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Executive Summary

Thisdocument isthe final publicR S f A @S N& Aocbnipleté digitabtwirenabledwith cognitive
elements for the Steel pilofs 2 F {1 K SOGNINEIETEI® document accompanies the
demonstrator and is the sult of thefinal stage (MB3-M42) of the project development.

Saarstahl AG PilotTwo main points for actiomave been focused orimproving steel billet
identification upon entrance into the mill train and enable seamless tracking of billets in the
blooming train, a part of the mill train The first point is tackled by installing an improved billet
identification system and the latter is to be solved by setting up a computer vision tracking system.
¢KS 2@SNI f{ CAENImWidppsach drel tdid@rove rolling line efficiency by 15%,
reduce energy consumption and process emissions by 15 % and to set up an automatic error
detection

Thefinal projectphase was used to enhance the billet identification system wotgnitiveelements
andcontinue work orthe tracking system development.

SIDENORPilot: The Cognitive Digital Twin will help teduce refractory wear and increase

operational ladle lifetime.The goal is to increase ladle refractory lifetime to 80 heats for full relining

and 40 heats to partial relining. As part of this the ambition igtluce the critical refractory depth

for renewing the refractory linind. A RSy 2 NR& AYAGALl & kelewht pracesy o1 a | &
data were identified. Moreover, theneasurement of the ladle profile ag also establishedThe

relevant production information was shared with the involved partners so that they defined the

predictive models.

NOKSEL Pilothe purpose of the planned cognitive digital twin regardamgdictive maintenance

for the Steel Welding Plant (SWRyas derelopedas a reatime monitoring system of the SWP
productionprocess that enablegredictive maintenance by integrating data from multiple sensor
streams with the existing process monitoring modeldybrid digital twin was established. Use
cases, user stories and related challenges have been determined and specified. On site tests and
validations of the system have been performed and are in progfdesievelopment of a cognitive

digital twin has been completed With the COGNITWINWP System, the main targets are to
achieve:10% reduction in energy consumption, ab@% reduction in shifted average duration of
downtimes.
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1 Introduction

Inthe COGNITWIIdroject, three different pilots in steel productidmas beerimplemented. Each
pilot covers a particular segment of a million euros industry and has its own specific challenges
that need to be fully understood in order to develop techniques and methods to overcome them.
The main objective of théinal phase of the project (I83-42) has beento developcognitivedigital
twins based on théwybrid digital twins established in the previous project phase. This document
summarises this work.

The state of the models used, input and output data, their accuracy, speed and level of detailing,
are clarified up to the limit that the confidentiality of prior backgrounds (IPR) is not compromised.
The interaction and collaboration with the technical le@ackages WP4, WP5 and the usage of
toolbox components is laid out.

91 OK LAf20Qa AYRAQGARdzZ tte OKIffSyasSa FyR &adznaSid

This document is composed of thregin chapters. Eacbhapterpresents one of the pilot cases.
In each chapter, the following template has bdeliowed:

- Process description

- Current challenges

- Pilot specific aim

- Innovation

- Description of Data available

- loT platform and architecture in use

- Cognitivedigital twin

- Demonstrator

- Conclusion

- Measurable KPIs and Final impact

In the steebroduction process, from pig iron to rolled bars or wire rod, a multitude of sensorial and
relational data from various sourcessms. In order to generate additional value from this, a linkage
between data from different sources is needed, but due to the typically harsh conditions in a steel
production plant, technologies such as RFID sensors are often unsuitable for this task.

A computer visiorbased system can provide a robust alternative as cameras can often be placed
at a certain distance from the target to be observed, shielding them from the gravest impact of the
harsh environment.

The steel industry is a key driver of new developments in the refractory industry due to the high
market share of steel refractories in the range of 60 to 70% and the harsh conditions for refractories
in the steel making processes. In fact, the annualaatiry consumption in a steel plant that
produces more than 750.000 ton of steel per year, can reach around 10.000 ton.

Classification Public PagelOof 103



COGNITWIN
DT-SPIRB6-2019 (870130) Deliverable D2.4

Ladle refractory is a key factor in secondary metallurgy management for all steelworks despite
particular differences due to process, installations or product conditions. It has clear economic
implications but also affects quality, productivity and safefythe steelmaking installations and
people involved. At the same time, the spent ladle bricks are generally sent to the landfill generating
an additional cost and a waste of historically considered critical materials like Magnesite. From the
refractory uilised in the steel industry, a 49% is dissolved in the process and 36% ends in a landfill.

Spiral Pipe Manufacturing industries has promising features for market uptake of digital
technologies and provide a convenient infrastructure for grobinelaking innovations as it is
immature yet. Condition monitoring market is expected to witness higlwtirovalue like 2.21

billion USD in 2017 and expected to reach 3.50 billion USD by 2024. Digital twin is gaining attraction
and digital twin related sales are foreseen to reach about 18.29 billion USD in 2024.

It is estimated that machine downtime costs UK manufacturers £180bn every year. The research by
Oneserve, found thak... Eachtime the machine breaks down, it takes on average, 9 hours to fix.
But some report having to wait 72 hours for a resolution, taking an enormous hit on the production
schedule and decreasing productivityt In another wordsproken machinery and faulty parts are
hampering productivity, equivalent talmost 3% of all working days. Therefore; by reducing
maintenance costs in manufacturing environment will result to both efficiency increases in steel
pipe production, decrease in maintenance cost and sawsgnmore.

2 Saarstahl AG z Pilot

Introduction to Saarstahl & Process description
The Saarstahl AG with its locations in Volklingen, Burbach and Neunkirchen along with
Roheisengesellschaft Saar in Dillingen (Saarstahl and Dillinger Hitte ea&0%ijths a German
steel manufacturing company with a global presence onstieel production market. Saarstahl AG
specializes in the production of wire rod, hot rolled bars and darished products of various
sophisticated grades. These products are important preliminary products for the automotive
industry and its suppliers, geral mechanical engineering, oil and gas industry, the mining industry
and other steel processing branchd@he primary goal of the SAG us&se is to track individual
billets inthe Nauweiler rolling mill train, thus providing a linkage between various sensor data as
well as other relational data on individual billets collected before and after thecootinuous part
of the mill train.Figurel depicts a schematic overview of the Nauweiler rolling mill.
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Figurel: Schematic overview of the Nauweiler rolling mill

The cold steel billets coming from the steel mill have an ID stamped on to them. When a steel billet
enters the Nauweiler rolling mill train, this ID is automatically read before the billet enters the oven
to be heated for rolling. Upon leaving the ovehetheated billet enters the first sequential rolling
stands in the step. After that, the roll strand enters the blooming train, acwrinuous part of

the mill train, where it moves back and forth, repeatedly passing through several rolling stands.
Hererolled bars can overtake one another, or a bar can receive a too severe bend to be rolled
further and needs to be put aside and removed from the mill train area after cooling down. This
non-continuous part of the mill train is where a computer vision tiagksystem is to be installed.
Operators will occasionally enter the area while the mill train is active, introducing the need for an
automatic anonymization of employees/people in the video stream. The pace with which the roll
strand moves back and forthirough this section is moderate; not more than 20 km#tter this
non-continuous part, the roll strand enters another continuous part of the mill train where rolling
is completed.

Pilot challenges
Tablel, Table2, andTable3 collect the challenges for data handlingp@nitive digital twins and
visualization & control in the Saarstahl pilot.
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Tablel: Pilot challenges for Digital Twin Data Acquisition/Collection for SAARSTAHL pilot

Sensors

T

Challenge Need for Full HD video camera for Blooming and
Train

Requirement Full HD camera for industrial environment
Solutiont Introduction of Machine vision Full HD Cameras

Communication

= =4 (=4 =9

=

Challenge To handle the video stream data is@table way
Requirement RTSP stream for life video data, JSON via
messaging queue/rest service for communication of tabular
data.

Solution For training purposes, video data exchange with
technical partner via hard drive.

Cloud platform

Challenge Use the existing platforms of Saarstahl as the bas
Requirement Utilise the existing Saarstahl infrastructure
Solution: Embed the solution into the Saarstahl infrastructure

Data Lake, storage

=A (=4 =4 =9

Challenge Resolve the management of large volumegidéo
data

Requirement Ensure management of both training and
production data

Solution For productive setting, video data will not have to b
persisted. Training data is saved in storage (x TB, type of
a02NF3SX0d ¢NIFO]1SR L5a& al @S

Digital Twing Data
driven
representation

=a =

Challenge Neural network detecting billets for digit
representation of status quo in blooming train.

Requirement Vast amounts of training data required
Solution Set up routine for mass generation of synthetic
training data for DL network.

Real time event
handling, CEP

Challenge Video images need to be analyzed in real time to
understand the billets movement

Requirement Neural Network inference speed needs to be
optimized for real time event handling.

Solution Uselocal processing consider FPGA

Cybersecurity

Challenge Due to the risk of cyber attack the process systen
isolated from external access.

Requirement Ensure closed loop system without connection
the exterior

Solution Ensure that thesystems in the plant are not external
connected.

Table2: Pilot challenges for Digital Hybrid and Cognitive Digital Twins for SAARSTAHL pilot

Analytics Models

f
f

Challenge How to match detections among frames
Requirement Analytical modelling for matching DL detections
over consecutive frames and different camera viewpoints.

Classification

Public Pagel3of 103



COGNITWIN
DT-SPIRB6-2019 (870130) Deliverable D2.4

1 Solutiont Analytical models

Physical Models 1 ChallengeBillet location needs to be known accurately for M
algorithms to be able to optimize tharocess

1 Requirement Seamless billet tracking movement, constraine
by physical environment

i Solutiont Instance segmentation technology is used to track t
billets

Machine Learning 1 Challenge Need to analyse video imagery in order to
understand theanovement of billets

1 Requirement Need to have effective training and use of Imag
analytics including aerial photogrammetry including Oseep
Learning Neural Network. Analytical modelling for matching I
detections over consecutive frames and different camera
viewpoints.

9 Solutiort Avisual debugger for neural networks Neuroscope
with use of aerial photogrammetry

1 Challengeonly Realife training data for DL networks not a
feasible solution;

1 Requirement Provide suitable training data

1 Solutiort synthetic training data is needed as
addition/supplement

Cognitive Digital 1 Challenge Support selfearning of the system also after initial

Twins machine learning.

T Requirement The system should provide alerts and
recommendations for operators and be able to learn
continuously

i Solutiont Provide interactive operator guidance

Table3: Pilot challenges for Digital Twin Visualisation and Control for SAARSTAHL pilot

2D/3D visualisation 1 ChallengeSuitable visualization farperators.
1 Requirement tracking of billets must be accurate and in real
time
9 Solutiont User preferred visual presentations in Neuroscope
tool
Control 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 of model and
suitable visualization for operator

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

e R P

ling stand in tauweilerrolling mill

i e

Figure2: A billet passing through a rol

The objective of the SAG use cagasto track individual billets in the Nauweiler rolling mill train
and thus to be able to associate sensor and other data collected throughout the rolling process to
the corresponding billetFigure2 depicts a billet in the Nauweiler rolling mi@ombining the data

from the rolling mill associated to the billet with data collected beforehand at the steel mlldv
allow SAG to extend the digital twin of the billet to span the entire production process and enable
the twin to acquire cognitive element$he digital resp. cognitive twin in returowd then be used

e.g, to optimize production processes, recognize causes for deviations and, depending on the
specific situation, react in real time to prevent deviations from occurring. Another benefit of the
envisaged computer vision tracking systerauld have beerio detect deviations and erroneous
billets.

The tracking system developed in the curse of the COGNITWIN project consists of three parts:
1 CV\tbased blooming train billet trackindeveloped by DFKI
9 Billet ID identification systengeveloped by SAG
1 Anonymizer system, developed by SAG

Two main points for action were identified the start of the project
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1 old billet identification syster> closed proprietary system, performance good but not
perfect, and improvement only possible by manufacturer, hardware in use was reaching
end of estimated lifetime. When automatic identification fails at present, thed®th be
entered into the system manually.

1 blooming train-> initially, billets could not be tracked in blooming train. Due to harshness
of environment, rolled bars possibly lying in very close proximity, erroneous bars cooling
down in the area and manual operation of some appliances, conventio@ahs such as
RFID or other sensors or thermal cameras are not suitable for tracking.

Innovation
Improved billet identificatiorupon entrance into mill train: Hhouse development. A prototype
has beerrunning in parallel to the old system since December 2Gigure3 depicts a billet with
identified billet ID digitsThe prototype is now fully integrated into the Material Flow TrackMgT)
system.

Figure3: The billet identification system

Blooming trainthe situation in the blooming train was analyzed together with local engineers to
determine optimal placement of cameras and specify camera requirements, also taking network
installation requirements into account. The camera data is to be used as in@uCmmputer Vision
tracking system based on deep learnifiggure4 depicts a schematic overview of the blooming
train.
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Figure4: Schematic overview of bloomitrgin with cameras

When running in production, the computer vision tracking system will need to process input from

3 Full HD cameras in real time; the number of frames per second required will need to be
determined in the process of model evolution.

Operators will occasionally enter the area while the mill train is active, introducing the need for an

automatic anonymization of people in the live and recorded video stream. The anonymizer should
obscure employees with workwear and helmets.

Description of Data available
The data provided for the tracking system is a video stream stemming from 3 Full HD Cameras and
possibly some additional video or image ddtégure5 depicts captured images from the three

blooming train cameras.
4 ,gg-_-:e.gem

Figure5: Captued images from blooming train cameras

For training purposes, recorded video filesreprovided in addition to the synthetic training data.

The billet identification system uses sensor data as trigger and images obtained from a Full HD
camera to identify billets. Training data was obtained via annotating captured images and
generating synthesised data from captured images.

For the anonymization system, training data was obtained from open source data provided online
and by generating synthetic data from captured images.

loT platform and architecture in use
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Material flow tracking system. These applications flexibly exchange data (sensor and controlling
data) to due interoperable data models between the assets anditjelevel software systems.

Standards in use: OPC Unified Architecture, Enterprise Service Bus (Kafka or RabbitMQ), REST

Service

Components/services within the platform: MES (Manufacturing Execution Systehgusge
development), MFT (Material Flow Trackinghouse development), Interfaces (REST or Message

queue).

