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Introduction

B The fatigue strength of high strength steels depends on a multitude of parameters:
chemical composition, heat treatment, surface condition (hardness, roughness), specimen geometry,
load parameters (loading type, stress amplitude, R ratio etc) and microstructure (inclusion, pores...)

B Aim: Digital methods can enable a machine learning based prediction of fatigue strength
which complements or replaces material characterization experiments in the product design phase

and thus enable significant cost savings

ML based
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Overview of fatigue use case 4. Design of Experiments

astares for medel Lrabning: Worts Probusrond (W) [berwrivwt], 8-Verdd
Jaks, Selantunguact Asialbelsstung, Belsstungrart Blagung
Madel: oF e

hiective

1. Fatigue database — data collection fatigue of high strength steels | =iz :

Updates: T¢ws -

. Ontology and Dataspace — Semantic description of fatigue data e '

. Machine Learning — Python based ML on fatigue database g, .*\ '

HE B E B
w N

IS
3
&)

. DOE Tool - Design of Experiments for fatigue use case T W

»
- - =
i 3. Machine L i
1. Fatigue Database 2. Ontology & Dataspace . Machine Learning
Filtering Aodelin
100C6 13505 18 36 oy Steel type: Selected Input Variabies Coloring Atiribute Fiter Data
100Cr6. 1.3505 18 36 o ”e
100Cr6 13505 18 36 0 ms Heat-resistiing and stainless steels temperature @® steel groups (general)
s s o 0 : core hardness
T Target siress concentralion 1acloIcy evaluation method
woas 1305 18 36 o stress ratio R
s 14 2 36 4 m :
= dowecs 1w % 36 4 ™ v
L bows o 3 o1 0w Max. Temperane a
InCrS 17147 % 36 1 n
=l 20MaCrS 17147 1
o s 118 ! Max Kt o surface hardness < 518.903
g Mn mse = 4674:3.:4
= Max sig mean Mo value = 368.104
=]
_g w True False
5 C:0.330 e 520018 “siress concentration factor Kt < 107
5 Cr: 0.226 mse = 14657.031 mse = 37804.77
: CEV:0.120 smceran| oot | (L vaesgs1400
%, Ni: 0.091
Dot )+ oy ;
¥ Si: 0.055 mse = 10550.16 iEeR a0 0]
= Mo: 0.045 e o i value = 525535
‘:-’-. Cu: 0.032
Siay 5:0.011
M Al: 0.006 P<0014 Stress concentration factor Kt < 1.65
5 mse = 1789.038 mse = 13428 335
Hirte P: 0.006 samples = 20 samples = 32
PhysicalQuantity \V: 0.004 value = 190.15 value = 272 561
Co: 0.000

|

|——=

~ Fraunhofer = Fraunhofer = Fraunhofer

ITWM IAIS WM



Overview of fatigue use case

B 1. Fatigue database — data collection fatigue of high strength steels
B 2. Ontology and Dataspace — Semantic description of fatigue data
B 3. Machine Learning — Python based ML on fatigue database
® 4. DOE Tool - Design of Experiments for fatigue use case
UHRZEIT PROGRAMMPUNKT
10:00 Uhr Einfuhrung »Digital verfugbares Werkstoff- und Prozesswissen flr die
beschleunigte Produktentwicklung« 11:15 Uhr Live Demo der Nutzung von Machine Learning Analysen zur Vorhersage
der Ermud festigkeit hochfesten Stahl
Prof. Dr. Chris Eberl, Dr. Michael Luke Thema S EIMHAHNgSTEstgReart von nochiesten ~teien
3 Dr. Hans-Ulrich Kobialka, Dr. Sascha Fliegener, Johannes Rosenberger
10:10 Uhr Anwendungsbeispiel »Bewertung der Lebensdauer hochfester Stahle« im
Uberblick 11:45 Uhr Diskussion
DES oo 12:00 Uhr Lunch break
10:30 Uhr Live Demo der Nutzung von Datenraum-Werkzeugen (Ontologie, _ _ _ o
13:00 Uhr Live Demo der Nutzung von Design of Experiments fur die Planung von
Prozessgraph, Abfragen)
Thema Thema Lebensdauerversuchen (Treppenstufenverfahren)
Dr. Sascha Fliegener, José Dominguez, Dr. Joana Morgado, Johannes
1 ,2 Rosenberger 4 Dr. Gunar Ernis
11:00 Uhr Diskussion; alle 13:15 Uhr Diskussion
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Assembling a fatigue database from literature data and previous projects

