
Math Dual e.V. 

Data Science & Big Data

Björn Tings1, Karl Kortum1, James Imber1, Dmitrii Murashkin2,1

1Deutsches Zentrum für Luft- und Raumfahrt e.V. (DLR)
2University of Bremen



Catching slide

> Mathe Dual e.V. - Data Science & Big Data > Björn Tings, Karl Kortum, Dmitrii Murashkin, James Imber •  Lecture > 02.06.2021DLR.de  •  Chart 3

#12

#9

#13

#1

#11

#2



History

> Mathe Dual e.V. - Data Science & Big Data > Björn Tings, Karl Kortum, Dmitrii Murashkin, James Imber •  Lecture > 02.06.2021DLR.de  •  Chart 4

19411837 1943 1950 1951 1955 1956 1964

AIs beating (world-class) players in various games

1MB1000$ for 100KB 1GB 1TB 500TB

…



History

> Mathe Dual e.V. - Data Science & Big Data > Björn Tings, Karl Kortum, Dmitrii Murashkin, James Imber •  Lecture > 02.06.2021DLR.de  •  Chart 5

19411837 1943 1950 1951 1955 1956 1964

AIs beating (world-class) players in various games

1MB1000$ for 100KB 1GB 1TB 500TB

…

Researchers were thinking ahead of time

Computation power today now makes 

exploitation of potential of AI possible

Humanity has to deal with pros and cons
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StatisticsArtificial Intelligence 

Data Science 

Machine Learning

Data Mining

Deep 

Learning

Big Data

Robotics

Autonomous Software (Agents)

etc.

Hypothesis Testing

etc.



Data Science & Big Data

• Statistics:

• Field of mathematics, which deals with the description and understanding of empirical data:

• Collection, organization, analysis, interpretation, and presentation of data

• This is also part of data science

• Pure mathematical statistics without data science:

• Proving of hypotheses by mathematical methods like analysis or algebra
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Data Science & Big Data
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• Artificial Intelligence:

• Term was founded in 1955 as a new academical discipline

• IBM defines AI as follows:

“Artificial Intelligence enables computers and machines to mimic 

the perception, learning, problem-solving, and decision-making capabilities of the human mind.“

The level of intelligence does not matter for a machine to be intelligent.

• But: AI effect: After a new capability is achieved by an AI’s, it is often not considered as intelligent 

anymore. The capability becomes self-evident and is not surprising anymore. 

Larry Tesler: “AI is whatever hasn't been done yet.”

• Tasks not achievable by humans are normally part of the subfield of Data Science.



Data Science & Big Data

• Data Science:

• Intersection field of Artificial Intelligence and Statistics

• Combines methods for the extraction of information from data

1. Input (Collection & Organization)

➢Includes generation, preparation, storage, pre-processing of data, etc. 

2. Processing (Analysis)

➢Includes modelling, simplification, augmentation of data, etc.

3. Output (Interpretation & Presentation)

➢Includes displaying of statistical properties, representation of models, charting of results, etc.

• Additionally includes topics for handling of data, mainly IT-related not covered by AI or Statistics

• Machine Learning, Deep Learning, Data Mining and Big Data are subfields 

• Discrimination of subfields is not distinctively possible, subfields are overlapping
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Data Science & Big Data

• Machine Learning 

• Complex statistical algorithms, which are learning from so called “training” data
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Data Science & Big Data

• Buzzwords:

• Deep Learning

• Subfield of Machine Learning comprising even more complex statistical algorithms

• Require huge amounts of computation power for learning

• Data Mining

• Collection/Production of data from different sources

• Analysis of data to extract additional information (input and output is data)

• Big Data

• Subfield of Data Mining, dealing with massive amounts of data

• Optimizations for processing and storage of large datasets

• Consideration of data privacy 
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Machine Learning

Supervised Learning

Data is labelled (every input has 

a given desired output).

Example Tasks:

• Classification

• Prediction/Regression
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Unsupervised Learning

Data needs no labels.

Example Tasks:

• Dimensionality Reduction

• Clustering

• Association

Reinforcement Learning

Feedback is generated from the 

task at runtime.

Example Tasks:

• Self-taught AI



Task: Given an Image of either a Llama or a duck, return the animal’s correct species.

Training:

Input:

(      ,      ,      ,      ,  …  ,      ,      ).
Output:

(  0  ,  1  ,  0  ,  0  ,  …  ,  1  ,  1  ),
With 0 = llama, 1 = duck.

Supervised Learning Example: Classification, Llama or Duck
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Task: Face ID, e.g. recognise whether or not Bob or Frank is in a given image.