Digital Platform - Overall architecture for SAG Pilot

The IoT architecture at SAG is designed to combine a high flexibility, integrating multiple
heterogeneous data sources and catering to a wide variety of users, and meeting performance
and stability requirements dictated by production needs and user demakiggire6 gives a

A0KSYIGAODO 20SNUASSH

infrastructurefor the operational phase

—

o€
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Database

Applications
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Figure6: SAG loT Infrastructuré&Schematic Overvie(ESR; Enterprise Service Bus, DWBata Warehouse, S8 Simple

Storage Service, OfDatabase)
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- . . . . Hybrid/ Cognitive Digital Twin
Dlg.“..'a.l Twin Data! D'g'ta”w'p Digital Twin Visualisation and
Acquisition/Collection Representation G .
eneration Control

CHE

DL Model for ID
Recognition I MFT, MES &
Storage

BilletID

MFT, MES &

DL Model for Billet
Detection & Tracking | =

—_ I Visualization,
P

Saarstahl plant
Saarstahl plant

DL Model for Logging

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

Blooming Train

Action/Interaction
/Visualization/Acc
ess

Data Data Storage/ Analytics/Al/
Acquisition/Collection Preparation Machine Learning

Figure7: SAG loT Infrastructur®perational Phase

The pilot components are integrated into thehouse developed Material Flow Tracking system
(MFT) as depicted ifrigure8.

ML Infrastructure ML Infrastructure

websocket

Figure8: Pilot Integration

Sensors and Data Acquisition

The sensors used in this pilot are cameras, one for the billet ID recognition module, and 3 at the
blooming train providing visual input to the tracking system. The video stream is ingested via
RTSP. Trigger data for the billet ID recognition module amdbliboming train tracking module are
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obtained via OPC UA throughimeseries database from assets in the corresponding parts of the
mill train.

Database and Digital Twin Data representation

Production parameters and sensor data from throughout the steel making process are saved in a
dedicated timeseries database for timeseries features and in a DWH for other features. Where
applicable, batch or billet IDs corresponding to the data are sal@wyside. In other cases.g.,

for weather data, keys such as timestamps allow for a matching of data to a billet or Bhtcha
digital twin data representation is given at batch or billet level where applicable and where a
seamless matching of serrstata to the corresponding ID is possible. At the blooming train

section of the Nauweiler rolling mill, the initial situation is that a digital twin representation was
only possible at batch level due to the lack of tracking in the blooming train. Ttejpils at

allowing a billet level digital twin representation of sensor data in the blooming train section.

Cognitive Digital Twin z Analytics and Al

Billet ID identification
An inhouse develope®eepLearning based system recognizes the digits of the billet ID.
Combining this output with some*Principles logic, it provides the corresponding billet ID to
other systemsFigure9 depicts a billet with identified billet ID digits.
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Figure9: Identified digits of billet ID

The final project phase was used to roll out the punch stamp reader to more locations and to
continue work on the integration into existing systerggurel0depicts the integration of the

punch stamp reader model arfelgurel4 depicts the different locations at which the system is

being implementedA special emphasis was laid on a suitable workflow for maetimean

interaction and the developmer& deployment of the corresponding User Interface. Cognition is
realized by the integration of human knowledge and experience into the Hybrid Twin workflow, as
propagated in the Industry 5.0 approathrigurell, Figurel2, andFigurel3 depict the user

interface and the options for manual override by the operator.

! Industry 5.0 (europa.eu)
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- [ Material Flow System \
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FigurelO: Integration of punch stamp reader

Stempellesung

Bestiligen Ricklaufer

Linstellungen

Figurell: User interface for billet ID reader
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Stempellesung TESTSYSTEM

Neue Stempellesung Volibild: » Llinks @« Rechts # Zoom + _ # Zoom

Stempellesung durchgefuhrt,
08.02.23 - 09:11:42

bmnstedungen

Stemoslesun) woolieren

Immer kontreiliaren

Charce sutcmatssh kamaen

Bestatigen Réckidufer Prommar aniahan
Keine Konkolie vl
Einstellungen Einctalungen Sa1.Charge

ScltCharge eaberbar

Abgisich Stempel mit SclChargs
Abgieich DIkeX mit Sot-Charge v
Aampa’ Im KNS (5arpeifan v

Fliostl im <3 grerpriter

Spachem und sovicssen Abdbrechen

Figurel2: Editable plausibility checks and settings in user interface

Stempellesung

Neue Stempeliesung Volibild:

Rilckldufer

Figurel3: System alerts operator if reading was faulty
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Dillingen Dillinger Hiitte* Rolling Mill
* Plate mill
-1 instance in implementation phase for slabs

Neunkirchen Rolling Mill

Volklingen : Nauweiler Rolling Mill Combined wire
* LD steelmaki lant . . ) i
1-2 ?nzctear::elsn?n plan Medium-section mill roq/steel b?r mil
: . COGNITWIN pilot site * Wire rod mill _
implementation phase 1 instance fully integrated in production 3 instances in implementation
Burbach Rolling Mill , phase
* Wire rod mill

+ 1 instance fully

integrated in production
*affiliated entity of SHS - 2 instances in

implementation phase

Figurel4:Novel billet/slab ID identification systemstances at SAG and other Stifities

Thus the billet ID identification system reached a full cognitive twin state as envisaged at the
beginning of the project, completely fulfilling its contribution to task 2.4.

Anonymizer

An inhouse develope®eeplearning based system automatically detects people in the video
stream of the blooming train surveillance cameras and pixelates them to prevent unnecessary
surveillance of employeefigurel5gives a schematic overview of the anonymizer modunéd
Figurel6 shows the output of the model
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stream

Figurel5: Anonymizer, Schematic overview

Figurel6: Anonymized employeékighlighted by green rectangl@) recorded video stream

The green rectangle in tHeigurel6is only added in this document fexplanatory reasons. The
productive system does not highlight employees.

The anonymizer system purposefully does not include human interaction as this would contradict
the overall goal of protecting privacy rights and thus is constrained to a hybrid model combining

18t principles and data driven components. The final project phase was used to deploy the
anonymizer system and make it available as a service to internal customers. Videos or images can
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be sent to the anonymizer system via queue, which returns the anonymized item via queue back
to the senderFigurel? depicts the deployment of the system.

Loggin
Cameras capturing ESB gging ESB Consumer
employee . log N

|"H\'\"| [ ; Validate&?g;nymizer 1 \|I| I ”f”-" |I )
Il MLServerﬁ ]Iﬂ N1 IRAR

1

Figurel7: Deployment oénonymizer model
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contribution in task 2.4.

Ftt 3J32FKta AY

Blooming train billet tracking

In the previous stages of the proje@FKbkynthesized datasets for training the staiéthe-art

object detection networks like MasRCNN and YOLO. Unfortunately, because of very challenging
conditions for billet tracking (high level of occlusions, low level of individual billet characteristic,
thin and elongates billet shape), tracking of individual billets via bounding box matching from one
TNIYS (2 GKS ySEG FTNIYS A& OSMWWRSIANSDINRYSD | ILELNERS IC
we propose to track billets with a temporal segmentationwetk with an architecture illustrated

in Figurel8. The instance segmentation model proceeds on affane basis, guided by the

output of the previous frame, which gives additional data source for instance linking about several
frames in an image sequenckEo be more precise, the network receives as an input the current
framenin the video sequence together with the billet instance masksor the previous frame

n-1. The network output is then predicted billet instance masksr the current framen. Since

the billet positions in the current and previous frames differ only slightly, the billet linking task
becomes much easier. The segmentation results for all three camera vi€igainel9 shows

that the network can propagate individual billet masks through the image sequence.
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Frame n Instance masks n-1 ResNet-Unet Instance masks n

a1

h‘(lé - Va2 2
Figurel8: Spatiotemporal deep learning network approach. ResgMedt illustration adjusted from Charng et al. Deep
learning segmentation of hyperautofluorescent fleck lesions in Stargardt disease. Scientific Reports 10 (16491), 2020.

Figurel9:{ y I LJAK2G& FTNBY G(KNBS o0f22YAy3 GNFAYy OFYSNI& Ay {FFNBGI |
trained solely with simulated data track billestances in real videos.

One of the most prominent issues of the proposed network is occlusion handling and billet re
identification. If an occluded area has large size, the network has difficulties to predict a correct
billet ID after the billet reappears behind the obstacle. Wiave tried to solve this problem in two
different ways: by modifying the temporal segmentation network with amodal owgpnt by
post-processing the predicted mask using detection algorithms such as-RiakiN.

Amodaltemporal segmentation network

Amodal completion is the ability to see an entire object despite parts of it being covered by
another object in front of it. We modified the temporal segmentation networkigurel8 by

replacing the network output with amodal billet maskigure20. Amodal masks show not only
visible but also hidden billet parts. The billet masks predicted by the amodal network show fewer
billet ID switches, but the network is still not robust enough in the presence of large obstacles.
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Figure20: Amodal spatiotemporal DL network approach. Note that output masks are amtiggl show also hidden
billet parts.

Mask postprocessing

In billet detection experiments, webserved that MasiRCNN performs well in handling

occlusions. This advantage of M&B&ENN can be used to reduce ID switches for covered billets. If
a billet reappears after a large gap and its pixels have wrong IDFi(pee21, left image), the

pixel IDs can be corrected if MaBICNN detects that the pixels belong to the same bifligiure

21, right image).

Figure2l: Left image: billet instance temporal segmentation without mask4postessing. Note that pixels of the same
billet get wrong ID after the long gap. Right image: Billet instance segmentation with-RI2aisIN posprocessing.

The mask posprocessing works best for the second camera view since all billets in the view move
horizontally. This horizontal orientation gives all the billets tight aligned NREGKN bounding

boxes, which minimizes the likelihood of multiple billets e@png in the same bounding box.
However, the maskostprocessing with help of MagkCNN bounding boxes works very ppéor

the third camera, where billets move diagonally. Due to the elongated shape and diagonal
orientation, billets become very large bounding boxes, which increases the chance of detecting
multiple billets within the same bounding baXowever, this can be overcome by rotating the
images prior to the inference such that billets move approximatelyzontally
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Challenges for billet tracking

We were not able to reach the deployable status of the tracking prototwech seamlessly

tracks the billets from the furnace to the end of the rolling street via all three camé&hasn

though the models show promising tracking results in individual cameras, we could not setup a
robust linkage between three cameras because of camera disjoint diee/$o a lack of timafter
availability of the necessary technologies. The continuation for this is now progressing afther the
end of the project Choosingther camera positions as depictedrigure22 and other camera

optics can improve billet tracking. In such camera settings, billets in all three cameras would have
approximately the same size and move horizontally, which simplifies usage of standard Al
solutions for billet detection and billet traclg between the camerady needing less pre

processing on the images, but at the costs of more specialized and expensive camera hardware
and a less generalizable systdfowever, this would not have affected the challenge of handling
occlusions, which was the main reason for the delay in the subtask.

Figure22: Modified Camera 1 and Camera 2 positions.

The infrastructure for deploying the tased blooming train billet tracking system was all
prepared. Once the technical development of the system reaches a deployable status, the
prototype can be tested in production and the KPIs can be validated.

Demonstrator z Cognitive Digital Twin

The final stages of the different components are demonstrated infil@ SAG Demonstrator
video [5}

Demonstration script:

1. Punch Reader
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2. Blooming Train Billet Tracking
3. Anonymizer

Conclusion and Summary/Challenges addressed and
remaining

Initial challenges have been addressed as fotllows

Obtaining sufficient training data for datiriven Deep Learning Computer Vision approaches can
be challengingFor the blooming train billet trackinghis has been approached by generating a
3D-Model of the blooming train via photogrammetry and from this, rendering synthetic training
data images by inserting synthetic billet instances into theMBidlel. Challenges to counter in this
approach were amog others the size of the section of the mill train to be modelled, resulting in a
large volume ohighresolution image data required for the photogrammetry approach, taking

the lens distortion of the surveillance cameras into account in rendering synthetic images for
training and modelling realistic synthetic billets into the images.

Moreover, a new billet ID identification system has been developdwirse to replace the old
unsatisfactory one and a Deep Learning based network has been trained to automatically
anonymize people in image data, addressing legal and works council jseeegptively.

The billet ID identification system is now fully integrated into the ambient productive systems and
LINE DARSA  INFLKAOFE AYOGSNFIFOS F2NJ 0KS 2LISNIF G2NJ
cognition into the hybrid twin modethusconstituting a full cogniive twin.

Similarly, the anonymization system is now deployed as a productive system realizing a full hybrid
twin. Integrating a human operator into the loop would counteract the intent of the system to
protect employees from unnecessary surveillance and was thus omitted.

Aside from the successes in the two aforementioned subsystems of the SAG Use Case, also the
more general problemvhenapplyingDeep Learning based &ystems of obtaining sufficient
suitable training data was approached by testing and establishing different workflows and
routines for the generation of synthetic data, depending on the particular requirements for the
task at hand. Wh these, the SAG Use Case also showcases best practices for implementing DL
based CV solutions in industrial settings at apraiible workload and timespaithis is especially
valuable for SMEs that lack the resourceseitensiveimage collection and annctian.

Challenges and requirements remaining are as fotlows

The third subsystem of the tracking system/SAG Use Casdyltioening train billet tracking

system did not reach a prototype level suitable for testing at the production faléfigre the

end of the project, but the foundation for the further development was provided

SAG planes to finish the technical development of théb&3&d blooming train billet tracking
systeminK2dza S | FGSNJ 6KS SyR 2F GKS /hDbL¢2Lb LINR2SOI
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will make it possible to overcome the remaining challeraas obtain a fully functional tracking
system integrated into the production environment.

Measurable KPIs and Final impact

1 Improve rolling line efficiency bys%
By identifying and reacting to situations likely to cause erroneous bars, the rolling
line efficiency is improved alreadyAdditionally, providing a linkage in data
associated to individual billets throughout the production process will allow SAG to
use advanced analytics to identify other causes for deviations in the production
process and react to these by eagdapting rolling parameters for individual billets.
Moreover, the final version of the tracking system should allow for further
automatization othe rolling process in the blooming train altogether [although this
will most likely exceed the scope GOGNITWINroject].

1 Reduce energy consumptions®%) and process emissions¥a)
Each occurrence of an erroneous bar means a new billet needs to be cast and rolled,
leading to additional energy consumption and process emissions. Moreover, the
return transport to the steel mill for remelting has further impact on process
emissions. Thydy identifying and reacting to situations likely to cause erroneous
bars, this additional impact can be reduced. Moreover, providing a linkage between
data associated to individual billets over the entire process will allow SAG to use
advanced analytid® identify other causes for deviations in the production process
and react to these to reduce the level of scrap from the production goods even
further [i.e, the level of billets/rolled bars with too severe deviations to be sold to
the costumer that are remelted].

1 Automatic error detection
At present, there is no automatic detection of situations in process that will likely
lead to e.g.bent bars or of erroneous bars in assigned sectiémoneous bars are
identified manually The target is to identify over 95% of erroneous bars
automatically and to identify over 90% of situations likely leading to erroneous bars
automatically As to the tracking: At present, around 95% percent of all billets enter
and leave the mill train sequentially, however, since there is no tracking system
installed sdar, it is not possible to safely link the sensor data obtained in and after
the mill train to data associated to a particular billet ID obtained earlier in the
production process. The goal is to track at least 98% of all billets successfully
throughout the mill train and recognize when tracking failed such that at most for
the two billets in the norcontinuous mill train section at that time data from later
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in the process cannot safely be linked to one of the two respective billet IDs, only
to the two IDs together/twelD-tuple.

