
Edited by

Modelling of 
Floods in 
Urban Areas

Jorge Leandro and James Shucksmith
Printed Edition of the Special Issue Published in Water

www.mdpi.com/journal/water



Modelling of Floods in Urban Areas





Modelling of Floods in Urban Areas

Editors

Jorge Leandro
James Shucksmith

MDPI � Basel� Beijing � Wuhan � Barcelona� Belgrade � Manchester � Tokyo � Cluj � Tianjin



Editors

Jorge Leandro

Chair of Hydromechanics and

Hydraulic Engineering, Research

Institute of Water and

Environment

University of Siegen

Siegen

Germany

James Shucksmith

Department of Civil and

Structural Engineering

University of Shef�eld

Shef�eld

United Kingdom

Editorial Of�ce

MDPI

St. Alban-Anlage 66

4052 Basel, Switzerland

This is a reprint of articles from the Special Issue published online in the open access journal Water

(ISSN 2073-4441) (available at: www.mdpi.com/journal/water/special issues/�oods urban).

For citation purposes, cite each article independently as indicated on the article page online and as

indicated below:

LastName, A.A.; LastName, B.B.; LastName, C.C. Article Title. Journal NameYear, Volume Number,

Page Range.

ISBN 978-3-0365-1620-2 (Hbk)

ISBN 978-3-0365-1619-6 (PDF)

© 2021 by the authors. Articles in this book are Open Access and distributed under the Creative

Commons Attribution (CC BY) license, which allows users to download, copy and build upon

published articles, as long as the author and publisher are properly credited, which ensures maximum

dissemination and a wider impact of our publications.

The book as a whole is distributed by MDPI under the terms and conditions of the Creative Commons

license CC BY-NC-ND.

www.mdpi.com/journal/water/special_issues/floods_urban


Contents

About the Editors . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .vii

Preface to ”Modelling of Floods in Urban Areas” . . . . . . . . . . . . . . . . . . . . . . . . . . . ix

Jorge Leandro and James Shucksmith
Editorial—Modelling of Floods in Urban Areas
Reprinted from: Water2021, 13, 1689, doi:10.3390/w13121689 . . . . . . . . . . . . . . . . . . . . . 1

Binh Thai Pham, Mohammadtaghi Avand, Saeid Janizadeh, Tran Van Phong, Nadhir
Al-Ansari, Lanh Si Ho, Sumit Das, Hiep Van Le, Ata Amini, Saeid Khosrobeigi Bozchaloei,
Faeze Jafari and Indra Prakash
GIS Based Hybrid Computational Approaches for Flash Flood Susceptibility Assessment
Reprinted from: Water2020, 12, 683, doi:10.3390/w12030683 . . . . . . . . . . . . . . . . . . . . . 5

Merhawi GebreEgziabher and Yonas Demissie
Modeling Urban Flood Inundation and Recession Impacted by Manholes
Reprinted from: Water2020, 12, 1160, doi:10.3390/w12041160 . . . . . . . . . . . . . . . . . . . . .35

Md Nazmul Azim Beg, Matteo Rubinato, Rita F. Carvalho and James D. Shucksmith
CFD Modelling of the Transport of Soluble Pollutants from Sewer Networks to Surface Flows
during Urban Flood Events
Reprinted from: Water2020, 12, 2514, doi:10.3390/w12092514 . . . . . . . . . . . . . . . . . . . . .57
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Preface to ”Modelling of Floods in Urban Areas”

Understanding the risk of �ooding in urban areas is a societal priority. However, there are

signi�cant technical challenges associated with the appropriate characterisation and representation

of the numerous complex physical and hydrodynamic processes involved.

The aim of this Special Issue is thus to publish the latest advances and developments concerning

the modelling of �ooding in urban areas and contribute to our scienti�c understanding of the �ooding

processes and the appropriate evaluation of �ood risk.

This issue contains contributions of novel methodologies including �ood forecasting methods,

data acquisition techniques, experimental research in urban drainage systems and sustainable

drainage systems and new numerical approaches. It is addressed �rstly to researchers, but

practitioners will surely also �nd it very relevant.

In closing, we would like to acknowledge the work of the managing editor team, from the

reviewers and over forty authors that submitted their work to this Special Issue.

We hope you enjoy reading it.

Jorge Leandro, James Shucksmith
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Understanding the risk of �ooding in urban areas is a societal priority. The often-
referenced challenges to �ood prevention posed by climate change and rapid urbanization
remain as pertinent as ever. Flood models have a variety of functions including real time
warning, risk mapping, scenario evaluation, and the development of asset investment
strategies. However, there are many signi�cant technical challenges associated with the
characterisation and representation of the numerous complex physical and hydrodynamic
processes involved. Amongst others, these include rainfall-runoff, the heterogeneity of
rainfall and surface topography at urban scales, and hydraulic interactions between over-
land and piped drainage systems. Recent advances in data driven techniques mean new
approaches are increasingly becoming available alongside established hydrodynamic based
methods, which can make real-time �ood forecasting a possibility. Novel sensing, data ac-
quisition systems, and experimental techniques also offer new opportunities for improved
calibration, validation, and testing of �ood models.

The aim of this special issue is thus to publish the latest advances and developments
concerning the modelling of �ooding in urban areas and contribute to our scienti�c under-
standing of the �ooding processes and the appropriate evaluation of �ood impacts. This
issue contains contributions of novel methodologies including �ood forecasting methods,
data acquisition techniques, experimental research in urban drainage systems and/or sus-
tainable drainage systems, and new numerical and simulation approaches in nine papers
with contributions from over forty authors.

Selected highlights from each contribution are summarised as follows:
The paper “GIS Based Hybrid Computational Approaches for Flash Flood Susceptibil-

ity Assessment” [ 1] proposes and compares several novel hybrid computational approaches
of machine learning methods for �ash �ood susceptibility mapping. About 320 past �ash
�ood events and nine �ash �ood in�uencing factors, such as distance from rivers, aspect,
elevation, slope, and land use were analyzed for the development of �ash �ood susceptibil-
ity maps. The results of this study suggested that the AdaBoostM1 based Credal Decision
Tree has the best predictive capability in terms of accuracy.

