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• what unknown processes are acting 
(i.e., did we found all processes that exist)?

• whether the found processes actually work as thought

Research Questions



time series data sensor event data image data

Research Domains
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Smart Applications: 
Integration of Techniques

source: https://captn.sh/



Further projects in which we are involved…

MARISPACE-X: Smart Maritime 
Sensor Data Space X

Quelle: https://captn.sh/

https://www.futureocean.org/en/cluster/aktuelles/meldungen/2021/2021_08_25_MARISPACE-X_erfolgreich.php



predict the hazards of cyanobacteria 
with the purpose of exploratory 
visualization of diverse conditions

predict the behavior of viromes

Further projects in which we are involved…

time series data image data

Process mining on image data
to detect anomalies in the
behavior of pigs



Challenge

• How to bridge the gap between raw data and process (model) 
discovery?

Raw Data
Process Model 

Discovery
???



Characteristics of Business Processes

• activities are connected to each other via acting persons, machines, 
document flows, resources, etc.

• activities are executed by persons or by machines in a specific 
order to perform certain tasks.

• a business process might have structured, weakly structured and 
unstructured components (sub-processes).



Process model 
(or process definition, process schema)

• describes the structure of a real business process

• specifies all possible paths along a business process

• specifies the rules for choosing a path

• specifies all activities that must be executed

A process model is a template. 
Starting from there all process instances are initiated.

Process Model



Short Recap: Process Mining

Input OutputVerfahren

event log

event log

event log

diagnosis

new model

Approach

Discovery

Conformance

Enhancement



Process Mining – Event Log

• Case ID

• Activity

• Time stamp (start and/or end)

• Additional attributes (e.g., role, costs)



Process Mining – Event Log

<log xes.version="1.0" xmlns="http://code.deckfour.org/xes">

<trace>

<event>

<date key="time:timestamp" value="2010-12-30T11:02:00.000+01:00"/>

<string key="Activity" value="register request"/>

<string key="Resource" value="Pete"/>

<string key="Costs" value="50"/>

</event>

<event>

<date key="time:timestamp" value="2010-12-31T10:06:00.000+01:00"/>

<string key="Activity" value="examine thoroughly"/>

<string key="Resource" value="Sue"/>

<string key="Costs" value="400"/>

</event>

<event>

<date key="time:timestamp" value="2011-01-05T15:12:00.000+01:00"/>

<string key="Activity" value="check ticket"/>

<string key="Resource" value="Mike"/>

<string key="Costs" value="100"/>

</event>

</trace>

<trace>

<event>

<date key="time:timestamp" value="2011-01-06T15:02:00.000+01:00"/>

<string key="Activity" value="register request"/>

<string key="Resource" value="Pete"/>

<string key="Costs" value="50"/>

</event>

<event>

<date key="time:timestamp" value="2011-01-07T12:06:00.000+01:00"/>

<string key="Activity" value="check ticket"/>

<string key="Resource" value="Mike"/>

<string key="Costs" value="100"/>

</event>

<event>

<date key="time:timestamp" value="2011-01-08T14:43:00.000+01:00"/>

<string key="Activity" value="examine thoroughly"/>

<string key="Resource" value="Sean"/>

<string key="Costs" value="400"/>

</event>

</trace>

</log>

Log
Trace

Trace

Event

Event

Event

Event

Event

Event
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 Focus

Data 
acquisition and
sensor network
methods (IoT)

Pattern mining

Process mining

Data driven Identification of 
Process (Models)



Data-driven Process Analysis: Approach

Data 
Source

Raw 
Data

Data 
Aggregation

Event 
log

Process
Model



Three Areas of Research

Data Quality:
Noise/Outlier

Synthetic
Log Generator

Human-in-the Loop

unsupervised

Quality



True or False ?

• A business process has only structured components

• A process model describes the structure of a real business process

• Process mining is restricted to the discovery of process models from
business events

• Human-in-the-loop requires human interaction



 Focus

Data 
acquisition and
sensor network
methods (IoT)

Pattern mining

Process mining

Data driven Identification of 
Process (Models)



Process Discovery from Sensor Event Data

• Room plan

• Sensor types
• M = Motion
• T = Temperature

• data set: http://casas.wsu.edu/datasets/

4

http://casas.wsu.edu/datasets/


Challenges

• What is an activity?

• What is a start/end activity?

• Unlabeled log hampers validity

• A lot of noise/ data quality issues

• Find suitable cluster technique

• Distance between sensors

• Activity duration of sensors

• Order of activities

u immer Reihenfolge der Sensoren innerhalb einer Aktivität

• How to validate the discovered processes?

