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Overview

= |ntroduction:
Collaborative research center
SFB 876

= Big data and small devices Rp——

= Streaming data [ make it happen?
Astrophysics

= Anomaly detection for

What will
happen?

Why did it
happen?

. . . 2 ¢ o
diagnostic analytics |
= Quality prediction as
predictive analytics A
. )
= Quality control by S we
prescriptive analytics Difficulty e
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Resource-Constrained Data Analysis

Collaborative Research Center 876:
Providing Information by
Resource-Constrained

Data Analysis

13 projects
20 professors
50 Ph D students

Integrated graduate school

2011 - 2018
4 more years are possible
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Resource-Constrained Data Analysis

Internet of Things in Logistics

= Smart containers

= Communication

= Energy harvesting
= Small devices: logistics chips . & 7T

Resource-aware Machine Learning - 4th International Summer School 2017

produced by SFB 876 h 7 |
produce big data.

= Analytics turn big data into
smart data, here:
enabling better routing.

Test field of logistics
collaborative research center SFB 876

Michael ten Hompel
Project A4 in SFB 876
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Imaging atmospheric
Cherenkov telescopes (IACT)
have mirrors and a camera to
record the Cherenkov blue
light produced by particle
showers.

A library of C++-programs,
ROOT, and MARS programs
store and preprocess the
pictures.

A simulator provides labeled
observations.

Gamma rays of high energy
are rare events as opposed to
hadrons, ratio 1 to 1000.

SFB 876 - Providing Information by
Resource-Constrained Data Analysis

MAGIC | (2003) and MAGIC 11 (2009)

La Palma, Roque de los Muchachos

FACT (2011) same place
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Integrating analytics in streaming environments: streams

Abstraction of various streaming data as data flow graphs by
streams framework, which accesses Storm, Spark, RapidMiner,...

Christian Bockermann “Mining Big Data Streams for Multiple Concepts” 2015, TU Dortmund University,

Applications

Realtime IPTV
statistics

FACT Telesope
sensor data

Steel Production
sensor data

City Traffic
sensor data (bus)

https://eldorado.tu-dortmund.de/handle/2003/34363

Preprocessing

e Feature
Extraction

e Transformation

o Filtering

Machine Learning

« RapidMiner
« Weka
« MOA
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Preprocessing streaming data

FACT records 60 events per second.

Each events amounts to 3 Megabyte of raw data.

» 180MB/second are to be processed!

» Average processing time in milliseconds at a log scale shows the

overall process ending with a classifier application.

Calibration
B Image Cleaning

Image Cleaning
W Features&Classification
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Resource-Constrained Data Analysis

Overview

= |ntroduction:
Collaborative research center
SFB 876

= Big data and small devices How can we
. 4 make it happen?
= Streaming data

What will

Astrophysics happen?

. ‘ W Predictive

= Anomaly detection for Al Analytics
diagnostic analytics 3| i,

¢
\“g\g“

= Quality prediction as
predictive analytics

= Quality control by
prescriptive analytics Difficulty —
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The “we have data problem”

RapidMiner
eases preprocessing,
supports interdisciplinary work,
demands expertise, experience.
Easy to change!
Easy to maintain!

We have
datal

We analyse
data!

Preparing the data for the
analysis is a hard problem:
time-consuming

requires knowledge of
machine learning, statistics

requires domain knowledge.

Change parameters!

Press play!
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Anomaly detection

Feature extraction

Feature selection

Single class SVM,
Core Vector Machine

Clustering of observations

Using many clustering for
determining the certainty of an
anomaly

Reporting anomalies to the
user

Top 10 Use Cases for Data Science &
Machine Learning

Recommender Systems
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Injection Molding — Supervised feature selection

Minimum Redundancy Dataset 1:
Maximum Relevance feature 5.2 Mio. observations from
selection requires data with 1154 processes
labels: <x, y> varying material wetness
Most observations are not Dataset 2:
labeled. 4.3 Mio. Observations from
Using domain knowledge by 721 processes
asking the expert? Each x?! varying injector size.
Using domain know|edge Structured aCCOFding to
indirectly! component groups:

Known causalities label Schnecke,

observations f(x) =y Werkzeug,

e.g., y=max injection pressure Heizung

Johannes Wortberg, Alexander Schulze-Struchtrup, Chen-Liang
Features are ranked Zhao (2017): Digitalisierung der SpritzgieRproduktion —

i i i i Intelligente Maschinen fur effiziente Prozesse nutzen. In.
accordlng to th_e"_. ContrIbUtlon Spritzgiefen, VDI Jahrestagung, VDI-Verlag, 55-65
to correct predictions.
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Injection Molding -- Unsupervised feature selection

Single class SVM

Outliers are anomalies
SVM ranks features according
to their contribution to the
decision
Multi-objective optimization
clustering
Members in a cluster are
close to each other

Few clusters

Few not assigned
observations

Members of different
clusters are very different

Single class SVM,
minimum enclosing ball
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Weighting of features, weighting of anomalies

Evolutionary process delivers
several feature sets, each is
used for clustering.