The article “Modeling Urban Flood Inundation and Recession Impacted by Man-
holes” [ 2] introduces the �ood inundation and recession model (FIRM) which is coupled
to the commonly used SWMM urban drainage modelling package. FIRM computes the
spread of surcharging water �ow from a manhole based on the local topography evaluated
using LIDAR elevation data. The model is validated using observations of a manhole
over�ow event in Edmunds, United States. Given the simplicity of the model, the pa-
per highlights the potential further use of models of this type within real time or �ood
forecasting tools when considering �ooding caused by surcharging manholes.

The editor choice article “CFD Modelling of the Transport of Soluble Pollutants from
Sewer Networks to Surface Flows during Urban Flood Events” [ 3] utilises a 3D model
of a surcharging urban drainage manhole structure in order to study the transport of
soluble contamination from drainage networks into �ood �ows. The model is validated
against an experimental dataset from a scaled physical model at the University of Shef�eld,
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before being used to consider mixing processes and associated key timescales for pollutants
to enter surface �ows. The paper highlights further research opportunities in this area
concerning the fate and transport of contaminants in urban �ood water.

The featured article “Modelling Pluvial Flooding in Urban Areas Coupling the Models
Iber and SWMM” [ 4] develops a free distribution dual drainage model linking the models
Iber and Storm Water Management Model (SWMM). The dual drainage model links a 2D
overland �ow model and a 1D sewer network model with a Dynamic-link Library (DLL)
that contains the functions in which the SWMM code is split. The developed model is
particularly useful for urban areas, allowing the user to plan, evaluate and design new or
existing urban drainage systems in a realistic way.

The editor choice article “Multistep Flood Inundation Forecasts with Resilient Back-
propagation Neural Networks: Kulmbach Case Study” [ 5] presents an arti�cial neural
networks (ANN) forecast framework for faster �ood predictions. The framework is able
to perform multi step forecasts for 1–5 h in a matter of seconds, triggered by a forecast
threshold value. The ANN uses a high spatial resolution of 4 m � 4 m. For the historical
�ood events, the results show that the ANN outputs have a good forecast accuracy of the
water depths for (at least) the 3 h forecast with over 70% accuracy, and a moderate accuracy
for subsequent forecasts.

The featured article “Urbanization and Floods in Sub-Saharan Africa: Spatiotemporal
Study and Analysis of Vulnerability Factors—Case of Antananarivo Agglomeration (Mada-
gascar)” [6] performs a spatiotemporal analysis of the agglomeration of Antananarivo. It
shows that urbanization leads to increased exposure of populations and constructions to
�oods. The study highlights that a share of the urban expansion in �ood-prone zones is
related to informal developments that gather highly vulnerable groups with very little in
terms of economic resources. The authors suggest that an integration of �ood risk manage-
ment in spatial planning policies is an essential step to guide decisions in a sustainable way.

The feature article paper “Flood Suspended Sediment Transport: Combined Modelling
from Dilute to Hyper-Concentrated Flow” [ 7] presents a modelling approach suitable for
characterising the suspended sediment distribution within �ood �ows over a wide range
of sediment concentrations. The model is parameterized and validated using a series of
independent experimental laboratory datasets. The work highlights the opportunity to
provide additional capability to �ood �ow modelling which may be relevant to health
impact assessment and hazard evaluation.

The review paper “Porosity Models for Large-Scale Urban Flood Modelling: a Re-
view” [ 8] considers recent developments in this speci�c approach to �ood modelling.
The review paper considers current and ongoing challenges associated with the effective
parameterisation of different families of porosity models, and highlights ongoing work,
for example, to improve the physical grounding of underlying modelling approaches
and reduce mesh scale dependence of model parameters. A key recommendation is to
establish suitable independent benchmark test cases for model testing, parameterisation,
and evaluation.

The article “Development of a Simulation Model for Real-Time Urban Floods Warning:
A Case Study at Sukhumvit Area, Bangkok, Thailand” [ 9] describes the development of a
real time urban �ood warning system deployed in the 24 sq.km case study area utilising
1D/2D dual drainage hydrodynamic modeling in conjunction with forecasted rainfall. The
simulation is validated based on historic �ooding records and, based on this analysis, the
approach is shown to give a good representation of areas at risk. Based on an evaluation of
previous rainfall events, the methodology can provide a �ood warning lead time in the
order of 10 min, which is limited by computational requirements.

This special issue highlights some of the ongoing challenges and the large variety of
ongoing activity and techniques currently being used to model and understand �ooding
processes in urban catchments. We would highlight the variation of modelling techniques
being used by the authors. In closing, we would like to acknowledge the work of the
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reviewers and all of the authors' submissions to this special issue. We hope you enjoy
reading it.

Funding: This research received no external funding.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: No new data were created or analyzed in this study. Data sharing is
not applicable to this article.

Con�icts of Interest: The authors declare no con�ict of interest.

References

1. Pham, B.T.; Avand, M.; Janizadeh, S.; Phong, T.V.; Al-Ansari, N.; Ho, L.S.; Das, S.; Le, H.V.; Amini, A.; Bozchaloei, S.K.; et al. GIS
Based Hybrid Computational Approaches for Flash Flood Susceptibility Assessment. Water2020, 12, 683. [CrossRef]

2. GebreEgziabher, M.; Demissie, Y. Modeling Urban Flood Inundation and Recession Impacted by Manholes. Water2020, 12, 1160.
[CrossRef]

3. Beg, M.N.A.; Rubinato, M.; Carvalho, R.F.; Shucksmith, J.D. CFD Modelling of the Transport of Soluble Pollutants from Sewer
Networks to Surface Flows during Urban Flood Events. Water2020, 12, 2514. [CrossRef]

4. Sañudo, E.; Cea, L.; Puertas, J. Modelling Pluvial Flooding in Urban Areas Coupling the Models Iber and SWMM. Water2020, 12,
2647. [CrossRef]

5. Lin, Q.; Leandro, J.; Gerber, S.; Disse, M. Multistep Flood Inundation Forecasts with Resilient Backpropagation Neural Networks:
Kulmbach Case Study. Water2020, 12, 3568. [CrossRef]

