOKSEhilot), the cognitivetwin willintroduce improved decision making

by integrating human knowledgeto the decisionmaking process. The anomalies, alayaryd early

warnings of machine and system problems will be tackled bydigaitivetwin. Thedecisiormaking

process will emulate the experienced human operator withbedded knowledge base. The cognitive

twin will augment expert knowledge for unpredictable cases on the digital and hybrid twins. The
KdzYly 2LISNFi2NRa (y26f SRIS Aa NBE-bdseédl nodelR with 2 LINE
parametric values as well abresholds and causality relations. Expert knowledge on the causes of
breakdownsds collected with the series of the problematic operations and théidhcauseswhich

trigger the successive reactions. Cognition will be further integrated by making use ohachine

learning algorithms, ontologiesnd knowledgeayraphsto capture background knowledge, entities

and their relationships. Reacting to early warnings, cognitive twins will bring life cycle optimization,

and suggesting optimized predictive actions will improve operational performance by optimized
operational parameters anid will alsodecrease energy usagEigure23:Figure).

¢o9Ybht!wQa F2tt26Ay3 22dz2Ny I § I NIAOES NBfIFOGSR
publication:

5SOSOAZ . ®! @3 4StGA12€fdzz ady LI ¢dx ! folF&NFQ2
Bearing Fault Detection Methods Based on Image Representations of Single Dimensional Signals"
(Information Systems Frontiers).
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Figure 23: Cognition using StreamPipes Toolbox

Cognition using StreamPipes Toolbox .

StreamPipesSiddhiProcesson(SB. SiddhiProcessor'gpurpose igo extract informationandidentify

meaningful events (opportunities and thregtsuch agatterns, relationship between events, eftt.
would receive its input from S&ement(s), execute written queiyn receiveddata, and forward

execution result to otherSP element(s).

The role of Complex Event Processing (CEP) in codifying éxmpevtedge.Siddhi CEP performs
Complex Event Processing usthg Siddhi enginelt provides application of complex logic to the
LIA LISt A YIS addithds dhdzfelandent 2 F
providespoints of connection for thisandpreviouspipelines ¢ CEPcan be applied on outputs of
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Knowledge/Patterns. Regarding outputs from datdrivenmodels, MEWMA and KNN elements, we
singled outthe following queries (patterns) that can lagplied:

A Test whether theravere more tharM anomalies in a single hedtiring a time window of
length N. For example, if thesgeremore thanl0 anomalies in a time window of 5
minutes,raise a warning(uses output from MEWMA elemgnt

A Test whether theraveretoo many anomalies in single heat withe same rootcause. For
example, if theravere more than 100 anomalies with the same raaiuse parameter, this
can indicate some sensor or partafnachine is faulty and should lohecked. §ses output
from MEWMA element

A Test whether dring lastN heats,a cycle isclassified ad (indicating thatthe degradationis
greater thangiventhresholg with an increasing probability (certainty). This can indicate that
the ladle will soon be wunusabénd should be monitored closely even
repaired/replaced(uses output from KNN elemént

A Test whether during the ladtheats there were more thaM anomalies and that
cyclewasclassifiedas1 (indicating that the degradation is greater than given
threshold - extension to themplemented queryn pipeline #2

A Test whether during the ladl heats there were more thaM anomalies and that cycleas
classified ag (indicating that the degradation is lesser than given threshodcktension to the
implemented queryn pipeline #2

10.2.6 Digital Twin extension for time -series data

As Digital Twins (DTs) are a digital representation of a physical (or virtual) asset their primary task is to
provide a uniform and standardized way to access all information related to the asset they represent.
However, they do not necessarily store &iktinformation itself but rather act as a proxy to existing
systems containing the actual information. This includes not only static metadata or simple properties
describing the state of the asset/DT but also time series data to keep track of the his@i)Toand

its state over time.

Unfortunately, current DT standards and specifications do not (yet) properly address the issue of
representing time series data within a DT. For the AAS specification, an extension is currently in
development that aims to provide a standardized metamodwl AP| for modelling time series data

Ay GKS 11 { OFrfttSR a{dzoY2RSf¢SYLIX I 0S ¢AYS {SNRSa
document}tl.

Our objective was to implement an early version of this specification in the context of our DT
implementation FASST Service. Besides the fact that the specification is not finished yet and may
contain errors and inconsistencies, our main challenge waspdeiment it in a generic way agnostic

to the type of underlying database so that it can pdially be used with any kind of database in the
future.

Figure25shows a UML class diagram of the SMT Time Series Data metamodel. The general concept of
how to model and access time series data in an AAS is as follows: A time series is represented by an
AAS submodel which may contain some metadata of the time seriegelhsas a set of soalled
segments. Segments can be of one of three types: (1) internal, meaning that all the data is actually
contained in the AAS itself, (2) linked, meaning that the data does reside in a database outside the AAS,
and (3) external, maang that the data resides in a file which can be either hosted inside or outside
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the AAS. To access the data from different types of segments in a unified way, the time series submodel
does offer multiple operations such Bsb | Rw S Co2NNRRIGRB{XDAY Sy (1 a6 X 0

<<Submodet-> Logend:
TimeSeres

1 et in biue: Operations (OUtook)

+ deriveRecords(Timarange, ...): Records
+ deriveSegment(Timerangs,.. ). Segment
+ readRecords(Timesange, . ): Recorss

+ readSegments(Timerange,...): Segmants

1 1| Metadata
1 . Segments <eSumogelElmer
<<SubmodelElementCallection>> Metadta @Strut
Segments @List + Name: MultLanguageProperty [1] 1
]
1 + Description: MultiLanguagePreperty 0..1]
o
ecSubmodelElementCoBectionss
Segment @Struct | l
+Name: MutiLanguagePropery (0.1]
<<SubmodsiElemenColiections:
+ Descrotion: MublanguageProperty [0.1] ExtsmaSugraonts @St 1 L
+ RecordCount: long [0..1] + Data{00} : File OR Bioh [0.n]
+ StanTime: dateTime [0..1]
+ EndTime: dateTme [0..1] [
+ Sampinglnterval: kng (0.1] <CD (e.9. s, mirl>
. ==SLnmaodolElamer
+ SampingHate: bng [0..1] <CO (e.9. 8, minj> s ";%;‘"“"‘“’ o etadata
+Kind: Progerty [0..1] <CD (stream, historical, ..) —
+Endpoint: s¥ing <<<SubmodelElementCollections
+Qvery: st & Record @ Siruct
+ Tirme: long <ConcepiDescription (e.9. s)>
ccSubmodelClementCatiections=s i 1 cxSubmodelClemenCollectons i + SamplaAcoserationit: Froperty
InternakSegments @Struct FRecords @List + SampleAcceiration¥: Propery
l ] + SampleAcceierationZ: Property

Figure 25: UML class diagram of the SubmodelTemplate Time Series Data metamodel

Extending FASST Service to support SMT Time Series Data is tricky, as this requires adding logic to a
TimeSeries submodel implementing the required operationsNiE® I R{ S 3 YBqyiré 2 shiws

how we extended the architecture to achieve this. First, we introduced the
SubmodelTemplateProcessoterface, which allows to integrate custom processors for certain kinds

of submodel templates which again can alter the processed submodel by e.g. adding operations and
underlying logic like needed for SMT Timei&eData. Then we implemented this interface for the

Time Series Data submodel template. This implementation again defines an interface called
SegmentProviderhich abstracts from the concrete type of database used to store the data. For this
interface we developed an implementation supporting InfluxDB databases as data source.

AAS-compliant DT API
(e.g. HTTP, OPC UA)

<<interface>>

SubmodelTemplate
Processor

TimeSeries
SubmodelTemplate
Processor

<<interfaces>

AssetConnection

<<interfaces>

SegmentProvider

Figure 26: Updated FASST Servi@chitecture with SMT Time Series Data support

Asset
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The implementation is open source and available on Ghuwhen started with a submodel with its
semanticld pointing to the SMT Time Series Data it automatically generates the operation to access
data in a unified way. However, this currently only works for internal segments and linked segments
pointing to InflxDB databases; external segments are not supported at this point of time. However,
to support additional database types besides InfluxDB requires only to implement the
SegmentProvider interface and can be done with minimum effort.

M https://industrialdigitaltwin.org/en/contenthub/submodels
2 https://github.com/FraunhoferlOSB/FAAASErvice/pull/256

10.3 Progress beyond State of the Art or State of the Practice

Most related work is dealing with the selfvareness ofligital twins. There are several systems which
we briefly analyze in the following text.

In (Kapteyn, Knezevic, & Willcox, 2020DDDAS system is extended to a-aelére digital twin to
supportreattime path planning of an unmanned aerial vehicle according to its structural integrity. In
this work, stimulus awareness and goal awareness are implicitly involved.

In(Chhetri & Al Faruque, 2028)dynamic datalriven approach is applied to the digital twin model for

3D printer products. The digital twin is a machine learning model that predicts the surface texture and
dimension of the product to be printed by using environmental parameters frons@s as input.
Stimulus awareness and time awareness are implicitly involved.

In(RolBmann, et al., 2014)3D simulation model is used as the mental model for the path planning of
a mobile robot. The robot simulates all the possible future paths resulting from differemdl ini
parameters. Stimulusand timeawareness are implicitly involved, the latter to predict future path
trajectories.

In (Zhang, Bahsoon, & Theodoropoulos, 20@@hs that can exhibit a high level of intelligence are
described. They can replicate human cognitive processes and execute conscious actions
autonomously. The paper brings together the concepts of digital twins aneawalfeness and
discusses how the didrent levels of sethwareness can be harnessed for the design of cogritgital

twins.

Regarding the timeaeries data and their integration with digital twinsyrosolution offers a
standardized (although the specification is only at draft stage) to handle time series data in an AAS
which is something that no other AAS implementation can offer so far.

10.4 Summary of the key achievements

There are three key achievemen(d) Initial conceptualization of the cognition, driven by the role of
knowledge in thecognitivetwin layer (Toolbox}2) Initial realization of the cognition in two pilotnd
(3) Conceptual model for the cognition in the StreamPipes toolbox

Regarding time series data and their integration into digital tywves implemented most of the SMT
Time Series Data specification thus providing a standardized way to integrate time series data with the
AAS. As proedf-concept we implemented a way to connect the AAS to time series data stored in an
external InfluxDB. We fthermore designed our solution in such a way that it is easily extendible to
other types of databases in the future.
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https://github.com/FraunhoferIOSB/FAAAST-Service/pull/256

COGNITWIN
DT-SPIRE6-2019 (870130) Deliverable [5.4

10.5 Conclusion

Since this task is responsible for the realization of ¢bgnitive twins, which are one of the main
outcomes of the project, there are several dependencies to other tasks, i.e. the results from these
tasks should béed into this one.

In addition, infial concepts and realizations (as mentioned in previous section) will be further
developed and validated

Integration of time series data in the AAS is esisénespecially with the focus on DTs close to
production modules and machines as thegntinuously produce streams of data that need to be
captured and made available via DTs. Unfortunately, this aspect of DTs is not well covered by
standardization and most of the time neglected by existing implementations. With our solution we try
to closethis gap and provide an eaty-use and extendable opesource software addressing this
need.

Classification Public Pagel00of 175



COGNITWIN
DT-SPIRE6-2019 (870130) Deliverable [5.4

11 Demonstrators

Several videos have been made to demonstrate the use of the COGNITWIN tdblesx.videos are
available on theCOGNITWIN YouTube channel:

https://www.youtube.com/channel/UCgHunz1V68YGOxagVkkyN1A

11.1 Demonstrators for D5. 4

Thefollowingfour videos demonstrataovel developments and the statef-the-art as of this delivery,
whereas the remaining videosvere made priorand demonstrate the COGNITWINoolbox
componentsat a somewhatarlier stage

1111 Hybrid digital twin for the Elkem pilot

A video demonstrating the pipeline for the Elkem pilot is available. It shows how Cybernetica CENIT is
used as a basis to build a hybrid digital twin. It shows how data flow from the process, how it is stored
and distributed to the different tools, used @alculations and finally presented to the users (operators
YR LINPOS&aad SYyaAySSNAO® blYSY Gl @80NAR RAIAGI

11.1.2 Hybrid digital twin for the  Hydro pilot

Anideo demonstrating the use of the model and h@yberneticaC ENIT is used to build a hybrid digital
twin in the Hydro pilot casisavailabler &/ 23y A¢CSAY | @ RNRE @

11.1.3 Hybrid digital twin for  the Sidenor pilot

The PragmatisAvased model for the Sidenor pilot is predicting ladle refractory erosion. Predictions of
steel, slag and ladle wall temperatures are an integral part of the model as temperatures control
thermodynamics.A video demonstrating the PPBllased development and use of the modsl
availabley Pragmatism in physidsasedmodelling(PPBM), applied to the COGNITWIN Sidenor use
case on ladle erosiégn®

11.1.4 FUSE, BuMon and FouCon for Sumitomo SHI FWpilot

Threevideo demonstratios on developments for solving the Sumitor8éil F\Wpilot problem are
available. The latest (M42)demonstration video illustrates the fouling management digital twin
service tooln addition | 1j dzA O  dzitleN@EhéralpHraaseRa&pplicaybn independent togls
derived based on the piladrivenwork, is provided in a fourth video (M42All videos are be available
via the YouTube COGNITWIN chan@€lGNITWINYouTube

11.1.5 TIA APPS

Video demonstrations for the WP5 related tools (TBAPREMATIAMODELTIAASRTIADATA
GENTIAOEETIASTATISTIC& TIAAPPS are/will bavailablein the YouTube COGNITIWIN channel
The link is alsavailableon: TIAMonitoring TEKNOPAR (Final COGNITWIN Demonstizfof)-
YouTube

11.1.6 FA3ST Demonstrator

This demonstrator shows hotime series data can be integrated into a digital twin.
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12 Conclusion

In this deliverable D8.we report themethods and technologies developed in the "COGNITWIN Hybrid
and Cognitive Twin Toolbgxds well as how they were applied in thig industrial pilotsThe report
takes the form of an updated version of the previaldiverable D53, such that all theprevious
developments aréncluded for the sake of continuity.