Supervised Learning Example: Classification, Facial Recognition
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1

2

0

1

with 2 = Frank, 

1 = Bob, 

0 = not Bob

64 x 64 x 3

1 x 1 x1
64 x 64 x 3
128 x 128 x 3

128

128
RGB

Input:
Output:



Unsupervised Learning Example: Clustering
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Task: Given a collection of colour swatches, sort them into two/three different groups.

Training:

Note: One needs to introduce some metric of similarity. Here for example Euclidian distance between the 

RGB vectors could be used. The resulting model can associate any new colour to any of the groups 

immediately.

3 Clusters

2 Clusters



Unsupervised Learning Example: Dimensionality Reduction
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Task: Given an image of a circle find a three-dimensional parametrisation of the Image.

Training:

64 

x 

64

3 x 1 64

x 

64

Input: Output:

~ hopefully,

after training

IMPORTANT: The radii, background colour and fill parameters are NOT given as training data. The method  

learns this (or an equivalent) parametrisation itself. As input == output, no labels are required.

rad. = 32, 16, 8

bg. = b, r, r

fill = y, n, y



Reinforcement Learning Example Videos: Cartpole
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Source: https://www.youtube.com/watch?v=XiigTGKZfks , Author: PilcoLearner

https://www.youtube.com/watch?v=XiigTGKZfks


Reinforcement Learning Example: Cartpole
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Task: Train an AI cart, that can balance a pole on its end by moving back and forth.

Training: Iterative Process. Agents attempt to balance the stick (select action with best predicted quality), 

getting rewarded depending on how well they did. Then they learn to predict the quality of an action, in 

essence trying to predict the action that will give the highest reward. In this case the higher the pole is, the 

better the reward will be, causing the agent to try and keep the pole up as long as possible.

Agent attempts to 

balance the pole, 

selecting actions 

with best predicted 

quality. Memorises 

feedback and 

states.

IMPORTANT: Feedback/reward is generated ‘automatically’ by the environment, thus no labels are needed.

Agent has some 

memory of the 

feedback given and 

then learns to 

predict quality 

using feedback 

(Supervised 

Learning).

agent learns 

from memory

agent vs 

environment



Reinforcement Learning Example Videos: Hide & Seek
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Source: https://www.youtube.com/watch?v=kopoLzvh5jY, Author: OpenAi

https://www.youtube.com/watch?v=kopoLzvh5jY


IMPORTANT: Feedback is generated ‘automatically’ by the environment, thus no labels are needed.

Reinforcement Learning Example: Chess AI, Genetic Algorithm
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Task: Train a working chess AI, that learns by only playing against itself.

Training: Iterative Process. Agents play vs other agents  - this is the ‘environment’. Winning agents move on to 

the next iteration - winning is the ‘feedback’.

child

agent

high

perfor

mer

agent VS agent

Agents play chess 

against

one another.

Best performing agents are kept.

High performers 

spawn new similar 

child agents.



Break – Questions?
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Big Data

• Exponential growth of data –

ExaBytes per day! (1018Bytes)

• Very little data will ever be viewed by a human

• Automated processes for data ingestion, 

reduction, analysis

• Not just large, but complex

• Big data is not in databases
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Source: CSC, IDC



Big Data – The Five V`s
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Big 

Data Value: The Data 

contains useful

information

Volume: Large, can

constrain complex

models, representative

Variety: Structured 

and unstructured, text

and images

Veracity: Data quality, 

reliability

Velocity: Rapid 

generation, 

processing, publication

(->NRT/RT)



Big Data – The Five V`s
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Big 

Data

Volume: Large, can

constrain complex

models, representative

Variety: Structured 

and unstructured, text

and images

Velocity: Rapid 

generation, 

processing, publication

(->NRT/RT)



Big Data - Volume (Data Storage)

• Data distribution networks → Code distribution 

networks (containerization)

• It used to be that data was moved to desired 

processor running the code

• Now the code is moved to the data storage

• Data Storage requirements

• Scalability (quickly and flexibly)

• Redundancy (resilient and persistent)

• Accessibility (query time independent of scale 

and location agnostic)
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Global Energy Usage

By Data Centres:

Power usage effectiveness:

Carbon usage effectiveness:

𝑃𝑈𝐸 =
𝑇𝑜𝑡𝑎𝑙 𝑃𝑜𝑤𝑒𝑟

𝐼𝑇 𝐸𝑞𝑢𝑖𝑝𝑚𝑒𝑛𝑡 𝑃𝑜𝑤𝑒𝑟

𝐶𝑈𝐸 = 𝑃𝑈𝐸 ×
𝐶𝑂2 𝑒𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑠(𝑘𝑔)

𝐸𝑛𝑒𝑟𝑔𝑦(𝐾𝑊ℎ)

1.2 3.0

205 TWh in 2018*

Total German Energy Production in 2018: 

592.3 TWh**



Big Data – Velocity

• Data is being produced at unprecedented rates

• Data can be large and time sensitive

• trending topics from tweets

• fraud detection in financial transactions

• Data age/relevancy based storage/access

• Hot, warm, cold

• Uninterrupted data ingestion (Feed the beast!)

