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Principal Issue in the Supervised Learning

Context

Algorithm/
Regression/
Classification
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The probability
that a critical
event will occur
within the
prediction
horizon H is
computed based
on comparable
states in the
training data

the next H time units

P(Ty <t+H|X, =x)

—_— P( Event Y will occur within

State vector of
system at time t
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State Space
Aggregation

What is the right choice of the state space?

Input
Variables




I Definition of observation points (X;)?

)  current system state X;

e !/\/\N\—/\/\J\ '_/\f\-- ._g-/\&w

temperature - oil return line

main drive power consumption

Preferences for the State Space

Aggregation (Min, Max, Avg, Max Diff,...)
Parameter Selection 1
Step Size (Monitoring Frequency)
Embedding Window

Operating Modes

Data Source (Fault memory, Sensors)
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LCM +Energieanlage, Antriebsanlag

Auxiliary Power Converters (Rail)
Fault memory data

1 Hlll[ (T I Y S O O | 1 A 1 | fitts - 1 ]
26.12.2016 LCM 4- IGBT expl. F
14.10.2016 LCM 2- IGBT expl. Most important
Most important predecessors Indikatoren:

1660 Problem Stromrichterkihlung (TCU)
1665  Allgemeiner MCU Fehler
166C  Fehler bei Zwischenkreis-Ladung

166C  Fehler bei Zwischenkreis-Ladung
1674 Metzspannung Senscrfehler

1678  Phaszenstrom Metzkreis Sensorfehler 1674  Netzspannung Sensorfehler

1679 Phasenstrom Metzkreis zu hoch 1678  Phasenstrom Metzkreis Sensorfehler
167B  Phasenstrom Metzkreiz Sensorfehler 1679 Phasenstrom Metzkreis zu hoch
167C Phasenstrom MNetzkreis zu hoch 167E Phasenstrom Metzkreis Senscrfehler

167C Phasenstrom Metzkreis zu hoch
1658 Erdschluss im Zwischenkreis oder sekundére...

1682 Rickmeldefehler IGET 1 in Phase L1 1602 |TCU Hardware Eshler
1685 Rickmeldefehler IGET 1 in Phase L3

1686 Rickmeldefehler IGET 1 in Phaze L4
1688 Rickmeldefehler IGET 2 in Phase L2

1680 Phasenstréme ungleich

1684  Rickmeldefehler IGBT 2 in Phase L4
10.10.2015 17:44 25.12.2016 05:44
Probability for the occurrence High probability produces
(within a certain horizon) of a warnings
learned malfunction increases
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T T
2016 2017



State Space _
Classifier Yo = f(X0)

Which ingredients can | use for the Response
definition of an appropriate output? Variables

depending
on horizon




I Definition of critical points (Y;. 4)

) current system state
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Hierarchical Structuring of the Input
Data

Asset Level
Agsets 0119 v || Al )
0119 x 0120 x 0121 = 0122 x 0123 x 0124 x 0125 x 0126 x 0127 x -
07. Aug 2016 »  « o +| 28.5ep 2016
Hierarchy - @) © =
Create Sensor G

—_——
SE S — :
*
Subsystem X :_ »| 28.5ep 2016 +

r
Component X

4

v Type Code Text SubComponent
1) System: DCU

1) System: DSK
1) System: DVC
) System: DVR
B System: Energieanlage, Antriebsanlage
i) Subsystem: Energieumsetzung
'Ij Component: ?-Stromrichter-Wg1
1) Compenent: Hauptransformator-1 nfor

nseinrichtungen
',D Component: Hauptransformator-2 380 .

