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Research focuses
Data Analysis and Intelligence

Anomaly detection
in time series

Detection and classification of
abnormal behavior or outliers
in time-based data

vaS

Causal inference

Data-based analysis of
cause-and-effect relationships
and attribution

DLR Institute of Data Science, Jena

Adaptation of large
language models

Fine-tuning, pruning, knowledge
distillation, etc. for the
development of state-of-the-art
Al models for DLR applications

Explainability and
uncertainty estimation
in Al systems
Increasing confidence and

traceability in machine
learning predictions

Ik

Knowledge-integrating
data analysis

Combination of domain-specific
knowledge and rule-based
algorithms for data analysis

%

Hybrid quantum-high

performance computing

Combination of quantum
machine learning and high-
performance computing
for anomaly detection

A\

Image and point
cloud analysis

Pattern recognition and
information generation
from 2D and 3D data

Pis

Human Factors
and Transfer

Increasing technology acceptance
through co-creation, persuasive
technology, Acceptance-by-Design,
etc.
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Bio-regenerative Life Support
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" Input: CO2-rich air (respiration), water (recycled grey water), nutrients, light

" Output: O2-rich air, water (dissolved in air as RH), nutritious biomass, mental well-being
" Goal: Creating a symbiosis between plants and humans

Michel Fabien Franke, Institute of Space Systems, 2024/09/04



Our Research Projects

EDEN ISS & LUNA, LAM-GTD

)
EDEN ISS ,, EDEN LUNA (’//@
NV of /

A container-sized plant cultivation test Life extension of the EDEN ISS system LAM is the attempt to take BLSS one
facility in Antarctica. with fully redesigned subsystems and a step closer to space. It is a cargo

The system was built to demonstrate refurbished container. Attached to the module which turns into a lunar

and validate key technologies and LUNA analog facility in Cologne, greenhouse once it reaches the Moon.
procedures necessary for safe food end-to-end operated by and DLR/ESA The GTD is developed with space

production within a (semi-) closed employees & astronauts. standards and requirements in mind, but
system. operated on Earth.

Michel Fabien Franke, Institute of Space Systems, 2024/09/04



2. ANOMALY DETECTION IN TIME
SERIES




Anomaly Detection in Time Series 4#7
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Ferdinand Rewicki, German Aerospace Center (DLR), 04.11.2025



Anomaly Detection in Time Series
DLR
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Rewicki, F., Denzler J., & Niebling, J.: "Is it worth it? Comparing MDI DAMP MDI DAMP
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detection in time series." Applied Sciences 13.3 (2023): 1778.

Ferdinand Rewicki, German Aerospace Center (DLR), 04.11.2025




Anomaly Detection in Time Series
DLR

Detected univariate anomalies Detected multivariate anomalies
by MDI

by MDI

jointly
5.3%

jointly
7.5%

by DAMP

by DAMP

Rewicki, F., Gawlikowski J., Denzler J., & Niebling, J.: "Unraveling anomalies
in time: Unsupervised discovery and isolation of anomalous behavior in
bio-regenerative life support system telemetry.”, ECML-PKDD 2024,

Ferdinand Rewicki, German Aerospace Center (DLR), 04.11.2025
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Time Series Clustering
DLR
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Ferdinand Rewicki, German Aerospace Center (DLR), 04.11.2025




Time Series Clustering
DLR
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Time Series Clustering
DLR
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Time Series Clustering
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Ferdinand Rewicki, German Aerospace Center (DLR), 04.11.2025




4. ADAM SUBSYSTEM

Michel Fabien Franke, Institute of Space Systems, 2024/09/04
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ADAM Subsystem %

Functional Requirements

" Detect wide range of anomlaous behavior in telemetry data stream
" Classify recurring anomalous behavior
" Collect user annotations

Technical Requirements

" Run on-premise inside Mission Control Center MCC
" Scale along available hardware and power budget
" GUI for inspection and annotation

Ferdinand Rewicki, German Aerospace Center (DLR), 04.11.2025



ADAM Subsystem DLR
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How i1t works — Annotation & Classification

ADAM

AnomalyDB

AnomalyDB

F

GUI

Shows "unresolved”

anomaly entries
from AnomalyDB

pdates anomaly ;
with annotation "False
Positive Result” and
Mo status "resolved”

Updates anomaly u;
with expert annotation
and status "resolved”

Expert / User

Adds Anomaly Class

Yes Annotation

is 12; & true anomaly?

¥ Dehumidifier broken | X Human intervention needed

Ferdinand Rewicki, DLR-DW, 15/10/2025
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Thank you for your attention

https://www.canva.com/photos/MAFmYPIOP- ‘,
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