The full KPlsevaluation is in progress ake C\Ybased blooming train billeracking system
becomesdeployable in production fdiurther use However, we still expect that a tracking
system as planned for this use case would meet those KPIs.

Although two out of three subsystems of the tracking system reached their final stage and are
fully deployed in production as initially envisag#uk full KPIswill be furthervalidatedasall three
systemaext will bedeployedtogether.

The finalSaarstahpilot demonstratoris described inthe COGNITWIN Toolbdf yith the
SAQpilot digital twin pipeline descriptiom] and the finalSAGpilot demonstrator vides

[5] . This is also further described in the final public deliverable D6.4 Best "Digital Twins"
practices reportZ].

3 SIDENORZ Pilot

Introduction to SIDENORS& Process description

Sidenor is one of Europe's leading stewnufacturers. The core business of SIDENOR is to recycle
steel scrap and transform it into bars of more than 200 different steel grades the production flow
chart depends on the customer specification and requirements. All the heats produced in Sidenor
has3 steps in common, the ones belonging to the melting sfitgure23), which areElectric Arc
Furnace (EAF), Secondary Metallurgy (SM) and Continuous Casting (CC).

1. Electric furnace (EAF): the scrap is melted and once the liquid steel has the defined
characteristics it is tapped into one ladle.

2. Secondary metallurgy (SM): Ferro additions are added to the liquid steel for obtaining the
desired chemical composition. Moreover degassing, deoxidizing and inclusions
conditioning control is done in this step. A tight control of the liquid steel tempegais
very important.

3. Continuous casting (CC): once the liquid steel fits the customer specifications, it is necessary
to solidify it. During this process the ladle is taken to the CC machine and the liquid steel is
poured into the tundish and casted to billet or bloom format.
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The liquid steel is containatliringthe whole production period in the ladl@herefore the ladle is

very important. The ladle is covered internally with refractory bricks which are the ones in contact
with the liquid steel. The ladle refractory wears heat by heat and it is very important to measure
the erosion to avoid safety problems.

CONTINUOUS CASTING
CHARGING MELTING TAPPING AND DEOXIDATION

VACUUM DEGASSING

7 'T‘F"am“ w ® = s
LY FLATIT LS
"E \r T “eew’  “8Te

LADLE
FURNACES BILLETS
Lr

Figure23: Steelmaking process 8IDENOR production plant at &saurj Spain.

Pilot challenges

{ARSY2NR& YIAY 32t A& refractons Bhé fgleRcondifsSon eveldlS 2 F
refractory layers which wear in different way depending on their nature.
Refractory bricks located on the ladle walls must withstand the chemical attack produced by the
slag. Moreover, the refractory must be stable when talking about avoiding reoxidation of the liquid
steel and/or generating inclusions.
The ladle refractory linin(Figure24) consists of:

- Wear line bricks, made of MgO. They are in contact with the liquid steel.

- Permanent line bricks, made of high Alumina or Magnesia. They work as safety lining.

The bricks in contact with the liquid steel aeplaced after 1 life cycle, but on the contrary the
safety lining is replaced only once per year.

Classification Public Page330f 103



COGHNITWIN
DT-SPIRB6-2019 (870130) Deliverable D2.4

SLAG LINE

[ Ladle shell

TRANSITION

Insulator layer
Permanent line bricks
W Back filler
B Wear line bricks

Figure24: Ladle lining profile

The ladleis divided in different areas depending on the refractory configuration and/or process
requirements. These are barfefall, transition and slag line. The refractory bricks are different
depending on the positiordue to the differences on the chemical attack or mechanical
requirements These both mechanisms are the ones venode the ladle. The principal mechanism
are
- Chemical attack: Corrosion due to the contact of the bricks with the slag of the liquid steel
- Mechanical erosion: the liquid steel is stirred to homogenize the chemical composition and
the temperature. This upward flow contributes tioe erosionof the bricks

The wear of the refractory bricks is not equal around all over the ladle. Ladle wall nearest to the
porous plug wears faster due to the liquid steel flow caused by the gas stirring. The bricks located
on the slag line wears faster than the ones locatedoveldue to slag chemical attack.

Refractory erosiomycle

The ladle life cycle or campaign is the number of heats produced with the same refractory lining.
The operators must check visually the refractory to evaluate if the ladle condition is good enough
for one more heat or not. This inspection is made afteihdaeat. The result of the visual inspection
added to the checking of several production parameters determine the end of the refractory life.
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The final decision is taken based on the experience and the background knowledge. More often
than desire, when a ladle is removed for repair or disposal the worker realized that the remaining
thickness of the bricks is still useful for operation, implyimpgact on both productivity and costs.

The working cycle of ladle in the melting shop is cyclic. It rofates preheating to tapping to SM

and finally to CC, and preheating again. During the periods when the ladle is empip &mthe
tapping, thermemechanical stresses are the main erosicawuse due to the very intensive
temperature variations and to the mechanical impact of liquid steel when filling the ladle. On the
contrary, during ifladle metallurgical operations when liquid steel and slag are in contact with the
refractory, thermechemicalstresses are the main causes of erosion.

Another aspect that made difficult to development a better understanding of wear phenomena was
the difficulty to get reliable data. SIDENOR measured manually the remaining thicknesses of the
bricks and checked the refractory lining visually in hot conditiche measurements was done on
several rows of the lining during the demolition or repair of the ladle after each camFigurd

25).

Permanent bricks  Working bricks
Shell _

Used brick surface profile

-
— >

D: Distance between outer shell and used brick surface
Figure25: Section of the ladle displaying the remaining thickness

Refractory life control

SIDENOR works with several ladles at the same time. As mentioned above the refractory bricks are
made of Mg@C, which are eroded in every produced heat. After a certain number of heats (1
campaign), if refractory lining is below a defined minimum thicknedse, risk of liquid steel
leakage appears. Therefore, the possibility of causing severe health hazards and production
shutdown is too high.

This is the reason why, to assure the correct conditioning of the refractory lining a worker checked
the refractory after each produced heat. The technician decided whether to repair or to completely
demolish the existing refractory lining. The final desisvas made based not only on the by visual
inspection but also on checking several production parameters.

As the decision was taken by a person, the criteria were not the same for all the technicians, and
sometimes they could decide to repair or replace the refractory bricks when this was not necessary.
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- 10 ladles in operation are used at the same time.
- The average estimated erosion of the refractory per heat is 3mm/heat.
- Average heats produced until reparation {88] and until demolition [69B2].
- The bricks on the bottom ladle are replaced at the end of each cycle.
- LT RdNAYy3I (KS @Aradzat AyalLlsSOiArzy GKS (KAOlySa:
changed

Pilot specific aim
The aim was to develop ML/AlI models with cognitive capabilities that predict wherettaestory
lining in the ladle needs to be replaced or repaired.
The developed modelsanpredict with high accuracy (P<:B@ when a ladle must be taken out of
production to repair.

loT platform and architecture in use

Architecture of the data systems
The architecture of the data collection and storage systems is shofigime26. The collected set
of data which have different source and natugre describedn the next paragraphs

.. . Hybrid/ Cognitive Digital Twin
Digital Twin Data Digital Twin yor .l en gt
. L . Digital Twin » Visualisation and
Acquisition/Collection Representation

Generation Control
IR
Cameras principle
prin -1
systems H
On-plant

PPBM — first Paraview

ML/AI-
hybridization

i
i

D2Lab-C

€ t
a FA3ST it'ream 3
ipes +

E' Plant data Siddhi E'
] (SAP) to D2Lab-C S
s Realtime )

[T} cloud [7]
-] sensor/data 1=
& processing MysQL SINDIT 2

Deployment: Edge On-Premise Cloud HPC Mobile, Browsers

Data Acquisition/Collection Data Stor:fge/ Ana.lyt|cs/AI/. » A.ctlor:nlln.teractlonl
Preparation Machine Learning Visualization/Access

Figure26 Architecture othe Sidenor data system

The steelmaking MES systefigure26 centralizes all the information regarding the production
process as heats, scheduling, requirements and programming. The main inputs for the MES systems
regarding the programming activity are the ERP from the company (a SAP system) and the manual

inputs d&t ONR 6 SR 068t 260 ¢KS {!t a2adSy ada2nNBa Odad2y
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production sensors (PLCs and SCADASs) feed with different types of production data and reports the
MES systems. MES system stores data collected manually too. As an example, the results obtained
in the chemical laboratory from steel and slag compositiothemrmeasurements done of the ladle
refractory thickness.

Data about ladle refractory

As explained above, the ladles used for steelmaking production are repaired or demolished after
several heats to assure no breakout. The repair consists of changing the bricks of the slag line and
transition zone. Thesbricks are replaced by new ones, but they are measured row by row before
removing, just to know the real thickness and wear. The measurement results are included in file
(Figure27.a) where the history of the ladle is registered. The most affected areas are highlighted,
as well as the zones where the refractory has been optimised (in green).

ACUMULADO
CUCHARA
FiLA FLA

FILA

Hormigon Hormigon Hormigon
155 mm 3p-10 3p-10 155 mm 155 mm 3p-10 155 mm
180 mm 155mm | 1s5mm | [180 mm - . 155 mm | 155 mm
180 mm [ [ 1ssmm | 155mm | | 180mm 155 mm | 155 mm
180 mm o MRS B 7 1ssmm | 155mm | | 180mm o L7 (el B 155 mm | 155 mm
180 mm B [ % 155mm | 155mm | | 180mm [ B 155 mm | 155 mm
180 mm LY [ 9 1ssmm | 155mm | | 180mm 2] B 155 mm | 155 mm
180 mm B B 100 155mm | 1s5mm | [180mm [ B 155 mm | 155 mm
180 mm : = 110 20mm | 20mm | |180mm : l B 20mm | 210mm
180 mm 105 155mm | 155 mm 180 mm 155mm | 155 mm
| 2 wrHINEA ESCORIA -+ &= w0 s | oo | | seomn| 5] B w7 INFA ESCORIA s | 155
180 mm 100 (MEJOR CALIDAD) B % 155 mm | 155mm [ | 180 mm o —(MEJOR CALIDAD) 155 mm | 155 mm
180 mm ioo [ 8 155 mm | 1s5mm | [ 180mm s 155 mm | 155 mm
180 mm 105 B % 1ssmm | 155mm [ | 180 mm o 155 mm | 155 mm
180 mm oo | % 155mm | 155mm | | 180mm [ 155 mm | 155 mm
180 mm MK-7 F8T10P | 95 155 mm | 155 mm 180 mm K-7 F8T10P 155 mm | 155 mm
180 mm ios [ 105 180mm | 155mm [ | 180mm 180 mm | 155 mm
180 mm it L 120 180mm | 155mm | | 180mm = 180 mm | 155 mm
180 mm COMIENZ@EPARACION TRANSICION COMIENZ@EPARACIO 180mm | 155 mm | | 180mm TRANSICION 180 mm | 155 mm
180 mm | 130 180mm | 155mm | | 180mm 180 mm | 155 mm
180 mm 180 mm 180 mm 180 mm
180 mm 180 mm 180 mm 180 mm
180 mm MK-7 F4T10P 180 mm 180 mm K-7 FAT10P 180 mm
180 mm (MEJOR CALIDAD) 180 mm 180 mm (MEJOR CALIDAD) 180 mm
180 mm 180 mm 180 mm 180 mm
180 mm 180 mm 180 mm 180 mm
180 mm 180 mm 180 mm 180 mm
180 mm - 180 mm 180 mm = 180 mm
180 mm 180 mm 180 mm 180 mm
PARED PARED
180 mm 180 mm 180 mm 180 mm
180 mm MK-7 F6T10P 180 mm 180 mm 0 K7 F6T10P 180 mm
180 mm 180 mm 180 mm 5 180 mm
180 mm 180 mm 180 mm 180 mm
180 mm 180 mm 180 mm 5 - 180 mm
jzgmm Impacto 210mm 180 mm 180 mm .13 F 180 mm
mm 180 mm 180 mm 180 mm
180 mm ARELX mm 180 mm 180 mm B0 Impacto [ 85 |mm B 180mm
180 mm 180 mm 180 mm 180 mm
180 mm 180 mm 180 mm 180 mm
180 mm 180 mm 180 mm 180 mm
180 mm 180 mm 180 mm 180 mm
PORTATAPON BUZA INTERNA PORTATAPON BUZA INTERNA
185 Jmm “Medicion mm 185 |mm Meicin| B0
mm mm
(@) (b)

Figure27: Remaining thickness of (a) ladle reparation; (b) Ladle demolition
The same measurement is done at the end of the ladlgfiigure27.b). In this case, each row is

measured and the remaining thickness is included in the database.

Another data source are the steelmaking parameters, as for example: time of the ladle with liquid
steel, steel grade, vacuum time, etc.... These data are heterogeneous and were treated to obtain
the information needed for the developed models. Two typeprofuction data were studied:
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- Acyclic data process parametersakenheat by heat. Se@abled
- Cyclic dataparameters measumand recorded with dime-series data foeachheat The
frequency of data collection isséc.

heat number melting date steel grade tapping T (2C)
218238 22-nov-21 40CrModFD 1638
2182599 22-nov-21 40CrModE 1644
218300 22-nov-21 T35CrMo4FDJ 1644
218301 22-nov-21 18CrNIMOTEF 1645
218302 22-nov-21 18CrNiMo7EF 1640
218303 22-nov-21 95CreFD 1659
218304 22-nov-21 95CreFD 1667
218305 22-nov-21 95CroFD 1659
218306 22-nov-21 17CrMNIBEF 1673
218307 22-nov-21 17CrNi6EF 1650
218308 22-nov-21 16CrMNiPb4E 1672
218309 22-nov-21 16CrMiPb4E 1645
218310 22-nov-21 32CrNiMoBi6EF 1655
218311 22-nov-21 32CrNiMoBIGEF 1625
218312 22-nov-21 50Crv4 1643
218313 22-nov-21 56Cr3 1646

Table4 Acyclic data: heat number, production date, steel gradetengperature at tapping

The data collected (cyclic and acyclic) were coupled to set up the database. The data model seeks
effects from changes in the process data over the wear measured in the bricks. Thé¢esmort
prediction works as an advisory system recommending ladle reyan residual thickness gets
below a safety level. The combination of the data stored from ladle history can explain the rich data
obtained with the manual measurement of the ladle profiles. As sumniale5 lists the data

used iNCOGNITWIEnd how to manage it

Datasource | Overview COGNITWINhtegration | Granularity of data

MySQL Level 1 data from PLCs Yes, TBD 1 second

Informix Level Zdata¢ MES Yes, TBD Heat (Production batch)

ERP SAP No Heat (Production batch)

Excel Refractory brick measurementg Yes, files When ladle is removed for
repairing (upper part) or
demolition (complete)

Table5 Overview of dataource in Sidenor variables

Data transfer

¢ KS LINRPRdAzOGA2Y LI NI YSGSNEB ¢gSNBE aSyda d2 Iy Cce¢t &s
pilot have access to them and can work with them. The acyclic data were sent to the server once a

ladle was emptied (heat casting process is finished) taadyclic data were sent once per week.

