
 
 
General rights 
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright 
owners and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights. 
 

 Users may download and print one copy of any publication from the public portal for the purpose of private study or research. 

 You may not further distribute the material or use it for any profit-making activity or commercial gain 

 You may freely distribute the URL identifying the publication in the public portal 
 
If you believe that this document breaches copyright please contact us providing details, and we will remove access to the work immediately 
and investigate your claim. 
  
 

   

 

 

Downloaded from orbit.dtu.dk on: May 23, 2023

Surrogate modelling of urban pluvial flooding for real time- and planning applications

Thrysøe, Cecilie

Publication date:
2021

Document Version
Publisher's PDF, also known as Version of record

Link back to DTU Orbit

Citation (APA):
Thrysøe, C. (2021). Surrogate modelling of urban pluvial flooding for real time- and planning applications.
Technical University of Denmark.

https://orbit.dtu.dk/en/publications/565682cb-d625-43de-bd42-894719a15817




i 

 
 
 
 

Surrogate modelling of urban pluvial flood-
ing for real time- and planning applications 

 

 

 

 

 

 

Cecilie Thrysøe 
 

 

 

PhD Thesis 

April 2021 

 

 

 

 

 

 

 

 

 

 

DTU Environment 

Department of Environmental Engineering 

Technical University of Denmark  



ii 

Surrogate modelling of urban pluvial flooding for real time- and plan-

ning applications 

 

Cecilie Thrysøe 

 

PhD Thesis, April 2021 

 

 

 

The synopsis part of this thesis is available as a pdf-file for download from 

the DTU research database ORBIT: http://www.orbit.dtu.dk. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Address:     DTU Environment 

Department of Environmental Engineering 

Technical University of Denmark 

Bygningstorvet, Building 115 

2800 Kgs. Lyngby 

Denmark 

 

Phone reception:   +45 4525 1600 

Fax:       +45 4593 2850 

 

Homepage:    http://www.env.dtu.dk 

E-mail:      reception@env.dtu.dk 

 

Cover:      STEP 

mailto:reception@env.dtu.dk


iii 

Preface 

The work presented in this PhD thesis was conducted at the Technical 

University of Denmark at the Department of Environmental Engineering under 

supervision of Professor Karsten Arnbjerg-Nielsen and Associate Professor 

Morten Borup as co-supervisor. The work was carried out from August 2015 

to January 2021.  

This PhD project is financially supported by the Australian Government 

through the Cooperative Research Centre for Water Sensitive Cities, Realdania 

through the Smart Cities Water Solutions project under the Klimaspring 

programme and the Innovation Fund Denmark through the Water Smart Cities 

project.  

The thesis is organized in two parts: the first part puts the results of the research 

objectives into context in an introductive review; the second part consists of 

the papers listed below. These will be referred to in the text by their paper 

number written with the Roman numerals I-IV. 

I Davidsen, S., Löwe, R., Thrysøe, C., & Arnbjerg-Nielsen, K. (2017). 

Simplification of one-dimensional hydraulic networks by automated 

processes evaluated on 1D/2D deterministic flood models. Journal of 

Hydroinformatics, 19(5), 686–700. 

https://doi.org/10.2166/hydro.2017.152 

 

II Thrysøe, C., Arnbjerg-Nielsen, K., & Borup, M. (2019). Identifying fit-for-

purpose lumped surrogate models for large urban drainage systems using 

GLUE. Journal of Hydrology, 568, 517–533. 

https://doi.org/10.1016/j.jhydrol.2018.11.005 

 

III Thrysøe, C., Balstrøm, T., Borup, M., Löwe, R., Jamali, B., & Arnbjerg-

Nielsen, K. (under review). FloodStroem: A fast dynamic GIS-based urban 

flood and damage model. In review Journal of Hydrology. 

 

IV Thrysøe, C., Borup, M., Löwe, R., & Arnbjerg-Nielsen, K. (Manuscript). 1D-

1D FloodStroem: A fast dynamic coupled flood model. Manuscript. To be 

submitted to Journal of Hydrology. 
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In addition, the following publications, not included in this thesis, were also 

produced during this PhD project: 

 Thrysøe, C., Borup, M. & Arnbjerg-Nielsen, K. (2018) Importance of 

Subdivision Resolution of Surrogate models for Emulating Catchment 

Response and Surcharging. 11th International Conference on Urban 

Drainage Modelling, Palermo, Italy, 23-26 September 2018. 

 Borup, M., Thrysøe, C., Arnbjerg-Nielsen, K., Righetti, F. & 

Mikkelsen, P. S. (2017) A fast surrogate model tailor-made for real 

time control. 14th International Conference on Urban Drainage, 

Prague, Czech Republic, 10-15 September 2017.  

 Löwe, R., Davidsen, S., Thrysøe, C. & Arnbjerg-Nielsen, K. (2017) 

Automatiseret simplificering af en 1D hydraulisk model – med hensyn 

til 1D-2D oversvømmelsesberegninger. EVA: Erfaringsudveksling i 

vandmiljøteknikken. Vol 30, issue no. 2, pages 26-31, ISSN: 1901-

3363.  

 Löwe, R., Davidsen, S., Thrysøe, C. & Arnbjerg-Nielsen, K. (2017). 

SAHM – Simplification of one-dimensional hydraulic networks by 

automated processes evaluated on 1D/2D deterministic flood models. 

14th International Conference on Urban Drainage, Prague, Czech 

Republic, 10-15 September 2017. 

 Thrysøe, C., Toke, J., Borup, M. & Arnbjerg Nielsen (2016). 

Identification and Application of Surrogate Models for Urban 

Drainage Modelling. 4th Nordic Conference on Climate Change 

Adaptation, Bergen, Norway, 29 – 31 August, 2016.  

 Thrysøe, C., Toke, J., Borup, M., Ravn, N. & Arnbjerg Nielsen 

(2016). Developing Fast and Reliable Flood Models. 9 th International 

Conference on Planning and Technologies for Sustainable Urban 

Management (NOVATECH), Lyon, France, 28 June – 1 July, 2016.  
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Summary 
The Intergovernmental Panel on Climate Change (IPCC) projects future 

precipitation events to increase in frequency and magnitude. Coupled with 

growing urbanization, this will increase the risk of urban pluvial flooding. To 

mitigate these changes, either static adaptation, i.e. changes to the current 

infrastructure, or dynamic adaptation, where the usage of the existing system’s 

capacity is optimized, can be implemented. To evaluate performance of 

different measures, flood models play a key role in the decision-making 

process. These models are often computed for multiple scenarios, e.g. 

adaptation measures, climate, city development etc. Current state-of-the-art 

flood models are coupled hydrodynamic models, which dynamically couple the 

one-dimensional (1D) drainage network to a two-dimensional (2D) floodplain 

with bi-directional flows. However, the usage of this model type is limited due 

to their large computational demands, making them unfit for real time 

applications and multiple scenario planning. To overcome these issues, 

cheaper-to-run models may be used as substitutes, or surrogates.  

The aim of this thesis is to develop fit-for-purpose surrogate urban pluvial 

flood models that are numerically more stable and with calculation speeds 

several orders of magnitude faster than current hydrodynamic models, and with 

comparable accuracy. This will enable better climate adaptation as the short 

computation times allow for multiple scenario planning and real time 

applications.   To achieve this goal, three surrogate models were developed and 

tested in this thesis: a drainage-, surface- and coupled surrogate model.  

The drainage surrogate model was developed by lumping the drainage network 

into compartments, in which the volume of water is modelled by in- and out-

going discharges. Several model configurations were examined, and flow, 

volume and surcharge results were benchmarked against the 1D drainage 

hydrodynamic model MIKE URBAN. Even the simplest drainage surrogate 

models, using steady state volume-discharge points from MIKE URBAN, were 

able to emulate the results of MIKE URBAN. The models were robust to the 

choice of model structure and parameters. The largest influence was the 

compartment resolution, which could be increased to achieve better results. 

The Generalized Likelihood Uncertainty Estimation methodology was applied 

to identify acceptable models using identified critical indicators and limits of 

acceptability for three applications: real-time control, warning and planning.   

The surface surrogate models dynamically routes input surcharge from 

manholes from a hydrodynamic drainage model through a pre-defined surface 
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network consisting of watersheds, bluespots and flow paths. Resulting volumes 

and discharges were used to calculate maximum water levels in bluespots and 

flow paths, which was benchmarked against the 2D surface hydrodynamic 

model MIKE 21. The surrogate model was robust to the number of bluespots 

included in the surface network, although too few lead to an overestimation of 

flooding downstream due to exclusion of upstream storage capacity. The 

surrogate models were able to emulate the behaviour of the hydrodynamic 

model both in terms of spatial distribution and magnitude. Cell-by-cell 

indicators proved that the model outperforms similar static models for large 

steep catchments, whereas it struggles with divergent flows in flat areas.  

The coupled surrogate model couple the drainage- and surface surrogate 

models by (i) distributing lumped surcharge to individual manholes using a 

percentage distribution, (ii) computing lumped inlet discharges from manholes 

within bluespots using the orifice equation and (iii) introducing transportation 

time in the surface network. Global transportation time parameters were not 

suitable for all catchment scales and lead to large deviations in one case. Out 

of the three surrogate models, results from the coupled model differed the most 

from the results of the hydrodynamic model, in this case the coupled 1D-2D 

hydrodynamic model MIKE FLOOD, but it was able to describe overall 

flooding patterns and damage costs.  

The surrogate models all yield speed-ups of five-to six orders of magnitude. 

Hence, simulation time was reduced from hours and days to milliseconds and 

seconds depending on the models, catchment size and rain input.  

Each of the surrogate models presents novel model features, but the largest 

contribution is the bi-directional coupling of two conceptual models, which 

allows for fast and dynamic simulation of interactions between the drainage 

network and surface floodplain. Initial results show that the developed 

surrogate models can serve as substitutes for urban flood applications where 

state-of-the art hydrodynamic model are unfit due to computational 

requirements. Only the coupled surrogate model is valid for all types of real-

time and planning applications. The surrogate models presented are not part of 

a finished ready-to-use modelling toolbox; improvements and further testing 

of the models are still required before use. However, in their current state, they 

should mainly be applied for comparative studies and not as stand-alone 

models. The surrogate models have great potential for feeding into a climate 

adaptation framework as they allow for accurate large-scale flood modelling, 

multiple planning scenarios and real time applications.  
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Dansk sammenfatning 
Ifølge IPCC (Intergovernmental Panel on Climate Change) vil fremtidige 

ekstreme regnhændelser ske hyppigere og med højere intensiteter. Dette, 

koblet med den øgede urbanisering, vil øge risikoen for urbane 

oversvømmelser. For at imødekomme denne risiko kan enten statisk tilpasning, 

dvs. ændringer i den nuværende infrastruktur, eller dynamisk tilpasning, hvor 

det eksisterende systems kapacitet optimeres, implementeres. For at evaluere 

de forskellige muligheder anvendes oversvømmelsesmodeller. Disse spiller en 

helt central rolle i beslutningsprocessen, og bliver ofte anvendt for at vurdere 

mange forskellige scenarier med variationer inden for bl.a. tilpasningsmetoder, 

klima, byudvikling osv. Nuværende state-of-the-art oversvømmelsesmodeller 

er de såkaldte koblede hydrodynamiske modeller, der dynamisk kobler en 

endimensionel (1D) afløbsmodel med en todimensionel (2D) overflademodel. 

Brugen af disse modeller er dog begrænset grundet deres meget lange 

beregningstider, der gør dem uegnede til realtids anvendelser samt flerscenarie 

planlægning. I disse tilfælde kan forsimplede modeller blive anvendt som 

erstatninger, eller surrogater, for de hydrodynamiske modeller.   

Målet for PhD projektet var at udvikle fit-for-purpose urbane oversvømmelses- 

surrogatmodeller, som er mere stabile og med beregningstider flere 

størrelsesordener hurtigere end de nuværende hydrodynamiske modeller samt 

med sammenlignelig nøjagtighed. Dette vil muliggøre bedre klimatilpasning, 

da den lave beregningstid gør at flere scenarier og realtids anvendelser bliver 

mulige. For at opnå dette er tre surrogatmodeller udviklet og testet: en afløbs-

, overflade- og koblet surrogatmodel.   

Afløbs-surrogatmodellen er udviklet ved at gruppere afløbsnetværket i 

delområder, hvori vandvoluminet beregnes ved massebalance af flows ind og 

ud. Flere modelkonfigurationer blev testet, og voluminer og flows i 

afløbssystemet og til overfladen blev sammenlignet med den hydrodynamiske 

1D afløbsmodel MIKE URBAN. Selv de simpleste modelopsætninger, der 

anvendte steady-state volumen-flow punkter fra MIKE URBAN, var i stand til 

at emulere resultaterne fra MIKE URBAN. Surrogatmodellerne var robuste ift. 

valg af modelstruktur og parametre. Den vigtigste faktor var delområdernes 

opløsning, som kunne øges for at forbedre nøjagtigheden. GLUE (Generalized 

Likelihood Uncertainty Estimation) blev anvendt til at identificere acceptable 

modeller. Kritiske indikatorer og deres grænseværdier blev identificeret ud fra 

tre anvendelsesområder: realtidsstyring, varsling og planlægning.  
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Overflade-surrogatmodellen blev udviklet ved at lede vand på terræn fra en 

hydrodynamisk model igennem et overfladenetværk bestående af vandskel, 

lavninger og strømningsveje. Resulterende voluminer og flows blev dernæst 

anvendt til at beregne maksimale vanddybder i lavninger og strømningsveje, 

og derefter sammenlignet med den hydrodynamiske 2D overflademodel MIKE 

21. Surrogatmodellen var robust ift. antal af lavninger inkluderet i overflade-

netværket, men for få medførte en overestimering af oversvømmelse nedstrøms 

grundet manglende opstrøms volumen kapacitet. Surrogatmodellen var i stand 

til at efterligne den hydrodynamiske model med hensyn til oversvømmelsens 

størrelse og spatielle fordeling. Celle-baserede indikatorer viste at modellen er 

mere nøjagtig end tilsvarende statiske modeller for store stejle områder, men 

den er ikke i stand til at emulere divergerende strømninger i flade områder.  

Den koblede surrogatmodel kobler afløbs- og overflade- surrogatmodellerne 

ved at (i) fordele vand fra afløbssystemnet til individuelle brønde på 

overfladen, (ii) beregne aggregeret tilbage-flow til afløbssystemet vha. Orifice 

ligningen og (iii) inkludere transporttid i overfladenetværket. Globale 

transportparametre viste sig ikke at være egnede for alle oplande og førte til 

store afvigelser i ét tilfælde. Ud af de tre surrogatmodeller adskilte resultaterne 

fra den koblede model sig mest fra den hydrodynamiske, i dette tilfælde den 

koblede 1D-2D MIKE FLOOD model, men den var i stand til at beskrive 

overordnede oversvømmelsesmønstre og skadesomkostninger.  

Alle surrogatmodellerne giver beregningstidsreduktioner på mellem 5 og 6 

størrelsesordener. Dvs. at simuleringstiden blev reduceret fra timer og dage til 

millisekunder og sekunder afhængig af oplandets størrelse og regnhændelse.  

Hver af de tre surrogatmodeller indeholder nye modelfunktioner, men det 

største bidrag er koblingen af de to konceptuelle modeller, som tillader hurtig 

og dynamisk simulering af interaktioner mellem afløbssystemet og overladen. 

De indledende resultater viser, at surrogatmodellerne kan anvendes som et 

alternativ til de beregningstunge hydrodynamiske modeller. Af de tre 

surrogatmodeller er den koblede den eneste, der er gyldig for alle typer af 

realtid- og planlægnings anvendelser. Surrogatmodellerne præsenteret i denne 

afhandling er dog ikke et færdigt modelleringsværktøj; yderligere forbedringer 

og tests af modellerne er nødvendige inden de kan anvendes. De bør i deres 

nuværende format kun anvendes til sammenligningsstudier og ikke som 

selvstændige modeller. Surrogatmodellerne har et stort potentiale i 

klimatilpasningssammenhænge, idet de muliggør effektiv oversvømmelses-

modellering, multiscenarie planlægning og realtids anvendelser. 
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1 Introduction 

1.1 Background and motivation 
According to the Intergovernmental Panel on Climate Change (IPCC) future 

precipitation events are likely to increase in frequency and magnitude, causing 

increased risk of pluvial flooding (IPCC, 2014). Coupled with growing urban-

ization, there is an increased need for implementation of adaptation strategies 

to reduce flood risk and corresponding damage costs in urban areas.  

Adaptation measures can be static implementations to increase infrastructure 

resilience by e.g. using bigger pipes, installing basins, adding local infiltration 

measures etc. (Zhou et al., 2012). Dynamic adaptation measures can also be 

implemented to optimize the use of the existing system’s storage capacity 

through real time control (RTC) of the urban drainage networks (Lund et al., 

2018). To evaluate the performance of the different strategies, flood models 

are often applied, to find the most optimal and robust solution for a range of 

different scenarios e.g. adaptation solutions, climate projections, city develop-

ment etc. (Löwe et al., 2018, 2017; Semadeni-Davies et al., 2008; Webber, 

2018).  

State-of-the art flood models are the so-called hydrodynamic (HD) models, 

which dynamically couple the one-dimensional (1D) drainage network to a 

two-dimensional (2D) floodplain with bi-directional flows (Bazin et al., 2014; 

Henonin et al., 2013; Vojinovic and Tutulic, 2009). This dynamic coupling is 

key in urban flood modelling as the interactions between the drainage network 

and surface flooding strongly affect flood distribution, magnitude and duration 

(Martins et al., 2018). However, the usage of hydrodynamic models is limited 

due to their large computational time. This makes this model type unfit for 

large-scale catchments, when fast simulations are required and/or for multiple 

simulations. Hence, the hydrodynamic models are generally unfit for RTC and 

for multi scenario planning (Ochoa-Rodriguez et al., 2015).   

To overcome this, simpler and cheaper-to-run models can be applied as substi-

tute, or surrogate, for the computationally demanding hydrodynamic models 

(Razavi et al., 2012). Methods for going from a hydrodynamic model to a sim-

plified model range from reducing the accuracy of the physically based model 

to entirely replacing it with a simple input-output model. However, few sim-

plified models are available for coupled drainage-floodplain modelling.   
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1.2 Research objectives 
Paper I describes an attempt to reduce computational time of a 1D-2D coupled 

hydrodynamic model by simplification of the 1D drainage network by trim-

ming (deleting whole branches of pipes below a threshold for e.g. pipe diame-

ter) and merging (joining of multiple pipes to a single by deleting connecting 

manholes). However, results show that a small decrease in computational time 

(up to 35 % achieved when removing 66 % of the network) result in a large 

decrease in model performance. To achieve larger reductions in computational 

time with a smaller loss of accuracy, we decided to develop new cheaper-to-

run surrogate models.  

Hence, the overall objective of the project is to develop fit-for-purpose flood 

models that are numerically more stable and with calculation speeds several 

orders of magnitude faster than current high-fidelity models, and with compa-

rable accuracy. These models will feed into a risk management framework for 

adaptation of infrastructure as well as RTC of urban drainage systems. The 

outcomes will enable better assessments in climate change adaptation by al-

lowing for analysis of more climate change scenarios, city development sce-

narios, adaptation measures, and amount of adaptation implemented. The pro-

ject is therefore key in enabling better decision-making within climate change 

adaptation of urban areas.  

The specific research objectives (ROs) of the PhD were:  

1. RO1: Identify simple surrogate model structures for 1D drainage models 

for a suite of applications and identify critical indicators 

2. RO2: Identify simple surrogate model structures for 2D flood models 

for a suite of applications and identify critical indicators 

3. RO3: Identify simple surrogate model structures for coupled 1D-2D 

flood models for a suite of applications and identify critical indicators 

4. RO4: Assess the overall uncertainty of surrogate models 

The thesis is based on four papers, three of which address these objectives, see 

Figure 1.1. Paper I serves as motivation for developing the three surrogate 

models. Paper II presents a range of drainage surrogate models and their un-

certainty, which addresses the first and fourth objective. Paper III presents a 

surface surrogate model, which addresses the second and fourth objective and 

serves as a building block, together with Paper I, for Paper IV. Paper IV pre-
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sents a coupled drainage-surface surrogate model, where the drainage surro-

gate model from Paper II is coupled with the surface surrogate model from 

Paper III. Paper IV addresses the third and fourth research objective.  

 

Figure 1.1. Schematic overview of PhD project with papers and research objectives (RO). 

1.3 Thesis structure 
The thesis is structured as follows: Chapter 2 provides an overview of existing 

flood models in the literature organized into a model classification framework. 

Applying this framework, the research gaps in the field are identified. Chapters 

3, 4 and 5 describe the three surrogate models developed for the drainage net-

work, surface flooding and the coupled drainage-surface flooding, respec-

tively. The chapters present the starting point for each model, go through the 

winding road of model development, including selection of critical indicators, 

and present the concluding final model formulations and key findings of each 

model. Chapter 6 wraps up with a discussion and brings the model-to-model 

focus back into the context of reality. Chapter 7 concludes the thesis and chap-

ter 8 presents suggestions for further research.  
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2 Model classification 
The goal of any model is to simplify a complex system (Refsgaard et al., 2014). 

Hence, all models can be considered simplified, but the level and type of sim-

plification varies with different types of models. Models classification schemes 

vary in literature and will not be definitive as most models have overlapping 

features (Jajarmizadeh et al., 2012). Figure 2.1 is based on the model classifi-

cation made in Chow et al. (1988), but expanded to include the description of 

physical processes. 

 
Figure 2.1. Model classification expanded and modified from Chow et al. (1988). Model 

types developed and used for benchmarking in this PhD project are highlighted.  

Chow et al. (1988) divide hydrological models into two main categories: phys-

ical models and abstract models. Physical models are either scale models, 

which represent the system on a reduced scale or analog models, which apply 

a similar physical system with same properties to those of the prototype. This 

model type will not be further discussed in this thesis. Abstract models are 
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models, which represent the physical system in terms of mathematical equa-

tions which link input and output variables. The variables may be functions of 

space and time and be deterministic or random. A deterministic model does not 

consider randomness and produce the same outcome every time for a given 

input, whereas a stochastic model has at least partially random outputs. This 

thesis will solely focus on deterministic models.  

Furthermore, a model can be classified according to its degree of representation 

of physical processes. Models range from physically based white-box models, 

through conceptual grey-box models to empirical data-driven black-box mod-

els. A physical or mechanistic model includes mathematical representation of 

a number of microscopic processes that underlie the given observation, 

whereas conceptual models are more macroscopic and  abstractions are made 

on several of the microscopic processes (Velez et al., 2016). Empirical models, 

also known as data-driven models, are based on observed input-output corre-

lations and do not explicitly include any physical processes. This thesis will 

focus on physical/mechanistic- and conceptual models.  

The models can furthermore be classified into their spatiotemporal properties. 

They can be distributed or lumped, be one-, two- or three-dimensional and can 

be time-independent or -correlated. The following sections presents an over-

view of different model types for urban drainage and/or urban flood modelling.  

2.1 HiFi/Hydrodynamic models 
The most common urban flood models are the dynamically coupled hydrody-

namic, also known as HiFi (High Fidelity), models (Ochoa-Rodriguez et al., 

2015). With reference to Figure 2.1 these are classified as deterministic, phys-

ically/mechanistic, distributed and time-correlated models.  

Hydrodynamic models for urban pluvial flood modelling typically couple the 

1D drainage system to a 2D floodplain model with bi-directional flows (Chen 

et al., 2007; Leandro and Martins, 2016; van Dijk et al., 2014). This coupling 

enables dynamic interactions between the surface and subsurface systems, 

which is crucial for modeling urban pluvial flood magnitude, distribution and 

duration. This concept is also referred to as the also known as the dual-drainage 

concept (Chen et al., 2007; Djordjević et al., 1999). Figure 2.2 illustrates the 

model components of a hydrodynamic model.  
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(a) (b) 

  
(c) (d) 

  
Figure 2.2. Model components of coupled hydrodynamic models. (a) Rainfall runoff com-

putation where runoff is directly directed to the drainage network. (b) Computation of water 

levels and flows in the drainage system. If drainage capacity is exceeded, water will sur-

charge through the manholes. (c) Water flows both in the drainage network and on the sur-

face floodplain. If drainage capacity allows it, water will re-enter the drainage network 

through available manholes. (d) The drainage network has emptied and only small amounts 

of water are present on the surface, either slowly leaving it or stuck in “dead volumes” of 

water, i.e. depressions with no manhole or flow path connections.  

The models contain a simple rainfall-runoff module, which compute the runoff 

entering the drainage network based on a set of hydrological parameters (Fig-

ure 2.2a). Next, flows and water levels are simulated in the drainage network. 

If the drainage capacity is exceeded, water will surcharge from the drainage 

network to the surface (Figure 2.2b). Water will spread across the floodplain 

and when the drainage capacity allows for it, water will re-enter the drainage 

system as shown in Figure 2.2c. Infiltration and evapotranspiration can also be 

modelled here, but are not included in this study. In Figure 2.2d only small 

amounts of water are present on the surface, and either slowly leave or are 
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stuck in “dead volumes” of water, i.e. depressions without connection to the 

drainage network or a downstream flow path.  

Most hydrodynamic flood models represent the floodplain as a 2D field with 

the assumption that the water depth is shallow in comparison to the other two 

dimensions. The 2D shallow water equations (SWEs), which encompass mass 

and momentum conservation, are, in conservative form, written as: 

Continuity equation: 

 𝜕ℎ

𝜕𝑡
+
𝜕(ℎ𝑢)

𝜕𝑥
+
𝜕(ℎ𝑣)

𝜕𝑦
= 0 (1) 

Momentum equations: 

 𝜕(ℎ𝑢)

𝜕𝑡
+
𝜕

𝜕𝑥
(ℎ𝑢2 +

1

2
𝑔ℎ2) +

𝜕(ℎ𝑢𝑣)

𝜕𝑦
= 𝑔ℎ(𝑆𝑥 − 𝐽𝑥) (2) 

 

 𝜕(ℎ𝑣)

𝜕𝑡
+
𝜕

𝜕𝑦
(ℎ𝑣2 +

1

2
𝑔ℎ2) +

𝜕(ℎ𝑢𝑣)

𝜕𝑥
= 𝑔ℎ(𝑆𝑦 − 𝐽𝑦) (3) 

Where x and y are the two spatial dimensions, h is the water level, g is the 

gravitational acceleration, u and v are velocities in the x and y directions, Sx 

and Sy are the bed slopes in the x and y directions and Jx and Jy are the friction 

slopes in the x and y directions. The shallow water equations have no known 

general analytical solution and numerical schemes are thus applied for alge-

braic approximations.  

For simulating flow in the drainage system, the 1D shallow water equations, 

also known as the Saint-Venant equations, are applied. The Saint-Venant equa-

tions in conservative form are: 

Continuity equation: 

 𝜕𝐴

𝜕𝑡
+
𝜕𝑄

𝜕𝑥
= 0 (4) 

Momentum equation: 

 1

𝐴

𝜕𝑄

𝜕𝑡
+
1

𝐴

𝜕

𝜕𝑥
(
𝑄2

𝐴
) + 𝑔

𝜕ℎ

𝜕𝑥
− 𝑔ℎ(𝑆 − 𝐽) = 0⏟        

Kinematic⏟              
Diffusive ⏟                            

Dynamic

 

(5) 
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Where Q is the flow, A is the cross-sectional area of the channel perpendicular 

to the flow. The momentum equation consists of terms for the physical pro-

cesses, which governs the flow momentum. 
1

𝐴

𝜕𝑄

𝜕𝑡
 is the local acceleration, which 

describes the change in momentum due to change in velocity over time. 

1

𝐴

𝜕

𝜕𝑥
(
𝑄2

𝐴
) is the convective acceleration term, which describes the change in 

momentum due to the change in velocity along the channel, and 𝑔
𝜕ℎ

𝜕𝑥
 is the 

pressure force term, which is proportional to the change in water depth along 

the channel. 𝑔ℎ(𝑆 − 𝐽) is the gravity and friction force term, proportional to 

the bed slope and the friction slope, respectively. The full SWEs/Saint-Venant 

Equations are also denoted full dynamic wave.   

2.1.1 Application 

As the full SWEs have no known analytical solution, they have to be solved 

using a numerical approximation. Several numerical schemes for algebraic ap-

proximation exist. Based on numerical discretization strategies, the models can 

be classified as finite element, finite difference and finite volume methods. For 

discretization in time, models can either be implicit or explicit (Teng et al., 

2017).   

Several simulation packages apply versions of the SWEs for simulating flood-

ing e.g. HEC-RAS (Brunner, 2016), ISIS (CH2M, 2013), LISFLOOD-FP 

(Bates and De Roo, 2000), MIKE (DHI, 2016), TUFLOW (BMT-WBM, 2016), 

JFLOW (Bradbrook et al., 2004), DIVAST (Falconer, 1986), SOBEK (Del-

tares), TELEMAC (Électricité de France), TRENT (Nottingham University) 

and InfoWorks (Nkwunonwo et al., 2020; Teng et al., 2017). The models apply 

different numerical schemes and methods for coupling the flows from the ur-

ban drainage system to the surface floodplain.  

The drainage network and floodplain are dynamically coupled through man-

holes, also denoted network nodes, where the bidirectional flow is often gov-

erned by the weir- or orifice equation (Equation 6) (DHI, 2014).  

 𝑄exchange =sign(ℎ𝑑 − ℎs)𝐶DAm√2𝑔(ℎd − ℎs) (6) 

Where Qexchange is the flow between the drainage network and the floodplain, 

hd is the water level in the drainage network, hs is the water level on the surface, 

CD is the discharge coefficient, and Am is the cross-sectional area of manhole.  
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Despite their dominance in the urban flood-modelling field, the computational 

requirements of the hydrodynamic models limit their usage for large catch-

ments and/or where multiple simulations are required, such as testing of vari-

ous adaptation strategies and climate change scenarios (Webber, 2018). Hence, 

efforts are made to reduce computational time by means of simplifications.  

2.2 Model simplifications 
This section presents a general overview of methods of simplification applied 

in the field of flood modelling. Hydrodynamic models can be replaced with 

e.g. the three deterministic model types from Figure 2.1, which are also shown 

in Table 2.1.  

Table 2.1. Schematic overview of different model simplifications. Since the focus of the 

thesis is only mechanistic and conceptual models, empirical data-driven models are marked 

with gray.  

Model type LoFi Mechanistic  Conceptual  Empirical data-driven  

 White box Grey box Black box 

Parameters Mostly measured Mostly calibration Pure calibration  

(also model structure) 

Examples Hydrodynamic Storage-outflow Artificial neural networks 

 
 

Physical parameters 

2.2.1 LoFi/mechanistic models 

LoFi (Lower Fidelity), or mechanistic, models are physically based hydrody-

namic models, which are simplified by lowering the number of physical pro-

cesses included or reducing the numerical accuracy, i.e. by applying a coarser 

spatiotemporal grid size (Savage et al., 2016) or simplifying the model network 

as in Paper I. In a 1D-2D flood simulation, the 2D surface flow model is gen-

erally more expensive than the 1D drainage network model. To reduce compu-

tational time, the 2D surface model can be exchanged with a 1D surface flow 

model (Leandro et al., 2009), which is generated from a GIS analysis of the 

topography, as in (Maksimov et al., 2009; Maksimovi et al., 2007; Simões et 

al., 2011). However, this method requires that flooding mainly occurs within 

the defined channels (Mark et al., 2004). As an improvement to such method a 

hybrid model combining 1D and 2D surface flows can be applied (Simões et 

al., 2011).  

Different variations of the full SWEs can also be applied to reduce computa-

tional time (Bates et al., 2010; Fewtrell et al., 2011; Leandro et al., 2014; 

Martins et al., 2017; Neal et al., 2012). Table 2.2 provides an overview of the 

different SWE simplifications and the features included. Most hydrodynamic 
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models include options for applying either the kinematic- or the diffusive 

wave, indicated in Equation 5, instead of the full SWEs.  Examples of kine-

matic wave models applied for flood modelling is ISIS fast Dynamic and UIM 

(Neelz, S. & Pender, 2013). 

Table 2.2. Effects included in the different mechanistic models. Based on table from (García 

et al., 2015). 

Features Full SWE 

Dynamic 

wave 

3-term 

Diffusive 

wave 

2-term 

Kinematic 

wave 

Mass balance Yes Yes Yes 

Backwater and flow reversal Yes Yes Yes 

Attenuation of flood waves Yes Yes No 

Flow acceleration Yes No No 

For steady uniform flow in an open channel, the Manning equation can be ap-

plied to determine the velocity or discharge:  

 
𝑄 = 𝐴𝑀 (

1

4
𝐷)

2/3

𝐽1/2  (7) 

 

Where A is the cross sectional area, M is the Manning coefficient, D is the 

hydraulic radius and J is the friction slope.   

2.2.2 Conceptual models 

Conceptual models contain macroscopic physical processes, and their parame-

ters may be calibrated to measured data, or a HiFi model if no measured data 

is available (Hunter et al., 2008). These models are often spatially lumped mod-

els based on mass balances. Hence, input 𝐼(𝑡), output 𝑄(𝑡), and storage 𝑆(𝑡) 

are related through the continuity equation:  

 𝑑𝑆(𝑡)

𝑑𝑡
= 𝐼(𝑡) − 𝑄(𝑡) (8) 

A storage function couples the storage and outflow: 

 𝑆 = 𝑓(𝑄) (9) 

Conceptual urban drainage models can generally be divided into the following 

groups: (i) Virtual-tanks models: the network is subdivided into sets of com-

partments in which volume is modelled by linear or non-linear storage func-

tions. (ii) Nash models: the network is subdivided into compartments and these 

are considered as several tanks in cascade. (iii) Muskingum models: include a 
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lumped set of parameters to describe linear relationships between inflow and 

outflow affecting the corresponding volume (García et al., 2015). Examples of 

drainage models within these categories are (i) the conceptual drainage models 

applied in Paper I and (Vaes and Berlamont, 1998; Wolfs et al., 2013) and on 

a finer scale (Austin et al., 2014), (ii) KOSIM-WEST, and (iii) CITY DRAIN 

(Achleitner et al., 2007).  

For long narrow reservoirs, backwater effects may alter the invariable storage-

discharge curve to make it variable/ambiguous as seen in Figure 2.3.  

 

Figure 2.3. Relationship between discharge and storage for (a) invariable relationship and 

(b) variable (ambiguous) relationship, where R denotes maximum storage and P, maximum 

outflow. Figure from (Chow et al., 1988).  