6. Ramiaramanana, F.N.; Teller, J. Urbanization and Floods in Sub-Saharan Africa: Spatiotemporal Study and Analysis of Vulnera-
bility Factors—Case of Antananarivo Agglomeration (Madagascar). Water2021, 13, 149. [CrossRef]

7. Pu, J.H.; Wallwork, J.T.; Khan, M.A.; Pandey, M.; Pourshahbaz, H.; Satyanaga, A.; Hanmaiahgari, P.R.; Gough, T. Flood Suspended
Sediment Transport: Combined Modelling from Dilute to Hyper-Concentrated Flow. Water2021, 13, 379. [CrossRef]

8. Dewals, B.; Bruwier, M.; Pirotton, M.; Erpicum, S.; Archambeau, P. Porosity Models for Large-Scale Urban Flood Modelling: A
Review. Water2021, 13, 960. [CrossRef]

9. Chitwatkulsiri, D.; Miyamoto, H.; Weesakul, S. Development of a Simulation Model for Real-Time Urban Floods Warning: A
Case Study at Sukhumvit Area, Bangkok, Thailand. Water2021, 13, 1458. [CrossRef]

3





water
Article

GIS Based Hybrid Computational Approaches
for Flash Flood Susceptibility Assessment

Binh Thai Pham 1,* , Mohammadtaghi Avand 2,*, Saeid Janizadeh 2 , Tran Van Phong 3 ,
Nadhir Al-Ansari 4,* , Lanh Si Ho 5,*, Sumit Das 6 , Hiep Van Le 1, Ata Amini 7 ,
Saeid Khosrobeigi Bozchaloei 8, Faeze Jafari2 and Indra Prakash 9

1 University of Transport Technology, Hanoi 100000, Vietnam; hieplv@utt.edu.vn
2 Department of Watershed Management Engineering, College of Natural Resources, Tarbiat Modares

University, Tehran 14115-111, Iran; Janizadeh.saeed@gmail.com (S.J.); Faeze_Jafari86@yahoo.com (F.J.)
3 Institute of Geological Sciences, Vietnam Academy of Sciences and Technology, 84 Chua Lang Street,

Dong da, Hanoi 100000, Vietnam; tphong1617@gmail.com
4 Department of Civil, Environmental and Natural Resources Engineering, Lulea University of Technology,

971 87 Lulea, Sweden
5 Institute of Research and Development, Duy Tan University, Da Nang 550000, Vietnam
6 Department of Geography, Savitribai Phule Pune University, Pune 411007, India;

sumit.das.earthscience@gmail.com
7 Kurdistan Agricultural and Natural Resources Research and Education Center, AREEO,

Sanandaj 66177-15175, Iran; a.amini@areeo.ac.ir
8 Department of Watershed Management Engineering, College of Natural Resources, Tehran University,

Tehran, 1417414418, Iran; saeid.khosro@yahoo.com
9 Department of Science & Technology, Bhaskarcharya Institute for Space Applications and

Geo-Informatics (BISAG), Government of Gujarat, Gandhinagar 382007, India; indra52prakash@gmail.com
* Correspondence: binhpt@utt.edu.vn (B.T.P.); mt.avand70@gmail.com (M.A.);

nadhir.alansari@ltu.se (N.A.-A.); hosilanh@duytan.edu.vn (L.S.H.)

Received: 11 January 2020; Accepted: 27 February 2020; Published: 2 March 2020
��������� �
�������

Abstract: Flash �oods are one of the most devastating natural hazards; they occur within a catchment
(region) where the response time of the drainage basin is short. Identi�cation of probable �ash
�ood locations and development of accurate �ash �ood susceptibility maps are important for proper
�ash �ood management of a region. With this objective, we proposed and compared several
novel hybrid computational approaches of machine learning methods for �ash �ood susceptibility
mapping, namely AdaBoostM1 based Credal Decision Tree (ABM-CDT); Bagging based Credal
Decision Tree (Bag-CDT); Dagging based Credal Decision Tree (Dag-CDT); MultiBoostAB based
Credal Decision Tree (MBAB-CDT), and single Credal Decision Tree (CDT). These models were
applied at a catchment of Markazi state in Iran. About 320 past �ash �ood events and nine �ash
�ood in�uencing factors, namely distance from rivers, aspect, elevation, slope, rainfall, distance from
faults, soil, land use, and lithology were considered and analyzed for the development of �ash �ood
susceptibility maps. Correlation based feature selection method was used to validate and select the
important factors for modeling of �ash �oods. Based on this feature selection analysis, only eight
factors (distance from rivers, aspect, elevation, slope, rainfall, soil, land use, and lithology) were
selected for the modeling, where distance to rivers is the most important factor for modeling of �ash
�ood in this area. Performance of the models was validated and compared by using several robust
metrics such as statistical measures and Area Under the Receiver Operating Characteristic (AUC)
curve. The results of this study suggested that ABM-CDT (AUC = 0.957) has the best predictive
capability in terms of accuracy, followed by Dag-CDT (AUC = 0.947), MBAB-CDT (AUC = 0.933),
Bag-CDT (AUC = 0.932), and CDT (0.900), respectively. The proposed methods presented in this
study would help in the development of accurate �ash �ood susceptible maps of watershed areas not
only in Iran but also other parts of the world.

Water2020, 12, 683; doi:10.3390/w12030683 www.mdpi.com /journal /water5



Keywords: machine learning; �ash �ood; GIS; Iran; decision trees; ensemble techniques

1. Introduction

Flash �oods are those events where the rise in water is rapid within a few hours of the heavy
rainfall. Flash �ood is one of the most common, severely devastating natural hazards, which causes
signi�cant damages to the infrastructure and socioeconomy, and most importantly, it brings loss of
lives [1–5]. Globally, more than 5000 people die each year due to �ash �ood events, which is about four
times greater than any other category of �ood event [ 6]. The most destructive nature of �ood events is
generally related to the extreme amount of torrential rainfall within a short duration resulting in high
surface runo� [4,7]. Flash �oods occur within catchments, where the response time of the drainage
basin is short. According to the American Meteorological Society, �ash �ood events generally do not
give advance warning and therefore, they cause signi�cant risk and destruction due to their complex
and dynamic environmental settings and nature [ 8,9].