ML tool: property predictions using the data set

M Ontology and knowledge graph

Use cases
(1) large fatigue database
(2) process & manufacturing history of

Knowledge graph, domain ontology, data mappin
Example: Query the heat treatment history (SPARQL)
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Fatigue Database
Assembling the database

Series property (fatigue strength)

B Fatigue data from different data sources Source1, Source2, Source3,
(literature, existing database collections, previous projects etc.) e : : :

*w
.

I :
Fatigue parameters: fatigue strength, slope SN curve, knee point o
1000 +

M Properties: chemical composition, hardness, specimen geometry

:
_ o £ soo} .
(stress concentration factor), load parameters, surface condition (e.g. &
roughness) etc. s T
. . . g 400 +
M Raw Experimental data (i.e. stress amplitude and number of cycles =
for each specimen of a test series) was evaluated in a standardized 00T
way with the software ,JuroJin” [1] to get the fatigue properties ot et
(SN curve) for each testing series Surface hardness [HV]

Final database version: 110 materials, 1100 testing series), 22 000 experiments

B Data curation, e.g. hardness / tensile strength conversion, derived roughness values, steel categories...

[1] https:/Avww.itwm . fraunhofer.de/de/abteilungen/mf/produkte-und-leistungen/jurojin.html —
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Fatigue Database
Final version of the database
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Fatigue strength [MPa]
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Surface hardness [HV]

600

110 materials
1100 testing series
22 000 experiments

Alloyed construction, engineering and pressure vessel steels
Roller bearing steels

Unalloyed construction, engineering and pressure vessel steels
Heat-resisting and stainless steels

Low-alloyed construction, engineering and pressure vessel steels
Other steels

Construction steels

Tool steels

Spring steels
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Fatigue Database
Data Analytics / Machine Learning

. L[] [ ] - . i . /\
B UseCase 1: ngdness pred'Cthn for Ubersicht: Einflu} der Legierungselemente auf
steels dle'pendmg on their chemical die Eigenschaften des Stahls e
CompOSItlon echanische Eigenschaften Mu’ncl.ELgcnsch. he
Validation of material science 'ﬁ']::"&* AN ;: AR AN NN B_‘ TEER]

- p ¢ | JEEHIE EIE B RE b H B BRI EE
knowledge with a ,real” database H 4 HEEHE BRI BB EHEE EHE =
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Mo ober 14101t~ ~Jt]=Ls | [~Tult o ~1~1-
Aim: Establish confidence in the MngeeemCT oIl T4 i)~ [ == =18 | T=T-Tmlwmlal=1- —
analysis method - il IR R R KR RE RN L2 R i L t
Ni gPe™ D[t l~1~~1-0t1s ] [-Tuls]oTeT]-T- t [ 1t
- + Inaustenit. N aan| aa |asal _ |» | o
B UseCase 2: Fatigue strength Ni_ginien | ¢ [B [ [tetltefeee] = tithos | P-T- Lonfu] - [t caiond
d.. fhh h I Al - “ |l b p]=]=]= =] =] = |44 |tE] - tt] tt
pre |Ct|0n Or Ig Strengt Stee S W . # ¢ { ! ~ | = |ttt U IS Y T I = 4] 444
industrial Al f \% It~ =ttt et -]t
ndustrial use case, influence o - G i=mE e T F ek
chemical elements, hardness, Mo r T e =t e | e s - '
roughness and other parameters 5“ N L AR o el 21 e :
P t t t v L] - = - - - + tt - - -
*Quelle: Vorlesung ,,I\/Ietallische Werkstoffe“, Ernst Erhéhung Erniedrigung  ~ gleichbleibend - nicht charakteristisch oder unbekannt ~ Mehrere Pfeile = verstirkte Wirkung
Fleischmann, Universitat Bayreuth Ernst Fleischmann, Metallische Werkstoffe 138 Metallische Halbzeuge
B= — -—
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Cr=118
mse = 22862.503
samples = 365
value = 439.248