• Bound to high speed   response

decision making
action 

➢ Data needs to be processed as fast as it is 

generated
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• Text, numbers, images, 

audio, video, meta-data …

• Structured vs. Semi-structured vs. Unstructured

• Missing entries/sparse data

• How can such diverse datasets be used 

together effectively? – Data fusion 

Big Data – Variety
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Big Data – The Five V`s
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Big 

Data Value: The Data 

contains useful 

information

Veracity: Data quality, 

reliability



Big Data – Veracity (Data Quality)

• Always important, but critical for automated, empirical analysis (without theoretical underpinning)

• Completeness/sampling

• Bias

• Confirmation bias

• Selection bias

• Outliers/Anomalies

• “Look elsewhere”

• …

• Often easier to correct bias during the data taking than account for it in the analysis
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Correlation: 0.989705

The larger the dataset, the more likely for correlations to appear!



Big Data – Value

• Is the data actually useful?

• What kind of analyses can be performed?

• Is there a market for the results?

• How can the value of data be quantified?

• Valuable features:

• High statistics, Completeness, Real-time processing

• Large amounts of data are being wasted

• 60% of companies reported more than half of data unused
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It may be that these 

questions are only 

properly answered after 

the fact

European Commission 

forecasts value of the data 

economy in EU27 to be 

€829 billion by 2025 



Big Data – Privacy

• All records are now digital and data is a commodity

• Medical data

• Financial data

• etc.

• New risks and vulnerabilities emerge regularly

• How can privacy be maintained?

• Data level

• Anonymization/tokenization

• Randomization

• Encryption

• System level

• Uniform procedures and regular testing

• Security patching

• Distributed data (no one can see everything at once)
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New solutions will also come from Big Data!

86% of breaches are financially motivated

22% of breaches involve Phishing

In a 2020 survey: 49% of businesses had 

experienced a data breach, 26% had been 

breached in the past year.



Big Data – Summary 

• The successful use of Big Data is not about implementing a particular technology, but a series of 

technologies implemented in a pipeline backed-up by processes and institutional culture
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Data Science Tools

• GUI interfaces (no programming skills needed):

• Weka (demonstrated at the end if enough time)

• RapidMiner (commercial, but free for academic purpose)

• Languages

• Python with scikit-learn

• R

• IDL (commercial)

• MATLAB (commercial)

• C++ with ROOT /by CERN

• Julia

• Deep learning

• TensorFlow + Keras (C++, Python, other languages supported unofficially) /by Google

• Torch (Lua, Python) /by Facebook

• Also: Neural network playground: https://playground.tensorflow.org
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Demonstration of Weka
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Example: Sea Ice mapping

Sentinel-1 Synthetic Aperture Radar (SAR)

● year-round imaging, independent on weather conditions

● good coverage over the Arctic at 40 meter resolution and 
400 km swath width

● White spots ono top are island, fractured area at bottom 
left are ice flows
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Optical image SAR image
(pseudocolor)

co-polarization band cross-polarization band

manual labels,
unlabeled areas are blue

Classification:
● preprocessing
● texture descriptors calculation
● classifier training
● classifier prediction



Example: semi-automatic classification
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Sentinel-1 co-pol band

Sentinel-1 cross-pol band

Predicted labels

Franz Josef Land



Example: automated classification
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Sentinel-1 co-pol band

Sentinel-1 cross-pol band

Predicted labels

Greenland



Book recommendations

Basics about Machine Learning can be learned from the following books:

• “The Elements of Statistical Learning: Data Mining, Inference, and Prediction” by Trevor Hastie, Robert 

Tibshirani and Jerome Friedman (https://web.stanford.edu/~hastie/ElemStatLearn/)

• “An Introduction to Statistical Learning: With Applications in R” by Gareth James, Daniela Witten, Trevor 

Hastie and Robert Tibshirani (https://ebooksbag.com/pdf-epub-an-introduction-to-statistical-learning-

with-applications-in-r-download/)

Be aware that the field of data science is evolving quickly. Books can only introduce the field, but are hardly 

state-of-the-art.
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https://web.stanford.edu/~hastie/ElemStatLearn/
https://ebooksbag.com/pdf-epub-an-introduction-to-statistical-learning-with-applications-in-r-download/


Thank you!
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