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Data analytics applications for selected branches and domains

From data analytics applications to solution packages in KNIME
Application 1 of analytics framework: commodity price forecasting

Application 2 of analytics framework: semantic analytics

Key Takeaways
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Siemens’ installed base of products and solution at customer sites — SIEMENS
Tremendous amount of data that can be leveraged for new applications

The amount of data produced by Siemens products in one day

/« ~“ " =
O $ R O
'0»” 7

>10 >20 >30 >50 >80 >160 >1

gigabytes gigabytes (gigabytes gigabytes gigabytes gigabytes terabytes

per day per day per day per day per day per day per day
Siemens Siemens gas 17.000 Siemens Siemens controllers Siemens wind Siemens traffic
EnergylP smart turbine Siemens train computer in particle turbines management
grid platform units tomograph accelerator CERN system

(one city)

Source: own rough estimations 2016
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20 years of experience in industrial data analytics applications: SIEMENS
Selected examples for data-driven value generation

Energy Analytlcs : Root Cause Analysis & Fallure Predlctlon Predictive Maintenance

CERN Larg Hadron CoIIider

Deployed in > 30 steel plants Power plants Smart Grid, Seesta Aspern Vienna
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_ _ _ SIEMENS
Outline — User Experience with KNIME ..

1 Data analytics applications for selected branches and domains

From data analytics applications to solution packages in KNIME

3 Application 1 of analytics framework: commodity price forecasting
4 Application 2 of analytics framework: semantic analytics

5 Key Takeaways
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Data Analytics Solution Packages — Let’s extract multi-purpose analytics SIEMENS
modules (software) out of successful analytics applications in products

Siemens Data-Driven Services require smart data analytics tools

Solution Packages for Smart Data Analytics Benefits:
Diagnostic Predictive Prescriptive _
Analytics Analytics Analytics Time to market
Why did it happen? What will happen? What shall | do? * Cost efficiency
: « Standardization
Visual :
- Autonomous Learning
Analytics

»Key learnings across
Siemens’ divisions
and branches

Product Configuration

Service Intelligence Diagnostic Advice Forecasting Services
Enterprise Search Condition Monitoring Predictive
Maintenance

Purpose:

Operation Planning

Reusable data analytics elements that can be applied for different branches and divisions
Using open source KNIME as analytics integration environment
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KNIME as a Data Analytics Workflow Editor — SIEMENS
Integration of third party analytics tools (also Siemens’ solution packages)

= [ . [

KMIME - - B “
HadOOQ Nodes File Edit View MNode Help
M-EE® P | || | ~ I CODOOE —EAEBm~s OO EE
| &4 KNIME Explorer 52 = B || @ Welcome to KNIME A 0 KNIME_project 5% = B ||#s Mode Description 53 ==
& | - | & -
. . = = S rq
Nodes that interact with Hadoop. The actual B A PLES T MR, . = KMeans
R R R . a gue: publicserver.knime.org: H
analytic code is written in R and executes as 1@ Plesce I5gin t access the senver K-means clustering ) ) .
A LOCAL (Local Workspace) K-means clustering aims to partition n
Map Reduce (approx. 25 nodes already - P observations into k clusters in which each
available) £ Bxample Workflow observation belongs to the cluster with the
A4 KMIME_project nearest mean, serving as a prototype of the
- = . . . cluster. This results in a partitioning of the data
#. Favorite Nodes 53 &’ = 0O Knime workflow that executes K-Means on data residing in space into WVoronoi cells. The problem is
= H computationally  difficult  (MP-hard); however,
Pyvthon/C++/Java are also supported v s:rsor;alfavor:tenojes 4 HadOOD using Map Reduce there are efficient heuristic algorithms that are
yt pp > TF Most frequently used nodes commonly employed and converge quickly to a
» D Last used nedes local optimum. These are usually similar to the
expectation-maximization algorithm for mixtures
GetTags Createiedtnes AssignToCenters of Gaussian distributions  wvia an iterative
% Mode Repository gl = > 'm refinement approach employed by both
T ym—— = R S g W algorithms. Additionally, they both wuse cluster
%ka g centers to model the data; howewver, k-means
e o et clustering tends to find clusters of comparable
> o] XML Tags data read e et Assing clusters spatial extent, while the expectation-maximization
I “H Hadoop from HDFS training data to centers mechanism allows clusters to have different
4 4E R MapReduce KMeans shapes. Returns a reference to a file containing