',D Component: Motorstromrichter-Wg1 70

',D Component: Netzstromrichter-Wg1

:T) Component: Stromrichter-1

1102 Stromrichter 1 Hardware Fehler Fahrmotorstromrichter
1103 Stromrichter 1 Fehler TCU-, GDU- Spannungsvers... Fahrmotorstromrichter
1104 Stromrichter 1 ZK-Spannungswert im PWR auBer.. Fahrmotorstromrichter
1105 Stromrichter 1 Rickmeldeverzug IGET V41 [OVP) Fahrmotorstromrichter
1106 Stromrichter 1 Allgemeiner DSP-Fehler Fahrmotorstromrichter
1107 Stromrichter 1 Uberspannung im Zwischenkreis Fahrmotorstromrichter
1109 Stromrichter 1 Rickmeldefehler IGET 1 in Phase L3 Fahrmotorstromrichter
1104 Stromrichter 1 Riickmeldefehler IGBT 2 in Phase L2 Fahrmotorstromrichter
v 110B Stromrichter 1 Rickmeldefehler IGBT 1 in Phase L2 Fahrmotorstromrichter
v 110D Stromrichter 1 Rickmeldefehler IGBT 1 in Phase L1 Fahrmotorstromrichter
v 110E Stromrichter 1 kein Drehzahlgeber giltig Fahrmotorstromrichter
1111 Stromrichter 1 Momentanstrom Phase L1 zu hoch Fahrmotorstremrichter
111B Stremrichter 1 Traction-MVE Empfangsfehler Fahrmotorstromrichter Liaheroes
1120 Stromrichter 1 Sicherheitsabschaltung Fahrmotorstromrichter — .
1121 Stromrichter 1 Unterspannung im Zwischenkreis Fahrmotorstromrichter d 7 r/ \\
1124 Stromrichter 1 Differenz Raddurchmesser dber A.. Fahrmotorstromrichter e \
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Algorithm/
Regression/

S U p e rV| Se d Classification

Learning
Algorithms

How much impact do the algorithm on the
KPI’s?

|
~

(X¢)

Yt+H




| Definition of Statistical KPI's (1/2)
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Horizon H
05 -
0 EEEEEEEN
14 ::lez 15 II:Jez 16 II:Jez 17 Il:lez 18 Iljez 19 :L‘Jez 20 :Jez 21 :}ez 22 ::)ez 23 ::}ez 24 ::}EZ 25 ::lez 26 :Jez 27 ::Jez 28 II:Jez 29 IlfJez 30 Il:lez £ Iljez
Classification Features
Actual Actual Number of
KPIs Intervals, in which no event are predicted in the
false true next H hours and actually no event occurs
Prediction » #TP (Number of True Positives): Number of 4FN
#TN #FN Intervals, in which an event is predicted in the _—
false next H hours and actually an event occurs #FN+#TP
— Number of Type 1 Error
Prediction Intervals, in which no event is predicted in the False Positive
next H hours and actually an event occurs HEP
true
#FP+#TN

»  #FP (Number of False Positives): Number of
Intervals, in which an event is predicted in the
next H hours and actually no event occurs



Definition of Statistical KPI's (2/2) FCE = e

BR442 129, 131, 141, 323, 333 | LCM&MCM | 6-hour Rate

# successful warnings

#all warnings
& p <t
#TP i

#FP+#TP i i I _ _ _ ] il |

Detection T |
Rate 1 * ”‘ | ¥

# predicted events
# all events 1 %&
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I Impact of algorithms DB 5 | FCE memstesmmtuson

DB Systemtechnik

PROGNOSIS KPI'S OF 130 MAINTENANCE DEPENDENCIES BETWEEN THE KPI'S, THE PREDICTION
ACTIONS (LCM&MCM) OVER A FLEET OF TIMES AND THE WARNING THRESHOLD
43 VEHICLES
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Challenges of Supervised
Learning Algorithms

What are the lessons learned?



Crusher (mining industry)
From anomaly detection to supervised learning
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Crusher (mining industry)

PreDIC

Example: Friction Bearing

pressure - mai
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main drive pow
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I Impact of all preferences e —

Goal: Generate models with less computing time, high
accuracy and large forecasting horizon Preferences for the State Space

Aggregation (Min, Max, Avg, Max Diff,...)
Parameter Selection
Step Size (Monitoring Frequency)

Embedding Window
Computing Operating Modes
Time Data Source (Fault memory, Sensors)

Preferences for the Output

Aggregation (Binary, Forward Time)

Horizon
Categorization (Hierarchical Structuring)
Pro gnosis Reference data (Comparable Assets)
Horizon
Algorithms
Approach Selection

Sensitivity (Warning Threshold)




Suggestion for the predictive maintenance

community

Operators

e Exact capturing and
categorization of maintenance
actions

 Knowledge transfer to data
scientists

 Ambient influencing factors,
which are currently not
measured, should be taken in
account (Usage of open data)

Data Scientists

e Algorithms has to be “fast”
* GPU computing
 Quantum computing

)

e Algorithms has to be “smart

e Fast filters for relevant data
points

e Development of appropriate
classification techniques

 Comprehensibility of results




‘ FCE Framkrurt Con

Thank You!
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IH-Generik | Predictive Maintenance Project

Einsatzbereich ,Fahrzeug tiberwacht sich selbst* DB HSREHG
Das Projekt will ein Verfahren der automatisierten Zustands- Loglstlcs

tiberwachung in den Instandhaltungsprozess integrieren.