The overall goal of the COGNITWIN project is to support European heavy indinstriggh digitali
zation with the aim to significantlyimprove operationTorealizethe COGNITWINision,varioustools
for combiningdata-driven, physicsbased and machine learning methodse developed.

As of thisdeliverable, thetoolbox consists ofcomponents developed to satisfy the specific pilot
challengesSincetechnical details are best presented ope-componentbasis, and our presentation

on the individual tasks focuses on more abstract insights. The bulk of technical details and
development status of the individual toolbox components is additionally reported as Appendix 1 and
referred to in this doument.

Progress has been made since the previous deliverable, and most toolbox components have now been
applied to the pilots. Furthermore, many of the components are interacting in a unified manner as part
of pipelines The components and the pipelines aaestep towardsfull-fledged cognitive digital twins

for the processindustry.
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14 Appendix 1. Toolbox components

As described ithe highlevel overview from deliverable D4.2, ti’®GNITWIN vision can only be
achievedf interoperability between the heterogeneous components is supparlemithis end, it was
chosento define standardized interfaces for each componant define pipelinedrigure27:Figure
illustrates the approach.

Heterogeneous .
components

Integrated components = ' " ‘
in a Toolbox Nt

(engineering phase)

Integrated pipelines with DTs
(operational phase)

Figure 27: Cognifwin approach for digital twins

In this Appendix, the various toolbox components are described.
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14.1 TIA UX: Industrial Control and Visualization Panel

Component/Tool description

Component/Tool/Method/Framework/Service Name
TIAUX Industrial Control and Visualization Panel
Defined in Task

T5.1 T5.2

Short Descriptiorg incl. Purpose

TIAUXsupports the digital twin by means of visual components presenting the generated dat
which is retrieved from, and processed within other STEEL4.0 components.

The purpose oT IAUX is to visualize the digital twilAUX visualizes thieistorical, real time data
as trend graphs and status reports by means of different types of graphical elements. Beth r:
time and processed information that are used for condition monitoring and predictive
maintenance of SWP are visualized B WUX.TIAUX contain§ IADASHBOARD amtiA3D
applicationsTIA3D is used for 3D visualisation of data, wh&lADASHBOARD generates and
displayes Dashboards to the usets.

Progresssincedelivery D5.1
Visual components of all of the SWP machinery parts were prepared.

GUI designs (including the icons, graph types, dashboard elements, etc.) for the display scre
were updated, graphical elements to display réale and calculated fields have been changed.

AI/ML related elements are visualized on GUIFIAUX
Accepted Proceeding Paper including STEEL4.0 Digital Twin (reldtédJdoelements):

TfO0lFe@NI 12 moX tod 'yIEE a{YFENIG {GSSt tALIS t
onSAIAGFIEATIFIGA2Y 2F {LANIf 2SftRSR tALS al (
Proceedings of the ESTEP Workshop on Impact and opportunitiéahA Steel Industry.

Progresssincedelivery D5.2

1 Customization for the visuatomponents, such as light, background color, foreground
color, constrast level etc. have been added.

1 Model explosion has been added.

1 Overall equipment efficiency and energy consumption is displayed

Progress since delivery D5.3
9 Verification andvalidation have been completed.

Examples of usage / illustrations
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Figure 28: TIA UXSample GUI for External Welding of SWP displaying RealTime
sensor Data.

ChyrooRenFRr

Figure 29: RealTime ML Sample GUI visualized BYA UX

Interfaces (in/out)¢ system/user

TIAUXuses real time sensor data and predictions as input and displays them in the forms of
elements to the users.

Subordinates and platform dependencies

Being a web application, ICPV is platform independent, it can run on many different types of
browsers including Google Chrome, Safari, Microsoft Edge, Mozilla, Opera, etc.
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Licenses, etc. (free for use in the project)

Proprietary/ Subject to license

TRL for overall component/tool and any parts/subordinates
The current TRis 7 as targeted.

Referenceg; incl. web etc.

https:// tia-platform.com/moduletia-ux.html

To be considered in particular for the following COGNITWIN pilots
NOKSEL
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14.2 MAI - Collection of weather data

Component/Tool description

Component/Tool/Method/Framework/Service Name
MAI - Collection of weather data

Defined in Task
Task 5.1: Plant Digital Twins with ML/AI

Short Descriptiorg incl. Purpose

The MET API Interface (MAI for short) is a user interface to FROST, tlevdBped by the
Norwegian Meteorological Institute (M vhich enables public access to weather data. MAI i<
software bundle written in Python and is intended to be used as a standard Python module.

The purpose of MAI is to simplify data retrieval from FROST by providing a streamlined user
interface. A user can select a location, a time interval, and a series of measurethentslAl
takes care of contacting the correct access point in FROST, submitting a properly composec
request,as well ageceiving and handling the response. MAI allows querying FROST for three
purposes: 1) Retrieve all available weatistationnames in a given area (at municipality level);
retrieve a list of all availablmeasurements at a selected location or municipality; 3) retrieve al
data available for the selected measurements at a chosen location and time interval. The we
data is collected in a properly formatted Pandas DataFrame for ease of use.

The modularity of MAI allows for flexible development and extension of its features.

Progress sincdelivery D5.1

N/A

Progresssincedelivery D5.2

N/A

Examples of usage / illustrations

To allow MAI to access FROST, a user must first register and receive its client ID. T}
done by visitindnttps://frost.met.no/auth/requestCredetials.htmland registering with
an email address. MET's A@ims of useas well theprivacy statemenhold in this step.

After registration, weather data can be retrieved by the user in one simple call to MAI. The fi
below illustrates a minimal usage example.

met_api_interface

Figure 30: Minimal usage example for retrieving weather data using MAI

Interfaces (in/out) ¢ system/user

The software is intended to be run as a standard Python module, imported in a script and ru
either in terminal or in a notebook. Most functions contained in MAI accept as input location
names, list of measurements, and time intervals (or a combinatidghasfe). The returned output
can be either messages on the screen containing the requested information, or a Pandas
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DataFrame containing the weather data, formatted with timestamps in rows and the different
measurements in columns. Errors are handled through descriptive explanations and sugges
the user.

Subordinates and platform dependencies

MAI is available on any platform that can run Python 3.x.
Licenses, etc. (free farse in the project)

none

TRL for overall component/tool and any parts/subordinates
none

Referenceg; incl. web etc.
none

To be considered in particular for the following COGNITWIN pilots
Hydro.
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14.3 FUSE

Component/Tool description '

Component/Tool/Method/Framework/Service Name

FUSE

Defined in task

5.1 (5.4)

Short Descriptiorg incl. Purpose

FUSE is a tool for process input and state estimation, fusing plant physical model
predictions with process measurements. The model a@hsurements are fused in
nonlinear state estimation using an unscented Kalman filtering @0&$ed approach.

In particular, the tool is developed for estimation of combustion boiler input fuel
composition characteristics. The tool uses a physical model cCEi#oiler hotloop
(fluidization and combustion) as well as-lome measurements from the process (flue ge
furnace temperatures, etc). The approach can be applied for alternative state estima
purposes, given that a suitable plant model and measuremarggprovided. A
generalized version is under development.

The UKF algorithm is well known and many implementations are available (e.g. in M
Control System Toolbox and Matlab Central open exchange). The FUSE tool focuse
practical aspect®nablingthe selection of states/inputs to estimate, measurement
selection, data validation and reconciliation, physical model tuning, UKF tuning, and
reduction of computational load, s@sto support exploitation of computationally heavy
physical models in plant operation and control.

Progress sincéelivery D5.1

The tool has been developed (designed, implemented, and verified) after the last milestone
2/2020. A paper has been published on the physical model tuning, available in IEEE Xplore
References).

Progresssincedelivery D5.2
N/A

Examples of usage / illustrations

The tool originates from solving the WP3 pilot problem on fuel characterization, as a part of
heat exchanger fouling monitoring problem. The tool was tuned and tested using real full sce
boiler plant design and measurement data.

Figure 1 illustrates the estimation filter outcomes during fuel test experiments.

Classification Public Pagelllof 175



COGNITWIN
DT-SPIRE6-2019 (870130) Deliverable [5.4

fuel [kgis]

fuel [%)]
4
{
\
|
1
j
|

temperatures

aiia|

: \ . . . \ .
0 20 40 60 80 100 120 140 160 180 200 0 20 40 60 80 100 120 140 160 180
time [h]

Figure 31: FUSE fuel characterization during one -week CFB operation

The top left picture shows the estimated fuel characteristics as a function of timecoldwered
lines show the mass flow feed for pure forest wood chips, design fuel mix, and moisture. The
lines show the estimated and measured total fuel feed (indistinguishable). The bottom left pi
illustrates the elementary composition of the @aated fuel feed. The right plots show the
measured and predicted flue gas oxygen and sulfur dioxide concentrations and furnace
temperatures during an eigkday plant operation period. The estimated fuel feeds match with
feeds during five known test 8 periods (3 to 8 hours), also performance outside of test peri
appears feasible.

Interfaces (in/out)g system/user

The physical model and measurements are set up in the Matkiles Input data
(measurements) are provided as numerigattors. Interactive tuning is enabled by Matlab
interface/graphics. Estimation outcomes are provided as numerical vectors.

A link with StreamPipes is enabled by an @RClient/server component (see FUSE QRC
tool).

Subordinates and platforndependencies

The tool is implemented using Matlab languagefiles). Matlab from the Mathworks is required
(FUSE has been tested on Matlab 2020b).

Matlab (2020b)s available on all major operating systems, including Windows 7, Ubuntu 16,
Debian 9, MacOS 10 and newdlo particular Matlab Toolboxes are required. Open softwsreh
asOctave is known to be able to interpretfites, but FUSEodes have not been tested with
Octave.

Licenses, etc. (free for use in the project)
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The FUSE code is free for use in the project (contact Enso.lkonen@adulu.iijpe CFB hotloop
physical modeis Sumitomo SHI FW Energia Oy proprietary.pléwet measurement datan its
unprocessed form is proprietary of the pilot plant.

TRL for overall component/tool and angyarts/subordinates
Current state is TRL 5 (validated in a relevant environment) currently being raised to TRL 6
(demonstrated in a relevant environment).

Referenceg; incl. web etc.
L12ySy 9 {StS] 6Hnun0 [/ FTEAONIXdGAZ2Y 2F t Kea
Australian and New Zealand Control Conference, Gold Coa&t3p48.(Ikonen & Selek, 2020)

The generalized Matlatool is available alttp://cc.oulu.fi/~iko/COGNITWIN/

To be considered in particular for the following COGNITWIN pilots
Sumitomo SHI FW Energia Oy
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14.4 SubFUSE

Component/Tooldescription '

Component/Tool/Method/Framework/Service Name
SubFUSE

Defined in Task
51/54

Short Descriptiorg incl. Purpose

SubFUSE is a state estimation (sa&hsory) tool which fuses subspace methods for sys
identification with Kalman filtering. The tool is solely dataven, it requires 10 dat
(measurements) as input.

In particular, the tool is developed for the estimation of input fuel characteristic
combustionthermal power plants. Relying on regular process data including flue
composition measurements, an estimate of the chemical structure of the fuel fetthec
furnace of aCFBboiler is provided. The approach can be applied for alternative s
estimation purposes as well, given that a suitable plant model can be generated and
measurements are provided.

The tool has been tested insamulated environment which aims to replicate the dynamic:
the pilot problem. Validation of the tool using data from pilot will be conducted in 20z
generalized version will be developed based on validation results.

The tool has been implemented in MATLAB, and is available in script format.

Progress sincéelivery D5.1
The tool has been developed (designed, implemented, and verified) after the last milestone in 2

Progresssincedelivery D5.2
N/A

Examples of usageillustrations

The tooltargetissolving the WP3 pilot problem on fuel characterization, as a part of the heat exch
fouling monitoring problem. Using IO data pairs of the process of interest, the tool proceeds
steps: first, a sufficient Linear Tirh@variant approximation ofthe governing dynamics is conduct
utilizing subspace identification. Once the approximate dynamics is avagablendard Kalman filte
is used for state estimation.

For example, Figures 1 and 2 illustrate the performance of the tool inssafting the chemice
composition of the fuel fed to a CFB boiler. In the learning phase (figure 1) the tool learns to mir
dynamics of combustion.
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Deviation of COZ

Deviation of H20

Deviation of H2

Figure 32: The identified Linear Time Invariant model (red) of a nonlinear
combustion dynamic using 10 measurement pairs (blue). Training data (left) are
separated from the validation data (right) by a black line located at timestep 600.

Based on the 10 relationship identified from data, the tool estimates {@mises) the chemice
composition of the fuel using standard flue gas measurement data available at the power p
interest (figure 2).
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Figure 33: Actual (blue) and estimated (red) nitrogen content of the fuel used for
heat generation in the combustion -thermal power plant of interest

Interfaces (in/out) ¢ system/user
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The tool is implemented in MATLAB script (.m file). Input data (measurements) are provic
numerical vectors (matrices). Estimation outcomes are provided as numegictalrs (matrices).

A link with StreamPipes is enabled by an @RC:lient/server component (see FUSE @QRGool).

Subordinates and platform dependencies

The tool is implemented in MATLAB script (.m.fildATLAB, a product Mathworks is requir
to run the application. (SubFUSE has been tested on MATLAB version 2020b).