Methods for coping with this include integrator-delay models, the combiner-

splitter approach or application of artificial neural networks (ANN) (García et 

al., 2015; Velez et al., 2016; Wolfs and Willems, 2017).  

Conceptual models are also applied for flood modelling. Here the floodplain is 

treated as a series of discrete basins or storage cells, where flows in between 

are modelled by conceptual relationships, which satisfies the continuity equa-

tions (Ochoa-Rodriguez et al., 2015). Examples of conceptual models include 

Flood Spreading Methods (RFSM) (Balstrøm and Crawford, 2018; Bernini and 

Franchini, 2013; Jamali et al., 2018; Lhomme et al., 2009) and the Rapid Flood 

Inundation Model (RFIM) (Krupka, 2009), which routes water between 

bluespots or watersheds typically at steady state with or without a fixed head. 

Cellular Automata (CA) approaches spreads volumes of water from a set of 

nearest-neighbor rules on a cell-based level (Ghimire et al., 2013; Jamali et al., 
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2019; Liu and Pender, 2013). Most of these models are steady state models and 

does therefore not include the temporal evolution of flooding (Figure 2.1).  

2.2.3 Surrogate models 

Surrogate models are defined as cheaper-to-run “surrogates” of the “original” 

simulation models (Razavi et al., 2012). Thus, in principle, all of the model 

simplifications above may be classified as surrogate models if they serve to 

emulate an original model. Surrogate models are a second level of abstraction 

as illustrated in Figure 2.4.  

 
Figure 2.4. The concept of surrogate models. Black brackets indicate the focus of this thesis. 

The brackets in Figure 2.4 indicate the focus of this thesis, which is on the step 

of going from original models, in this case the hydrodynamic models, to the 

simpler surrogate models; relation to reality is not considered until the discus-

sion in Chapter 7.  

2.3 Research gap 
Figure 2.5 provide an overview of groups of existing drainage- and surface 

flood models from the literature, mapped according to model complexity and 

spatial distribution.  

The drainage models are mainly focused in two areas: distributed physically 

based models, where the hydrodynamic models (HiFi and LoFi), and network 

simplifications of these, are present, and lumped conceptual models. The drain-

age surrogate model described in Paper II is grouped with the virtual-tanks 

models. The flood models are not as lumped as the drainage models, as even 

the lumped RFSM models have a higher compartment density than the drainage 

storage models. Models with the lowest spatial description are the 1D hydro-

dynamic models, as water is retained to pipe structured networks, followed by 

the hybrid models and RFSM models. The hybrid models only include a num-

ber of 2D areas and the RFSM does not include flooding in-between these ar-

eas. Their exact internal level of spatial description may vary according to the 

model setup. The most distributed models are the 2D hydrodynamic models 

and CA models, which both operate on a cell-based level. In-between is the 

surface surrogate model, FloodStroem, which is developed in Paper III.  
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Figure 2.5. Mapping of existing drainage models (left) and flood models (right) according 

to model complexity and spatial distribution. The dark grey box marks the surrogate model 

described in Papers I, II and III.   

Existing coupled urban pluvial flood models are illustrated in Figure 2.6. Here 

different drainage- and flood models are presented along with the coupling 

combinations found in literature and the coupled models developed in this PhD.  

 

Figure 2.6. Existing coupling of available drainage and surface flood models. HD: Hydro-

dynamic model. BS: Bluespot.  

The simplest form of representation of the drainage network is to disregard it, 

or subtract a fixed amount of volume from it or add a fixed rate of rainfall to 

it, which reflects the draining and storage capacity of the drainage system 

(Balstrøm and Crawford, 2018). This can be applied when the drainage net-

work does not have a large impact on the studied flood phenomena. On the 

other hand, if the distribution of flooding is not of any importance, the surface 

can be disregarded, and only surcharge locations and volumes are considered 
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(Bulti and Abebe, 2020). Coupled urban pluvial flood models found in the lit-

erature cover the following categories: 

1. Hydrodynamic model – Hydrodynamic model. 

2. Hydrodynamic model – Conceptual model. 

3. Conceptual model – Conceptual model. 

Category 1 covers both 1D-1D, 1D-1D/2D and 1D-2D hydrodynamic models 

(presented in section 2.1 and 2.2.1). These are by far the most common cou-

pling patterns as they allow for dynamic (bi-directional) interactions between 

the drainage network and surface as seen in Figure 2.6. In category 2, most 

conceptual models are statically coupled (only uni-directional flows) with hy-

drodynamic models. This implies that the surcharge of the hydrodynamic 

model serves as input to the conceptual model as e.g. a volume of water to 

steady state models (cf. Figure 2.1) RFSM and CA models (Jamali et al., 2019, 

2018), and hence does not include possible flow back in to the drainage net-

work or the flooding dynamics. Input can also be flow to time-correlated mod-

els (Figure 2.1) including the temporal evolution of flooding, however, having 

two different drainage- and surface models does not allow for bi-directional 

interactions between the models. To our knowledge, there are very few coupled 

models consisting of pure conceptual models (category 3). Only CADDIES  

(2015) plans on coupling a drainage CA with a surface CA and Bermúdez et 

al. (2018) includes data-driven methods for this purpose.  

Hence, in the literature (nearly) all identified coupled models include at least 

a drainage- or surface hydrodynamic model, increasing computational time and 

does not allow for dynamic interactions between subsurface and surface flows. 

Our goal is to address this research gap by developing a pure conceptual dy-

namically coupled model. To achieve this, a simple drainage surrogate model 

(Paper II), which is presented in Chapter 4, and a surface surrogate model (Pa-

per III), which is presented in Chapter 5, was developed. The coupling of the 

two models is presented in Chapter 6 (Paper IV).  

2.4 Choosing the right model 
As stated in the beginning of this Chapter, all models contain some degree of 

simplification, even the HiFi hydrodynamic models. Hence, there is no such 

thing as a right model, but there is a right model for a given purpose, in other 

words: 

“All models are wrong, but some are useful” 

- George E. P. Box (1919 – 2013) 
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But, how do we then choose the right model? This needs to be an evaluation of 

available overall objectives, site and data/resources available, and acceptance 

of error (Begum et al., 2007; Refsgaard and Henriksen, 2004) as illustrated in 

Figure 2.7.  

First, the overall model objective needs to be established, e.g. evaluating dif-

ferent adaptation measures, dimensioning a wastewater treatment plant, etc. 

Next, the model outputs required to meet the model objectives have to be iden-

tified both in form of output type i.e. water levels, flows etc., but also spa-

tial/temporal requirements e.g. projection of spatially detailed maximum flood 

depth maps or occurrences of combined sewer overflows (CSOs) at a single 

location. Hereafter, catchment characteristics needs to be considered, i.e. large, 

steep, coastal, urban etc. Existing available modelling software should be eval-

uated, also keeping in mind time-constraints for model setup, calibration, result 

interpretation and simulation, given the catchment scale and simulation period 

needed. In this consideration, a trade-off between accuracy and computational 

time needs to be made. If no models are available, time-constraints in terms of 

developing a model should also be considered along with available measured 

input data for calibration.  

 

Figure 2.7. Considerations for model selection.  

Hence, even HiFi hydrodynamic models cannot be considered “one-size-fits-

all”-models and all the above considerations should be included in the model 

selection procedure. This makes model selection very case specific and to de-

velop a final set of surrogate models, which are fit for all purposes, is thus not 

realistic. To cope with this, we have tried to set up some applications and/or 

gone through similar studies in literature to benchmark our models. Hence, the 

surrogate models developed in this thesis might not be applicable for all uses 

as further discussed in Chapter 7.  
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3 Data and case studies 

3.1 Case study area 
To test and validate the surrogate models, the following requirements were set 

up for the selecting a catchment. The catchment has to: 

 Be subject to pluvial flooding 

 Have an available detailed distributed coupled hydrodynamic model 

 Be a large urban catchment 

 Include both flat and steeps areas 

 Experience backwater effects 

Based on these criteria, the Elster Creek Catchment in Melbourne, Australia 

was selected. The catchment covers an area of 48.7 km2 and has been subject 

to frequent pluvial- and tidal flooding. The area consists mostly of residential 

buildings with a small fraction of commercial and industrial buildings (Olesen 

et al., 2017).  

3.2 Benchmark model 
A hydrodynamic MIKE FLOOD model is available for the separate stormwater 

collection system (further referred to as drainage network) in the Elster Creek 

catchment. This model is presented in (Davidsen et al., 2017). The model con-

tains a total number of 10,011 manholes and 10,145 pipes with a total length 

of 477 km. The drainage network contains six weirs and no basins or control 

features are included in the model. The model domain is presented in Figure 

3.1a. For evaluating flood models, three sub-catchments (SubCs) are selected 

and shown in Figure 3.1b. The benchmark model can, with reference to Figure 

2.1, be classified as a deterministic, physically-based, distributed and time-

correlated model.  
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(a) 

 
(b) 

 

Figure 3.1. (a) The entire Elster Creek Catchment area with drainage network and compart-

ment delineations used in Paper II. The orange square indicates the test area used in Chapter 

5. (b) Sub-catchments (SubCs) used in Papers III and IV. The figure is a modified version 

from those in Papers II and III.  

Table 3.1 provides an overview of the hydrodynamic model setups used for 

benchmarking the three surrogate models. For the drainage surrogate model, 

the 1D hydrodynamic drainage model MIKE URBAN is applied. Here, man-

holes are set to spilling mode, i.e. water disappears out of the model when 

surcharging. For the surface surrogate models, the 2D flood model MIKE 21 

is applied. Here, surcharge discharges from MIKE URBAN are applied as 

model inputs for both MIKE 21 and the surface surrogate model. Hence the 

SubC1 SubC2 SubC3 
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model is marked as statically coupled (uni-directional flows only). The coupled 

surrogate model is benchmarked against the coupled 1D-2D hydrodynamic 

model MIKE FLOOD, which dynamically couples MIKE URBAN and MIKE 

21 with bi-directional flows.  

Table 3.1. Overview of benchmark models applied in this study and the corresponding sur-

rogate models (SMs).  

  Benchmark models 

  MIKE URBAN MIKE 21 MIKE FLOOD 

Model components (Figure 2.2) a, b d a, b, c, d 

Dimension 1D 2D 1D-2D 

Coupling between surface and subsurface No Static Dynamic 

Required input Rain Surcharge Rain 

For benchmarking Drainage SM Surface SM Coupled SM 

 

3.3 Rain data 
Table 3.2 provides an overview of the rain data and its application in the study.  

Table 3.2. Overview of rain data applied for training and validation the surrogate models  

(SMs). CDS: Chicago Design Storm. GLUE: Generalized Likelihood Uncertainty Esti-

mation. 

SM Rainfall type Application Source 

Drainage Staircase rain Training - 

 Historic rain series GLUE (Madsen et al., 2017) 

 Historic rain series Validation (Australian Bureau of Meteorology, 2015) 

Surface CDS Validation Australian guidelines 

Coupled CDS Validation Australian guidelines 
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4 Drainage surrogate model 

4.1 Starting point 
Our initial idea was to continue developing and examining the concept devel-

oped in my Master thesis (Thrysøe and Toke, 2015), where areas of the drain-

age network are lumped into compartments in which the volume of water is 

modelled by in- and outgoing discharges. The drainage surrogate model should 

be able to describe the processes shown in figure 2.2b where surface runoff is 

given as input to the drainage surrogate model and water is routed through the 

network and surcharged when drainage capacity is exceeded. The governing 

equation for the evolution of volume in the 𝑚th compartment and a conceptual 

illustration of the drainage compartments m and m+1 are given in Equation 10 

and Figure 4.1. 

 
Figure 4.1. (a) Example of compartment delineation of drainage network. (b) Conceptual 

illustration of surrogate model drainage compartments (DC) m and m+1.   

 
𝛥𝑆𝑚
𝛥𝑡

= 𝑄r𝑚 +∑𝑄D𝑘,D𝑚

𝑁in

𝑘

−𝑄D𝑚,s − ∑ 𝑄D𝑚,D𝑧

𝑁out

𝑧

 (10) 

Where 𝑄r𝑚 is the runoff to the 𝑚th compartment, ∑ 𝑄D𝑘,Dm
𝑁in
𝑘  are flows from 

the upstream compartments, 𝑄D𝑚,S is flow from the drainage system to the sur-

face and ∑ 𝑄Dm,D𝑧
𝑁out
𝑧  are flows to downstream compartments.  

The model engine applied, available in (Borup, 2018), is implemented in C# 

and applies a fourth order explicit Runge-Kutta scheme, which propagates a 

volume state vector connected by piecewise linear relationships forward in 

time.  

Our objective was to examine the following: 

1. Governing flow functions and parameters.  

(a) (b) 
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2. Optimal compartment delineation. 

3. Model uncertainty. 

4.2 Model development 
Governing flow functions and parameters. To develop drainage surrogate mod-

els for the MIKE URBAN model of Elster Creek Catchment in Australia 

(MIKE URBAN model shown in Figure 3.1a) a smaller MIKE URBAN model 

consisting of 13 nodes, 13 pipes and an outlet was developed to train the sur-

rogate model. The small MIKE URBAN model was set up to imitate the be-

havior of the full Elster Creek Catchment model by enlarging the node volume 

to represent the network volume and trying to fit discharges in links to dis-

charges between these areas. However, the results could not be emulated with 

the small scale MIKE URBAN model.  

Nonetheless, it was decided to train different surrogate models to the small 

scale MIKE URBAN model to keep data processing at minimum in the testing 

phase. The compartments were set up for each node. Training data for dis-

charges out of compartments were tested as functions of both volume, water 

level and rain intensity for a series of different rain inputs.  

Training data for discharges as function of rain intensity varied greatly for dif-

ferent rain input and was thus discarded. Volume-discharge and water level-

discharge data showed similar trends, and remained more consistent for various 

rain inputs. However, training data for the small-scale model were in general 

instable and it was decided to move to the full-scale model.  

For the full-scale model it was decided to apply volume-discharge relations 

directly since water levels otherwise would have to be converted to volumes. 

As the transportation time through the entire drainage system was fairly quick, 

water was assumed to move instantaneously between compartments. A range 

of variations of model setups listed below were tested for a series of rain events 

and the results corresponded very well to those of the MIKE URBAN model 

as seen in Figure 4.2. Results showed that the drainage SMs were robust to the 

choice of training data, for which the compartment resolution is the most im-

portant factor.  

 SMsteady,20 uses L=20 and steady-state training data. 

 SMsteady,4 uses L=4 and steady-state training data. 

 SMsteady,4,div uses L=4 and steady-state training data. Sub-division of sin-

gle compartment into 17 sub-compartments.  
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 SMsteady,4+UH uses L=4 and steady-state training data and a unit hydro-

graph (UH) as a post-processing step.  

 SMdynamic,4 uses L=4 and mean values from historical events as training 

data.  

Where L is the number of volume-discharge points used for the piecewise-lin-

ear volume-discharge curves.  

 

 

 
— DPM, — SMsteady,4, ∙∙∙ SMsteady,4,div,  

- - SMsteady,4+UH, --- SMdynamic,4,  ± 23% MU 

Figure 4.2. Resulting volume (S), discharge (Q) and surcharge (Qspill) over time for a se-

lected demonstration event for the five different SM structures and DPM for compartment 

SM1. The figure is adapted from Paper II.   

Optimal compartment delineation. Different compartment delineations were 

tested and the following rules were developed based on experiences: 
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- Bidirectional flow. Compartment boundaries should not be placed across 

pipes with both positive and negative flows depending on the size of the 

rain event.   

- Hydraulic structures and constraints. Features such as weirs, throttle 

pipes and orifices are ideal as compartment connections and such struc-

tures should preferably not be placed in the middle of a compartment.  

- Q-h relationships. Links where backwater effects are present should be 

avoided as compartment connections. Pipes not affected by this can be 

identified by examining Q-h relationships in the MIKE URBAN results. 

If this relationship shows a high degree of ambiguousness, the pipe 

should be avoided as a connection. It is good practice to include all pipes 

affected in the same compartment, and the upstream compartment 

boarder just upstream of the first pipe affected.   

- Steep pipes. Steep pipes are ideal for compartment connections as they 

are more likely to be free for any form of backwater effects.  

- Number of links. The number of links at compartment boundaries should 

be kept at a minimum.  

- Compartment size. Too small compartments can lead to instability in the 

surrogate model, whereas too large compartments may result in an over-

simplification of drainage system dynamics.  

4.3 Benchmarking 
The drainage surrogate models were benchmarked to the results of the MIKE 

URBAN model. This section presents the choice of indicators and method for 

evaluating if a model is accepted or not.  

4.3.1 Performance indicators 

The performance indictors selected needed to reflect the desired application of 

the model (cf. section 2.4 Figure 2.7). The three applications to be considered 

were RTC, warning and planning, which all have different model requirement 

as stated below: 

 RTC: Model should be able to accurately describe changes in volumes 

and discharges at specified locations inside drainage network. 

 Warning: Model should be able to capture the maximum outlet and sur-

charge peak magnitude and timing. 
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 Planning: Model should be able to capture the amount of accumulated 

discharge from outlet and surcharge. 

Model parameters and performance indicators were selected to match these re-

quirements as shown in Table 4.1. For RTC, internal volumes and flows were 

benchmarked using Nash-Sutcliffe Efficiency (NSE) and Percent Error in Peak 

(PEP). For warning, peak of outlet discharges and surcharge were bench-

marked using PEP and Peak Time Difference (PTDIFF). For planning, accu-

mulated outlet from the drainage network were benchmarked using Percent Er-

ror in Accumulated Discharge (PEAD) and it was assessed whether the model 

captures the frequency of surcharges with the Critical Success Index (CSI).  

4.3.1 Limits of acceptability 

To assess the uncertainty introduced by the choice of training data and identify 

acceptable models, the Generalized Likelihood Uncertainty Estimation 

(GLUE) methodology was applied (Beven and Binley, 1992). This framework 

identifies models which are behavioral, i.e. acceptable from a set of defined 

limits of acceptability.  

The method was carried out in four steps:  

(i) Selection of model structures and parameters. Model structure 

SMsteady,4 was selected, but the steady state training data was replaced 

with historical rain data presented in Table 3.1, which produced am-

biguous volume-discharge curves.  

(ii) Identifying prior parameter distributions. The parameters were sam-

pled from the swarm of scattered volume-discharge points. Dis-

charges were sampled at volume points from SMsteady,4 using a trian-

gular distribution. 

(iii) Choosing sampling method. Two sampling methods were set up. 

Sampling type 1 allows all four discharge values to vary inde-

pendently of each other resulting in various slopes and shapes of the 

governing volume-discharge curves. Sampling type 2 sorts the pa-

rameters, which entail more fixed slope and shape of the volume-

discharge curves, but also more extreme model.  

(iv) Defining likelihood measure and limits of acceptability. A uniform 

likelihood is applied, and limits of acceptability were set up for dif-

ferent applications as shown in Table 4.1.  
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Table 4.1. Limits of acceptability for the three applications: RTC, Warning and Planning 

together with the number of accepted models for each limit and application for SM1 (cf. 

Figure 3.1) using sampling method 1 and 2, respectively. Table from Paper II.  

    # accepted models 

 Ө Measure Limit Sampling method 1 Sampling method 2 

RTC 

Qout NSE >0.8 500 

437/500 

500 

417/500 
S 

NSE >0.8 437 417 

PEP <30% 489 470 

Warning 

Qout 
PEP <25% 500 

496/500 

500 

486/500 
PTDIFF <15min 500 500 

Qspill 
PEP <50% 496 486 

PTDIFF <15min 500 500 

Planning 

Qout PEAD <25% 500 

386/500 

500 

343/500 
Qspill 

PEAD <25% 386 343 

CSI >0.90 500 500 

 

From here, the numbers of acceptable models were evaluated for each of the 

criteria and applications as also shown in Table 4.1. Sampling method 2 re-

sulted in less accepted models as the parameters were more bound. This is also 

visible in Figure 4.3. 

Resulting bounds of acceptable models for the three applications can be seen 

in Figure 4.4a for SM1 and number of acceptable models for all compartments 

in Figure 4.4b for sampling methods 1. For RTC and planning acceptable mod-

els are available for all compartments, whereas for warning none of the models 

were accepted in four out of the 13 compartments. Here, a finer compartment 

resolution, or perhaps alternative model structure, would have to be applied.  
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       — RTC limit, — Warning limit, — Planning limit, - SMsteady,4 

Figure 4.3. NSE, PEP, PTDIFF, PEAD and CSI values as functions of density of discharge 

parameters 1 and 2 for sampling method 1 and for density of percentile discharge parameters 

for compartments SM1, with limits of acceptability for the three applications from Table 

4.1. The top 3x3 figures show NSE for the volume, discharge and spilling discharge. The 

next 3x4 figures similarly show the PEP values. The next 2x3 figures show the PTDIFF 

values for the discharge and spilling discharge. The next 2x3 figures show the PEAD values 

similarly. The final 1x3 figures show the CSI values for spilling discharge. Figure modified 

from Paper II. 

Discharge parameter 
percentile [%] 

Discharge parameter 2 
[m3/s] 

Discharge parameter 1 
[m3/s] 



26 

(a) 

 
(b) 

RTC Warning Planning  

    

 

Figure 4.4. (a) Resulting bound of acceptable surrogate models for the three applications 

with MIKE URBAN (black line) (b) Number of accepted models for the three applications 

using sampling method 1. Figure from Paper II.    

4.3.3 Key findings 

In true equifinality thesis style (Beven, 1993), there is no single final model 

formulation as multiple models were accepted for different applications. How-

ever, the following key findings were made: 

 Computational time was reduced by six orders of magnitude. 

 The simple model structure containing only four volume discharge 

points was enough to describe the governing volume-discharge curves. 

 Compartment resolution can be increased to improve the results. 

 The surrogate models were robust to the training data applied.  

 The error introduced by going from the hydrodynamic model to the sur-

rogate models were within the uncertainty bands of the hydrodynamic 

model. 

 The number of acceptable models depended on the type of application. 

The final model formulations can, according to Figure 2.1, be classified as de-

terministic, conceptual, lumped, time-correlated models.  
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5 Surface surrogate model 

5.1 Starting point 
Arc-Malstroem developed by Balstrøm and Crawford (2018) served as a start-

ing point for developing the surface surrogate model denoted FloodStroem. 

Arc-Malstroem is an open source software, which generates a surface network 

consisting of watersheds, bluespots, corresponding pour points (point of 

bluespot spillover) and preferred flow paths in-between. The model hereafter 

routes the volume of a uniformly distributed rain input through the system. 

When a bluespot it filled up to its maximum capacity (at pour point level) the  

bluespot spills the remaining volume to the downstream compartment and 

thereby the volume of water is spread in the bluespots across the surface.  

The watersheds from the surface network generated were used as compartment 

delineations for the dynamic flood routing model. Spilling discharge from a 

hydrodynamic model would serve as input to the network and then the same 

model engine as used for the drainage surrogate models would dynamically 

route water in the network. The governing equation for the evolution of volume 

in the 𝑛th compartment and a conceptual illustration of the surface compart-

ments n and n+1 are given in Equation 11 and Figure 5.1. 

(a) (b) 

 
 

 

Figure 5.1. (a) A surface network output from Arc-Malstroem with bluespots, pour points, 

flow paths and watersheds. (b) Conceptual illustration of surrogate model surface compart-

ments (SC) n and n+1.    

 
𝛥𝑆𝑛
𝛥𝑡

= 𝑄D,S𝑛 +∑𝑄S𝑘,S𝑛

𝑁in

𝑘

−𝑄S𝑛,S𝑛+1 (11) 

Where 𝑄D,S𝑛  is the surcharge to the 𝑛 th compartment, ∑ 𝑄S𝑘,S𝑛
𝑁in
𝑘  are flows 

from the upstream 𝑘  compartments and 𝑄S𝑛,S𝑛+1  is the flow to downstream 
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compartment. Figure 5.1a shows the starting point given from Arc-Malstroem. 

To be able to include dynamics in the model, the following features needed to 

be implemented: 

1. Distributed input from manholes and flow paths from these. 

2. Generation of governing volume-discharge curves. 

3. Exceeding maximum volume capacity of bluespots. 

4. Conversion of volumes and discharges to water depth: 

a. Water depths and extent in flow paths. 

b. Water depths in bluespots. 

5.2 Model development 
Initially, I started with a test small catchment shown in Figure 3.1a with only 

a single manhole. The DEM for this small test catchment can be seen in Figure 

5.2a. Maximum flood depth results used for benchmarking were obtained from 

the hydrodynamic model HEC-RAS and can be seen in Figure 5.2i for a Chi-

cago Design Storm (CDS) with a return period of 100 years.  The surface net-

work generated in Arc-Malstroem can be seen in Figure 5.2b. The following 

paragraphs will go through the steps for building FloodStroem.  

Distributed input from manholes and flow paths from these. The inputs to the 

surface were generated from spilling data from MIKE URBAN, where they 

were assigned by manhole ID. For the small test catchment shown in Figure 

5.2a with one manhole present, spilling data were extracted and applied. How-

ever, as seen in Figure 5.2b, the output from Arc-Malstroem does not include 

the flow path from manhole to downstream bluespot. To capture streams from 

manholes, artificial bluespot at the manhole location were created to automat-

ically generate the flow path in Arc-Malstroem. Figure 5.2d shows the resulting 

flow path when the network has been trimmed according to the input location.  

Exceeding maximum volume capacity. When inflow to a given bluespot at its 

maximum capacity (water up to pour point level) exceeds the outflow from it, 

water will rise above pour point level and backwater up in the watershed, thus 

exceeding maximum storage capacity of the bluespot. This is not accounted for 

in Arc-Malstroem as there is no time component and the excess water is thus 

simply moved to the downstream bluespot. To incorporate this extra dynamic 

storage, a description of the extent, volume and depth from pour point level 

and up is required. To generate this, Arc-Malstroem is computed with artificial 

boundaries (1 meter rise) along watershed boundaries in the DEM. This creates  
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(a) (b) (c) 

 
 

 
 

(d) (e) (f) 

   
(g) (h) (i) 

   
 

 

Figure 5.2. Results for test case study from the orange box area in Figure 3.1a. (a) Digital 

elevation model with manhole inlet (red dot). (b) Surface network from Arc-Malstroem. (c) 

Surface network from Arc-Malstroem when watershed boundaries are raised 1 meter. (d) 

Trimmed network and stream inside bluespot to deepest bluespot point. (e) Identification of 

small bluespots inside bluespot. (f) Generation of flow path flood propagation. (g) Results 

from FloodStroem for water levels in bluespots only. (h) Final results from FloodStroem as 

(g) with water level in flow paths and flow path inside bluespot corrected as according to 

(f). (i) HEC-RAS results.  
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larger output bluespot as the water will have to reach the pour point level + 

boundary level to leave the bluespot. Resulting bluespots for the test catchment 

can be seen in Figure 5.2c.  

Generation of governing volume-discharge curves. The same model engine as 

the drainage surrogate model is applied in FloodStroem. Hence, the flows from 

each bluespot are governed by volume-discharge curves. First, water levels 

above pour point level are derived from the slices shown in Figure 5.3 for a 

range of different volumes. Next, the discharges from each watershed are found 

using the Manning Equation (Equation 1) applying the water level above pour 

point level, assuming a fixed width and applying the slope of the downstream 

flow path.  

Conversion of volumes and discharges: Water levels in bluespots. Thomas Bal-

strøm developed an effective way for visualizing water levels in bluespots from 

given volumes. The method slices all bluespot depths at once into sections, as 

shown in Figure 5.3; for which the volume of water is converted to bluespot 

depth and extent (for more details see Paper III). Figure 5.2g shows the result-

ing bluespot depths for the test catchment. 

 

 

Figure 5.3. Cross section of the two bluespots (BS) BSn and BSn+1 from Figure 5.1, indicat-

ing that when the water level in a bluespot exceeds the pour point level, water can backwater 

into the watershed. Depth slices are created for water volume of each bluespot to describe 

its volume-depth-extent relationship and to visualize bluespot extents at different filled lev-

els. Figure from Paper III.  

Conversion of volumes and discharges: Water levels and extent in flow paths 

inside and outside of bluespot – contour method. Next, the water levels in flow 

paths needed to be computed. First, the discharges from bluespots were con-
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verted into water depths from the Manning Equation (Equation 7), still apply-

ing the fixed width, and using the slopes along the flow paths. Hereafter, the 

flow paths were divided into smaller segments and for each segment (for test 

site: 1 meter length) the water levels were added to the mean elevation. Next, 

buffers were created for each stream segment as seen in Figure 5.2f. Then, 

filled contours for the entire catchment were generated at a fine scale (every 

2.5 cm for the test site) and each buffer was intersected with the contour match-

ing the water depth + elevation level. Hereafter, the intersecting contours were 

merged and non-connected areas removed generating the flooding delineation 

along the flow path. These areas were then subtracted from the DEM leaving 

the resulting water depths.  

However, Arc-Malstroem only produces flow paths to the border of the maxi-

mum bluespot extent leaving unflooded areas in between the flow path and 

bluespots when bluespots are not filled to their capacity. To overcome this, 

flow paths from bluespot boundary to the lowest point in the manhole were 

generated as seen in Figure 5.2d. However, as seen in Figure 5.2e the large 

bluespot contains sub-bluespots i.e. smaller depressions inside. These would 

realistically be filled along the flow path before the water starts filling from 

the lowest point of the bluespot. This was handled by filling the sub-bluespot 

and hereafter creating the flood propagation. The sub-bluespot was then visu-

alized prior to filling from the lowest point. Final results can be seen in Figure 

5.2h.  

Going from small scale to large scale. A flood model, which was able to emu-

late water levels in bluespots and in flow paths, the latter both outside and 

inside the bluespots, was now developed. We now wanted to apply the model 

to one of the larger catchments presented in Figure 3.1 and expand the number 

of manholes from one to +1000. However, in this process I learned that: 

 Creating artificial manholes interferes with nearby bluespots, changing 

their extent and capacity and the surface network structure. 

 Generation of sub filling of bluespots and flow paths inside bluespots 

were highly time consuming, and often it did not add a significant im-

provement to the results.   

 Generation of flood propagation along flow paths were computationally 

heavy for some of the Geographic Information System (GIS) procedures 

and not possible for catchments of this size.  
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The artificial bluespots at manhole locations needed to be removed. Instead, 

the surface network was post-processed and flow paths identified from a GIS 

analysis.  

All the fine-tuning for visualization of flow paths inside and outside of 

bluespots then had to be disregarded and a new and faster method would have 

to be developed for visualization of flood propagation along flow paths (only 

outside of bluespots). For this, I developed the method shown in Figure 5.4. 

Instead of intersecting with corresponding contours, water depths and DEM 

were added to the buffers and subtracted from the DEM.  

(a) (b) (c) 

   

 

Figure 5.4. Conceptual steps for generating flood propagation along flow paths. (a) The 

original flow path (full line) is smoothened (dashed line) and divided into a number of seg-

ments. For each segment a buffer is created, in which information on water depth and aver-

age ground elevation of the flow path segment is present. (b) Illustrates how the water depth 

and average elevation from the DEM is present in the buffer with scratched areas are cut off 

flooding. (c) Illustrates resulting water depth along flow paths from (a) and (b). Figure from 

Paper III.  

5.3 Benchmarking 
The results were benchmarked to those from the 2D hydrodynamic model, 

MIKE21. This section presents the model resolution setups and choice of indi-

cators. 

5.3.1 Model resolution 

To test the effect of compartment resolution for the surface surrogate models, 

bluespot threshold values of 10, 20, 50, 150, 250 and 2500 m3 were applied for 

SubC2 to filter the surface network as shown in Figure 5.5. By examining max-

imum flood depth maps for the different model configurations, it was found 

that the exclusion of bluespots leads to an enlarged volume of water being 

transported through the system (instead of retained in the disregarded 

bluespots) resulting in very high water levels downstream.  

  



33 

BST20 BST2500 MIKE 21 

 

    
                                          Bluespot,       flow paths 

Figure 5.5. Top: Different model configurations with varying number of bluespots with dif-

ferent BSTs (Bluespot thresholds). 186 bluespots with a threshold of 20 m3, 12 bluespots 

with a threshold of 2500 m3. Bottom: Resulting maximum water levels from FloodStroem 

and MIKE 21. From Paper III.  

5.3.2 Performance indicators 

Performance indicators selected for maximum flood depths were Critical Suc-

cess Index (CSI), Hit Rate (HR), False Alarm Rate (FAR) and Root Mean 

Square Error (RMSE). CSI, HR and FAR are cell-based binary indicators to 

evaluate the extent of flooding, while RMSE also evaluates the magnitude. 

Moreover, a global score of damage costs is applied. This was chosen as the 

cell-by-cell scores are very strict given that if flooding of a given cell is shifted 

just one cell, this will result in 0 % hit, 100 % miss and 100 % false positive. 

Performance indicators for the different model configurations are presented in 

Figure 5.6, where it is seen that the model is robust to the number of bluespots 

included, however, for very few bluespots, i.e. high threshold value, the per-

formance decreases. From this, a threshold of 20 m3 was chosen and applied 

for all SubCs. Resulting performance indicators are shown in Table 5.1, where 
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they are compared to those of an RFSM and CA model (cf. section 2.2.2). 

FloodStroem outperforms the RFSM throughout, but for the smaller return pe-

riods, the cellular automata model performs the best.  

 Table 5.1. PIs for different return periods 

(RP), SubCs and models. From Paper III.  

 

    FloodStroem RFSM CA 

SubC 

RP 

 

RMSE  

[m] 

HR  

[%] 

FAR  

[%] 

CSI  

[%] 

CSI  

[%] 

1 

T5 0.10 62 52 37 32 43 

T10 0.09 67 43 45 38 44 

T100 0.10 68 24 56 42 50 

2 

T5 0.12 64 46 42 31 56 

T10 0.11 67 36 49 42 56 

T100 0.10 74 15 65 54 62 

3 

T5 0.33 62 73 23 23 42 

T10 0.31 64 65 29 32 42 

T100 0.25 59 38 43 41 45 

Figure 5.6. PIs for different model config-

urations. From Paper III.  

*RFSM: RUFIDAM from (Jamali et al., 2018) 

*CA: CA-ffé from (Jamali et al., 2019) 

For SubC3, the flattest of the SubCs, FloodStroem performs worst and is out-

performed by the other models. Inspecting hits, misses and false positives in 

Figure 5.7 it is evident that the model does not have the correct surface net-

work, as water in FloodStroem is lead through a main flow path and water in 

MIKE 21 actually diverges and spreads across the terrain, which is not possible 

in FloodStroem.  

