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2008:  Founded by 
CERN Data 
Scientists

Since 2011:  Award-
winning retail 
solutions

2014:  International 
expansion, predictive 
applications



LHC: 
27km Umfang

Photos: CERN, Blue Yonder

Blue Yonder History: Founded by CERN physicists 



2014 Award for “Most 

Innovative Use of Data”:

Award 2012

 Digital Innovation

Blue Yonder Predictive / Prescriptive Analytics- Applications

2015 : 50 innovativste 

Unternehmen der Welt:



www.datascienceacademy.eu



The key to becoming a 
better company are better 
decisions. The key to better 
decisions is using your own 
data.



All Things Become DataEverything becomes data



Fußzeile ändern via EINFÜGEN>KOPF- UND FUSSZEILE
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Der Big Data Markt
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Der Big Data Markt
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Data Science is the sexiest Job

Source: HBR

Data Science is the sexiest Job …

https://hbr.org/2012/10/data-scientist-the-sexiest-job-of-the-21st-century/


07/08/15
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Data Scientists are unicorns

Source: Flickr (by J. Farthing, CC)

Source: guardian.co.uk

Data Scientists are unicorns …

https://www.flickr.com/photos/ravenjan/2409865739/in/photolist-4EXc8i-8j3BGv-6gAK8q-b1hbnX-9m7M7g-dKgs1i-gt91RN-7Kj3RD-eF4YL4-eF536c-eFb8rS-rcpYSQ-eF59j6-eF58yD-eF57JH-eF54dP-a71R4q-dw6wgp-5hx72x-fHZSqn-c6KU8Y-4p45xY-8cpEEu-Asbu5-dVUvaP-CFNaK-9kWWFf-8kiDCd-5jrvmr-ouWCEp-qdDTUJ-c1NBPG-q26jj1-qcKr7Y-fahiKd-DxGDL-CFNaQ-qnYmtm-8dThEH-fPGzNp-48HzHH-3XspP7-7u71uv-CQWe4-oEiwfS-dHrA2g-CQWe3-5pU3oT-eF56ci-6gxPKX
https://creativecommons.org/licenses/by/2.0/
http://www.theguardian.com/media-network/2015/feb/12/data-scientists-as-rare-as-unicorns


Source: Wikipedia.org 

(Netscape, Mosaic, 
Silicon Valley 
Venture Capital, …)

The „Big Data“ Promise 
„Software is eating the world“

Source: New Scientist/ 

Source: Harvard Business Review/ Source:  
Smithsonian 

Data Science will transform our world
„Software is eating the world“ 
(Marc Andreessen - 2011)

http://www.newscientist.com/article/mg22630151.700-ai-interns-software-already-taking-jobs-from-humans.html
https://hbr.org/2015/04/heres-how-managers-can-be-replaced-by-software?utm_source=feedburner&utm_medium=feed&utm_campaign=Feed:+harvardbusiness+(HBR.org)
http://www.smithsonianmag.com/smart-news/computers-are-getting-better-identifying-artists-art-historians-are-180955241/?no-ist


The „Big Data“ Promise 
„Software is eating the world“

Qualification as  
maintenance engineer : 

New EU wide industry norms  

• DIN EN 13306 
Terminology 

• DIN EN 15628 
Qualification of personnel 

• DIN EN 15341 
KPI 

• …

Source: New Scientist

Data Science will transform our world

http://www.newscientist.com/article/mg22329764.000-the-ai-boss-that-deploys-hong-kongs-subway-engineers.html


The „Big Data“ Promise 
„Software is eating the world“

Source: Guardian

Data Science will transform our world

http://www.theguardian.com/business/2015/jun/16/computers-could-replace-five-million-australian-jobs-within-two-decades


Predictive Applications

Foresight

Hindsight

Strategy

Execution

Predictive & 
Prescriptive 

Analytics

Business 
Intelligence

Dashboards & 
Visualization

Predictive 
Applications



Headline, Arial, 24pt 
Subline, Arial, 18pt (manuell anzupassen)

controller

Data delivery

Decisions & Actions

External  
factors

Predictive Application 

Predictive Applications 
Enable Ongoing Optimization



Humans are not capable of making 
statistical and quantitative decisions 
correctly on a permanent basis. They get 
frequently deceived. 
-- D. Kahneman (Nobel Laureate for Behavioral Economics and author of “Thinking 
Slow and Fast”

D. Kahneman 
Behavioral Psychologist and Nobel Laureate

The truth about human decisions….