MATLAB (2020b¥ available on all major operating systems, including Windows, Unix/
and MacOSThe tool uses the MATLAB core, additional toolboxes are not required.
software such as Octave is known to be able to interprdil@s, but FUSEodes have not bee
tested with Octave.

Licenses, etc. (free for use in the project)
The SubFUSE code is free for use in the project (contact Istvan.Selek@oulu.fi).

TRL for overall component/tool and any parts/subordinates

Current state is TRL 4 (validated in lalrently being raised to TRL 5 (validated in a relevant
environment).

Referenceg; incl. web etc.
Istvan Selek (Istvan.Selek@oulu.fi)
Markus Neuvonen (Markus.Neuvonen@oulu.fi)

To be considered in particular for the following COGNITWIN pilots
Sumitomo SHI FW Energia Oy
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14.5 TIA MODEL

Component/Tool description

Component/Tool/Method/Framework/Service Name
TIAMODEL

Defined in task

T5.1, T5.2

Short Descriptiorg incl. Purpose

TIAAIlprovides and enables the application of machine learning algorithms and needed to pe
smart predictive maintenance for the SWP machinghAMODELutilizes supervised,
unsupervised, multidimensional scaliraynd reinforcement learning algorithms as needed.

To compare ML models used for predictive analysis, GUIs have been developed.

Progress sincéelivery D5.1
Since the last milestone, frontend and backend softwar€l8MODElwere developed.

Multiple machine learning algorithms have bespplied to the data passing through the
incremental PCA stage to detect anomalies. RF, Gradient boosted tree, LSTM, SVM, KNN, i
algorithms have been used.

Unal, P.,et.@ 0 H n H-siriven ArSficial Intelligence and Predictive Analytics for the
alAyidSylryOS 2F LYRdaAGNAIFIT al OKAYSNE . I aSF

Progresssincedelivery D5.2
1 Data labelling and data cleaning have been performed.

1 ML/DL prototypes have been completed for LSTM, SVM, KNN and MLP.
1 Results obtained byrained and tested models have been discussed with the experts.

1 Improvements of the algorithms and features are in progress.

Progress since delivery D5.3
9 Verification and validation have been completed.

Examples of usage / illustrations
Forpredictive maintenance purposes the tool is being utilized.

Interfaces (in/out)c system/user
TIADATA data is used BYAMODERs input. TIAMODEIloutput is visualized byl IAUX.

Subordinates and platform dependencies
None (platformindependent web application)

Licenses, etc. (free for use in the project)
Proprietary/ Subject to license

TRL for overall component/tool and any parts/subordinates
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The current TRLGsas targeted

Referenceg; incl. web etc.
https:// tia-platform.com/moduletia-apps.html

To be considered in particular for the following COGNITWIN pilots
NOKSEL
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14.6 Neuroscope

Component/Tool description '

Component/Tool/Method/Framework/Service Name
Neuroscope

Defined in Task
Task 5.2Multi-variate Sensor analytics with Deep Learning

Short Descriptiorg incl. Purpose

Neuroscope is a visual debugger for convolutional neural networks. The software is an inter:
tool with a graphical user interface intended for interactive use by data scientists on the
application level.

The purpose of the Neuroscope software is to allow data scientists to gain imgigltie inner

workings of a neural network, in the case of a system malfunction or misbehavior. The apprc
taken by Neuroscope is a network visualization approach, which means that the weights of t
inner layers are visualized in a humiaterpretable way, which is helpful for understanding why
certain misbehavior occurred. In the context of COGNITWIN, the Neuroscope software will k
useful as part of a software toolbox to make machine learning technology practically useable

The software supports the following major features: (1) visualization of network architectures
loaded from PyTorch or TensorFlow files as graph representation, visualization of trained we
by means of (2) activation maps, (3) saliency map, (4) guidekl fropagation, (5) graGAM, (6)
guided GradCAM, and (7) gra@AM plus.

The software supports arbitrary networks architectures for classification and semantic
segmentation of imagéike data and is currently being extended to mualtiject detection and
localization architectures.

Neuroscope is comparable to systems like Tensorboard. The major difference is the support
exchangeable machine learning backends (TensorFlow and PyTorch), and the interactive us
graphical user interface.

Progress sinceéelivery D5.1

Since the last milestone, we added the following features to the project: (1) support for seme
segmentation network architectures, and (2) support for guided &ad1. We are currently
raising the technology readiness level to TL 7 by bug fixing guidnmenting smaller
improvements. We are currently implementing (3) supportrfaslti-object detection and
localization architectures.

We are currently writing a publication concerning the softwa(8chorr, Godarzi, Chen, &
Dahmen, 2021)

Progresssincedelivery D5.2

Since the last milestone, we had to cancel a technical attempt to integrate multi object
detection and localization architectures via the Explaio-fix method in Neuroscope. The
integration turned out to be technically infeasible for principal reasons. \Aeeonsidered our
efforts and are now starting to integrate a method calledRISE We published the following
paper (Schorr, Luschkova, & Dahmen, Automatic detection of billets in rolling mills using
convolutional neural networks with synthetic data, 2021)
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Examples of usage / illustrations

The example synthetic image of billet rolling process illustrates the capability of Neuroscope
analyze a given neural network (top left). The task is to segment the ireggeding the class

GoAftSGé a | O2YLRYSyYyd 2F ldzZi2YFGAO 2 LI A
YSGNRAOTZ + RAFFAdzAS AYI3AS 2F LMAESta aSyairida
visualization method called guided Gr&AM shows clear regions of high activation in places ¢
billets, as well as some localized areas of low activation (bottom left). The activation map

computed by Guided Backpropagation method (bottom right) highlights pixels of high activat
exactly at Hiet locations. The analysis of these 3 types of visualization maps raises the qoés
why the activation mapdo not show high activated pixels monotonously within the bounds of
billets. This observation could be the indicator of a poorly trained deep learning model or sce
training data.

Figure 34: Visualization of the class
OAEI 1 AOO OOEI C . AO
original image, top right: saliency map,
bottom left: guided GradCAM, bottom
right: guided backpropagation.

Interfaces (in/out)g system/user
The system features a graphical user interface and is intended for interactive use only. The :
canload network architectures and weights in TensorFlow and PyTorch foltmsaableto export
visualization results in common image formats.

Subordinates and platform dependencies
Neuroscope is available for Linux and Windows. It supports PyTorch and TensorFlow as ba

Licenses, etc. (free for use in the project)
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We provide a community version under GPL. For commercial licenses, contact DFKI directly
(Tim.Dahmen@dfki.de).

TRL for overall component/tool and any parts/subordinates
6, currently being raised to 7

Referenceg; incl. web etc.
https://github.com/c3di/neuroscope

To be considered in particular for the following COGNITWIN pilots
Saarstahl.
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14.7 Aerial Photogrammetry

Component/Tooldescription

Component/Tool/Method/Framework/Service Name
Aerial Photogrammetry

Defined in Task
Task 5.2: Multvariate Sensor analytics with Deep Learning

Short Descriptiorg incl. Purpose

Photogrammetry is a technique for the capturing of thudienensional (3D) models from real
world environments. The technique works by taking images from manually selected position:
reconstructing a 3D model from the images. As the camera parametesgigooand orientation)
are unknown, the most important step is to computationally determine position and orientatic
each image.

Photogrammetry has a reduced surface precision compared to-lzsed surface scanners, but
has the immense advantage that it generates textured models in a single step, i.e. the genel
models canmmediatdy be used for photorealistic rendering. Another advantage is that
photogrammetry is applicable to a wide range of length scales. If combined with macro
photography, photogrammetry can capture details on the micrometer scale, if combined with
handheld camersiit can produce centimeter scale objects, and combined with drones (aerial
photogrammetry), the capture area can extend over several square kilometers.

In the course of this project, we will provide a process for aerial photogrammetry which allow
capturing of entire sections of production plants, such as the Saarstahl milling plant. This wo
will be assembled from commercially available componentsadaipted to the specific needs if
being used in a large indo@nvironment with harsh production conditions. The purpose of the
captured 3D models is the generation of training data for machine learning applications.

Progress sinceelivery D5.1

A number of datasets was captured using different flight patterns from a drone and using a
handheld and tripoemounted camera system. Reconstruction results were compared to
determine the optimal capturing mode.

A commercially available photogrammetry software (Agisoft Metashape) was purchased, ins
on suitable server hardware, and reconstruction settings were optimized to work with the
available datasets.

Progresssincedelivery D5.2

The pipeline for synthetic data generation was improved by increasing flexibility (exposing
additional parameters) and by improving usability. The documentation was improved
considerable. The technical dependencies were consolidated and documented. élleaintr
installation procedure was developed, documented andipHy automated. Several instances o
the data generation pipeline from different projects wereintegrated and consolidated on the
sourcecode level, concerning data organization (folder structure) and concerning the versior
control system.

Interfaces (in/out)¢ system/user

Agisoft Metashape software is a staatbng software that performs photogrammetric processir
of digital photographs. It loads arbitrary number of unpreprocessed images in coriamoats
and generates a 3D model of a scenery. Here it is important to capturegbagty andhighly
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overlapping images of the setting to compute the best quality model. It is recommended to
employ a camera with 5Mpx resolution at least and to shoot photographs with 80% overlap.

Subordinates and platform dependencies
Recommended configurations for Agisoft Metashape:
1 Windows 7 SP 1 or later (64 bit), Mac OS X Mountain Lion or later, Debian/Ubuntu w
GLIBC 2.13+(64 bit)
9 Intel Core i7 or AMD Ryzen 7 processor
9 Discrete NVIDIA or AMD GPU
1 32 GB of RAM
Licenses, etc. (free for use in the project)
The component is realized as a ndisclosed inhouse workflow.

TRL for overall component/tool and any parts/subordinates
7

Referenceg; incl. web etc.
https://www.software3d.de/agisoftmetashapepro

To be considered in particular for the following COGNITWIN pilots
Saarstahl.
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14.8 Bonzai
| Component/Tool descripion . .
Component/Tool/Method/Framework/Service Name

Bonzai

Defined in Task

Task 5.3: Deepearning Performance

Short Descriptiorg incl. Purpose

Bonzai is Scortex python library handling everything related to deep learning on images.

Bonzai is built on top dferas /Tensorflow.It uses as input a connection to a mongo database 1
annotations and metanformation (dates, part reference, acquisition system version, ...), as w
as an azure filesystem fonage stoage The main output is the production of deep learning
model in tf.keras format (topology in .json and weights in .h5).

With this library, Scortex engineers manipulate and clean images and their metadata. They (
to train deep learning models amoperlyevaluate these models.

Progress sinceelivery D5.1

Scortex hagreatlyimproved its machine learning library.

A large focus waguton the maintainability and traceability of the deployed systems. From any
deployed model, Scortex is ablengtracewhich images, metadatand preprocessing was used
to train it.

Scortex extended its library to user use cases as well. Previously, only defect detection was
supported. Now, the library can handle part detection/segmentation as well as anomaly dete

Related tanference speed:
Scortex worked on a way to improve all models inference time and published a blog post ab

https://scortex.io/batchrnorm-folding-an-easyway-to-improveyour-network-speed/ This
technology is now deployed at some®dortexzlients.

Scortex worked on improving the architecture speed of the network they are using atliesits.
Typically using a smaller / shallower network. The difficulty of this is to maintain good robust
(mostly for repeatability. See this other blog pdsitps://scortex.io/robustnessand-repeatability
of-moderndeepneuratnetworksa-reviewy).

Scortexdevisedreal time / light architectures for the task of detection / semantic segmentatior
well as anomaly detection.

Scortex has investigated pruning networks that did not provide good results for inference
time, as most software / hardware (example: GPU + TensorFlow) do not support leverage sg
It is our hope FPGA technology will be able to do so.

G5AaGATEFOARYEY { O2NISE a4dz00S&aafdzZte Yy
smaller one. The performance is not as good as the large model but better than the performi
of the smaller model trained on its own.
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By combiningScortex managed to deploy a statioapable ofa complex inspection of rotating
parts. The Scortex box handles the inspection of 3 parts per seadwch requires inference of
300 (3 x 100) 1280x640 grayscale images per second. To the best of our knowledge, Scorte
only company able to achieve such performances in alifeadleployment.

{2YS SELISNAYSy(a &dzOK | & &t NdzyAy3 a2NI dRA
not outweigh the implementation cost as of today.

Scortex is also working on improving training speed as shown by this blog post:
https://scortex.io/extendingselectivebackpropagationto-segmentatiorfocusbiggestlosers!/.

Its new unsupervised demonstrator allows one second training f@ry constrained set up.
Progress sincéelivery D5.2

N/A

Examples of usage / illustrations

Below is an example image from our unsupervised anomaly detection demonstrator.

The user can train model with a few urannotated images and the model will detect anomalies

The result shows the original image with a defect score and a defect localization. Here is det
tiny pen mark on the business card the model was trained on.
Superposition

Image Heatma

Figure 35: Example image from our unsupervised anomaly detection demonstrator

Example of detections on our supervised demonstrator (less constrained). The part goes on
O2y@Se2N) 6Stilid LyaaARS GKS {O2NILSE RFEN] do
colored images. One report is created per part. The (defect) teteis shown with closeups on
the bottom of the screen.
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Figure 36: Scortex Bonzai software in action

There is currently no frontend to train supervised models using only the mouse but we are hi
to be able to work on this in 2021.
Interfaces (in/out)g system/user
Bonzai connects to mongodb and otldatabase systesto get images and metdata €.9.:
annotations). Outputs are deep learnikgras/Tensorflowmodels and pipelines to be used in
productions.
Subordinates and platform dependencies
keras/tensorflow, mongodb.
Licenses, etc. (free for use in tipeoject)
Proprietary. In development, remains the property of Scortex. Will be used by Scortex exclus
TRL for overall component/tool and any parts/subordinates

TRL 7
Referenceg; incl. web etc.
https://scortex.io/batchrnorm-folding-an-easyway-to-improve-your-network-speed/

https://scortex.io/robustnessand-repeatabilityof-moderndeep-neuratnetworksa-review/

https://scortex.io/extendingselectivebackpropagationto-segmentatiorfocusbiggestiosers/
To be considered in particular for the following COGNITWIN pilots
Saarstahl, Sumitom8HI FW
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14.9 Machine learning to FPGA conversion: Keras2RTL
[ComponentTooldeseription ===
Component/Tool/Method/Framework/Service Name
Machine learning to FPGA conversion: Keras2RTL
Defined in Task

Task 5.3Deep learningperformance

Short Descriptiorg incl. Purpose

This tool allows to fill the gap between machine / deep learning development environments ¢
FPGA development environments.

