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Evolutionary Changes in
• Discrepancy detection: leaks, sensor issues, valves

• Alerts and monitoring system

• Reasoning on sensor data

• Logical explanations of the causes of changes

Water Networks
• Water Distribution Network in Oosterbeek, Gelderland
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Network state reconstruction

Valve status Demand

Pump speedTank level

Real network state

(cannot be observed directly!)

Physical simulation

(needs to know correct parameters)

Deep Learning

Reconstruction Model

(needs to be trained)



Dataset creation



Model architecture - GatRes

H. Truong, A. Tello, A. Lazovik, V. Degeler (2024) Graph Neural Networks for Pressure Estimation in 

Water Distribution Systems, Water Resources Research, 60, e2023WR036741. doi:10.1029/2023WR036741



Model Training



Results: Oosterbeek

H. Truong, A. Tello, A. Lazovik, V. Degeler (2024) Graph Neural Networks for Pressure Estimation in 

Water Distribution Systems, Water Resources Research, 60, e2023WR036741. doi:10.1029/2023WR036741
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DiTEC dataset

Why do we need new data?

● Publicly available WDN networks are provided 

as a collection of asset configuration files

● Need to run simulations for full data generation

● Existing data rarely include time-dependent 

patterns

○ Privacy and safety concerns

○ Few patterns reused many times on several nodes 

in the network

○ Limits the variety of the data and robustness of 

models to uncertainties
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LeakDB 2018
Leakage Diagnosis Benchmark

the only “ready-to-use” published dataset

contains a small Hanoi network of 32 nodes

and 4 adjustable parameters 



DiTEC initial dataset

A. Tello, H. Truong, A. Lazovik, V. Degeler (2024) Large-Scale Multipurpose Benchmark Datasets For Assessing Data-Driven Deep Learning Approaches For 

Water Distribution Networks. Engineering Proceedings. 2024; 69(1):50. doi: 10.3390/engproc2024069050; Dataset: 10.5281/zenodo.10974086



DiTEC-WDN Large-scale Dataset

● To facilitate research into data driven WDN models on a wide range of 

tasks, such as:

○ foundation models

○ surrogate modelling

○ state estimation

○ demand forecasting

● 36 publicly available networks

● 228 million of network state snapshots

● 38 hydraulic parameters are considered

H. Truong, A. Tello, A. Lazovik, V. Degeler (2025) DiTEC-WDN: A Large-Scale Dataset of Hydraulic Scenarios across Multiple Water Distribution Networks, arxiv preprint: 10.48550/arXiv.2503.17167

https://doi.org/10.48550/arXiv.2503.17167


DiTEC-WDN dataset

H. Truong, A. Tello, A. Lazovik, V. Degeler (2025) DiTEC-WDN: A Large-Scale Dataset of Hydraulic Scenarios across Multiple Water Distribution Networks, arxiv preprint: 10.48550/arXiv.2503.17167

https://doi.org/10.48550/arXiv.2503.17167


Training foundation models

Foundation model’s principles



Recreating the pipeline in a wastewater domain



GatRes results in Heusden (NL)



Adaptive Model Selection

X Y

Module 1

Module 2

Module 3

Equivalent modules

?

M. H. Nejad Yousefi, V. Degeler and A. Lazovik, "Self-Adaptive Service Selection for Machine Learning Continuous Delivery," 2024 IEEE 

International Conference on Web Services (ICWS), Shenzhen, China, 2024, pp. 1048-1056, doi: 10.1109/ICWS62655.2024.00123.



Adaptive Model Selection

PJM Hourly Energy Consumption dataset, Kaggle
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Adaptive Model Selection

• Production environment

• Runs the best available module

• Given the highest priority in resources

• What-If environment

• Operates on ephemeral computing environments with 
fewer resources

• A sampling sensor data is given

• Tests a promising sub-set of modules against new 
conditions.

• Learning-Based Selection (LBS) is employed to 
decide which modules are promising.

• Two strategies are employed:

• Rolling Average 

• KEEP (Keeping Errors down with Enhanced Persistence)



Interpret raw sensor data
• Perform profiling of system’s behavior

• Explain patterns in a clear manner (e.g. with logical notation)

• Create meaningful rules that describe system’s behavior

With a straightforward approach, 
logical rules would contain:
• Raw sensors and their measurements

• Supporting entities of the system

• Features from the original ML approach

This is not very explainable!

Instead: We can use a system ontology.

Explainable Sensor Data



Ontologies and Knowledge Graphs

Pipe

Junction

connectedTo

J1: 

Junction

J2: 

Junction
P1: Pipe

connectedTo connectedTo

P3: Pipe

connectedTo

P2: Pipe

connectedTo

Pump

pumpsWaterTo
Pu1: 

Pump

pumpsWaterTo
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Knowledge Graph: is the data with 

the ontology as underlying structure.

Ontology: An ontology provides a formal 

machine-processable and human-

understandable conceptualization of a given 

domain.