Fatigue Database: Machine Learning
Hardness prediction

samples = 277
value = 385.154

C=0397
mse = 19222 939
samples = 88

Lowest
Hardness

value = 609.425

Exisiting material science knowledge

(effect of alloying elements on hardness) TR S =05
mse = 8748 748 mse = 10092 311
VS. samples = 238 samples = 39

Machine learning prediction L2 M=l T value = 498.347
(feature importance list)

Mn = 0.62
mse = 15028186
samples = 49
value = 529.527

,,_l__

mse=35852115 ) [ M E00% ) (mse=13204252") (‘mse=1810345) (mse=6171988 | (mse=13479.003
samples = 22 sam_les - 216 samples = 21 samples = 13 samples = 34 samples = 15
value = 530.512 valug - 340 05 value = 540.757 value = 443.869 value = 4754387 value = 652.017
Legierungs- / N\,
element o [ Wo=o0.185 Mn <07
G mse = 1454.911 mse = 3899.068
= samples = 154 samples = 62

Si N [ Cr- 6 471 l value = 335.981 value = 384 649 ) . )

M TPy T B Machine learning analysis based on
| ] -] 7 .

n austenit.| | . C <0415 " 5=0024

Mn B3 Ns 6 eee EEEN (D e oy e random forest regression
E . oo =57k 153 )| =50 Jf s =ir20nr ) sk =300t ) g A ranroduce well known correlations

Nj [nperlt s . s - - ~ .

Stiihlen

Ni gien |+ (llo: 6.631 : PR - from material science with real data to

Al - (in: 0.031 ) [22;;.223%5 [;”;;;;;“I-%‘S} mee=2021533 | (11260 0T verify the analysis procedure

W 4 M: &.823 value = 319 5 value = 329 84 value = 341 711 value = 329 7

v to 2000 ' B Here: influence of different alloying

o ’ o c=038 oe — 683,458 elements on hardness
| M s F: ©.863 mse = 2322 777 samples = 19

Cir : V: 0.002 SRl aag | | value = 34894
| Co: ©.00e

S

P t (mse = 4030.513} [mse = 504.436 ]

samples = 40 samples = 40
from [1] value = 343198 value = 336.792
[1] Quelle: Vorlesung , Metallische Werkstoffe”, Ernst Fleischmann, Universitat Bayreuth % FraunhOfer z Fraunhofer % Fraunhofer
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Fatigue Database: Machine Learning
ML Tool - Overview

Filtering Maodelling Applying the Model
Steel type: Selected Input Variables Coloring Attribute: H-Axis: Filter Data
Heat-resisting and stainless steels & surface hardness (®) steel groups (general) () steel groups (general)
Low-alloyed construction, engineering and press O surface hardness @ surface hardness
Other steels roughness Rz () roughness Rz () roughness Rz
B temperature () temperature () temperature
Tool steels v () stress concentration factor Kt () stress concentration factor Kt
stress concentration factor Kt () stress ratio R () stress ratio R
Target: . ) loading type O loading type
stress ratio R ) i
() fatigue strength () fatigue strength

fatigue strength A4

loading type
Max, Temperature:

Al
500
C
Min. hardness:
Co
100
Cr
Max. hardness:
Cu
1000
Min
Ilax. Kt
Mo
4.0
i
Max. Rz:
N
100
p
Min. Fat.:
5
100
Si
Max, Fat.
v
1000
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Fatigue Database: Machine Learning
ML Tool — Training and Cross Validation

800

700

600

500

prediction

400
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1
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200 400 600

fatigue strength

R2 score on training data is @.698427498657641
R2 score on log training data is @.7337726117332948

steel groups (general)
Low-alloyed construction, engineering and pressure vessel steels
Heat-resisting and stainless steels
Alloyed construction, engineering and pressure vessel steels
Roller bearing steels
Tool steels
Unalloyed construction, engineering and pressure vessel steels
Construction steels
Spring steels

surface hardness = 175.013
squared_error = 3386.961
samples = 42
value = 253.896

800 1000

— !

