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Introduction
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◼ 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…)

◼ 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 prediction of fatigue strength
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Overview of fatigue use case
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◼ 1. Fatigue database – data collection fatigue of high strength steels

◼ 2. Ontology and Dataspace – Semantic description of fatigue data

◼ 3. Machine Learning – Python based ML on fatigue database

◼ 4. DOE Tool – Design of Experiments for fatigue use case

4. Design of Experiments

1. Fatigue Database 3. Machine Learning2. Ontology & Dataspace
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Overview of fatigue use case
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◼ 1. Fatigue database – data collection fatigue of high strength steels

◼ 2. Ontology and Dataspace – Semantic description of fatigue data

◼ 3. Machine Learning – Python based ML on fatigue database

◼ 4. DOE Tool – Design of Experiments for fatigue use case

Thema
1,2

Thema
3

Thema
4
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Agenda
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◼ Introduction

◼ Fatigue database and machine learning

◼ Assembling a fatigue database from literature data and previous projects

◼ ML tool: property predictions using the data set

◼ Ontology and knowledge graph

◼ Use cases
(1) large fatigue database
(2) process & manufacturing history of 100Cr6

◼ Knowledge graph, domain ontology, data mapping workflow

◼ Example: Query the heat treatment history (SPARQL)

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

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

Fatigue Database
Assembling the database
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◼ Fatigue data from different data sources
(literature, existing database collections, previous projects etc.)

◼ Fatigue parameters: fatigue strength, slope SN curve, knee point

◼ Properties: chemical composition, hardness, specimen geometry
(stress concentration factor), load parameters, surface condition (e.g. 
roughness) etc.

◼ Raw Experimental data (i.e. stress amplitude and number of cycles
for each specimen of a test series) was evaluated in a standardized
way with the software „JuroJin“ [1] to get the fatigue properties
(SN curve) for each testing series

[1] https://www.itwm.fraunhofer.de/de/abteilungen/mf/produkte-und-leistungen/jurojin.html

Series property (fatigue strength)
Source1, Source2, Source3, Source4
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Fatigue Database
Final version of the database
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110 materials

1100 testing series

22 000 experiments
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◼ UseCase 1: Hardness prediction for 
steels depending on their chemical 
composition

◼ Validation of material science 
knowledge with a „real“ database 
(see table*)

◼ Aim: Establish confidence in the 
analysis method

◼ UseCase 2: Fatigue strength 
prediction for high strength steels 

◼ Industrial use case, influence of 
chemical elements, hardness, 
roughness and other parameters

*Quelle: Vorlesung „Metallische Werkstoffe“, Ernst 
Fleischmann, Universität Bayreuth 

Fatigue Database
Data Analytics / Machine Learning
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Fatigue Database: Machine Learning
Hardness prediction
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Highest
Hardness

Lowest
Hardness

Exisiting material science knowledge
(effect of alloying elements on hardness)

vs. 
Machine learning prediction

(feature importance list)

[1] Quelle: Vorlesung „Metallische Werkstoffe“, Ernst Fleischmann, Universität Bayreuth 

from [1]

◼ Machine learning analysis based on 
random forest regression

◼ Aim: reproduce well known correlations
from material science with real data to
verify the analysis procedure

◼ Here: influence of different alloying
elements on hardness
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Fatigue Database: Machine Learning
ML Tool - Overview
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Fatigue Database: Machine Learning
ML Tool – Training and Cross Validation
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Feature importance
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Fatigue Database: Machine Learning
ML Tool – Applying the Model
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Ontology and Knowledge Graph
Motivation
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Situation before the use of Knowledge Graphs Situation after the use of Knowledge Graphs

■ Enrich Data by relations

■ Integration of 

Data Sources

■ Interoperability

■ Data-Driven

Why use Knowledge Graphs?
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Ontology and Knowledge Graph
Use Case 1: Large Fatigue Database
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◼ Fatigue „vocabulary“ defined
in EMMO Mechanical Testing [1]