Flash �ood occurrence is a� ected by various watershed characteristics (type of basin and drainage),
anthropogenic activities (land use, deforestation, and civil engineering construction) and meteorological
conditions such as amount, intensity, spatial distribution, and time of rainfall. Recently, climate change
is altering meteorological conditions which may lead to �ash �ood condition at one place and drought
condition at another place. Therefore, the past may no longer be a reliable guide to the future. Thus, in
the planning of �ood management, especially of �ash �ood in urban areas, climate change e � ect is to
be properly considered to avoid future damages to property and loss of life [ 10,11].

Geomorphological changes due to natural and anthropogenic causes can modify the �ood pattern
of di � erent areas [12]. Urbanization is one of the important factors in the occurrence of �ash �oods
in cities. Construction of roads and buildings reduces permeable areas and increases sealed surfaces
(impermeable areas), thus causing less in�ltration and more runo � with the same amount of rainfall
causing pluvial �ash �oods [ 10]. Therefore, it is essential to identify and map accurately �ash �ood
susceptible areas within a basin considering appropriate factors to develop suitable models for proper
planning, management, and mitigation of �ash �ood events in an area [ 13].

There are many natural and anthropogenic factors that a � ect �ood occurrence. Among these
factors, topography is one of the important elements (land surface slope, river longitudinal pro�le,
river cross section) that a� ects natural �oods [ 14]. Flood parameters are very sensitive to topography
changes. Low areas adjacent to rivers and streams have the highest risk of �ooding. However, �ash
�oods can also occur on hill slopes. Digital Elevation Model (DEM) as an indicator of the earth's surface
contains information about the elevation of the earth. Flood depth and velocity are the most important
parameters used in vulnerability assessment, estimation of casualties, and �nancial losses based on
the land record [ 14]. Therefore, careful consideration of the topography of the area is desirable to
avoid overestimation or underestimation of �nancial losses, casualties, and thus overall vulnerability
assessment of an area [15,16].

Nowadays, multidisciplinary approaches including remote sensing, Geographic Information
System (GIS), and machine learning methods are used for e� ective prediction and management of
�oods [ 5,6,12,17–19]. To recognize and delineate �ash �ood susceptible areas, DEM and other remote
sensing satellite images have become popular and useful tools [20,21]. Bui and Hoang [ 22] reviewed
the �ash �ood studies into three major classes, namely rainfall-runo � models, traditional methods,
and pattern classi�cation. In the case of rainfall-runo � models, the methodologies generally focus
on establishing the relationship between the rainfall and runo � to determine the spatiotemporal
distribution of the �oods at a local scale and to carry out such studies in that area [ 23]. The traditional
methods include analysis of long-term time series data and various statistical models [ 22]. The problem
of predicting �ash �ood probability by implementing the above methods is the lack of reliable data
availability of the long-term time series discharge records. Another method based on the pattern
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classi�cation is relatively new, which employs monitoring of data at the gauging stations and also
preparation of data of �ooded and non�ooded group to assess the �ash �ood probability of a region
and to demarcate the area where �ash �oods can occur [ 24,25].

Independent simpli�ed decision-making techniques such as Analytical Hierarchy Process
(AHP) [ 5,26–29], Fuzzy Logic (FL) [ 30,31], and Frequency Ratio (FR) [32,33] are some of the pattern
classi�cation-based methods which have been used to generate the �ash �ood maps around the
world. Though these methods are simple, they do not provide a great level of accuracy in �ash
�ood prediction in comparison to modern and advanced machine learning methods such as Support
Vector Machine (SVM) [ 34,35], Arti�cial Neural Network (ANN) [ 36–38], Logistic Regression (LR) [39],
GARP and QUEST [40], and Random Forest (RF) [41]. In recent years, some hybrid and ensemble
machine learning methods such as Hybrid Bayesian Framework [ 24], Logistic Model Tree with Bagging
Ensembles [42], Ensemble Weight-of-Evidence and Support Vector Machines [ 43], and Neuro-Fuzzy
system integrated with Meta-Heuristic Algorithms [ 44] have been developed which provide better
accuracy in comparison to single machine learning methods.

The main objective of the present study is to use GIS Based Hybrid Computational Approaches to
develop ensemble models for accurate �ash �ood susceptibility assessment. In view of this, four hybrid
ensemble models for the �ash �ood prediction were developed with Credal Decision Tree (CDT) as
base classi�er. These developed ensemble models are: AdaBoostM1 based CDT (ABM-CDT); Bagging
based CDT (Bag-CDT); Dagging based CDT (Dag-CDT); and MultiBoostAB based CDT (MBAB-CDT).
A small watershed of Tafresh county in the Markazi province of Iran, which experiences many �ash
�oods every year, was selected as a study area for collecting and generating the datasets for the
modeling process. To validate and compare performance of the models, various methods such as
statistical measures and Area Under the Receiver Operating Characteristic (AUC) curve were used.

2. Materials and Methods

Description of the Research Area

Watershed of Tafresh county is one of the flash flood-prone a reas of Markazi province. This
county is located in the Markazi province of Iran covering an area of 1605 km2, between 34� 310 N and
35� 50 N, 49� 300 E to 50� 90 E (Figure 1). Topography of the Tafrash watershed area is hilly with elevation
ranging from 1296 to 3101 m. This area experiences cold winters and relatively moderate summers.
The average temperature is 19.2� C in summer and 6.4 � C in winter. Average annual rainfall in this
region is 254.3 mm. Major water supply sources in the Tafresh watershed include springs, the perennial
GharehChay River, the Ab Kamar seasonal river, and semi-deep wells. The GharehChay river with
discharge 3000 ls� 1 is one of the most important rivers in the area, which provides water for irrigation
in Tafresh area, but due to droughts in recent years, discharge has reduced below 2000 ls� 1. However,
several severe �ash �oods occur in the Tafrash watershed during winter every year, due to sudden
heavy rainfall within a short period.

7



Water2020, 12, 683

 

Figure 1. Location of study area.