surface hardness = 205.753
squared_error = 2735.86
samples = 22
value = 286.583

surface hardness = 153.714
squared_error = 1635.17
samples = 20
value = 217.941

Feature importance

surface hardness: 8.573
stress concentration factor Kt: @.222
stress ratioc R: 8.853
Cu: @.835

5: @.8z22

torsion: @.822

Mn: @.az2a

roughness Rz: @.889

Si: @.8a80

Ni: &.886

rotating bending: @.885
Cr: @.aad4

C: @.ee4

Mo: @.aed

Wi o8.e8d

P o@.eaz

temperature: 8.881

Al: a.861
tension/compression: .81
bending: @.881

N: @.eal

superposition: @.e88
Cao: @.owe

surface hardness = 228 156
squared_error = 15366.99
samples = 249
value = 399.819

torsion = 0.5
squared_error = 12600.739
samples = 207
value = 429,426

Cu=0.01 Mo <0.197
squared_error = 11868.072 squared_error = 3485.53
samples = 173 samples = 34
value = 449.787 value = 325.822

I )

samples = 10
value = 215.097

samples = 11
value = 269 256

samples = 10
value = 220.786

[squaredierror:1543.998 J [squaredferrorzﬁm.ﬁ? j [squaredferror:3088.133 J [squaredferror:1783.1?4

samples = 11
value = 303.909

squared_error = 135678.219 squared_error = 8045.453 squared_error = 3630.372
samples = 36 samples = 137 samples = 15
value = 348 962 value = 476.282 value = 292 356
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Fatigue Database: Machine Learning

ML Tool - Applying the Model

Filtering

Modelling

Initial Setting of Input Variables

100Cre

Initial Series Selection

TWM_26
Input Variables
surface har...
roughness Rz

temperature
stress conc..,

stress ratio R

loading type

Al

C

Co

Cr

Cu

tension/compression

Applying the Model

765.00

1.60

18.00

1.00

-1.00

0.00

0.95

0.00

1.44

o.a7

0.37

0.02

Model Prediction

Prediction for Target:

fatigue strength
Input wvalues:

tension/compression

surface hardness 765 .8088
roughness Rz 1.68680
temperature 18. aaaa
stress concentration factor Kt 1.6080
stress ratic R -1.8888
Al @.aa2s
C @8.9588
Co @ . aaaa
Cr 1.4488
Cu a.aivle
Mn a.371a
Mo a.alse
Ni @ . eaaa
N a.a888
P a.alsae
5 a.aa8v7e
5i a.3a9e
W a.a888
bending @.00600
rotating bending 9.6060
superposition @.00600
a.
a.

torsion
dtype: floate4
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Ontology and Knowledge Graph
Motivation

Why use Knowledge Graphs?

Decision Support

et N [ B R o
.....................................

"Wﬁ;&‘?" -

ConLr;icetlion ”"»”\’"‘ [ |

/)/‘V‘\( .

S

= 3

Situation before the use of Knowledge Graphs

Decision Support

APPS and UI Simulation 1 Simulation 2 System
Data Usage o
Level - 0
——

‘ K ____________________________________________________________________________________________________

Enrich Data by relations

Integration of
Data Sources
Interoperability

Data-Driven

-
".l I.-‘/ Restrictions
\ J"I
AN .
IIII \\--w
Mech: = Composition
Characteristics

S

Data Source @ -:3 E’ :_h
Level

Various Databases Microscopical Test data Standards and
data documents

Situation after the use of Knowledge Graphs

Semantic
Level
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M Fatigue ,vocabulary” defined

Ontology and Knowledge Graph
Use Case 1: Large Fatigue Database

‘ SymbolicComposition ‘

in EMMO Mechanical Testing [1]

