Data Models in the Middle 77" 4

Keynote 7th International Workshop on Business Processes
Meet the Internet-of-Things (BP-Meet-loT)

prof.dr.ir. Wil van der Aalst
RWTH Aachen University
W: vdaalst.com T:@wvdaalst

P 2
| ), |
: \ 4
; “ Chair of Process
> e and Data Science




The Internet-of-Production @ RWTH

Wil van der Aalst (use only with permission & acknowledgements)
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~ 50 Mio €
~ 35 groups
~ 200 researchers

Production and
Computer Science

Main concepts: World-
Wide-Lab and Digital
Shadows

Process mining plays a
key role in loP
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The Internet-of-Production @ RWTH

Process Improvements (Costs, Time, Quality, Sustainability)
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Digital
Shadows

———l-'/

Analytics (e.g., Process Mining and ML)

Data Models and Unified Data

Production

Chair of Process
and Data Science
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Spectrum Internet-of-Production

Giinther Schuh

Christian echer

from a single machine ... ... to complete production systems
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The Challenge

The Tower of Babel by Pieter Bruegel (1563)
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Different languages

« different notations, terms,
etc.

» different disciplines
Working at different levels
 machine level

» process/system/chain level

This is not (just) a syntactical
problem!

When talking about (data)
models, a “middle ground” is
missing
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The Challenge
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Knime, RapidMiner,

S : : : Scikit-learn,
N T Artificial Intelligence (Al), Machine Learning PyTorch
Process Improvements (Costs, Time, Quality, Sustainability) . : y ,
(ML), Data Science (DS), etc. Techniques Tensorflow, Weka,

ProM, Celonis, etc.

Digital and Tools

Shadows ,‘ “Wﬁ?‘@qgi}@~ N :
\ /\ }, ‘ 4\ ,

(e.g., Process Mining and ML)

Data Models and Unified Data

aeyes .3-::.-1 ‘..n-ﬂﬂ \v/// \‘( \' )'(
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Application-specific data (often stored in an 80+ different
ad-hoc manner without unified access and data sources

using no or heterogeneous data models)
t mg Chair of Process
and Data Science
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The Challenge
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Knime, RapidMiner,

S : : : Scikit-learn,
Process Improvements (Costs, Time, Quality, Sustainability) ArtIfICIaI |nte"|gence (AI)’ MaChIne Learnlng PyTorch,
.y (ML), Data Science (DS), etc. Techniques Tensorflow, Weka,
ProM, Celonis, etc.
—Digital, and Tools

(e.g., Process Mining and ML)

Data Models-and Unified Data

Application-specific data (often stored in an 80+ different
ad-hoc manner without unified access and data sources

using no or heterogeneous data models)
t mg Chair of Process
and Data Science

© Wil van der Aalst (use only with permission & acknowledgements)



faaa

Empirical Analysis (80+ data models)
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Extremely diverse, use-case-specific data models
Various file formats: csy, json, sql, txt.

140 133 « There is no consensus on where to store data
120 * The only “standardized” models are 4 event logs.
100 o * Most models have associations in their data model,
50 but these are mostly not visible in the example data.
60 47
40 37
24 24 24 18 o
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Empirical Analysis (80+ data models)
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Process Steps/ Operation/ Measurement

Machine Data (measurement)

Material properties

Machine master data

Machine Configuration

Product (parts)

Factory/Machine Arrangement

CAD/ 3D models

Process Aggregation (Case, EventlLog)
Jobs/ Sales Order

Experiment

Data quality / Meta-Data

Images

Robot

+ Extremely diverse, use-case-specific data models

» Various file formats: csyv, json, sql, txt.

* There is no consensus on where to store data

+ The only “standardized” models are 4 event logs.

* Most models have associations in their data model,
but these are mostly not visible in the example data.

Simulation

Staff deployment (who works where/when)
Personnel data

Factory master data

Computed Results

Process Evaluation

Bill of Materials (BOM)

Planung

Delivery

mathematical model/ optimization
Supplier

Survey/ Questionnaire
Requirements

Finanzen

Purchase Order (material)

3D printer

Staff runtime data

Maintenance
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Proposed Solution: Models-in-the-Middle

Artificial Intelligence (Al), Machine Learning
(ML), Data Science (DS), etc. Techniques
and Tools

genergl purppse TXT, CSV, XLS,/JSON, etc. files

Application-specific data (often stored in an
ad-hoc manner without unified access and
using no or heterogeneous data models)

© Wil van der Aalst (use only with permission & acknowledgements)
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Knime, RapidMiner,
Scikit-learn,
PyTorch,
Tensorflow, Weka,
ProM, Celonis, etc.

80+ different
data sources

E ma Chair of Process
and Data Science



Picking The Right Level

Artificial Intelligence (Al), Machine Learning
(ML), Data Science (DS), etc. Techniques
and Tools

genergl purppse TXT, CSV, XLS,/JSON, etc. files

Application-specific data (often stored in an
ad-hoc manner without unified access and
using no or heterogeneous data models)

© Wil van der Aalst (use only with permission & acknowledgements)
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Too high: Too far away
from the application
(mapping is difficult).