 

 

Figure: 5.7. Hit, Miss and False positive cells for SubC3 for return period of 100 years. 

Figure from Paper III.  

            Hit          Miss         False positive 
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5.3.3 Key findings 

The surface surrogate model presented here adds novel features like: dynamic 

routing of water, dynamic water levels in bluespots, and flow propagation 

along flow paths, which improves performance compared to similar conceptual 

flood models. The key findings for the surface surrogate models were: 

 Computational time (pure simulation time) was reduced by five orders 

of magnitude.  

 The surrogate models were robust in terms of model resolution, but an 

optimum around applying a volume threshold of 20 m3 was identified. 

However, too few compartments results in underestimation of flooding 

upstream and overestimation downstream, as less water is held back in 

upstream bluespots.  

 Surface models can be improved by including divergent flows for mod-

elling flat areas.  

 The surrogate model includes visualization of flood propagation along 

flow paths and dynamic water levels in bluespots and thus generally per-

forms better than the compared simplified models, except for the flat 

catchment.  

 The dynamic nature of the surrogate model allows for dynamic coupling 

to the drainage network.  

The final model formulation can, according to Figure 2.1, be classified as de-

terministic, conceptual (although more mechanistic than the drainage surrogate 

models), distributed, time-correlated model. Including the hydrodynamic 

drainage model, the model is a statically coupled model.  
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6 Coupled surrogate model 

6.1 Starting point 
At this point, the drainage and surface surrogate models were tested and docu-

mented. The governing equations for the coupled drainage model are given as 

a combination of Equations 10 and 11. Figure 6.1b-c provides a conceptual 

illustration of the dynamic coupling between the drainage compartments (Fig-

ure 6.1a bottom) and surface compartments (Figure 6.1a top).  

(a) (b) 

 

 
 

(c) 

 
Figure 6.1. Conceptual illustration of FloodStroem 1D-1D compartment delineation for 

small area: (a) top: division of surface compartments i.e. watersheds and corresponding 

bluespots, pour points and flow paths. Bottom: division of drainage network into compart-

ments. (b) Schematic overview of compartment network from (a). Flow indices are provided 

for black flow lines, T dots indicate transport compartments. (c) Cross section of the two 

surface compartments SCn and SCn+1 and drainage compartments DCm and DCm+1. Figure 

from Paper IV.  
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When coupling the two models, the following challenges were identified:  

1. Drainage – surface compartment resolution.  

2. Distribution of lumped surcharge to individual manholes.  

3. Estimation of inlet flow from surface to drainage system.  

4. Transportation time.  

6.2 Model development 
Drainage – surface compartment resolution. When setting up the coupled 

model, the initial question was how the scaling of the drainage-surface com-

partments should be because there was a large difference in scale between the 

drainage compartments applied in Paper II and the surface compartments in 

Paper III. Where 13 drainage compartments covered the full area of the Elster 

Creek catchment of 45 km2, the optimal number of surface compartments was 

found to be around 186 for an area of 9.87 km2. Although the compartments 

vary in size, the average size for the drainage and surface compartments were 

0.29 and 18.85 compartments/km2, respectively. Even though a smaller divi-

sion of drainage compartments of 3.13 compartments/km2 (17 compartments 

in SM1 covering an area of approximately 5.44 km2) were examined, we did 

not encounter a lower boundary for when the performance decreases as seen 

with for the number of bluespots for the surface model.  However, one could 

imagine the same stability issues, which we encountered for the surface com-

partments.  

As a starting point for the drainage compartment sizes, the surface compart-

ments were scaled one-to-one to the watersheds, when possible. Hereafter, they 

should be lumped so that one drainage compartment can surcharge to and re-

ceive water from multiple surface compartments. The decision of going from 

a high number of compartments to a low was because it is easier to merge than 

split compartments.  

We started with sub-catchment 1, which is the smallest of the three catchments, 

and divided the drainage system into 13 compartments, which were, when pos-

sible, defined from the surface watershed (see Figure 6.2a) and the rules for 

selecting drainage compartments (see Paper II, Chapter 4). The surrogate 

model was trained with volume-discharge and volume-surcharge steady state 

points extracted from MIKE URBAN produced by running a staircase rain (see 

Paper II).  

The model was tested using a CDS rain with a return period of 100 years. The 

volume and discharge of the compartments proved to have a fine compliance 
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to the MIKE URBAN results, however, some instability was observed for the 

small compartments for the discharge and in particular for the surcharge. Fur-

ther lumping for the compartments (Figure 6.2c) finally removed the instabili-

ties, resulting in two drainage compartments.  

(a) (b) (c) 

 

Figure 6.2. (a) Watersheds for SubC1, (b) initial compartment division with red compart-

ments indicating instabilities and (c) final compartment division. 

Distribution of lumped surcharge to individual manholes. For generation of 

water depths along flow paths from manholes, the lumped surcharge needs to 

be distributed to every single manhole within the surface compartments.  For 

achieving this, a percentage distribution is applied. Different return periods for 

different compartment connections were tested and the following trends for the 

MIKE URBAN surcharge distributions were found. Same distribution trends 

are seen when using maximum discharge and volume from MIKE URBAN to 

determine the distribution percentages. Applying the distribution for the low 

return period does not provide a good result as little spilling occurs here. 

Hence, if only a single manhole surcharges a small amount of water, this man-

hole will be the only surcharging manhole which is not applicable for all return 

periods. Instead, the maximum discharge for 100-year distribution were ap-

plied. However, this also implies that when simulating smaller events, the most 

surcharging manholes will be underestimated and some manholes that are not 

surcharging will be included, as is the case for the compartment shown below 

in Figure 6.3.  
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Figure 6.3. Percent distribution of surcharge between manholes in a given surface compart-

ment when applying maximum discharge (left) and total volume (right)  for return periods 5, 

10 and 100 years.  

Figure 6.4 gives an overview of the spatial performance considering the peak 

flow (used to find maximum water level in flow paths) using the maximum 

discharge percentage distribution. It is seen, that the surrogate model captures 

the overall trend of the MIKE URBAN model, but generally overestimates 

peak values in the large compartment. Applying the smaller compartments in-

between Figure 6.2b-c improved the surcharge, but then smaller time steps 

were required to avoid instabilities.  

SM MU 

 

Figure 6.4. Mapping for surcharge input to individual manholes for SubC2 using % distri-

bution of maximum discharge for surrogate model (SM) and MIKE URBAN (MU). 
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Estimation of inlet flow from surface to drainage system.  It is in the nature of 

the surrogate model engine that discharge from a given compartment can only 

be a function of the state of that compartment and not the surrounding com-

partments (Borup, 2018). So when training flows from the surface network 

back into the drainage system, the flow could not depend on the state of the 

drainage system i.e. if the capacity was exceeded or not. Instead, we had to 

find the correlation between the volume of water in a given watershed (surface 

compartment) and the discharges through the manholes to the connected drain-

age compartment(s).  

Our first thought was to try to train the discharges into the drainage system 

from a MIKE FLOOD simulation. However, the exchange of water between 

the drainage system and the surface is highly varying in MIKE FLOOD and 

therefore useless as meaningful training data. It was attempted to compute 

MIKE FLOOD with an empty drainage system with rain input in MIKE21, but 

this was too unstable as well. Hereafter, a GIS analysis to map the vertical 

distance from each manhole to the lowest point in the corresponding bluespot 

was performed. The discharge through each manhole was calculated for a se-

ries of water levels from the orifice equation (Equation 6) and the physical 

properties of each manhole extracted from MIKE FLOOD. The discharge was 

hereafter shifted according to the water level that they would be “activated” at, 

and finally translated into the corresponding volume at which they would start 

to flow back to the drainage system.  

Transportation time. To evaluate the coupling, it was not possible to use ex-

change flows from MIKE FLOOD for benchmarking due to their unstable na-

ture. Instead, the volume distribution over time in the drainage system, the sur-

face, drainage outlet and surface outlet was examined. Initial volume distribu-

tion results for SubC1 are shown in Figure 6.5a for a CDS with return period 

of 100 years. Corresponding MIKE FLOOD results are shown in Figure 6.5c. 

Comparing Figure 6.5a and 6.5c it appears that (i) the surrogate model is too 

quick in emptying the surface compartments compared to MIKE FLOOD and 

(ii) more water remains in MIKE FLOOD post simulation. To compensate for 

transport time, transport compartments were introduced. These were imple-

mented as normal compartments in the model engine, but with storage-dis-

charge curves corresponding to the delay due to transport time calculated by 

Manning (Equation 7). A curb depth was introduced for which, when water 

levels would exceed this level, would keep the discharge at this level, as the 

further increase in water level would be negligible. Including this improved the 
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volume distribution (see Figure 6.5b), yet we still did not capture the tails of 

the surface volume from MIKE FLOOD.  

(a) (b) (c) 

 

Figure 6.5. Volume distribution for SubC1 for CDS with return period of 100 years for (a) 

coupled surrogate model without transportation compartments, (b) as (a) but with transpor-

tation compartments and (c) MIKE FLOOD. 

Examining post-simulation results from MIKE FLOOD it was evident that the 

remaining surface volume was dead volumes, i.e. captured in depressions with 

no draining manholes or flow path, as seen in Figure 6.6. However, in reality 

streets are designed to avoid these dead volume depressions and the lack of 

draining is more likely due to lack of spatially distributed/correctly placed 

manholes. So this effect was not implemented in the surrogate model.  

 

Figure 6.6. Post-flood results for CDS with 100 year return period with manholes (red dots).  



42 

6.3 Benchmarking 

6.3.1 Model tests 

To test the models, the volume distributions (Figure 6.5), number of flooded 

cells, drainage flows, water level in bluespots and maximum flood depth maps 

were generated. Transportation time with the parameters identified in section 

6.2 was included to improve the overall volume distributions for all of the three 

sub-catchments.  

When inspecting volume distribution and upstream/downstream water levels 

in bluespots (Figure 6.7), large deviations were found for SubC2 for the large 

return period. It appears that too much water is held back in the surface com-

partments, which results in a prolonged surface volume tail and missing of 

downstream peaks. MIKE FLOOD also has a surface volume tail. However, 

this volume is the trapped “dead volume” as seen in Figure 6.6. This volume is 

mostly drained in the coupled surrogate model due to the merging of manhole 

inlets. Hence, the tails in Figure 6.7 are due to two different reasons. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6.7. Volume distributions and water level in SubC2 for 1D-1D FloodStroem and 

MIKE FLOOD. Black line is FloodStroem 1D-1D and gray is MIKE FLOOD. Figure modi-

fied from Paper IV.  
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Maximum flood depth results for SubC2 are shown in Figure 6.8 for the three 

return periods 5, 10 and 100 years. For the lower return periods, the coupled 

surrogate model is able to emulate overall pattern of the maximum flood depth. 

Local deviations are present due to the difference in surcharge. However, the 

surrogate model underestimates the magnitude and scale of flooding for the 

largest return period. Again, the issue of holding back too much water in the 

surface network is identified as the main cause of this. It might seem contra-

dicting that holding back water in the surface compartments leads to a decrease 

in flooding. However, this is because of two things: 1. As more water is held 

back more water is lead back into the drainage network; and most importantly, 

2. The transport compartments, which restrains discharge at curb depth height, 

leads to smaller discharges and longer tailed discharges through the system and 

hence smaller maximum water depths. This is only an issue for the larger return 

period, since the discharges for the smaller return periods are not high enough 

to meet this threshold level.  

Hence, the threshold level of 7.5 cm might not be applicable for all SubCs and 

might have to be fitted. Especially for larger sized catchments with large return 

periods, it may be unrealistic to have such a strict threshold level. A possible 

workaround could be to have the discharge slowly increasing after this level 

instead of cutting it off.  

6.3.1 Performance indicators 

Table 6.1 presents the performance indicators applied in Paper IV for maxi-

mum flood depth for the dynamically coupled surrogate model, FloodStroem 

1D-1D. The scores are compared with scores from the statically coupled mod-

els FloodStroem (surface SM from Chapter 5) and RUFIDAM (Jamali et al., 

2018). When exchanging the hydrodynamic drainage model with a simple 

drainage surrogate model we manage to avoid a significant decrease in accu-

racy. Both statically coupled models have the exact distributed manhole sur-

charge given as direct model input, where this is computed in the coupled sur-

rogate model. For large return periods, we would thus expect the models with 

the given surcharges to perform better as the influence of the drainage network 

is less significant for the maximum flood depth results. For the smaller return 

periods, the coupled surrogate model might perform better in terms of volume 

distribution in the surface network, but for cell-by-cell scores, small shifts in 

inlets between neighboring manholes may result in 100 % miss, 100 % FAR 

and 0 % hit for that area, which is very strict. Moreover, RUFIDAM has been 

calibrated to the results of a MIKE FLOOD model, and hence optimized the 

model parameters, which is not done in either of the surrogate models.   
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Figure 6.8. Maximum flood maps for 1D-1D FloodStroem and MIKE FLOOD for CDS with 

return periods, 5, 10 and 100 years. Figure modified from Paper IV. 
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Table 6.1. Performance indicators for the three SubCs for the three return periods for max-

imum flood depth. HR: Hit rate, FAR: False Alarm Rate, CSI: Critical Success Index, 

RMSE: Root Mean Square Error. 1D-1D F: 1D-1D FloodStroem, F: FloodStroem.  Table 

from Paper IV. 

  1D-1D F F* RUFIDAM** 

SubC RP RMSE HR FAR CSI CSI 

1 T5 0.13 63 88 12 16 54 

 T10 0.14 72 78 21 28 52 

  T100 0.11 63 26 52 55 55 

2 T5 0.1 39 52 28 24 45 

 T10 0.11 45 55 29 28 46 

  T100 0.15 54 24 46 / 51*** 60 49 

3 T5 0.35 53 85 14 12 38 

 T10 0.33 54 80 17 16 41 

  T100 0.29 51 52 33 32 43 

* FloodStroem results benchmarked to MIKE FLOOD 

** RUFIDAM scores extracted from (Jamali et al., 2018).   

*** Score obtained when removing curb depth parameter. 

To apply more global performance scores, Figure 6.9 shows resulting number 

of flooded cells for the three SubCs for the three return periods. As a conse-

quence of applying the 100 year event for determining percentage surcharge 

and having such a coarse drainage compartment resolution, flooding is overes-

timated for the smaller return periods for SubC1. As seen in Figure 6.3, more 

manholes are activated for the larger return periods, which results in a larger 

flooding area using this distribution. It is again noticed that SubC2 for the large 

return period underestimates the flooding. For SubC3, the number of flooded 

cells is reduced from the pure 2D models, however, the number of flooded cells 

is still overestimated for FloodStroem 1D-1D.  

 
Figure 6.9. Number of flooded cells (flooded above 5 cm) for the three SubCs for the three 

return periods for the dynamically coupled models FloodStroem 1D-1D (F 1D-1D) and 

MIKE FLOOD (MF) and the statically coupled models: FloodStroem (F) and MIKE 21 

(M21).  
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Total damage costs are also applied as a global score. Figure 6.10 presents the 

damage costs for the coupled models, FloodStroem 1D-1D and MIKE FLOOD, 

are compared with the statically coupled models, FloodStroem and MIKE 21.  

Here it is seen that besides small deviations for the lower return periods for 

SubC1 and the large return period for SubC2, the damage costs estimated from 

the coupled surrogate model is closer to those of the coupled hydrodynamic 

model than FloodStroem, and, in some cases, even closer than for the pure 

coupled hydrodynamic model.  

SubC1 SubC2 SubC3 

 
Figure 6.10. Damage costs for the three SubCs for the three return periods for the dynami-

cally coupled models FloodStroem 1D-1D (F 1D-1D) and MIKE FLOOD (MF) and the stat-

ically models: FloodStroem (F) and MIKE 21 (M21). The orange square is the damage cost 

when the curb depth limit is removed. Figure from Paper IV.  

Improving model performance. As seen above, the curb depth parameter might 

not be valid for the larger catchments, as the threshold is too low for the actual 

flows and water depths. This is especially true for SubC2, where this is evident. 

To test this, the curb depth parameter was removed for this catchment. This 

influenced the results for the 100 year return period, but not for the smaller 

return periods as the discharges here did not reach this level. Figure 6.11a 

shows the maximum flood depth and Figure 6.11b shown the aggregated max-

imum flood volume. Both now fits better to the results of MIKE FLOOD, CSI 

improved from 46 to 51 % and the damage costs also improved as seen in Fig-

ure 6.10. 
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Figure 6.11. (a) Maximum flood depth for SubC2 for T = 100 years without curb depth. (b): 

Aggregated maximum surface volume for MIKE FLOOD (MF), MIKE 21 (M21), Flood-

Stroem (F), FloodStroem 1D-1D (F 1D-1D) and FloodStroem 1D-1D with no curb depth (F 

1D-1D no c). Figure from Paper IV.  

6.3.2 Key findings 

The coupled surrogate model presented in this chapter dynamically couples a 

conceptual drainage- and surface surrogate model. This novel coupling allows 

for fast and dynamic simulations of interactions between the drainage network 

and the surface floodplain, which is not found in any other conceptual flood 

models. This eliminates the need for a hydrodynamic surcharge input, lowering 

simulation time and increases model flexibility. Key model findings are listed 

below: 

 Reduction in computational time is five-to six orders of magnitude in 

simulation time depending on the model output and catchment scale. For 

SubC3 a MIKE FLOOD simulation of 9.5 hours rain event took approx-

imately 93.5 computation hours while the surrogate model took less than 

a second.  

 If a more accurate description of surcharge distribution is desired, com-

partment resolution would have to be increased. To avoid instabilities 

the time step would have to be reduced increasing computational time.  

 Replacing the hydrodynamic drainage model with a simple drainage sur-

rogate model did not result in significant reduction in accuracy. 

 The coupled models contain more parameters than the single drainage- 

and surface- models. These should be carefully selected or calibrated to 

the results of MIKE FLOOD to achieve even better results.  

The final model formulation can, with reference to Figure 2.1, be classified as 

deterministic, conceptual, lumped and distributed, time-correlated model. 
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7 Back to reality 

7.1 Model application and limitations  
The three surrogate models presented in this thesis are not wrapped up in a 

finished modelling toolbox, and further work needs to be conducted before the 

models should be applied. These considerations are presented in Chapter 9. 

Even though the models cannot be considered available for use yet, Table 7.1 

presents an overview of the three models; their model components, their out-

puts, domains, applications and limitations.  

Table 7.1. Overview of the drainage, surface and coupled surrogate models developed and 

their components with regard to Figure 2.2, outputs (bold: used, italic: derived), valid do-

mains according to the three points approach (3PA), applications and limitations. DC: Drain-

age Compartment. SC: Surface Compartment. BS: Bluespot. 

      Surrogate models   

    Drainage Surface Coupled 

Model components 

Figure (2.2) 
 (a), b (a), d (a), b, d, c 

Model outputs 

  

Drainage  

  

DC Volume   DC Volume  

DC Discharge  DC Discharge 

DC-SC Discharge   DC-SC Discharge 

Surface 

  

 SC Volume SC Volume 

 SC Discharge SC Discharge 

 Max Flood depth Max Flood depth 

 BS Flood depth  BS Flood depth  

  Damage costs Damage costs 

Coupled     SC-DC Discharge 

3PA domains 

  

A yes comparative yes 

B yes comparative yes 

C comparative  yes yes 

Applications 

  

RTC yes no yes 

Warning (yes) (yes) yes 

Planning (yes) (yes) yes 

Limitations 
Drainage  Backwater  Backwater 

Surface   Diverging flows Diverging flows 

 Coupled   
Manhole inlet 

availability 

The drainage surrogate model can model components shown in Figure 2.2a-b. 

However, only drainage- and surcharge flows were included in this study. The 

surface surrogate models included pure surface flows as seen in Figure 2.2d. 
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The coupled model can (if the surface runoff module is applied) represent all 

four modules.  

The model outputs for the drainage surrogate models are the compartment vol-

ume, discharges and surcharges. For the surface surrogate model, the direct 

outputs are the surface compartment volumes and discharges. These are not 

used for benchmarking and are translated to maximum flood depths, flood 

depth hydrographs in bluespots and damage costs. The outputs from the cou-

pled model are the joint outputs from the drainage and surface surrogate mod-

els, including the inflow back to the drainage compartments.  

Considering the three domains presented in the three points approach (3PA) 

(Fratini et al., 2012; Sørup et al., 2016):  

A. Domain of day-to-day values (return period of 0.2 years) 

B. Domain for technical optimization (design return period of 10 years) 

C. Domain of urban resilience and spatial planning (return period of 100 

years) 

For modelling urban pluvial flooding, the three SMs cannot be considered valid 

for all rain domains. The drainage surrogate models are valid for domain A and 

B as the design standards for drainage systems cover these domains, and sur-

charge and flooding will normally be small in comparison to the drainage 

flows. For larger return periods, this model cannot be applied directly as sur-

charged water cannot re-enter the drainage system. For this, the model can only 

be applied comparative to e.g. choose between different strategies for flows 

and states in the drainage system. The surface surrogate models are on the other 

hand only valid for domain C as the drainage capacity in this domain is ex-

ceeded and the inlet is thus smaller compared to the maximum water on the 

surface floodplain. The coupled model can be applied for all three domains.  

The drainage- and coupled surrogate models can both be applied for RTC in 

the drainage network. The drainage SM has already been applied in a model 

predictive control study (Lund et al., 2020). Planning and warning can be made 

with all surrogate models, but it depends if adaptation measures are imple-

mented sub-surface or on the surface and the type of warning.  

The models all contain limitations: backwater in the drainage network, diverg-

ing flows on the surface and inlet manhole availability. These are further dis-

cussed in Chapter 9. In general, the model can serve as an alternative surrogate 

for when computational restraints of the hydrodynamic models are an issue. 

This could be for large catchments and/or cases where multiple simulations are 
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needed e.g. for climate change/city development scenarios or uncertainty esti-

mations as e.g. in (Löwe et al., 2020; Löwe and Arnbjerg-Nielsen, 2020). They 

should primarily, in their current format, be applied for comparative studies 

and not used in flat catchments where backwater effects and divergent flows 

dominates.  

7.2 Choosing a benchmark  

7.2.1 Benchmark model or measurements? 

In this study, the hydrodynamic models are used as benchmarks for the devel-

oped surrogate models, in line with Figure 2.4, where we do not consider real-

ity, and consider the hydrodynamic models as the truth. But can the hydrody-

namic models be considered truthful? And is it enough to use results of one 

model to calibrate and validate another? 

Hydrodynamic models are currently considered the best tool for making accu-

rate predictions of urban pluvial flooding. However, as pointed out in Salva-

dore et al. (2015) these models are only as valid as their parameters and cali-

bration. If the calibration is not performed carefully, the model might be over-

parameterized and output can vary greatly as shown in (Willis et al., 2019). 

This is a huge issue as the detailed flood maps can lead to a false sense of 

security (Dottori et al., 2013). Moreover, even the most detailed models are 

simplifications of reality and thus may not project the real situation (Refsgaard 

et al., 2014). A clear example of this is the large so-called “dead-volume”, 

which is present on the surface post simulation of the hydrodynamic model 

(see Chapter 6, Figure 6.6). As mentioned earlier, streets are in reality designed 

to avoid these dead volume depressions and the lack of draining is more likely 

due to lack of spatially distributed/correctly placed manholes. In such cases 

where the hydrodynamic model is false, should the surrogate model be dumbed 

down to fit its results? We have chosen not to. This is the advantage of a con-

ceptual model compared to the more data-driven black-box models, which 

might blindly emulate the errors.  

If we are not satisfied using hydrodynamic models for validation, real obser-

vations would have to be applied. However, while water level (and sometime 

flow-) measurements in drainage networks are becoming more and more avail-

able (Lund, 2019), flood measurements are difficult to obtain because (i) these 

events are rarer and (ii), little to no surface water level measurement instru-

ments are installed (Molinari et al., 2019). As an alternative, one can apply 

satellite data, drones, videos and pictures posted on social media platforms or 



51 

from security cameras or even insurance data to estimate of the flood magni-

tude in certain locations for validation (Leitão et al., 2019; Loftis et al., 2017; 

Zischg et al., 2018). However, the events are rare, and this type of validation 

data is often difficult to interpret and/or not spatially and temporally distrib-

uted. Hence, it is very difficult to obtain useful flooding calibration and vali-

dation data, which is essential for setting up and testing the models. Good cal-

ibration data becomes more essential as the degree of physical parameters de-

crease (conceptual and data-driven models). Therefore, model-to-model cali-

bration/validation is in most cases unavoidable for setting up less physically-

based surrogate flood models, and indeed desirable because they focus solely 

of the balance between model complexity and model accuracy (Hunter et al., 

2008; Leandro et al., 2011).  

7.2.2 Selection of Performance Indicators 

When selecting performance indicators for evaluating model performance the 

model objective must be included (Bennett et al., 2013). Hence, for Paper II, 

these were set up based on possible applications. For Paper III the criteria were 

mainly selected from performance indicators used in similar studies for perfor-

mance comparison (Jamali et al., 2019, 2018). For Paper IV a combination of 

performance indicators from Papers II and III were mainly applied including 

some more relaxed measures. As previously pointed out, the cell-by-cell indi-

cators applied in Papers III and IV might be too strict. Firstly, they include a 

fixed binary threshold, which means that if the model predicts just under that 

threshold, the cell is considered a miss for a flooded cell. Secondly, they are 

cell-based, i.e. if the flood is shifted just one cell, this will count as a false 

negative and miss. In most cases we do not wish to punish our model for such 

small deviations, and to overcome this, either a more relaxed threshold with a 

nearest neighbor search, or more global scores, e.g. damage costs, can be ap-

plied.  

7.2.2 Deciding on acceptable accuracy 

When benchmark model and performance indicators are selected, the level of 

acceptable accuracy has to be determined. But when is a model good enough? 

As stated in Paper II there is very little consensus on a well-calibrated model 

in the field. Hence, it is often up to the individual modeler to set up these cri-

teria.  

But, how large and which type of errors should be accepted? Should errors 

when going from a model-to-model regime be smaller or larger than from go-

ing from reality-to-model? Considered the large uncertainty already included 
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in the hydrodynamic model structure, parameters and input data; the errors of 

going from HiFi to LoFi might be smaller and within the uncertainty band of 

the hydrodynamic models (Paper II). One could argue that the acceptable level 

of accuracy of a given surrogate model should be when results are within un-

certainty bands of the original model for the selected fit-for-purpose perfor-

mance indicators. If the surrogate models are only used for comparative stud-

ies, larger deviations to the original models can be accepted, if the model is 

still able to emulate the main trends between different return periods/scenarios.  
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8 Conclusion 

The purpose of this PhD project was to setup and evaluate fit-for-purpose urban 

pluvial flood models with computational times orders of magnitude faster than 

current hydrodynamic models and with comparable accuracy.  

Three surrogate models were developed and tested: a drainage-, surface- and 

coupled model. Different levels of model complexities were tested and evalu-

ated, based on sets of critical indicators, identified from various applications 

and literature. The key findings are: 

 All three surrogate models are able to emulate the behavior of the se-

lected hydrodynamic benchmark models with acceptable accuracy. 

 Reduction in simulation times for the three surrogates were approxi-

mately five to six orders of magnitude compared with the hydrodynamic 

models. Thus, simulation times reduced from hours and days to seconds 

and milliseconds, making them fit for both real time- and multiple sce-

nario planning applications. Time for setting up and visualization of the 

output for the models is not included in the reported simulation times. 

Based on the model type and catchment size this can be up to two and a 

half hours in total. However, model setup only needs to be conducted 

once per catchment, and the workflow can be further optimized. 

 The surrogate models struggle in flat areas affected by backwater effects 

and diverging flows. Moreover, larger deviations were found between 

the coupled surrogate model and the coupled hydrodynamic model due 

to the complex flow exchange in the hydrodynamic model. Applying 

site-specific parameters can improve model performance. 

 The surrogate models are generally robust to the number of compart-

ments and parameters, which reduces their overall uncertainty.  

 The novel coupling of the drainage and surface models allows for fast 

and dynamic simulations of interactions between drainage network and 

surface floodplain, which is not possible in any other known conceptual 

flood model. 

This thesis has contributed to the overall goal of developing fast surrogate 

flood models with the development and testing of three surrogate models, 

which have the potential of feeding into a risk management framework. Keep-

ing the model limitations in mind, they provide accurate results with much 

faster computational times than current hydrodynamic flood models, which al-

lows for both real time- and multiple scenario planning applications. 
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9 Suggestions for further research 

Suggestions for further research and development of the surrogate models pre-

sented can be divided into three categories: (i) Optimization of workflow, (ii) 

model improvement and (iii) further testing and application.  

Optimization of workflow. The workflow is at its current state partially availa-

ble online (Borup, 2018; Thrysøe, 2021). However, it requires an overall brush-

up for making it user-friendly. The workflows change between modelling en-

vironments, which could be streamlined, and sub-models could be merged. 

Moreover, the workflow could be time optimized, so that the time needed for 

computing the model setup and visualization procedures would be reduced. 

Shifting away from a GIS programming environment could greatly speed-up 

these sub-models. Finally, as seen in the workflows, the hydrodynamic model 

components are still necessary in the current set up for estimation of drainage 

volume-discharge curves. In the future, these could be based solely on the 

physical properties of the drainage network, eliminating the need for the hy-

drodynamic models entirely. In this step, automatic delineation of drainage 

compartment could also be explored.  

Model improvements. There are several ways of improving the surrogate mod-

els. However, one must keep in mind that further improvements might result 

in higher simulation times. Nevertheless, considering the current simulation 

time compared to the hydrodynamic models, this will probably not be signifi-

cant compared to the overall time reduction. Ideas for possible model improve-

ments are listed below: 

 Inclusion of backwater in drainage surrogate model.  

 Improvement of inlet discharge in the coupled surrogate model.  

 Inclusion of divergent flows and visualization of flood propagation 

along flow paths in surface surrogate model.  

As described in Chapter 2, there are different methods available for including 

backwater effects in the urban drainage network. However, in the current 

model engine setup, the outflow from a given compartment solely depends on 

the state of that given compartment and not the surrounding compartments. 

Hence, even if the downstream compartment is filled, the upstream compart-

ment will keep discharging water to it. Including the states of neighbouring 

compartments in the model engine would enable these situations to be ac-

counted for.  
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Including neighbouring states would also improve the inlet (surface to drain-

age) discharge as the state of the drainage system could be included. A simple 

first method could be to start the inlet discharge at the drainage volume at 

which the drainage compartment starts to surcharge. This will improve the re-

sults for the coupled surrogate models, as the water is not simply shifted in 

between the drainage- and surface compartment. This will also reduce model 

instability, allowing for a higher drainage compartment resolution, which will 

ultimately improve the overall results. Another way of improving this could 

either be through emulation of the hydrodynamic model (although this is diffi-

cult considering its large instabilities for these flows) or through a more thor-

ough GIS analysis. Currently only the vertical distance from the lowest point 

of the bluespot to the manhole is considered. Instead, it could include the ver-

tical distance of any topographic obstacles from the bluespot point to the man-

hole. Inlet discharges along flow paths could also be implemented by identify-

ing manholes along these and including them in the inflow. However, this 

raises more questions regarding the manhole search radius for different return 

periods, etc.  

Finally, divergent flows need to be included for modelling flooding in flatter 

catchments. This would require an alteration of the surface network generated 

in Arc-Malstroem or additional post-processing. The method applied for visu-

alization of water depth in flow paths also contains room for improvements: (i) 

water levels should be determined according to varying road widths, which 

would reduce the over- and underestimation of water depths in narrow (up-

stream) and wide (downstream) flow paths, respectively. Moreover, the 

method for visualization itself (Figure 5.4) could be improved by e.g. finding 

a more efficient way to apply the catchment contours, which was disregarded 

for the large catchment sites due to memory and time constraints.   

Further testing and application. Finally, the best way to improve the model is 

to continue testing it and applying it to different catchments for different pur-

poses, as it is through this process that the model deficiencies and limitations 

are identified. This has been clearly demonstrated in this project, as alterations 

for all three models were required when going from the small test catchments 

to the large more diverse catchments. A key point is to continue to assess the 

uncertainty of the surrogate models, with respect to the overall uncertainties of 

the hydrodynamic models. Conducting large comparative model studies as 

done in (Hunter et al., 2008; Neelz, S. & Pender, 2013; Velez et al., 2016) will 

also be beneficial for the field in general and potential users, mapping the dif-

ferent available models, their state in development, application and limitations.  
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Simplification of one-dimensional hydraulic networks by

automated processes evaluated on 1D/2D deterministic

flood models

Steffen Davidsen, Roland Löwe, Cecilie Thrysøe and

Karsten Arnbjerg-Nielsen

ABSTRACT

Evaluation of pluvial flood risk is often based on computations using 1D/2D urban flood models.

However, guidelines on choice of model complexity are missing, especially for one-dimensional (1D)

network models. This study presents a new automatic approach for simplification of 1D hydraulic

networks (SAHM) using trimming and merging techniques, with performance evaluated in a 1D/2D

case study. Decreasing the number of elements in the 1D model by 66% yielded a 35% decrease in

computation time of the coupled 1D/2D simulation. The simplifications increased flow in some

downstream branches and removing nodes eliminated connection to some areas. This promoted

errors in two-dimensional (2D) flood results with changes in spatial location of flooding in the

reduced 1D/2D models. Applying delayed rain inputs to compensate for changes in travel time and

preserving network volume by expanding node diameters did not improve overall results.

Investigations on the expected annual damages (EAD) showed that differences in EAD are smaller

than deviations in the simulated flooded areas, suggesting that spatial changes are limited to local

displacements. Probably, minor improvements of the simplification procedure will further improve

results of the reduced models.
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ABBREVIATIONS AND NOTATION

1D One-dimension(al)

2D Two-dimension(al)

CSI Critical Success Index

DEM Digital elevation model

EAD Expected annual damage

GIS Geographic information system

NC No compensations – used when no compen-

sations for volume and travel time have been

included in the simplified model

SAHM Simplification algorithm for 1D hydraulic net-

work models

T###Mxxx Notation of models only trimmed by ### mm

TxxxM### Notation of models only merged by ### metres

T###M### Notation of simplified models both trimmed by

### mm and merged by ### metres

INTRODUCTION

Hydraulic models of urban drainage networks have been

used for decades to evaluate the resilience of an area or test

the effects of new infrastructure. With the main purpose of

evaluating drainage capacities, for long it has been sufficient

to simulate flows in the drainage network only. Naturally,
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these physically based deterministicmodels are now also com-

monly used to support decision-making for climate adaption

structures and urban development plans (Field et al. ).