. @ Anomaly Detection cluster centers (in "native" format)

4 9@ Cluster Analysis e .
i AssignToCenters —= Dialog Options
o KMeans R/MapReduce
W sy Protl oo Mi"‘i"‘g KMeans Clustering short name of first option (like in the dialog)
o] LDgpatterﬂMlﬂ!ﬂgitreateNegatlves\l’e(tol’s in Hadoop description of first option
Wiy LogPatternMining_createPositivesVectors I
iy LogPatternMining_createVectors short name of second option (fike in the
i LogPatternMining_trainLinearSVi dialog)
- gE Miscelaneous Database Connector description of second option

@ Supervised Analysis
- Teradata
2 [5] FuzzyLogix

Cumulative Distribution Functions
Teradata in-database

connection KMeans Clustering
creation

Ports

Returning

cluster centers Inpuk Ports

Data Mining Functions
Data Mining Functions;Cenfusion MatrixConfusion Mat
Date Functions

Fit Distribution Functions

Hypothesis Testing Functions | =1l
Hypothesis Testing Functions;Cross Tab and Chi Square 5= Gutline 52 =
Inverse Cumulative Distribution Functions L

Mathematical Functions

Matrix Operations Functions

Probability Density Functions

Sampling Techniques Functions . K-means clustering

0 file/directory of data in matrix form

Output Ports R
ol -

|
Lt
1
I
o

BH| &

More info about the KNIME
Analytics Platform: .

Simulate Copula Functions
Simulate Uniwvariate Functions

Sparse Statistics Functions
Statistical Functions
String Functions

Time Series Functions Knime workflow that executes K-Means on data residing in
ythonSTO Teradata using Fuzzyl ogix -

http://www.knime.org/ e —— , = | L :
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_ _ _ SIEMENS
Outline — User Experience with KNIME ..

1 Data analytics applications for selected branches and domains
2 From data analytics applications to solution packages in KNIME

Application 1 of analytics framework: commodity price forecasting

4 Application 2 of analytics framework: semantic analytics

5 Key Takeaways

Page 8 March 2017 Berrnhard Lang - Corporate Technology



_ _ _ _ SIEMENS
Solution Package Forecasting: Commodity Prices with Neural Networks

Purchasing Volume of Exchange Traded Commodities L ME Copper Market
Fiscal Year 2014: 825’ EUR

(Price development from 2000-2015)

10000 -

657" Alummum 9000 -
8000 -
E 7000 -
& 6000 -
o
) 5000 -
Others % 4000 -
3000 -
2000 -
1000
ke = [Mio. EUR]
*Others: Tin, Zinc, Lead, Molybdenum, Gold, Platinum, Palladium
LME Copper: 79% of total purchasing volume 6 Months Forecast of Copper Market
How to cope with the increased market volatility? 90% - (Evaluation from 2000-2015)
S
Optimal procurement decisions on the basis of accurate market £ 80%
forecasts and research 5 70%
Benchmarking of different vendors for market intelligence £ 60%
T s50%
. . . C
Siemens internal forecast is based on Neural Networks forecast IG:J 0%
0
and selected other sources Q
2 30%
Extension to other metals and energy 0%
Siemens Neural Leading analyst and consulting bureaus providing fundamental
flnternal '\(lgtE\Al/\lol\:;( research of the copper market price development
orecast
part of Market research sources
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SIEMENS

Market Price Predictions with Large Neural Networks

TR Variables
AN D000 6 O
{' lna.01 |pd.or lpaor lpaor Jpdor |paop |
R A, St-3 A, St_2 A, St—1 A, St A, St4+1 A’@
s_,, =tanh( As.) y. =[1d,0]s,