Karabulut, E., Pileggi, S. F., Groth, P., & Degeler, V. (2024). Ontologies in Digital Twins: A Systematic Literature Review. 

Future Generation Computer Systems, vol. 153, pp. 442-456. doi:10.1016/j.future.2023.12.013

Ontologies in Digital Twins



Reference DT Architecture

Physical entities, actions 

and processes

Protocols, access parameters

Generic DT concepts, real or 

abstract/derived digital terms, 

assets and operations

Ranges between task-specific 

terms to domain-independent 

application termsProduction lines, 

facilities, 

client and order info, 

project management, 

bridging DT and 

non-DT parts

Karabulut, E., Pileggi, S. F., Groth, P., & Degeler, V. (2024). Ontologies in Digital Twins: A Systematic Literature Review. 

Future Generation Computer Systems, vol. 153, pp. 442-456. doi:10.1016/j.future.2023.12.013 37



Ontologies in Digital Twins

Karabulut, E., Pileggi, S. F., Groth, P., & Degeler, V. (2024). Ontologies in Digital Twins: A Systematic Literature Review. 

Future Generation Computer Systems, vol. 153, pp. 442-456. doi:10.1016/j.future.2023.12.013



Traditional manual methodologies for Ontology Construction are investigated

Ontology Learning with LLMs



UPON Life 

Ontology Construction

Antonio De Nicola and Michele Missiko. 2016. A lightweight methodology for 

rapid ontology engineering. Communications of ACM 59, 3 (2016), 79–86.



Retrieval-Augmented Generation (RAG)

Input document
The Network Model from EPANET

Retrieval-Augmented Generation (RAG) incorporates 

external documents into the context of a query to mitigate 

LLM hallucinations



WDN Knowledge Graph

Converts EPANET *.inp files into RDF 

(Resource Description Framework), to 

work with semantic graph data

Sample output from Pipe_1 of LeakDB
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Rule learning from sensor data: finding missing 

connection pieces with knowledge graphs

IoT Sensor Network

Ontologies and Knowledge Graphs

Raw sensor data

Entities and relationships

Automated environmental 

rules extraction

No semantics:

if sensor1 measures V1, then 
sensor2 measures V2

Semantically-enriched:

if a flow sensor placed in a pipe P1 
with length > L1 measures V1, then 
a pressure sensor that is placed in a 
junction J1 connected to P1 
measures V2

45 /44



Semantic Rule Learning

Example:

E. Karabulut, V. Degeler, P. Groth "Neurosymbolic Association Rule Mining from Tabular Data", preprint: arXiv:2504.19354



Downstream classification tasks



Effect of adding semantic information on rules



Digital Twin Architecture

V. Degeler, M. Hadadian, E. Karabulut, A. Lazovik, H. van het Loo, A. Tello, H. Truong (2024) DiTEC: Digital Twin for 

Evolutionary Changes in Water Distribution Networks. Leveraging Applications of Formal Methods, Verification and Validation. 

Application Areas. ISoLA 2024. Lecture Notes in Computer Science, vol 15223. Springer. doi: 10.1007/978-3-031-75390-9_5

https://doi.org/10.1007/978-3-031-75390-9_5


Q&A

● V. Degeler, M. Hadadian, E. Karabulut, A. Lazovik, H. van het Loo, A. Tello, H. Truong (2024) DiTEC: Digital 

Twin for Evolutionary Changes in Water Distribution Networks. Leveraging Applications of Formal Methods, 

Verification and Validation. Application Areas. ISoLA 2024. Lecture Notes in Computer Science, vol 15223. 

Springer. doi: 10.1007/978-3-031-75390-9_5

● H. Truong, A. Tello, A. Lazovik, V. Degeler (2024) Graph Neural Networks for Pressure Estimation in Water 

Distribution Systems, Water Resources Research, 60, e2023WR036741. doi: 10.1029/2023WR036741

● H. Truong, A. Tello, A. Lazovik, V. Degeler (2025) DiTEC-WDN: A Large-Scale Dataset of Hydraulic Scenarios 

across Multiple Water Distribution Networks, arxiv preprint: 10.48550/arXiv.2503.17167

● Karabulut, E., Pileggi, S. F., Groth, P., & Degeler, V. (2024). Ontologies in Digital Twins: A Systematic Literature 

Review. Future Generation Computer Systems, vol. 153, pp. 442-456. doi: 10.1016/j.future.2023.12.013

● E. Karabulut, P. Groth, V. Degeler (2025) "Neurosymbolic Association Rule Mining from Tabular Data", preprint: 

10.48550/arXiv.2504.19354

● M. H. Nejad Yousefi, V. Degeler and A. Lazovik, "Self-Adaptive Service Selection for Machine Learning 

Continuous Delivery," 2024 IEEE International Conference on Web Services (ICWS), Shenzhen, China, 2024, pp. 

1048-1056, doi: 10.1109/ICWS62655.2024.00123
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