Impact of Decision Automation
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Prescriptive Analytics Automated Decisions

Out of stock rate at a major German supermarket

5% average Out of Stock Rate

0,5% average Out of Stock Rate



IoT: Technology Pyramid

Sensors

Machines
Devices

Connectivity

Big Data 
Platform

Smart
Services

Big data software framework with 
multiple tasks: collect, combine, predict,
capability that different frameworks can connect

Goal of every smart service is to automate
decisions based on validated data:
build and derive predictive applications

Gateways which allow to connect to the internet 
wireless or wireline 
mastering heterogeneous protocols 

Sector specific devices, often the core business 
of device manufactures
device centric optimization

Tracking the information by using an efficient
 embedded devices
smaller, faster, cheaper, source: goetzpartners



Clash of IoT Software 
Philosophies

Sensors

Machines
Devices

Connectivity

Big Data 
Platform

Smart
Services

Top Down View:
Digital business transformation

Core philosophy: agile, try out, 
uncertainty

Delivery model: X-as-a-Service

source: goetzpartners

Bottom Up View:
Product/data centric approaches

Core philosophy: specification, 
guarantees 

Delivery model: software, hardware,  
knowhow



USE CASE: STEEL PRODUCTION 

▶ Complex sensor network exist for quality 
monitoring: chemical analysis data, quality checks , 
video streams. 

▶ Blue Yonder’s predictive process has the task to 
predict quality fluctuations. Goal is to separate 
effects which can be optimized and effects which 
can be predicted. 

▶ Long term goal: real time processing. 

*Source: www.iprodict.com

Production line optimisation
iProdict



19.08.1422

Intelligent Process Prediction  
Optimization and control of the steel bar production 
process at Saarstahl AG. Prediction of expected final 
steel quality during production process. 

Value potential 
Avoiding unnecessary processing steps and energy 
costs for steel with final low quality. 

Blue Yonder’s contribution  
Real-time quality prediction with structured  and 
unstructured data. Data input are preprocessed real-
time video data together with process data gathered 
during production process.

Production line optimisation
iProdict



19.08.1423

Delivers business use case and data provider

Responsible for integration in business process logic

Real time quality prediction with structured  and unstructured data

Project leader and experts in innovative business logic design 

Expertise in Big Data infrastructure and analytics

Video pattern recognition preprocessing for input BY

Title:   iPRODICT  
  Intelligent Process Prediction based on Big Data Analytic 

Optimization and control of the steel bar production process at Saarstahl AG. For this a real time 
prediction of quality becomes mandatory with a seamless integration  with  respect to the deployed 
business process intelligence

Production line optimisation
iProdict



"Die intelligente Verwertung von Sensordaten und Auftragsparametern aus modernen 
Produktionsanlagen stellt eine der größten Herausforderungen im Kontext Industrie 
4.0 dar. Ziel des Projekts SePiA.Pro ist die Entwicklung und Erprobung einer 
standardisierten, offenen, Cloud-basierten Service Plattform. Besagte Plattform 
erlaubt es kleinen und mittleren Unternehmen, internetbasierte Dienstleistungen, sog. 
Smart Services, anzubieten und zu nutzen. Diese Dienste haben das Potential, 
Produktionsprozesse zu optimieren und einen Mehrwert bei allen Beteiligten zu 
generieren.” 

Production line optimisation
SePiA.Pro

Service	
  Plattform	
  für	
  die	
  intelligente	
  
Anlagenoptimierung	
  in	
  der	
  Produktion

(Pressemitteilung)

https://www.twt-gmbh.de/unternehmen/news/newsmeldung.html?tx_news_pi1%5Bnews%5D=155&tx_news_pi1%5Bcontroller%5D=News&tx_news_pi1%5Baction%5D=detail&cHash=a0127554238359b4207f1988caf314ee


Production line optimisation
SePiA.Pro

Pressemitteilung des BMWI

http://www.bmwi.de/DE/Presse/pressemitteilungen,did=720380.html


Production line optimisation
SePiA.Pro

production plant

Abstraction layer:  
R&D - production

users / customers / vendors

Industri
al  

Data Scie
nce  

Platform

Expert and domain  
knowledge



USE CASE: SPARE PARTS 

▶ Spare parts logistics is a delicate global task 
and a high degree of automation is very 
desirable.  

▶ Sales histories, stock levels, minimum stock 
levels, shipment times are available as 
continuous data. 

▶ Challenge is to find the right balance between 
spare part availability and cost of storage and 
delivery (for each single item). 

▶ Blue Yonder forecasts allow to optimize the 
optimal order quantity given constraints and 
risk / cost functions.

Spare parts optimisation



Stock vs. Demand pattern of spare part No. 27410924
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Stock vs. Demand pattern of spare part No. 27410924
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• pricey unplanned 
“emergency” delivery 

• unmet demand and out-of-
stock situation

• unnecessary overcapacities 
• cost of capital and storage 

cost

“emergency”  
delivery 100 pcs

Spare parts challenge



5%-Quantile 95%-Quantile

Sales in pcs10 20 30 40 50 60 70 800

Median

Mean

Blue Yonder Forecast

Asymmetric Cost Function

Cost of Storage Cost of Capital Emergency Deliveries Reputation loss

warehouse cost,  
expiry date

per piece and interest rate per piece / minimum order 
quantity

not quantified

optimal order quantity given  
• cost function 
•  probability distribution

Holistic optimisation



5%-Quantile 95%-Quantile
Sales in pcs10 20 30 40 50 60 70 800

Median

Mean

Forecasted expected value: number of 
pieces, which is sold on average

But a lot of days with higher sales

Quantity that needs to be kept in stock, so that the out-
of-stock rate of products is not more than 5%