However, climatic changes and urban development are caus-

ing an increase in size and frequency of urban flooding

leading to a need for local measures to reduce the impacts

(Field et al. ; IPCC ). This means that overland flows

must be included in the hydraulic models (Henonin et al.

). Compared to one-dimensional (1D) surface models, a

more realistic description of surface flow patterns is obtained

by using coupled 1D/2D models (Leandro et al. ).

The coupling of a 1Dnetworkmodel and two-dimensional

(2D) surface model (1D/2D) has significantly expanded the

application areas of urban flood models and these models

are now commonly used to predict the extents of urban flood-

ing (Henonin et al. ; Russo et al. ). The shift from

1D/1D to 1D/2D models dramatically increases the compu-

tational demand (Leitão et al. ; Henonin et al. ; Van

Dijk et al. ). The computational demand is of high impor-

tance for applications in flood warning systems or simulation

of multiple scenarios (Leitão et al. ; Henonin et al. ;

Meneses et al. ). Therefore, numerous attempts at speeding

up 2D simulations are described in the literature including

multi-layered coarse grid simulations (Chen et al. ),

reduced complexity models (McMillan & Brasington ),

and using a cellular automata approach (Ghimire et al. ).

The extensive work and knowledge gathered on compu-

tation of 2D models has shown promising results with

reductions from days and hours down to minutes. With no

change in the 1D network model, the computational

demand of the 1D model thereby accounts for a larger

share of the total computational demand of the 1D/2D

model. Naturally, the next step is to reduce the compu-

tational demand of the 1D network models.

Numerous studies have been dedicated to improvement

of 1D hydraulic network models using various approaches

including conceptual models (Wolfs et al. ) or simply

reducing the number of elements in the network (Leitão

et al. ). However, few have looked into the effects on

2D surface model results when reducing the level of detail

of the 1D network for a coupled 1D/2D model.

Simplification of hydraulic networks is often conducted

manually or semi-automatically using a geographic

information system. These procedures require numerous

subjective decisions. Guidelines for network simplification

are scarce and only a few unofficial documents on good prac-

tice exist, e.g.,Wastewater PlanningUsersGroup (). Errors

due to wrongly or over-simplified models (models with struc-

tural deficits) have been widely neglected according to Del

Giudice et al. (), who attempt to capture the combined

errors of inputs and structural model errors in a stochastic

term. However, structural model errors can be reduced by set-

ting up procedures for how the model complexity can be

lowered. Furthermore, an automated tool will enable a more

consistent practice as well as reduce time and resources

needed when implementing model simplification.

The purpose of this paper is to present an approach for

automatic simplification of the 1D component in 1D/2D

flood models. We apply two different methods for network

simplification along with a combination making a third

approach. The approaches include compensations for the

simplifications. The performance of the simplified models

is evaluated by comparing to a baseline consisting of the

full 1D/2D model whereby further development of the

approach is identified.

METHODS

Threecommonapproaches tonetwork simplificationare ident-

ified in Leitão et al. (), denoted pruning, trimming, and

merging of links and nodes, respectively. Pruning is the most

conservative method of only removing small, short links

along main branches. This method has a very limited impact

on computational demand and is rather a method to improve

numeric model stability. Pruning is also included in the more

comprehensive trimming approach that consists of deleting

whole branches of links below a threshold for, e.g., diameter.

Finally, merging involves joining multiple links to a single

one by deleting nodes. Merging will maintain the extent of

the network while trimming leads to the removal of the pipe

network in some areas. Additionally, the approaches can be

combined by merging links in an already trimmed model.

Simplification of large network models

An automatic simplification tool is developed, applying the

approaches in a fast and efficient manner. The simplification
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algorithm for 1D hydraulic network models, SAHM (Löwe

et al. ), is newly developed in the open source program-

ming language Python and input to the tool is extracted from

a MIKE Urban geodatabase. The structure of the main script

is shown in Figure 1(a). Prior to removal, the link or node

must fulfil an extensive set of conditions. Using SAHM, sim-

plification is completed within a few minutes, with an

output ready for simulation without further modifications.

Trimming

The trimming module in SAHM performs the exclusion of

pipes and branches below a certain diameter threshold

defined by the user. This approach requires information of

the connected branches. To fulfil this, the trimming algor-

ithm is recursive, thus a starting point is defined from

where the algorithm moves through the network, as illus-

trated in Figure 1(b). For each node, SAHM will check

upstream branches and whether all links within the

branch are below the threshold diameter. If so, the branch

is removed. Otherwise, the starting point moves one node

upstream and the search is restarted from the new starting

point. Figure 1(d) describes this procedure. In some cases,

the branch contains a loop that may compromise the

approach described to this point. To handle this, comparing

nodes in the branch to previous start-nodes identifies a loop.

A loop will only be removed when all links within the loop

fulfil the conditions.

Merging

The merging module in SAHM joins two neighbouring links

to one and removes the common node from the network.

The condition for merging is a lower threshold on link

length. Contrary to trimming, the merging approach only

processes one link and its neighbouring links at a time, as

illustrated in Figure 1(c). The approach for selection of

links to merge is described in Figure 1(e). An extensive set

of conditions needs to be fulfilled before two links are

merged. Initially, the length of the link is compared to the

minimum length threshold. If the link is within the

threshold, checks with neighbouring links begin, otherwise

the search continues to the next link. Links are unsuitable

for merging if they are parallel, have different type of

structure, or have large diameter differences. The user

defines the diameter difference threshold. In addition, a

node cannot be removed if it is an intersection between

three or more links. When a link can be merged with links

to both sides, the shortest one is selected for merging.

Since the link resulting from merging two very short links

can be shorter than the threshold, the merging of the net-

work is repeated several times with gradually increasing

lengths until the specified threshold is reached. As indicated

in Figure 1(c), the total length of the pipe system is pre-

served, and hence the pipe length in the 1D simulation no

longer corresponds to the physical length between the

nodes in the reduced network.

Compensations

Modifying the hydraulic network as described will change

the characteristics of flow. We attempt to compensate for

the changes by modifying the network volume and the

travel times as described in the following.

Reassigning sub-catchments and travel time

When nodes are removed, the sub-catchments connected to

the removed node are reassigned to the nearest downstream

node. Thereby, runoff from these sub-catchments reaches

downstream nodes earlier. We compensate for this effect

by applying a time delay on the catchment runoff. The

time delay tL is approximated using the Manning equation

to calculate the flow velocity, u, assuming full flowing

conditions:

tL ¼ L
u
¼ L

M � R2=3
h � S1=2

(1)

where tL is flow time for a given link with Manning number

M [m1/3/s], hydraulic radius Rh, slope S, and length L.

Links with no or very low slope in the overall flow direc-

tion are assigned too long time delays when using this

approach, since the acceleration, pressure and momentum

descriptions from the Saint-Venant equations are neglected

in the Manning equation used for the velocity approxi-

mation. Therefore, a threshold for minimum velocity is

introduced for u in Equation (1). The threshold of minimum

velocity has been defined to 0.15 m/s based on Wallington
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Figure 1 | (a) Main structure of SAHM including different modules. (b) Procedure of trimming selection approach, removing nodes and links. S indicates the starting node in the search

for branches to remove. Branches are considered individually as indicated by different colour shades. Only when all links in the branch fulfil the conditions, the branch is

removed. Equally, loops are only removed if all links fulfil the conditions. If none of the branches fulfil the conditions, the search moves to the next upstream node. If multiple

nodes exist upstream, these are considered as separate starting points. (c) Procedure of merging approach, removing nodes. L indicates the link from where the

conditions of merging are checked with neighbouring link(s) one by one. Light grey nodes fulfil the conditions for merging. (d) The approach for selecting links to delete when

trimming using SAHM. (e) The approach for selecting links to merge in SAHM.
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charts (Butler & Davis ). If the computed velocity for a

link is below this threshold, the velocity of the upstream

neighbouring link is applied if this exceeds the threshold.

Otherwise, the threshold value is assumed as the velocity

for the link in the estimation of time compensation.

The total time delay for each catchment, tT , is computed

as the sum of flow times for all links between the newly

assigned network node and the original as:

tT ¼
Xn
k¼1

tL,k (2)

for the n links on the flow path, each with a flow time tL. The

total time delay is implemented by assigning a time delayed

rainfall time-series to each sub-catchment.

Volume losses

When parts of the network are removed during simplifica-

tion, the physical volume of the simplified network is

smaller than that of the original network. With lower storage

in the hydraulic network, water might be stored in the surface

compartment causing flooding and provoke errors in simu-

lated surface flooding. We compensate for volume losses by

increasing the volume of nodes downstream from removed

elements. Thereby, we maintain the maximum flow rate of

the remaining links in the network. The total volume com-

pensation Vc is calculated for each deleted pipe and node

and summarised for the branch that is removed as:

Vc ¼
Xn
i¼1

VL, i þ
Xm
j¼1

VN, j (3)

where VL and VN are volume of the ith link and jth node,

respectively, which is summarised for the n links and m

nodes on the flow path giving the total compensation

volume, Vc.

The total volume compensation Vc is added to the

volume of the existing node, Vnode, where compensations

are implemented, and a new diameter, Dnew, of the node is

calculated as follows. Maintaining the height of the node,

hnode, prevents changes of the maximum pressure head.

Dnew ¼ 2 �
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Vnode þ Vc

hnode � π

s
(4)

In the trimming procedure, the volume compensation

applies to the node where the deleted branch was attached.

In the merge procedure, the diameter is changed in the node

immediately downstream of the merged links.

Assessing performance of the simplified models

The simplified models are compared to the baseline model

by means of traditional metrics such as computation time,

hydrographs and mass balances. We also introduce two

metrics that assess the importance of the spatial distribution

of the model errors in their typical use, i.e., calculation of

hazard maps and overall risk of flooding in the catchment.

The metrics are described below.

To quantify the spatial errors of the hazard maps, we use

contingency tables for each simulation comparing hits (over-

lapping pixels), misses (only flooding in baseline) and false

positives (only flooding in simplified model). To summarise

the results across the many models we use the Critical Suc-

cess Index (CSI) introduced by Bennett et al. ():

CSI ¼ hits
hitsþmissesþ false positives

(5)

Flood risk is often summarised as the expected annual

damage (EAD) (Zhou et al. ). The EAD is computed

from the damage costs and hence differences in EAD will

indicate the ability of the simplified models to generate

results that are correct on the catchment level in relation

to decision-making.

The EAD is calculated as (Olsen et al. ):

EAD ¼ 1
2

Xn
i¼1

1
Ti

� 1
Tiþ1

� �
Di þDiþ1ð Þ (6)

where Ti denotes the ith return period being considered and

Di the total damage corresponding to return period Ti.

Throughout all analyses, return periods of 2, 5, 10, 20 and

100 years are used as recommended by Olsen et al. ().

The total cost of flood damages are in this study calculated

as a function of water depth for roads and buildings of

both residential and commercial categories. For residential

buildings, we further distinguish between structural and con-

tent damage in the building. The costs and depths used in

the damage functions are specified in Table 1.
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With the damage calculated for multiple return periods,

we use Equation (6) to calculate the EAD, as illustrated in

Figure 2.

CASE STUDY

A 1D/2D urban flood model is used for testing SAHM. The

model is set up in MIKE FLOOD and covers the Elster

Creek catchment located in the suburbs ofMelbourne, Austra-

lia (Figure 3). The area has recently experienced several large

floods (Victoria State Government and Melbourne Water

). The 1D network model contains 10,415 links, 10,011

nodes and12,113 sub-catchments covering 48.7 km2 including

19.6 km2 impervious areas. The 2D surface is built from a

mesh with 399,257 pixels of 10 × 10 m and has been limited

to areas where flow on the surface may occur to reduce

computation time. Therefore, the mesh covers only 40 km2

of the catchment. Simulations are performed using a time-

step of 2 seconds, both for the 1D network model and for the

2D surface model, in all considered scenarios.

The fully dynamic Saint-Venant equations are used for

calculating flow in the 1D network via the six-point Abbott-

scheme. Flow in the 2Dmodel is simulated using the full shal-

low water equations with a higher order numerical scheme

and a finite volume method. For additional information on

the 2D solution scheme used in MIKE FLOOD, see DHI

(, ). The two models are linked at each node using a

virtual orifice for calculation of water exchange.

The hydraulic network primarily consists of circular links

draining most catchments. A large open channel drains the

area from mid-west to the northwest as the main outlet to

the sea. Two additional outlets are located north and south

of the main outlet. Both of these are closed rectangular chan-

nels with the southern one connected to the open channel,

while the other drains the northern part of the network.

The northwest part of the catchment is a low-lying area

exposed to flooding from high sea levels. In this study, the

sea level is kept constant at an elevation of 0 metres as we

focus on flooding from the drainage system only. The

upstream part of the catchment is steeper and flooding in

this area is caused by precipitation only.

A baseline is produced from model simulations with

different rain inputs. Design rain inputs with return periods

of 2, 5, 10, 20 and 100 years were obtained from the Austra-

lian Bureau of Meteorology (BOM ) and are used for

simulation. To obtain an indication of the uncertainty of

the simulated flood extent resulting from other sources

than simplification we have increased and decreased the

rain volume by 23%, corresponding to the overall uncer-

tainty of runoff according to Hansen & Liu ().

Table 2 gives an overview of the 1D models used for

simulation in the baseline and after simplification. The sim-

plified models are denoted as T###M### with T denoting a

model where links smaller than this threshold diameter in

mm were trimmed, while M denotes where links shorter

than the threshold in metres were merged. The notation

xxx marks that either the trimming or merging module is

not used for the simplification. Further, some models are

denoted with ‘NC’ as an abbreviation for ‘no compen-

sations’, thus no time and volume compensations have

Table 1 | Thresholds for damage to different types of structures and costs

Type
Threshold for
damage Cost range

Building – Commercial 10 cm (210) 162–852 AUD/m2

Building – Residential

Content damage 10 cm (300) 7,200–53,400 AUD/
building

Structural damage 20 cm (300) 40,751–190,171 AUD/
building

Road 30 cm 3.71 AUD/m2

Numbers in brackets specify the water depth where the maximum damage cost occurs.

Damage cost are obtained from Olesen et al. (2016)

Figure 2 | Concept of EAD calculations. Equation (6) is used to calculate the area under

the damage curve by interpolating between the damage costs determined for

different return periods.
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been implemented in these models. As a measure of the

level of simplification, we use the network reduction

factor, NRF:

NRF ¼ Elements in simplifiedmodel
Elements in baseline

(7)

The 2D surface model is identical for all 1D/2D

models, hence changes are only applied to the 1D network.

Simulation environment

The simulations were conducted using the MIKE FLOOD

Message Passing Interface (MPI) limited to 7 threads on a

HP EliteDesk 800 G2 TWR with Intel i7-6700 3.40 GHz

CPU and 16 GB RAM.

RESULTS

Computation time

In Figure 4, average computation time for the five rain events

is shown for each considered model. The overall computation

time decreases with the NRF. The computation time for 1D

calculation and data management decreases while the 2D cal-

culations require the same computation time throughout the

different model setups. For the baseline scenario, the simu-

lation time is 16.6 minutes for the 1D model, 17.9 minutes

for the 2D model and an additional 11.5 minutes for data

management, combining into 46 minutes. Data management

consists of MPI-processes and loading/saving results between

time-steps. The computational demand for data management

decreases when simplifying the model as a result of smaller

Figure 3 | Skeletonised drainage network and elevation of the case study area in southern Melbourne, Australia.
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file sizes. Using SAHM, the computation time of the coupled

1D/2D simulation is decreased by up to 35%. The compu-

tational effort for the 1D simulations only is decreased by

68%. The reduction in computation time of the 1D hydraulic

network model thus provides a significant overall decrease in

computation time for the 1D/2D flood model. With a higher

resolution 2D surface, the 1D simulation will account for a

smaller part of the overall computation time and hence

the reduction will be less significant than in the case

presented here.

1D hydrographs

Hydrographs from the 1D hydraulic network model are

inspected to locate potential changes in flow characteristics

after simplifying the network.

Four examples are shown in Figure 5(a)–5(d) at

different locations in the network. Along main branches in

Figure 5(a)–5(c), the flow is over- or underestimated, thus

higher or lower volumes are transported in the network.

In particular, the merged models lead to overestimation of

the flow capacity of the 1D network. An explanation

might be the reduction of head-losses from manholes, lead-

ing to lower energy losses. A strategy to compensate for

this phenomenon may be decreasing the Manning number

of the remaining links to compensate for the reduced

energy loss. However, the explanation may also be that the

removal of nodes in low-lying areas may lead to higher

pressure gradients because there is no communication

with the surface to reduce the pressure in the links.

The hydrographs for an upstream link (Figure 5(d))

suggest that the simplified models slightly overestimate

peak flows while the timing of peaks varies slightly. The

TxxxM100 model is delayed by a minute while the

T500Mxxx and T500M100 models peak a few minutes

early. The time variations are smaller than in the models

without compensations (not shown), thus the time compen-

sation works as intended with improved fit of the initial

peak to the baseline even at places where trimming has

removed a large part of the network. The Manning equation,

used for calculation of the time compensations, describes

flow processes in a more simplified manner than the Saint--

Venant equations, leading to the small variations in peak

time. After 2–4 hours of the simulation period, the flow is

Table 2 | Model data for baseline and simplified hydraulic 1D network models

Model Links Nodes
Total length
of links

Network
reduction factor

Baseline 10,415 10,011 477 km 1.00

Merged

TxxxM035 9,421 9,017 477 km 0.90

TxxxM050 8,596 8,192 477 km 0.82

TxxxM075 7,832 7,428 477 km 0.75

TxxxM100 7,466 7,062 477 km 0.71

TxxxM100-NC 7,466 7,062 477 km 0.71

Trimmed

T300Mxxx 8,857 8,469 412 km 0.85

T400Mxxx 6,938 6,576 332 km 0.66

T500Mxxx 5,551 5,230 277 km 0.53

T500Mxxx-NC 5,551 5,230 277 km 0.53

Trimmed and subsequently merged

T300M035 7,998 7,610 412 km 0.76

T300M050 7,317 6,929 412 km 0.70

T400M050 5,597 5,235 332 km 0.53

T400M075 4,724 4,362 332 km 0.44

T500M075 4,416 4,095 277 km 0.42

T500M100 3,642 3,321 277 km 0.34

T500M100-NC 3,642 3,321 277 km 0.34

Figure 4 | Computation time of the baseline and simplified models. The computation

time depends on the number of model elements, hence the network

reduction factor (NRF) is used for the horizontal axis. The computation time

decreases with the number of elements in the 1D hydraulic network model

due to both faster 1D calculations and fewer data to load and save during

simulations. The 2D computation time is constant for all models.
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in many cases not as accurate with the decline starting ear-

lier or later than the baseline. This may also be caused by

changes in the surface flooding when storage and flow-

paths change from the baseline.

1D/2D water exchanges

The outflow volume from the 1D network to the 2D sur-

face models is illustrated in Figure 6 for 2-, 5- and 20-

year return periods. For the 2-year return period, the

volume exchange shows substantial increases when mer-

ging is applied, with up to 380% exceedance of the

baseline. The actual volume exchange is small compared

to the 10 to 100-year events, because for these events all

the volume in the 1D model is fully utilised. Simplifica-

tions of the 1D network then have only little impact on

the simulated surface flooding. For larger return periods,

there appear to be no differences between trimming and

merging of the models. However, for return periods up

to 10 years the results indicate that merging is more

important for the combined 1D/2D model result because

the removal of (downstream) nodes may lead to higher

pressure and hence a higher water exchange with the sur-

face of the model. This tendency is exclusively observed in

models compensated for volume losses, while non-com-

pensated models (not shown in Figure 6) maintain water

exchanges similar to the baseline. Increasing the node

diameter thus significantly affects the water exchange

Figure 5 | Hydrographs from the 1D hydraulic network model at a return period of 20 years for the baseline and most simplified models of the three approaches. The location of each link is

indicated by a black dot on the small map in the top right of each sub-figure.
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calculated by the orifice equation and leads to larger water

exchanges.

Except for overestimation of the volumes of the merged

models for low return periods, there are no general ten-

dencies to observe with respect to the amount of

simplification. For some return periods, higher degrees of

model simplification lead to smaller changes than lower

degrees of model simplification and vice versa.

Spatial distribution of the model errors on the surface

The impacts of simplification in the 1D network model on

the 2D surface results are presented in the following section.

In Figure 7, the flooded surface area is shown for each

return period as well as the baseline variation describing

the inherent uncertainty of urban drainage calculations

(Arnbjerg-Nielsen & Harremoës ; Hansen & Liu

). All simplified models underestimate the flooded

area for all return periods. However, the changes are small

compared to the baseline variation. The maximum water

level of the reduced models is lower than the baseline for

return periods of 2–20 years, but higher for the return

period of 100 years despite showing similar tendencies on

1D/2D water exchange as the 20-year event in Figure 6.

With increased water volumes on the surface, the results

show that intensity of flooding has increased at places

where flooding is already occurring. Meanwhile as seen in

Figure 8, other areas are no longer flooded since they are

no longer connected to the pipe network. In spite of

rather accurate hydrographs in the 1D model, the spatial

location of the nodes relative to depressions has a large

effect on the flooding simulated in the 2D surface model.

The difference in spatial distribution of flooding is illus-

trated in Figure 8 as spatial hits, misses and false positives

for the most simplified models, along with the maximum

water depth of the baseline during a 100-year event. As

shown in Figure 8(b)–8(d), the trimming approach may

cause deletion of connections in locations where the full

1D model surcharges, whereby the water will surcharge at

the nearby branches in the reduced model. The merging

approach also leads to changes in the spatial distribution

of flooding but to a much lesser extent than trimming.

Figure 9 shows the CSI, summarising hits, misses and

false positives for the simplified models. All values are

Figure 6 | Water outflow from 1D network to 2D surface for return periods of 2, 5 and 20 years. Please note the different vertical scales.
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relative to the baseline and calculated as average overall

simulated return periods. The errors increase as the network

reduction factor decreases. Themost simplifiedmodels main-

tain a hit-rate of 57%, while misses and false positives are

around 43% and 33%, respectively. In general, the trimming

approach causes larger spatial errors than the merging

approach, even though the mass balance indicates that mer-

ging has the highest impact on the water exchange. Errors

frequently occur in the outermost branches where trimming

removes the connection to certain areas that may be flooded.

Additionally, more severe flooding is simulated along main

branches in all of the simplified models. Increased flooding

alongmain branches implies a higher inflow from the smaller

branches upstream, potentially linked to neglected energy

losses in the removed features of the system and reduced

storage of water on the surface in upstream areas.

This indicates that flooding may have moved from one

location to another. This is also visible in Figure 8 where

flooding in trimmed models occurs downstream in the

larger branches instead of the outer branches. Inspection

of the simulations shows that the spatial changes are, in

many cases, limited to distances of a few pixels, hence

these errors may be of little importance for many appli-

cations. This is tested by calculating the costs of flooding

for a range of return periods and by calculating the EAD

using the approach presented by Olsen et al. ().

The total damage cost for each return period is shown in

Figure 10, including the variation resulting from the refer-

ence. The simplified models are very similar to the baseline

for the return periods of 10–100 years while cost for the 2-

and 5-year return periods are underestimated, especially for

models including trimming up to a diameter of 500 mm.

In Figure 11, we see significantly lower errors in theEAD

than the 55% change in CSI in Figure 9, thus supporting the

hypothesis that spatial changes have a smaller impact on

the catchment-wide risk. As for the flooded area, the simpli-

fied models have a tendency to underestimate the costs of

flooding and higher degrees of simplification lead to larger

errors. The differences in error are not the same for merging

and trimming, with the merging approach leading to much

lower error in EAD than trimming. To maintain accuracy,

trimming should only be applied when merging cannot sim-

plify the model sufficiently, thus a combination of trimming

and merging should be used instead. The changes in EAD

are generally small compared to the uncertainties of the par-

ameters used in the cost function (Merz et al. ).

Additionally, the impact of the differences in EAD will be

further reduced in themany applicationswhere it is the differ-

ence in EADs between different measures that is used as a

decision-making criterion. Hence, the accuracy of the EAD

appears to be sufficient for decision-making even for very sim-

plified models.

Effects of compensations

The influence of the implemented compensations is

investigated for all three approaches to validate if the

compensations improve the results.

Including compensations for volume loss kept the total

network volume deficit within 0.2% compared to 6% in

the non-compensated T500M100 model.

In the 1D hydrographs, the peak arrival time and

peak flow obtains a better fit to the baseline in the com-

pensated models. In non-compensated models, the initial

peak arrives earlier than in the baseline and compensated

models, hence the approach for time-compensation is

working as anticipated.

Despite a network volume deficit of 4.3% and 5.5% for

the non-compensated T500Mxxx and T500M100 models,

respectively, the 1D/2D water exchange values are better

Figure 7 | Flooded surface area as percentage of the total area of the mesh. The

simplified models all underestimate the flooded area but do not exceed

the reference variation computed via a 23% change in runoff from Hansen &

Liu (2004).

696 S. Davidsen et al. | Automatic simplification of hydraulic networks for 1D/2D urban flood models Journal of Hydroinformatics | 19.5 | 2017



when neglecting the volume compensations. Additionally,

the non-compensated TxxxM100 model yields similar or

improved hydrographs as compared to the compensated

model. Thus, it is likely that the manhole size has a more sig-

nificant effect on the 1D/2D interactions than the network

volume deficit and it may be beneficial to use a different

approach for implementation of volume compensations, or

to simply avoid the compensation scheme.

The spatial errors of the non-compensated models are

shown as black symbols in Figure 9, and indicate that com-

pensations for volume losses and travel time are of little

importance for the spatial flood distribution. In Figure 11,

compensations slightly improve EAD in the TxxxM100

and T500M100 models while EAD for T500Mxxx is worse

than the T500Mxxx-NC model.

Overall, the compensations improve the results of the

1D hydrographs and flood area. However, compensations

have only slightly positive or a negative effect on results of

water exchange, CSI, total damage cost and EAD. Only

when applying the compensations, outflow from the 1D net-

work to the 2D surface varies significantly from the baseline.

However, the inflow from the 2D surface to 1D network

increase or decrease correspondingly with the changes in

outflow, resulting in a net decrease in flooded surface area.

When accurate hydrographs are of high priority, com-

pensation for travel time may be justified. The small

Figure 8 | (a) An overview with the maximum water depth for the baseline during a 100-year event. (b)–(d) The differences from the baseline in spatial flood results for the TxxxM100,

T500Mxxx and T500M100 models, respectively.
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changes in travel time however have little effect on 2D

results. Compensating for volume loss by changing manhole

diameters is also not recommended as this leads to decreas-

ing accuracy of the 2D model results.

DISCUSSION

It was possible to reduce the computation time of 1D/2D

simulations by 35%, exclusively by modifying the 1D

hydraulic network model. The overall resulting calculated

EAD changed remarkably little even when applying quite

aggressive model simplifications. However, other metrics

varied systematically as a function of the model simplifica-

tion. Hence, the type and degree of model simplification

that can be justified seems to depend on what the model is

used for.

Even though the calculated hydrographs overall showed

good agreement for different levels of simplification, the sim-

plifications proved to have an impact on the 1D hydraulic

network. The main change was identified as an overestima-

tion of flow along main branches, occurring mostly when

applying merging. The effect may be reduced by increasing

energy losses, e.g., by decreasing Manning numbers, where

features have been deleted.

The simplification of the 1D network model also influ-

enced the exchange between the 1D and the 2D parts of

the model, mainly for trimmed models. In general, this led

to fewer locations with floods but larger flooding at these

locations. This cancellation of errors is the main reason

why the overall EAD seems to be rather accurate in spite

Figure 9 | CSI of simplified models along with hits, misses and false positives. Hits

and misses add up to 100% while false positives are excess pixels. Models

without compensations are shown with black symbols for comparison.

Figure 10 | Total damage costs of flooding for selected models. The baseline variation

indicates the variation of the costs by changing the runoff only, i.e., the

uncertainty of the valuation of the damages is not included.

Figure 11 | Changes in EAD from the baseline of 25.1 million AUD for each of the

simplification approaches.
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of a high degree of model simplification. However, for mod-

erate return periods there will be rather large and systematic

differences in the spatial distribution of flooding in the

catchment. Since flooding during events with small return

periods constitutes a large part of the overall risk, the

degree of simplification of the 1D network is important in

identifying potential measures to reduce the risk. Hence,

the impact of 1D model simplification seems to have the

potential of reducing calculation times considerably, but at

the expense of less knowledge of where in the catchment

the flooding occurs for smaller return periods.

Studies could be undertaken to see whether including

features of the 2D model in the simplification in the 1D

model would lead to better results. The starting point

could be to put constraints on simplifications close to and

in local depressions. For merging, it could be hypothesised

that the key would be to include nodes in the depressions,

whereas for trimming it might be important to retain links

to areas with depressions.

CONCLUSION

In this study, a simplification algorithm for 1D hydraulic net-

work models (SAHM) is developed as an automatic

simplification approach. The resources spend on model sim-

plifications are substantially reduced compared to manual

or semi-automatic procedures. Additionally, the procedures

are streamlined between users, with a common set of

checks conducted prior to removal of a link or node. A

guideline of inputs to SAHM, e.g., thresholds depending

on the modelling purpose, may be an advantage to avoid

over- or under-simplified models. This may be an advantage

even when employing only 1D models. However, in our

case, the main focus is on how such simplifications impact

simulations of pluvial flooding.

The simplification of a network with more than 20,000

elements is conducted within a few minutes using merging,

trimming or a combined simplification method. Using the

developed approach, the computation time for the 1D/2D

simulation decreases by 35% after removing 66% of the

elements in the 1D hydraulic network model. The simplified

models are compensated for volume losses and travel time

differences. The approach of implementing compensations

for travel time leads to small improvements in 1D

hydrographs of the hydraulic network model while compen-

sating for volume losses of deleted features leads to a decline

in accuracy of CSI and EAD.

1D hydrographs of the hydraulic network model show

little variation between the baseline and simplified models

but overestimation of flow in main branches. Spatial devi-

ations of the 2D flood models are evaluated using the CSI

and indicate that these models are highly influenced by

the level of detail of the 1D hydraulic network. Thus, it is

necessary to exercise caution when using simplified

1D/2D urban flood models for flood hazard assessments

and design purposes. Calculation of the EAD is considerably

less sensitive to model simplifications, with merging con-

siderably more accurate than trimming. Suggestions for

how the procedure can be improved further are given. For

instance, maintaining connection to depressions may be a

main objective to improve the accuracy of the reduced

model. Overall, it already seems feasible to be able to

derive simpler flood models without compromising the

accuracy in an unacceptable manner.
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A B S T R A C T

Distributed physically based models (DPMs) have become the standard tool for urban drainage modelling.
However, high computational demands limit these in applications where fast or multiple simulations are needed.
This paper presents simple fit-for-purpose cheaper-to-run surrogate models (SMs) for pipe network simulations
which are validated against a DPM. The SMs are set up by lumping the DPM network into compartments in
which the volume of water is governed by mass balances. Outgoing discharges to downstream compartment(s)
and surcharging are computed from unambiguous volume-discharge curves. The SMs are applied on a 45 km2

catchment, Elster Creek in Melbourne, Australia. The number of simulated states and simulation times are re-
duced by approximately 3 and 6 orders of magnitude, respectively. Different SM complexities are examined. The
simplest SM using steady state training data performed well with NSE of 0.98 for volume in the most upstream
compartment. When emulating the aggregated surcharge from that compartment, the SM captured all surcharge
events correctly. NSE improved from 0.35 to 0.84 when subdividing the compartment into 17 subcompartments.
Uncertainty of SM parameters was examined using the Generalized Likelihood Uncertainty Estimation (GLUE)
methodology. Two different sampling methods were applied. Limits of acceptability for real-time control,
warning and planning, resulted in many accepted models upstream and few to none in downstream backwater-
prone areas. All applications showed SM uncertainty bands within expected uncertainty bands for DPM, sup-
porting the use of a simpler conceptual model in fit-for-purpose modelling in urban water systems when com-
putational demands of DPMs are prohibitive.

1. Introduction

Projections of climate change show an increase in frequency and
magnitude of extreme rainfall. Coupled with rapid urbanization, this
will lead to increased loading of urban storm- and wastewater systems,
thereby increasing the risk of pluvial flooding and combined sewer
overflows (IPCC, 2012; Semadeni-Davies et al., 2008). To mitigate this
risk, adaptation measures can be implemented by changing the infra-
structure, in the form of, e.g. bigger pipes, installation of basins, in-
cluding local infiltration measures etc. (Zhou et al., 2012). Designing
adaptation measures requires models, typically in the form of dis-
tributed physically-based models (DPMs). Dynamic adaptation using
Model Predictive Control to optimize the use of the existing systems
storage capacity can also be applied (Lund et al., 2018). Real-time
applications require models that in seconds or minutes can produce
forecasts of selected hydraulic states several hours into the future,
which is not feaseable with DPMs, and the usage of DPMs for scenario
development and design optimization is also impeded due to the high

computational time of the models (Henonin et al., 2013). As reported in
(Leitão et al., 2010), the computational time for this model type is ty-
pically longer than real time, making them unfit for real-time model-
ling, questionable for warning purposes, and also prohibitive when
exploring many planning scenarios, although a few examples are
available (Löwe et al., 2017; Rauch et al., 2017). Hence many appli-
cations need a fast and numerically stable model with sufficient accu-
racy at key locations in the catchment, and even though the develop-
ment in computers computational speed continues, this will not provide
the orders of magnitude speed-up required in the foreseeable future.
This applies for planning purposes in at least two typical situations: 1)
where city-scale planning purposes often focuses on certain parts of the
city while other parts are less interesting and hence DPM results are
never needed nor interpreted for many parts of the system, and 2)
where calculation of pollution loads can be done with sufficient accu-
racy using simplified hydraulic models (Vaes and Berlamont 1998;
Johansen et al., 1984). It also applies to forecast and control situations,
where the uncertainty of the forecasts makes the use of DPM models
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obsolete because the improved calculation accuracy does not lead to
improved results (Lund et al 2018).