B Knowledge graph describing

steel nomenclature

specimen types

fatigue testing:

loading parameters

resulting SN curve

heat treatment

M Properties attached to
series or specimen object

Q

4
&
FatigueTestResult ‘/

5,
G;,@
2,

{ J P
<
<

StressRatio
%5

K3
hasSpatialPart
&

TensileStrength

o

V"

eee
Symbolic

fpatialPart

%
=)
L
£

asSign —m SeriesID \

EngineeredMaterial |
'Y

Mechanical-testing

— A —

Specimen

NotchedSpecimen

SteelNomenclarure ]

AlloyedSteel
_StainlessSteels

SheetForming
HeatTratment

Juedpiuedsed

StressConcentrationFactmj

PhysicalQuantity

[ Fat!gueTesting] [ MetalWorking }

Measurement
Y

'

eee Manufacturing

Process

[1] Elemental Multiperspective Material Ontology (EMMO)
Mechanical Testing Domain Ontology: https:/github.com/emmo-repo/domain-mechanical-testing

\

~ Fraunhofer ZZ Fraunhofer

—

ITWM

\

~ Fraunhofer

1AIS IWM



Ontology and Knowledge Graph
Use Case 2: Process / manufacturing history of 100Cr6

W Draft of a process graph (specifically for 100Cr6)

B Modular approach: Combination of top-level (e.g. , hardening”) and
subprocesses (e.g. ,,martensitic hardening”) for each material variant

B Implementation in EMMO Domain ontology module ,Mechanical Testing” [1]

process steps

parameters / numerical values

Mechanical Testing Domain Ontology: https:/github.com/emmo-repo/domain-mechanical-testing

~ Fraunhofer

ITWM

_—
~ Fraunhofer

metallurgy | ss==pp | hardening === | Mmachining — | {eStiNG | e— fractography
\ \ - / \ - RN
deoxidation mhz:geer:i;[g turning I fatigue defec\t type
strength
/ / / v \ g
chem. comp. — size
before temperature \ \ roughness polishing failure
. . \ mode
chem. comp. quenching temperature position
after / roughness
quenching medium time
[1] Elemental Multiperspective Material Ontology (EMMO) — —
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process steps

Ontology and Knowledge Graph
Use Case 2: Process / manufacturing history of 100Cr6

material state

parameters / numerical values

M Sequence of processes is modelled with , hasTemporalNext” relations
B Different material states after each subprocess

W Specific properties attached to differnt material states

hasTemporalNext hasTemporalNext hasTemporaINext hasTemporalNext
metallurgy === | hardening machining testing | === | fractography
| \&@Aut Wr
IsingutFor tput putFor  hasQutput outFor
material
base after specimen specimen
material hardening after testing
/hasProperty /hasProperty /hasProperty /hasProperty
chem. composition hardness roughness fatigue strength

\
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Ontology and Knowledge Graph
Use Case 2: Process / manufacturing history of 100Cr6

B 100Cr6 dataset
In total 10 series of 100Cr6 data (last review meeting Feb 2022: 1 variant)

E.g. data from Burkart 2017 [1]: 100Cr6 material from 4 different processing routes:
A — standard processing route (Al for deoxidization)

B — deoxidized by silicon, high oxidic cleanliness

C —ingot casting with highly improved isotropic properties
D — vacuum melting / remelting (VIM-VAR)

700 9% e e eoe e
g 6501 wt DAAK % SohA A kdbk A
= A AA AAA y W%
Variant . mass % ppm g 600 HOL 00 66 SBe o A oA e
C Cr Si Mn Cu Al S P O N 2 e L e e aam
A 0.95 1.33 0.24 0.41 0.10 | 0.010 | 0.005 | 0.013 4 77 § 550 * * @00 |
B 0.95 1.43 0.35 0.33 0.07 | 0.003 | 0.006 | 0.011 5 83 o ° LA IR
C 0.94 1.50 0.29 0.26 0.04 | 0.027 | 0.001 | 0.003 2 67 ® . 4 *o
D 1.00 1.49 0.29 0.33 0.06 | 0.022 | 0.002 | 0.020 2 28 500 o ¢ 0 ®» -
[ ] o 4
Table 1 Chemical composition of the four steel heats from [1] o e o e o '
Load cycles N from [1 ]
Fig. 1: Failed specimens at stress ratio R = 0 differentiated according to surface and
volume failure
[1] Burkart K et al, Evaluation of multiple-flaw failure of bearing steel 52100 in the VHCF regime = — -—