3. Data Collection and Preparation

3.1. Flash Flood Inventory

Accurate mapping of the past �ash �ood events has a great impact on the accuracy of developed
�ash �ood susceptibility maps. In order to predict the future �ash �ood events in a region, it is
necessary to have records of the past �ash �ood events of the area [ 45]. These events depend on many
factors including topography (terrain gradient), meteorology (antecedent rainfall), soil type, vegetative
cover, and anthropogenic activities. These factors are considered as important parameters for the
preparation of �ash �ood inventory and for the prediction of future �ash �ood events. In this research,
in total, 320 past �ash �ood locations (represented on the maps by points) were obtained from the
regional water organization of Markazi province (Figures 1 and 2). These �ash �ood points were
divided randomly into 70% data points for training and 30% for validation purposes. In addition,
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320 non�ooding points randomly selected from the high-altitude areas with low probability of �ooding
which were also used to combine with �ash �ood data for generating the training and testing datasets.

 

l 

Figure 2. Flash �ooding in Tafresh city.

3.2. Flash Flood Conditioning Factors

In this study, nine �ash �ood a � ecting parameters, namely distance from river, aspect, elevation,
slope, rainfall, distance from faults, soil types, land use, and lithology were considered in the modeling.
Thematic maps were generated using ArcGIS 10.1, ENVI 5.1, and SAGA-GIS 2 software (Figure3).
All these maps were converted to raster image (format) of 12.5 m � 12.5 m pixel size, which is up to the
resolution of DEM for model studies (Table 1). A detailed description of these factors is given below:

Table 1. Data collection and preparation.

Row
Primary Input

Data
Original Format

Sources
Spatial Resolution Source of Data Derived Map

1
ALOS-PALSER

DEM
Raster 12.5 m

https:
//search.asf.alaska.edu/

Slope, Aspect,
Curvature, Elevation,
Distance from river

2 Landsat 8 OLI Raster 30 m
Department of Natural

Resources of
Markazi Province

Land use map

3
Meteorological

data
Point -

Markazi County
Meteorological Bureau

Rainfall map

4 Geological map Vector 1:100000
Geological survey and
Mineral Exploration

of Iran

Lithology and Distance
from fault

5 Soil map Vector 1:100000
Department of Natural

Resources of
Markazi Province

Soil map
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(a) (b) 

(c) (d) 

(e) (f) 

(g) (h) 

Figure 3. Cont.
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(i) 

Figure 3. Maps of �ash �ood conditioning factors: ( a) distance to rivers, (b) aspect, (c) elevation,
(d) slope, (e) rainfall, ( f ) distance from faults, ( g) land use, (h) soil, and (i ) lithology.

Distance from rivers:
In general, the area which is close to the rivers is more prone to �ooding in both cases of normal

�ood and �ash �ood within the river basin as water �ows from higher elevation and accumulates at
lower elevations. The areas close to other terrestrial water bodies such as ponds, dams, and lakes are
also likely to be �ooded in the event of heavy rains as the terrain in the vicinity of these water bodies
would be almost �at [ 46]. However, pluvial �ash �oods may also occur at a distance away from the
water bodies depending on the meteorological and topographical conditions. In the present study, six
classes of bu� er have been developed at bu� er distance of 100 m from the river (Figure 3).

Aspect:
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An aspect map of a region represents the direction of the surface slope. The direction which a
slope faces with respect to the sun (aspect) has a profound in�uence on microclimate. The aspect map
also shows no slope area (�at) where no surface slope is present; this is generally at the base of the
hills or near lakes. Regions with low slope or regional �at surface are more vulnerable to the �ash
�ood where water accumulates and rises [ 6,47]. Therefore, by using this parameter, the �at regions can
easily be identi�ed. Besides, �at area �ooding also depends on the monsoon wind direction which
hits the surface slope (Aspect). In this study, the aspect map was generated from the DEM with nine
classes (Figure3).

Elevation:
Water has a tendency of �owing from high altitude to lower elevation. The continuous �ow of the

rainwater therefore easily creates a �ash �ood situation in the low elevation areas [ 48,49]. However,
pluvial �ash �oods also occur at higher elevation. In this study, an elevation map was generated from
the DEM with �ve classes (Figure 3).

Slope:
Many factors a� ect catchment hydrologic characteristics, which ultimately in�uence the production

of surface runo� . One of the important factors controlling runo � is surface slope [50]. On the steeper
slopes, in�ltration will be less and runo � will be more. This excessive runo� will cause �ash �ooding
of the down slope �at areas. Thus, �at areas near and adjacent to high gradient slope generally have
high probability of occurrence of �ash �oods [ 51]. In the present study, a slope map was created from
DEM with �ve classes (Figure 3).

Rainfall:
Rainfall is the primary source of water for runo � generation over the land surface causing �ooding

of the low-lying areas. Runo � occurs whenever rain intensity exceeds the in�ltration capacity of
the ground (soil and jointed weathered rock). Intense short duration rainfall may cause �ash �oods.
Rainfall is the most important factor for �ooding of an area [ 50]. Flooding may also occur due to ice
melting. In order to determine the annual rainfall map, the data of four rainfall-gauge stations for a
period of 30 years were used. The rainfall map was divided into two classes (Figure 3).

Distance from faults:
Some of the major faults exposed on the surface with wide permeable fault zones may increase

in�ltration and thus reduce the runo � and can saturate surrounding groundmass causing local �ooding.
However, fault may also cause failure of levees and earthen dams due to structure failure and may
result in �ash �ooding. In the present study, the distance from fault map was prepared into six
classes (Figure3).

Soil:
Soil is one of the important factors a � ecting in�ltration and runo � and thus has a great impact on

�ooding. Soils rich in clay are mostly impermeable and cause more runo � and thus cause �ooding of
the area. In the present study, the soil map was developed from data obtained from the Soil Survey
Department of Iran (Figure 3).

Land use:
Land use types a� ect the degree and frequency of �oods in an area [ 52,53]. In�ltration and runo �

depend on the land use pattern as well as other factors. Alterations in the land use con�guration can
change the �ooding pattern of a region. Land-cover change due to anthropogenic activities such as
urbanization, deforestation, and cultivation results in increased �ash �ood frequency and severity.
In the present study, the land use map was obtained from the Department of Natural Resources of
Markazi Province. Google Earth images and �eld survey were used to update the map (Figure 3).