For all clusterings: Prozessiiberwachung

Large clusters are considered Zyklus 36535: FEHLER
normal.

Small clusters show
anomalies.

Features that are often used ir
large clusters
receive a higher weight.

Anomalies that are found by
many clusters
receive a higher weight.
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Anomaly detection

Feature extraction
Feature selection

Single class SVM,
Core Vector Machine

. . Top 10 Use Cases for Data Science &
Clustering of observations Machine Learning

Using many clustering for
determining the certainty of an
anoma|y Domand Forecasti ntrusion Detection  Recommender Systems

Reporting anomalies to the
user

Experiments show, that a pre-
selection based on domain
knowledge may enhance or
decrease feature selection.
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Overview

Introduction:
Collaborative research center
SFB 876

= Big data and small devices

= Streaming data
Astrophysics
Anomaly detection for
diagnostic analytics

Quality prediction as
predictive analytics

Quality control by
prescriptive analytics

Value

a
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How can we

make it happen?
Prescriptive

Predictive
Analytics

P\ 8
\“g\g“

D:;flculty G:r-tner
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Quality prediction as predictive analytics

Making the data smart:
RapidMiner for

Preprocessing of time
series data

Aggregation, feature
extraction

Prediction

Project B3 in SFB 876 with
Jochen Deuse

Collaboration with Deutsche
Edelstahlwerke on quality
prediction in a rolling mill.
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Smart data for smart factories

Rotary
Hearth
Furnace

Block Finishing roll _ Ultrasonic
roll 1/2 Cutting tests

ik "vﬁ\A\ nr
I ~ N ‘J‘ “ | / L 'f’j" |
Temperature Force  Temperature Speed Test results

Recording of parameters at different processing stations
Learning of distributed models across processing stations
Early prediction of product quality during the process
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Preprocessing of time series per station

Outliers
Replace values > x

Cleansing

Focus on intervals
roll height < 300cm

Segmentation
Divide time series
according to
series of

rolling steps
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Aggregation and feature extraction

1,100
/\ -
1,050 — oy = __—~

oo —" 17 )
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850

800

750

- Pl 1 . L -

Temperature

RapidMiner offers several methods for value series:
Min, max, average, variance of values
Length, distances, frequencies of segments
Statistics of changes
Gradients

Automatically created 60 000 features aggregated to 2 170 features,
automatically selected 218 features based on classification accuracy.
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RapidMiner as a tool for structured programming

#® Loop Parameters (Parallel)

4 3$-9

= QPrOJektBB (stolpe)

= ) experimente (stolpe

3 @merkmale (stolpe)

anfang_ende_diff (stolpe -
diff_statistiken (stolpe -
einfache_statistiken (stolpe

| 7 Edit Parameter Settings...

[] synchronize

number of threa... |4

[ | parallelize subprocess

Parallel processing

Loop Paramet... Loop Files

e——
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Quality prediction

Conservative estimate:
If ok, say ok;
Minimize wrong not ok

Future work: not only
moving parts out,

SFB 876 - Providing Information by
Resource-Constrained Data Analysis

costs afterwards

Costs before prediction

control

i ( I — i e $ e Move out!
but adapt processing! Vi | e T
True OK true not OK v Y58 y No
OK? OK?
OK 82% 14%
predicted
o) o Konrad, Lieber, Deuse 2013
Not OK 1% 3% “Striving for Zero Defect Production: Intelligent Manufacturing
pred icted Control through Data Mining in Continuous Rolling Mill Processes”,

in: Windt (ed) Robust Manufacturing Control, 215—229

Stolpe, Blom, Morik 2016

“Sustainable Industrial Processes by Embedded Real-Time Quality
Prediction” in: Lassig, Kersting, Morik (eds) Computational
Sustainability, 201—243
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Overview

= |ntroduction:
Collaborative research center

SFB 876
= Big data and small devices How can we
= Streaming data ‘ n?
Astrophysics S
= Anomaly detection for ok e
diagnostic analytics §| e
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= Quality prediction as
predictive analytics

= Quality control by |
prescriptive analytics Difficulty —
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Prescriptive analytics — Managing many models