—  Inspektion
— Wartung
— Instandsetzung

— Verbesserung

Innovation ' Beschaffung /= Herstellung Instandhaltung Ausbau & Redesign

MEENGLETONTC3 . Material-

programme logistik IH-Durchflihrung

InstandhaltungsmaRnahmen

Zustandsorientierte Instandhaltung (CBM)
Instandhaltungsstufen

mit automatisierter Zustandsuberwachung

und -Bewertung im Instandhaltungsprozess Instandhaltungsplan

Ziel- Daten- Daten- Muster- SchluRfolgerung fir  Integration in die
definition auswahl formatierung erkennung die Instandhaltung  Instandhaltung
* Festlegung durch = Gruppierung *Regression = Interpretation mit Instandhaltungs-Know-how
Instandhaltungs- . k|assifizie- =Ahnlichkeits- = Empfehlungen fiir die Instandhaltung
experten rung stichproben = Anpassung der Instandhaltungsprogramme

= Storungsprognose



I BR442 | Auxiliary Power Converter FCE M

3 ANTRIEBS- UND HILFSBETRIEBEAUSRUSTUNG (4-TEILER) }

2HF 2nd Harmonic Filter

ACM Auxiliary Converter Module

cc Charging Circuit

CMT1 Current Measuring Transformer Energy meas. 15 kY
CMT2 Current Measuring Transformer Prop control
CMu Current Sensor LIM, Over current. diff current
cMu2 Current Sensor LIM, 100 Hz s
CR Current Return (not PPC scope) ] I

EF EanFoul Derector : | 3 UMRICHTER DACHCONTAINER
ES Earthing Switch 3‘,% WMT SA1 | |

LCB Line Circuit Breaker X X |
LCM Line Converter Module | | -

ES
LM Line Interfizrence Monitor _3 VIATZ : | _ - ) . .
LM Line Module LGE | | Trenntrafo Bordnetz Saugkreis Kihleinheit Stromrichtersteuerung
LMA Line Modubs Awxiliary
|

MCM Maotor Converter Module

MPE Midpoint Earthing I
OVR Ower Voltage Resistor T | |

PG Pantograph {not PPC scope) | T rp—

SAl Surge Amester Protection of HY system CMTY E i ipninpel |
SA2 Surge Amester Protection of Main Transformer | |

sSC Separation Contactor * |

TCB Trafo Control Box | |
Tl Transient Inductor ; |
™ Traction Motar SA2 | |
TRF Main Transformer B E
VMTI Voltage Measuring Transformer Prop control |

VMT2 Voltage Measuring Transformer Enengy meas. | |

| EMT2 | =
g : l N
VRN dowur ||| tmGevenerBos T T T T
! ||
LCM ce. | e Lo
| i | MPE
3G _ ¢ ; SC
= | I i
AT -
: Tca' | -
! | H |
|

! Hilfsbetriebeumrichtermodul Matorstromrichtermodul Netzstromrichtermodul
| (ACM) (MCM) (LCM)




I Predictive Maintenance Methodologies S —=co

) current system state

The probability that a
critical event will
occur within the

prediction horizon H

Anomaly rate
based on the
distance between
actual value and

expected value is computed based on
(calculated by a sample within an
AAKR methods) \ environment of
. 1 100% | Horizon .
for given Empirical compara.bl.e states in
operating mode Probability J the training data
distribution - >
Time[h]
Anomaly Detection Supervised Learning

EX{|Xe = x) P(Ty <t+H|X, =x)
:E( Expected

operating point

State vector of
system at time t

Actual ) — P ( Event Y will occur within
operating point the next H time units
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