Too low: Not able to
reuse efforts (need
to develop ad-hoc
analysis software).
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Two Candidate Data Models

[
Artificial Intelligence (Al), Machine Learning
(ML), Data Science (DS), etc. Techniques
and Tools
genergl purppse TXT, CSV, XLS,/JSON, etc. files ¢
5 gctipng of TXT, C 3, UBON/ etg. fil . .
LA e e Disclaimer: There can be

many more, but this is
what we are developing!

Application-specific data (often stored in an
ad-hoc manner without unified access and

using no or heterogeneous data models) E
4ot
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Internet-of-Things Meets BPM

"The Internet of Things Meets Business Process Management: A Manifesto," in IEEE Systems, Man, and Cybernetics Magazine, vol. 6, no. 4, pp. 34-44, Oct. 2020, doi: 10.1109/MSMC.2020.3003135.

The Internet-of-Things Meets Business Process Management.
A Manifesto

Christian Janiesch, Agnes Koschmider, Massimo Mecella, Barbara Weber,

Andrea Burattin, Claudio Di Ciccio, Giancarlo Fortino, Avigdor Gal, Udo Kannengiesser,
Francesco Leotta, Felix Mannhardt, Andrea Marrella, Jan Mendling, Andreas Oberweis,
Manfred Reichert, Stefanie Rinderle-Ma, Estefania Serral Asensio, WenZhan Song, Jianwen Su,
Victoria Torres, Matthias Weidlich, Mathias Weske, and Liang Zhang

The Internet of Things (IoT) refers to a network of devices ing and data over the Internet. These things
can be artificial or natural and interact as autonomous agents forming a complex system. In turn, Business Process Management
(BPM) was established to analyze, discover, design, implement, execute, monitor and evolve collaborative business processes within
and across organizations. While the IoT and BPM have been regarded as separate topics in research and practice, we strongly
believe that the of ToT will strongly benefit from BPM and ies on the one
hand; on the other one, the IoT poses challenges that will require and of the current state-of-the-art in the
BPM field. In this paper, we question to what extent these two paradigms can be combined and we discuss the emerging challenges
and intersections from a research and practitioner’s point of view in terms of complex software systems development.

“Sensor data then must be aggregated and
interpreted in order to detect activities that can

be used as input for process mining algorithms
supporting decision-making.”

C 8 Detecting new processes
from data

C 7 Breaking down end-to-
end processes

C 6 Managing the link

between micro processes |

C 5 Dealing with
unstructured environments

C 4 Integrating loT into the
correctness check of
processes

C 3 Connection of analytical
processes with loT

C 2 Monitoring of manual
activities

C 1 Placing sensors in a
process-aware way

Discover

Predict and Adapt

Pre-defined Mode/

Enact Response

higher level knowledge ]

Event Processing + Learning

raw event data Y

4

Sensing
(physical objects,
systems, humans)

Actuation
(physical objects,
systems, humans)

“A challenge is to bridge the gap between clouds of sensor data and event logs for process

mining. Events captured by sensors are available in high volume, velocity, and variety.”

© Wil van der Aalst (use only with permission & acknowledgements)

C 9 Specifying the
autonomy level of things

C 10 Specifying the “social”
role of agents

C 11 Concretizing abstract
process models

C 12 Dealing with new
situations

C 13 Bridging the gap
beteeen event-based and
process-based systems

C 14 Improving online
‘| conformance checking

C 16 Improving resource
monitoring and quality of
task execution

C 15 Improving resource
utilization optimization
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Process Mining: High-Level View
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information

@ \\ system(s)

1S1 1S2 1S3

Where are our

What are our
execution gaps?

performance and
compliance problems?

How to create full

transparenc y? What should we

change?

process

el mining ot it —
e D1 D2 D3 “
—
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Traditional Event Data =
%
event type |1 * event case e An event haS a type
(activity) | nasatrib. | attribute attribute . =
: - : (:actlwty) and a
i has type . has name hr:isnam:le< tlmestamp, and
1 o] event o case refers to one case.
event  — attribute case — attribute
value value
s ' - - Events and cases
can have arbitrary
other attributes
o (e.g., costs).
1
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Good News

Procurement

Inventory Management

Warehouse Management

Sourcing
Order-to-Delivery

Others

process

mining

Production Planning
Shopfloor (MES)
Engineering Change Mgmt

Make-to-Stock

Engineer-to-Order

Others

Wil van der Aalst (use only with permission & acknowledgements)