Lithology:
Variation of lithology can strongly amplify or reduce the degree of �ash �ood vulnerability [ 54,55].

In�ltration and runo � depend on the permeability of lithounits as well as other geo-environmental
factors. In this study, the lithology map was prepared from the Geological Survey of Iran data with
sixteen groups (Table 2 and Figure 3).

12



Water2020, 12, 683

Table 2. Lithology units in the Tafresh watershed and their relative permeability.

Group No Geo-Units Description Permeability

1 Ea.bvt Andesitic to basaltic volcanic tu � Low
2 OMc Basal conglomerate and sandstone Moderate
3 Ed.avs Dacitic to andesitic volcanosediment Moderate
4 TRJs Dark grey shale and sandstone (SHEMSHAK FM.) Moderate
5 EKgy Gypsum High
6 K2I1 Hyporite bearing limestone (Senonian) Moderate
7 OMq Limestone, marl, gypsiferous marl. Sandymarl and sandstone (QOM FM) Low
8 Qft2 Low level piedment fan and valley terrace deposit High
9 Plc Polymictic conglomerate and sandstone Moderate
10 Mur Red marl, gypsiferous marl, sandstone and conglomerate (upper red Fm.) High
11 TRn Sandstone, quartze arenite, shale and fossiliferous limestone (NAIBAND for) Moderate
12 K2shm Sale calcareous shale and sandstone with intercalations of limestone Moderate
13 Ktzl Thick bedded to massive, white to pinkish orbitolina bearing limestone (TIZKUh FM) Moderate
14 Judi Upper Jurassic diorite Low
15 EK Well bedded green tu� and tu � aceousshle (KARAJ FM) Moderate

4. Methods Used

4.1. Frequency Ratio

Frequency Ratio (FR) determines the quantitative relationship between a �ash �ood event and its
various variables [ 32,56]. In order to determine the FR, the ratio of �ash �ood events in each class of
in�uencing factors is calculated relative to the total �ash �ood events. The ratio of the area of each
class to the total area is also determined. Finally, by dividing the percentage of �ash �ood events in
each class by the percentage of the area of each class relative to the entire research area, the FR of the
classes of each factor is calculated. FR for each class of factors a� ecting the �ash �ood are calculated
using the following equation [ 32,33]:

FR =
� A

B

� C
D

�
=

E
F

(1)

where A: number of �ash �ood pixels per class, B: total �ash �ood pixels of the entire area, C: number
of pixels per subclass of e� ective �ash �ood factors, D: total number of pixels in a region. E: percentage
of �ash �ood occurrence in each class of e � ective factors, F: relative percentage of area of each class of
total area.

4.2. Correlation Based Feature Selection

Irrelevant and redundant factors must be removed to improve data quality for modeling [ 57].
According to Pham et al. [ 58], working with a large number of factors reduces the speed of model
execution, low modeling accuracy, and over�tting due to the large number of irrelevant factors as
model inputs. There are many factors in�uencing the �ood phenomenon, but the factors with higher
correlation coe� cients are more relevant in modeling and vice versa [ 58]. In this study, correlation
based feature selection was selected to evaluate the importance of the factors used for better modeling
of landslide susceptibility. This method is based on the assumption that features /factors are relevant if
their values vary systematically with category membership [ 57,59]. In other words, a feature is useful
if it is correlated with or predictive of the class; otherwise it is irrelevant [ 57,59]. In correlation based
feature selection, the score of the evaluation is de�ned as Average Merit (AM) which is expressed as
the following equation [ 57]:

AM i =
ACi

AI i
(2)

where AM i is the score of factor ith, ACi is the average correlation between the subsetith with the
dependent variable, and AI i is the average intercorrelation within the subset ith.

13



Water2020, 12, 683

4.3. AdaBoostM1

AdaBoostM1 is a popular adaptive boosting algorithm proposed by Freund and Schapire [ 60].
AdaBoostM1 enhanced the predictive ability of the classi�er. This method is employed to solve
the classi�cation problem, which contains a complicated dataset generated from previous classi�ers.
Firstly, the weight values are allocated to occurrences in learning dataset. After that, the weights are
substituted in iterations of training process according to the performance of the previous base classi�er.
The training process will be terminated when the optimal weights have been given speci�cally to
achieve the best performance of the base classi�er [61].

4.4. Bagging

Bagging is known as one of the earliest ensemble methods which was proposed by Breiman [ 62]
to improve the algorithm accuracy of machine learning methods [ 63]. In this method, bootstrap sample
technique is used to produce numerous samples for creating a training classi�er. Each generated
training set is then employed to establish a decision tree. After that, these subsets are combined with
the output in the �nal model [ 61]. This method not only enhances the capacity of generalization but
also decreases the error of classi�cation [64,65]. The optimum result of classi�cation can be drawn
using the following equation:

L0(x) = argmax
y2Y

tX

i= 1

1(Ci (x) = y) (3)

where L' ( x) expresses a combination of classi�er and Ci(x) denotes an indicator function.

4.5. Dagging

Dagging was initially introduced by Ting and Witten [ 66]. This method is recognized as one of
the famous ensemble techniques. Aim of Dagging method is to improve accuracy in prediction of
the classi�er by combining varied samples of the training set [ 67]. A number of disjointed samples
are employed rather than bootstrap samples to achieve the base classi�er [66,68]. This method is a
powerful technique for a single classi�er, which has a poor time of complexity; thus, the outputs of
algorithms with weak training are linked via the popular voting rule [ 67].