Because many applications of urban flood models require multiple
fast simulations, several attempts have been made to reduce the com-
putational time of the DPMs. One approach is to enhance computational
performance by optimising the usage of computational resources
through e.g. parallelisation (Leandro et al., 2014; Neal et al., 2010), but
this requires that sufficient computational resources are available. An-
other approach is to reduce computational costs by means of simplifi-
cation. Simplified models will, however, not be able to emulate the
entire model space of the original models. Model errors are thus in-
troduced when going from the original High-Fidelity (HiFi) model to a
simpler model. Choosing the level of simplification is a trade-off be-
tween accuracy, acceptance of errors and computational time. This
decision should be based on the type of process simulated and the ob-
jective of the problem to define the level of details needed in the re-
quired model output, the acceptable error margin and computational
time allowed also known as fit-for-purpose modelling (Beven, 2015;
Blazkova and Beven, 2009; Haasnoot et al., 2014; Jamali et al., 2018;
Wright and Esward, 2013). Furthermore, the acceptable level of error
introduced during a model simplification process should be seen in
relation to the typically rather large uncertainties in the model input,
such as rainfall data, and the errors between reality and the original
model.

The methods of going from a HiFi model to a LoFi model can be
divided into two main categories: LoFi DPMs and conceptual models.
LoFi DPMs are also physically-based but less detailed compared to the
original models (Razavi et al., 2012). Methods for going from a HiFi
DPM to a LoFi DPM vary through literature. Some methods reduce the
numerical accuracy, i.e. use a coarser spatial/temporal grid size
(Fewtrell et al., 2011) or apply steady state (Jamali et al., 2018). Other
reduce the number of physical processes in the model e.g. by reducing
the Saint-Venant equations to either the diffusive or kinematic wave
formulation (Fewtrell et al., 2011; Neal et al., 2010; Neelz and Pender,
2013). Another approach is to simplify the system itself via pruning,
trimming and merging rather than the model formulation. Davidsen
et al. (2017) and Leitão et al. (2010) applied a combination of the above
and conducted a 35 and 42% reduction of the network elements re-
sulting in a 70 and up to 61% reduction in computation time, respec-
tively. This method may, however, not be sufficient for a large number
of applications, where a speed-up of several orders of magnitude is
needed.

Another branch of model simplification is to use a cheaper-to-run
conceptual model (Razavi et al., 2012; Ye et al., 2014). Results from the
original model or measurements can be used to calibrate the conceptual
model and in some cases validate it if no measured data are available.
This is a data-driven approach and therefore the model does not need to
consider any physical processes. These models are denoted surrogate
models (SMs) (Razavi et al., 2012; Meirlaen et al., 2001). Most con-
ceptual models apply the storage principle (Chow et al., 1988; Vaes,
1999; Vanrolleghem et al., 2009; Wolfs et al., 2013). The simplest
model assumes that there is a linear and unambiguous relationship
between the storage and the discharge, which is the dominating model
component for flow routing for real-time control applications (e.g.
Löwe et al., 2016; Joseph-Duran et al., 2014; Ocampo-martinez et al.,
2013). However, as pointed out in Chow et al. (1988), Vaes (1999) and
Wolfs et al. (2013) the relationship between the storage and the dis-
charge might be influenced by a lot of factors, such as attenuation and
backwater, resulting in a non-linear ambiguous relationship. Coping
with this has been handled by using different methods from the static-
dynamic storage principle (Cunge, 1969; Vaes, 1999) relating the dy-
namic storage to the inflow, the combiner-splitter approach (Solvi et al.,
2005), retention capacity and storage method in the SMUSI model
(Muschalla et al., 2006), a combination of the two (Vanrolleghem et al.,
2009) and multiple linear segments combined with transfer functions
(Wolfs et al., 2013). The surrogate models in the current study are

primarily based on the use of non-linear unambiguous storage-dis-
charge relationships as previously used by Vaes (1999) and Wolfs et al.
(2013). This routing concept, as well as the model engine used in the
current work, is already being used in real time applications for fore-
casting flows in the drainage system (Borup et al., 2017). As opposed to
the previously mentioned studies, we expand the model to also include
surcharging to the surface. For access to the code of the model engine
see (Borup, 2018).

Hence the aim of this study is to test surrogate models of varying
complexity for urban drainage networks (pipe, channels, etc.) hydraulic
modelling with the objective of identifying suitable models for real time
control, warning and planning purposes. First the surrogate model
setup is examined and benchmarked against the original 1D HiFi net-
work model. Then the uncertainty of the surrogate model parameters,
i.e. the variability of the storage-discharge relationship, is examined by
using the General Likelihood Uncertainty Estimation (GLUE) metho-
dology and the results of the surrogate models are evaluated from a
limit of acceptability approach for different application areas.

2. Methodology

2.1. Surrogate model formulation

The surrogate models are set up by lumping big parts of the dis-
tributed drainage system into compartments, as illustrated in Fig. 1.
Compartments are delineated areas in which the volume of water is
modelled with a mass balance by the in- and outgoing discharges. Each
compartment can receive water from multiple upstream compartments
and discharge to multiple downstream compartments, outlets and sur-
face locations. The division of compartments are subjective and the
surrogate models can thus be set up to fit the given modelling purpose.
The main guideline used for the compartment delineation in the current
work is to place flow-limiting or altering structures, such as throttle
pipes, weirs and nodes from which the water can flow in multiple di-
rections along compartment boundaries, since this helps to ensure some
causation between the volume of water in the compartment and the
discharges out of this. This minimum requirement can then be sup-
plemented with states that have particular importance for the modeller.

Fig. 2 shows two compartments in series. Here compartment n can
discharge water to the downstream compartment n+1. As opposed to
(Borup et al., 2017) water can also surcharge to the surface, Qspill. The
model boundaries are set so that this surcharged water cannot re-enter
the compartments but simply disappears out of the model. Therefore
this surcharging is referred to as the spilling discharge as water spills out
of the model (DHI, 2014a). Moreover, the SMs only represent the
drainage network while the rainfall runoff entering the SMs (Qrun on
Fig. 2) is obtained from the rainfall runoff simulations of the original
HIFI model. This choice has been made to keep the focus on the si-
mulation of the drainage network since this is the time consuming part
of a 1D network DPM simulation. The discharges out of each com-
partment are only dependent on the storage volume in the compart-
ment, which means that backwater from downstream compartments

Fig. 1. Example of dividing distributed physically-based model into compart-
ments.
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cannot be taken explicitly into account.
The discharges out of a compartment are governed by volume-dis-

charge curves which are generated from the SM parameters. A total of
2× L×m parameters are used to describe one SM compartment,
where L is the number of volume-discharge parameter pairs and m is the
number of connections out of the compartment. Each volume-discharge
parameter pair consists of a volume parameter and a discharge para-
meter. In-between the volume-discharge pairs the SM interpolates using
piecewise linear functions, f, to create continuous volume-discharge
curves for each connection. The term connection is used to describe
outflows in the form of compartment-to-compartment, Qout,n or com-
partment-to-surface, Qspill,n. Qspill,n can both be in terms of spill to the
surface and combined sewer overflows (CSOs). Spill to the surface,
weirs and CSOs will have similar volume-discharge curves as they need
to exceed a certain threshold of volume before the discharge begins.
The piecewise linear approach has the advantage that non-linearities
due to, e.g. overflows and flow constraints can be taken into account. In
this study we derive the volume-discharge parameter pairs that are
required to estimate the various f’s from DPM result files. This process
will be referred to as the training of the surrogate model. The expres-
sion for storage for compartment n, Sn, from Fig. 2 is given as:

= +dS
dt

Q t Q t Q t Q t( ) ( ) ( ) ( )n
run n in n out n spill n, , , , (1)

where t is the time. Qrun,n is the water routed to the sub-surface system,
i.e. identical for the DPM and the surrogate model, and Qout,n and Qspill,n

are calculated as function of the volume in compartment n, Sn, using
their own individual piecewise linear function as illustrated in next the
next paragraph.

2.1.1. Training of the surrogate model
The training data are produced by applying rain data to a DPM and

then extracting the resulting volumes and discharges from the model
results. This process is illustrated in Fig. 3(a-c) when using a con-
structed staircase rain as rainfall data, and Fig. 3(d-f) when using a
historical rain series instead.

Using a constructed staircase rain for producing the training data
allows for the system to reach close to steady-state conditions at the end
of each step of the staircase. This allows for extracting un-ambiguous
volume-discharge relationships with just a single simulation. The
drawback of using these steady state data points is that the steady state
conditions are only reached when backwater reaches its maximum,
which implies that the discharge out of a compartment might be un-
derestimated for rain events that do not cause backwater in the system.
If, on the other hand, historical rain series are used, the dynamic sto-
rage and discharge responses are represented in the training data. But
in this case much more data needs to be produced and these training
data will show a volume-discharge relationship that is far from un-
ambiguous, as illustrated on Fig. 3(f). Since we are only dealing with
model-to-model simulations and not real observations, any ambiguity
caused by uncertainties of the input data e.g. distribution of rainfall is
not included.

The number of volume-discharge parameter pairs, L, can be varied.
Since the steady-state data points in Fig. 3(c) describe an un-ambiguous
volume-discharge curve, these steady state volume-discharge points can
be used directly as parameter pairs for the SM. Often the shape of the

curve can, however, be described sufficiently accurate with much fewer
points. In this study this reduction is made using a generic optimizer,
fmincon, from (MATLAB and Statistics Toolbox Release 2015b, 2015) to
search for the L volume-discharge pairs that leads to the lowest squared
difference between the full set of training data points and the linear
interpolation between the reduced number of points.

2.1.2. Surrogate model setups
When setting up a SM decisions need to be made on the coarseness

of compartment resolution, the number of volume-discharge parameter
pairs for each connection out of the compartments, what input data to
use for the DPM to compute the training data and if any additional
functions or parameters should be included to describe, e.g. attenuation
and other hydraulic constraints. The importance of these decisions is
explored in the following using five different SM setups:

• SMsteady,20 uses L=20 and steady-state training data.
• SMsteady,4 uses L=4 and steady-state training data.
• SMsteady,4,div uses L=4 and steady-state training data. One com-
partment is further divided into 17 subcompartments to study the
influence of compartment resolution.
• SMsteady,4+UH uses L=4 and steady-state training data and ad-
ditionally, to capture the dynamic behaviour seen in Fig. 3, we also
apply a unit hydrograph (UH) as a post-processing step. The con-
centration time is fitted manually to each compartment by applying
a pulse to the DPM and estimating the travel time of the peak.
• SMdynamic,4 uses L=4 and historical events as training data. This
consists of multiple volume-discharge points as illustrated in
Fig. 3(f). The parameters are found by using the same volume
parameters as for SMsteady,4 and then calculating the corresponding
discharge parameters as the mean of the discharge points of the
dynamic training data with approximately the same volume.

2.2. MIKE URBAN model formulation

The HiFi DPM used in this study is a MIKE URBAN model (DHI,
2014a). This software from DHI simulates unsteady flows in a pipe
network with altering free surface and pressured flow conditions. The
hydrodynamic computation is based on an implicit, finite difference
numerical solution of the 1D Saint-Venant equations. The computa-
tional grid in MIKE URBAN consists of alternating Q- and h- points in
each pipe, i.e. points where the discharge, Q, and water level, h, are
computed at each time step. There is a minimum of three computational
points in each pipe and h is furthermore computed for each node. The
model automatically generates the computational grid based on the
velocity condition (DHI, 2014a). To get an overview of the amount of
surcharged water from the drainage network, all nodes in the models
are set to spilling nodes, i.e. water can spill to the surface from the
drainage network, but it cannot re-enter the drainage system. MIKE
URBAN rainfall runoff computation is a separate simulation from where
the hydrologic load is used as input to the pipe network. The rainfall
runoff simulations are several orders of magnitude faster than the
network simulations. The rainfall runoff model applied in this study is
model type B – kinematic wave (DHI, 2014b).

Qrun,n Runoff discharge to nth compartment 
Qin,n    Drainage discharge to nth compartment 
Qout,n  Discharge from nth compartment 
Qspill,n Spilling discharge from nth compartment 
Sdrain,n Storage volume in nth compartment

Fig. 2. Conceptual setup of surrogate model compartments n and n+1. The figure illustrates a setup where each compartment has exactly one discharge to the
downstream compartment and one spilling discharge, but multiple connections are possible.
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2.3. Uncertainty analysis

Every time we apply a model and go from reality to a model space
we introduce uncertainties (Refsgaard et al., 2006). In this project there
are uncertainties both related to the DPM and the SM. The three major
sources of uncertainties in the surrogate models are the model for-
mulation, structure and parameters. Especially the model structure as
the SM is highly simplified compared to the DPM. This is both in terms
of the equations used to describe the movement of water in the network
and also the delineation of the compartments. The training data used
can also be a large source of uncertainty as this determines the volume-
discharge parameters in the SM and sometimes the structure of the SM.
To assess the possible errors introduced by these uncertainties the
Generalized Uncertainty Estimation (GLUE) methodology is applied
(Beven and Binley, 1992).

GLUE is a methodology to identify models that are acceptable or
behavioural model setups from a set of all possible models based on user
defined limits of acceptability. It thus deals with the problem of mul-
tiple acceptable models (the equifinality thesis). In GLUE the model
errors are handled implicitly by assuming similar characteristics of er-
rors in calibration and in prediction. According to Beven (2009) the
decisions required to apply the GLUE framework involve the following:
(i) Define model structure(s) (ii) Decide which model parameters
should be varied (iii) Define prior distribution of model parameters (iv)
Decide method for sampling the model space (v) Define likelihood
measure (vi) Decide limit of acceptability. After this a large sample of
model realizations can be generated with Monte-Carlo simulations.

The most common application of GLUE is to condition models on
measured observations (Aronica et al., 2005; Beven and Binley, 1992;
Thorndahl et al., 2008). However, in this study we will condition the
surrogate models on the original HiFi DPM instead of observations as
also done by e.g. Meirlaen et al. (2001), Vaes (1999) and Wolfs et al.
(2013).

2.3.1. Selection of model structure and parameters for GLUE
The DPM is run for a series of historical rain events resulting in a

swarm of scattered volume-discharge points due to the ambiguous vo-
lume-discharge relationships of a dynamical simulation, as shown in
Fig. 3(f). Note that for the highest values of volume and discharge there
is a lower sample size due to the rareness of these extreme events. In the

GLUE analysis the discharge parameters are varied from the distribu-
tion of discharge points for fixed volume parameters. The number of
volume-discharge parameter pairs will be L=4 for each connection.
The volume-discharge pairs for surcharging and the volume parameters
will be fixed as the ones identified for SMsteady,4.

2.3.2. Identifying prior parameter distributions
To identify the discharge parameter distributions, the volume axis is

divided into ten equally sized bins. For each of the four volume para-
meters in each connection, the suitable volume bin is identified.
Hereafter a vertical histogram showing the density of the discharge
point variation in that bin is computed. These histograms are used to
estimate a triangular distribution for each discharge parameter by let-
ting the mode equal the median of the data and min and max values
equal the corresponding smallest and largest value, respectively.

2.3.3. Sampling methods
The histograms for each of the L=4 discharge parameters are used

to estimate triangular distributions, from where L×500 discharge
parameters are sampled for each connection in each compartment. We
apply two different sampling types: sampling type 1 and sampling type 2.

Sampling method 1 allows for all L=4 discharge parameters to vary
independently of each other. This entails that the slope and shape of the
volume-discharge curves will vary freely within the span of the training
data. For this sampling method It might occur that the nth discharge
parameter will be higher than the lowest value for the (n+1)th dis-
charge parameter, i.e. a negative slope in the volume-discharge curve.
Such a parameter constellation will imply that the discharge will de-
crease as a result of an increasing volume, which conceptually is wrong
for this type of model. Such a parameter constellation is thus rejected
and not included in the sample.

Attempting to explore the entire span of possible outcomes caused
by variation of parameters, we introduce sampling method 2. Sampling
method 2 applies the same discharge parameters as sampling method 1,
but sorts them from low to high. This means that for all compartments
and compartment connections, e.g. the smallest set of discharge para-
meters will be applied together for the same simulation. By correlating
all the discharge parameters in the system we aim to cover the largest
possible variation of discharge in the system for with a relatively small
sample size. The two types of parameter sets are then used in two

rain, steady state points,         Piecewise linear segments, 
DPM results, O volume-discharge parameter pairs.

Fig. 3. Process of extracting steady state
training data (a-c) and dynamic training
data (d-f): (a) Input data to the DPM: a
staircase rain, (b) DPM resulting volume
over time with volume steady state points,
(c) steady state volume-discharge points
produced by the DPM and equivalent vo-
lume-discharge parameter pairs with linear
interpolation performed by the SM. (d)
Input data to the DPM: a series of historical
rain events, (e) DPM resulting volume over
time, (f) Cloud of volume-discharge points
produced by the DPM and equivalent 3 vol-
discharge parameter pairs fitted to re-
present the shape of the cloud with linear
interpolation performed by the SM.
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separate Monte-Carlo simulations for the SM.
The two sampling methods are expected to provide an outlook on

different types of uncertainties in the system. Sampling method 1 re-
presents the full uncertainty of the SM parameters and parameter
constellation and is thus the most flexible in this regard. However,
moving downstream errors due to parameters might be cancelled
through the system. Hence, applying this method would potentially
underestimate the variation observed if using actual measured data.
Sampling method 2 on the other hand represents the largest possible
difference in the discharge output at downstream compartments and
thus represents the other extreme. By applying both sampling methods
we expect to cover the range of possible outcomes arising if we had had
actual measurement data available.

2.3.4. Defining likelihood measure
A uniform likelihood function is applied as seen in Eq. (2). This

implies that the likelihood or degree of membership is equal for all
models which are within the accepted range.

=L a b( ) 1 if ( )
0 otherwisei

i i

(2)

where L ( | )i is the likelihood, are the model variables shown in
Table 1, i is the probability of the observed value, ( )i is the prob-
ability of the simulated value and a and b are lower and upper limits of
acceptability.

2.4. Performance measures

We use the following measures to quantify the performance of the
SMs: Nash-Sutcliffe Efficiency (NSE), Percent Error in Peak (PEP), Peak
Difference (PDIFF) and Critical Success Index (CSI) (Bennett et al.,
2013) (3–6). From this we further develop Peak Time Difference
(PTDIFF) and Percent Error in Accumulated Discharge (PEAD) (7–8):
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where = =x xDPM t N t
N

DPM t,
1

1 , , N is the length of the records, xDPM t, is the
output from the HiFi DPM at time t, xSM t, is the output from the SM at
time t, i is the peak number.

3. Case study

3.1. Elster Creek catchment

The Elster Creek Catchment is located in Melbourne, Australia, and
covers an area of approximately 45 km2. The area mainly consists of
residential areas and has been subject to many large floods in recent
years (Olesen et al., 2017). A 1D drainage network DPM of the catch-
ment area presented in (Davidsen et al., 2017) is shown in Fig. 4(a). The
drainage network is a separate stormwater collection system and there
are therefore no CSOs in the catchment. The model consists of 10,011
nodes, 10,415 links and 12,113 sub-catchments, there are six weirs and
no basins, pumps or control in the model. The weirs are internal
overflows over which the water flows when the system is under high
hydraulic loading and thus hydraulically speaking works just as a CSO.
The network primarily consists of circular pipes. A large rectangular
open channel connects the mid-eastern part of the catchment to the
main outlet to the sea. The model contains three outlets to the sea. The
main outlet is located in north-west and the two additional outlets are
located just north and south of the main outlet. The southern outlet is
connected to the open channel by a closed rectangular channel and the
northern outlet is connected to the circular pipe network by a closed
rectangular channel. The given DPM consists of 44,718 calculation
points, i.e. states of q and h.

The catchment is divided into 13 compartments as shown in
Fig. 4(a). When dividing the compartments it is ensured that all flow-
limiting or altering structures (throttle pipes, weirs, pumps etc.) are
placed on compartment boundaries. This is why compartment SM7 is
very small; it has weirs both up- and downstream. The connections
SM6-SM7 and SM7-SM8 are weir connections with the same hydraulic
behaviour as CSO weirs in combined sewer systems. The computational
grid has now been reduced from 44,718 states to 13. Compartment SM1
represents 1009 nodes and 983 links and 4361 states in the DPM. If SM1
is further subdivided into 17 compartments as shown in Fig. 4(b) ad-
ditional 16 states are used. Hence the number of states in the SMs is
close to 3 orders of magnitude lower than in the HiFi models and the
computational scheme is reduced from iterative solution of partial
differential equations to simple lookup in tables and interpolation.

3.2. Rain data

3.2.1. Training data
3.2.1.1. Steady state data. For identifying the volume-discharge
parameter pairs for the steady state model a staircase rain as shown
in Fig. 3(a) is applied with intensities ranges from 0.5 to 10 µm/s,
corresponding to 1.8 to 36mm/h. This range is defined for the
catchment to cover system states from nearly empty to exceeding
capacity i.e. surcharging. For this catchment each step is set to 4 h for
achieving steady state conditions.

3.2.1.2. Rain event data for SMdynamic,4 and GLUE. 37 years of rain data
from a tipping bucket rain gauge is used (Madsen et al., 2017). From
this series 45 events are extracted; the 15 events with the largest
intensities recorded for durations of 30 and 180min, respectively, and
the 15 events with the largest depth. An event definition of a minimum
of 10 h of dry weather between events is used.

3.2.2. Validation data
For validation 52 year of rain data are applied (Australian Bureau of

Meteorology, 2015). Similarly 3 x 15 events covering the largest depth,
intensity over 30min and 180min are extracted. Two events were

Table 1
Limits of acceptability for the three applications: RTC, Warning and Planning
together with the number of accepted models for each limit and application for
SM1 using sampling method 1 and 2, respectively.

# Accepted models

θ Measure Limit Sampling method 1 Sampling method 2

RTC Qout NSE >0.8 500 437/500 500 417/500
S NSE >0.8 437 417

PEP <30% 489 470
Warning Qout PEP <25% 500 496/500 500 486/500

PTDIFF <15min 500 500
Qspill PEP <50% 496 486

PTDIFF <15min 500 500
Planning Qout PEAD <25% 500 386/500 500 343/500

Qspill PEAD <25% 386 343
CSI >0.90 500 500
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found to be outside of the calibration range of the SMs and were dis-
carded. This could have been avoided by using higher rainfall in-
tensities during the model calibration.

3.3. Limits of acceptability

Limits of acceptability are set up to distinguish between behavioural
and non- behavioural models based on a (subjective) assessment of
what is considered a well calibrated model. There are no formal
guidelines on how to evaluate models in urban drainage systems.
However, a book on code of practice in urban drainage modelling from
(Wallingford Procedure Users Group, 1993) contains the following re-
quirements for verification of a model with flow survey data:

i. Peak flow rate from -15% to+25%
ii. Volume of flow from -10% to+20% over the period for which the
observed flows are obtained

iii. Surcharge should be from –0.1m to+0.5m
iv. The general shape of the two hydrographs should be similar

Moreover models should pass a routine stability test including not
exceeding an overall mass balance error of 10% and flooding events
that excess 25m3 should be verified by evidence of an actual flooding.
If all of the above are valid for 2/3 of the events a model is considered
validated. This evaluation scheme is, of course, intended for model-to-
observations comparisons but we can still use this as an initial guide for
our limits. We will include (i) with PEP for Qout, (ii) is included with
PEAD for Qout, (iii) is not a direct output of the surrogate models and
hence PEP, PTDIFF, PEAD, CSI are used instead for the Qspill and (iv) is
included by considering NSE. The limits will be conditioned on the DPM
from the requirements of three different applications; RTC, warning and
planning, see Table 1. Since the conditioning is from model to model
the limits are set to be stricter than those for calibrating models to real
observational data. Since the SM is only able to model volumes and
discharges, limits on pollutant loads, water levels, velocities etc. that
might be relevant is not included.

As previously discussed, models for RTC applications need to be
able to predict the distribution of water in the network at all times with
sufficient accuracy, with high emphasis on catching the dynamical
behaviour of the system. Hence, limits of acceptability for this type of
application are set for the discharge and volume in the compartments.

This can be used as input for developing a control strategy and to
monitor the system capacity during control. The spilling discharge is
typically of less importance in RTC, although it is a focus of current
research efforts (e.g. Lund et al., 2018; University of Sheffield, 2018),
and is therefore not included in the present study. NSE is used as the
performance measure for both discharge and volume while PEP is used
for the volume only.

Warnings can be important for the Waste Water Treatment Plant
(WWTP) for, e.g. reducing the hydraulic loading before a storm and for
flooding purposes for implementing adaptive measures to reduce da-
mage costs. For the WWTPs it is important that the model is able to
predict the magnitude and timing of the peak to the treatment plant and
for flood warning, likewise the magnitude of the peak discharge to the
surface and timing. Thus, the peak magnitude and timing are essential
and hence PEP and PTDIFF are included for both the discharge and the
spilling discharge in the limits of acceptability for this application.

For planning applications the models must be able to give an ac-
curate prediction of the accumulated discharges to the treatment plant
and the surface. Thus, limits of acceptability are set for PEAD for the
discharge and surcharge. Moreover, the model must be able to give an
accurate statistical representation of extremes and hence CSI for spilling
discharge is applied. Since the DPM only covers a separate stormwater
collection system, no limits will be set on CSOs as there are none of
these in the system.

4. Results

4.1. Computational time

The DPM network simulations was performed with dynamically
adjusted timesteps ranging from 1 s to 1min and saving timestep of
1min. The total number of outputs given by the DPM is nearly 55,000
consisting of node water levels, weir discharges, node spilling dis-
charges, link water levels, link discharges and link velocities at the
44,718 locations in the network. The SM was computed using fixed
1min calculation and saving timesteps. The total number of outputs
given by the SM is 44 consisting of volumes, discharges and spilling
discharges at the 13 locations in the network.

A simulation of one event with three peaks and a duration of 31 h
took 3.3 h to compute for the DPM for the entire catchment. This was
reduced to 8.5ms with the SM, which is a speedup of 1.4∙106. To

Fig. 4. (a) Map of the Elster Creek catchment in Australia with pipes from the MIKE URBAN model presented in (Davidsen et al., 2017) and division into 13
compartments (b) further subdivision of compartment SM1 to 17 subcompartments.
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estimate the influence of the amount of output data saved from the
DPM the same simulation was performed without saving any output
data. This reduced the computational time for the DPM with almost an
hour and thereby reducing the SM speed-up to 9.9∙105. Both models
were run on the same PC using a single core only.

4.2. Examination of surrogate model structure

The five different surrogate model setups (presented in Section
2.1.2) are here tested on compartment SM1 (see Fig. 4). The spilling
discharges from the 17 small new compartments in SMsteady,4,div are
aggregated into a single time series to allow for a direct comparison

with the other surrogate model setups.
Fig. 5 shows the resulting volume, discharge and surcharge, re-

spectively for the SMs and DPM for a selected demonstration event (one
of the validation events). SMsteady,20 is not shown for visual reasons as it
cannot be distinguished visually from the results from SMsteady,4. The
top figure shows that all SMs except SMsteady,4+UH are emulating the
DPM well in terms of volume in the compartment. The SMsteady,4+UH is
higher in volume as water is retained in the compartment due to the
unit hydrograph. Of all the surrogate models SMsteady,4,div seems to have
the best fit. For the discharge, the pink band shows a ±23% margin of
the DPM results corresponding to the overall pipe discharge uncertainty
found by Hansen and Liu (2004) by using Monte-Carlo simulations and

— DPM, — SMsteady,4, ··· SMsteady,4,div, - - SMsteady,4+UH, --- SMdynamic,4,  ± 23% MU 

Fig. 5. Resulting volume, discharge and surcharge over time for a selected demonstration event for the five different SM structures and DPM for compartment SM1.

)d()c()b()a(

—SMsteady,4, ---SMdynamic,4 - - SMsteady,4+UH ··· SMsteady,4,div ··· SMsteady,4,div, - - SMsteady,4+UH

—DPM 

Fig. 6. Volume-discharge curves for the four different surrogate model structures for the same demonstration event as in Fig. 5 for compartment SM1. (a-c) discharge
(d) surcharge.
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a 84% confidence level. It is seen that all the SMs are within this un-
certainty band and again SMsteady,4,div has the best fit. The surcharge is
more difficult to model as it is a more dynamic and local process. All
SMs are able to catch the overall behaviour, but only SMsteady,4,div is
able to capture the peak with high accuracy.

To further demonstrate the differences between the SMs, resulting
volume-discharge curves for the SMs are plotted for the same demon-
stration event in Fig. 6. Here the dynamic behaviour of the DPM is
clear. Fig. 6(a) shows the difference between SMsteady,4 and SMdynamic,4

for Qout. The SMs are very similar, so for this event it appears that one
can use both steady state and event based training data. Fig. 6(b) shows
the DPM and SMsteady,4+UH. Here it is seen that the SMsteady,4+UH vo-
lume-discharge curve is ambiguous, but the fit to the DPM curve is not
good and results in larger volumes as also noted before. Fig. 6(c) shows
the volume-discharge curve for SMsteady,4,div when all the 17 smaller
compartments are combined into one graph. The behaviour of DPM is
much better captured when increasing the compartment resolution as
also seen in Fig. 5. Fig. 6(d) shows the volume-surcharge behaviour for
all four models. SMsteady,4 and SMdynamic,4 are both on the same line.
SMsteady,4+UH has a much larger volume for the surcharging.
SMsteady,4,div is capturing the DPM well.

Table 2 shows the performance measures presented in Section 2.3
for the five different SMs as the mean (and median) of all validation
events. The column to the left shows the error statistics for the de-
monstration event shown in Figs. 5 and 6 for comparison. Most error
measures are similar to those of the single demonstration event, which
indicates that this event is representative of the most of the features for
all events. All SMs have a high NSE of 0.90 or above for volume and
discharge except for SMsteady,4+UH with a NSE of 0.86 for volume. For
the aggregated surcharge only SMsteady,4,div performs well with a NSE of
0.84. Both mean and median are computed for PEP. The overall per-
formance of volume and discharge is again better than for surcharging
and again SMsteady,4,div performs the best. It is noticed that all SMs
underestimates volume (except SMsteady,4+UH) and discharge peaks.
PDIFF shows that the absolute difference in peaks are < 0.4m3/s for
Qout. For Qspill mean PDIFF up to -10m3/s are noticed, but the median is
typically much lower indicating some significant outliers. Only
SMsteady,4,div performs very well here with a mean PDIFF of 1.1 m3/s.
The mean peak time difference for Qout ranges from 11 to -0.21min
with SMsteady,4,div and SMsteady,4+UH with the smallest differences and
for Qspill from -11 down to -6.7min for SMsteady,4,div. CSI is 1 for all SMs
meaning that the SMs has captured all the surcharge peaks of DPM and
have no false positives. PEAD shows that all models except SMsteady,4,div

underestimate the accumulated surcharge while SMsteady,4,div over-
estimates it.

In conclusion, all the SM structures are able to sufficiently accurate

describe the behaviour of the DPM. It does not seem to make a big
difference if L is set to 4 or 20 vol-discharge parameter pairs, or whether
steady state or dynamical training data are used. When trying to de-
scribe the ambiguousness of the dynamic volume-discharge curves
shown in Fig. 6, subdividing the compartments further proved to give
the largest improvement. However, this increases the size and com-
plexity of the SMs, and since the other SMs yield reasonably accurate
results we proceed with the simplest of these models, SMsteady,4.

4.3. Spatial performance

The performance for all 13 compartments is illustrated in Fig. 7.
This shows (a) NSE for volume and discharge and (b) NSE for spilling
discharge. The arrows on Fig. 7(a) are scaled according to the magni-
tude of the mean discharge and their colour show the SM performance
for the discharges. Fig. 7(c-d) shows similar results for PEP.

Fig. 7 shows that the SM performs well with regard to volume and
discharge. The scaling of the arrows underlines that the SM performs
the best for the major (and most important) discharges through the
system. Furthermore, discharge performances for pure weir connections
(SM6-SM7, SM7-SM8) are very good indicating that the SM can easily
be applied for modelling CSOs. In Fig. 7 it is also clear that the SM has
most difficulties in emulating the spilling discharge. The highest PEP
values for the spilling discharge are found in compartments SM2, SM4,
SM6, SM8 and SM11. There are several reasons for this behaviour. First,
the topography of the area will have an impact as the area close to the
shoreline is less steep. These compartments will thus be more prone to
effects such as backwatering. Moreover, these shoreline compartments
function both as storage and transportation, while upstream compart-
ments with higher gradients only serve as transportation. Secondly, the
compartments holding the highest PEP values are also some of the
compartments with the smallest surcharge amounts. Table 3 shows the
size of the accumulated spilling discharge for all compartments relative
to the largest compartment, SM3. Compartments SM2, SM4, SM6, SM7,
SM8 and SM11 are together with SM13 the compartments with the
smallest accumulated spilling discharges. Thus the relative error will be
larger for these compartments. In Table 3 the Peak Difference is also
shown. These results underline that the PEP values by themselves do
not necessarily give a good indication of the SM performance as the
compartments with the highest PEP values do not have the highest
PDIFF values. The CSI for the spilling discharge is also provided in
Table 3. CSI values indicate that the SM is able to capture most peaks in
the system. For compartment 7 the SM have six false positives and SM8,
SM9 and SM13 all have one miss.

Table 2
NSE, mean and median PEP, PDIFF, PTDIFF, CSI and PEAD for the volume over time, S, the outgoing discharge over time, Qout, the spilling discharge over time, Qspill,
for compartment SM1 for the demonstration event from Figs. 5 and 6 and the total 3x15 validation events. Numbers in bold and underline have the best score and
numbers in bold italic the second best score.

Event All events

SMsteady,4 SMsteady,4 SMsteady,20 SMsteady,4,div SMsteady,4+UH SMdynamic,4

NSE [-] S 0.99 0.98 0.98 0.99 0.86 0.97
Qout 0.99 0.95 0.95 0.99 0.99 0.95
Qspill 0.55 0.33 0.35 0.84 0.33 0.32

PEP [%] S -4.2/-4.2 4.1/1.6 5.0/4.5 0.66/0.68 -16/-19 10/9.8
mean/median Qout -2.5/-2.5 7.6/4.3 5.6/2.4 5.8/4.3 7.4/4.3 7.3/6.4

Qspill 44/44 -2.1/24 -0.2/27 -1.6/-2.0 -2.1/23 -5.0/17
PDIFF [m3/s] mean/median Qout -0.37/-0.37 0.23/0.27 0.16/0.20 0.31/0.37 0.22/0.27 0.36/0.30

Qspill 6.0/6.0 -9.8/2.4 -9.3/2.7 1.1/-0.50 -9.8/2.4 -10/1.7
PTDIFF [min] mean/median Qout 18/18 10/13 11/13 -0.21/2.0 -0.28/2.0 8.8/13

Qspill -8.0/-8.0 -8.6/-6.0 -8.3/-6.0 -6.7/-2.0 -8.6/-6.0 -11/-6.0
CSI [-] Qspill 1.0 1.0 1.0 1.0 1.0 1.0
PEAD [%] Qout -0.39 -0.37 -0.57 1.9 -0.42 -0.14

Qspill 9.5 9.5 11 -9.7 9.5 7.4
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4.4. GLUE surrogate model evaluation

4.4.1. Defining prior distributions of surrogate model parameters
Fig. 8 shows the resulting dynamic volume-discharge curves for

compartments SM1, SM2, SM6 and SM8 for all validation events. Each
2min data point is coloured corresponding to the density of the vo-
lume-discharge points. The mean and standard deviation of the dis-
charge at varying volumes are also displayed. We have chosen to apply
L=4 vol-discharge parameter pairs as this number was found to be
sufficient for describing the shape of the volume-discharge curve.