Order Management

Opportunity Management

Customer Service

After-Sales
Quote-to-Order

Others

""""""""""""""""""" Accounts Payable
Accounts Receivable

IT Service Management

Hire-to-Retire

Record-to-Report

Others

ABILITY TO EXECUTE
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@ Ceons
@ Softrare A
UPch g
@ 4P sgnavin
B Cogpte Tecrolony gy @ MEHRVERK
[ ] ABBYY
Microsoft Vi) @ ® b
Appian (Lanaets) @ @ CPRofware

Secol0GC@ @ @ DusinessOpic

Pegasystems (Everfiow)

Floioon gy

As of January 2023 @ Gartnef, Inc

COMPLETENESS OF VISION >

Process Mining Software Market Size, By Region, 2018 - 2030
(USD Million)

gy g § 0 1 |
—_— = == = == = Em B B ||

B North America W Europe M Asia Pacific MLatin America M Middle East & Africa

Source: Polaris Market Research Analysis
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Bad News: What are my cases?
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What are my cases?
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Well-Known Problems
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* The convergence problem: Events referring to multiple
objects of the selected type are replicated, possibly leading
to unintentional duplication. The replication of events can
lead to misleading diagnostics.

* The divergence problem: There are multiple events that refer
to the same case and activity, however, they differ with
respect to one of the not-selected object types. In other
words, events referring to different objects of a type not
selected as the case notion become indistinguishable looking
only at the case and activity (i.e., event type).
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Visualizing Objects and Events
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ot2 ot3 Example object types:
o\ - Orders
ot * Items
- Packages
*  Machines
- Employees

el

e2 o031

\ ’ 031
023

024, = « Patients
= 025 3
g‘ e5 026 ) +  Customers
e7 022 024 Machines
- Containers
K - Payments
- Car
- * Room
- Etc.
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Object flows

o
/e

Note the convergence problem
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Solved: Object-Centric Event Data

event type |1 *
(aCtiVitY) has attrib.
1
has type
3k
1 k
event
for event
%k %k

event
attribute

1

has name

*

event
attribute
value

has objects

object
type

1

has type

1 *

has attrib.

has timestamp

qualifier

time

qualifier

has timestamp

object
attribute

1

has name

*

object
attribute
value

%

r

Wil van der Aalst (use only with permission & acknowledgements)
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An event has a type (activity)
and a timestamp, and may refer
to any number of typed objects
(E20 relations).

Objects are also typed.

Both events and objects may
have any number of additional
attributes.

Object attribute values may be
timed.

Objects may be related (020
relations).

E20 and 020 relations can be
qualified.
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Solved: Object-Centric Event Data

event type |1 *
(activity) | nas attrib.
has type
X
event

for event

event
attribute

1

has name

*

event
attribute
value

has objects

object 1 * object
type has attrib. | attribute
1 1
has type has name
* *
object
object , attribute
for object
value
[*

k
from
related

has timestamp

qualifier

Wil van der Aalst (use only with permission & acknowledgements)

time

qualifier

has timestamp
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An event has a type (activity)
and a timestamp, and may refer
to any number of typed objects
(E20 relations).

Objects are also typed.

Both events and objects may
have any number of additional
attributes.

Object attribute values may be
timed.

Objects may be related (020
relations).

E20 and 020 relations can be
qualified.
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Solved: Object-Centric Event Data

event type |1 * event
(activity) | nasativ.] attribute
1 1
has type has name
* *
1 «| event
event attribute
for event
value
E 3 E 3

has objects
T

object |1
type

1

has type

has timestamp

qualifier

time

[
has attrib.

qualifier

has timestamp

*| object
attribute

1

has name

*

object
attribute
value

E

Wil van der Aalst (use only with permission & acknowledgements)
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An event has a type (activity)
and a timestamp, and may refer
to any number of typed objects
(E20 relations).

Objects are also typed.

Both events and objects may
have any number of additional
attributes.

Object attribute values may be
timed.

Objects may be related (020
relations).

E20 and 020 relations can be
qualified.
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Solved: Object-Centric Event Data

event type |1 * event
(activity) | nasativ.] attribute
1 1
has type has name
* *
1 «| event
event attribute
for event
value
* *

has objects

object

has attrib. attribute

1

has name

*

object
attribute
value

E

qualifier

has timestamp

qualifier

time

has timestamp

Wil van der Aalst (use only with permission & acknowledgements)
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An event has a type (activity)
and a timestamp, and may refer
to any number of typed objects
(E20 relations).

Objects are also typed.

Both events and objects may
have any number of additional
attributes.

Object attribute values may be
timed.

Objects may be related (020
relations).

E20 and 020 relations can be
qualified.
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Solved: Object-Centric Event Data
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object - An event has a type (activity)
attribute and a timestamp, and may refer
to any number of typed objects

event type |1 * event object
(activity) | hasatrib.| attribute

has attrib.