¢KS AYyAGAFE ARSI gla G2 &aSyR GKS OeOftAO0 RIEGE }
cybersecurity politics this was not possible. This is the reason why the data are sent to the FTP
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server twice per week. The ladle wear is calculated at this moment and the result obtained are new
inputs for calculating till which heat could be used the refractory.

Physics based (PB) model development

Aphysico  aSR Y2RStf ¢l 4 RSOSt2LISR F2NJ {L59bhwQa LA 2
about refractory erosion, for a given ladle, from heat to heat. The model has prediction power as
standalone Digital Twin (DT), but more important as pas éfybrid Digital Twin (HT) and, finally,

as part of a Cognitive Digital Twin (CT).

The overall goal was to predict if a ladle can be used at least one more time before relining. The
model was built applying the methodology of Pragmatism in Phgased Modelling (PPBM).

The ladle operations involve many complex phenomena, where the most important are: transient
thermal conduction, convection in liquid steel and liquid slag due to inert gas purging, waves set up
by the bubble plume, natural convection in the steel, higlvposlag heater, slag, metal, refractory,
thermal radiation, refractory dissolution, phase enthalpies of slag and metal (melting/dissolution),
and handling of the composition and temperature dependent solubility of refractory.

Although the implemented Python model can be classified as a physical model, it requires process
data to give accurate predictions. The model is simulating the actual process and the starting values
and to a certain extent, the boundary conditions are takeom the data. A detailed description
follows:

The modelling approach described above can, in principle, be used to simulate all operations
(thermal operation, refining processes, and lining erosion) of a lifetime of a ladle, except for the re
lining process itself. Even though the focus has beemanglierosion during the refining stage, the
whole cycle is important to get a realistic temperature in the ladle wall at the start of the refining.
This is a function of the history of the ladle, and we have to note that no experimental data is
available 6r the wall temperatures.

To run a simulation of a given heat, it is a relatively limited amount of data that is needed.

1) The total amount of steel that was in the ladle during the refining

2) The total amount of slag that was in the ladle during the refining. This was first done in a simple
way by using the acyclic data giving the totals. Later this was extended to use data where the time
and amount of each individual addition was done.

3) The added electrical power, purge gas flow rates, vacuum pressure, all as a function of time.

4) The time of each heat.
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In addition, we are using the measured temperature in the steel phase. This is reported at 1 second
intervals, but the number of actual measurements is limited to a handful for each heat. The orange
line inFigure29is a result of drawing straight lines betwesome very few experimental points.

In addition, the model requires data on density, heat capacity and thermal conductivity of all
materials. This ipartly taken from literature and is partly provided by SIDENOR.

We see a simulation result demonstrating the predictions of erosion profiles and refractory
temperaturesFigure28. The inner refractory liningg showingsevere erosion at level of the slag
line. As a result, a hot spot appears at the outer steel shell, indicating the wear of the refractory.
This opens for the possibility to combine the model with thermal images and machine learning to
get a very firm undestanding of the erosion state inside the refractory. This possibility will not be
further exploited in theCOGNITWINbroject but may be pursued in new projectRuringthe
development physicaproperty data had to be tuned to thendustrial observations. Good
agreement withmeasured steelemperatures could only be obtainetdy significant increase in the
thermal conductivity of the refractory and insulation materialkhis indicates that steel may
penetrate in between the refractory brick&lepend on wetting liquid hydrostatic pressuregap
size$. This phenomenortan be included into the modéh the future andmay explain thermal
images that show hottespotsin the lower part of the refractory

The thermal predictions ar@nportant input to the refractory erosion modehs thesolubility of
refractory into the slag is temperature dependenin addition, the predicted refractory
temperatures at the time of filling fresh steel into the ladle, is the most important parameter for
assessing thermomechanical stress erosion. There is no intension to predict this due to the
complexity of the prol#m. However, these predicted temperatures may become a weighing factor
for a machine learning algorithm to sess the thermomechanical stress contributions. &{pect

that thethermomechanical erosion contributiomse more evident at the lower part of the ladbes

this part is more heavily exposes to the hot metal during tapping inedaétile.
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Figure28 The figure shows a vertical section of a specific ladle refractory {Lackenpaigrbl, usenumber 68 2019).
Left figure showshe outer shellsurface temperature (rang810 ¢ 8600 K) and right figure showerosion profile and
refractory temperatures, all at IOminutes after filling steel into the ladl&@he erosion profiles the predicted profile at

the time of demolition.

We seean example wher¢he model predics the temperaturewell in Figure29. The predictionhas
severalundulationswhich are due to combinations of additionsofling the ladle) and heat
addition. The measured datansissof 5 points (the first point is not readnd gives a snapghot of
the temperature at thaime of sampling As the model assumes perfaoternalmixingin the metal
and slagand the sampling is taken at a specific point in the latflis accourdfor some uncertainty

in the comparison.

The modetould simulatea complete lifespan adneladle.All the ladlesisein Sidenor durin@019
were simulated by the model and compared to operational data. $imulationshandled the
transient evolutions of approximatgb000 ladleuses andook around 8 hours on a single CPU.
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Figure29 The experimental (points) steel temperature, the predicted steel temperatureadatat! energy byhe slag
heater (heat 20855, Ladle 5, campaignumber 69 use number 25019).
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Eroded fraction of lining
Ladle 8, campaign 75 (2019)
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0.7 —8—Max eroded fraction of wear bricks (left 0.16
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Figure30 Prediction of the evolution of the refractolining as it is eroded from use to u3ée average is for the entire
lining, while the maximum valued®minated by the position of the slag layer.

By running thenodel over complete campaigns we campare the predicted erosion profiles with
productiondata. In this caseve beginfrom the firstheat after building the ladleandsimulateeach

heat. Bth thermal and erosion historgire accumulateduntil the operational data tellsvhenthe

ladle must berepaired. Then the refractory is repaired in the model, as doneproduction The

ladle is therestarted, using the repaired erosion profile, and ragminuntil the last heat before
demolition.Exampledata from the demolition is compared with predictiongHigure31 andFigure

32 The erosion data is obtained by dividing the ladle into two halves and recording the maximum
erosion for each of the halves. Quite high erosion is observed in the upper part of the ladle, where
the refractory is not covered by the steel nor the slag. s special type of erosion that is not
included in the model and therefore we use only brick numbers from 5 to 35 for the overall
comparison, coming in next paragraph.
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Ladle 11. 2019, campaign 80
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Figure31 Comparison of predicted versus measured eroded thickness for Ladle 11, campaign 80, 2019.

Ladle 5.2019, campaign 71

Eroded thickness (mm)
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Figure32 Comparison of predicted versus measured eroded thickness for Ladle 5, campaign 71, 2019.

The overall comparison between the predicted erosion and measured erosion is deignrie33
andFigure34. Two outliers A and B can be observed. Each point is the result of multiple uses of a
ladle, until demolition has happened (typically 8000 uses). As the observations are based on the
most eroded positions at each level and we compare with a prediztedage erosion, the model

is designed to underpredict the data by 10 %.The outlier points may be understood by further
analytics, including anomaly detections. However, changes in the quality of refractory bricks are
hard to monitor and may influence reictory degradation without knowledge.
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Measured versus predicted lining erosion
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Figure33 Comparison between measured and predicted erosion thickness at time of demolition of wear lining. Symbols
represent different ladle numbers.
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Figure34 Closeup of comparison between per heat averaged measured and predicted erosion thickness at time of
demolition of wear lining. Symbols represent different ladle numbers.

The results shown above show that we have a model that can reproduce data in an acceptable
manner and may contribute significantly to supporting the operatoideiciding whether one new
use of the refractory is recommended or not.

Video demonstration of physics based model

A video demonstrating the model may be foumere.
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StreamPipes

This section provides highavel overview of industrial pipelines created tbe Sidenor pilot using
the StreamPipes platform.

First, it shortly describes StreamPipe#s purpose and featureg\fterwards, it provides overview
of created pipelines with elements that were used, both biriland custorrbuilt, alongside their
brief description.

StreamPipes

ApacheStreamPipess a seHservice (Industrial) IoT toolbox that enables Henhnical users to
connect, analyze and explore 10T data strealingrovides a set of builin elements and aeditor

that enable users to easily create and manage pipelines. Additionally, it provides means of creating
custom pipeline elements, further increasing its functionalities and applicability.

{GNBFYtALISAaQ O2NB FSI GdaNBay

1 Connecting with 10T dataData Setsand Data Streamgypes of pipeline elements enable
users to connect data witthe following pipeline elementsvia the built-in StreamPipes
Connect library with support for generic protocols such as HTTP, Kafka, MQTT, Files or
specific adapters for open data sources.

1 Analyzing data Data Processortype of pipeline elements enables users to process and
analyze data using reattime algorithm toolbox ranging from simple filters up to pre
trained Neural Networks. Some of the included Data Processors are: Trend Detection, Peak
Detection, Trigonometry Functiorsd Frequency Calculation.

1 Exploiting data Data Sinkdype of pipeline elements enables users to trigger notifications,
send datato third-party systems or visualize data. Some of the included Data Sinks are:
Apache Kafka, Apache CouchDB, RabbigMdEmail, PostgreSQL.

Pipeline #1 (acyclic data)

The main purpose of this pipeline is to create a path from the SIDEBYgRcsensory data, to the
Neural Network output, depicting the state of the tool through several pipeline elements. In
addition, this pipeline triggers notifications when the value of a particular property goes above a
certain threshold, displaying time betweeonsecutive heats and information about each heat.

These pipeline elements include elements that simulate the connection between acyclic sensory
data and the rest of the pipeline (Data Streaymarked in yellow), elements for processing,
including one with the Neural Network (Data Processpraarked in geen) and elements that
provide output of the pipeling; visualization, notifications, etc. (Data Sinksnarked in blue)
(Figure35).
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Figure35 Developed pipeline (arrows represent data flow)

The frst pipeline element, named SMS fidenor Measurements Simulatj@mulates connection
between acyclic sensory data and the rest of the pipeline, by readingbyenow of .csv file. Each
row represents one heat and contains valuespafameters for said heat. Simulates rearld

situation in which, after each heat, data measured for said heat would be sent to the pipeline.

The first element in the top row, named SMB for Sidenor Measurements Buffer, represents a buffer
that orders heats according to ladle, cycle and phase they come from. Our Neural Network requires
input that is calculated based on all heats from the sam&|arycle and phase. For each new heat,
this element adds it to the list that holds heats that came from same ladle, cycle and phase and
then forwards the entire list to the next element.

The bllowing element in the top row, named FC feactored Contributionsserves as a pre
processing element that prepares forwarded data for inference done by next pipeline element with

integrated Neural Network model. This element calculdtesd O2 Yy i NA o dziA2yé 2F St OK

the wear ofthe ladle and outputs a vector where each value represéigsd O2 y (i NA dhezii A 2 v ¢
corresponding parameter.

Said vectorepresents input to the&keNN(KerasNeural Network element.It represents input of
both the mentioned pipeline element anthe Keras Neural Network model loaded within it. After
inference, NN outputs class which stathe condition ofthe ladle {ower/higher degradation than
predefined threshold This output value is forwarded to the visualization element.

The frst element in the second row, namédlmerical Filterfilters events (heats, in this context)
based onthe value ofthe selected numerical property. In this case, it filters heats basethen
consumed electricitywh_r - if a heat hashe value ofthe consumed electricity greater thahe
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specified threshold, it gets forwarded to the next elememttffication elemeny, otherwise, it gets
ignored.

The frst element in the third row, namedaskDuration computes the time difference between
two events (heats, in this context). It forwarie measured difference to the visualization element.

The &st element in the second row, namaldtificationand marked witrbell, displays a notification
in the Ul panel of StreamPipes. In this pipeline, it displays a notification regarding heats that have
consumedan electricity value abova certain threshold Figure36).

5ep 1, 2020 3:03:15 PM

Value of Kwh_rr for ladle_14, cycle_4, rep went

above threshold (11000 kwh)

Kwh_rr value = 11201.

Figure36 Displayed notification
The est of the elements colored in blue, named Dashboard Sink, serve as a visualization tool. They
visualize data streams the StreamPipes dashboar8igure37).

Sidenor Pipeline Simulation Dashboard

Dashboard of Sidenor Pipeline Simulation

Time Between Heals

3.00

Figure37 Visualization of outputs of Keras Neural Network (Brick Degradation Class), Task Duration (Time Between Heats)
and Sidenor Measurements Simulation (Ladle Information, Kwh_rr)

Pipeline #2 (cyclic data)

This pipeline is meant to procesgclic(transient)sensorydata using various analytical methods.
Currently, we have implementeain element thatcalculatedMEWMA(Multivariate Exponentially
WeightedMovingAverage)over input data and forwards its output.
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¢ KAA& LIALISE AyYSQaneléied ha& githulatedhs ddrinezfios Netweerthe cyclic
sensory data and the rest of the pipeline (Data Streanmarked in yellow), element(s) for analytical
processing (Data Processarmarked in green) and element(s) that provide output of the pipeline
¢ visualization (Data Sinksmarked in blue)Kigure38).

SC AL G

SCD SM

Figure38 Developed pipeline (arrows represent data flow)

The frst pipeline element, named SUCM f8idenor Unbatched Cyclic Measurements Simulation
simulatesthe connection between cyclic sensory data and the rest of the pipeline. Each event
represents cyclic data for an entire heat, heng#atchedg not divided into batchesThis first
element simulates realworld situation in which, after each hedahe data measured for said heat
would be sent to the pipeline.

The bllowing element, named SM f&idenor MEWMAreceives cyclic data for an entire heat and
calculates MEWMA for it, outputting result of its executiamcludingdetected anomalies along
with the information which parameters caused it.

The third element, named SC ftine Sidenor CERperforms Complex Event Process{@dPusing
the Siddhi enginelt performsa CEP query othe received data. lappies complex logic to the
QY AYyé 2 dzi Lidzi sresdtsFof vafodsdanalyitdl J8ethgdgrSaddition, this element
providesthe point of connection for this anthe previous pipelineComplex Event Processing can
be applied on outputs of multiple pipelines connecting them into one complex pipeline.