Machine learning development environments are typically based on the python programming
language and libraries such lésrasand Tensorflow(or pytorch) relying othe Nvidia low level
computing library named CUDA.

Meanwhile, FPGA developments are based on VHDL programming language and integratec
development environments (IDE) provided by the compaioyiding the FPGA component. For &
Xilinx Virtex Ultrascale+ VU9P, the IDE is navieadao

Keras2RTL takes as input a tf.keras model that is a file with .h5 extevisidmcontains the
topology of the machine learning neural network and the weights. At ScorteXetasmodel is
generated using the bonzai library (see other 5.3 components).

Keras2RTtonversthe topology from the .h5 file andeneratesthe VHDL configuration files.
These files will be used by Vivado to generate Honir.

Progress sincdelivery D5.1
This task is currently handled manually by following a defined procesasifg the corner cases
and technically cover 100% of the scope to unlock the automation of this process.

Its 100% automation will be part of the next steps.

Progress sincdelivery D5.2

N/A

Examples of usage / illustrations

The overall usage floig:
- Train a tf.keras / keras model (typically using bonzai).
- Quantize the model (or train it in a quantized way immediately).
- Convert it using keras2RTL.

Use this model to run inference on images using the Honir component.
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Figure 37: Overall usage flow of Keras model

As a demonstrator, Scortex traine&arasmodel on data from one of its demonstrators. The
model allows defect detection on common goods parts, sudkegebricks, electricaswitches
and door handles.

This deep learning model was quantized using the bonzai tool (see other component) and th
processed by Keras2RTL process manually. The VHDL files produced was used for the con
of the inference engine (Honir: in task 4.4).
In a more general manner, the tool should be used to allow automatic and fast conversion fr
Kerasmachine learning model to a VHDL config file that can be used for Honir creation.

Interfaces (in/out); system/user

At a user level (a command line tool)

IN : keras .h5 file (topology + weights)

OUT : VHDL config file (for Honir tool build in T4.4)

Subordinates and platform dependencies
This module can work in standalone. It is, however, necessary for Honir (inference engine) t:
properly. Today the tool will support only keras models.
Licenses, etc.
In development, remains the property of Scortex. Will be used by Scortex exclusively
TRL for overall component/tool and apgirts/subordinates
TRL5
Referencesg incl. web etc.
- https://lwww.h5py.org/
- https://www.tensorflow.org/guide/keras/save_and_serialize
- https://github.com/kerasteam/keras
To be considered in particular for the following COGNITWIN pilots

- The Honir platform will be considered as a way to run the tracking system for the Sae
use case. Iwhich case, keras2TL will be used to generate Honir configuration.
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‘ - But it could be extended to any other pilots running deep learning on images ‘

14.10 TIA DATA-GENMATLAB Synthetic Data Generator

Component/Tool description

Component/Tool/Method/Framework/Service Name

TIADATAGEN MATLAB Synthetic Data Generator

Defined in task

T5.4

Short Descriptiorg incl. Purpose

TIADATAGENMATLAB Synthetic Data Generator for Electro Mechanical parts) is a syntheti

generator for common electrmechanical parts, including electric DC motors and a hydraulic
shaft.

The purpose oT IADATAGENS to generate synthetic dault data from the model elements.
Hence, the generation of such data enables users to have a rdogeh digital twin fora
common DC motor, gearbpand hydraulic shaft and their associated components.

TIADATAGENutilizes severalslorder models: DC motor and gearbox models, and a hydraulic
press model. For both of these models, random sources of errors (degradation of the compc
are introduced. A load representative to what they may experien¢kameal world is then
applied. Virtual sensors will collect data for several specific degradation scenarios. The outc
a supervised and annotated dataset. The latter will be used in training a ML classifier. The c
will be used to monitor the catition of the machine in operation and provide early warning for
potential fault.

In the context of COGNITWIN, thieADATAGENoutput will be useful in conducting the predictiv
maintenance of the modelled elements.

Progress sincéelivery D5.1

Since the last milestone, sensors have been added toStweder principal models. Current and
temperature sensors have been added to the motor and gearbox model, while a hydraulic pt
sensor has been added to the previously developed hydraulic press model.

Following the sensor implementations for the models, model parameters have been calibratt
and the random error sources have been introduced to the mobalis, the model has been
updated to be ready for predictive maintenance algorithms by introducing sources of randorn
errors to be used ipredictive maintenance, adding appropriate sensors to observe the effect
these error sources on important variables of the models and calibrating the geometrical,
electrical and hydraulic parameters of components to make the model as applicable and as
realistic as possible.

Progress sincédelivery D5.2
N/A
Progress since delivery D5.3

9 Verification and validation have been completed.

Examples of usage / illustrations
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MATLAB Simulink is used to develop and update the models.

Interfaces (in/out) ¢ system/user
TIADATAGENgenerates output data in .mat format and/or .csv format.

Subordinates and platform dependencies
TIADATAGENworkswith MATLAB Simulink and it converted to operate a standalone execute
program.

Licenses, etc. (free for use in the project)
TBD

TRL for overall component/tool and any parts/subordinates
The current TRL Bas targeted. The laboratory integrated system testing has been conducte:

Referenceg; incl. web etc.
https:// tia-platform.com/moduletia-apps.html

To be considered in particular for the following COGNITWIN pilots
NOKSEL
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14.11 Pragmatism in physics-based modeling (PPBM)

Component/Tool description

Component/Tool/Method/Framework/Service Name
Pragmatism in physidsased modeling (FBM)

Defined in Task
Task 5.4: Hybrid Digital Twins

Short Descriptiorg incl. Purpose

"Pragmatism in physidsased modeling{PPBM)s a method/framework for developing physics
based mathematical models. Such models may serve as a digital twin alone or as companio
data-based AlI/ML methods, to form hybrid digital twinserploit the combination of data and
physicsbased modeling.

The purpose of PPBM isdevise a generic methodology for development of physieased
models for application in digital twins. The PPBM provides a recipe for attacking a digital twil
development, starting out from problem definition, information collection, including exact
definitionsof the output requirements for the model, assembling a system architects team, m
specification, use of sulevel empirical or computed data, model building and application. The
PPBM can only be developed furthbroughapplication in industrial cases, like the Sidenor pilc
case.

The physics, chemistrgnd numerical methods to be used may differ between applications, bt
PPBM should help the developers (system architects) tahtougha set of weldefined steps on
the way from problem definition to final application. For each new application using the PPBI
new learning must be extracted and reported (published).

In the Sidenor pilot case offline data is us&€dning of the model was done by help of operation
data from the industrial partneiThis alone is a hybrid approacrhe data hamultiple challenges.
We extended the PPBM to clean the available data, but d@tsprovide additional simulated data.
These combined datiaas been, anavill be further explored in axtendedhybrid approach.

Progress sincéelivery D53
During the last periodwefinalizedthe method/framework throughthe development otthe
physicsbased model for the Sidenor pilot. Following elememégein focus:

i) Adding more iterations to the method. During visitSalenor in Bilbao it became cle:
that vacuum treatment has very strong effects of surface flow and splashing. The
in the ladleshad to be resimulated, accountigfor vacuum effectsRelations
obtained from curve fitting of theimulated results was plugged into the codis
modified the heat transfer coefficients and erosion speed.

i) Tuning methods were developed and apglto the model. This resulted in very goo
temperature predictions.

iii) Updating the pragmatismvork steps
a. Problem and Context Identification

i. Define the problem im problem document. Consolidation with the
industrial partner. Defining and collecting the needed information
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ii. Process to agree on model requirements,
b. Analytical Strategy and Plan

i.  Writing (hereupdating)model specification
c. Architecture of the Analytical Framework
d. Execution
e. Evaluation of the Solution
f. Conclusion and Communication

i. Result communicated through two papers:

1. "Pragmatism in industrial modelling, applied to "ladle lifetime ir
the steelindustry™, dealing with the PPBM

2. "Pragmatism based model for ladle lifetime predictioexplaining
the physics model

iv) Model was submitted tohttps://github.com/SINTEF/refractorywear

The Sidenor pilahas beera good case for further development of the pragmatism method. Th
modelswere defined to explain the thermal evolution of a steel ladle during its lifetime and
predict the refractory erosion from heat to heat. In order to handle the major and complex ph
and thermodynamics (multiphase flows, slag heater, radiation, thermassgeosion, interface
waves, local heat and mass transfer, chemical equilibrium of complex-siatpbystems,
dissolution of refractory components) several simplifications are introduced, some based on
Computational Fluid Dynami¢€FDto create data that can be applied in the simpler and faste
model.

In this pilot we appéd and exteneéd the PPBMto be implemented in the Python framework
where many tools available for Python may be expldgdsarious types ohybridization

The work, involving extensions of the PPBM, will be published under "Pragmatism in industr
modeling, applied to ladle litene in the steel industry{fJOH23]. A particularly important
contribution is to show how such a model can reveal the goodness of the industrial data. Thi
critical as industrial data, for many good reasons, may be completely incorrect, and it may in
cases be impossible to buildutomated filters that can fix the problem.

Progress sincdelivery D5.2

The PBM method has now been extended more strict checks on the dats we have learned
that some datacannotbe trusted befoe beingchecked for consistency. A main learnisithat
consistency is hard to evaluate without some phydiased model.

The model must behecked against the data and improvaad tuned exploiting alle available
data. Methods fotlearningfrom the data anduning have be& developedHere we useesiduat
basedmethods and fractional factorial design.
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Examples of usage / illustrations

In the Sidenor pilot, applying and extending theBMWAMethod, we are develdpga model for the
ladle refractory erosion. Th@odel can predict théhermal evolution in the refractory and shell.
The change of erosion pattern, from heat to heat is predicfgdexample is shown below.

We can see that the steel in this cagsas rather high (position of slag lin&)se of the model has
indicated that steel may penetrate in between refractory bricKsis will significantly impact the
temperature of the steel shelbut also ladle lifeln thismanner,combining the PPBA-based
model, thermal imaging and ML/AI a route to keep track on ladle life is possible.

Figure38: Left: We see the refractory and outer surface temperature at time metal was filled
into the ladle. The ladle was itially eroded. Right: Same case as on the left, but now the
erosion pattern has changed since previous heat. In the right subplot we see where the slag
located (slag fraction), on top of the metal.
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Figure39: Conparison between predicted andneasured erosion profile, taken at the endf-life
for a Sidenor ladleThe deviationstaovebrick number35 is above melt level ahis not included
in the model.

Interfaces (in/out)¢ system/user
The Sidenor application of the PPBM is currently reading data in ascii format (*.csv, *.xIs) ar
output is saved as files in similar formats. In additaeta can be saved in the VTK *.vts format.
These files can be loaded into the Paravibttps://www.paraview.org/) tool for 3D visualization
of the results.

Subordinates and platform dependencies
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The Sidenor model is using Python 3 and standard Python libraries. It can be run on both W
and Linux systems.

Licenses, etc. (free for use in the project)
The model will be open (freef use) andis published at
https://github.com/SINTEF/refractorywear, using the MIT open sourckcense

TRL for overall component/tool and angyarts/subordinates

Currently it is TRB. As this belongs to the class of methods it may be developed into a techn
standard at a later stagéttps://en.wikipedia.org/wiki/Technical standard

Referenceg; incl. web etc.

[ZOR15] W %2NAOS {d ¢d W2KIYyaSys Yd 9 94
Lb5! {¢wL![ ah59[ LbDQ> tNRINBaZA Ay |
International Conference on Computational Fluid Dynamics in the Oil & Gas,
Metallurgical and Process Indtiss, vol. 1, pp. 824, 2015. Available:
https://www.sintefbok.no/book/download/1038

[ZOR+15b] W& %2 NR O S | f dX Why t RatR Workildws ahd A y
F3a20AFGSR RFEGEF | yR YS9 DetenheQ2D15a2815
p. 7 pages, [OnlinefAvailable:
http://www.cfd.com.au/cfd_confl15/PDFs/032JOH.pdf

[JOH17] {d ¢d W2KIyaSys 9 ! & aSSasSzs wWo %2 |
LYRdzZAGNARAIf a2RSfAYy3IT tI NI LLLY ! LM
Applied CFIQ CFD2017 Selected papers from 12th International Conference o
Computaticnal Fluid Dynamics in the Oil & Gas, Metallurgical and Process
Industries, Trondheim, 2017, p. 11, [Online]. Available:
http://hdl.handle.net/11250/2465068

[JOH22] {® ¢ W2KIFIyaSys Yd 9d 9AYIl NANHRIE ! ¢
a2RSt F2NJ ! fdzYAyl CSSRAY3IQI Ay [ AT
International Publishing, 2022, pp. 5{8.1. doi:10.1007/9783-030-925231 67.