1 (E20 relations).
has type has name has name )
* % * - Objects are also typed.
1 event object - Both events and objects may
event = — attribute attribute have any number of additional
e value value attributes.
¥l * | - Object attribute values may be
has ob:Jects ; tlmed
L ;f - Objects may be related (020
qualifier guaunes relations).
E20 and 020 relations can be
has timestamp . has timestamp quahﬂed
T time -rl

AV,
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Solved: Object-Centric Event Data

event type |1 * event
(activity) | nasatio.| attribute
1 1
has type has name
* *
x| event
event attribute
for event
value
* *

has objects

object |1
type

1

has type

has timestamp

qualifier

Wil van der Aalst (use only with permission & acknowledgements)

time

has attrib.

qualifier

has timestamp

*| object
attribute

1

has name

*

object
attribute
value
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An event has a type (activity)
and a timestamp, and may refer
to any number of typed objects
(E20 relations).

Objects are also typed.

Both events and objects may
have any number of additional
attributes.

Object attribute values may be
timed.

Objects may be related (020
relations).

E20 and 020 relations can be
qualified.
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Solved: Object-Centric Event Data

event type |1 * event
(activity) | nasatio.| attribute
1 1
has type has name
* *
x| event
event attribute
for event
value
* *

has objects

object |1
type

1

has type

has timestamp

qualifier

time

has attrib.

qualifier

has timestamp

*| object
attribute

1

has name

*

object
attribute
value

E
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An event has a type (activity)
and a timestamp, and may refer
to any number of typed objects
(E20 relations).

Objects are also typed.

Both events and objects may
have any number of additional
attributes.

Object attribute values may be
timed.

Objects may be related (020
relations).

E20 and 020 relations can be
qualified.
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Solved: Object-Centric Event Data

event type |1 * event
(activity) | nasatio.| attribute
1 1
has type has name
* *
x| event
event attribute
for event
value
k t 3

has objects
T

object 1 * object
type has attrib. | attribute
1 1
has type has name
* *
object
attribute
value
[

related

has timestamp

| qualifier l

time

qualifier

has timestamp

Wil van der Aalst (use only with permission & acknowledgements)
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An event has a type (activity)
and a timestamp, and may refer
to any number of typed objects
(E20 relations).

Objects are also typed.

Both events and objects may
have any number of additional
attributes.

Object attribute values may be
timed.

Objects may be related (020
relations).

E20 and 020 relations can be
qualified.

QAvEn
A A (g
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Summary Object-Centric Event Data

event type |1 * event case
(activity) | hasatrib.| attribute attribute
1 1 1
has type has name has name
3 5k 3k
1 «| event 1 * case
event — attribute case attribute
v value for case value
* * 1
has case

faaa
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has timestamp

time

Wil van der Aalst (use only with permission & acknowledgements)

event type |1 * event
(activity) | nasatrib.| attribute
1 1
has type has name
* *
1 x| event
event attribute
for event
value
k *

has objects
T

has timestamp

Sneak preview: OCEL 2.0 will

be released before ICPM 2023!

time

object 1 * object
type has attrib. attribute
1 1

has type has name
* *

1 x| object
object : attribute
for object

= value
* from| * ’—Ito *
related
'
)
has timestamp
1

AV,

A I

Chair of Process
and Data Science



All Process Mining Algorithms Need To

Be Reinvented: Not So Hard As It Seems

100 100
send receive
invoice 100 100 ayment 100
order3 order4

item4
deliver
ackage 250
package2 250 package3

Ve g
Ly |
i “Lr’é Chair of Process
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place 1

Managing Complexity AR g

receive
payment

check .
availability % gt

event type |1 * event object |1 *¥| object =
(activity) | hasatrib.| attribute type has attrib. | attribute i':em 4

1 1 1 1 pack i”*

items 1

has name has type has name

5k % 3k store
1 %] event 1 %] object gekage . 1 1
event ———1 attribute object [——— attribute — e .

oreve value o ovlee value g package

%k
* * * from[* to * Start 1.x i 1.*

has type

*

related
route 1 7.

has objects

deliver 1

H H
[} [}
:
0.*

failed ok route
) delivery
i has timestamp 0.*
1 time 1 unload
ackage

has timestamp

end
route

Wil van der Aalst (use only with permission & acknowledgements)
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Managing Complexity

Pick the rows, columns, cells you need

ALISHANNN
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Contingency Table

Order Item Package Route

place order
send invoice
receive
payment
check
availability
pick item
pack items
store package
load package
start route
deliver package
failed delivery
unload package
end route

N R N

N N N N NN

SN NN NN
NN

Profiles/Perspective: A selection of rows and columns or even individual cells

i “ > Chair of Process
> g and Data Science
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Advantages OCED and OCPM
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- View your processes from any perspective using a
single source of truth.

* On-demand process-mining views as a way to
manage complexity.

- Address otherwise invisble problems that often live
at the intersection points.

* Obtain a three-dimensional dynamic view of the
entire organization and its processes.