A clear pattern is seen for all four compartments: The standard
deviation increases with the volume up to a certain point and then it
decreases again. The small standard deviations for the larger volumes
are due to capacity limitations in the drainage system. At one point the
maximum discharge capacity is reached and this limits the variation of
the discharge. Another clear pattern, which is observed for all four
compartments, is the skewed distribution around the mean.

The steady state points previously used for identifying the volume-
discharge parameter pairs in the SM are also shown. In all four com-
partments the steady state points are close to the and all within the
standard deviations. Vertical lines at the fixed volume parameters are
shown and the discharge distributions will be created at these cross-
sections. The further downstream, the larger the discharge is through
the compartment and these compartments therefore have a smaller
coefficient of variation. This observation is in agreement with the
findings in Section 4.2 when studying the behaviour for a given phy-
sical catchment, i.e. that the dynamics are simulated more accurately
when applying several SMs in series.

Histograms used for creating prior distributions for each of the four
discharge parameters at the fixed volume parameters are shown in
Fig. 9 for the four compartments for SM1, SM2, SM6 and SM8. Again it
is noticed that the sample size is much larger for the lower range and
that some of the discharge parameters overlap with their min and max
values.
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Fig. 7. NSE (fig. a-b) and PEP (fig. c-d) for all Elster Creek compartments for SMsteady,4. Figure a and c show values for the volume (colour within compartment) and
discharge between compartments (colours in arrows). Figure b and d shows values for the discharge to the surface from each compartment.

Table 3
Relative size of the spilling discharge in relation to SM3 for all compartments and their PDIFF and CSI values.

Compartment SM1 SM2 SM3 SM4 SM5 SM6 SM7 SM8 SM9 SM10 SM11 SM12 SM13

Relative size Acc Qspill [%] 32 16 100 8.3 34 12 0.07 5.1 41 38 5.2 24 4.0
PDIFF [m3/s] mean -9.8 3.8 -0.37 2.8 -2.1 5.9 -5.9 1.8 3.3 -3.2 2.1 3.1 0.88
CSI [-] 1.0 1.0 1.0 1.0 1.0 1.0 0.82 0.97 0.97 1.0 1.0 1.0 0.97
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4.4.2. Performance of surrogate model realizations
The simulation results for SM1 from 500 SM realizations created

using sampling method 1 are shown in Fig. 10. The prediction bands are
wider for the volume than the discharge. Some of the SM realizations
take much longer to empty the compartments which results in extended
tails for the volume plot. The DPM is within the SM band most of the
time. However for the discharge and the spilling discharge the SMs
appear to be too soon and too late, respectively.

Similar resulting model simulations for the SM realizations for SM1
with sampling method 2 can be seen in the supplementary material in
Figure S.1. The main difference between the results are that when using
sampling method 2 the realizations are not intersecting due to the sorting
of the parameters. This results in slightly larger bands and less flex-
ibility, indicating that the choice of sampling method does not have a
major role to play within a simple upstream compartment.

Additional simulation results for the SM realizations for discharge
and spilling discharges for compartments SM1, SM2, SM4 and SM8 can
be seen in the Supplementary material in Figures S.2-S.3 and S.4-S.5 for
sampling method 1 and 2, respectively. As we move downstream in the
system, the difference between the two sampling methods becomes
larger in two ways: Sampling method 2 gets a wider band of models
downstream for discharge compared to sampling method 1 as expected
due to the discharge parameter correlation. However, sampling method 1
results in a larger band of models for the spilling discharge downstream
than sampling method 2. This might seem surprising as the motivation
behind using sampling method 2 was to create the largest model span.
The narrow bands for the spilling discharge is because the largest
spilling discharge for a compartment is obtained when the water is held
back in the given compartment, i.e. low discharge parameters, while
discharge(s) to the given compartment from upstream compartments
are high, i.e. high discharge parameters. Such a constellation of para-
meters between compartments is not possible for sampling method 2

since all parameters within and between the compartments are corre-
lated. Therefore we actually get the largest band of models for the
spilling discharge when allowing parameters to vary freely as in sam-
pling method 1 for the downstream compartments.

To further investigate the influence of the discharge parameters, the
four different discharge parameters are plotted with their resulting
error in dotty plots. First the discharge parameters from sampling
method 1 are plotted with the limits of acceptability from Table 1 for
compartment SM1 in Fig. 11.

For RTC the limits of acceptability for NSE for both volume and
discharge and PEP for volume appear to accept most of the SM reali-
zations with NSE for the volume being the strictest requirement. For
warning limits all models, except for very few models in PEP for spilling
discharge, appear to be accepted. For planning limits the PEAD for the
spilling discharge is the strictest requirement.

For the entire discharge parameter spectrum there appears to be an
upper limit for the performance for NSE for Qout and Qspil and PTDIFF
for Qout preventing a perfect error score. All other measures show close
to perfect fits somewhere in their range of parameters. This is a result of
the model structure and not the parameter ranges. As also seen in
Fig. 10 none of the SM realizations excel in capturing the behaviour of
DPM results for spilling discharge regardless of the discharge para-
meters. Thus to improve these, the model structure would have to be
improved as described in Section 4.2.

Taking a closer look on each of the four discharge parameters, for
discharge parameter 1 the NSE plots show an optimum of∼2–3m3/s
for volume and discharge, while for spilling discharge the opposite
pattern is seen. For PEP for discharge parameter 1 a ”V” shape for the
volume is seen peaking at∼3m3/s, the opposite shape is seen for the
discharge while the spilling discharge appears more random. For
PTDIFF the lower parameter ranges result in the smallest errors while it
for PEAD appears to be the upper range. For discharge parameter 2 and

(a)  (b) 

Density 
[a.u.] 

(c) (d) 

            DPM results, steady state points, o mean value, T standard deviation  
Volume parameter 1,      Volume parameter 2,      Volume parameter 3,      Volume parameter 4

Fig. 8. Volume-discharge curves generated with rain presented in Section 3.3.1 for four compartments: (a) SM1, (b) SM2, (c) SM6 and (d) SM8. The volume-
discharge points from the DPM are marked with a colour corresponding to the density of points and connected with lines. The steady state points are given as well as
the mean and standard deviation. The fixed volume parameters used are shown with vertical lines.
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3 a trend towards the higher values is obtained in NSE, PEP and PEAD.
Discharge parameter 4 does not show an optimal range of values as low
errors are present in the entire parameter spectrum. This is also the
discharge parameter with the smallest range.

For the discharge parameters from sampling method 2 similar dotty
plots are shown in Fig. 12. Since the sampling is done systematically,
the four plots for the four discharge parameters will be the same when
regarding the percentiles. Instead we show dotty plots for four com-
partments: SM1, SM2, SM6 and SM8. Here the same pattern for SM1 is
observed as in Fig. 12. However, as a result of the sampling method, the
SM realizations are now much more bound. This is reflected in the
graph as one model realization with a specific discharge parameter
cannot have different error measures for that same discharge para-
meter, and therefore the patterns become much clearer.

It is seen that especially the PEP limit for Qspill for the warning ap-
plications reject all models in SM6. As discussed earlier, this error
measure might be too strict on these compartments, due to their low
surface discharge amounts. No model realizations in the entire para-
meter range can meet this criterion. It might be that these compart-
ments are highly governed by the larger upstream compartment.
Compartment SM8, however, appears to be more sensitive to the dis-
charge parameters, but this compartment also fails for the PTDIFF cri-
terion for warning with SM2 and SM6.

Results for SMsteady,4 are also shown to evaluate the volume-dis-
charge parameter pairs found using the steady state method. It is seen
that the SMsteady,4 is mostly in the good range of the plot indicating that
this method for finding volume-discharge parameter pairs is decent.

4.4.3. Rejection of non-behavioural models
Table 1 shows number of accepted models for compartment SM1 for

each of the three applications and for each of the limits of acceptability
within each application for both sampling methods. For RTC the re-
stricting limit is NSE for volume which yields an overall acceptance of
437 and 417 models for method 1 and 2 respectively. For warning, all
models are accepted for all limits except PEP for spilling discharge
which gives an overall acceptance of 496 and 486 models for method 1
and 2, respectively. For planning, again all models are accept for all
other limits than PEAD for spilling discharge, which yields a number of
386 and 343 accepted models for sampling method 1 and 2, respectively.
The warning application has the highest number of accepted models for
compartment 1 while planning has the lowest number of accepted
models. Generally, fewer models are accepted with sampling method 2
than sampling method 1 for the upstream compartment.

Fig. 13 shows the number of accepted models for all compartments
in the catchment for the two sampling methods. The red colour in-
dicates than none of the 500 model realizations are accepted. Since
most compartments are connected to more than one compartment and
the acceptance and rejection of SMs depend on the performance of
discharge between the compartments, only the largest connection is
considered if there are multiple connections. As expected, the down-
stream compartments along the shore get none to very few accepted
models due to severe backwater effects in this part of the catchment.
The RTC always have accepted models for all compartments. For the
planning applications downstream compartments near the shore have
few to none accepted models. The difference between the two sampling
methods becomes more apparent as we move downstream. Sampling

(a) (b) 

(c) (d) 

 Discharge parameter 1,  Discharge parameter 2,  Discharge parameter 3,  Discharge 
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Fig. 9. Histograms for creating prior distributions for the discharge parameters for each of the four compartments: (a) SM1, (b) SM2, (c) SM6 and (d) SM8.
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method 2 generally results in fewer accepted models than sampling
method 1, primarily because spilling is not modelled with sufficient
accuracy. If the specific planning purpose was to dimension a down-
stream structure such as e.g. a treatment plant, one could choose to not
include spilling in the conditioning, in which case there would be
plenty of accepted models. If the low number of accepted models is not
satisfactory different model formulations could be explored, including
even simpler models where the compartments dominated by backwater
is merged with their upstream compartments to avoid highlighting the
problematic hydraulic features that may not be important in the actual
use of the model.

4.4.4. Prediction uncertainty for applications
Fig. 14 shows the discharge prediction uncertainty bands for the

same demonstration event as shown in Fig. 5 and onwards for the three
applications with sampling method 1 for the four compartments SM1,
SM2, SM6 and SM8. There are models accepted for all three applica-
tions in SM1, and hereafter only for planning and RTC as also seen in
Fig. 13. For SM1 the warning band is the widest, while for SM2, SM6
and SM8, RTC has the widest band with close to all models accepted. It
is noticed that the planning application have the best fit around the
DPM, but that all accepted applications bands capture the behaviour of
the DPM. Furthermore it is observed that all accepted application bands
are within the ± 23% DPM uncertainty bands visible in Fig. 5. In the
Supplementary material in Figure S.7, the same figure can be seen for
sampling method 2. Only for SM1 the bands are narrower, otherwise the
bands are similar or wider. Figure S.6 and S.8 in the supplementary
material shows the spilling discharge for the four compartments for

sampling method 1 and 2, respectively. Here it is seen that the bands
from sampling method 1 has a better coverage of the DPM than the
narrower bands from sampling method 2.

The prediction bands for the three applications are similar upstream
for both the three applications and the two sampling methods.
Downstream, the prediction bands differ for both applications and
sampling methods. The large differences between the different appli-
cations are due to the fact that some of the applications are conditioned
on spilling discharge which is difficult to model in downstream back-
water-prone areas. Overall sampling method 2 results in larger model
bands downstream for discharge than sampling method 1. The bands for
spilling discharge are in contrary to the discharge bands wider for
sampling method 1 due to the correlation of discharge parameters be-
tween compartments in sampling method 2. We would have expected the
largest overall model span with sampling method 2 but the correlation
of discharge parameters between the compartments hindered maximum
variation of the spilling discharge. Hence, in this regard sampling method
1 proved to be the best option with the largest span of models for the
spilling discharge indicating that both the internal parameter con-
stellation in a compartment and the parameter constellation between
compartments need to be considered. However, the numbers of ac-
cepted models for each sampling method did not differ substantially
due to the strict limit of acceptability for spilling.

5. Discussion

In recent years fit-for-purpose models in urban drainage modelling
has received increased attention. Three issues are prohibiting

— DPM,              SMsample,4

Fig. 10. Results for the DPM and the SM with 500 model realizations using sampling method 1 for the volume over time, S, the outgoing discharge over time, Qout
and spilling discharge over time, Qspill for compartment SM1.
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widespread application. First, no strict formal guidelines are found on
how to evaluate models and thus many different performance measures
are found throughout literature varying from statistical measures as
NSE, RMSE etc. to visual inspection, e.g. (Vanrolleghem et al., 2009;
Wolfs et al., 2013). Secondly, the applications of the models are often
not included in the choice of these error measures. Finally, no limits are
set for the different error measures to differentiate between acceptable
models and rejected models. All this means that it has been challenging
to develop limits of acceptability for the GLUE analysis both in terms of
selection of indicators, the applications and the actual limits of

acceptability. These have thus only been made roughly for the three
applications without further details on e.g. lead time, and input data
quality and uncertainty. Such factors may have a large influence on the
model criteria and these might vary greatly for different case study
areas and projects. The SMs will have limitations for all three appli-
cations areas, as the model criteria do not cover all possible sub-ap-
plications. Hence, when modelling e.g. areas highly influenced by
backwater, pollutant transport, velocity etc. other more suitable models
should be applied. For RTC, the SMs can be applied for static control as
the model is able to model flow gates, pumps etc. However, when
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Fig. 11. NSE, PEP, PTDIFF, PEAD and CSI values as functions of density of discharge parameters 1, 2, 3, 4, respectively, for sampling method 1 with limits of
acceptability for the three applications from Table 1. The top 3x4 figures show NSE for the volume, discharge and spilling discharge. The next 3x4 figures similarly
show the PEP values. The next 2x4 figures show the PTDIFF values for the discharge and spilling discharge. The next 2x4 figures show the PEAD values similarly. The
final 1x4 figures show the CSI values for spilling discharge. It should be noted that the y-axis for the same error measures might vary for visual ability.
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implementing the control this might cause backwatering and affect
upstream compartments. In these situations, these compartments will
either have to be recalibrated for the given control strategy or to cali-
brate and employ several SM structures to accommodate for different
control strategies. For warning, the model criterion of peak spilling
discharge might be changed to a measure that is more easily interpreted
like flood volume. For planning, specific criteria for CSOs will be es-
sential for combined sewer systems.

In many cases an iterative approach is needed to set up a SM given
constraints of acceptability and important locations in the system, i.e.
the reverse work flow than we have applied in identifying a suitable
model structure. A key component in the work flow should be to choose
the right compartment resolution with respect to the applications and
desired outcome. A simple approach will be to choose only the points of
interest as boundaries between compartments and supplement with
compartments to describe key disruptors (e.g. division of flows) and
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Fig. 12. NSE, PEP, PTDIFF, PEAD and CSI values as functions of density of percentile discharge parameters for compartments SM1, SM2, SM6, SM8 respectively, for
sampling method 2 with limits of acceptability for the three applications from Table 1. The top 3x4 figures show NSE for the volume, discharge and spilling discharge.
The next 3x4 figures similarly show the PEP values. The next 2x4 figures show the PTDIFF values for the discharge and spilling discharge. The next 2x4 figures show
the PEAD values similarly. The final 1x4 figures show the CSI values for spilling discharge. It should be noted that the y-axis for the same error measures might vary
for visual ability.
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where a better description of complex flow patterns can be obtained by
using a finer compartment resolution. Currently the SM only models the
aggregated surcharge from each compartment, with no information on
the spatial distribution of these flows to the surface within the given
compartment. To achieve more detailed spatial information, the com-
partment sizes may be reduced or multiple connections to the surface
from each compartment can be used. On the contrary, for application
where only the downstream point is considered, we have shown that
the compartment resolution can be very coarse and still provide suffi-
ciently accurate discharges at the drainage outlet for most applications.
With the 13 compartments we have a good model for the overall state of
the drainage network of the considered domain, but as shown in
compartment SM1, if this was increased to e.g. 100 compartments we
would most likely have an even better model. Backwater effects re-
present a challenge, though, and most likely the best way to circumvent
it is to avoid a division into compartments where backwater effects
dominate the flows or include this in the SM structure. The process of
setting up the compartments and calibrating them is currently a manual
process. It does require time to examine and understand the network,
deciding on compartment shapes and sizes and reporting links crossing
the compartment boundaries. Once a suitable compartment design has
been obtained, the results of this paper show that the surrogate model
can be determined fairly easy and quick. We see a potential for auto-
matizing the workflow in the future.

We introduced two sampling methods to account for the short-
coming of using data from model-to-model rather than model-to-ob-
servations, i.e. to account for model biases as well as model uncertainty.
Although the difference between the sampling methods were visible,
especially downstream in the catchment, the overall impact on ac-
cepted models were smaller than expected and it is doubtful that this
procedure is sufficient to account for all the variation that is present in
actual measurement due to, e.g. spatial variation of rainfall within each
compartment.

Both the DPM and the SM introduce model errors. The high level of
details in the DPM does not necessarily reduce the model uncertainty, but it
prohibits us from exploring this uncertainty because of high computational
costs. Compared to the expected uncertainty of the DPM, the uncertainty
bands of the surrogate model are well within for the ranges of accepted
models. From these reflections one can argue that surrogate models can be
applicable for all three types of applications given that sufficient care is
taken in setting up the model to the catchment in question. Hence the
objectives of the modelling should always be taken into consideration to
compute tailor-made fit-for-purpose modelling, including the cost of setting
up the SM compared to using a HiFi model.

6. Conclusion

In this paper, lumped drainage surrogate models based on un-
ambiguous volume-discharge curves from an original HiFi 1D network
DPM are presented. The models are applied on the Elster Creek
Catchment in Melbourne, Australia, with varying training data and
model complexity. The key findings are:

• The proposed SMs are approximately six orders of magnitudes
faster than the original DPM when reducing the number of states
simulated by three orders of magnitude and the SM results are
within expected uncertainty bands of results obtained by the HiFi
DPM.
• The SMs are robust with respect to extraction of parameters, in-
dicating that choice of training data seems to be of minor im-
portance. The simplest SMs based on steady state training data
perform well. We therefore recommend the usage of steady state
data when training the SM.
• The results indicate that the most important factor is the compart-
ment resolution. The selection of compartment size should be de-
termined from the model objective as this is a trade-off between
accuracy, computational time, and time to set up the SM.
• The SM structure is limited in predicting spilling in flat areas with
backwater effects. In other areas the performance is sufficient. The
spilling discharge is lumped for the compartments so it does not
contain any spatial information on how the flows to the surface are
distributed within each compartment. For this, a finer compartment
resolution or multiple surface connections can be applied.
• GLUE demonstrates that the SMs can be tailored to all major types of
applications, e.g. RTC, warning and planning. Two sampling
methods are applied to compensate for the model-to-model un-
certainty. Upstream, different limits of acceptability result in similar
prediction uncertainty bands for the three applications. For down-
stream applications the differences are higher, but probably none of
the methods are able to cover the actual uncertainty when vali-
dating models against observations.

Despite their simplicity the presented SMs show great potential for
usage in urban drainage modelling for various applications. The SMs
proved to be within the overall uncertainty bands of the DPM sup-
porting their usage in urban drainage modelling when computational
demands of DPMs are prohibitive.

Fig. 13. Number of accepted models for
each of the three applications. Red colour
indicates that none of the 500 SMs were
accepted. First 1x3 figures shows the
number of accepted models using sampling
method 1 and final figures 1x3 shows the
number of accepted models using sampling
method 2. (For interpretation of the refer-
ences to colour in this figure legend, the
reader is referred to the web version of this
article.)
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Abstract 
Due to climate change and urbanization, urban flood modelling has become an increasingly 

important tool in assessing flooding and associated damage costs. However, large 

computational demands of state-of-the art hydrodynamic flood models makes multiple 

and real-time simulations unfeasible. This study presents a fast dynamic GIS-based flood 

model, FloodStroem. FloodStroem generates a surface network of depressions (bluespots) 

and flow paths, and routes surcharged water from a subsurface drainage model through 

the network resulting in flood depth maps and associated damage costs. FloodStroem is 

tested on three sub-catchments in Elster Creek Catchment, Melbourne, Australia and 

benchmarked to a 2D hydrodynamic model. FloodStroem is robust to the number of 

bluespots included. FloodStroem is able to reproduce flooding time, pattern, depth and 

damage costs sufficiently, but has a tendency to underestimate flooding upstream and 

overestimate flooding downstream. Performance is best for large, steep catchments and 

large storms, where FloodStroem performs better than two models recently reported in 

the literature, RUFIDAM and CA-ffé. The Critical Success Index (CSI) ranges from 23 % for a 

5-year storm event in a flat catchment to 65 % for a 100-year return period for a steeper 

catchment. The difference in damage costs between FloodStroem and the 2D model is 

smaller than between a 2D and a 1D-2D MIKE FLOOD model. With respect to simulation 

time, FloodStroem is five orders of magnitude faster than the 2D hydrodynamic model and 

33 times faster when including the entire model setup time, which has potential for further 

reduction by optimization of the workflow.  

Keywords: Flood Risk, Hydraulic modelling, Surrogate models, Computational time, 

Surface network 
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1 Introduction 
Urban pluvial flood risk is expected to increase in frequency and magnitude due to climate 

change and urbanization (IPCC, 2014; Zhou et al., 2012). To mitigate this risk, resilience of 

urban water infrastructure can be enhanced through implementation of various 

adaptation measures. To obtain an optimal adaptation strategy, flood models are used as 

an essential tool to evaluate current and future flood levels as well as the associated 

economic consequences.  

Urban pluvial flooding is often caused by exceedance of drainage capacity in the storm 

water sewer system leading to surcharging. From here water spreads across the terrain 

along preferential flow paths such as roads, pathways etc. to local depressions, often 

denoted bluespots. If the drainage capacity allows it, water will re-enter the drainage 

system where manhole inlets are present. This process, known as the dual-drainage 

concept (Djordjević et al., 2005, 1999), is modelled in many different ways in urban flood 

models. The most detailed description is the state-of-the-art hydrodynamic 1D-2D flood 

models, where a 1D drainage model is dynamically coupled to a 2D surface overland flow 

model. Examples of such models are MIKE FLOOD, SOBEK, XPSWMM and TUFLOW, which 

apply the shallow water equations (Teng et al., 2017).  

Flood models are commonly applied in strategic planning to test a range of climate and 

city-development scenarios, possibly with the implementation of different adaptation 

measures. This requires multiple scenario simulations and therefore, fast, and accurate 

flood models are required. Warning and control measures might also be implemented to 

reduce flooding costs, requiring flood models that are able to run faster than real time. 

However, current state-of-the-art 1D-2D hydrodynamic flood models, have large 

computational demands due to the high level of detail included (Teng et al., 2017). The 

high computational time makes this model type unfit for large areas, cases where multiple 

simulations are needed and/or where the time for running the simulation is limited. To 

cope with these limitations, many efforts have been made to reduce the computational 

time. As pointed out in Jamali et al. (2018) these include: (i) Optimized usage of 

computational resources: parallel processing, multicore simulations or external computing 

with remote computers or cloud computation (Burger et al., 2014; Glenis et al., 2013; Neal 

et al., 2010; Yu, 2010), (ii) Reduction of details included: reducing spatial and/or temporal 

resolution by using e.g. bigger simulation time steps, lower resolution of the topographic 

input data (Cook and Merwade, 2009; Fewtrell et al., 2008; Savage et al., 2016), or 

simplified model networks (Davidsen et al., 2017; Leitão et al., 2010).  (iii) Model 

simplification: using a simpler model structure complexity by e.g. neglecting model terms 
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(Bates et al., 2010; Fewtrell et al., 2011) or replacing the model with simpler flood 

spreading routines. The latter can be applied on a cell-by-cell level with cellular automata 

(Guidolin et al., 2016; Jamali et al., 2019), or between grouped areas e.g. local depressions 

and impact zones as applied in different rapid flood spreading methods (RFSMs) (Balstrøm 

and Crawford, 2018; Jamali et al., 2018; Maksimović et al., 2009).  

Reduction in computational time may be achieved by one or a combination of the above-

mentioned methods. Meanwhile, (i) might not be manageable for all model users, if 

computer resources are unavailable and therefore, (ii) or (iii) can be applied. For multiple 

fast simulations, the time reduction achieved with (ii) might be insufficient. Therefore, (iii) 

has gained a lot of attention. Current simple pluvial flood models are, however, typically 

static such as RUFIDAM and CA-ffé (Jamali et al., 2019, 2018). This means that they 

disregard the temporal evolution of flooding, only predicting maximum inundation depths 

snapshot, and with a unidirectional flow option from the drainage system to the surface. 

Including dynamics in a simplified model, we would expect a better representation of 

overland flow processes, which would lead to more accurate flood inundation modelling, 

while still ensuring a low computational time. Additionally, it provides the potential for bi-

directional flow exchange between underground and surfaces systems.  

In this study, we develop and validate a novel fast dynamic urban pluvial flood and damage 

assessment model denoted FloodStroem. FloodStroem is a surrogate mechanistic model, 

which therefore requires no calibration and provides a dynamic simulation environment 

producing the temporal evolution of flooding. We wish to investigate FloodStroem’s ability 

to emulate the overland flow processes, and hence this study applies a unidirectional input 

from surcharging manholes. FloodStroem is demonstrated by benchmarking its results to a 

hydrodynamic 2D MIKE 21 model as well as the simplified static flood models, RUFIDAM 

and CA-ffé presented in Jamali et al. (2019, 2018).  

2 Method 

2.1 FLOODSTROEM model description 

FloodStroem is divided into five sub-model components: M1-M5, see Figure 1. First, the 

surface flow network is generated from the terrain surface in M1. As most flooding in 

urban areas originates from surcharging of manholes, a 1D hydrodynamic model is used in 

M2 to simulate surcharge to the surface, whereby the inflow to the model is generated. In 

M3, the flow inputs from M2 are routed through the surface network computed in M1 by a 

mechanistic dynamic surrogate model. In M4, the flows and volumes from the model in 
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M3, are converted to 2D flood maps. In M5, damage calculations are made based on the 

flood maps from M4. FloodStroem is dependent only on catchment characteristics, not on 

output from a hydrodynamic model. Computer code for the entire FloodStroem workflow 

is available from Thrysøe (2020). The following sections provide a detailed description of 

each module. 

 

Figure 1: Model components for FloodStroem with modules M1-M5. 

2.1.1 M1: Generation of flow network 

The surface flow network is generated by the open source software Arc-Malstroem 

developed by Balstrøm and Crawford (2018) based on Esri’s ArcGIS Desktop 10.6. From a 

digital elevation model (DEM), this program identifies local watersheds for the local 

bluespots, their pour points and downstream flow paths. A pour point is defined as the 

point location where spill over from the bluespot occurs, when its capacity is exceeded. 

There is a built-in threshold (BSthreshold) option excluding bluespots below a certain 

volume and/or depth threshold to reduce the number of model elements. Figure 2(a) 

shows an example of an Arc-Malstroem output. For each bluespot a corresponding pour 

point is shown. From here, a flow path leads to the next downstream bluespot. The 

watersheds include any upstream flow paths to the bluespot as illustrated. Figure 2(c) 

shows a cross section of the two bluespots (BS) in series BSn and BSn+1. Arc-Malstroem has 

the limitation that it does not allow for multiple pour points and diverging flows as the 

data model is based on a so-called geometric network (in graph theory denoted an acyclic 

directed graph). Moreover, it does not consider the filling order of any sub-bluespots 

(small bluespots within a larger bluespot), like seen for e.g. BSn+1. Thus, these are simply 

merged into one large bluespot. 

When the Arc-Malstroem component is completed, additional flow paths from manholes 

are identified using ArcGIS Desktop as shown in Figure 2(b). The manhole locations are 

found from the drainage model and linked to the surface flow network. Hereafter Arc-

Malstroem is re-computed with artificial boundaries around each watershed of height, h, 



III - 5 

 

added to the DEM. This provides bluespot extents when the water level is h above the 

pour points as seen in Figure 2(b-c). This description allows water to accumulate above the 

pour point level causing the horizontal extent of the bluespot to expand within the 

watershed as seen in Figure 2(b-c).  

(a) (b) 

  
(c) 

 

              
Figure 2: Example of a surface network developed in M1. (a) Shows a surface network 

output from Arc-Malstroem with bluespots, pour points, flow paths and watersheds. (b) 

Shows the same network as in (a) but with added flow paths from manholes identified by 

ArcGIS Desktop, and extended bluespots identified by re-computing Arc-Malstroem with a 

watershed boundary of height h as illustrated in (c). (c) Shows a cross section of the two 

bluespots BSn and BSn+1, indicating that when the water level in a bluespot exceeds the pour 

point level, water can backwater into the watershed. Depth slices are created for water 

volume of each bluespot to describe its volume-depth-extent relationship and to visualize 

bluespot extents at different filled levels. 
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To describe the volume-depth-extent relationship of the extended bluespots, the bluespot 

depth raster is sliced into compartments of constant height as seen in Figure 2(c). Trying to 

eliminate errors from the volume along the fringes of the bluespot’s extent at various 

water levels, the volume is calculated as the bluespot’s horizontal extent at ½ the 

compartment height times the compartment height resulting in the marked volume areas. 

This information is used for determining the water level above a pour point at a given 

volume to calculate the discharge from a bluespot and for visualizing its extent at different 

filled levels, see Sections 2.1.3 and 2.1.4.  

2.1.2 M2: Simulation of 1D drainage model 

The 1D drainage network model applied in this study is the 1D hydrodynamic model MIKE 

URBAN (DHI, 2014a), which is comprised of a rainfall-runoff generation and a hydraulics 

engine component. First, the MIKE URBAN rainfall runoff generation simulates the 

hydrologic load serving as an input to the pipe network. Secondly, flow is simulated in the 

pipe network using 1D Saint-Venant equations. From the drainage network, water can 

surcharge to the surface, if capacity is exceeded. These surcharge hydrographs serve as an 

input to module M3 and are extracted from the results. In this process all manholes are set 

to “spilling”, which means that water can spill to the surface, but it cannot re-enter the 

drainage system. This setting is chosen over “ponding”, as it was found in Jamali et al. 

(2018) to be the most realistic representation. In principle this module may be exchanged 

with any other spatial generation of flows over the catchment. It could also be exchanged 

with a drainage surrogate model as described in Thrysøe et al. (2019), which would enable 

development of a model that could dynamically emulate a full 1D-2D model. We refrain 

from this in the current paper to focus on the ability of FloodStroem to emulate 2D 

overland flows.  

2.1.3 M3: Dynamic mechanistic modelling of surface flows 

The surcharge hydrographs from M2 are assigned to the flow network (Figure 2b). 

Volumes in watersheds are modelled by in- and outgoing discharges consisting of the 

spilling surcharge from M2 and upstream and downstream surface flows between the 

watersheds as shown in Figure 3. Water is moved instantaneously between watersheds. 

This means that as soon as water leaves a bluespot, it is accounted for in the volume of the 

downstream watershed. This also means that the transportation time between bluespots 

is disregarded, but the filling time of a bluespot remains included.  
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Qspill,n Spilling discharge from 

MU to the nth watershed 

Sn Storage volume in the nth 

watershed 

Qin,WS,n Discharge into the nth 

watershed from 

upstream watershed(s) 

Qout,WS,n Discharge from the nth 

watershed to 

downstream 

Figure 3: Conceptual model for routing of water within M3. 

The discharge from one watershed to another is calculated using volume-outflow curves. 

First, water levels above pour point level are derived from the slices shown in Figure 2(c) 

for a range of different volumes for each bluespot. Hereafter, corresponding discharges at 

the different water levels are found using the Kinematic Wave Equation, where the 

average slope of each flow path is extracted from ArcGIS and a global Manning roughness 

coefficient and assuming a fixed width. Resulting volume-discharge curves are saved in a 

parameter file used in the dynamic simulation. The model engine takes the input from M2 

and routes it through the watershed by means of piecewise linear interpolation of the 

volume-outflow curves. The model engine applied is presented in Borup et al. (2017) and 

Thrysøe et al. (2019). For access to the model engine’s source code see Borup (2018).  

2.1.4 M4: Conversion of mechanistic model results to 2D flood maps 

In this model component, the volume within each watershed and discharge along 

connecting flow paths found in M3 are translated into water depths in bluespots and flow 

paths as outlined below.  

Water level in bluespots 

As the bluespots are determined from a search for landscape depressions and their 

maximum extents when filled at capacity before spilling over (i.e. having reached their 

maximum volumes), it is necessary to estimate the individual bluespots' levels and reduced 

extents if they happen to be partly filled. For this, the water depth/volume/extent 

relationships created from the slices from Figure 2(c) is applied. The slice with the 

aggregated volume corresponding to the volume outcome from M3 is identified for each 

bluespot as the bluespot's horizontal extent at the specific filled level. Hereafter, the water 

level from the vertical datum is subtracted from the DEM to determine the water depth.  
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Flood propagation along flow paths 

The method for calculating water depths along flow paths is described in this section. First, 

discharges from module M3 are being calculated to the water level using the Kinematic 

Wave Equation. This is done every time flow paths merge either from bluespots or from 

manholes. The water levels are now used to identify the flood propagation along each flow 

path. This is carried out in the steps shown in Figure 4. In Figure 4(a) the original flow path 

containing information on the water level is smoothed and divided into smaller segments, 

and for each of them a buffer is created. If the flow path was not smoothened, overlaps 

and gaps will occur between the buffers. However, this still occurs at flow path junctions 

and sharp curves, and here mean values are applied at overlaps. At gaps, flooding is cut 

off. The buffer width is determined by the water level so a larger water level results in a 

wider buffer. The flow path segment's water level and mean terrain elevation values are 

added and transferred as attributes to the buffer. In Figure 4(b) this is subtracted from the 

filled DEM in the buffer area, not including potential flooding outside the buffer zone, 

which is cut off. In Figure 4(c) all adjacent flooded areas are connected, and flooded areas 

not connected to the flow path are eliminated.  