= Our neural networks model coherent markets as interacting dynamical systems

» Given the subset of the observables we reconstruct the hidden variables
» Different market structures and multiple time scale dynamics can be addressed

= From open to closed dynamical systems: The model is dynamical consistent,
symmetric in all variables and present time does not play any special role

Berrnhard Lang - Corporate Technology

Zimmermann; Tietz; Grothmann: Forecasting with Recurrent Neural Networks, In: Neural Networks: Tricks of the Trade, 2" ed.; Springer, 2012
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_ _ _ _ _ SIEMENS
TopicRadar: A Market Mood Indicator for Commodity Price Forecasting

Enrich and analyze internal and PIER frEe) [MEieios

Available as structured data Time line Relations

external unstructured data

Named entity and event recognition

= Extract named entities or events

Document modification dates

AVQ By Month - ciick bar or ine point to zoom in

;;;;; n
oy ime a7
= query entities e .
] comex 20
nymex
20
= [ o o o o o o o a o o 2 [£] Last Madification bt
= company nhames g 9
Rising prices
1 ‘@b _@% \‘@b \_@\‘—: *Fb _\'b\‘: ¥ E.f: \_@\h \@\b _@\-a \‘\P\b ‘_@\u :\P\b Language Background
© A @ ol o QO K N » » w « © English
Germar 3
. . . ) .
= price trend indicators =
Falling prices
swer 12345 >
0 © 16 23 3z 4

entities and events

2P ¥ Query Relatior
5
30 records
. . = Coppe: I Metal Works (p)
e - 90 C18661 CWI18C 79..88 C-11000 E-Cu S8 100 Copper Agrewsl uses LVIE A Grads Copper Cathodes for Casting ETP, DHP and OFXLP.
7 Sections of this site regarding Product Copper Agrawal uses LIIE A Grade Copp........ Brass ....... Copper & Brass Fois
5 he Copper Proce:
s
i workd. The Cathodes of LIJE Grade A standards. View animated GESL Copper Process Diagram
ssp 4 o
H H uses 4
| e eC Oca e |S a re a |On e Ween uer e from the sake of copper, though GOPX offers more of a miners. What are Copper Futures? Copper futures are
y the symbol HG. Each contract repres
= loter nth. Copper futures ars subject to L1 ftion limits. Copper futures are ako traded on the London Metal Exchangs
under present 25

3
3
1
1
1

Documents for this topic radar

Radar.POC
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Modular Framework of Data Analytics Solution Packages applied for SIEMENS
Commodity Price Forecasting

Task: Forecasting of market trends supports hedging strategies and optimal procurement

File Reader

Afnre{:astst:h.lh:m and E 5 . y
a service, which covers - Data Visualization
the dynamic of markets - - Column Appender Column Filter SP VA Line
and their uncertainty Time Series apd > i Density Plot
Data On-Boardingand MarketMood Indicator > -t ;E f—
- oy,
. Preprocessin SIORS SCsi) . '
Enterprise Search: p 9 g . ¢ Column Filter ComProc Model fiter Price*_1 . l
Supports the TopicRadar Column Filter Column Filter - ¥ S Interpreter Column Combiner
exploitation of human . > it >
generated content . > i > > ; - N > [ » External Tool
| i Column Aggregator B =
Visual Analytics: ) 5 » 00 »
Consulting and Topic Radar Generation Forecast
realization over the Generation call Browser
complete Visual average Price? forcecast Topic RadarReport
Analytics process p— e of all ensemble members
based on reusable B N Ny iy oy oy iy oy
building blocks Column Filter e OreSra et Column Appender Line Plot
Autonomous 1 : Ugll . ,m
Learning: ,
chntiﬁesﬂ_'le relevant filter target Price1 plot
control variables and Forecast - ~
generates continuous Evaluation= II h " “

control polices

Business Impact: - Identification of potential market scenarios and estimation of related market price risks
- Optimal procurement decisions and decision support for competitive advantages
- Forecasts are provided as a service. Performance based contracting
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_ _ _ SIEMENS
Outline — User Experience with KNIME ..