The ppeline elements at the end are used for visualizationttef performed analysisAt the
moment, we are presenting raw data, as it is receidEIEN formay

Figure39).
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Heat Information

{"timestamps":["2019-03-05 20:37:40","2019-03-05 20:37:41","2019-03-05 20:25:19","2019-03-05 20:25:18","2019-03-05 20:32:30","2019-03-05 20:37:48","2019-03-05
20:32:31","2019-03-05 20:37:49","2019-03-05 20:37:47","2019-03-05 20:37:42","2019-03-05 20:37:43","2019-03-05 20:17:37","2019-03-05 20:17:38","2019-03-05 20:27:21","2019-
03-05 20:37:51","2019-03-05 20:27:22","2019-03-05 20:39:30","2019-03-05 20:37:50","2019-03-05 20:27:20","2019-03-05 20:1 "2019-03-05 21:38:13","2019-03-05
20:19:08","2019-03-05 20:17:26","2019-03-05 20:19:07","2019-03-05 20:17:277,"2019-03-05 20:19:06","2019-03-05 20:27:18"," -03-05 20:27:19","2019-03-05 20:46:14","2019-
,"2019-03-05 21:22:13","2019-03-05 20:17:51","2019-03-05 20:46:19","2019-03-05 21:22:10","2019-03-05 21:2 "2019-03-05 20 ","2019-03-05
" 7 9-03-05 20:13:17","2019-

20:35:04","2019-03-05 20:35:06","20139-03-05 20:18:50","2019-03-05 20:46:22","2019-03-05 20:18:51","2019-03-05 20:46:23","2019-03-05 20:18:10","2019-03-05 20:18:54","2019-
03-05 20:19:23","2019-03-05 20:18:11","2019-03-05 20:19:22","2019-03-05 20:17:40","2019-03-05 20:18:52","2019-03-05 20:19:21","2019-03-05 20:25:20","2019-03-05
20:46:20","2019-03-05 20:18:53","2019-03-05 20:46:21","2019-03-05 20:37:37","2019-03-05 20:37:38","2019-03-05 21:03:37","2019-03-05 21:03:38","2019-03-05 21:03:39","2019-
03-05 21:38:32","2019-03-05 20:37:39","2019-03-05 21:38:33"],"ladle™:"ladle_2","cycle":"cycle_3","situation":"rep","root-causes":[["Caudal_gas"],["Caudal_gas"],["Caudal_gas"],
audal_gas"],["Caudal_gas”],['"Caudal_gas"],["Caudal_gas"],["Caudal_gas"],["Caudal_gas"],[*Caudal_gas"],["Caudal_gas"],["Caudal_gas"],[*Caudal_gas"]
["Caudal_gas auda onsumo_electrico”],["Caudal_gas”],["Caudal_gas"],["Caudal_gas~],["Caudal_gas"],["Caudal_gas"],[*Caudal_gas"],["Caudal_gas"],["Caudal_gas"]
['Caudal_gas' a || audal_gas™],["Caudal_ g s 3
["Caudal_gas"],[" al audal_gas”],["Caudal_ga al_ga audal_gas"],["Caudal_gas"],["Caudal_gas"],[*Caudal_gas"],["Caudal_gas"],[*Caudal_gas"],
["Caudal_gas"],[" | ¢ audal_gas”],["Caudal_gas"],[" |_gas"],["Caudal_gas”],['"Caudal_gas"],["Caudal_gas"]["Caudal_gas"],['"Caudal_gas"],["Caudal_gas"]
["Caudal_gas"],[],["Caudal_g ‘Caudal_gas”],["Caudal_gas"],[" |_gas"],["Caudal_gas”],['Caudal_gas"],["Caudal_gas"],["Caudal_gas"] [‘Caudal_gas"],["Caudal_gas”]
["Caudal_gas"],["Caudal_gas"],[*Caudal_gas”],['Caudal_gas"],[*Caudal_gas"],["Caudal_gas"],['Caudal_gas"]]}

Figure39 Raw JSON representation of MEWMA output

Knowledge Graph Based Solution for Cognition

An advantaged functionality of Cognitive Digital Twin (CEpignition": a digital twin (DT) able to
"reason" and "act" taking into consideration of the data as well as the states and results of other
hybrid twins (HT). To enable cognition, the CT not only composes the data and information from
DTs and HTs but alsatract knowledge from the domain expert in order to perform ge#frning,
situation analysis and decisignaking in the same way that the human operators handle the
information. Therefore, knowledge representation is an important requirement to supist
vision. The knowledge must be integrated and represented formally so that the CT can process,
analysis and reasoning automatically. In this pilot, we employ semantic knowledge graph
technologies for knowledge representation. Accordingly, SANBINTEF Digital Twin Framework)

- a knowledge graph based Digital Twin Framewprkas employed to achieve the "cognition” for
SIDENOR pilot.

2 https://github.com/SINTER012/SINDIT
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AlloyAddition

+ Addition DateTime
+ Product Code

+ Product Weight

+ Product Description

+ Addition Installation

COGNITWIN

Deliverable D2.4

0.n
1
Sampling Temperature (timeseries) Heat
- peeme * Head ID Prediction
+Temperature
* Heat Date ; ForHeat i Thickness: Double[38]
* Sulphur at Vacuum + Recommended Action: String
Cyclic Data (timeseries) + Power Consumption
+ DateTime + Lime Consumption
+ FECHAHORA + Time with Steel
+ PRESION_RED_N2 + Alumina Consumption
+ PRESION_RED_AR + Sulphur at Tap Ladle Use
+ CAUDAL_GAS + Time at Burners [ UselnHeat + Use ID: Integer

+ CONTRAPRESION

+ PRESION_JACIO

+ numero_colada

+ TEMFERATURA

+ CONSUMO_ELECTRICO
+ TAP

+ indice_agitacion

+ fase_afino_TrueStir

+ Vacuum Time

+ Product Size

+ Desulfurization Rate
+ ON Time

+ Slag Percentage

+ Manganese at Tap
+ Steel Grade

+ Steel Temperature at Tap

1

0.n
+ T\PO_GAS + 3tirring Gas Consumption
1 Used In
+ APERTURA_VALVULA + Fluorspar
1
+ CONSIGNA_GAS + Liquid Steel Wheig..t e

+ Ladle ID: Integer

1

0.2

Inspection

+ Date

+ Type [Repair, Demolition]

+ Thickness: Double[2][38]

Figure40 Information Model of SIDENOR Pilot.

Figure40 illustrates the information model of the pilot which contains both acyclic data (e.g.,
process parameters) and cyclic data (e.g., timeseries sensor data). The data was used by hybrid
digital twins (e.g., physical models, hybrid models) to simulate andenpagdiction about the
conditions of the ladles. The input data as well as output of these hybrid models are integrated into
SINDIT in order to support automatic reasoning and decisiaking support for the human
operator.

Figure41 illustrates the corresponding SINDIT knowledge graph which contain the Ladles (blue
node), Ladle Use (pink), Heats (dark green), Alloy Additions (purple) and prediction models output
(light green). To import the knowledge graph to SINDIT, we develop ngpgies using RMLEo

3 https://rml.io/specs/rml/
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map structural data from relational database to semantic knowledge graph. Particularly, tools such
as Mapeathatand MorphKGEwere employed to develop and execute the mappings.

Use #41 Use #57
- - Use #58se #65

Use #5 u&s u&a @3 ﬁ;‘g

Useg USE?NSE #UEE#2Bse #gseAse #BBe #1se #58
M@Q§W@$@@$$

b )
Usewaa uh_.ysé\g!e wm:use#z

u;ﬁ,\uﬁa\@ 3 ﬁ?a’e‘b@ B &

C’-"m\ wady U‘ el
@ ﬂ?e éi@z\k ' se #lse #H’Ise #lde #8lse #54
n
Lﬁsm@ B EE e e
éz AR ey

‘"e #'45 F#A)se #4

& @ BB R R

Use m(
@USE# qi &egse #19
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Addition #5 @ #15
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Addition
#24
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#16 Adalrl" °
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dition g}# Ubt‘ ’ 523 Addltlon

ce.\“ ii25
T
Addition T
A for \cm
. ition ﬂ!Z

Ladle 16

Additio

Ladle 11 Ladle 14 Ladle 15 Ladle 17 Ladle 2 Ladle 8 Ladle 10

Figure41 SINDIT Knowledge Graph

Domain expert knowledge for making assessment (e.g., whether to repair or demolish the ladles) is
also integrated into SINDIT under the form of reasoning ruleSHEN rules). Such domain
knowledge was illustrated iffigure42. Figure43 is a simplified version of a rule to inform the

4 https://github.com/oegupm/mapeathor
5 https://github.com/morph-kgc/morphkgc
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operator to carefully analyse the ladle before using it for the next heat as it is reaching the repair
or demolish cycleFigure44 is another example of the reasoning rule to notify the operator
whenever the predicted thickness of the ladle is below operational range (e.g., 50 mm).

Domain Knowledge

+ Maximum Wear Brick Thickness = 180 mm
+ Minimum Wear Brick Thickness = 50 mm

+ Average ware rate = 3 mm/mheat

+ Repair Use Range = [33, 48]

+ Demuolition Use Range = [69, 85]

+ Operation Thickness Range = (70, 180] mm
+ Analysis Required Range = (50, 70] mm

+ Repair’Demolish Range = [0, 50] mm

Figure42 Domain Expert Knowledge for making decision on the Ladle.

[?PredictionModel, :hasRecommendActi6Analysis Required] :-
[?PredictionModel, :assetType, "PredictionModel'],

[?PredictionModel, :FromHeat, ?Heat],

[?Use, :UselnHeat, ?Heat],

[?Use, :UseNum, ?UselD],

NOT [?PredictionModel, :hasRecommendAction, "Repair or Demolish" ],
FILTER((?UselD >= 33 && ?UselD <= 46) || (?UselD >= 69 && ?UselD

Figure43 Reasoning Rule: Recommend analysing the ladle if the use number is within a specific range.

[?PredictionModel, :hasRecommendActidRepair or Demolish’] :-
[?PredictionModel, :assetType, "PredictionModel"],
[?PredictionModel, :hasPredictionResult, ?Result],

[?Result, :hasPredictionValue, ?value],

FILTER(?value <= 50) .

Figure44 Reasoning Rule: Recommend to repair or demolish the ladle if the predicted thickness is below 50mm.

The reasoning result is also integrated into the knowledge graph and visualised in a separate
window in SINDIT in order to support the operator to make decision on the ladles after every heat
as can be seen figure45b.
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Selected Element Selected Element

Label: Heat 224780 Label: Prediction 224769
short ID: heat-1-7-224780  short ID: prediction-224769
Type: submodel (NODE) Type: submodel (NODE)
Node Details Node Details
- “
IRI: IRI:
httpy//sindit.sintef.no#heat-1-7-224780 . http://sindit.sintef.no#prediction-224769 S
“ 3 « »
Description: Description:
Heat 224730 of Ladle 1 inUse #7 . < Prediction result for Heat 224769 B
] 3 « »
Asset Label: Asset Label:
Heat - PredictionMode! B
1 * l »
VacuumTime: hasRecommendAction:
23 = Analysis Required S
“ 3 ] »
TimeWithSteel: .
150 s Rule-based Reasoning Result
‘ 3
TimeAtBurners:
o -
l 3
SulphurAtVaccum:
0 >
4 3
SulphurAtTap:
. -
33 >
4 »
StirringGasConsumption:
47.814 <
] 3
steelTemperatureAtTap:
1636 =
] 3
SteelGrade: - v
“ » “ 3

Figure45 Properties of selected nodes shown in a separate window: (a) Heat node and (b) Prediction node.

FASST (Fraunhofer AAS Tools for Digital Twins) Service
Fraunhofer IOSB has developed a digital twin for a ladle based on Asset Administration Shell (AAS)
specificatons6 6 5SGFAf & 2F GKS | AFISNI IMRY®FNE LAY § o 20yi NI K K
Availablehttps://industrialdigitaltwin.org/wp-content/
dzLJX 2 R&kHAnumMkndknT RSOGFAfAa 2F GKS FaasSid FRYAyAAQd
asset administration shelLJr NIiTi H GOSNEA2Y MOPANDNHIE ohyftAySeo |
i40.de/IP/Redaktion/EN/Downloads/Publikation/Details of tAsset Administration Shell Part2
V1.html) The digital twin was developed by applying the following steps:
1. The AASompliant digital twin type 1 was modeled, i.e. the AAS model was created as a

file. The AAS is a static file serialized according to Part 1 of the AAS specification. We used

the AASX Package Explorettigs://github.com/adminsheltio/aasxpackageexplorer to

model the digital twin manually and stored it as a JSON file.

Classification Public Pageb4 of 103


https://industrialdigitaltwin.org/wp-content/
https://github.com/admin-shell-io/aasx-package-explorer

COGHNITWIN
DT-SPIRB6-2019 (870130) Deliverable D2.4

To develop a model, we analyzed all the data types provided by Sidenor. This included not only the
acyclic data, cycle data, and lining data, but also the created models (e.g., fgiasch.
Additionally, we analyzed the existing AAS submodel templates
(https://industrialdigitaltwin.org/en/contenthub/submodely to be as standard compliant as
possible.

The AAS model contains (i) general information about the ladle, such as the number of heat runs,
the original thickness of the bricks, or information from inspections; (ii) operating parameters of
the current and historical heat runs of the ladle; (iiiggiction results of the simulations, (iv) meta
information about the simulations used, etc. We used the AAS properties to represent single
measurement per parameter. To represent the thseries measurements per parameter, collected
everysecondduringec f I Rt S dzal 3Ssx 6S dzaSR GKS GSYLX FdS
(SMT). This is the AAS submodel template currently in development that aims to provide a
standardized metamodel and API for modelling time series dat&igure46 the AAS model is

partially shown within the AASX Package Explorer
« [T "adie” [Custom, AssetAdministrati 17F1095D] of [Custom, Asset-—762824C3, Instance] N ciement | Content
2 5w ] on” [IRI, i 13 116% 8822 2022
(3 “ncuch Referable:
@‘.Ishwir " idShort: IsRepaired
(2 "IsDemolished” Kind (of model):
kind: Instance
(3 mbeat Semantic ID:
4 G113 "originalThickness™ (2 elements) i
B8 "L1" (42 elements) R
HasDataSpecification (Reference):
B8 "12" (42 elements)

(3 “Thickness" (2 elements)
4 [T "Demolitioninspection” (2 elements)

5 Dater

(3 "Thickness" (2 elements)

4 7] "Prediction” [IRI, https://example.com/ids/sm/5512 2181 8022 6154]
(29 "NextHeatRun"

(22 "RepairHeatNumber"
(T3 “Thickness™ (2 elements)
(I8 "ModelsUsed" (2 elements)

i swm | " [IRI, http: i ) 2181 8022_1436]

GG <T> “InputParameters” (11 elements)

(I8 <T> "OutputParameters" (18 elements)

21818022 7386]

Figure46:AAS model oped in AASX Package Explorer

2. We used the FASST Package Explorer Converter
(https://github.com/FraunhoferlOSB/FAAAEFackageExplorerConvertel to convert the
Sidenor AAS JSON file created with AASX Package Explorer in step 1 tecarrpasile
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version.We note that the AASX Package Explorer uses AAS meta model v2.x while FA3ST
uses v3.x.