V. o
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Tool Support (e.g. ocpm.info & ocpi.ai)

Niklas Adams
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@ httpsy//www.ocpm.info/ocelhtml X |4 & = o X
vacancies pp recruiters offers
& 5> C O & opminfo/ocelhtml carx @ * @ EE@M»0OH
open vacancy P Uo=1a0 uomo
%" Process Schema @ Events @ Objects [ NetworkAnaysis )¢ MachineLeaming @) AdvancedFilterng @& Statistics M Conformance & JSON & XML2 submit application P UO458
Visualization: [OC-DFG Filters:No filter is applied currently. assign recruiter P UO748
Annotation: | Events (E/E U0=916
[first screening P
check references P U0458
assign vacancy P U0458
send rejection P UO781
close vacancy for new applicationsp
change manager P
consult manager P UO729
Statistics invite for interview P uosgz
N. Events
P UO=446
6980/6980 conduct interview P
N. Unique Objects: make job offer P UO135
15051505 offer accepted and hired P U0o=89
N. Total Objects: u046
2196121961 ljob offer declined P
i close vacancy (no hire) P
Sliders
% of Activities
— %
% of Paths: p
—_— .
v - 0 %
caww P*O0GRBE*OYH
B i @ S & Lo 4w
ActvityOTFiter &
= g 1339 — @ . @ FoH bl
= @.o. = - - e - g .
~—) o73621961 a bl 0,0.0 e Y 0-u-@
P Sliders
o
o ©
Aoty Siders
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Tool Support (e.g. Celonis Process Sphere)

testwill recuriting | Studio x  +
€ - C O @& ems-twoeu-lcelonis.cloud/package-manager
@ EMS2.0 Reference on EMS 1.0 stack (Draft) v | &
238 EMS2 > > OReferenceonEMS1 > test will recuriting
View Control X
@ applicants 288
© applications o6 @
© offers 135 @
k4 [ ]
Event types. 7
24 Event Count v s
% : .
@ Submit Application 916 =e
© Send Rejection 781 .
© Check References 729w
© Consult Manager 729 =
& 8 e
<© Conduct Interview 446 we
<® Invite For Interview 448 .
Close Vacancy For New
40
g @ ppications T
= ® Open Vacancy 140
0o
@ Make Job Offer 35 e @
=i} © Offer Accepted And Hied 89 88 ®
s @ Close Vacancy No Hire
@ Job Offer Declined ..
Q @ Change Man: 42

6’» e

applicants

(5) applications
1

B coenne

Y

3) Submit Applcation

Check References Consult Manager

Invite For Interview

Conduct Interview

-
$
% Sendofecon
® offers
e

Make Job Offer

@) JobOfterDeclined

Offer Accepted A
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is already general availability

.
@ EMS2.0 Reference on EMS 1.0 stack (Draft) v &
g% EMS2 > .. > OReferenceonEMS1 > testwill recuriting L% )
-
S Throughput Time x v
2
B e
8
o
=]
Q Q
:
g 0 Q v | @ | E3rFittopage
»
MOPE (Multi-Object P Expl
OPE (Multi-Object Process Explorer) .
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OCED Works! How about MAED?
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* Object-Centric Event
(ML), Data Science (DS), etc. Techniques data (OCED)

and Tools
« Measurement and
Event Data (MAED)

Artificial Intelligence (Al), Machine Learning

genergl purppse TXT, CSV, XLS,/JSON, etc. files

=

gdrhagc/coflectipng of TXT, C 3, UBON/ etq. files
Disclaimer: MAED is still under

Application-specific data (often stored in an development and the presentation
ad-hoc manner without unified access and simplifies many things.

using no or heterogeneous data models)
t mg Chair of Process
and Data Science
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Event data are not enough!
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Challenges Dealing With Machine Data

- There may be explicit events, but
most data are low-level.

« Measurements are supposed to
happen: Their occurrence carries
no information (only the values).

« Continuous behavior mapped onto
discrete data points (time series).

* Real-valued attributes (position,
temperature, force, speed, etc.).

5-axis simultaneous machining/milling, i.e., cutting to
remove material from the surface of a work piece

QL

1 ™ Chair of Process
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Time Series Data Are Everywhere
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Time Series: Sampling Rate
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Time Series: Sampling Rate

[
o — — —— — — o— -
—_— o O P O ® O=— =
_
*>— — ° *>— —
*-—u@ @

V. o
EvE
X “ Pd Chair of Process
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Time Series Data: Pattern Detection

INHEESN SRR £

WWWW’V\« Sinus arrhythmia

Sinus tachycardia

JMWWM Atrial fibrillation
L\N\AJW\A/\N\/L\AA/L/\M\A\N\P Ammial flutter
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Atrioventicular
block

Ventricular
fibrillation

Ventricular
tachycardia

Second-degree
partial block

Third-degree
partial block

Qv
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Wind Turbine Events and Measurements

ALISHANND
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Medical Events and Measurements