1 Data analytics applications for selected branches and domains
2 From data analytics applications to solution packages in KNIME

3 Application 1 of analytics framework: commodity price forecasting

Application 2 of analytics framework: semantic analytics

5 Key Takeaways

Page 13 March 2017 Berrnhard Lang - Corporate Technology



SIEMENS
lhg,eb\ui\ly—for(jft

|1

Bog

o

e 2

an ic Analytics.
!||§ and the How.

stian Brandt

Unrestricted @ Siemens AG 2017 Siemens Corporate Technology



The Al renaissance:

the science and engineering of making intelligent machines

Device Service Automation

Memory
(knowledge representation)

Perception

Cognition Decision

Sensor Processing

Reasoning
- Draw conclusions

Image Processing

Learning
—adapt & improve

Decision makin
(also in uncertainty)

Speech recognition

Creativity
_ Lorem ipeum dotr e —>generate
Text Processing it hypotheses

Environment Action

Unrestricted © Siemens AG 2017
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Global data
centers

Remote diagnhostic
centers

« Monitoring

« Root cause analysis

« Predictive maintenance
* Reports

« Global service products

Deep learning for object recognition and
labeling in service reports

Semantic knowledge fusion and reasoning
for integrated diagnostics

Automated planning of maintenance
service and activities

Bernhard Lang - Corporate Technology



- | SIEMENS
Connecting industrial knowledge (sources)

Data Sources Relational Learning (e.g. via Tensor Factorization) Industrial Knowledge Graph

Knowledge fusion into one coherent semantic model

J-th entity

il '?//\\\‘\.\ ith o
m[l-m]‘ :E;\\ /‘ entity ~
k-th ~ o
relation >
Static aspects o ‘li/ w RIS L
T _— relation
X
R&D Engineering Plant Tresp, Nickel. Tensor Factorization for Multi-Relational Learning, ECML, 2013
data data data

Information extraction

(e.g. Natural Language Processing)
Dynamic aspects

Szfa"t:e Mozzf:“g Pattern Sequence Mining (e.g. via PrefixSpan) e

Build in-depth prefixes /ROOT

Not frequent

quent

Examples for automated graph construction
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Enable intuitive end-user access to industrial data

Data Sources

Static aspects

R&D Engineering Plant
data data data

Dynamic aspects

Service Monitoring
data data
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Industrial Knowledge Graph

SIEMENS

Ontology-based Data Access

Normal
start? '\I% | :-!”
L L | W e /.
Query E==N ld
.
SAP
F. it
— +i+ p
Analytics S
yt P ASTER java
TIBCD
KNIME
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_ SIEMENS
Gas turbine crash course

Gas

Burner

38 MW
1 000 000 light bulbs

Exhaust 500 cars :-)

Compressor Burners Power turbine

Unrestricted © Siemens AG 2017
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| | SIEMENS
Aircraft engine crash course

Gas turbine _ B S :;ﬁ ﬁ —————.
e — - ‘l.t.hkllﬂh“

Aircraft engan
(subsonic)

Unrestricted © Siemens AG 2017
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Turbine data: time series + events

Signal data

* Tag
« Timestamp
* Number

Event messages

» Category

» Timestamp

* Text

Unrestricted © Siemens AG 2017
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BSX-TC3562-XE01, 12:34:56,21.09.2015; 560
BSX-TMP12A-XE01, 12:34:57,21.09.2015; 0
BSX-TICCFB1-XEO1, 12:34:55,21.09.2015; 1

BSX-TIFB2-XE02, 12:34:56,21.09.2015; 9564

jue SIEMENS

e AR

TP EP—

800
Lt
I
600
400
200
ok

up to 3000 sensors per turbine

Status, 12:34:56,21.09.2015, “Ignitor on”