[JOH23] Stein Tore Johansen, Bjgfore Lgvfall, Tamara Rodriguez Duran and Josip Zo
'Pragmatism in industrial modelling, applied to "ladle lifetime in the steel
industry™, paper ready for submission, 2023

Was applied irthe following COGNITWIN pilots

Sidenor However, PPBMould have been applied in ttgumitomoSHI FWfouling), as well ashe
Hydro and Elkem pilots.

In addition the Sidenor application mdgter be exploited by COGNITWIN partners Elkem and
Saarstahl.
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14.12 Cybernetica CENIT

Component/Tooldescription '

Component/Tool/Method/Framework/Service Name

Cybernetica CENIT

Defined in Task

5.4 Hybrid Digital Twins

Short Descriptiorg incl. Purpose

Cybernetica CENIT is a tool for online estimation and nonlinear model predictive cortaol k¢
used as both a soft sensing application and a control application.

Model Predictive control is an advanced control method where a mathematical model of the
process is used to predict future behavior. The predictions from the model are used in a
mathematical optimization algorithm that calculates the optimal process injputsder to
achieve optimal future behavior of selected variables in the process. Constraints and setpoir
may be imposed both on the manipulated process inputs variables and the controlled proces
output variables. Model predictive control also has #vantage that couplings between
variables in the process are taken into account.

Progress sinceelivery D5.1

Cybernetica CENIT has been extended with application modulésef@kem and Hydro pilot
processes. These modules contain phyb&sed models of the processes and make it possible
run online state and parameter estimation, as well as implement soft sensing and nonlinear
predictive control applications.

Cybernetica CENIT has further been extended with routines for validation of the input data a
own calculation results. This includes new interface routines for the application components.
extension forms a basis for the development of the proposed / 2 Ay A GA BS [/ 9b |

Progress sincdelivery D5.2

The validation routines added in D5.1 have been improved anapipécation component
interface has been standardized

Progress sincéelivery D53

The error véidation routines has been furthemproved.

Examples of usage / illustrations
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Process
model
Cenit < TCPIP | Cenit ‘ OPC | Control
MMI Kernel - " | System
~ /
N
~N
Ofﬂing Database
analysis

Figure 40: Main components of Cybernetica CENIT

Cybernetica CENIT consists of a generic part and an applisgiggific part, namely thprocess
model. A Cybernetica CENIT application is defined as Cybernetica CENIT and some proces
together.

The following table describes the main components of a Cybernetica CENIT application:

Component Purpose

CenitKernel This is the maikomponent of Cybernetica CENIT. It implements
communication with the process control system and the calculation
algorithms (estimator and nonlinear model predictive controller).
CenitMMI This is an engineering interface used to configure aupgkrvise CenitKernel
mainly during the engineering phase of the project. The operators interfg
is normally integrated in the existing DCS interface.

Process model | This is the applicatieapecific part of a Cybernetica CENIT application. It
implements a mathematical representation of the process that is controll
Database An optional database for logging parameters and calculated data from
CenitKernel. The data is used both by CenitMMI and for offline data ang
and can be used to trend inputs, states and other calculated values.
Control system | This is the process control system (DCS/ PLC), which handles thesdbdw
communication with the process. This system is not a part of Cybernetic
CENIT and should implement an OPC server on a standard form to han
the communication with CenitKernel. BoOPC Classic and OPC UA
interfaces are supported by Cenit. The communication includes process
measurements, manipulated variables and possibly other variables as w

The model component is implemented as a Microsoft Windows dynamic link library (C
One or more model interfaces can be implemented in such a DLL, depending on v
calculation modules shall be used. It is not necessary to implement unused interface

The interfaces do not depend on each other, and it is possible to implement differ
models for each interface, i.e., a complex model for the simulator interface and a sim
model for the controller. However, it is quite common to implement the same neddor
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all the interfaces. The figure below shows how to do this. In this figure, there is a com

inner model code base for all the interfaces:

Sim interface

GenEst interface

MHE interface

Nmpc interface

ModelFit interface

TT 11711

AsyncData interface

Discrete model

Integration algorithm
or DAE solver

I

Continous model

Figure 41: Cybernetica CENIT interfaces

The available interfaces are:

—m = = _a _a _a

Sim interface: Used to simulate therocess.
GenEst interface: Used by the Kalman Filter.

MHE interface: Used by the Moving Horizon Estimator.
Nmpc interface: Used by the nolinear predictive controller
ModelFit interface: Used by Cybernetica ModelFit.
AsyncData interface: Used bZybernetica Cenit to handle input data the
requires special handling; e.g. registration of process event data.

Interfaces (in/out)g system/user

Data can be presented to the user by using Cybernetica CenitMMI, or extracted from the dat

usingthe included tool getdbdata.

Example of CenitMMI displaying some historical trend and prediction plots for some manipul

variables:

Classification
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Figure 42: Cybernetica CENIT MMI

Subordinates and platform dependencies

May usePostgreSQL database.

Licenses, etc. (free for use in the project)

Cybernetica Cenit licenses are provided free of charge for the duration of the Cogpibyeict
for project partners whaeed such license to execute their work in the proj&ttould the project
result be taken into permanent use after the end of the project, licenses are provided on fair
reasonable terms as stated in the Grant Agreement.

TRL for overall component/tool and any parts/subordinates

9 - Commercial product.

Referenceg; incl. web etc.

http://cybernetica.no/technology/modeipredictive-control/

To be considered in particular for the following COGNITWIN pilots

Hydro, Elkem.
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14.13 Cybernetica ProXim

Component/Tool description

Component/Tool/Method/Framework/Service Name
Cybernetica ProXim

Defined in Task

5.4 Hybrid Digital Twins

Short Descriptioryg incl. Purpose

CyberneticdroXimis a software platform for building tailenade process simulators using tl
same kind of process models @gbernetic:cCENIT.
The platform includes components for simulation and data visualisation.

Progress sincdelivery D5.1
This product has not been updated since last milestone, but the description is included as it
used at a later stage in the Elkem and Hydro pilots.

Progress sincédelivery D5.2

N/A

Progress sincdelivery D5.3

N/A

Examples of usageillustrations

Example of the user interface of a process simulator:

8 S-PVC process simulator - =] %
File Cases View Help E
Configuration:  "3-PVC_1.conf n O SimUton prognes=> 0%
‘E Selected case: Caesy Time Run Pause Sten 50
Input | Reactor temp- pﬂ:ﬁle] Conc: i
CYBERNETICA T T T T — T T —
70 :
_,—l i Reflux
Defined cases: 60 80 | | condenser
v’ Case 1 {
50
v'Case 2 50
40
2 2
30- £a0 | |
| | Cooling
20 1 Jacket
20 ! |
10 | |
0 0
o 1 2 3 4 5
Timelh]
] VCM[kg/s] [¥] —— Process water[kg/s] [v] Initiator[kg]
Time[h] VCMIkg/s] Process water[kg/s] Initiator{kg] Add event
[ 0 0 0 =
005 0 20 0
01 50 90 0
03 50 0 1]
05 0 0 0
07 0 0 62
1 0 0 65
2 0 0 52
35 30 0 68
26 0 0 58
Help

Figure 43: Cybernetica ProXim
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Interfaces (in/out)g system/user

Subordinates and platform dependencies

Licenses, etc. (free for use in tipeoject)

CyberneticdroXimlicenses are provided free of charge for the duration of @@GNITWHN
LINE2S OG0 F2NJ LINP2SOG LI NIYSNBR ¢K2 ySSR adz
project result be taken into permanent use aftbe end of the project, licenses are provided on
fair and reasonable terms as stated in the Grant Agreement.

TRL for overall component/tool and any parts/subordinates

8

Referenceg; incl. web etc.
http://cybernetica.no/technology/modebpredictivecontrol/

To be considered in particular for the following COGNITWIN pilots
Hydro, Elkem.
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14.14 Cybernetica RealSim

Component/Tool description

Component/Tool/Method/Framework/Service Name

Cybernetica RealSim

Defined in Task

5.4 Hybrid Digital Twins

Short Descriptiorg incl. Purpose

CyberneticaRealSinis a plantreplacement process simulator used for testing of CENIT or othe
control applications. It communicates over the OPC protocol in order to replicate the interfac
the DCS at the plant as closely as possiblmterfaces toCyberneticdModel and Application
Components. The plant replacement model might be the same as the model used in CENIT
might be a different one in order to evaluate how the controller responds to model uncertaint
and unknown process disturbanc&yberneticaRealSims typically used during application
development and for factory acceptance tests.

Progress sincéelivery D5.1
Cybernetica RealSim has been extended with application modules for the Elkem and Hydro
processes. These modules contain phyb&sed models ahe processes and make it possible t¢
run online state and parameter estimation, as well as implement soft sensing and nonlinear
predictive control applications.

Support for using OPC UA servers for data exchange has been added.

Progress sincdelivery D5.2

Functionality for usin@PC UAerver has been improved.

Support for using text data (strings3 aput and output data has been added.
Progress sincdelivery D5.3

N/A

Examples of usage / illustrations

Exampleof CyberneticaRealSinuser interface:
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Infinitely {until stopped)  ~

/M Cybemnetica RealSim - O
File Configure Help
Simulation control Simulater modules Options
Pause | Step sample | | Step module | | Reset | H Medule Last Mean Min Max fJ’;:?i\:t:thT_
T Do m o

Sim time:  2001-01-01 00:00:00
Sample no: 0.0
Status: Idle.
Current data
Madule: Value
1 Process simulator #  MName Unit Value
0 CENIT 1 Reactor temperature c 0
Variable: 2 Reactor temperature measurement C 0
A A 3 Reactor pressure barg 0
- Process input -
4 Toress npus 4 |Jacket cooling water flow m3/h 0
; 5 |Condenser cooling water flow m3/h 0
z - Calculated outputs 6 |lacket inlet water temperature C 0
e - Process states 7 |Jacket outlet water temperature C 0
par - Parameters 8 Condenser outlet water temperature C 0
con - Constants 9 [VCM mass flow kg/h [
extpar - External variable 10 |BVCM mass flow ka/h 0
extflag - External flogs 11 |ProcessWater mass flow kg/h 0
12 |Feed/purge water 1 mass flow kg/'h 0
13 |Feed/purge water 2 mass flow kg'h 0
14  |Feed/purge water 3 mass flow kg/h 0
15 |Feed/purge water 4 mass flow kg/'h 0
Undo|
Apply

Figure 44. Cybernetica RealSim

Overall architecture / pipeline / workflow (incl. figure; elements according to BDVA)

for CyberneticaCENIT:

Cybernetica RealSim

The following figure showshow CyberneticeRealSinworks as a plant replacement fc

Simulation .
OPC Client
Manager
\.\ Measurements, -
man ipukzasd s S
Py Iy
- ’
\ - //
y o~  Synaron matan sgra ks
y /
pd A
L 4 & 4
Process External:
Simulator CENIT

RealSim simulator modules

Eyncmni zation s gnak
%, Data: Measum ments, manipulated ranabic s

The external module: Cybernetica CENIT
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Figure45: Cybernetica RealSim as a plant replacement tool for Cybernetica CEN

Interfaces (in/out)g system/user

Subordinates and platform dependencies

Licenses, etc. (free for use in the project)

CyberneticaRealSimlicenses are provided free of charge for the duration of @@GNITWIN
LINE2S OG0 F2NJ LINP2SOG LI NIySNE giktBe pij&ct Shouiddhe
project result be taken into permanent use after the end of the project, licenses are provided
fair and reasonable terms as stated in the Grant Agreement.

TRL for overall component/tool and anyarts/subordinates

8

Referenceg; incl. web etc.
http://cybernetica.no/technology/modebpredictive-control/

To beconsidered in particular for the following COGNITWIN pilots
Hydro, Elkem.
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14.15 Cybernetica Modelfit

Component/Tool description

Component/Tool/Method/Framework/Service Name

Cybernetica Modelfit

Defined in Task

5.4 Hybrid Digital Twins

ShortDescriptiong incl. Purpose

CyberneticaModelFitis a tool used for offine estimation of model states and parameters, for
model validation, and for design of the tine estimation part oCybernetic:cCENIT
applicationsModelFitis used to decide which model parameters should be estimatelihento
design the ofline estimators, and to estimate the parameters that are considered
constant.ModelFitinterfaces toCyberneticdModel and Application Components, and it support
the same model formats as CENIT.

Progress sincdelivery D5.1

Cybernetica Modelfit has been extended with application modules for the Elkem and Hydro |
processes. These modules contain phyb&sed models of the processes andke it possible to
run online state and parameter estimation, as well as implement soft sensing and nonlinear
predictive control applications.

Progress sincdelivery D5.2

Support for text data input has been added.
Progress sincdelivery D5.3

N/A

Examples of usage / illustrations
CyberneticaModelFituser interface:

Classification Public Pagel44of 175



COGRNITWIN
DT-SPIREB6-2019 (870130) Deliverable ».4

M CybemeticaModeffit - | Cyberneticabodel CMET] - m] *
File Edit View Setup Window Help

Overview | Model properties | Dstasets | Estimator | Modelfit | Resuks | Mati ecitor |

Modelfit contral Progress, SOF iterations
i Jadeit running Time uged, thi iteration: 0.0 sec
i| Pause Stop Step Modelfit Setup Time used, previous iteration: 2.0 ser
| Time average, all iterations: 1.3 see
Step length indicator (dz) 14
Main | petas |
Optimization variables (init and par0) Dependencies (-1, 1) between optimized variables
o par0f1] Heat tranefer coefl. for jacket & par0f2] Heat transfer coefl. for refux
[Wiim2 "K)] {Global} (88.1375) cond. [Wim*2"K)] {Global} (614.175) o
1000244 o par0f3) ion rate comection 2,
factor [ {Global) (0.836834) |
1 2
00043 - + 7y E
—— g
1.000c+2 —e .« g
1.000s+1 g 2 [
2 1 - parl[3] Propagation rate correction factor [ {Global}
1.000¢-+0 o & o g 2 - par[2] Heat transfer coeff. for reflux cond. [W/(m*2*K)| {Global}
E 3 - parQ[1] Heat transfer coeff. for jacket [W/{m*2*K)] {Global}
1.000e-1 T HEE S T T
[} 1 2 3 4 g0 1 2 3 4
Sqp iteration number Optimized variables ranked by identifiability
Objective function values Scaled hessian condition number
-o-D51(4.69917e+12) -a- Scaled Hessian (62.7175)
2 Fa9e+12 9000e+1
B.500c+1
459%e+12
= \\ I \\
45800012 N Bonent
, 7 500241 ud
4 Gug9e+12 \ .
™
S 70008+ .
4 559e+12 . .
4690412 e — 650021 =
e
4 699ev12 T — T T T T T T T T T T T T T 6.000e+1 T T T T T
0 1 2 3 4 o 1 2 3 4
Saqp iteration number Sqp iteration number

Cybernetica Madelfit

Figure 46: Cybernetica ModelFit

The features ofCyberneticaModelFitinclude:

Design and tuning of otine estimators in CENIdpplications.

