Graph neural networks for
urban drainage systems
metamodeling

Alexander Garzon et al.

5
TUDelft At

ILAB




Urban drainage systems

Home/Business

Wastewater |

Sewer Lateral/ A

Underground

Systems Stormwater
Sewer Pipe Drainage Pipe
Wastewater enters the sanitary
sewer system and flows
to the treatment facility.

Catch Basin

Surface runoff enters the
underground storm drain system
and flows directly to waterways.

AASHTO Specs for Storm Water Drainage Pipes, Manholes ETC. | LinkedIn

Drain system house stock illustration. lllustration of plumbing - 25233271 (dreamstime.com)
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Metamodels

Computer intensive applications require fast simulators

Runoff UDS Information

Future hydraulic heads

Example:2 hours

ﬂ‘m‘\ Metamodel
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Example: 2 minutes
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Problem 1. Developing a metamodel can be time-consuming



Problem 2: Metamodels are system specific



Proposal: Inductive biases in Machine Learning algorithms

Graph-structure

AIAI
TU Delft ;\Eﬁg (Battaglia et al., 2018)

Alexander Garzon (J.A.GarzonDiaz@tudelft.nl)



Method 70N\

Inputs : Outputs

Metamodel

%
TUDelft APRO

ILAB



Case study
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Metamodels

= GNN metamodel = MLP metamodel
od—elm':{]]}.{ Processor Decod ]J
i - oo Q#& — oo —~(__ & )
Cd ) — m— — o — (& )
{ - — Graph layer
~6.000 parameters ~700.000 parameters

Same dynamic inputs

AIAI Same temporal and physical bias
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Results — Test Performanc
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Results — Data Efficiency
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Results - Transferability
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[L.imitations — Future work

= Special components (Pumps, tanks, orifices, weirs, etc.)
= Dry weather Flow

= Flow estimation

= Other catchments

= Hyperparameter pre-selection
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Required time
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Thank you for your attention
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Motivation

Some critical applications require a fast simulator
= Optimisation = Uncertainty analysis = Real-time forecast
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Problem 1Developing a metamodel can be time-consuming



Proposal: Inductive biases in Machine Learning models

Expression of assumptions about either the data-generating process or the space of solutions.

It prioritizes some solutions over others.
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