(a) (b) (c) 

   

Figure 4: Concepts of steps for computing flood propagation along flow paths. (a) the 

original flow path (full line) is smoothened (dashed line) and divided into a number of 

segments, for which buffers are created. Information on water level and average vertical 

elevation from the DEM is transferred from the flow path to the buffer. (b) illustrates how 

the water level from a point for the flow path is added to a buffer marked in (a) seen from a 

cross sectional view. (c) flooded areas not connected to the flow path are eliminated. 

2.1.5 M5: Damage assessment 

Flood damages are computed based on maximum flood depth maps. Table 1 shows the 

different thresholds and damage costs applied for the different structural elements within 

the catchments. The same approach and data were used in Jamali et al. (2018), so results 

are directly comparable. 



III - 9 

 

Table 1: Thresholds and damage costs for different structural elements. Damage costs from 

Olesen et al. (2017). 

Type Threshold [m] Damage [EUR] 

Residential buildings 0.1 13500 / building 

Commercial buildings 0.1 71150 / building 

Public buildings 0.1 62150 / building 

Roads 0.3 80 / m2 

2.2 Model testing and application 

2.2.1 Models used for comparison and benchmarking 

FloodStroem is benchmarked against the 2D hydrodynamic model, MIKE21 (DHI, 2016). 

MIKE21 is a surface flood model and in this study, it is computed similarly to FloodStroem, 

i.e. with input spilling surcharge from a 1D MIKE URBAN drainage model. The 1D-2D 

hydrodynamic model MIKE FLOOD (DHI, 2014b), which couples MIKE URBAN and MIKE21 

dynamically, is not used as benchmark model as we wish to compare pure surface 

computation. The hydrodynamic model will be considered “the truth” in this study, and all 

other models are benchmarked to its results. Note that Floodstroem is not calibrated to 

the results of the hydrodynamic model, which is only used for validation purposes.  

Table 2 shows an overview of all models compared in this study and their properties. 

Besides MIKE21 we compared to the simplified models: RUFIDAM and CA-ffé (Jamali et al., 

2019, 2018). Arc-Malstroem, RUFIDAM and FloodStroem are all considered 1D models as 

they route water along preferred pathways even though they are able to visualize 2D 

results and RUFIDAM can spill two multiple neighbouring watersheds, denoted impact 

zones in Jamali et al. (2018). MIKE FLOOD and MIKE21 both apply the full shallow water 

equations for modelling surface flows, while FloodStroem only applies a kinematic wave. 

Arc-Malstroem, RUFIDAM and CA-ffé does not consider conservation of momentum, only 

volume conservation. MIKE FLOOD, MIKE21 and CA-ffé contain a high number of model 

elements, whereas Arc-Malstroem, RUFIDAM and FloodStroem all apply watersheds as 

computational nodes, which upfront reduces computational time as the number of 

elements included in the model is substantially reduced. MIKE FLOOD is the only model 

including a dynamic exchange between the drainage system (1D) and the surface (2D), 

where the remaining models are pure surface models assuming a fixed inflow from the 1D 

model. The simplified models Arc-Malstroem, RUFIDAM and CA-ffé only consider total 

volume input, whereas the hydrodynamic models and FloodStroem consider a temporal 

dynamic input, thereby enabling simulation of the temporal evolution of the water levels. 

This means that FloodStroem is the only simplified model able to produce the temporal 
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dynamics of the water level as well as calculating maximum water levels in both bluespots 

and along flow paths. 

Table 2: Overview of the different models: Mike FLOOD, MIKE21, Arc-Malstroem, 

RUFIDAM, CA-ffé and FloodStroem presented and applied in this study. For more 

information on RUFIDAM, CA-ffé and Arc-Malstroem see (Balstrøm and Crawford, 2018; 

Jamali et al., 2019, 2018). 

  Benchmark models Simplified models 

  
MIKE 

FLOOD 
MIKE21 

Arc-

Malstroem 
RUFIDAM CA-ffé FloodStroem 

Dimension 1D-2D 2D 1D 1D 2D 1D 

Conservation of momentum 

on surface 
SW SW - - - KW 

Computational surface nodes Cells Cells WS WS* Cells WS 

Dynamic interaction between 

surface and subsurface 
Yes No No No No No** 

Required input T T  TotV TotV TotV T 

Surface model Outputs T WL cells 
T WL 

cells 
Max WL BS 

Max WL 

WS 

Max WL 

cells 

T WL WS and 

FP 

SW: Shallow water equations, KW: Kinematic wave, WS: Watershed, T: Temporal, TotV: Total 

Volume, WL = Water Level, BS: Bluespots, FP: Flow Paths 

*Referred to as impact zones in Jamali et al. (2018), **Conceptually possible 

2.2.2 Case study area 

FloodStroem is tested using three sub-catchments (SC), SC1, SC2, and SC3 (Figure 5), which 

were also applied in Jamali et al. (2018). All sub-catchments are located within the Elster 

Creek Catchment, Melbourne, Australia, which has been subject to frequent pluvial and 

tidal flooding. The area mainly consists of residential buildings including a small proportion 

of commercial and industrial buildings (Olesen et al., 2017). All three catchments differ in 

size and slope as seen in Figure 5. SC1 is the smallest of the three catchments covering an 

area of approximately 78 ha with an average surface slope of 4 %. The hydrodynamic 

model for this sub-catchment contains 189 manholes . SC2 is the largest catchment 

covering an area of approximately 987 ha with an average surface slope of 5 %. The 

hydrodynamic model contains 1329 manholes. SC3 covers an area of 760 ha with an 

average surface slope of 6 %. Even though the average slope of this sub-catchment is the 

highest, it contains the flattest area of the three sub-catchments in the area towards the 

shore and the hydrodynamic models indicate that there is substantial backwater effects in 

this sub-catchment. The hydrodynamic model for this sub-catchment contains 1228 

manholes. The hydrodynamic model for the entire area covering the sub-catchments is 
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discussed in detail in Davidsen et al. (2017). The terrain model is a raster with a resolution 

of 1 by 1 meter.  

 

 

Figure 5: Overview of three catchments SC1, SC2 and SC3 used for model testing. For more 

information see Jamali et al. (2018). 

2.2.3 Model input data and parameters 

Three Chicago Design Storms (CDS) rain events with the return periods (T) 5, 10 and 100 

years were used as input to FloodStroem in module M2 to test it against the benchmark 

models and the other simplified models presented in Table 2. The return periods are 

selected to cover different flood intensities and because they have been used previously 

for this catchment (Jamali et al., 2018).  

A global Manning roughness coefficient of 0.04 s/m1/3 and a fixed width of 10 m is applied 

for calculating the discharge from bluespots in all three sub-catchments. For the buffers 

described in Section 2.1.4, the buffer widths are set to 10, 30, 35, 50 and 100 m for water 

levels above 0.05, 0.19, 0.30, 0.60, and 0.85 m, respectively. These water levels were found 

by trial and error to cover most of the simulated FloodStroem flood results while avoiding 

significant overlapping at junctions. Buffers were created every third meter.  Besides a 

SC1 

SC2 SC3 
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volume threshold, a depth threshold of 0.1 meter is applied in computing Arc-Malstroem. 

The watershed border applied is set to 1 meter.  

2.2.4 Performance indicators 

Performance indicators are used to evaluate the simplified models both in terms of flood 

depth and damage costs. Four model performance indicators are selected from Bennett et 

al (2013) and shown in Equations (1-4). These include (1) Hit Rate (HR) (2) False Alarm Rate 

(FAR) (3) Critical Success Index (CSI) and (4) Root Mean Square Error (RMSE). A cell is set to 

flooded if water depth is more than 5 cm. This threshold is commonly used (Kaspersen and 

Halsnæs, 2017). Hit Rate represents the percentage of flooded cells that are flooded in 

both models. False Alarm Rate represents the percentage of cells flooded in the simplified 

model but dry in the benchmark model. HR ignores false alarms while FAR ignores misses. 

CSI combines HR and FAR as it includes both misses and false alarms, and is the percentage 

of cells correctly predicted by the simplified model. The indicators HR, FAR and CSI only 

focuses on the area of the flooding from the given flood threshold value and not flood 

depth accuracy. For this we include RMSE and only include cells flooded in both models.  

 
 

(1) 

 
 

(2) 

 
 

(3) 

 

 
(4) 

2.2.5 Determining optimal model resolution 

Six different model configurations are tested with varying number of bluespots included to 

find the optimal model resolution and examine FloodStroem’s sensitivity to number of 

bluespots included in the model.  

3 Results 

3.1 Computational time 

Computational time reported for FloodStroem and MIKE 21 is presented in Figure 6 for SC3 

for a CDS storm with a return period of T=100 years. For comparison, computational time 
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for MIKE FLOOD is also reported. The simulation time is divided into the different 

modelling steps: M1 Generation of flow network, M2 Simulation of 1D drainage model, M3 

Dynamic mechanistic modelling of surface flows, M4 Conversion of mechanistic model 

results to 2D flood maps and M5 damage assessment.  

 
Figure 6: Computational time for simulation of 8 hours and 20 minutes for a T=100 year 

rain event for sub-catchment SC3. (a) Total computational time for MIKE FLOOD (MF), 

MIKE21 (M21) and FloodStroem (F), (b) computational time for FloodStroem divided into 

the five model components. The percentage computational time for each model component 

of FloodStroem is given. 

The computational time for the two MIKE models consists of pure simulation time of the 

flows in the drainage system and on the surface. Hence, the setup of the models is not 

included. This is, however, included in the total computational time reported for 

FloodStroem, where it (M1) represents approximately 60% of the total computational 

time. This mainly consists of creating the volume-depth description of each bluespots as 

illustrated in Figure 2(c). This module only has to be executed once per catchment/model 

configuration. The drainage simulation and assigning the input to FloodStroem in step M2 

accounts for approximately 25% based on the needed simulation time of the 1D 

hydrodynamic drainage model. The surface simulation itself takes 0.1 second, saving and 

writing the results gives a total of 3 seconds. The time steps applied in the models are 1 

second for the MIKE models (to avoid numerical instabilities) and 1 minute for 

FloodStroem. For comparison, M3 was computed using a time step of 1 second, leading to 

a simulation time of 0.8 second. The conversion of mechanistic model results to 2D flood 

maps represents around 12%, mainly spend on creating the flow path flood propagation. 

The damage assessment takes approximately 1 minute to compute. Compared to MIKE21 

and MIKE FLOOD, FloodStroem is 33 and 60 times faster, respectively, when including the 

entire model setup. When only including the simulation time (M3), FloodStroem is five 
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orders of magnitude faster. For comparison, CA-ffé took 181 seconds for this sub-

catchment, excluding calibration, which took 28 minutes. RUFIDAM took approximately 10 

minutes to compute, excluding the surface network generation.   

3.3 Determining optimal model resolution  

FloodStroem is tested with six different model configurations using the volume thresholds: 

10, 20, 50, 150, 250, and 2500 m3, respectively. Figure 7 shows three out of six of the 

resulting surface network generated for SC2. All six can be found in the supplementary 

material Figure S.1.  

BS10 BS20 BS2500 

   

                                          Bluespot,       flow paths 
 

Figure 7: Different model configurations with varying number of bluespots with different 

BSTs. 254 bluespots with a threshold of 10 m3, 186 bluespots with a threshold of 20 m3, 12 

bluespots with a threshold of 2500 m3. 

As the number of bluespots decreases, the amount of water downstream is increased due 

to the removal of upstream storage capacity within the system and the water will also 

appear more quickly because of the instantaneous movement of water between 

bluespots. Hence, more water is being transported through the system leading to larger 

flooding in downstream areas. This is seen in Figure 8, where the maximum flood depths 

for model configurations BS20 and BS2500 are shown together with results from MIKE21. 

Maximum flood depths for the four other model configurations are found in 

supplementary material Figure S.3. 
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(a) (b) (c) 

 
 

  
 

Figure 8: Maximum water levels for sub-catchment SC2 with T=100 years rain event for (a) 

2D MIKE21 model (b) FloodStroem with 20 m3 bluespot threshold and (c) FloodStroem with 

2500 m3 bluespot threshold. 

Figure 9 show hit, miss, and false positive for all cells for the three setups BS10, BS20 and 

BS2500.  The remaining model configurations are found in supplementary material Figure 

S.4.  

Figure 9: Cell-by-cell hit, miss and false positive indicators for the three model 

configurations BSthreshold. (a) 254 bluespots with a threshold of 10 m3, (b) 186 bluespots 

with a threshold of 20 m3, (c) 12 bluespots with a threshold of 2500 m3. 

Again, it is seen that the removal of bluespots results in more flooding downstream and 

thus better coverage of all the flooding, but it also leads to many false positive cells 

(a) BS10 (b) BS20 (c) BS2500 

   

                                                 Hit          Miss         False positive    



III - 16 

 

downstream. With a BST of 10 m3, an area downstream northwest is also producing high 

water levels and many false positive cells. A small bluespot which is not included in the 

other setups are producing very high water levels because its filling/volume ratio is very 

large causing instabilities in the model when using a 1 minute time step. 

Performance indicators for the different model settings with the respective number of 

bluespots included in the model are shown in Figure 10. FloodStroem seems rather robust 

to the number of bluespots included in the model since most of the indicators vary only 

little over rather large variations of the number of bluespots. The best hit rate is found 

when only 12 bluespots are included in the model. However, looking at Figure 8-9(c) it is 

observed that the reason for the high hit rate score is caused by the lack of available 

storage upstream producing more flooding downstream, where it covers and thereby hits 

more flooded cells. Therefore, it also has the highest false alarm rate, as more cells are 

falsely flooded downstream. The lowest false alarm rate is obtained for the 186 bluespots, 

where also the lowest RMSE is found. RMSE is the only indicator that shows the magnitude 

of error, and it clearly indicates that the volume threshold should not exceed 150 m3, 

corresponding to 57 bluespots. Moving forward, we will apply a bluespot volume threshold 

of 20 m3.  

 
Figure 10: Performance indicator scores for different numbers of bluespots included for 

SC2, T=100 gained with BSthresholds of: 2500, 250, 150, 50, 20 and 10 m3. 

3.2 Flooding accuracy 

3.2.1 Surface flow networks 

Figure 11 shows surface networks generated for SC2 in M1. Figure 11(a) shows the surface 

networks with bluespots and flow paths in-between, Figure 11(b) shows the full network 
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including flow paths from manholes and Figure 11(c) shows the bluespots and the 

maximum extent of bluespots from the zoom in Figure 11(a).   

(a) (b) (c) 

   
                                  Bluespot,       flow paths,       Expanded bluespot 

Figure 11: Model setup generated in M1 for sub-catchment SC2. (a) shows bluespots with 

flow paths between bluespots, (b) is same as (a) but including flow paths from manholes 

bluespots and (c) shows bluespots and their maximum extents in the zoom presented in (a). 

3.2.2 Flood depth hydrographs 

To illustrate the ability of FloodStroem to model the temporal evolution of flooding and to 

visualize how temporal errors evolve through the system, three bluespot locations have 

been selected for flood depth hydrographs (see Figure 12). As water enters the bluespot, 

flood levels increase to above maximum storage capacity (see Figure 2) and hereafter, the 

flood levels decrease as the water continues downstream leaving only the volume in the 

bluespot that corresponds to the maximum storage capacity. The discrepancies between 

the two models are larger downstream than upstream, partly because water is moved 

instantaneously between bluespots in FloodStroem, while there is a transportation time in 

the surface network in MIKE21. This also causes the slightly higher and narrower peak 

observed with FloodStroem. However, the time delay is not large which indicate that the 

filling time of the sinks and temporal variation in the input data, which is included, is more 

important than the transportation time. The higher peak is also caused by the exclusion of 

bluespots below a certain volume threshold, where this water instead of being retained 

upstream, is transported though the system resulting in a higher volume of water 

downstream in FloodStroem compared to MIKE21. Moreover, the kinematic wave 

approximation excludes inertial terms, which are significant in high flow areas. Finally, 

errors accumulate through the system. The tail of the hydrographs for MIKE21 does not 

decrease to maximum storage capacity downstream due to downstream hydraulic 
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constraints causing backwatering from downstream bluespots. As downstream states do 

not influence the outflow from a given watershed in FloodStroem, this effect is not present 

in the water levels from FloodStroem.  

Hydrographs for the flow paths show wide variation in performance depending on the 

choice of cells and is in any case a post-calculation add-on as the hydrograph at any 

location is calculated based on average flow rates from the upstream bluespot. Hence, the 

performance of the accuracy of the flow paths are only reported as aggregated 

information on flow depths across the sub-catchments as discussed in section 3.2.4 even 

though it could in principle be calculated for all cells. 

 

Figure 12: Flood depth over time at three point locations shown in Figure 11 for MIKE21 

(M21) and FloodStroem (F). Pour point (PP) level is also shown. 

3.2.3 Maximum flood depth 

FloodStroem is able to reproduce the pattern and magnitude of the maximum flood depth. 

In general. it performs better for the steeper catchments and for the larger return periods. 

Figure 8 shows resulting maximum flood depths from MIKE21 (Figure 8a) and FloodStroem 

(Figure 8b) for sub-catchment SC2 for return period T=100 years. Flood maps for the 

remaining return periods and catchments can be seen in the supplementary material 

Figure S.5-S.7.  

3.2.4 Performance indicators 

Figure 13 shows cell-by-cell hit, miss and false positive indicators for a zoom of each sub-

catchment and return period.  Same figures for the full sub-catchments can be seen in the 

supplementary material Figure S.8.  
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Figure 13: Hit, miss and false positive indicators for return periods T=5, T=10 and T=100 for 

zoomed areas of the three sub-catchments SC1, SC2 and SC3. Figures for the full sub-

catchments can be found in the supplementary material Figure S.8. 

    Hit          Miss         False positive 
   



III - 20 

 

SC1 is the smallest catchment and FloodStroem is generally able to emulate the flood 

pattern from MIKE 21. The fit is better for SC2, while SC3 provides the poorest results due 

to the catchment characteristics. SC3 contains a large flat area with backwater effects and 

divergent flows, which the model structure of FloodStroem has difficulties capturing. This 

results in more flooding in the main flow paths and less flooding in-between these. The fit 

is generally better for the larger events as the storage volume of the discarded bluespots 

has a smaller impact relative to the total amount of flooding. The type of spatial errors is 

the same for all catchments and all return periods. FloodStroem has a tendency to 

underestimate flooding upstream and overestimate flooding downstream. The main cause 

is the neglected storage volume, which is disregarded when the volume threshold is 

applied. Hence, less water is retained upstream in the small bluespots, and more water is 

carried downstream along the surface network.  Moreover, as described in Section 3.2.2, 

the exclusion of inertial terms, accumulation of errors and disregarding transport time, 

may lead to larger peak levels downstream.  

Table 3 shows the performance indicators for FloodStroem compared to MIKE21 for the 

three catchments and three return periods. For comparison CSI values for RUFIDAM and 

CA-ffé are also presented.  

Table 3: Performance indicators for FloodStroem compared to MIKE21 for the three 

catchments and three return periods. CSI values for RUFIDAM and CA-ffé are also 

presented. 

    FloodStroem RUFIDAM CA-ffé 

Catchment RP RMSE [m] HR [%] FAR [%] CSI [%] CSI [%] 

SC1 

T5 0.10 62 52 37 32 43 

T10 0.09 67 43 45 38 44 

T100 0.10 68 24 56 42 50 

SC2 

T5 0.12 64 46 42 31 56 

T10 0.11 67 36 49 42 56 

T100 0.10 74 15 65 54 62 

SC3 

T5 0.33 62 73 23 23 42 

T10 0.31 64 65 29 32 42 

T100 0.25 59 38 43 41 45 

The results confirm the observations from Figure 13: The performance improves for the 

larger return period. and catchment SC2 performs best. This is because it is large and has 

relatively steep slopes (average 2.15 % for flow paths). Further, it is this catchment for 

which the bluespots’ threshold is optimized. SC1 performs second best, but would 
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probably perform better if the bluespot threshold was fitted for this catchment, as it is 

distinctively smaller than the two other catchments. FloodStroem did not perform as well 

in SC3 due to the flat catchment properties. When comparing CSI values for FloodStroem 

and the two simplified models, RUFIDAM and CA-ffé, it is seen that, FloodStroem generally 

outperforms RUFIDAM. For CA-ffé, FloodStroem scores better for the higher return periods 

for the steep catchments, while CA-ffé performs better for the flat areas and for the lower 

return periods.  

3.4 Flood damage costs 

Figure 14 shows the aggregated damage costs for FloodStroem, MIKE21 and MIKE FLOOD 

for the three sub-catchments and return periods.  As expected, the cost increases with the 

return period and the size of the catchment. Compared to MIKE21, FloodStroem is able to 

reproduce damage costs for all catchments and return periods quite accurately, except for 

SC3 for return periods T=5 and T10. This is also where the most different flooding results 

were obtained due to the flat catchment characteristics and low return periods. MIKE 

FLOOD cost damage results are also shown for comparison. For all catchments and return 

periods, MIKE FLOOD resulted in a lower damage cost because water can re-enter the 

drainage system causing less flooding, which is particularly important in the flat parts of 

catchment SC3. The differences between the damage costs obtained from FloodStroem 

and from MIKE21 in all cases were smaller than the difference between the two MIKE 

models, indicating a satisfactory performance of the ability of FloodStroem to calculate 

flood costs.  

 
Figure 14: Aggregated damage cost for the three different sub-catchments SC1, SC2 and 

SC3 and return periods for MIKE21 (M21), FloodStroem (F) and MIKE FLOOD (MF). 
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4 Discussion 
Benchmark model and performance indicators. In this study, we benchmark against a 

hydrodynamic model. However, we must expect large deviations between the 

hydrodynamic model and actual events due to input data errors, parameter errors, model 

structural errors etc. Using a model-to-model validation removes all these uncertainties in 

the evaluation of FloodStroem, whereby the errors due to the model simplification of 

FloodStroem can be examined. The study highlights that in some cases there are important 

discrepancies between FloodStroem and the hydrodynamic models. However, using the 

differences between the damage costs calculated by MIKE FLOOD and MIKE 21 as a crude 

measure of the model uncertainty, the performance of FloodStroem is satisfactory, i.e. 

within these uncertainty bounds. The performance of FloodStroem is primarily evaluated 

based on maximum flood depth maps, as this outcome is key in decision making for 

adaptation strategies and evaluating damage costs (Mustafa et al., 2018; Chen et al., 2016; 

Zhou, 2012). However, dynamic calculation of flood depths in bluespots is also possible as 

opposed to other similar models with the dynamic component. Discharges can also be 

extracted from the model, whereas velocities and flow levels in the flow paths have to be 

calculated from the discharges. Resulting cell-based performance indicators for maximum 

flood depth, as CSI, may seem low. However, the usage of this type of performance 

measure is very strict as it includes a binary threshold (flooded or not flooded) and does 

not consider double penalty (e.g. flooding shifted one cell). If Floodstroem results in a cell 

which is flooded to just below the threshold it will count as a miss and if FloodStroem 

shifts a flooded cell it will count as a miss and a false positive. Increasing cell size could 

improve FloodStroem results, otherwise a nearest neighbour search and a conditional 

threshold including an error range instead of fixed threshold could be considered fairer. 

For comparison between the three simple models this process cancels out, but for 

comparison between the simple and full model damage costs may be a better indicator of 

the model performance although the errors of underestimating upstream and 

overestimation downstream may cancel each other out. For evaluating the computational 

time, only parts of the modules need to be executed when doing multiple simulations of 

the same catchment. The most time-consuming module, M1, only needs to be executed 

once unless the surface topography changes. M1 would need to be executed once for 

every scenario where surface adaptation measures are tested. Further, the workflow for 

setting up the model has not been optimized time-wise. Optimizing this, could possibly 

reduce time for computing model steps M1 and M4 further. The simulation of the surface 

routing itself was the least time-consuming part, which shows great promise for applying 

this model set up for modelling multiple scenarios or large-scale flood modelling. 
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Balancing model resolution and flood calculation accuracy. FloodStroem was able to 

reproduce flooding time, pattern and depth sufficiently. However, FloodStroem generally 

underestimated flooding upstream and overestimated flooding downstream, mainly 

caused by the application of the volume threshold in M1 disregarding small bluespots and 

their storage capacity to avoid too many model elements and instabilities. To mitigate this, 

the volume of all small bluespots in contact with a flow path could be subtracted in M3 

and hereafter visualized in M4. This would lead to more flooding upstream in the small 

connected bluespots and less flooding downstream as less water is transported through 

the surface network. FloodStroem proved to be very robust to the number of bluespots 

included in the model, and hence this choice can be made based on level of detailed 

desired in the model. The optimal bluespot volume threshold of 20 m3 seemed to be 

relatively robust, but this may not be the case in other catchments and resolutions of the 

terrain model.  

Limitations, further research and applications. There are several limitations with 

FloodStroem. First, the surface network generated in M1 can be rigid and does not allow 

for flexibility such as multidirectional spilling and a dynamically changing network. 

Implementing these features would provide a more flexible surface network, which would 

improve results for the smaller return periods and flat areas such as SC3. Moreover, 

assumptions are made regarding a global Manning number, a global channel width, and 

rules for the width of flow path buffers based on water levels. These assumptions could be 

relaxed, but this would be at the expense of larger times for tuning the model manually. A 

greater potential is foreseen in further automation of the model setups. Finally, 

FloodStroem have the possibility of being expanded to include dynamic coupling to the 

drainage surface using a drainage surrogate model as outlined in e.g. Thrysøe et al. (2018). 

FloodStroem overall performs better than CA-ffé for the steeper catchment for high return 

periods. For the flat catchment, CA-ffé performs better. It has also previously been shown 

that this model type performs best for low-lying depression areas, whereas models 

containing a predefined surface network (such as FloodStroem and static RFSMs) performs 

worse in these areas (Jamali et al., 2019; Zhang and Pan, 2014). Therefore, for flat 

catchments, models such as CA-ffé should be considered, especially if the temporal 

dynamics are not important. By testing different sub-catchments and storm durations, we 

are confident that FloodStroem can be applied to other catchments with various rain 

input. FloodStroem can be applied for flood screening, for identifying areas prone to 

flooding and risk mapping by identifying areas with high damage costs. FloodStroem can 

be applied as a substitute for a hydrodynamic model in situations when computational 

time is prohibitive as e.g. for large catchments, when fast projections in real time is 
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required or when multiple simulations are required for e.g. testing different adaptation 

measures or climate change scenarios.  

5 Conclusion 
In this paper, a dynamic GIS based surface flood routing model, FloodStroem, is presented 

and applied to three sub-catchments of the Elster Creek Catchment in Melbourne, 

Australia with varying model configurations and rain events and benchmarked to the 

hydrodynamic flood model MIKE21. The key findings are: 

- FloodStroem is five orders of magnitude faster than the hydrodynamic model 

currently used to predict flooding in urban areas for the simulation itself and 33 

times faster when including the entire model setup time.  

- FloodStroem is able to emulate temporal evolution of flooding, maximum flood 

levels and extents and damage costs of a 2D hydrodynamic model.   

- FloodStroem generally underestimates flooding upstream and overestimates 

flooding downstream. It performs better for large steep catchments with large 

return periods.  

- Compared to two newly reported simplified static models, RUFIDAM and CA-ffé, 

FloodStroem outperforms RUFIDAM and it performs better than CA-ffé for steep 

catchments for large return periods. 

- FloodStroem is robust to the number of model elements included in the model. 

However, too few bluespots resulted in a drastic decrease in model performance 

due to volume errors, and too many resulted in a small decrease in performance 

due to instabilities.  

- The current model setup implies that there are limitations in realistic 

representations of diverging flows and the filling order of sub-bluespots and 

incorporation of dynamic interaction with the drainage system, which could be 

implemented to improve the model.  

- FloodStroem is suitable for flood inundation and damage estimation and in 

particular suitable for large study areas, when multiple simulations are required or 

fast projections in real time applications are needed.  
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Abstract 
The usage of current state-of-the art 1D-2D hydrodynamic flood models is limited due to 

their large computational demands making them unfit for both real time- and multi 

scenario-planning applications. To overcome this issue, we develop the coupled urban flood 

model, FloodStroem 1D-1D, which dynamically couples a drainage- and a surface surrogate 

model. FloodStroem 1D-1D has the advantage over other conceptual flood models that it 

models both the drainage and surface floodplain simultaneously, without the input of a 

hydrodynamic model. FloodStroem 1D-1D applies a fast model engine, which uses volume-

discharge curves to model in- and outgoing discharges of lumped areas denoted 

compartments. Flows from drainage compartments are estimated from steady-state 

hydrodynamic model results, whereas flows from the surface compartments are calculated 

as flows between bluespots using the Manning Equation without calibration. Surface flows 

interact with drainage compartments based on the Orifice Equation. FloodStroem 1D-1D is 

tested on three catchments in the Elster Creek area in Melbourne, Australia. Resulting 

volume and water depth hydrographs together with maximum water levels and associated 

performance indicators and damage costs, are compared to those of a coupled 1D-2D 

hydrodynamic model. FloodStroem reduced simulation times by five orders of magnitude 

and was able to emulate overall flooding- and damage costs patterns. Cell-by-cell scores 

showed lower performance than simple overland flow models with 1D hydrodynamic inputs 

due to small spatial deviations, whereas global scores showed better performance. Site-

specific parameters improved Critical Success Index from 46 to 51 %, which indicate that 

results could be further improved by calibration.  
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1 Introduction 
The International Panel on Climate Change (IPCC) projects that extreme precipitation events 

will increase in frequency and magnitude in the future causing increased risk of pluvial 

flooding in urban areas (IPCC, 2014). To mitigate this risk, there is a growing need for 

developing strategies for adaptation measures in flood-prone urban areas. To evaluate 

effects of different strategies under different climate/city development scenarios, flood 

modelling is an essential tool in the decision-making process. State-of-the-art flood models 

are the coupled hydrodynamic models, most of which simulates water in a one-dimensional 

drainage network, which is dynamically coupled to a two-dimensional floodplain. However, 

the usage of these models is prohibitive for large catchments and/or simulation speed is a 

critical requirement in real-time or scenario development applications (Löwe et al., 2018, 

2017; Webber, 2018).  

There are several methods for reducing computational time to overcome the limitations of 

the hydrodynamic models. Computational times may be reduced by utilizing large 

computational resources using cloud computation, parallel simulations etc. e.g. (Burger et 

al., 2014; Glenis et al., 2013; Neal et al., 2010). If this is not feasible, models can be simplified 

by their level of detail by using coarser time steps and/or spatial resolution of topographic 

data as examined in e.g. (Hunter et al., 2005; Savage et al., 2016) and simplifying the 

drainage network (Davidsen et al., 2017; Leitão et al., 2010). Alternatively, simplifications 

can be made to the model itself by replacing the hydrodynamic model with a cheaper-to-

run model or surrogate (Razavi et al., 2012).  

The abstraction level of such models vary from lower-fidelity physically based models, 

conceptual models to data-driven approaches. For lower fidelity physically based models, 

the hydrodynamic models are simplified by neglecting model terms from the full 

hydrodynamic model (shallow water equations) to either the inertial, diffusive or kinematic 

wave  e.g. (Bates et al., 2010; Leandro et al., 2014; Martins et al., 2017; Neal et al., 2012). At 

the other end of the spectrum, data-driven models include no physical parameters and 

applies available information about the system to emulate an output from a given input by 

e.g. applying artificial neural networks (Loke et al., 1997; Wolfs and Willems, 2014; Yazdi and 

Salehi Neyshabouri, 2014). Conceptual models are the middle abstraction level, which still 

contains some physical parameters, but most often needs calibration to either 

measurements or the hydrodynamic model. For modelling flows in the urban drainage 

system conceptual models can be divided into the following groups: virtual-tanks models, 

Nash models, Muskingum models and integrator delay-models (García et al., 2015), most of 

which contains a set of lumped parameters linking the outflow of a lumped area to the 
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storage and perhaps inflow to the network (Wolfs and Willems, 2017). Similar methods can 

applied for modelling surface flooding (Balstrøm and Crawford, 2018). A group of models 

denoted Rapid Flood Spreading Models (RFSM) groups the floodplain into watersheds 

denoted impact zones, which interacts with each other using various methods (Balstrøm and 

Crawford, 2018; Bernini and Franchini, 2013; Jamali et al., 2018; Lhomme et al., 2009).  

As mentioned above, numerous different variations of conceptual models exists for 

modelling flows subsurface and on the surface. However, few coupled conceptual models 

are available for urban pluvial flood modelling (Jamali et al., 2018). The few existing coupled 

models are mostly statically coupled and include the hydrodynamic model as a sub-model 

e.g. in (Jamali et al., 2019, 2018; Thrysøe et al., 2019). Here a hydrodynamic drainage 

network models serve as an input to the conceptual model and dynamic interaction 

between the models is thus not possible. Hence, inlet of water back to the drainage network 

is not included, which will trap water on the surface and lead to overestimation of flooding 

especially for smaller storm intensities.  

In this study, we develop and apply a fast dynamic coupled pluvial flood model denoted 1D-

1D FloodStroem, which dynamically couples a surrogate drainage model with a surface flood 

model with dynamic bi-directional interactions between the drainage system and surface 

floodplain. The two submodels are described in Thrysøe et al. (2019, n.d.). We benchmark 

the model to the 1D-2D hydrodynamic model, MIKE FLOOD and furthermore compare 

results to those from a statically coupled hydrodynamic model and surrogate models. The 

key novelties of this approach are: 

 Full dynamical features of all events suitable for both planning and real time 

applications 

 Simplified setup based on physical characteristics whereby calibration of the 

surrogate model is simplified 

 Simulation speeds increase several orders of magnitude compared to both 1D-2D 

simulations and 1D-1D using shallow water equations/St Venant equations 

 Results can be post-processed to detailed spatially distributed hazard maps allowing 

flood risk calculations with good accuracy and direct comparison to more detailed 

hazard models  
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2 Method 

2.1 Model description 

FloodStroem 1D-1D dynamically couples the drainage surrogate model presented in 

(Thrysøe et al., 2019) and the surface GIS based flood model, FloodStroem, presented in 

(Thrysøe et al., n.d.). Both models lump areas into compartments, in which the volume of 

water is modelled by in- and outflow. The following sections present the compartment 

definition as well as a description of determining drainage-, surface and coupled flows.  