1 Estimation of constant or time varying model parameters.

1 Estimation of intial states.

1 Simultaneous use of multiple data sets.

1 Parameter identifiability analysis.
CyberneticaModelFitis flexible with respect to configuration of the parameter estimatior
Parameters can be time varying or constant. Multiple data sets from different operat
conditions may be used to find the best parameter fit taken all data sets into account.

Interfaces (in/out)g system/user
Subordinates and platform dependencies

Licenses, etc. (free for use in the project)

CyberneticaModelFitlicenses are provided free of charge for the duration of @@GNITWIN
project for project partners whoeed such license to execute their work in the project. Should
project result be taken into permanent use after the end of the project, licenses are provided
fair and reasonable terms as stated in the Grant Agreement.

TRL for overall component/tool and any parts/subordinates

9 ¢ Commercial product.

Referenceg incl. web etc.

http://cybernetica.no/technology/modebpredictivecontrol/
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To be considered in particular for the following COGNITWIN pilots

Hydro, Elkem.
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14.16 Cybernetica Viewer
Component/Tool description

Component/Tool/Method/Framework/Service Name
Cybernetica Mwer

Defined inTask
5.4 Hybrid Digital Twins

Short Descriptiory incl. Purpose

Cybernetica/iewer is a tool for creating user interfaces to display and manipulate data from &
OPC server in various ways.

Progress sinceelivery D5.1

This product has not bearpdated since last milestone, but the description is included as it wil
used at a later stage in the Elkem and Hydro pilots.

Progress sincédelivery D5.2
No updates.
Progress sincdelivery D5.3

A REST interface has been implemented, suchtbieaViewer application can be
displayed in a web browser.

The following figure shows an example of Cybernetica Viewer. The user interface is tailor mi
the specific application:
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Figure 47: Cybernetica Viewer

Interfaces (in/out)g system/user
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OPC classic + OPC UA
Subordinates and platform dependencies

Licenses, etc. (free for use in the project)

CyberneticaV/iewer licenses arprovided free of charge for the duration of ti@OGNITWHN
project for project partners whaeed such license to execute their work in the project. Should
project result be taken into permanent use after the end of the project, licenses are provided
fair and reasonable terms as stated in the Grant Agreement.

TRL for overall component/tool and any parts/subordinates

9

Referenceg; incl. web etc.
http://cybernetica.no/technology/modebpredictive-control/

To be considered in particular for the following COGNITWIN pilots
Hydro, Elkem.
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14.17 Cybernetica Cognitive CENIT

Component/Tool description |

Component/Tool/Method/Framework/Service Name
Cybernetica Cognitive CENIT

Defined in Task

5.5 Cognitive Digital Twins

Short Descriptiorg incl. Purpose

This is a experimentalextension of the existin@yberneticaCENIT that addcognition to the
application.

The goals of the extension are to:
1 Add selfdiagnosing capability to CENIT by use of data analysis

Thegeneric functionalitthasbeen added. The cognitive extensiouns in parallel with the curren
estimator (digital twin).

CyberneticaCENIBIready implements adaption in the form of parameter estimation.
In additionwe havedevelopd and implemengd a simplanethod forreattime and offline analysi:
of the estimator (digital twin) performance related to process data.

For future extensions, we want to further develop Cybernetica Cognitive CENIT to include ad
Albased identificatin and classification methodk this way it should be possible to automatice
classify types of errors: sensor failure, input error or model error. Ultimately, the goal will
suggest model improvements based on this analysis.

Progress sinceelivery D5.1
The development of an extension of Cybernetica CENIT that enableaggibsing has been
started. A framework for seffhonitoring of the MPC application via stagest monitoring has
been developed. The framework consists of the following steps:
9 Estimate the measurement error distribution.
1 Propagate that noise distribution through the closedp MPC model via Monte Car
simulations
1 Compare the resulting distribution of the average stage cost to the actual average
cost from the actual plant. If average stage cost is significantly off from the theor:
distribution, this indicates an error in the clostmbp model.

After monitoring and error detection, the next step is to develop error classification and corre
routines.

Progress sincédelivery D5.2

Arudimentary implementation of the described framework has been implemented, using Pyt|
for the statistical analysjsas a proof of concept. Although it was found that the crude Monte C
implementation was prohibitively slow, it showed thatdipossible to detect controller
degradation.
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Figure 48: Cybernetica Cognitive CENIT

Progress since delivery D5.3
No significant updates to Cybernetica Cognitive CENIT since D5.3

Examples of usage / illustrations

Example 1: Error detectiofCurrent capabilities)

The performance of the MPC system will eventually degrade over time due to changing
conditions, i.e. increased plamiodetmismatch. To prevent poor controller performance, t
error/performance degradation first must be detected. There are currentlyselfdiagnosing
capabilities in CENIT. An important part of Cognitive CENIT will be the ability to perforr
diagnosis and detect when the controller performance is unsatisfactory. In the case !
unacceptable levels of control performance degriaia has been found, further action (such
error classification and error correction) is needed.

Example 2: Error classificatiqifuture capabilities)
Estimators are generally unable to distinguish between prediction deviations resulting frol
following errors:

1 Faulty input data (requires correction or scepticism)

1 Faulty model (suggest adaption)

Being able to distinguish between these errors is important because the required response
different:
In the case of input error, thappropriate response is some combination of correcting the fa
Ay Ldzi &aA3yFf YR YAYAYAT Ay 3 -piedcBve donhtrdtf (& & A
This can include:
1 Using a default signal instead of the faulty signal,
1 Ignoring model stat&ariables that are highly correlated with the faulty signal, and
1 Altogether turning off estimation for the affected data points.

In the case of model error, the appropriate response is to try to adapt the model to most acct
reproduce the process data.

An important goal for Cognitive CENIT will be to distinguish between these cases based on a
training of a classification algorithm.
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Example 3:(Future capabilities)

Situations where the model structure is incomplete or wrong maidbatified using an automate
analysis of the prediction error distributions. Currer@lyberneticscCENIT estimators assume tt
the model structure is correct, and that the prediction error is normally distributed around a r
value, which the estimator tries toentreat zero. In many cases this is not true, and signific
deviation from normally distributed error may imply error in the model structure. Identifying
error is nontrivial and may be a wefluited task for an Al extension.

Interfaces (in/out)g system/user
CENIT controller and estimator data + process data in via OP@@sidaymance datar CENIT
controller and estimator parameter suggestions out.

Subordinates and platform dependencies

CENIT, OPC (UA), python

Licenses, etc. (free for use in the project)

Cybernetica Cenit licenses are provided free of charge for the duration of the Cogpibyeict

for project partners whaeed such license to execute their work in the project. Should the prc
result betaken into permanent use after the end of the project, licenses are provided on fair ¢
reasonable terms as stated in the Grant Agreement.

TRL for overall component/tool and any parts/subordinates

Cybernetica CENIT: TRL 9

Cybernetica CognitiveENIT: TRE:2L

Referenceg; incl. web etc.

To be considered in particular for the following COGNITWIN pilots
Hydro, Elkem.
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14.18 TIA MONITORING

Component/Tool description

Component/Tool/Method/Framework/Service Name

TIAMONITORING

Defined intask

T51, T5.2

Short Descriptiorg incl. Purpose

TIAMONITORINGs anapplication that enables users tmonitor condition of a system The dat:
can be gathered from multiple different sourc@8AMONITORING

Progress since delivery 5.
The applicatiorhas beertuned andnamed after D5.3Validation and verifications have been
completed.

Examples of usage / illustrations
Data ©oming from multiple sources are being monitored.

Interfaces (in/out)g system/user
Data streams to be monitored are input, where as generated chartatifications are output.

Subordinates and platform dependencies
None

Licenses, etc. (free for use in the project)
Proprietary/ Subject to License

TRL for overall component/tool and any parts/subordinates
The current TRL is 6.

Referenceg; incl. web etc.
https:// tia-platform.com/moduletia-apps.html

To be considered in particular for the following COGNITWIN pilots
NOKSEL

14.19 TIA STATISTICS

O PDOINE 00| (€ PUO
Component/Tool/Method/Framework/Service Name
TIASTATISTICS
Defined in task
T51
Short Descriptiorg incl. Purpose
TIASTATISTICS is a software module created to perform statistical analyzes on the data.
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The tool has an eadp-useuserinterface. Different data sources can be used as inputs

Progress since delivery Db.

The module is created and namaderification and validation have been completed.
Examples of usage / illustrations

Dataof different sources arstatistically analyzed.

Interfaces (in/out)g system/user
Input are data output is statistical results of performed statical data analysis

Subordinates and platform dependencies
None

Licenses, etc. (free for use in the project)
Proprietary/ Subject to License

TRL for overall component/tool and any parts/subordinates
The current TRL is 6.

Referenceg; incl. web etc.
https:// tia-platform.com/moduletia-apps.html

To be considered in particular for the followinGOGNITWIN pilots
NOKSEL

14.20 TIA METRICS

Component/Tool description

Component/Tool/Method/Framework/Service Name

TIAASPMETRICS

Defined in task

T51

Short Descriptiorg incl. Purpose

TIAMETRICS enable the users to calculate defined criterenfoprocess, production unit, or
product.

Progress since delivery Db.
Created, named, and deployedalidation and verification have been completed.
Examples of usage / illustrations

Different metrics can be defined by means of #gplication. For example a threshold value is s
as a criteria to pass or fail.

Interfaces (in/out)¢ system/user
Data in and parameters are input, defined metric is output. When data and metric are select
the user at the same time, the selected metric type is calculated and the result is compared
the metric value.
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Non
Apache StreamPipes, Apache Kafka, Fiware

Licenses, etc. (free for use in the project)
Proprietary/ Subject to License

TRL for overall component/tool and any parts/subordinates
The current TRL is 6.

Referenceg; incl. web etc.
https:// tia-platform.com/moduletia-apps.html

To be considered in particular for the following COGNITWIN pilots
NOKSEL

14.21 TIA OEE

O PDONE OO0l G€ PUO
Component/Tool/Method/Framework/Service Name
TIAOEE
Defined in task
T51
ShortDescriptiong incl. Purpose

TIAOEHSs asoftware module created to calculate overall equipment effectiveness (OEE) of t
process and/or machine

The tool has an eadp-use user interfaceValidation and verification have been completed.

Progress since delivery 5.

Created, named and deployed.

Examples of usage / illustrations

OEE is calculated based on its formula using the input data.

Interfaces (in/out)c system/user

Subordinates and platform dependencies
None

Licenses, etc. (free for use in the project)
Proprietary/ Subject to License

TRL for overall component/tool and any parts/subordinates
The current TRL is 6 aggeted

Referenceg; incl. web etc.
https:// tia-platform.com/moduletia-apps.html
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Tobe considered in particular for the following COGNITWIN pilots
NOKSEL

14.22 TIA ASP

Component/Tool description

Component/Tool/Method/Framework/Service Name

TIAASPTeknopar Machine Learning on StreamPipes as a Data Processor

Defined in task

T5.5

Short Descriptiorg incl. Purpose

TIAASHSs an Apache StreamPipes based tool, it enables none technical users to select and
machine learning algorithms for predictive maintenance purposes. The performances and th
results obtained by the executed Machine Learning algorithms are presentedms of graphs.

The tool has an eagp-use, drag and drop user interface. Different data sources can be us
inputs to the ML algorithms AfIAASRincluding data from Kafka, and .csv files. The ML algorit
are MLP, GBT, LSTM, RF, SVM, and KNN.

Progress sincdelivery D5.1

Since the last milestonedata processor to conduct an ML application has been developed.
Progress sincéelivery D5.2

A new model addition to the executable ML/DL model list has been implemented.

Displayingnvalid mode message is realized, in cases where invalid ML/DL saoeltd be
included.

Progress sincdelivery D5.3
Verification and validation have been completed. The component has been renamed.

Examples of usage / illustrations
Data coming from Kafka or .csv files can be used by the user selected machine learning algc
and the results of the predictive maintenance applied by the selected algorithms are displaye
the presented GUI above.

Interfaces (in/out)c system/user
User selected set of ML algorithms are executed on the stream and the results of the algoritt
can be compared and graphically presented. Stream data contains sensor data in vector fort

Subordinates and platform dependencies
ApacheStreamPipes, Apache Kafka, Fiware

Licenses, etc. (free for use in the project)
Proprietary/ Subject to License

TRL for overall component/tool and any parts/subordinates
The current TRL &as targeted.
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Referenceg; incl. web etc.
https:// tia-platform.com/moduletia-apps.html

To be considered in particular for the following COGNITWIN pilots
NOKSEL
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14.23 TIA PREMA

Component/Tool description

Component/Tool/Method/Framework/Service Name

TIAPREMA

Defined in task

T5.5

ShortDescriptiong incl. Purpose

TIAPREMAMATLAB Predictive Maintenance for Electro Mechanical Components) is a mode
for predictive maintenance of DC motor, gearbox and hydraulic press.