Warning, 12:38:56,21.09.2015, “Overspeed”

e

© event

“ Time

WATER WASH ALGORITHM CALCULATIONS  pc 01, 2009 00:30:14

SUSPENDED

Normal Stop Dec 01, 2009 00:38:25
NORMAL STOP IN PROGESS Dec 01, 2009 00:38:25

Shutdown Spin Will Be Carried Out To Cool De

Engine

WATER WASH ALGORITHM CALCULATIONS

SUSPENDED

STOP INITIATED VIA UNIT CONTROLIER De

OPERATOR PANEL PUSH BUTTON

TURBINE RUNNING ON LTQUID FUEL Dec

c 01, 2009 00:38:25
c 01, 2009 00:38:25

c 01, 2009 00:38:25

01, 2009 00:38:25

LT.QUIEEBSgRNER REVERSE PURGE IN Dec 01, 2009 00:38:25

PROGI

STOP INITIATED VIA UNIT CONTROLLER Dec 01, 2000 00:38:28

OPERATOR PANEL PUSH BUTTON

LIQUID BURNER FORWARD AIR PURGE IN Dec 01, 2000 00:38:33

PROGRESS

INSTRUMENT AIR ASSIST PURGE IN .38
PROGRESS Dec 01, 2009 00:38:35
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SIEMENS

Semantic knowledge fusion and reasoning for integrated diagnostics

BSX-TC3562-XE01
BSX-TMP12A-XEQ1 DC1,DB X1, TY2

BSX-TICCFB1-XEO1

MS-XC255-X12

BSX-TC3562-XE01 DC2,DB X2, TY2

BSX-TC3562-XE01

MRR-T8901-8462
. — > DC2, DB X2, TY2
§—— CRR-M8393-9272

“Ignitor on” — DC2,DB X2, TY4

Unrestricted © Siemens AG 2017 [llm
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Normal
start?

Sensor types,

turbine
structure,

site con-
figurations,

measurable

guantities,

Processes

“lgnitor on”

Unrestricted © Siemens AG 2017
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Sensor types,

turbine
structure,

site con-
figurations,

measurable

guantities,

Processes

“lgnitor on”

icted © Siemens AG 2017
March 2017

Normal
start?

@
=6
..TIBCQ
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Normal
Free-text Docs Sensor types, start?

turbine
structure,

ll-mm-

site con-
figurations,

measurable
guantities,

Processes

Inspections Observation sheet Digipen
(hypothetical)

.
@ r
. .TIBCQ

Images + Text
Unrestricted © Siemens AG 2017
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: : SIEMENS
Data Access & (Virtual) Integration

I ar o 2 KINIME
Dashboards iy TIBCS Query @ Analytics services o
Behind the
* lightweight: Semantic Media Wikis * SPARQL * cross-fleet, cross-platform
« proprietary: via Web Services, * bas_e_d on Knowledge Graph analytics simplified knowled ge
ETL, .... * no joins, columns, tables, etc. « ensure soundness of combined services grap h...
Semantic mappings (R2RML) . ., * e+ Controlled
?{plantName} : sie:Plant and « ° .
 connect knowledge graph to conventional (Big-)data sources si{s'hasCusto}mer 2{customerName} « " vocabulary
« utilises Knowledge Graph vocabulary ' ' ’
: 2“222:2 rBe'Igatlljoz:tzl'(:l?rt:sbt?SSt res select Plants.plantName, Customers.customerName (o} e 0} Thesaurus
*Su Ig- I uctu ’
_ L from Plants, Customers, Plant2CustMap {o,0,0) 1™
) supporis }N((ejb-s?rwces, APIs, document repositories where Plants.plantld=Plant2CustMap.plantId {e,0, 0,0}
supports federation and Customers.customerld=Plant2CustMap.customerld
* supports data streams {"’("g;} Terminology /
* botstrappin {o,0} {o,0} Taxonom
pping AP /
{e} {e,0,0}
Static aspects Dynamic aspects Web data Data streams
Z Ontology c
A m v
clzpncg_m... /(,\
R&D Engineering Plant Service Monitoring ggi GG C, Cs
data data data data data Cj _ 4 \‘(/
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Remote monitoring example:
Combining semantics and analytics in KNIME