ALISHANNN
NIHIYYHLNM

« Measurements

(only value matters)
 Blood pressure
« Sp02%

31‘3Eﬂ

ded
|oggg‘ VZ'”’ e por

 Events

(occurrence matters)

e Cardiac arrest
« Surgery

kg

AVE:
AL "é Chair of Process
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Measurement and Event Data (MAED)

event type |1 * event measurement |1 *] measurement
(activity) has attrib.|  attribute type has attrib. attribute
1 1 1
has type has name has type has name
k %k %k
event
1 * : 1 *] measurement
event attribute measurement
for event for msrt value
value
™
%k 3 t 3 E 3
, object _
has object 1 1 hasobject
has timestamp . has timestamp
time

Wil van der Aalst (use only with permission & acknowledgements)

1

—
1

QAvEn
A A (g

faaa

ALISHANNN
NIHIYYHLNM

Chair of Process
and Data Science



Wil van der Aalst (use on

Measurement and Event Data (MAED)
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event type |1
(activity) has attrib.

has type

for event

event measurement |1 *| measurement
attribute has attrib. attribute
1
has name has type has name
X 3
event
: 1 *| measurement
attribute
for msrt value
value

has object 1

has timestamp

object

1 hasobject

1

has timestamp

time [—
1

ly with permission & acknowledgements)

Measurements and events

look similar, but are handled
completely different during
analysis and model building
(value versus occurrence). P It DF
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Exa m p I e M i I I i n g WZL (Thanks to Leah Tacke genannt Unterberg and WZL)
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Events

Temperature o Tool list

(1) m MQTT O Force

Speed 01001111110““

Current
Engagement
physical Position
machine event_data
- _d;t_al_za_s_e _________________________________ Foreign Key |+fime__ TIMESTAMP(S)WITH TIME ZONE
representation trace_id INTEGER P
machine_tool ¢/ name  CHARACTER VARYING
- — Foreign Key machine_trace value  JSONB
id_serial SERIAL : i Juip measurement_data_2
machine_hall CHARACTER VARYING id_serial SERIAL R . S
company CHARACTER VARYING machine_id INTEGER Ve P time TUMESTIAMPA) WITH TIME ZONE
lacation CHARACTER VARYING nc_name CHARACTER VARYING : Egﬂ:i ;22:2:2:
name CHARACTER WARYING time TIMESTAMP{E) WITH TIME ZONE 21 DOUBLE PRECISION
_| i CHARACTER VARYING time_end TIMES TAMP{E) WITH TIME ZONE Linked by - TS CEERIEE
show_on_dashboard BOOLEAN wqm_data_available BOOLEAN timestamp b1 DOUBLE PRECISION
wim_folder_name CHARACTER WVARYING xc DOUBLE PRECISION
ye DOUBLE PRECISION
e DOUBLE PRECISION

AV,

i “ > Chair of Process
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Example Milling WZL
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time : trace_id + name : value :
2023-05-10 04:00:04.395+02 7879 X_ACTUAL_ZERO_POINT {"fine": 0.8, "coarse": 416.15598033257}
2023-05-10 B4:00:04.395+02 7872 X_ACTUAL_ZERO_POINT {"fine": 0.8, "coarse": 0.8}