By studying random scenarios, due to the changes in gearbox efficiency, resistance and dar
coefficient values multiple random scenarios can be generated. Using the data fault code, la
is performed . TIAPREMAuses different ML Models.

Progress sincéelivery D5.1
All of the related work related to |IAPREMAs conducted after the last milestone.

Progress sincdelivery D5.2

Early detection of bearing faults have been studied by developed additiansire
utilizing vbration signals.

Transfer learningon pretrained networks such as AlexNet, GoogLeNet and Reshlet
has been applied ater savisgectogramsC2 NJ 0 KS addzRASa a! ¢
is used.

Progress since delivery D5.3

New models have been trained.
Subordinates anglatform dependencies
TIAPREMAuses Predictive Maintenance Toolbox of MATLAB and Classification Learner Apy

Licenses, etc. (free for use in the project)

TRL for overall component/tool and any parts/subordinates
The current TRL tas targeted.

Referenceg; incl. web etc.
https:// tia-platform.com/moduletia-apps.html

To be considered in particular for the following COGNITWIN pilots
NOKSEL
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14.24 SpinPro

Component/Tool description

Component/Tool/Method/Framework/Service Name
SpinProg Speech support in Production

Defined in Task

Task 5

Short Descriptiorg incl. Purpose

The goal of this component is to formalize human tacit knowledge and make it available to
software components. This will be done by generating machioeessable rules based on spok
input. In addition, the knowledge base will be extended by thsc@vered" rules, while at the sarr
time ensuring the consistency of the knowledge base (e.g., avoiding contradictory rules).
Progress sincdelivery D5.1

During the reporting period, we have defined the conceptual architecture (see below) .
performed detailed analysis of the existing speech recognition frameworks.

Today, many speech recognition frameworks archive good accuracies on given test set
LibriSpeechPanayotov, Chen, Povey, & Khudanpur, 2018pwever, these results often are nc
applicable to an industrial and commercial usage. Consequently, we focus on making t
techniques more robust to their respective environments. Moreover, domain specific langu
must be recognized as well. Therefgrpossibilities for efficient addition of vocabulary to existin
frameworks needs to be found. As a first step, we made an overview on some speech recog|
frameworks available now and evaluates a subset of them. Additionally, we discuss the posgi
to use multiple speech recognition frameworks and evaluate the margin for improvement
using the proposed technique. Moreover, possibilities to add vocabulary by using the propc
technique are presented.

Recently several frameworks for speech recognition were published. Some of them are
compared in

. The data for the comparison is obtained from the linked repositories and connected webs
The word error rate (WER) is obtained from the papers describing the approaches. Most o
frameworks are written either in C++ or Python. In order to evaludige performance of a
framework, the WER on the LibriSpeech tadtan dataset (Panayotov, Chen, Povey,
Khudanpur, 2015)s used. Comparing the WERs, RETURERRyer, Alkhouli, & Ney, 2018nd

EspressgWang, et al., 2019rchive the best performance with 2.3 % and 2.8 % WER respecti
Kaldi(Povey, 2020archived 3.76 % WER and therefore archives the best performance of the
frameworks. Even though Kaldi is only the third best performing framework of the compa
ones, it is the most important one. Many frameworks are based on Kaldi, for example Viosk,

2020)and Espresso. The frameworks differ in their approaches. DeepSpeech, Espresso,

RETRUNN, wav2letter++ and NVIDIA NeMo utilize machine learning approaches. Vosk

database to minimize training time and utilize a bigger pool of audio transcriptsthe following

the project descriptions of some frameworks are gathered.
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Table40: Comparison of speech recognition frameworks

Framework Binding Primary Offline Open- Best model Repository
for JAVA Programming Source accuracy on
Language LibriSpeech
clean-test
(WER in %)
Sphinx-4 Yes JAVA Yes Yes hittps://github.com/
cmusphinx/sphinx4
DeepSpeech  No C++ Yes Yes https://github.com/
mozilla/DeepSpeech
Kaldi Unofficial ~ C++ Yes Yes 3.76 https://github.com/
kaldi-asr/kaldi
Vosk Yes C++ Yes Yes https://github.com/
alphacep/vosk-api
Eessen No C++ Yes Yes https://github.com/
srvk/eesen
Wav2letter++ No C++ Yes Yes 7.2 https://github.com/
facebookresearch/
wav2letter
HTK3 No C Yes No -
RETURNN No Python Yes Yes 2.3 https://github.com/
rwth-i6/returnn
Espresso No Python Yes Yes 2.8 https://github.com/
freewym/espresso
Nvidia NeMo No Python Yes Yes https://github.com/
NVIDIA/NeMo
Google Yes - No No -
Speech-To-
Text

In the following we will focus on:

1 Sphinx4, because it has a native JAVA binding that we needed at the time we f
experimented with the frameworks

1 DeepSpeech, because it offers one of the best trained ojsenrce models, and
1 Vosk, because it uses an alternative approach.

All of them are easy to use, offine and open source and therefore fulfil our most bi
requirements. Sphinx slowed down the evaluation process significantly. As seerrigure49,
Sphinx4s performance is significantly worse. The recognition time takes about 1.8 times
length of the audio part to recognize. In contrast DeepSpeech only takes about 0.68 and Vosl
0.15 times the audio length. Since also the accuracy of SpHittwice as bad as the accuracy
the other ones, the usage of Sphiskis impractical.

Another observation out ofFigure49is, that Vosk (vosknodelsmalten-us-0.3) needs only abous
half the time to recognize long audio samples than DeepSpeech (deepspéstit-

models.pbmm). If Vosk and DeepSpeech are used in parallel, this difference is utilizab
reducing the resourcefor Vosk. Therefore, the recognition is less expensive. Another possib
is using the additional time to improve the accuracy of the result. One facility is to addition:
preprocess the audio sample and run the original as well as the preprocesseglsaitmrough the
recognition process. Thereafter an algorithm combines the two results into one result by utili
the differences in the recognition results.
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Figure49: A performance comparison of CMUSphinx, DeepSpeech and Vosk

Figure 49 shows performance comparison of CMUSphinx, DeepSpeech (deepspéeth-
models.pbmm) and Vosk (voskodelsmallenus0.3) on a randomly chosen subset
[ A 0 NR { LIScRanK@nihe saSsithie duration of the given audio segment to recognize
given. On tle y-axis the needed time to recognize the audio is described. The results are div
by cold start and irialized. Cold start times include the time needed for preparation whi
initializing a framework. Inialized times do not include any file independent preparation tim
like model loading.

In order to evaluate the potetial of such an algorithm, the impact of preprocessing on tl
recognition results must be estimated first. Therefore, three preprocessings were chosen ant
differences in the WERs per audio sample compared. For each of the two LibriSpeech tes
(test-clean/test-other) three additional test sets were created. In therformalized test sets, the
@2fdzyS 2F (GKS FdzZRA2 al YLX Sa Aa NbmpeSSeltestlets
a compressor was used to rede dynamic in the audio samples and afterwards normalize the
For the *equalized test sets, the intensity of very high and low frequencies was reduced.

Figure50 showsthe fraction of audio samples with an improvement and a debasement. F.
with no change are not shown. On average over all tesher test sets and tested framewor}
model combinations about 28% of the entries changed with a maximum of 54.6% for-nos#el-

smallen-us-0.3 at testother-compressed. About half of them improved the WER. If the algoritt
is capable to distinguish between improvements and debasements, the WER on about
(average) of the audio samples is improvable. Consequently, these vattiglsillead to a margin
for improvement of speech recognition frameworks.

Moreover, a combination algorithm could use specialized frameworks for recognizing don
specific language. Those frameworks only need to recognize a few words similar to fir
keywords for speech assistants. This task is significantly easier than gliespeech recognitior
and therefore allows for smaller models that are trained more easily. This method can alst
applied to recognize words that are important for the later use of the recognition result. This
may be the control of a machine or msilar tasks. Those tasks usually use a rather limit
vocabulary, and it may increase the accuracy if the words are recognized by specic
frameworks. It is important to note that the framework is still usable for the general case eve
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it uses specialized frameworks, because the general tasks are still done by generic sj
recognition frameworks. The specialized frameworks only improve accuracy where possible.

For the purpose of developing an algorithm that combines the result of different preprocess
for an audio sample recognized by different frameworks with different models, more research
to be done. Most likely an evaluation of the results on word léus needed to be able to distinc
features, that give hints over the accuracy of a recognized audio sample. Ideally generic rele
between the preprocessing framework model combination and the accuracy of the recognitio
special kinds of words or alitory events are found. However, it is likely, that such generic rul
do not exist or lead to bad results due to the complexity of the underlaying recognition proct
Nonetheless it may be interesting to try using machine learning approaches for therétgn. We

will try to combine several recognitions of an audio sample into one sentence the reductiol
post recognition error (RPRE) and will continue to research in this topic.

VoskService
wosk-model-small-en-us—0.3

VioskService
wosk-model-en—us—daanzu-20200905-graph

VoskService orpus
vosk-model—en—us—daanzu-20200905 ¢

! I test-clean—compressed
§ VoskService
wosk-model-en—us-aspire—0.2 . ized

DeepSpeechService
deepspeech—{0.9.1-models. pbmm

DeepSpeechService
deepspeech—{.8.1-models. pbmm

-02 00 02 04

Added Fraction of Entries

Figure50: An illustration of changes in accuracy per preprocessed file with respect to the orig
file on LibriSpeech testlean.

Figure50 shows anillustration of changes in accuracy per preprocessed file with respect to
original file on LibriSpeech testlean. Positive entries signalize an improvement in WER
negative entries signalize a debasement. The original felstan LibriSpeech corpusntains 2620
entries. The other corpi were created by applying an audio effect to each file. Consequently,
of the corpi contains 2620 entries.
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VoskService
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Figure51: An illustration of changes in accuracy per preprocessed file with respect to the orig
file on LibriSpeech testther

Figure51 shows an illustration of changes in accuracy per preprocessed file with respect to
original file on LibriSpeech tesatther. Positive entries signalize an improvement in WER &
negative entries signalize a debasement. The original tester LibriSpeech cormicontains 293¢
entries. The other corpi were created by applying an audio effect to each file. Consequently,
of the corpi contains 2939 entries.

Progress sincdelivery D5.2

Speech recognition systems differ in theirality. By combining several speeichtext
frameworks, the quality of speech recognition can be increased. During the 2nd reporting pe
we worked on a distributed speech recognition system that can be used and deployed in ma
scenarios. Special attéon was paid to the interchangeability of the individual components an
the adaptability to a given situation.

In this context, SpinPro was extended by a framework for Distributed Automatic Speech
Recognition (DARS). This is showRigure52 below.
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Figure 52: SpinPro extension with DASR

Nowadays, speech recognition systems differ in many aspects, especially in their API. They
require more and more resources to perform inference. To use them jointly, the solution can
be to distribute speech recognition. Due to the long infereand the large size of the audio files
this is a challenge all its own. DASR is a system we have developed to ovtrisarhallenge Itis
a tool for exploring combination techniques for midiistem speech recognition using distributic
techniques for &ster evaluation.

At the highest architectural design level, DASR uses a saunter architecture. DASR has a
source component that is responsible for handling jobs, distributing them to workers, combin
recognition results and producing the result for a request. The@®component of DASR is call
the core. The DASR workers are responsible foppoeessing the audio samples and recognitic
by an ASR algorithm, i.e. for handling a worker request. The core and the workers communi
via a network. In addition, DASRroduces another component callddkev. Dev provides access t
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additional functionality that is mainly used when designing a DASR instance for a specific us
An overview on the components of DASR is shown below.

Dev

|

Core

Application

¥

ExecutionSystem

¥ Y

PostProcessing Dispatcher

Worker

Figure 53: Overview of the DASR components

Whenever a task reaches DASR, it is first checked whether all desired ASR algorithm combi
are available for preprocessing. For each work request, the audio matepiapiscessed and
then speech recognition is performed with the desired ASR algorithm. The results are collect
and forwarded to the combination algorithm. The combination algorithm takes all the recogni
results and creates a new combined output. Tdugput is stored with the original recognition
results in the corresponding job. When all the jobs in a task are completed, the task is return
with all the results it contains. The entire process is shown below.

DAS R extends ASHEJ

e S5 =5

k i k4 r

[prnpmcn*. aud m) [pr-pmcn-r. aud m} [prnprn:ru audm}

(rm:c-gr- ueaumu:] (rnco-grueurlm:] (rm:o-gnue :udm:]
I I I

:

L)

Figure 54: Activity diagram of the general process for distributed speech recognitiot
used by DASR

SpinPro receives the audio data and triggers DARS. DASR itself forwards the audio detdi¢d
recognisers. Each of these recognisers performs automatic speech recognition using a pred
speech recognition framework and model.
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In addition, the recognisers can perform geeocessing of the audio data. For example, one col
use a compressor effect to reduce the dynamics of the audio input. After all the recognisers
finished, the results are collected on the main server.

There, a combination algorithm is used to combine the recognised transcripts into one. The
combination algorithm itself is interchangeable.

A typical example is a twstep process in which the transcripts are first matched with a
progressive multiple sequence alignment algorithm and then a vote is taken per word. The v
can be done by a neural network, but also by a simple majority vdter #the combination, DASR
returns the final transcript to SpinPro.

The next step in the SpinPro pipeline is thecatied release step.

In this step, the user is asked whether the recognised transcript is correct. The user can cho
whether to cancel the request or continue with the next step.