4.6. MultiBoostAB

MultiBoostAB is a combination ensemble learning algorithm, which is established on the basis of
AdaBoostM1 and Wagging methods in order to hinder over�tting problem [ 69]. Wagging is a variable
of Bagging, which exploits training cases using various weights that can reduce remarkably the bias of
AdaBoostM1 technique [70]. Combinations of Wagging and AdaBoostM1 produce a framework that
can transform a weak training classi�er to a robust one. As MultiBoostAB is able to perform parallel
processing, it is considered as a potential and computational method that has more advantages in
comparison to Wagging and AdaBoostM1 methods [ 69]. MultiBoostAB method involves three main
steps: (1) selection of a subset randomly from the original learning data and then to use it to produce
fundamental classi�er-based models; (2) the weights of occurrence are adjusted based on the predictive
competence of the models; and (3) �nally, new subsets from the occurrence weighting are chosen for
training newer models [ 71].

4.7. Credal Decision Tree

Abellan and Moral originally proposed Credal Decision Tree (CDT) using an original split criterion
that was built based on uncertainty measures as well as inaccurate probabilities [ 70]. CDT is used
to tackle classi�cation problems by employing credal sets [ 64,72,73]. In order to reduce generating a
complicated decision tree in the building process of CDT, an exclusive criterion was introduced in case
of the summation of uncertainties raising due to splitting, the construction process will stop [ 64,74].
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In order to quantitatively evaluate the entire uncertainty of credal sets, an updated method was
recommended based on the theory of Dempster and Shafer [75,76]. The function applied in measuring
the total uncertainty is expressed in the following equation [ 77]:

EU(� ) = NG(� ) + RG(� ) (4)

where EU expresses a value of entire uncertainty (i.e., total uncertainty), NG denotes a general
nonspeci�city function, and RG is a general randomness function for a credal set that represents a
credal set. The successes and conclusions on the measurement of the summation of uncertainty were
derived in previous literature of Abellan and Moral [ 78]. Besides, the detailed procedure for computing
and properties of this measurement on EU were clearly described in previous studies [ 72,78]. To analyze
probability intervals of individual variables, the inaccurate probability model was adopted [ 79,80].
Supposing that the Z is known as a variable that has values which are expressed by zj; then p(zj) is
considered as the probability distribution, which re�ects that each value of zj is determined as per the
following formula [ 73,81]:

p
�
zj

�
2

"
mzj

M + r
,
mzj + r

M + r

#

, j = 1,: : :, k; (5)

where M and mzj express the sample size and the event frequency (Z= zj), respectively; and r is called
the hyperparameter, which has values of 1 or 2, as stated by Walley [80].

4.8. Validation of the Models

Validation is important to determine the accuracy of the �ash �ood susceptibility models. To verify
the prediction capability of models, it is desirable to assess as well as compare both learning and
validating datasets [ 17,25,42]. In the present study, various validation criteria were adopted, namely
Area Under the Receiver Operating Characteristic (ROC) curve and statistical measures.

4.8.1. Receiver Operating Characteristic (ROC) Curve

ROC curve is considered as a good tool for analyzing landslide and �ood susceptibility
models [17,42,82,83]. The x-axis of the ROC curve graph shows the speci�city whereas the y-axis
presents the sensitivity [ 84–88]. The area located under the ROC curve which is called the AUC is
commonly employed to evaluate the prediction capacity of models [ 89–93]. Normally, the value of
AUC has a range of 0.5–1.0 [94–96]. Higher value of AUC indicates better prediction capacity of the
models [97–100]. The value of AUC is calculated by the following equation:

AUC =
(
P

EC+
P

IC)
(a+ b)

(6)

where EC indicates the number of the accurately classi�ed �ash �ood events, IC denotes the number
of the inaccurately classi�ed �ash �ood events, a is single �ash �ood event, and b is denotes the total
number of �ash �ood events.

4.8.2. Statistical Measures

In the present study, seven popular statistical measures, namely Positive Predictive Value (PPV),
Negative Predictive Value (NPV), Root Mean Square Error (RSME), Accuracy (ACC), Sensitivity (SST),
Speci�city (SPF), and Kappa index (k) were employed for assessing performance of the �ash �ood
prediction models. The description of these indexes is summarized in Table 3.
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Table 3. List of statistical measures employed in this research [101–105].

Statistical Measures Formula

PPV (%) PPV = A
A+ B

NPV (%) NPV = C
C+ D

ACC (%) ACC = A+ C
A+ C+ B+ D

SST (%) SST= A
A+ D

SPF (%) SPF= C
C+ B

k
k = Pa� Pest

1� Pest
Pa = (A + C)

Pest = (A + D) � (A + D) + (B + C) � (D + C)

Where, A (true positive) and C (true negative) denotes the number of pixels of �ash �ood event
classi�ed correctly, whereas B (false positive) and D (false negative) are the numbers of pixels of non�ash
�ood event classi�ed incorrectly. Pa and Pest are the measured and expected agreements, respectively.

RMSE is de�ned as the squared di � erence error between the model simulated and measured
values. This method is popularly employed to assess �ash �ood susceptibility maps [ 17,42]. The smaller
values of RMSE means the prediction capacity of the model is better. Determination of RMSE is
calculated as follows [59,106–108]:

RMSE =

r
1
N

.
LX

i= 1

(Xmodel� Xact)
2 (7)

where Xmodel and Xact denote the model simulated and actual (i.e., measured) value, respectively;
L stands for the summation of samples.

5. Methodology

Methodology of the study is presented below in several main steps: (1) Data collection and
preparation; (2) Generating training and testing datasets; (3) Building the �ash �ood models;
(4) Validation of the models; and (5) Generation of �ash �ood susceptibility maps (Figure 4). A more
detailed description of these steps is given below:
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�.

Figure 4. Methodological �owchart of the �ash �ood susceptibility mapping used in the study.

5.1. Data Collection and Preparation

Flash �ood inventory map and the conditioning factor maps were generated in the raster format
with 12.5 m pixel size. Thereafter, the inventory map was overlaid with the conditioning factor maps
to calculate the FR values of each class of the conditioning factor using FR method. These FR values
were then used as the weights of the class of the factors. In addition, correlation-based feature selection
was used to validate and select the important factors and also to asses relative importance of these
factors for modeling of �ash �oods.