The different point estimates of the probability density

for a single item and a predefined time-horizon

Holistic optimisation



shipment lead time

stock filled up 
 to 270 pcs

delivery of  
120 pcs

delivery of  
120 pcs

delivery of  
250 pcs

Stock vs. Demand pattern of spare part No. 27410924  
with BY suggestions
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►Gas turbines burn a lot of fuel during start up 

►Start ups are not always successful  

►Several conditions influence gas turbine operations 

►Hundreds of sensor data available 

►Most sensor data is not useful or redundant 

Scenario Description

Example: Gas turbines



Requirements /
Kickoff

Data 
cleansing / 
Sensor 
scoping

Statistical 
Analysis

Fleet bench-
marking

Sensor 
importance 
assessment

Prepare for 
roll-out

Initial 
predictive 
application 

Understand 
exactly what 
problem the 
organisation is 
trying to address 
with predictive 
analytics and 
whether 
predictive 
analytics can aid

Define which 
sensor data can 
be extracted 
from the 
organisation’s 
systems.  
Support IT in 
creating the 
extract and 
ensure data 
quality .

Statistical 
analysis to 
identify data 
quality. Gain 
deep data 
understanding 
and develop 
data stories.

Comparison 
across fleet 
members and 
identification of 
diversity and 
predictability of 
certain targets. 

Key for predictive 
applications is 
the proper 
handling of 
sensor data. 
Sensor data 
have to be 
ordered and 
analysed with 
respect to 
impact and 
significance. 

Build predictive 
models based 
on problem 
definitions and 
sensor data. 
Leverage 
domain 
expertise to 
optimize 
business case.

Define next steps 
to establish a 
continous 
predictive 
service.  
Find additional 
and related 
predictive 
application use 
cases.

St
ep

D
et

ai
l

O
ut

pu
ts • Signed 

requirements 
document 

• Business case 
hypothesis

• Data definition 
specification 

• Data extract

• Quality and 
feasibility 
insights 

• Data stories

• Identify 
diversity of the 
fleet

• Ranking of 
mandatory 
sensors

• Predictive 
analysis 

• Business 
Case 
validation

• Strategy 
proposal 

• Execution 
roadmap

5 work packages

Engagement Model: Sensor Data



Data Cleansing 
• Harmonize data representation (sensor metadata and engine metadata) 
• Treat typical data challenges (missing values, outliers, wrong values) 

Sensor Scoping 
• Verify identical sensors / labels validity across engines 
• Define events, triggers, decision-points, i.e. defined observation/target events 
• Map to comparable time steps (e.g. 5 minutes) and frequencies

Data foundation to work with: Smart data instead of big data

Data Cleansing / Sensor Scoping



% successful    
     startups 

engines

% cold/warm/hot 
     startups

descriptive analytics 
discover the right drivers for ROI

predictive analytics 
valuable action suggestions

Analytics



Optimize!startup!fuel!efficiency!by 2.5 %

Savings/ yr 1&Turbine 10,229 Euro
Fleet 1,022,853 Euro

Number&of&turbines&in&fleet 100 turbines

Avg.&&starts/yr 80 starts/yr
Avg.&&fuel/start&(to&MSL) 40,000 kg/start
Avg.&&start&fuel/yr&per&turbine 3,200,000 kg/yr
Fleet&avg.&start&fuel/yr 320,000,000 kg/yr

Natural&Gas&fuel&heating&value 45 MJ/kg
0.043 mmbtu/kg

Price 3 Euro/mmbtu

Avg.&&cost&start&fuel/yr&per&turbine 409,141 Euro/yr
Fleet&avg.&cost&start&fuel/yr 40,914,128 Euro/yr

Business impact
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The next frontier:

Require decision every 5 ns, whether 
data is important enough to be read out 

to a computer

NeuroBayesExpert@Hardware - Chip

R&D: KIT / Blue Yonder:

First massively parallel 
NeuroBayes-Hardware-Implementation 
runs with 2 billion decisions per second!

Predictive Applications on a chip



Predictive Applications on a chip: 
Decide before data can be processed by computers

Sensor



Platform Engagement with Industry Clients

Data

Data Science Experts

Data Scientists
Subject Matter Experts   

Business Owners

P
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rm
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la

tfo
rm

► secure 
► high availability 
► fast 
► (hosted in Germany)

Infrastructure
► predictions as a service 
► performance monitoring 
► model improvements 
► different SLAs

operationsjoint development

► BY data scientists  
► Client data scientists 
► modern development stack 
► predictive applications

B
lu

e 
Yo

nd
er

scientific excellence





one platform for 
► data collection 
► processing 
► decisions 

► batch/streaming 
► proprietary 

algorithms 

All in-one platform Joint Development Machine Data

joint development 
► BY data scientists 
► client know-how 
► scalable apps 

► combine the best of 
both worlds 

customized solutions 
► broad set of 

customizable 
functionality 

► steady development 
and adjusting to client 
needs 

► industry focus 

BY Platform for industry



Web: www.blue-yonder.com
Twitter: @byanalytics_en

http://www.blue-yonder.com
https://twitter.com/byanalytics_en