The third step is the actual rule creation. It can be very frustrating for a user to receive a rule
created by nordeterministic algorithms. The user might get a different result each time. We &
for consistent and deterministic rule creation.

SpinPro has a list of keywords. A heuristic based on the occurrence of these keywords choo
regex pattern. SpinPro checks whether the regex pattern matches the transcript and, if it doe
forwards the match to a soalled service. A service containg tkeywords, the regex pattern and
the parsing logic. Services are developed independently of SpinPro and loaded as needed.

Since the service must know which inputs and outputs are available, SpinPro manages all ir
and outputs and provides them to the services. Services have also a Callback to SpinPro fol
a specific string within a pattern. This is useful for aditiat contain different actions. A simple
example is an HFHEN rule that contains actions in the THEN part. In addition, SpinPro provic
useful parsers for arithmetic expressions and conditions.

When SpinPro has successfully created a rule, the final step is to store the rule in a JSON s)
The JSON syntax used is an intermediate format that contains moreinieteation than
necessary. Part of the metaformation serves only statistical amdentifying purposes, another
part can be used to check the compatibility of the services used to create the rules with the
interpreters of these services. Of course, they also contain the actual rule actions in the forn
defined by the services. Some iact formats such as IF and WHILE are predefined.

The resulting rule is stored in a predefined directory and sent to the client.
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Figure 55: SpinPro
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Figure 56: SpinPro
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Interfaces (in/out)g system/user
In ¢ spoken text

Out-rule(s)

Subordinates and platform dependencies
The extension of SpinPro with DASR is shown in Figure below.

SpinPro

il

Core 9 SpeechToText q

- v |
I8peech ToTexp Service Vosk
instance of - e
/ IActionService ‘ (O
l"

1] a

SimplelfSarvice DecpSpeech

SimpleEvent ActionService a CMUSphinx a

ComplexfElseService U

a

ComplexEvent ActionService

DASR

fl

Application ExorcutionSystem

O

IPost Process

PostProcessing

L1 1]

Dispateher Worker @

—Or—1—0— ©

Figure57: The extension of SpinPro with DASR

Licenses, etc. (free for use in the project)
License will be defined when the component is ready.

TRL fooverall component/tool and any parts/subordinates
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TR4

Referenceg; incl. web etc.
Frameworks

1 Sphinx4 - https://github.com/cmusphinx/sphinx4

1 DeepSpeechhttps://github.com/mozilla/DeepSpeech

1 Kaldi- http://kaldi-asr.org/doc/about.html

1 VOSK https://github.com/alphacep/vos
https://qgithub.com/c3di/neuroscope
To be considered in particular for the following COGNITWIN pilots
TBD- Relevant in consideration for Cognitive services.

Classification Public Pagel68of 175


https://github.com/cmusphinx/sphinx4
https://github.com/mozilla/DeepSpeech
http://kaldi-asr.org/doc/about.html
https://github.com/c3di/neuroscope

COGNITWIN
DT-SPIRE6-2019 (870130) Deliverable [5.4

14.25 FouMon

Component/Tool description

Component/Tool/Method/Framework/Service Name
FouMon(Fouling Monitoring)

Defined in task

T5.4 (T5.1)

Short Descriptioni incl. Purpose

FouMon is a fouling monitoring component. The component aims at monitoritigectie
state of fouling aheat exchange surfaces, using various alternative and redundant
approaches. The approaches include direct calculations usimgegrocess measuremer
and laws of physics, a modehsed approach using state estimation of uncertain feulini
related paranters, and indexes computed from therein. For mbedekd state estimation
approaches, a heat exchanger modelkfitielel) has been derived and the ensemble
Kalman filter (EnKF) implemented to fuse the model withlioe data.

In particular, the FouMon component is developed for estimation of combustion boile
superheater heat exchanger surfaces loaceted in the flue gas path. Batrrshgmttween
soot blowings) and lonterm (between maintenances) fouling and smoothing ean b
monitored, but main focus has been set on short term sootblowing.

The FouMon component uses a physical simulation model of a heat exchanger. For
purpose, a physical model for main phenomena between fluegas and thsteater
system has been derived, guided by availability to validate the model usiimg on
measurments from the process (steam and flue gas temperatures, flows, et¢l-The
model (heat exchanger model) can be used for simulation of other heat exchangers &
The model is available for download.

Flue gas | | Flue gas | Flue gas
T ) i
Qra | TQy,

x
| &g

(e
Water/Steam e Water/Steam _‘-r;_. iy Water/Steam

1 Controd volume 1 | Control wolums 2 | Control wolume

Figure 1. Modeling and simulation of a heat exchanger. Model structure (left) and a t
tube rack setup (right).

The choseenKF (Ensemble Kalman filtering) state estimation technique can be appl
for alternative state estimation purposes, given that a suitable plant model and
measurements are provided. The EnKF algorithm is well known in the academia. Ho
as no CST/SYSID wbox Matlab implementation is yet available, a Matlab tool has be
coded. The COGNITWIN Matlab EnKF tool is available for download.

To support data driven modeling of system dynamics, a general purpose data quality
(ODtool) focusing on detection of outliers has been developed and applied in the cor
fouling monitoring. Creation of a purely dadaven modekequires good quality data.
Plant measurements tend to have occasional errors that must be taken into consider
the selflearning digital twin to be robust. Therefore, in addition to standard measuren
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verification by detecting sensor faults (1) and frozen values etc. (2), an additional out
detection (3) method is implemented for this application. Identifying the nontrivial out
from a batch of multidimensional measurement vectors supportsatesgrof finding a
valid digital twin model, thus enhancing the cognitive capabilities of the approach. Th
is available for download.

Progress sincalelivery D5.1

N/A.

Progress sincdelivery D5.2

The tool has been developed (designed, implemented, and verified) after the milestone in 2/
Examples of usage / illustrations

The FouMon component originates from solving the WP3 pilot problem on fouling
monitoring, and has been tuned aested using real full scale boiler plant design and
measurement data (WP3 pilot). The basic approach is illustrated in Figure 2.

Physical modelofa Y
heat exchanger

—_—

Heat transfer coefficient
state estimation

v |

CFB boiler

exparimental models

heat transfer

coefficient

Figure 2. State estimation applied to monitoring of fouling.
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Figure 3. Datadriven FouMon heat transfer estimate from pilot during Nov 2021 (top f
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Figure 3 shows a demonstration of treline estimated heat transfer coefficients for a

superheater in the flue gas path. The -dbezen estimate for heat transfer in a clean (aft:
sootblowing) pipe is also illustrated. The estimates are constructed in two alternative
Estimates of théeat transfer coefficient in a physical model can be computed by data
assimilation. Dimensionless indexes (FF) can be generated for providing process sta
independent indication of the state of fouling. Figure 3 illustrates these using pilot da

Plant 1 ' .
Measurements . i .
Outlier o .
Detection
Estimation b == ! E=
Algorithm |/ )

Figure 4. Basic principle of ellipsoidal peeling. Removal of few outliers can improve tl
performance of identification significantly.

Interfaces (in/out)i system/user

The physical model and measurements are set up in the Mafils ninput data
(measurements) are provided as numerical vectors. Interactive tuning is enabled by |
interface/graphics. Estimation outcomes are provided as numerical vectors.

A link with StreamPipes is enabled by an GBE& client/server component (see FUSE
OPGUA tool).

Subordinates and platform dependencies

The tool is implemented using Matlab languagefi(es). Matlab from the Mathworks is
required (FouMon has been tested on Matlab 2020b).

Matlab (2020Db) is available on all major operating systemetyding Windows 7, Ubuntu
16, Debian 9, MacOS 10 and newer. No particular Matlab Toolboxes are required. O
software Octave is known to be able to interprdtles, but FUSEcodes have not been
tested with Octave.

Licenses, etc. (free for use in the project)
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The HEmodel, the EnKRool and ODtool are free for use (cont&tan.Selek@oulu.fi
Enso.lkonen@oulu.r Markus.Neuvonen@oulu,frespectively). The CFB boiler desigr
data and plant measurement data are Sumitifid=W and pilotplantproprietary.

TRL for overall component/tool and any parts/subordinates

TRL 6 (demonstrated in a relevant environment).

Referenceg; incl. web etc.

Liukkonen, M., A. Kettunen, J. Miettinen, E. Ikonen, |. Selek, M. Neuvonen, A. Hanse
and M. Edelborg (2022Hybrid Modelling Approach to Optimize Fouling Management
a Circulating Fluidized Bed Boiler. Fluidized bed conversion conference 2022 (FBC2
11 May 2022, Gothenburg.

The EnKF Matlatmol is available alttp://cc.oulu.fi/~iko/COGNITWIN/

The HEmodel and ODtool are available for download.

To beconsidered in particular for the following COGNITWIN pilots
Sumitomo SHI FW Energia Oy
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14.26 FouCon

Component/Tool/Method/Framework/Service Name
FouCon T5.575.4,T5.1)

Short DescriptionT incl. Purpose
FouCon is a component for active control/prescriptive maintenance of process, deriv
based on the needs from the WP3 fouling control pilot problem. tRbtgpecific problems
include soot blowing automation and prescriptive maintenance actions.

The component includes dadaiven modeling tool for predicting the impact of fouling ai
soot blowing on heat exchange performance, and optimization algorithm to determing
the system should be operated. The identified model is used to computertied sptit
blowing interval for selected set of heat exchangers. The physical modeling (from Fo
is replaced by novel datiriven tools based on the Prony approach. The optimal interv
for soot blowing actions are derived using mexeteger programmig (MIP/sb). The
cognitive learning aspects are emphasized byn@nmodel parameter update and suppo
of human decision making.

The applied datariven modeling tool separates the effect of plant load level from foul
estimation. Thé’rony approach in model identification is closely related to other subsj
identification methods, resulting in an LTI model of the system. This method enables
discarding undesired/unstable modes from the identification results. It is also
computationally ligh and identification is performed dime. Model update always takes
the most recent measurement data into consideration when creating #leThedefore,
the application is inherently capable of adjusting to changes in the process.

The identified LTmodel is used as a basis for soot blowing optimization. The cost
function is constructed from gains (improved heat transfer) and losses (steam consul
soot blowing) so that total power from fuel to steam is maximized. Interactibnedre
individual heat exchangers are also considered in the formulation of the cost functior
optimization probl em -insmixexd mfegerepbgramsningoal. |
As a result from optimizatioMIP/sb provides a suggestion of the mpal starting time of
soot blowing sequence to operator.

The Prony tool is application independent and can be used in various modeling probl
The MIP/sb tool is problem spesific, and provides a solution for the sootblowing
operational optimization problem at the pilot site. It is expected that the samelpsrean
be applied at other installations.

Progress sincéelivery D5.1
FouCon has beeatteveloped during M3M42

Examples of usage / illustrations
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The FouCon component originates from solving the WP3 pilot problem on boiler fou!
management, and has been tuned and tested using real full scale boiler plant design
measurement data (WP3 pilot).

Onguing oyih, SH1A
TR B i B B 1T T COMTIMAG AP B BB
To manimiee om0 M0 MOERIG MQEONCS Mart in B
e

Soobioming e b SHIA &

T

Cngeing cyia, SHIB

Soxsmbcemirg trme bor S0 1 Ve

[T
Onguing cycis, 540
Sontiouing e o 4G ix. Wmin

2
E

Figure 1. Soot blowing optimization for three consequtive superheaters (SH1A, SH1E
SH2).

The MPI/sb optimization cost function is constructed from the gains and losses asso
with a soot blowing sequence (improved heat transfer, steam losses), under constrai
(e.g., limited actions). The primary target was set to find the start timerdedgth of the
sootblowing sequence for individual heat exchangers.

Figure 1 illustrates the approach in simulations on three superheaters. The measure
estimated heat transfer coefficients are displayed, a decrease in HTC indicates foulir
surfaces. The tool provides an optimal sootblowing sequence, and illustsatdise
predicted performance (in terms of HTC) if alternative decisions are made.
Interfaces (in/out)i system/user

The physical model and measurements are set up Matiab mfiles. Input data
(measurements) are provided as numerical vectors. Interactive tuning is enabled by |
interface/graphics. Estimation outcomes are provided as numerical vectors.

A link with StreamPipes is enabled by an GBE& client/server component (see FUSE
OPGUA tool).

Subordinates and platform dependencies

The tool is implemented using Matlab languagé€fi{es). Matlab from the Mathworks is
required (FouCon has been tested on Matlab 2020b).

Matlab (2020b) is available on allajor operating systems, including Windows 7, Ubun
16, Debian 9, MacOS 10 and newer. No particular Matlab Toolboxes are required. O
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software Octave is known to be able to interprdtles, but FouCofrcodes have not been
tested with Octave.

Licenses, etc. (free for use in the project)

Matlab (commercial), SmartBoiler (proprietary), StreamPipes (open)

The Pronytool is free for use (contafarkus.Neuvonen@oulu)fiThe CFB boiler design
data and plant measurement data are Sumiifid-W and pilotplantproprietary.

TRL for overall component/tool and any parts/subordinates
To be validated in a relevant environment (TRL 5)

References incl. web etc.

Neuvonen, M., I. Selek, E. Ikonen and L. Akteat exchanger fouling estimation for
combustioiithermal power plants including load level dynamics. IEEE International
Conference on Systems, Man, and Cybernetick?2 @©ct2022, Prague.

Aho, L. Mallipohjainen ofline estimaattori polttovoimalan lAmmdnvaihtimien
likaantumiselle Modelbased oHine estimator for combustion plant heat exchanger
fouing i n Finnish). 2022. University of

contact:Enso.lkonen@oulu.Markus.Neuvonen@oulu.fi

To be considered in particular for the following COGNITWIN pilots
WP3/SumitomdSHI FW Energia Ogngineering pilot
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