3. We used the FIST servicenftps://github.com/FraunhoferlOSB/FAAASErvice to create

the AAS compliant digital twin type 2. The AAS is a software component that provides a

standardized API according to Part 2 of the AAS specification. Information is exchanged

automatically via external software that communicates with the AASha API.
This means that we created the software representation of the ladle. This was done by starting the
FA3ST service with the AAS model created in step 2. The result is the digital twin for Sidenor with an
AAScompliant digital twin API interaction of the dai twin with the outside world. More
information on FAST could be found in D4.4 deliverable.

4. The final step was to ensure that the digital twin for Sidenor is always synchronized with
the underlying physical asset, i.e. the ladle. To do this, we connected the digital twin of
Sidenor developed in step 3 to the data source. In this case, this wdsfthxDB provided
by Nissatech, which contains rdahe data. The connectivity was achieved by (i) creating
a configuration file that defines how to access the data stored in the external database and
by (ii) starting the FA3ST Service with both thee®id AAS model and the configuration
file. More information on that could be found in the D5.4 deliverable.

The key advantage of the A&8mpliant digital twin for Sidenor is the improved interoperability
and thus the reduced effort required to integrate the digital twin into the potential applications.

Measurable KPIs and Final impact

The model gives an objective prediction which takes into account the history of the ladle. Up to the
beginning of the project the refractory wasbuilt after 69 to 81 heats, but we detected that in
some occasions the ladles could have worked longer. In other words, using the model developed
within the COGNITWIN, we are now able to predict if the ladle's lining will last one more heat taking
into account the safety limits defined by Sidenor.

5dz2S (2 OB0SNRESOdNA(GE NBAGNROGAZ2YyasX (GKS LIR2aaAoAfA
data was forbidden so the partners working in this WP agreed to send the data to a FPT server.
Moreover, the possibility of sending the production dataldrow to manage the files took longer

than expected. Nevertheless, the problem was solved and the model was able to run online with

the cyclic and acyclic production data sent.
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After a deploymentdelay at the end of the project, the cognitive digital twin pipeline has been
installed with Sidenor to support the future refractory wear decision making

The estimation was calculated taking into account the results obtained with the predictive model.

The model run the heats already produced and these results were compared with the real
measurements. The improvement on the refractory life could reach 14& nvbans saving around

pn®nnne LISNI&@SENE GF{Ay3a Ayd2 | 002dzyd GKS NBFTNI O

Refractory life

30
Measured ladles

S

£ -
w O Maodel prediction
all
= 20 —
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Figure47:Comparison between measured and predicted refractory thickness

Conclusion and Summary

The Hybrid Digital Twin with enhancement to a Cognitive Digital Twin has in particular taken
advantage of the use of a physical model combined with a data driven mddelpart of ths
developmentbased onPPBM (Pragmatism in phystaased modelling), a physibased model for

ladle lining lifetime has been developed. The model is using physical conservation principles and
has been tuned to operational data. In addition to its prediction capability, theahbds been
proven useful to filter or clean datahich does not comply with the basic conservation principles.
ML and regression models have been explored, but these model does not have the capability to
explain observations without excessive amounts of data.

A specific challenge with ladle lining erosion was that no quantitative state of the refractory exists

except at the time of lining repair (only part information) and the time of ladle demolition
("complete" information). The "complete" information congigtf a measurement of the most worn
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brick at each brick row in the ladle. This is done for each of two half sectors of the ladle. The average
erosion and the variation of erosion at each height has recently been mapped, pectyse of
question resulting from the PPBbhsed model. This information will be very useful for further
development of the model. The model predicts erosion profiles which are ensemble averages.
Accordingly, a safety margin has to be applied. Some uncertairitg ieta must be acknowledged

and the model predictiofis therefore taken as a recommendation for the ladle operator.

The model has been integrated into a StreamPipased application, where both historic and
online process data is available. Prediction is here made available to operators. Historic and current
prediction data is saved in the database and is availabletf@r tools. One specific tool which has
been explored is a knowledggaph based solution for adding new cognition elements.

The work has led to new understanding about phenomena that impact outer surface temperatures
of a ladle, and quantitative information about how much different phenomena contribute to ladle
lining erosion has been obtained. This will help operators thedbemderstand what their decision
windows are.

The developed model have several possibilities for further improvement and will have value for
many other steel companies. The generic version of the RPB&Md model is available at
github.conf. Thismodel has been included in the final Sidenor digital twin pipeline.

The finalSidenopilot demonstrator is described the COGNITWIN Toolbd¥ yith the
Sidenordigital twin pipeline descriptior6] and the finalSidenordemonstrator videoT] .
This is also further described in the final public deliverable D6.4Bggal Twins"
practices reportZ].

4 NOKSELz Pilot

Introduction to NOKSEL & Process description
NOKSEL is one of the leading steel pipe manufacturers of Turkey with its plants located in
Iskenderun at the region Hatay and in Hendek at the region Sakarya since 1987. Noksel serves
domestic and international markets by manufacturing spiral welded giipels for petroleum, gas,
water and piling industries.

Turkey is the biggest producef spirally welded steel pipi Europe with production capacity of
5.2 million tons of steel pipe per yedn. TurkeyNOKSEtontinuouslyisin the First Biggest Industrial

8 hitps://github.com/SINTEF/refractorywear
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Companies List issuegsearchby T & (i -Oyiamtier of Industry sind®96b and the second largest

in companysteel pipe industry. Besides NOKSEL Turkey, Noks@eES@a was established in Spain

in 2008. All manufacturing plants of NOKSEL are planned mainly for the production of the pipes in
API standardNOKSEL produceges in accordance with AWWA, DIN, BS, ASTM, ISO, EN, UNI and
AFNORstandardsto serve the petroleum, gas, waterline and construction industries. With a full
commitment to superior performance, the Company constantly strives to ensure that its quality
policies and principles are in full compliance with all national and internati@gallations and
standards. To optimize information management, NOKSEL has been using the SAP system for its
own business operations and MIS systems since 20f@bthe companycontinues to invest in
digitalization of its premises.

b21aSt Qa Lafthe deve®dpni B of Digitdl win for the production process of Spiral

2 St RSR aGSSt tALSaE o6{2t0d ¢KS RAIAGIE GoAYy GAfCf
streams in reatime, and enable predictive maintenance by a smart condition maoinigosystem.

Realtime data acquisition, communication networks for monitoring, and automated
recommendation generation are among the key innovative features of this pilot.

Smart components that use sensors to collect in-teaé condition of the equipment's and their
positionare connectediy a cloudbased system that processes the collected data streams. Theses
inputsareanalysed against business and other contextual data through smart visualization systems.
The digital twin models allow joining the physical and the virtual worlds to create a new networked
layer in which intelligent objects interact with each other tdwalize the steel pipe manufacturing
process on thé&pirally Welded Be (SWPjnachinery shown in beloWwigure48: Schematic lay out

of SWP Machinergnd Figure49: Photo ofSWPMachinery.

Figure48:Schematic lay out adhe SWP Machinery
Figure49:Photo of the SWP machinery.

SWP machinery is used in the production of spirally welded steel pipe. In these machines the hot
rolled sheets are combined by turning at a certain angle or flatly using the submerged arc welding
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(SAW) method. The general name of this process is spirally welded steel pipe production,process
in Figure50.

Figure50: NOKSEL's use case processes

SWP is a mulstep, manufacturing process that consists of the following steps:
1) Preparation of hot rolled coils,
2) Coil ends welding, (skelp end welding)
3) Edge preparation of the coils,
4) Transforming the coils to pipe, (pipe forming)
5) Welding operations,
6) Pipe production,
7) Pipe cutting,
8) Repair welding,
9) NDT(NorDestructing) testing,
10) Acceptance of the pipes,
11) Coating and lining,
12) Final testing and acceptance of the pipes.

The objectives of the NOKSEL case on the SWP machinery are threefold:tit)erezindition
monitoring, 2) predictive maintenance, and 3) digital twin generation.

Due to the very large size of SWP machinery, and the high number of its components,
development of auser¥ NA Sy Rt & & 2 T ( dirheNd@nditibr2 thitpring i€asichalNeBde. f
The condition monitoring has beeralized by means of a platform. The platfowasconnected
with PLC, SCADA and ERP interfaces of the production plant. In the aimed platform, data gathered
from different sources, such as sensors, operational data input, automation system ipet w
analyzed for understanding current situatiasf the SWP machinery. Using the digital twin
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G§SOKy2f 238 Isweré shawa to thelzipedatrii. Smart components that use sensors to
gather data about realime status, working condition, or positidrave beerconnected to a cloud
based system.

By applying AI/ML/DL based analytics and computation, and using the data acquired by the
platform, smart predictive maintenance is aimed via cognitive digital twin. The Digital fagh,
visualizel maintenance predictions redime, and notifed personnel with current condition of the
machinery, abnormalities and alarms.

Both data driven and model driven twimgere generated for the case. Both synthetic and real
data collected from the platforrhave been developkasplanned to be used for data driven twin
generation. The 1st order, or the process modelirggensed to generate the model driven twin.

By combining the data and the model driven twins, a hybrid digital Wmdacreated. Adding the
cognitive elements to conduct predictive maintenance by enhancing the digital twin via Al/ML/DL
components, a cognitive digital twhas beergeneratedas aimedAlbayrak and Unal, 2021)

User stories

The users of the system are Maintenance Operators and Maintenance Managersollowing
sentences brief the requirements of the users in forms of user stories.
1 As auser, | want to monitahe condition of the system so that | follow the current status
of the machine.
1 As auser, | want to learn the remaining useful life of machine so that | copcedittive
maintenance and take actions before the maclideakdown.
1 As a user, | want collect data from sensors and PLCs so that the acquired data set is used
for condition monitoring.
1 As a user, | want conduct data ppeocessing so that the data set becomes ready to be
used for ML/DL model training.
1 As auser, | want to execute selected ML/DL models so that | detect anomalies in real time.
1 As auser, | want visualize past sensor data so that | see the data trend of sensors.
T As a user, | want visualize operational data so that monitor thetir@& condition of the
SWP machinery.
1 As a user, | want to generate synthetic data ébectromechanicatomponents so that |
create machine break down and/or faulty cases.

The pilot requirementsvritten above as user storiege detailedin forms of user storigsise cases
by Table6 - Tablel5.

Table6: Use Case NOKSHEEG00

Use Case Template Description
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Use Case Name

Condition Monitoring

Use Case ID

NOKSEUGO00

User story expression of use
case

As a user, | wartb monitor condition of the system so that |
follow the current status of the machine.

Goal Tomonitor the condition of the machine and environment
Measurable KPIs for the goal| The latency between data acquisition and deisualization <
(if any) 200ms.

Actors and stakeholders
involved

Maintenance operatgrMaintenance Manager

Input data

Sensor data, and data from the PLC (alarm and status data)
for condition monitoring

Output data / actions

Quiality data that is cleaned, scaled, filled in, analyzed,
normalized, and preprocessed adisplayed to the user

Summary description Main
success scenario

1. User selects the machine component for which the
condition is to be monitored.

The system displays the 3D view of the selected mach
component and presents the stream data measured b
the sensors implemented on the machine.

2.

Extensions, exceptions,
variations

If the user selects a specific place (hotpoint) on the machine
O2YLRYySyiQa o5 @ASs> (lBesthat
are implemented only on the selected place.

Possible generalisation of use
case

The use case can be generalized for condition monitoring of
other assets and systems on 10T platforms.

Use case analysigrelated to
which Digital Twin pipeline

steps

This use caskasbeen supported through the following Digital
Twin pipeline steps: Digital Twin Data Acquisition, Digital Tw
Representation, Digital Twin Visualization and Control

Table7: Use CasBlOKSEUCO01

Use Case Template Description
Use Case Name Predictive Maintenance
Use Case ID NOKSEUGO01

User story expression of use
case

As a user, | want to learn the remaining useful life of machine
that | conduct predictivenaintenance and take actions before
the machin® breakdown.

Goal

Toestimate RUL and to be able to conduct predictive
maintenance

Measurable KPIs for the goal
(if any)

The models should provide TP = 100%.
The models should provide FP = 100%.
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(Both true negatives and false negatives will b&éhis Type | ang
Type Il errors will be)0

Actors and stakeholders
involved

Maintenance operatgrMaintenance Manager

Input data

Sensor data, and data from the PLC (alarm and status data) {
for condition monitoring and datariven Al models

Output data / actions

Estimates on the RUL is provided.

Summary descriptiog Main
success scenario

1. The system runs ML/DL algorithms on the stream dat
2. The system displays the anomalies in data
3. The system calculates RUL and informs the user.

Extensions, exceptions,
variations

None

Possible generalisation of use
case

The use case can be generalized for predictive maintenance
other assets and systems flow

Use case analysigrelated to
which Digital Twin pipeline
steps

This use caskasbeen supported through the following Digital

Twin pipeline steps: Digital Twin Data Acquisition, Digital Tw
Representation, Hybrid/Cognitive Digital Twin Generation, Dig
Twin Visualization and Control

Table8: Use CasBlOKSEUCG1

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 dgpae-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, filled in, analyzed,
normalized, and preprocessed and get ready to be used for
ML/DL model training

Summary descriptiog Main
success scenario

1. Data set is selected and uploaded.
2. Rules to fill in empty data is selected by the user.
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3. Data is normalized.
4. Mean, median and variation of the data set is calculats
5. Processed data is stored.

Extensions, exceptions,
variations

None

Possible generalisation of use
case

The objective function of the ML/DL models totb@ned may be
functions other than predictive maintenance.

Use case analysigrelated to
which Digital Twin pipeline

steps

This use caskasbeen supported through the following Digital
Twin pipeline steps: Digital Twin Data Acquisition, Digital Tw
Representation

Table9: Use Case NOKSHEE2

Use Case Template

Description

Use Case Name

Real time anomalgetection 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/or maintenance manager

Input data

Sensor data, PLC data, alarm and status data

Output data / actions

Anomaliesare detecting by the selected ML/DL models and the
resultsare graphically displayed

Summary descriptiog Main
success scenario

1. The users select the piteained ML/DL model set to 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.

case

Possible generalisation of use

The pretrained ML/DL models can be generated for purposes
other than predictive maintenance and anomaly detection
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Use case analysigrelated to
which Digital Twin pipeline

steps

This use caskasbeen supported through the following Digital
Twin pipeline steps: Hybrid/Cognitive Digital Twin Generation
Digital Twin Visualisation and Control

Tablel0: Use Case NOKSHEEG3

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

User story expression of use
case

As a user, | want visualize past sensor data so that | see the
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 user zooms in and/or zosmut 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 analysigelated to
which Digital Twin pipeline

steps

This use caskasbeen supported through the following Digital
Twin pipeline steps: Digital Twin Representation, Digital Twir
Visualisation and Control

Tablell: Use Case NOKSHG4

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

User story expression of use

case

As a user, | want visualize operational data so that monitor th
reaktime condition of the SWP machinery.
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Goal To monitor operational data regarding the S\ponents
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 afperational data

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 the hotspots on the componen

3. The user selects the hotspot.

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

Extensions, exceptions,
variations

None

Possible generalisation of use
case

The component visualized maglong 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

Tablel2 Use Case NOKSHEEGS

Use Cas@emplate Description
Use Case Name New trained ML/DL model inclusion
Use Case ID NOKSEUG5

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 reimhe 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
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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 useselects the model to be included in the model
set.