2023-05-10 04:00:04.395+02 7872 Y_ACTUAL_ZERO_POINT {"fine": 8.8, "coarse": 8.0}

2023-05-10 04:00:04.395+02 7872 Z_ACTUAL_ZERO_POINT {"fine": 8.0, "coarse": 0.0}

event_data

time TIMESTAMP(8) WITH TIME ZONE

Foreign Key |-
trace_id INTEGER Ve

name  CHARACTER VARYING
machine_trace value  JSONB
,‘id - LD measurement_data_2
id_serial SERIAL
machine_id INTEGER Ve »|” time 5 WTH TRME ZONE
xl DOUBLE PRECISION
ne_name CHARACTER VARYING
- yi DOUBLE PRECISION
h.ml TIMESTAMP(8) WITH TIME ZONE ok e son
time_end TIMESTAMP(8) WITH TIME ZONE Linked by = N e
wqm_data_available BOOLEAN i b1 DOUBLE PRECISION
e DOUBLE PRECISION
ye DOUBLE PRECISION
e DOUBLE PRECISION
time *  tool_cent... ¢ tool_center_point_positien_wecs_vector_2 : tool_center_point_position_wecs_vector_3 : engagement_repeatedly... * in_tool_number_
2023-05-11 10:18:46.979+02 -416.149963 253.990326 398.442841 [¢]
2023-05-10 16:27:24.204+02 -416.137898 253.987595 398.4506329 [¢]
2023-85-10 16:23:52.478+02 -416.157928 253.987228 398.4506421 e
2023-85-11 18:21:29.731+02 -416.149963 253.990448 398.44278 e
2023-05-10 15:26:43.406+02 -414.073669 -71.046631 395.321411 [¢]
2023-05-10 16:12:29.568+02 -416.137959 253.986557 398.457214 [¢]
_id + | id_serial #+ machine_id : nc_name + | time + | time_end
f496279h-e543-4bf1-92eb-759234963dch 7872 3 /_N_EXT_DIR/_N_EXTMOD_DIR/_N_CHAN1_DIR/_N_D&5 800182 _1 MPF 2023-05-10 89:06:59.183+02 2023-05-10 09:07:49.857+02
64caldee-cc27-41e9-9de8-F96702856dbo 7873 3 Idle 2023-05-10 09:07:49.857+02 2023-05-10 09:07:52.738+02
884a9594-67d2-4eb8-b598-co7428bebbec 7874 3 Idle 2023-05-10 09:07:52.738+02 2023-05-10 09:08:01.30606+02
1d4890cd-%ach-4d35-a753-11cd827d9566 7875 3 /_N_EXT_DIR/_N_EXTMOD_DIR/_N_CHAN1_DIR/_N_D&5 8008182 _1 MPF 2023-05-10 89:08:01.366+02 2023-05-10 09:08:20.252+02 !
73cabaal-2c5d-4600-be32-afof348a030d 7876 3 Idle 2023-05-10 09:08:20.252+02 2023-05-10 09:08:24.498+02 EIJ |
QITEThIT _Troha /744 _07%2 _NTARThRADTTS 277 Z J M EVT nip/ M EVTMAND NTR/ M CUANT NTRS M NASE NAN1Q9 1 MDEC 2N2ZT_A8_10 NO:A2:7/ /02207 2N2ZT_AR_10 _N0-A0:14 £1/4207

i “ r’d Chair of Process
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Current Situation: Application Specific

and Limited Reuse
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- Tool 2

C——1Cumulative forces ~emem=Tool 1 =
New tool 1

—

Increased indicator due
Increased indicator ‘o override change? "
40 due to allowance?

Force-based tool wear
indicator [N/CV]
@
8
Normalized cumulative
force [

o 0
10 11 12 13 14 15 16 17 18 19 20 21 22 23
Batches [-]

event_data |

time  TIMESTAMP(S) WITH TIME ZONE
trace_id INTEGER 7
name  CHARACTER VARYING

value  JSONB

measurement_data_2

-»{ / time TIMESTAMP(8) WITH TIME ZONE |
xt DOUBLE PRECISION

¥y DOUBLE PRECISION

2 DOUBLE PRECISION

at DOUBLE PRECISION

b1 DOUBLE PRECISION

xe DOUBLE PRECISION

\ 4

Time [s]: Float

Betriebsart: Boolean

Walzkraft AS [kN]: Float

Walzkraft BS [kN] : Float

Walzspalt AS [mm)] : Float

Walzspalt BS [mm] : Float
Antriebsmoment obere Walze [kNm] : Float
Antriebsmoment untere Walze [kNm)] : Float
Rollengeschwindigkeit obere Walze [m/min] : Float

Rollengeschwindigkeit untere Walze [m/min] : Float

Chair of Process
> g and Data Science
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Using Our Model-in-the-Middle
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>
,d-. ]\A Under Construction

time TIMESTAMP(8) WITH TIME ZONE |

|/ trace_id INTEGER Ve eventtype |1 *| event 1 *
name  CHARACTER VARYING (activity) [Trecawi | attribute type Tasau. | attribute
‘ value  JSONB ‘ 1 1 1
= has type has name hastype has name
measurement_data_2 * * *
. % event -
TIMESTAWP(5) WITH TIME ZONE — I ;
‘DOUBLE PRECISION Tor event value Tormart value
DOUBLE PRECISION ¥ ¥
DOUBLE PRECISION
al DOUBLE PRECISION
hasobect 1 T s object
b1 DOUBLE PRECISION
e DOUBLE PRECISION
has timestamp . has timestamp
time

_.g ProM for Machine Data

Time [s]: Float

Betriebsart: Boolean

Walzkraft AS [kN]: Float

Walzkraft BS [kN] : Float

Walzspalt AS [mm] : Float

Walzspalt BS [mm] : Float

Antriebsmoment obere Walze [kNm] : Float
Antriebsmoment untere Walze [kNm] : Float
Rollengeschwindigkeit obere Walze [m/min] : Float
Rollengeschwindigkeit untere Walze [m/min] : Float

PID}
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Connecting Both Worlds
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eventtype |1 * event 1 *
(activity) | hasauin| attribute type hasawb. | attribute
1 1 1 1
has type has name has type has name
« * * *
*| event 1 *|
event attribute RS the et
for event for msrt value
value
* * *
object
has object 1 1 hasobject
has timestamp time has timestamp
event type |1 * event object |1 *| object
(activity) | nasativ.| attribute type has attrib. attribute
1 1 1 1
has type has name has type has name
* * * X
«| event x| object
event il object il
for event for object
/ value — value
* * * (rom* to *
has objects related

has timestamp

__qualiﬁer

time

has timestamp

25
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Models-in-the-Middle Inspired by loP
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Artificial Intelligence (Al), Machine Learning
(ML), Data Science (DS), etc. Techniques
and Tools

gener

Application-specific data (often stored in an
ad-hoc manner without unified access and
using no or heterogeneous data models)

i r’é Chair of Process
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© Wil van der Aalst (use only with permission & acknowledgements)



faaa

Two Selectively Chosen Examples
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Artificial Intelligence (Al), Machine Learning