• Several entities

5



Challenges
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From Sensor Event Data to Process Models

D. Janssen, F. Mannhardt, A. Koschmider, S.: Process Model Discovery from Sensor Event Data. ICPM Workshops 2020: 69-81

D. Janssen, A. Koschmider, F. Mannhardt: The Road from Sensor Data to Process Discovery and back, submitted, 2022



Sensor 
Event Data

Data extraction
• Data set
• Filtering & adjacency matrix

Vectoring
• Construct blocks (according to sensors, time, room)
• Construct vectors (according to quantity, time)

Clustering
• K-means/Self-Organizing Map/Auto encoder
• Own distance calculation
• Threshold
• Pseudo labeling

Partitioned
Event Log

7



• Quantity fix, time variable: 5 sensors are considered a block

• Time fix, quantity variable: 20 seconds are considered a block 

Block: {M003, M003, M002, M003, M002}

Block: {M003, M003, M002, M003, M002}

8

Sensor 
Event Data

Partitioned
Event Log



Partitioned
Event Log

Process
Activities
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What is a suitable Start Activity?

Bed
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Door
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Process
Activity

Process
Model

Activity

Case Time Label Inst.
Life 

Cycle

1 11:01 Cooking 1 S

2 11:01 TV 2 S

1 11:33 Cooking 1 C

… … … … …

Process Mining

59

46

4
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87

65

79

14

370

106

15

7

16

7

4

273
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140

111

64

65
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381

40
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8
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Cook/Wash dishes
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End

Get in/out 

bed NW
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Get in/out 

of bed/desk
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Go to 

toilet
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Sitting

558

Sleep

15

Sleep in 

bed NW

7

Sleep in bed

16

Sleep/Go in/out 

bed NW

16

Start

Use bathroom 

for shower/sink

50

Walk between 

rooms

909

Walk entrance/

stairs/storage

273

Walk upper 

hallways

439
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Process
Model

Model 
Quality
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Entropia & 
Hyperparameter 

Optimization
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Integral timeseries:

Variable winds…

…change currents…

…cause upwelling…

…with impact on temperature

Example from a 1/20° Atlantic model

VIKING20X simulates time-varying currents & 

temperatures for the 3D ocean under changing winds

4D data set

Traditional approach: time series analyses, spatial

correlations, sensitivity experiments



Process Discovery for Time Series Data

T. Ziolkowski, A. Koschmider, R. Schubert, M. Renz: Process Mining for Time Series Data: 
Insights into Ocean Processes, submitted, 2022



Traditional Analysis vs. 
Process Mining-Based
2/2
• Predictive analytics: our approach allows understanding temporal 

pattern/trend in what is being measured. In natural science like 
ocean science it can even give an early indication on the overall 
direction of a typical ocean cycle, which is hardly to predict with 
traditional approaches in ocean science

• Outlier detection: outliers detected in a dataset can help prevent 
unintended consequences and point to new processes. 



Raw 
Data 

Region

generate convert

Domain specific format

Measurements of:
• water temperature
• windstress
• vertical and horizontal

flow rate

Extract and map
values in csv-Format to
prepare for further
process analytics

Climate data
(2015-2019) of

Region:

21-17 °W
14-18 °N

Data

Data 
Aggregation

foto source: https://desktop.arcgis.com/de/arcmap/10.3/manage-data/netcdf/fundamentals-of-netcdf-data-storage.htm



Distance matrix:

Result of Clustering:

Event log:

Data 
Aggregation

Event
Log



Event
Log

Process
Model



Process Mining on Image Data

Data Selection

Preprocessing

Video 
Data

Feature
Transformation

Activity Recognition

Contextualization
Event 
Log



Example (128x128 Pixel)



Example (128x128 Pixel)



Example (128x128 Pixel)



Example (128x128 Pixel)







Pig positions over 1h



Pig movement traces



Privacy in Data Analytics

G. Elkoumy, S.A. Fahrenkrog-Petersen, M. Fani Sani, 
A. Koschmider, F. Mannhardt, S. Nuñez von Voigt, 
M. Rafiei, L. von Waldthausen: Privacy and 
Confidentiality in Process Mining - Threats and 
Research Challenges,  ACM Transactions of
Management Information Systems, 2022 akzeptiert

F. Mannhardt, A. Koschmider, N. Baracaldo, 
M. Weidlich, J. Michael:
Privacy-Preserving Process Mining -
Differential Privacy for Event Logs. 
Business & Information Systems 
Engineering 61(5): 595-614 (2019)

S. Nuñez von Voigt, S.A. Fahrenkrog-Petersen, 
D. Janssen, A. Koschmider, F. Tschorsch, F. 
Mannhardt, O. Landsiedel, M. Weidlich: 
Quantifying the Re-identification Risk of Event 
Logs for Process Mining. CAiSE 2020: 252-267
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K. Kaczmarek. Koschmider: Conceptualizing a Log 
Generator for Privacy-aware Event Logs. 
In: TPSA Workshop 2021



Summary

• What unknown processes are acting 
(i.e., did we found all processes that exist)?

• Whether the found processes actually work as thought