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

Extensions, exceptions,
variations

If the file selected by the user is not a model, the systisplays
a warning message to the user.

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 analysigrelated to
which Digital Twin pipeline
steps

This use caskasbeen supported through the following Digital
Twin pipeline steps: Hybrid/Cognitive Digital Twin Generatio
Digital Twin Visualisation and Control

Tablel3: Use Case NOKSHEG6

Use Case Template Description

Use Case Name Syntheticdata generation for generic electro mechanical
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 | create machine 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 electramechanical components,
parameters, reatlata, limits

Output data / actions

.mat file including the faulty data generated

Summary descriptiog Main
success scenario

1. The user selects the Matlab model for the electro
mechanical component.

2. The system loads the model.

The user installs the virtual sensors.

4. The system generates data including faulty cases.

w
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5. The system saves the data in .mat file.

Extensions, exceptions,
variations

None

Possible generalisation of use
case

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

Use case analysigelated to
which Digital Twin pipeline
steps

This use caskasbeen supported through the following Digital
Twin pipeline steps: Hybrid/Cognitive Digital Twin Generatior

Tablel4: Use Case NOKSHEG7

Use Case Template Description
Use Case Name Industrial Big Data Acquisition
Use Case ID NOKSEUG7

User story expression of use
case

As a user, | want collect data from sensors and PLCs so that
acquired data set is used for condition monitoring.

Goal To collect machine and environment data
Measurable KPIs for the goal| Dataare collecing at the determined frequencies
(if any)

Actors and stakeholders
involved

Maintenance operator, loPlatform

Input data

Sensor data, and data from the PLC (alarm and status data) |
for condition monitoring

Output data / actions

Quiality data that is cleaned, scaled, filled in, analyzed,
normalized, and preprocessed and get ready to beduse

Summary description Main
success scenario

1. Datasources are mapped
2. Data s transferred

Extensions, exceptions,
variations

None

Possible generalisation of use
case

The use case can be included in condition monitoring and ML
training

Use case analysigrelated to
which Digital Twin pipeline

steps

This use caskas beersupported through the following Digital
Twin pipeline steps: Digital Twin Data Acquisition

Tablel5:Use Case NOKSEGS

Use Case Template

Description

Use Case Name

Preventive Maintenance
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Use Case ID

NOKSEUGS8

Userstory expression of use
case

As a Maintenance Manager, | want the system to be able tg
control welding cell temperature so that the system acts
proactively and eliminates humain-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
involved

Actor: TIA CONTROL
Stakeholders: Maintenance operators, Maintenance manag
Air Conditioner in the Welding Cell

Input data

Indoor environment, Welding Machine Generators
temperatures, and Welding Machine Generators current val

Output data / actions

The command to manipulate air conditioner in the welding d

Summary descriptiog Main
success scenario

1. For each welding machine generators current (volta
are measured. If any of these values is greater than
amper, air conditioners are turned on.

Temperature in the welding cell and welding machin
generator are measured. If for more than one hour
welding cell temperature is in between 2B Celsius
or if environment temperature is less than 20 Celsiu
then, the air conditioner status is set to ofos

Extensions, exceptions,
variations

The cause of machine breakdown may stem from a reason
is not associated with welding wire cut

Possible generalisation of ug
case

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

Use case analysigelated to
which Digital Twin pipeline
steps

This use case has been supported through the following Dig
Twin pipeline steps (Delete if not related): Digital Twin
Acquisition, Digital Twin Representation, Digital Twin Hybrig
Analytics Models, Digital Twin Visualisation and Control

Current challenges

Table 16 - Tablel19 collect the challenges for data handling, (hybrid) digital twins and visualization

& control in the NOKSEL pilot.
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Table 16: Pilot challenges for Digital Twin Data Acquisition/Collection for NOKSEL pilot

Sensors 1 Challenge The environment in which the sensors to be instal
is a harsh environment.

1 Requirement Multi sensor data will be collected for condition
monitoring in near real time.

1 Solution Special attention was given tboroughlydetermine

the sensor set and the locations of them to be implemented,

engineers, on site domain experts, the machine manufacture
and the academicians.

Challenge Provide necessary sensor data to monitor machin

Requirement Make use of suitable sensors, including vibrati

sensor and energy sensors for motors, in addition to pressur

and temperature sensors.

1 Solutiort Four new sensors have recently been installed,

includingAnalog vibration sensor on DC motor and Energy

analyzers.

Challenge There are two different PLCs to be used.

Requiremeny ¢ KS aSyaz2NJ RFGF TN

collected.

1 Solutiort Distributed sensor data is bundled, amploaded over
Profinet to an OPC gateway and MQTT broker. PN/PN coup
gl & FLIWLXASR (2 O2yySOG GKS

1 Challenge Low performance in data transfer from Kafka to
PostgreSQL.

1 Requirement Data shall be transferred at near real time.

9 Solution Thebridge written in Java was written in Phyton.

= =4

Communication

= =4

Tablel7:Pilot challenges for Digital Twin Representation for NOKSEL pilot

Cloud platform f Challengey 54 t2aasSa RdzS (2 h
turned off by the operators.

1 Requirement OPC server shall be up and running with high
availability

1 Solution: OPC server is moved to virtual servers that are on {

same network of the PLC.

Challenge Bottlenecks in Apache Kafka

Requirement Data shall batored permanently, and there

should not be bottlenecks in Apache Kafka

f SolutionY YFEFLFEQa G2LAOAT LI NI
configuration were rearranged. PostgreSQL and Cassandra
0SSy dzaSR (23SGKSNJlFa YIFF{l

Data Lake, storage

=a =
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Digital Twing Data 1 Challenge Store data in database in a way to fulfill the storg
driven and analysis requirements.
representation 1 Requirement Data shall be stored in databases and be usec
analytics and real time monitoring.
9 Solution Cassandra tables were rearranged to store
componentbased data petable.
Real time event 1 ChallengeNone
handling, CEP 1 Requirement None
1 Solution None
CyberSecurity 1 ChallengeSecurity
1 Requirement:Data should be accessed by authorized and
authenticated users, data should be coded.
9 Solution: Authentication and authorization was performed. D4

encryption via coding was done.

Tablel8:Pilot challenges for Digital Hybrid and Cognitive Digital Twin Generation for NOKSEL pilot

Analytics Models

= =

ChallengeData cleaning and labelling
Requirement:Pre-processing for ML/DL for predictive
maintenance

Solution:Industrial Big Data Processing implementation
ChallengeThe number ofeatures is high
Requirement:Efficient ML models generation
Solution:PCA on data

ChallengeDifficulty in analysis due to high volume of data
Requirement:Efficiency and performance
Solution:Pandas Profiling is used

Physical Models

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

Machine Learning

=4 (=8 =8 0|8 =8 -8 -8 -8 -89

=a =

Challenge Algorithms did not learn very well on the collected
data set

Requirement Quality ML models trained

Solution A thoroughanalysis was conducted and feature
selection is applied

Challenge Missing data

Requirement ML/DL model training for predictive maintenan
Solution Synthetic data generation and data balanced samp
Challenge Low quality data

Requirement ML/DL model training at high correctness
Solution Under sampling applied on to the data

Cognitive Digital
Twins

=A (=2 =4 =8 -8 -8 -9

Challenge Ensure that the predictive maintenance also takes
into account operators domain knowledge and experiences
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1 Requirement Combine the Digital Twin based
recommendations with the inclusion of operators domain
knowledge for self learning and being proactive

9 Solution Extracthe tacit knowledge from experts adasis for

developing the cognition. Partially by applying unusuality

detection on past data

Challenge Fast query of semantics (ontology)

Requirement Ontology should be queried fast and stored

Solution Ontology model development and storage in a

relational database using Protege and On2RDB respectively,

= =4 =

Tablel9:Pilot challenges for Digital Twin Visualisation and Control for NOKSEL pilot

2D/3D visualisation Challenge Slowness in big data visualization

Requirement Latency < 200ms

Solution View creations for zoom in and zoom outs

Challenge Custom 3D visualizations

Requirement none

Solution User preferred visual elements adjustments (i.e.

colour, light, etc.)

Control 1 Challenge Controlling ambientemperature of the welding
room which is a closed environment

1 Requirement To act proactively and prevent machine failureg
due to increased temperature in the welding room

1 Solutiont A control panel has been designed, developed by
TEKNOPAR and installed at NOKSEL site to control air
conditioners in the welding cell

= =4 =8 -4 -4 -9

Pilot specific aim

The objectives of the NOKSEL case on the SWP machinery are threefold:tilereaindition
monitoring, 2) predictive maintenance, and 3) digital twin generatiime aim of the pilot case is

to improve the predictive maintenance capabilities and thus increase the total equipment usage
performance by analysing operational and automation data received from different sensors with
digital twin supported condition moriring platform to be developed in serial production of steel

pipes.

Steel pipe sector is a sector where operation run on 24/7 basis. The cost of machines breakdown is
very high. Due to the mulstep nature of the procesdigure52) if a section stops due to a
malfunction, the entire production is stopped. An efficient Predictive Maintenance approach has
the potential to increase the machine uptime. Hereby, equipment availability, performance and
quality have been increased. It also supports reduction in maintenance times, maintenance and
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operational costs and operator risks. Flexibility, agility, profitability and competitive advantage in
productionhas beerprovided.

Innovation
The main innovation ithe developmenbf a Digital Twin for the SWP in steel pipe production. The
digital twin collect and analyseY dzf ( A LX S & 3efKirgeNiideOnatifelaGrhart doyfdition
monitoring system for predictive maintenance. Reale data acquisition, communication
networks for monitoring, and automated recommendation generation are among the key
innovative features of this pilot.

Digital Twins can serve as the basis for advanced analytics and Al applidsdicarsced analytics

and Al applications can be part of a Digital Twin, making it an intelligent artbsg¢diined entity.
Abburu et.al. defines three types of digital twins: 1) digital twins, 2) hybrid digital twins, and 3)
cognitive digital twins. A hybritivin is a digital twin, and a cognitive twin is a hylmdn ( Figure

51). A digital twin is a physical replica of a physical system. A hybrid twin using different set of data
(such as sensor data, databases, simulators, etc.), contains a set of interconnected models, where
a cognitive twin is proactive and learn by itself. Th® 2 3y A G A @S St SYSydig Ay
introduced by learning from historical process data and events to predict unwanted events in the
operation before these events happéalbayrak and Unal, 2021).

Digital Twin

Physical
System

Data Sources T

Figure51:Hybrid andCognitive Digital Twins are both Digital Twins (Albayrak and Unal, 2021)

Smart components that use sensors to gather data abouttreed status, working condition, or
position were connected to a clotlthsed system that receives and processes all the data the
sensors monitor. This input has been analysed against businesgterccontextual data through
smart visualization systems. The digital twin model allows joining physical and virtual worlds to
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create a new networked layer in which intelligent objects interact with each other to virtualize the
steel pipe manufacturing process on the SWP machinery.

loT platform and architecture in use
Currently the SWP Machinerybgingtrackedd @ b h . T {a Dglghidbés8dyspedial software
ONBIFGSR o6& bhY{9[] FIYR YIOKAYSNE I R2dzanstM&y G a | NB
software. NOBIS is also integrated wiitle SARSystem.

The digitalisation architecture is closely related to the processes of the SWP machine. At NOKSEL,
involvedcomponentsare; coil feeding station, pinch roll, skelp leveller, skelp and welding station,
edge milling machine, main drive unit, forming station, internal welding and external welding
Figure52 displaysthe current processes of SWP realized by the SWP machine components at
NOKSEL

@ - Q- O~ Wty =l 2.

Ungeocessed Steel Sheet Coll Feeding Station Pinch Roll Skelp Leveler Skelp and Welding Station Edge Milling Machine

= N X
@ @ — ann — ¢ — (o — ~lpm

Length Cutting Online Ultrasonic Test Station External Welding Intersal Welding Forming Staticn Main Drive Unit

Product

Figure52: Stepsin the SWHRrocess aNOKSEL.

¢KS SEA&GAY T I NOKAGSOGdzNB | S atctiteciure anQthe platinéd2 & F I OA
future architecture is referred as TBE architecturel-igure53 presents the A$S architecturahat

was valid in the beginning of the project. The-BD architecture has be@ompleted in 2022 2022

gKSY (GKS [/ 23yAGAGBS 5 kadd had heendcdmiplyted 2 CAGAMWINE Qa  dza S
project.

Thethree-tier architecture pattern comprises the edge, platform and enterprise tier that handles
the data and control flows. In the developed platform, the edge tier collects data from the edge
nodes within industrial automation system. The platform tier iiges, processes and forwards
control commands from the enterprise tier to the edge tier. The enterprise tier has despaiific
applications.
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EDGE TIER PLATFORM TIER ENTERPRISE TIER

Control Domain Information Domain
PN/PN Coupler

Figure53: ASIS: Existing Architecture at NOK8Ethe beginning of th€€ OGNITWINroject
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SWP is associated panels and is composed of different SWP units. On these units, there are limit
sensors located. These sensors are displayed on the existing panels, which are MCC, distribution
panel, forming input panel and power panel. In a UML claggalia, Figure54 presents aop-level

generic architecture of the SWP at NOKSEL from a static point of view.

Currently, there is anoll platform where the machine is monitored with SCADA systems on the
shop floor. Thenitial existingsets of sensors aromposed of limisensors:

1 Direction limit sensors of carrier cars (forward and backward limits)

1 Right/Left roll handler limit sensors (in out limits)

1 Pre delivery up location limit sensors

1 DPZIDPS5 limitsensor list
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Note: We have the complete list of existing sensors and their specifications at NOKSEL. We do NOT
present the list and sensor specs in this document for confidentiality reasons.

At NOKSEL, three types of motors (AC, DC and servo motors)Feyise$5). The motors are
associated with the drivers that are specific to the associated motors.