(ML), Data Science (DS), etc. Techniques S e A °§§;§' s [
and Tools T T T T
has type has name has type has name
gener f * * * L
1 x| event 1 x| object
event attribute object attribute
for event value for object value
has objects related
- lifi lifi
Under Construction
has timestamp time has timestamp
eventtype |1 * event measurement |1 *| measurement 1
(activity) has atrib. | attribute type has attrib. attribute
1 1 1 1 .
Upcoming Industry Standard
X * * *
event L alet‘rllebll‘ltte measurement ! * easuiement H H H H
o | i | value Application-specific data (often stored in an
1 R ad-hoc manner without unified access and
1] Rt e using no or heterogeneous data models)
has timestamp 5D has timestamp
1

transfer E-I, .g_
. J |
experiences d
i r’é Chair of Process
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Outlook

Artificial Intelligence (Al), Machine Learning

(ML), Data Science (DS), etc. Techniques
and Tools

genergl purppse TXT, CSV, XLS,/JSON, etc. files

=

adrhqc/collectiong of TXT, C S, UBON /etq. files

Application-specific data (often stored in an
ad-hoc manner without unified access and
using no or heterogeneous data models)

© Wil van der Aalst (use only with permission & acknowledgements)
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Both trigger many research
questions.

MAED-to-OCED

Hierarchies of Models-in-
the-Middle.

Domain-specific instances
of these models (e.g.,
predefined event and object
types organized in a
taxonomy/ontology).

E-I, JE—I
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More on Object-Centric Process Mining

5t

W.M.P.van der Aalst, Object-Centric Process Mining: W. van der Aalst, Object-Centric Process Mining: The Next
Unraveling the Fabric of Real Processes. Mathematics Frontier in Business Performance. 2023. Available online:

2023, 11, 2691. https://doi.org/10.3390/math11122691 celon.is/OCPM-Whitepaper E' ,g_
J |
v

i “ > Chair of Process
> g and Data Science

© Wil van der Aalst (use only with permission & acknowledgements)



	Data Models in the Middle�Keynote 7th International Workshop on Business Processes Meet the Internet-of-Things (BP-Meet-IoT)���prof.dr.ir. Wil van der Aalst�RWTH Aachen University�W: vdaalst.com T:@wvdaalst
	The Internet-of-Production @ RWTH
	The Internet-of-Production @ RWTH
	Spectrum Internet-of-Production
	The Challenge
	The Challenge
	The Challenge
	Empirical Analysis (80+ data models) 
	Empirical Analysis (80+ data models) 
	Proposed Solution: Models-in-the-Middle
	Picking The Right Level
	Two Candidate Data Models
	Acknowledgements
	Internet-of-Things Meets BPM
	Object-Centric Event data (OCED)�
	Process Mining: High-Level View
	Traditional Event Data
	Good News
	Bad News: What are my cases?
	What are my cases?
	Well-Known Problems
	Visualizing Objects and Events 
	Object flows�Note the convergence problem
	Solved: Object-Centric Event Data
	Solved: Object-Centric Event Data
	Solved: Object-Centric Event Data
	Solved: Object-Centric Event Data
	Solved: Object-Centric Event Data
	Solved: Object-Centric Event Data
	Solved: Object-Centric Event Data
	Solved: Object-Centric Event Data
	Summary Object-Centric Event Data
	All Process Mining Algorithms Need To Be Reinvented: Not So Hard As It Seems 
	Managing Complexity
	Managing Complexity�Pick the rows, columns, cells you need
	Advantages OCED and OCPM
	Tool Support (e.g. ocpm.info & ocpi.ai)
	Tool Support (e.g. Celonis Process Sphere)
	OCED Works!  How about MAED?
	Measurement and Event Data (MAED)���
	Slide Number 41
	Challenges Dealing With Machine Data
	Time Series Data Are Everywhere
	Time Series: Sampling Rate
	Time Series: Sampling Rate
	Time Series Data: Pattern Detection
	Wind Turbine Events and Measurements
	Medical Events and Measurements
	Measurement and Event Data (MAED)
	Measurement and Event Data (MAED)
	Example Milling WZL (Thanks to Leah Tacke genannt Unterberg and WZL)
	Example Milling WZL
	Current Situation: Application Specific and Limited Reuse
	Using Our Model-in-the-Middle
	Connecting Both Worlds
	Conclusion��
	Models-in-the-Middle Inspired by IoP
	Two Selectively Chosen Examples
	Outlook
	More on Object-Centric Process Mining