2.1.1 Modelling of a compartment 

Both the drainage- and surface model lumps areas into compartments, in which volume of 

water is modelled by a mass balance by in- and outgoing discharges. The volume in 

compartment 𝑚 is calculated by:  

 
∆𝑆𝑚

∆𝑡
= 𝑄m,in + ∑ 𝑄𝑚,𝑘

𝑁in

𝑘

− ∑ 𝑄𝑚,𝑧

𝑁out

𝑧

 (1) 

Where 
∆𝑆𝑚

∆𝑡
 is the change in volume at each time step, 𝑄m,in is the external input and 

∑ 𝑄𝑚,𝑘
𝑁in
𝑘  and ∑ 𝑄𝑚,𝑧

𝑁out
𝑧  are flows from- and to connected compartments, respectively. 

Outflows from compartments (in any direction) are defined by a set of piecewise linear 

volume-discharge curves covering the range [0, Smax] as seen in Figure 1.  

 
          steady state points         Piecewise linear segments  O volume-discharge parameter pairs. 

Figure 1: Governing volume-discharge curve by piecewise linear functions between volume-

discharge parameters pairs. Figure modified from (Thrysøe et al., 2019). 

The drainage surrogate model lumps the distributed drainage network of a hydrodynamic 

model into compartments as illustrated in Figure 2b. The compartment resolution is defined 

manually. Each drainage compartment can receive water from multiple upstream drainage 

compartments and likewise discharge to multiple drainage compartments. Moreover, a 
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drainage compartment can surcharge to the surface. Considering Equation 1, model input, 

𝑄m,in, is the rainfall runoff discharge.  

The surface surrogate model routes water dynamically in a surface network consisting of 

bluespots and flow paths, where the watersheds act as compartment delineations as seen 

in Figure 2a. The surface compartment network is generated from the software Arc-

Malstroem (Balstrøm and Crawford, 2018) and expanded to include dynamic routing of 

surcharge from manholes and visualization of flood propagation along flow paths and water 

levels in bluespots. A surface compartment can receive water from multiple upstream 

compartments, but in the current setup only discharge to a single downstream surface 

compartment. Considering Equation 1, 𝑄m,in, is the surcharge from the drainage network, 

𝑄m,k are the inflows from upstream bluespots, 𝑄𝑚,𝑧 is the outflow to the downstream 

bluespot and flows back into the drainage network.  

The drainage compartment (Figure 2a) and the surface compartments (Figure 2b) are 

coupled as illustrated in Figure 2c, which shows a schematic overview of the coupled 

compartment network. The volumes in the drainage compartments, DC, and surface 

compartments, SC, are denoted as follows: 

 SD,m: Storage volume in drainage compartment m  

 SS,n: Storage volume in surface compartment n  

The discharge functions between the compartments are denoted as: 

 QD m, D m+1: Discharges from drainage compartment m to drainage compartment m+1 

 QD m, S n: Flow from drainage compartment m to surface compartment n 

 QS n, D m: Flow from surface compartment n to drainage compartment m 

 QS n, T: Flow between surface compartments n and transport compartment 

 QT, S n+1: Flow between transport compartment and surface compartment n+1 

Water enters the coupled model in the drainage compartments as rainfall runoff, Qr. The 

drainage compartments can discharge and receive water to and from multiple downstream 

and upstream compartments, QD,D. A surface compartment can only discharge water to a 

single downstream compartment and receive from multiple upstream compartments, QS,S. 

If transportation time of a flow path is longer than 2 minutes, a transportation compartment 

is included as described in Section 2.1.4. The drainage and surface networks are coupled by 

two opposite flows: QD,S from drainage to surface and QS,D from surface to drainage. For all 

compartment types, the flows are a function of volume within the compartment and not 

any surrounding compartment states. Figure 2d illustrates the cross sectional profile 
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showing the delineation of the drainage compartments in the drainage network and the 

surface compartment on the terrain.  

(a) (c) 

 

 

(b) 

 
(d) 

 
Figure 2: Conceptual illustration of FloodStroem 1D-1D compartment delineation for small 

area: (a) division of surface compartments i.e. watersheds and corresponding bluespots, 

pour points and flow path. (b) division of drainage network into compartments. (c) Schematic 

overview of compartment network from (a). Flow indices are provided for black flow lines. T 
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dots indicate transport compartments. (d) cross section of the two surface compartments 

SCn and SCn+1 and drainage compartments DCm and DCm+1.  

2.1.2 Estimation of drainage flows 

The discharges and surcharges from each compartment are governed by piecewise-linear 

volume-discharge and volume-surcharge curves as illustrated in Figure 1. Volume-discharge 

parameter pairs for the drainage compartments are obtained by means of calibration 

against a steady-state simulation in the hydrodynamic drainage model MIKE URBAN. Further 

details, including an application of the drainage model in a GLUE framework can be found in 

(Thrysøe et al., 2019).  

2.1.3 Estimation of surface flows 

When the discharge to a bluespot exceeds the discharge from a bluespot water will start to 

accumulate within the bluespot. When the water level exceeds the pour point level, i.e. the 

point of where the bluespots starts to spill over from, water will begin to discharge to the 

downstream bluespot. Governing volume-discharge curves are generated from a volume-

depth-discharge description for each bluespot from a GIS analysis. The water level above 

pour point level is then applied to find the discharge from the Manning Equation:  

 
𝑄 = 𝐴𝑀 (

1

4
𝐷)

2/3

𝐽1/2  (1) 

Where A is the cross sectional area, M is the Manning coefficient, D is the hydraulic radius 

and J is the friction slope. The number of bluespots i.e. number of surface compartments 

are determined from a bluespot volume threshold level when generating the surface 

network. example of a surface compartment delineation can be seen in Figure 2a. The 

surface model applied is presented in (Thrysøe et al., n.d.).  

Adding transportation time to surface flows. When examining resulting volume distributions 

(see section 3.2) it became clear that the model emptied the surface network too quickly 

compared to the hydrodynamic model. To account for this, transportation compartments 

are implemented in between bluespots as illustrated in Figure 2c to account for 

transportation time. The transportation compartments also apply volume-discharge curves. 

These are generated from the Manning Equation (Eq. 1) based on the length of the flow path 

from upstream pour point to downstream bluespot and the average slope along the flow 

path. It is assumed that surface flows predominantly follow the streets. It is furthermore 

assumed that if the water level at some point supersedes the side curbs, water will spread 

to the surroundings rather than result in an increasing flow through the street. Accordingly, 

the flow out of a transportation compartment increases for higher volumes according to the 
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Manning formula (Equation 1) until the volume in the compartment corresponds to a water 

level equal to the side curb height. Hereafter the flow is kept at the maximum value. This 

principle is shown in Figure 3, where two volumes, S1 and S2, are considered. S1 volume is 

spread along the transport corridor and corresponds to a water level that does not reach 

curb depth limit. Whereas, S2 reaches above. The blue volume indicates the water level with 

a fixed width, whereas the red volume is the volume, which spreads above the curb level 

and distributes horizontally. To account for this small increase in water level, the curb depth 

parameter fixes the volume at the orange curb level. These transport compartments are 

marked with ‘T’ in Figure 2c. To avoid instabilities in the model, the transport compartments 

are only included when the transportation time is larger than 2 minutes.  

(a) (b) 

  
Figure 3: Conceptual illustration of transportation compartment and curb depth. (a) 

Conceptual transportation corridor with different volumes and corresponding volume 

discharge points on volume-discharge curve generated with Manning Equation in (b). 

2.1.4 Coupling of drainage and surface flows 

For setting up the coupled model the flows between the surface and drainage network 

needs to be estimated. 

Estimation of flows from drainage compartments to surface compartments. QD,S is estimated 

from spilling discharges from MIKE URBAN as in (Thrysøe et al., 2019). MIKE URBAN is 

computed with a staircase rain, where each step is long enough for the system to reach 

steady state. Steady-state volume in the drainage system and spilling rates are then 

extracted and converted to volume-discharge curves. Manholes are linked to surface 

compartments by their locations in a specific watershed. Subsequently, all spilling discharges 

from manholes that are located in the same drainage compartment and linked to the same 

surface compartment are lumped to a single volume-discharge relationship.  

For generation of flood depth maps water depths along flow paths from manholes also 

needs to be generated. In (Thrysøe et al., n.d.) spilling surcharges were taken directly from 
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MIKE URBAN and converted into water depths by means of the Manning Equation. To avoid 

including all connections to every single manhole in the surface compartments, the 

surcharges are lumped for connections between the same drainage and surface 

compartment. Hence, the discharges from each manhole cannot be directly extracted. 

Instead, a fixed percentage volume distribution is applied within each watershed. This is 

calculated based on a rather extreme loading where most of the manholes will be spilling 

(e.g. a 100 year event) and using the observed discharges to calculate a fixed distribution 

between the manholes within a compartment to be used regardless of the actual loading.  

Estimation of flows from surface compartments to drainage compartments. QS,D is estimated 

from a GIS analysis and the orifice equation in the following steps:  

(i) Localization of manholes within a bluespot. In this step, manholes located within a 

bluespot are identified and extracted. Manholes that are not located within the actual 

bluespot are ignored, and we thus assume that substantial flows from the surface to the 

drainage network only occur inside bluespots. This is illustrated in Figure 2d, where 

manholes outside of the bluespots are marked with red crosses.   

(ii) Computation of QD,S from orifice equation for each manhole. Discharges as functions of 

the water level above each manhole are computed based on the diameter of each manhole 

using the orifice equation (Eq. 2). This step is equivalent to the implementation in MIKE 

FLOOD. 

 𝑄𝑆,𝐷 = ℎ𝑠𝐶𝐷Am√2𝑔(ℎ𝑠) (2) 

QS,D is the flow from floodplain surface floodplain to the drainage network, hs is the water 

level on the surface, CD is the discharge coefficient and Am is the cross-sectional area of 

manhole (DHI, 2014). Resulting discharges for all manholes within a given surface 

compartment is shown in Figure 4a.  

(iii) Determine lag water level. In this step, a GIS analysis is performed to identify the vertical 

distances between the lowest point of the bluespot to the manhole ground levels within 

each watershed. When water level reaches this vertical distance, the manhole will be 

“activated” and start discharging to the drainage network. This vertical limit is shown in 

Figure 1c. For SCn+1 three manholes are present within the bluespot and these are activated 

at three different water levels illustrated with colours. The lagged discharges are shown in 

Figure 4b. 
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(iv) Translate water levels to volumes. A relationship between water level and volume inside 

each individual bluespot is created by slicing the bluespots into a number of slices as shown 

in (Thrysøe et al., n.d.). Resulting volume-discharge curves for each manhole is shown in 

Figure 4c. 

(v) Merge volume-discharge data for all manholes located within the same bluespot and the 

same drainage compartment. The merged data are then used to calculate QS,D as seen in 

Figure 4d.  

(a) (b) 

  
(c) (d) 

  
Figure 4: Steps for training discharge from surface network in to drainage network, QS,D: (a) 

generate discharge for each manhole from orifice equations as function of water level above 

manhole, (b) Displace based on vertical distance from bluespot base level to manhole, (c) 

translate water levels into volumes and (d) merge volume-discharge data for each surface-

drainage compartment connection.  

2.2 Model testing and application 

2.2.1 Models used for comparison and benchmarking 

FloodStroem 1D-1D is benchmarked against the coupled 1D-2D hydrodynamic model, MIKE 

FLOOD. This type of model is widely applied in practice and a simplified modelling approach 

needs to demonstrate similar modelling capabilities. Neither modelling approach represents 

reality, but both can be calibrated to observations of flooding if these are available. It should 

be noted that FloodStroem 1D-1D is not calibrated to the results of MIKE FLOOD. Instead, 
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QD,D and QD,S in FloodStroem 1D-1D is estimated from steady-state discharges of MIKE 

URBAN, whereas QS,S and QS,D is estimated from physical characteristics of the catchment.   

Table 1 provides an overview of coupled models used for comparison in this study and their 

properties. MIKE FLOOD is the main benchmark model, but we also compare results to the 

hydrodynamic model MIKE 21, which consists of the same model components as MIKE 

FLOOD; the drainage network model MIKE URBAN and the surface model MIKE 21, but it is 

static and not dynamically coupled. Similarly, the simplified models, RUFIDAM, CA-ffé and 

FloodStroem are statically coupled models using surcharge inputs generated from MIKE 

URBAN as input to the surface models. 1D-1D FloodStroem is the only simplified model, 

which contains a simplified model for both the drainage network and surface flooding 

modelling. Thus, it is the only model, which does not contain a hydrodynamic model 

component. This allows for dynamic coupling of subsurface and surface flows, which 

otherwise is only included in the hydrodynamic model, MIKE FLOOD.  

Table 1: Properties of models used for comparison in this study. SM* is the drainage 

surrogate model applied in (Thrysøe et al., n.d.). 

 Benchmark models Simplified models 

 
MIKE 

FLOOD 
MIKE 21 RUFIDAM CA-ffé FloodStroem 

1D-1D 
FloodStroem 

Drainage model 
MIKE 

URBAN 
MIKE 

URBAN 
MIKE 

URBAN 
MIKE 

URBAN 
MIKE 

URBAN 
SM* 

Surface model MIKE 21 MIKE 21 RUFIDAM CA-ffé FloodStroem 
1D-1D 

FloodStroem 
Dynamic 
interaction 
between surface 
and subsurface 

Yes No No No No Yes 

2.2.2 Case study area 

FloodStroem 1D-1D is tested on three sub-catchments (SubCs), SubC1, SubC2, and SubC3 

(see Figure 5). These catchments are used because they have been used to test the above 

simplified models and hence allow for a direct comparison of the performance (strengths as 

well as weaknesses) of each modelling concept. The SubCs are located within the Elster 

Creek Catchment in Melbourne, Australia. The area mainly consists of residential buildings 

including a smaller amount of commercial and industrial buildings. The catchment has been 

subject to frequent pluvial and tidal flooding (Olesen et al., 2017). All the selected SubCs 

differ in size and slope. SubC1 covers an area of 78 ha, which is the smallest of the three 

SubCs. It has an average slope of 4 % and the MIKE FLOOD model contains 189 manholes. 

SubC2, the largest of the three SubCs, covers an area of 987 ha, has an average surface slope 



IV - 12 
 

of 5 % and the MIKE FLOOD model contains 1329 manholes. SubC3 is sized in between the 

two other SubCs with a size of 760 ha. It has the largest average slope of 6 %, it still contains 

the flattest areas of the SubCs with slopes down to 0.2 % for flow paths and the MIKE FLOOD 

simulations indicate substantial backwater effects. The model contains 1228 manholes. The 

MIKE FLOOD model covering the entire Elster Creek Catchment is presented in detail in 

(Davidsen et al., 2017). The resolution of the digital terrain model applied is 1 by 1 meter.  

 

 
Figure 5: Overview of three sub-catchment: SubC1, SubC2 and SubC3. Blue boxes indicate 

drainage compartments. 

2.2.3 Model input data and parameters 

For testing 1D-1D FloodStroem three Chicago Design Storms (CDS) with return periods (T) 5, 

10 and 100 years were applied. These rain events were selected as they cover different flood 

intensities and have been used in previous studies for the same catchment (Jamali et al., 

2018; Thrysøe et al., n.d.).  

Model parameters applied in 1D-1D FloodStroem are provided in Table 2. The Manning 

roughness coefficient for surface water flows is the same as the one applied in MIKE FLOOD. 

The road width (applied in the Manning formula for calculating discharges on surface) is 

found in GIS as the average road width. The bluespot threshold (BST, used to filter out small 

SubC1 

SubC2 SubC3 
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bluespots when creating the surface water flow network) is also the same as in  (Thrysøe et 

al., n.d.). Discharge coefficient and cross-sectional area for calculating QS,D using the orifice 

equations are extracted from MIKE FLOOD. The curb depth is selected by examining the 

digital elevation model for SubC1 and by fitting volume distribution results for SubC1.  

Table 2: Model parameters for 1D-1D FloodStroem for the Elster Creek Catchments 

Parameter Value From 

Manning roughness 0.04 s/m1/3 MIKE FLOOD 

Road width 10 m 
General width determined by average 
road width in all SubCs 

Curb depth 7.5 cm. 
Estimated from digital elevation 
model and volume hydrograph for 
SubC1 

Bluespot threshold 
Volume 20 m3,            
water depth 0.1 m 

Found in (Thrysøe et al., n.d.) to be 
optimal threshold value.  

Discharge coefficient, CD 1 MIKE FLOOD 
Cross-sectional area of 
manhole, Am  

- 
Extracted from MIKE FLOOD for each 
individual manhole 

2.2.4 Performance indicators 

Table 3 presents the performance indicators (PIs) applied to evaluate the performance of 

1D-1D FloodStroem. Hit Rate (HR), False Alarm Rate (FAR) and the Critical Success Index (CSI) 

are all binary measures used to evaluate maximum flood depth extents. They do not 

consider the magnitude of the flooding, but only if a cell is correctly flooded (> 5 cm) or left 

dry (< 5 cm). HR is the percentage of cells flooded in both models, whereas FAR is the 

percentage of cells flooded in 1D-1D FloodStroem and not MIKE FLOOD. HR ignores false 

alarms while FAR ignores misses. CSI combines the two, as the percentage of correctly 

predicted cells in FloodStroem.  Root Mean Square Error (RMSE) is also applied on the 

maximum flood depth to evaluate the flood magnitude. RMSE is further applied to measure 

deviations between time series for volume in drainage compartments and discharges in 

between them, as well as for water levels in bluespots on the surface. Nash-Sutcliffe 

Efficiency (NSE) is used to evaluate the fit of the flow hydrographs from 1D-1D FloodStroem. 

Finally, to evaluate the flow peaks the Percent Error in Peak (PEP) and Peak Difference 

(PDIFF) is used. As the indicators for maximum flood depth is cell based we also include total 

number of flooded cells and maximum volume within each watershed.  
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Table 3: Performance indicators applied for evaluating 1D-1D FloodStroem. 

 Indicator Formula Optimal 
M

ax
 F

lo
o

d
 m

ap
 Hit Rate [%] 𝐻𝑅 =  

Hits

Hits + Misses
⋅ 100 100 

False Alarm Rate [%] 𝐹𝐴𝑅 =  
False alarms

Hits + False alarms
⋅ 100 0 

Critical Success Index 
[%] 

𝐶𝑆𝐼 =  
Hits

Hits + Misses + False alarms
⋅ 100 

100 

Root Mean Square 
Error [m] 𝑅𝑀𝑆𝐸 = √∑ (𝑌𝑖

𝐶 − 𝑌𝑖
𝑇)

2𝑛
𝑖=1

𝑛
 0 

Su
b

su
rf

ac
e 

an
d

 s
u

rf
ac

e 
h

yd
ro

gr
ap

h
s 

Nash-Sutcliff Efficiency 
[-] 

𝑁𝑆𝐸 = 1 − [
∑ (𝑌𝑖

𝐶 − 𝑌𝑖
𝑇)

2𝑛
𝑖=1

∑ (𝑌𝑖
𝐶 − 𝑌𝑚𝑒𝑎𝑛

𝑇 )
2𝑛

𝑖=1

] 1 

Percent Error in Peak 
[%] 

𝑃𝐸𝑃 =  
max(𝑌𝑖

𝑇) − max (𝑌𝑖
𝐶)

max (𝑌𝑖
𝑇)

⋅ 100 0 

Peak Difference [m3] / 
[m3/s] 

𝑃𝐷𝐼𝐹𝐹 = max(𝑌𝑖
𝑇) − max (𝑌𝑖

𝐶) 0 

3 Results 

3.1 Computational time 

Computational times for all three SubCs are reduced by five orders of magnitude with 1D-

1D FloodStroem compared to the 1D-2D simulation. The model set-up (when auomatized) 

requires in the order of 1 hour for the drainage compartments (including computation of 

steady state results from MIKE URBAN)  and 1 ½ hours for the surface compartments.  

3.2 Volume distribution 

Figure 6 shows the distribution of water over time between the drainage network, surface 

floodplain and their outlets for all three SubCs for a CDS rain with return period T = 100 

years. Patterns are similar for the smaller return periods with a smaller amount of water on 

the floodplain. Generally, FloodStroem 1D-1D is able to emulate the distribution of water in 

MIKE FLOOD. The drainage volumes are very similar for all three SubCs. However, the 

surface volumes differ slightly.   

 SubC1 SubC2 SubC3 
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Figure 6: Volume distribution for 1D-1D FloodStroem (F 1D-1D) and MIKE FLOOD (MF) 

between the drainage system, surface floodplain, and their outlets for the three 

subcatchments for T = 100 years. 

For SubC1, the surface volume peak is well captured, but the peak is broader for 

FloodStroem 1D-1D. The tail for MIKE FLOOD is thicker as more water is present after the 

simulation in depressions as “dead volumes”, i.e. bodies of water not connected to draining 

feature (manhole or flow paths). This volume is not present in the end of the FloodStroem 

1D-1D simulation since (i) water is only routed in bluespots larger than BST and no diverging 

flows are included, so smaller volumes of water within a watershed are all routed to the 

main bluespots, where it is connected the drainage network. (ii) Inlet manholes to the 

drainage network are merged as described in Section 2.1.4. This merge results in more water 

being let back into the drainage network. As seen in Figure 2d for bluespot SCn+1, 

FloodStroem 1D-1D will drain the entire bluespot to the orange level, when in reality the 

upstream sub-bluespot will only be drained to the green level.  

The surface volume for SubC2, on the other hand, differs greatly and the tail for FloodStroem 

1D-1D is much thicker than the one from MIKE FLOOD, which indicates that too much water 

is being held back in the surface network. This may be due to a too low curb depth level, 

which restricts the surface discharges. Similar to SubC1, the surface volume hydrograph 

produced by FloodStroem 1D-1D in SubC3 is flatter than for MIKE FLOOD. Finally, it can be 

noticed that the two models have different total end volumes. This is because the partial 

differential equations solver in MIKE FLOOD generates water to avoid numerical issues. This 

difference is larger for SubC2 and SubC3 as these SubCs are larger than SubC1.  
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3.3 Flooding accuracy 

3.3.1 Surface flood distribution 

Figure 7 shows the maximum surface volume distribution obtained within the different 

watersheds (compartments) for MIKE FLOOD and FloodStroem 1D-1D for all three SubCs 

and return periods. For SubC1, the volume of water is generally overestimated for the 

smaller return periods due to errors in the surcharge from the drainage surrogate model 

from the percentage distribution and the lack of distributed inlet drainage along flow pahts. 

For SubC2, the smaller return periods generally fit well, but there is a slight underestimation 

for the large return period. This may be linked to the effect seen in Figure 6 where too much 

water is beeing held back due to the restricting curb depth, leading to smaller discharges 

and hence smaller water levels. For SubC3, the smaller return periods are again 

overestimated. This might be a result of lack of distributed inlet drainage. SubC3 contains a 

large flat area wich is dominated by divergent flows. As this is not possible in the 1D-1D 

FloodStroem model structure, we would except this catchment to perform the worst as also 

seen in (Thrysøe et al., n.d.).  

Figure 7: Maximum volume distribution within each watershed for MIKE FLOOD (MF) and 

FloodStroem 1D-1D (F 1D-1D) for the three return periods (T) 100, 10 and 5 years and 

SubCs. 

The effect of retaining water is also visible when comparing flood depth hydrographs for 

SubC1 and SubC2 for downstream bluespots (Figure 8). For SubC1, the water level fit well, 

whereas for SubC2 the water level is underestimated due to limits on the upstream 

discharges.  

  

 SubC1 SubC2 SubC3 
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SubC1 SubC2 

 
___ FloodStroem 1D-1D, ___ MIKE FLOOD 

Figure 8: Water depth hydrographs for downstream bluespots in SubC1 and SubC2 for 

return period T = 100 years.  

3.3.2 Maximum flood depth 

Maximum flood depth maps for SubC1 and SubC2 for return periods of 5 and 100 years are 

shown in Figure 9. For the smaller return periods, the distribution of water differs slightly, 

due to errors in surcharge and lack of distributed inlet drainage, but the overall pattern and 

amount of flooded water is captured for SubC2. For SubC1 the amount of water appears to 

be overestimated. For the largest return period, it is very clear that FloodStroem 1D-1D 

underestimates maximum water levels for especially SubC2 as also seen in Figure 7 and 8.  
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Figure 9: Maximum flood depth maps for 1D-1D FloodStroem (top) and MIKE FLOOD 

(bottom). For three return periods T = 5 and 100 years for SubC1 and SubC2. 

Table 4 shows the corresponding performance indicators for the maximum flood depths. 

The scores are compared to the results obtained with the statically coupled model 

FloodStroem (MIKE URBAN input to a pure surface surrogate model excluding inlets back 

into the drainage network) and the RFSM model RUFIDAM from (Jamali et al., 2018). When 

applying the pure coupled surrogate model FloodStroem 1D-1D rather than FloodStroem, 

which applies input from a hydrodynamic model, the results overall slightly improves. 

Exceptions are seen for SubC1, where the importance of the exact inputs dominates as the 

catchment and scale of flooding is rather small compared to size of drainage compartments. 

The other exception is seen for SubC2 for return period T = 100 years, where we have 

previously obtained large differences, probably due to the restricting curb depth. The scores 

of the surrogate model are lower than those of RUFIDAM for two reasons. (1) RUFIDAM, 

model parameters are calibrated to the results of the MIKE FLOOD model applying these 

scores, which is done in neither of the surrogate models and (2) direct input from the 

hydrodynamic drainage models are provided, which has a large impact on cell-by-cell scores.  

Table 4: Performance indicators for the three SubCs for the three return periods for 

maximum flood depth. HR: Hit rate, FAR: False Alarm Rate, CSI: Critical Success Index, 

RMSE: Root Mean Square Error. Results compared to FloodStroem from (Thrysøe et al., 

n.d.) and RUFIDAM from (Jamali et al., 2018).  

            F* RUFIDAM** 

Catchment RP RMSE HR FAR CSI CSI 

SubC1 T5 0.13 63 88 12 16 54 

 T10 0.14 72 78 21 28 52 

  T100 0.11 63 26 52 55 55 

SubC2 T5 0.1 39 52 28 24 45 

 T10 0.11 45 55 29 28 46 

  T100 0.15 54 24 46 / 51*** 60 49 

SubC3 T5 0.35 53 85 14 12 38 

 T10 0.33 54 80 17 16 41 

  T100 0.29 51 52 33 32 43 

 FloodStroem from (Thrysøe et al., n.d.) results benchmarked to MIKE FLOOD  

** RUFIDAM scores extracted from (Jamali et al., 2018).   

*** Score obtained when removing curb depth parameter (Section 3.4) 
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3.3.3 Flood damage costs 

Associated damage costs for the three catchments for the three return periods are shown 

in Figure 10. The damage costs are compared to the damage costs generated with from 

statically coupled models FloodStroem and MIKE 21. FloodStroem 1D-1D generally captures 

the flood cost pattern of MIKE FLOOD and, in most cases the costs generated from 

FloodStroem 1D-1D results are closer to those of MIKE FLOOD than for the statically coupled 

models. Again, results for SubC2 for return period T = 100 years, underestimates the flooding 

and therefore the damage costs.  

SubC1 SubC2 SubC3 

   
Figure 10: Damage costs for the three SubCs for the three return periods for the 

dynamically coupled models FloodStroem 1D-1D (F 1D-1D) and MIKE FLOOD (MF) and the 

statically coupled models: FloodStroem (F) and MIKE 21 (M21). The orange sqare are the 

damage results when the curb depth limit is removed (See Section 3.4).  

3.4 Improving performance  
The curb depth parameter is only fitted to the volume distribution results for SubC1. 

However, this parameter value might not be valid for SubC2 as both volume distributions 

and water levels indicate that the parameter is set too low. The parameter limits the 

discharge through the surface network and hence might underestimate the water levels and 

damage costs. SubC1 is the smallest catchment, and for the larger catchments, water might 

rise above curb level downstream to such a degree that the water level and hence discharge, 

increases significantly over this limit. To test this, we removed the curb depth for SubC2. 

This influenced the results for the 100 years return period but not for the smaller return 

periods, as the discharges did not reach this threshold curb level. Figure 11a shows the 

resulting maximum flood depth for return period T = 100 years and Figure 11b shows the 

aggregated maximum flood volume. Maximum flood depth now fits much better to the 

results of MIKE FLOOD seen in Figure 9. Aggregated maximum flood volume now also fits 
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better to MIKE FLOOD as seen in Figure 11b. Moreover, the damage costs improved as seen 

in Figure 10 and CSI improved from 46 to 51 %.  

 

 
Figure 11: (a) maximum flood depth for SubC2 for T = 100 years without curb depth. (b): 

Aggregated maximum surface volume for MIKE FLOOD (MF), MIKE 21 (M21), FloodStroem 

(F), FloodStroem 1D-1D (F 1D-1D) and FloodStroem 1D-1D with no curb depth (F 1D-1D no 

c).  

4 Discussion 
Performance evaluation. FloodStroem 1D-1D is evaluated by examining overall volume 

distributions, flood level hydrographs, and maximum flood levels and corresponding 

performance indicators and damage costs. Volume distributions from MIKE FLOOD all 

showed larger residual surface volumes than FloodStroem 1D-1D. This volume is located in 

depressions, which are not connected to a draining manhole or flow path. As the inlet 

drainage is merged in FloodStroem 1D-1D less water is present here post simulation. 

FloodStroem 1D-1D will eventually drain everything above the lowest manhole in a bluespot, 

including all sub-bluespot in the given bluespot. E.g. in Figure 1c where FloodStroem 1D-1D 

will drain everything above the orange mark for bluespot SCn+1 and MIKE FLOOD will not 

drain above the green line in the first sub-bluespot. Moreover, MIKE FLOOD also distributes 

more water on the surface due to divergent flows and includes smaller bluespots, which is 

excluded in FloodStroem 1D-1D with the bluespot threshold filter. Finally, no water is left in 

the flow paths in FloodStroem 1D-1D as all water is routed to the downstream bluespot. 

FloodStroem 1D-1D could be fitted to include these “dead volumes”. However, MIKE FLOOD 

is also not fully distributed and some of these dead volumes are likely to be drained in reality.  

  

(a) (b) 
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Flood volume distributions, hydrographs and maximum flood maps generally showed a good 

agreement between FloodStroem 1D-1D and the hydrodynamic MIKE FLOOD model. 

However, the cell-by-cell performance indicators showed lower scores for FloodStroem 1D-

1D than for the statically coupled models FloodStroem and RUFIDAM, most likely because 

these models receive the direct distributed input from the hydrodynamic drainage models. 

The cell-by-cell scores will punish small spatial differences because e.g. a shift of surcharge 

to the neighbouring manhole might result in 0 % hit, 100 % miss and 100 % false positive. 

The percentage distribution in each watershed is also based on the maximum discharge 

distribution for the largest return period, which means that this distribution might differ for 

the smaller return periods. This combined with the lower amount of flooding and the nature 

of the cell-by-cell indicators, naturally reduces the scores for the smaller return periods. For 

the higher return periods, the inlets play a smaller role as the drainage capacity is full and 

since the results of RUFIDAM is calibrated to those of MIKE FLOOD and that the 

hydrodynamic model provides a direct input to RUFIDAM, it is unrealistic to achieve the 

same score levels. Switching from cell-by-cell scores to local scores as e.g. damage costs 

improve the performance of FloodStroem 1D-1D. These scores might be more fair as the 

cell-based scores punish hard for small spatial deviations.  

Improvements. The results from SubC2 indicate that the coupled model can be improved by 

a more careful consideration of site appropriate parameters and/or calibration. This could 

be done for the curb depth as shown, but also by including parameters such as the Manning 

roughness coefficient, inlet discharge merging, road width etc. as tuning variables. A way to 

improve results for the smaller return period is to improve the percentage distribution to be 

depending on the surcharge amount rather than just the maximum discharge. Moreover, 

the surcharge could be improved by increasing the compartment resolution for the drainage 

compartments (Thrysøe et al., 2019). However, this would require smaller time steps to 

avoid instabilities, which would increase computational time. Improvements could also be 

made to the model structure by e.g. including manholes along flow paths, divergent flows 

in the surface structure and altering the model engine to include surrounding states when 

calculating flows out of a given compartment. The latter would enable inclusion of 

backwatering in the drainage network and improve the drainage inlet by considering the 

available capacity in the drainage network.  This might also help reducing instabilities in the 

exchange flows allowing for a finer drainage compartment resolution and hence a better 

surcharge description.  

Application and limitations. As opposed to existing conceptual flood models, FloodStroem 

1D-1D has the advantage that it does not require a hydrodynamic model to compute a 
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simulation, as it is a pure conceptual coupled model. Hence, it is faster and more flexible 

allowing for fast and multiple simulations. This could be useful for both real time applications 

and/or for large catchments when multiple fast simulations are required e.g. for multi 

scenario planning. In its current format it should mainly be applied comparative as further 

testing and improvements are required. It should not be applied for flat areas dominated by 

backwater effects.  

5 Conclusion 
The pure conceptual coupled model, FloodStroem 1D-1D, was developed and tested on 

three sub-catchments in the Elster Creek Catchment in Australia. The model couples the 

drainage- and surface surrogate models developed in (Thrysøe et al., 2019) and (Thrysøe et 

al., n.d.) eliminating completely the need for a hydrodynamic model in simulations, which 

most other flood model rely on for conducting simulations. The model was evaluated based 

on volume distributions, hydrographs, maximum flood depths, corresponding performance 

indicators and associated damage costs. The key findings were: 

- FloodStroem 1D-1D was five orders of magnitude faster than the coupled 

hydrodynamic MIKE FLOOD model.  

- FloodStroem 1D-1D was able to reproduce overall flooding timing, spatial distribution 

and aggregated damage costs patterns of the hydrodynamic model.  

- FloodStroem 1D-1D performed best for the large steeper catchments, while it 

struggles with divergent flows and backwatering in flat areas.   

- The cell-by-cell performance of the Floodstroem 1D1D is in most cases substantially 

outperformed by a simulation using a hydrodynamical 1D model for the drainage 

system. This may indicate that the main further developments of such models should 

focus on an accurate description of the bi-directional flows in the manholes. 

- Ensuring site-specific parameters improved model performance from a CSI of 46 to 

51 %.  

- Small spatial deviations lead to low cell-by-cell scores whereas scores that are more 

global were more robust and showed a better performance. 

FloodStroem 1D-1D has the potential of contributing to better climate assessment as its fast 

computation time allows for fast multiple simulations, while still ensuring an acceptable 

level of accuracy.  
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