~ Fraunhofer ZZ Fraunhofer
ITWM I1AIS
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Ontology and Knowledge Graph
Workflow: process graph modeling and mapping of data

o
KnowledgeBase | ‘s - Excel process template 01 il camiliing &
Builder 5 KDBYExcel with triples and ,, user Stim ot e 4. Import
: xce - )
Process schema for variables” prepared to ontology with the Graph database
single process o il oy use(rj Uit structure given in the
(KDB file) process metaqata orocess schema
5. SPARQL
Graph Designer tool: gdtool.py queries

also available as online apps

1. OWL2KDB = T
Define accepted Ez | Knowledge
vocabulary and - extraktion
graph logic shls ) - SPARQL
Z Fraunhofls'l;

|
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https://inforapid.org/webapp/login.php

=7 Rotate Edit = Browse -Q Diagram 3D Table
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.*' KnowledgeBase
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https://inforapid.org/webapp/login.php

Temperature (°C)

Ontology and Knowledge Graph

Example: Query the heat treatment history (SPARQL)

B Querying the heat treatment temperatures along the process chain with SPARQL

Variant: = Variant Schumacher (IWT Schu v Process:  http://emmo.infofemmo/domai v

Heat treatments

800 - Austenitising: air
Annealing: air
600 -
400 A
o - ——
200 - Tempering: salt bath empering: air

0 100 200 300 400 500
Time (min)

B See presentation of J.M. Dominguez

query = f"un
SELECT ?top_process ?top_process_label Pprocess ?process_label ?process_type ?parent_process fpredecess

# Specific manufacturing/measurement subprocess and "top" process it is part of (whole manufacturing
H
SELECT DISTINCT ?process ?process label ?process type ?top process ?top process label WHERE {{
# The process must be a manufacturing or measurement process
?process rdf:type ?process_type .
{{ FILTER ( ?process_type = <{manufacturing.Manufacturing.iri}> )} }} UNION {{ ?process_type rdfs:
{{ FILTER ( ?process_type = <{properties.Measurement.iri}> )} }} UNTON {{ ?process_type rdfs:subCli

# The process must have a specimen or material either as output or as input
?process <{mechanical.hasInput.iri}>|"<{mechanical.hasInput.iri}>|<{mechanical.hasOutput.iri}>
# ?specimen rdf:type/rdfs:subClassOf* <{manufacturing.EngineeredMaterial.iri}> .

#*

# It must be possible to navigate backwards to the top process (whole manufacturing history).
# The top process serves also as a way to uniquely identify the material being manufactured and cl
?process ("<{emmo.hasTemporallext.iri}>|~<{emmo.hasTemporalFirst.iri}>)* ?top_process .
?top_process rdf:type/rdfs:subClassOf* <{holistic.Process.iri}> .
FILTER NOT EXISTS {{ # The top process is not part of another parent process.

?other_process rdf:type/rdfs:subClass0f* <{holistic.Process.iri}> .

‘other_process ?predicate ’top_process .
H3)
OPTIONAL {{

*top_process rdfs:label|skos:preflabel ?top_process_label .

1}

OPTIONAL {{
process_type skos:preflabel ?process_label .
1}
i3
3
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Conclusions and Outlook

B Fatigue database and machine learning

m fatigue database with ~ 22 000 specimens, 1100 series, 110 materials
M ML-tool enables prediction of properties

B Ontology and knowledge graph

® domain ontology implemented in EMMO mechanical testing
B semi-automized workflows for knowledge graphs and data mapping
M use cases:

(1) large fatigue database (110 materials)
(2) process history of 10 different 100Cr6 steel processing routes e .

line

® Outlook \. S .
calc

M Enable ML on knowledge graph (considering sequence effects)
®  Our vision: , Fatigue apps” connected to fatigue dataspace FatigueApps

\
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