Motor Diriver
Extends Extends Extends
System System System
DC Motor Servo Motor AC Motor

Figureb5: Engine Types at NOKSEL

Panels at NOKSEL are classified into two main groups; Distribution panels and Operator panels.
CKSNE INB FTADS RAAGNAOdzGAZ2Y Efugsst a G bhY{9[ Qa

[

SData
terminal Distribution Panel .
- Module
PLCAddress Input:SData
Description Output:SData
Extends Extends 1.n
Sensaor
Extends Extends
DP1 DP4
Extends
DP2 DP5
DP3
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Figure56: Existing Digitalization at NOKSEL: Distribution Panels

COGNITWIN

Each distribution panel (DP) is associated to sensors and switches via madible20 displays

48y a2 NA

0KS 5t Qa8 FYR GKSANI aa20AFrGSR GeLlSa 27
Panel Type of System Sensor/Switc| Number ofSensor/Switch
DP1 Proximity End. Sensor 19
DP1 Pressure Switch 4
DP2 Proximity End. Sensor 15
DP2 Pressure Switch 1
DP3 Proximity End. Sensor 15
DP3 Laser Photosensor 6
DP5 Proximity Sensor 9

Table 20: ASIS: Existing Digitalisation at NOKSEL: System Sensor/Switches and Distribution Panels

At NOKSEL, there are ten operator panels, each of which is associated to different units of SWP. The
units that are associated with the existing sensors are listdabie2l.

Name Unit Number of Modules | Number of
Buttons/Keys
OP1 Coil Feeding Station | 2 48
oP2 Pinch Roll 3 64
OP3 Skelp Leveller 3 66
OP4 Edge Milling Machine | 2 48
OP56 Main  Drive  Unit,| 4 80
Forming, Internal
Welding
OP7 Length Cutting 2 48
OP9K Forming by Internal 4 36
Welding and Externg
Welding
OP10K Internal Welding, 3 56
External Welding
MOP Main Operator Panel | 4 96
KMOP Welding Main Panel |5 80

Table21: ASIS: Existing Digitalisation at NOKSBperator Panels.

Database and Datasets for Digital Twin Pilot - Noksel
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also been utilizedThe 10T system components and tools used are given in detail in template tables

filled for D4.1. Brieflycurrent 0T system has its components like PLC hardware and software,
analogue/ digital modules, communication modules and SCADA system installed in the production

plant. Establishing the necessary infrastructure to communicate with the intermediate modul

software (OPC server) and stremg from PLC to cloud through sensor network are under
development

A fully asynchronous communication structure with the evbns method is used for the
transmission of data collected from the source with OPC. Data transmission is provided in the JSON
format. In the architecture managed on the basis of Microservice,aDdsa is used as the NoSQL
database with a database presented as a log file to users.

Cassandra is a database that provides continuous availability, high performance, and scalability.
PostgreSQL, a relational database (RDBMS), is used by the interface program that provides user
interaction to display time series data in real time.

Dataset stored in the databases include sensor data collected from the installed sensors, and alarm
and status data that are retrieved from the PLCs via OPC. Id, time and value fields are stored in the
database. A total of 120 sensor values are monitorediiee SWP machine to capture data on
temperature, vibration, pressure, current, oil temperature and contamination. A value is taken
every 10 milliseconds from the vibration sensors, once every 100 milliseconds from the current
sensors, and every 1000 ns#iconds from the temperature and pressure sensors plus alarm and
status fields. SWP machinery has a total of 120 sensor values, 122 alarm and 175 status data which
create 11 GB of incoming data in one day (in 24 hours).

Description of Data available
Current tracking system provides downtimes periods and types, total working durations, effective
working durations, number of produced pipes, meters of produced pipes, weight of produced pipes,

which pipe produced of which labelled raw material which shows the quality of raw material.

Only daily electrical consumptions have been started to be recorded since November 2019. Before
then, electrical consumptionsave beerrecorded monthly in 2019.

Starting end of 2020, data from the new sensors installed, and from the added PLC were started to
be collected. Sensor data, alarm, status and production process data were acdugestom ERP
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Al related calculations

Since 2022 wWithlCOGNITWININRE 2 S O0G Ay bhY{9[ Q& dzaS Ol 4aST ¢KS |
Ta]l SYRSNHzy 7 |-tk afadram POGsfnfor§ han 425 Bdork, and uses the acquired

data together with alarm and status data of the Spiral Welding Machine (SWP) usedlipigtee
manufacturing. Our maintenance operators are now able to visualize multisensory data on specially
RSAA3IYSR RIFIaAKo2I NRa (G2 FdZ FAf DbhY{9[ Qa NXI dzA NBY!
previously developed SCADA and cohslystems.

The demonstrator below ifrigure57 shows how stream data collected real time can be used
together with the artificial intelligence models to monitor the process, to determine anomalies in
advance, and to predict machine breakdowns early enough to take precautions.

.

>
-

Figure57:Cognitive Digital Twin System Control for Monitoring

A Digital Platform for Digital Twin Pilot - Noksel

Noksel Digital Platform z Overall architecture
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Digital Twin
Data Acquisition/Collection

Digital Twin

Representation Control

1‘ Digital Twin Digital Twin
Hybrid (Cognitive) Visualisation and

| Analytics Models

L )

Data
Storage/Preparation

Analytics/al/ Action/Interaction,
Machine Learning Visualisation/Access

/

Figure58: Updated Topology Aligned with Pipeline Architecture for Noksel(Pioial, Albayrak, Jomaa, & Berre, 2021)

Data Acquisition/Collection

Acquisition/Collection Representation

Digital Twin Generation Visualisation and Control

Digital Twin Data Digital Twin ‘ Hybrid/ Cognitive Digital Twin

% T | R Gl e

N

TIA SENSOR @ TIA STREAM 5| TIA MONITORING TIA DASHBOARD
e ymTa | ¢ T
TIA CONTROL @ 1A DATA-GEN

2 @ TIA STATISTICS |

e TIA METRICS

(m TIA OEE

&) I
h

TIA MODEL

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

Figure59:Pipeline Architecture for Noksel Pilot mapped to TIA PLATFORM tools

Depl Edge On- Cloud HPC Mobile, Browsers I

The fourtier architecture pattern that handles the data and control flows. In the developed
platform, the first tier collects data from the edge nodes within industrial automation system.
Second tier is performed DT representation. Third tier is relavedT Hybrid (Cognitive) Analytics
Models. Fourth tier is associated with DT visualisation and control. Th¢idoarchitecture of the
developed platform is given fRigure58,Figureb9.

The architecture can also be presented in the followkigure60 as aligned with BDVA reference
architecture.
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Data Visualisation and User Interaction

SOLIDWORKS PHP JavaScript Grafana

Data Analytics

v 1534
Apnoss sql

Python MATLAB Spark Keras Scikit-leam

Data Processing Architectures

SIMATIC Spark Streaming StreamPipes

Bl

Data Protection

Encryption Tokenization Access Control

Data Management

LlOw

Cassandra PostGreSQL AAS
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Cloud and High Performance Computing (HPC)

Docker

2d0

Things/Assets, Sensors and Actuators (Edge, ToT, CPS)

PLC SCADA HMI CODESYS

Figure60:NOKSEL Pilot architecture presented as aligned to BDVA reference architecture

Open Platform Communications (OPC is the interoperability standard for the exchange of data in
the industrial automation among devices from multiple suppliers. The OPC Unified Architecture
refers to the serviceriented architecture.KEPServerEx is an OPC server that serves as a
connectivity platform with device drivers, client drivers, and advanced -iplsigto fit the
communication requirements of the industrial control systems. The loT Gateway isia jpousjlow

data from PLCs another devices to be delivered to thighrty nodes and clients via HTTP and
MQTT protocols. MQTT Broker transports data between the Edge gateway and other nodes in the
platform.

Eclipse Mosquitto is ampensourcebroker that implements the MQTT protocol to carry out
messages using a publish/subscribe model.

Kafka is an opesource distributed event streaming platform used for building data pipelines, data
integration, streaming analytics, and scalable processing applications. Initially developed as a
distributed messaging queue, Kafka is based on distribatedmit logs which hold the ordered
sequence of events. Kafka can read, write and process streams of events in a vast array of
programming languages and has interfaces to connect to numerous event sources and sinks. Kafka
is highly scalable and supports dadersistency. It provides high throughput and low latency. Many
commonly used programming languages are supported by Kafka.
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Apache ZooKeeper is used for the management of consensus between producers and consumers
and for synchronization purposes. Zookeeper coordinates the Kafka system for the cluster integrity,
broker statusand coupling of producers and consumers. ZooKeeper also manages the failure and
use of replications, and the authorization process and access control lists are stored in this service.

Cassandra is a NoSQL database that provides continuous availability, high performance, and
scalability. Due to its high scalability, Cassandra can hold petabytes of data and perform thousands
of transactions in a very short timApache Spark supports batch processing and stream processing
by micrebatching as an imemory batch data processing platfornspark offers increased
performance with its irmemory processing. Grafana is an ogseurce, general purpose dashboard

and graph composer, which runs aseb application. It retrieves data from multiple different data
sources and has ready visualization elements to display data. Grafana can easily be integrated with
many services such as to send alarms and notifications as SMS, or as message etc. SGLEHDWORK
used for 3D visualization for the Digital Twin.

Benefits of reuse, interoperability, and flexibility are gained by using micro services.

Micro services are supported by Docker. Docker is a packaging and deployment methodology in
order to easily manage the variety of the underlying hardware resources efficiently. Docker Swarm
is used for clustering and scheduling in Docker containers bplestaeng and managing a cluster of
Docker nodes as a single virtual system. Docker Compose helps create a stack of multiple
simultaneous running Docker containers.

SIMATIC and Kafka are used in the Data Processing Architecture layer. In the Data Analytics layer
the components are developed by using Python, MATLAB, and Spark.HTML, JavaScript, Grafana

and SOLIDWORKS are used in the Data Visualisation and User Interaction Layer. Cyber security and
Trustare supported bythe IDS Security component.

Noksel Digital Platform z Data Acquisition z including sensors
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Figure61: Pipeline Architecture for Noksel Pilot: DT Daigu#sition/Collectior( (Unal, Albayrak, Jomaa, & Berre, 2021)

Figure62 Figure62 shows the hardware topology of the current system. With deselopeddigital
twin-supported condition monitoring platform d, an infrastructure that aims to analyze the
operational and automation data received from sensors and PLC/SCADA used for PM, wkich help
to increase the overall equipment performance.
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Figure62: Existing hardware topology

=]

Communication between these two topologies is provided with the industrial communication
protocol PROFINET, and the two structuwesmmunicate with each other. Data required from the
existing structure obtainetly usingthe existing controllerFigure63 presents the added hardware

topology.
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Figure63: Added hardware topology

The former PLC model used for process contighs S7 300. The operation details of the
components, status information, process information, such as speed and power, production details,
and system alarms are kept on this PLC while the newly added sensor data andaatlonated

in the S7 1500 PLC. The existing PLC dasaransferred to the S7 1500 PLC through the PN/PN
Coupler module, allowing all data tracking to be carried out over the new PLC.

The PN/PN Coupler module provides the simqaanection of two separate PROFINET networks.

The PN/PN Coupler enables data transmission between two PROFINET controllers. The output data
from one network becomes the input data of the other. For data transfer, additional function blocks
are not requiredand the transfer is realized without latency. In order for the new sensors added to
the system not to affect the existing process, a new PLC is employed and the controls are
implemented over it. The communication structure between the PLCs is desigmgdthsiPN/PN
Coupler module as shown Figure64.

10 Controler 10 Davice PNPN 10 Davice = 10 Controller
3 S HAM < PGPC <
S7.30 ET 2008 Cougler ET 200M S7 - 1500

=% = - | — = ==

"y e g
KS2, dz:‘— \'fx,-‘_
e —

Switch B Swich E Switch
B PROFINEY/ industrial Etheenat ‘j

Figure64: Coupling of the PROFINET subnets with the PN/PN Coupler

PLC transmits thdata it receives from the sensors to OPC, which then transfers the data to the

platform via MQTT. The received data is transmitted to Kafka, which passes it on to the Cassandra
and PostgeSQL databases to be stored for further processing or later access. The data are stored
in the Cassandra database with three columns: id, time, and value. The id column shows the
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component to which the data belong. The JSON format streams of the data transferred to the
Cassandra database are presented to users as a log file.

A fully asynchronous communication structure with the evbns method is used for the
transmission of data collected from the source with OPC. Data transmission is provided in the JSON
format. In the architecture managed on the basis of Microservice,aBdsa is used as the NoSQL
database, and PostgreSQL, a relational database (RDBMS), is used by the interface program that
provides user interaction.

SENSORS

Table22:Sensor List

IFM HYDAC PHOENIX Contaq SIEMENS
Temperature and Temperature, Pressure and | Current sensor | Energy Analyser
Vibration sensor Contamination sensor

While selecting sensors for NOKSEL steel pipe production plant phgsitsttaints of the
SY@ANRYYSyYy(l |yR (KS LAt 200a Ndbthedendod Weseynstalleds SNBE (|
at the sensor places determined in the SWP machiadle22Table22:Sensor Lis). Regardless of

sensor type, the selected sensors have been preferred by TEKNOPAR experts because of our long

time experiences in automation, hydraulic and pneumatic systems. Moreover, manufacturers of

the motors, used in SWP machine, suggested theseosgns

IFM sensors provide convenience in harsh industrial environments where mounting on the engine

Ad OKIFIfftSy3aAay3aoe |, 5!/ Qa aSyazNrR KI@S 0SSy OKz2aSy
where mounting on the engine is difficult on the hydraulic améymatic systems that will affect

the manufacturing process. HYDAC's was specifically developed for OEM (Original Equipment
Manufacturer) applications. PHOENIX's sensors can be measured by placing sensors on the thick

cables that feed the motor to measutke current value of the high ampere consumed. Another

reason for this sensor selection is that the current value can be calculated thanks to the magnetic

field formed in the cable. SIEMENS's products have been generally chosen for our projects because

of their standards. That's why SIEMENS energy analyser has been used for measuring energy
consumption.

The selected products have product characteristics that can be made precise measurements at
the critical points desired to be followed on the machines.
CONTROL PANEL
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Acontrol panel, irFigure65, has been developed

for the air conditioner so that commands can be
sent according to the decision taken by the
system. This panel transforms the update
commands for the air conditioner status
determined by the system into a structure that
the air conditoner can understand and transmits
it to the air conditionerThe panel has been used
to control temperature at the welding cell at

Noksel.

The above control panel designed, implemented
and developed by TEKNOPAR for the Noksel
pilot has been installed on the closed room for
the welding machines, shown Figure66:

Figure65:Control panel developed for Noksel pilot

Figure66:Welding Machines in a Closed Room at Noksel

Noksel Digital Platform z Data storage/preparation
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Figure67: Pipeline Architecture for Noksel Pilot: DT Representéfidnal, Albayrak, Jomaa, & Berre, 2021)

Figure68:Pipeline Architecture for Noksel Pilot: DT Representation mapped to TIA RMAGIE@ents

The data obtained from the sensors, such as temperature, pressure and vibration, voltage, and
current are transmitted to MQTT over OPC, and then to Kafka in the JSON format. Apache Kafka is
a data streaming platform developed specifically to transmit-teaé data with a low error margin

and short latency. Kafka achieves superior success in systems with multiple data sources, such as
sensor data and reduces the intgystem load. It has an integration that can also process big data
coming from sensors opating at high frequenciesigure67 displays the pipeline architecture for
NOKSEL pilot Data Representation step.
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