◼ Knowledge graph describing

◼ steel nomenclature

◼ specimen types

◼ fatigue testing:
loading parameters
resulting SN curve

◼ heat treatment

◼ Properties attached to
series or specimen object

[1] Elemental Multiperspective Material Ontology (EMMO)
Mechanical Testing Domain Ontology: https://github.com/emmo-repo/domain-mechanical-testing
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Ontology and Knowledge Graph
Use Case 2: Process / manufacturing history of 100Cr6
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◼ Draft of a process graph (specifically for 100Cr6)

◼ Modular approach: Combination of top-level (e.g. „hardening“) and 
subprocesses (e.g. „martensitic hardening“) for each material variant  

◼ Implementation in EMMO Domain ontology module „Mechanical Testing“ [1]

hardening

time

machining

turning finish

polishing

roughness

roughness

fractography

martensitic
hardening

testing

fatigue
strength

failure
mode

position

temperature

defect type

size

metallurgy

quenching temperature

quenching medium

deoxidation

chem. comp.
before

chem. comp.
after

process steps

parameters / numerical values

[1] Elemental Multiperspective Material Ontology (EMMO)
Mechanical Testing Domain Ontology: https://github.com/emmo-repo/domain-mechanical-testing
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Ontology and Knowledge Graph
Use Case 2: Process / manufacturing history of 100Cr6
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◼ Sequence of processes is modelled with „hasTemporalNext“ relations

◼ Different material states after each subprocess

◼ Specific properties attached to differnt material states

hardening machining fractographytestingmetallurgy

base
material

process steps

parameters / numerical values

hasTemporalNext hasTemporalNext hasTemporalNext hasTemporalNext

material 
after 

hardening

specimen specimen
after testing

isInputFor
hasOutput isInputFor

hasOutput isInputFor hasOutput isInputFor

chem. composition hardness roughness fatigue strength

hasProperty hasProperty
hasProperty hasProperty

material state
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Ontology and Knowledge Graph
Use Case 2: Process / manufacturing history of 100Cr6
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◼ 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)

[1] Burkart K et al, Evaluation of multiple-flaw failure of bearing steel 52100 in the VHCF regime
and description of the single-flaw behavior, Stiftung Inst. für Werkstofftechnik (IWT), Bremen 2017 

from [1]
from [1]
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Ontology and Knowledge Graph
Workflow: process graph modeling and mapping of data
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5. SPARQL 
queries

Define accepted
vocabulary and

graph logic

RDF file containing a 
data set as an 

ontology with the
structure given in the

process schema

+

Graph database
3. Excel2RDF

Process schema for
single process

(KDB file)

Excel process template
with triples and „user
variables“ prepared to
be filled by user with

process metadata

2. KDB2Excel

1. OWL2KDB

4. Import

Knowledge 
extraktion

Graph Designer tool: gdtool.py
also available as online apps

https://inforapid.org/webapp/login.php
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https://inforapid.org/webapp/login.php
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◼ Querying the heat treatment temperatures along the process chain with SPARQL

◼ See presentation of J.M. Domínguez

Ontology and Knowledge Graph
Example: Query the heat treatment history (SPARQL)
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Conclusions and Outlook
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◼ Fatigue database and machine learning

◼ fatigue database with ~ 22 000 specimens, 1100 series, 110 materials

◼ ML-tool enables prediction of properties

◼ Ontology and knowledge graph

◼ domain ontology implemented in EMMO mechanical testing

◼ semi-automized workflows for knowledge graphs and data mapping

◼ use cases:
(1) large fatigue database (110 materials)
(2) process history of 10 different 100Cr6 steel processing routes

◼ Outlook

◼ Enable ML on knowledge graph (considering sequence effects)

◼ Our vision: „Fatigue apps“ connected to fatigue dataspace