= Real-time prognosis
= Data streams
= Feature extraction
Business

= Prognosis of 4 targets Under=" ding
each second = Process
stop/continue Sow

Preparation
= Use past process data

= Curate the process data as
cleansed streams

= Run stored process data
8000 times faster

= Use many learned models
= Concept drift
= Process changes

Desuyment




technische universitat
dortmund

SFB 876 - Providing Information by
Resource-Constrained Data Analysis

End point prediction of
Basic Oxygen Furnace (BOF) converter processes

= Collaboration with SMS
Siemag, Dillinger Hutte

iy )
) Converter mUSt GB PILLINGER HUTTE /LanSthwingungsmessung
. Abgasanalyse <
achieve good values of | |
the key features T, | |

[%C], [%P], [%Fe]
= The features cannot be

measured during the £
p rocess. Leitsiemg) E Schallmessung
. . ,— Level't . )
= Prediction of the
features every second L ! Pyrometer
m :
of the process.

Zentralrechner
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Model learning and validation

Data Dillinger Hutte
350 GB (1 year production)
922 (553) charges
Feature extraction, selection
SVM learning offline
Model application online
Feature extraction online

ONE representation for online
and offline experiments, i.e.
always working on streams!

SFB 876 - Providing Information by
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Fe: error: 2,17 %
Temperature T: error: 18,38
C in PPM: error: 63,36

P in PPM: error: 29,44

Excellent learning results — but
what does it mean
in terms of money?
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Validation according to business impact

t, < t, actual before predicted
measurements

if process has been restarted A _
— prediction right romar

te > t; predicted before actual

restart
if quality not ok -
— prediction probably right
if actual quality ok |
— prediction wrong? e
possibly even better?

Look at outcome of similar cases
in the past process data!

Calculate the savings due to
machine learning.

> time

< ——
-
p
ot
~+
o
- ——
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Concept drift

Sensors break down.

Wear of tuyeres or lance tip
(age of converter lining)
slow concept drift over a
series of BOF processes.

During processing, learning is
impossible.

SFB 876 - Providing Information by
Resource-Constrained Data Analysis

Many models must be
available -- ready to use!

Train models for missing
features offline.

Switch to a model that
does not use the missing
feature online .

Model selection in real-
time!
Cyclic concept drift —
exploit the repetition!
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Model Management in the steel production

error

When the error of predictions exceeds the acceptable range, the processes
are used for learning a new model from the newer data.

We assume a cyclic concept drift, e.g. after several processes, model A
decreases and model B is better suited for the aged lance.

_ application of
learning of new
model B model B

\//\/ —

lance lance
campaign 1 campaign 2

time
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Changing process parameters accordingly

= What is the prediction, if some material is added?
= Online optimization in real-time using the set of learned models!

Datei  Mend | ? |Q
Dienstag
Elsi'lflﬁli t—U technische universitat ‘éE’ DILLINGER HUTTE 27052014
- | ot ‘ 09:25:18
Dialoge Mena Data Mining GUI
Fliissiges Rohei Stahl Temperatur [°C] Phosphor [%]
Riaiaed Gewicht t Ziel Vorh it Korrekt
- ewicl 153 ie lorhersage mit Korrektur 1800 0.02
o Temp 1240 °C Temp 1740 1720 1738 °c
9159 C 443 % C 0.025 0.033 0.031 %
Enkodierung P 0.10 % P 0.014 0.012 0013 %
System Text UTF8Encoding || SI 041 ' % 1700 0.011
Status Mn 054 %
.Verbunden Schlacke
Fe 18 183 182 % 1600 ' - 0 :
Prozess Info Vorhersage mit Korrektur Vorhersage mit Korrektur
Chargennummer
2396936.0 Einsatzstoffe
Chargenbeginn . Masse [kg]
s Zel | Komekdur 0 1000 2000 3000 4000 5000 6000 7000 8000
Kohle 0 0 kg . 1 1
(R S Fesi 901 151 | kg
27:05:2014 09:25:19 Kohle 4
Dolomit 0 0 kg
Kalk 7356 454 kg
02 6583 9149 9463 Nm?®
FeSi
Dolomit -
Kalk
024
0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000 11000 12000
Volumen [Nm?]

e @A o
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Summary

= Collaborative research center
SFB 876 basic research for

= Streaming data
Astrophysics
= Anomaly detection
= Feature and anomaly
weighting
Injection molding
= Quality prediction
= RapidMiner preprocessing
Rolling mill
= Quality control

= Model management for
concept drift and process
optimization.

a

Value

SFB 876 - Providing Information by ’7
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How can we
make it happen?

What
happened?

.

Difficulty
Gartner

Getting the data right
is the main task!
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