[ i "% v v .. TEERS v Y e s Y 3
File Edit View Node Help
H-ER R £~ Dk v e H0CR0OE"BEABmPO® | EE
A KNIME Explorer 57 | = O || @ Welcometo KNIME | A 3: SPDiagnosticAdviceOBDA-BurnerTipTemperatures | /A 0: SPDiagnosticAdviceOBDA Workflows 52 | A 0: KNIME_KPLproject | [ Report: KNIME_KPI project
mEE|l$E
- & DATA LAYER SEMANTIC LAYER ANALYTICS LAYER
» 4 EXAMPLES (quest@publicserverkn
© 4 LOCAL (Local Workspace) SP Diagnostic
Advice OBDA SPARQL Data Formating
N Key Performance
Database Connector = Indicator Data to Report
@ OBDA Data
Turhine
Interactive Table
Z Calculations
Turbine Raw Data B XDE WatchCAT
KEY PERFORMANCE KELEepadt
INDICATORS — e
4 il 3
| = SP D i
| (]
#h Favorite Nodes 5% | . . Vel AT
BELR
W Personal favorite nodes
€7 Most frequently used nodes =
O Last used nodes in Compressor - NAO02001-01
: =
7 = =5
% Node Repasitory | ) ot
i e journal bearings of two turbines
b gy 10
» El Database
= )
. E4 Data Manipulation -
P JournalBearing in Compressor - NA0O2101-01
adiiliag BEARING
> E Statistics DIAGNOSTICS
> & Mining
o B Misc
. &2 Workflow Control
& Af] Time Series sp
» % Reporting Advice OBDA Form Line Plot
L2 5P Disgnostic Advice OBDA Form
L& 5P Disgnestic Advice OBDA SPARQL @
Burner Tip Temperatures- NA0D1401-01
TS Temperature
FAILURE ANALYSIS

Model-based access

as KNIME building block Generic KNIME
analytics workflows
Unrestricted © Siemens AG 2017
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Line Plot - 0:24 - Line Plot (Compare journal bearings of tw..}

Monitoring,

/i, Only the first 2500 rows are displayed.

predictive =~

888
818

56,67

[ —
maintenance, ... ®

SIEMENS

Turbine Driven Unit| Driver |Site g
||http:/,’www.s\emens‘de,’watchcat,'aSssmblyfCeng\z%ZDEnar}CSE97 Generator |SST-600(Turke:
||http:/,’www.swemens.de,’watchcat}assembly-BBOOOO14SAO Generator  |SST-300[Belgiul
||http:/,’www.s\emens‘de,’watchcat,'asssmblyfFrankfurwaEDUS??B Generator |SGT-800|Germa
http://www.siemens.de/watchcat/assembly-77813 Generator |SST-300|Chile
http://www.siemens.de/watchcat/assembly-Eagle®20Valley-C5912 [[Generator  |SST-600|Unite — T

B T e B T T D e
KPI by Turbine
Wppearance
110‘ t to size [] Use anti-alizsing
100 | 7 — -
80 ‘
B0 ‘
70 ‘
60 ‘
50 ‘
40 ‘
30 ‘ o
20 ‘ -
10 ‘
o
05778 14540 77813 CE5B97

Comparision by Driver

Availability %

W ser-em

55T-300
S5T-600

T~

Automated
reporting
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SIEMENS

Outline — User Experience with KNIME ..

Page 27

. Key Takeaways

Data analytics applications for selected branches and domains
From data analytics applications to solution packages in KNIME
Application 1 of analytics framework: commodity price forecasting

Application 2 of analytics framework: semantic analytics
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SIEMENS
Key Takeaways

Challenge of big data is not so much the size
or the right tool but the inconsisteny of data.

Big data analytics without domain know-how
and product/context know-how often fails.

For the last years KNIME Is developing fast
towards the needs of productive use ©.

Page 28 March 2017 Unrestricted © Siemens AG 2027 ... BerhardLang - Corporate Technology



Contact Information

Page 29

March 2017

SIEMENS

Bernhard Lang
Siemens AG
Corporate Technology

Project Manager
CTI Smart Data to Business

bernhard.lang@siemens.com

+49 (173) 7337 894

Youtube "Siemens Smart Data”;
https://www.youtube.com/watch?v=2x00-

DVHORw

Example Semantic Analytics:

Dr.- Ing. Sebastian Brandt
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