5.2. Generating Training and Testing Datasets

Flash �ood inventory was randomly divided into two parts with the ratio of 70 /30. Out of these
parts, 70% of inventory was used to sample with the conditioning factors assigned the weights for
generating the training dataset, whereas the 30% remaining was used to sample with the conditioning
factors assigned the weights for generating testing dataset. Selection of ratio for division of training
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and testing inventory might a � ect performance of the models. In this study, the ratio of 70 /30 was used
as it is a common ratio used in modeling [ 109–111]. This step was carried out in ArcGIS application.

5.3. Building the Flash Flood Models

Di � erent hybrid models, namely ABM-CDT, Bag-CDT, Dag-CDT, MBAB-CDT, and a single
classi�er CDT were developed in this step using training dataset. Out of these methods, ABM-CDT is
a combination of AdaBoostM1 ensemble and CDT classi�er, Bag-CDT is a combination of Bagging
ensemble and CDT, Dag-CDT is a combination of Dagging and CDT, and MBAB-CDT is a combination
of MultiBoostAB and CDT. In these hybrid models, ensemble techniques were used to optimize the
training dataset which was then used as input data in CDT classi�er for �ash �ood susceptibility
assessment. To construct these models, internal parameters should be selected and optimized to get
the best performance of the models. More speci�cally, in CDT, initial parameters such as batch size,
initial count, maximum of depth, minimum total weight of instances in a leaf, minimum proportion
of variance, number of folds and seed were selected as 100, 0.0,� 1, 2.0, 0.001, 3, 1, respectively.
In ABM-CDT, initial parameters such as batch size, number of iterations, seed and weight of threshold
were selected as 100, 10, 1, and 100, respectively. In Bag-CDT, initial parameters such as batch size,
number of execution slots, number of iterations, and seed were selected as 100, 1, 15, and 1, respectively.
In Dag-CDT, initial parameters such as batch size, number of folds, and seed were selected 100, 10,
and 1, respectively. In MBAB-CDT, initial parameters such as batch size, number of iterations, number
of subcommittees, seed, and weight of threshold were selected 100, 20, 3, 1, and 100, respectively.
The values of these initial parameters of the models were determined by the trial-error process. This
step was carried out using the packages and codes included in the Weka software.

5.4. Validation of the Models

Validation of the models was carried out on both training and testing datasets using various
criteria such as PPV, NPV, SST, SPF, ACC, Kappa, RMSE, and AUC. While validation using training
dataset shows the goodness-of-�t of the models, validation using testing datasets shows predictive
capability of the models. This step was carried out using the packages and codes included in the
Weka software.

5.5. Generation of Flash Flood Susceptibility Maps

In this step, �ash �ood susceptibility maps of Tafresh watershed were prepared based on ABM-CDT,
Bag-CDT, Dag-CDT, MBAB-CDT hybrid machine learning models and CDT model in ArcGIS software.
To construct the �ash �ood susceptibility maps, �ash �ood susceptibility indexes generated from the
construction of the models were used to assign all pixels of the study area. Thereafter, these indexes
were classi�ed into �ve classes of �ash �ood susceptibility, namely very low, low, moderate, high,
and very high to construct �nal maps using geometric interval classi�cation method available in
GIS software.

6. Results and Discussion

6.1. Impact Weight of each Class of Variables A� ecting Flash Flood Susceptibility by FR Method

The impact weight of each class of variables was determined based on the comparative analyses
of relationships between the location of past �oods with the topographical and geo-environmental
variables a� ecting �ash �ood occurrences (Figure 5). Analysis indicated that the highest weight in the
variable of altitude classes belongs to the elevation class of 1296–1823 m. In the slope percentage of
the surface slope, the weight of 0–9.3 degrees was the highest weight. In the slope direction variable,
the northwest slope direction has a higher weight than the other aspects. In variable distance from the
fault class of 400–500 m, weight has more in�uence than other classes. Examination of the variable
distance from river showed that most of the �ood-related weight was located at 0–100 m class. In the
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rainfall variable, the rainfall class 250–300 mm has higher weight than the other class. This means this
class of rainfall belongs to threshold value for the occurrence of �ash �ood. Higher rainfall above this
value can also cause �ash �ood depending on the duration in combination with other factors. Land
use classes of the orchard and residential, which are in proximity to the main river and at gentle slopes,
had the highest weighting factor compared to other land uses. Soil analysis indicates that the weight
of the inceptisols soil is higher than that of the rocky outcrops. The lithology in this area indicates that
Qom formation (OMq) has higher weight than other classes.

 

�.

Figure 5. Frequency analysis of �ash �ood occurrence on the factor maps.

6.2. Importance of Factors Using Correlation-Based Feature Selection

Relative importance analysis of factors a� ecting �ash �oods was carried out using correlation-based
feature selection method as shown in Table 4. It can be seen that distance from rivers is the most
important factor for �ash �oods as the value of AM (0.608) is the highest compared with other
factors. Following factors are slope (AM = 0.484), elevation (AM = 0.337), lithology (AM = 0.125),
soil (AM = 0.099), rainfall ( AM = 0.049), land use (AM = 0.024), aspect (AM = 0.022), and distance from
faults (AM = 0.007), respectively. The feature selection results are reasonable as the areas close to the
river are more likely to be a � ected by �oods. This is true for normal river �oods and also for �ash
�oods in case of torrential rains within short period in this area [ 112,113]. Slope is also important as
it in�uences surface runo � , volume, and velocity of �ow. In the study area (Tafresh), there is more
accumulation than out�ow due to gentle topography (slope factor) resulting in the rapid rise of the
�ood water level within short time during torrential rain. Therefore, slope factor is the second most
in�uential factor in the �ood modeling (Table 4), which is consistent with many studies [ 114,115].
At higher elevation, slope factor is important resulting in higher velocity and runo � thus draining
the water rapidly towards lower levels [ 116–118]. Other factors, namely lithology, soil, rainfall, land
use, and aspect are also important factors for modeling of �ash �oods though their AM value varies
as mentioned in Table 4. Here, we would like to mention that though AM of rainfall factor is only
0.049, it is the main and also triggering factor on which �ash �ood depends, especially in this area.
However, the feature selection results show that distance to faults is the least important factor to �ash
�ood occurrence and modeling ( AM = 0.007), and thus this factor has a very small contribution to
the performance of the models, and it should be removed from the datasets for further analysis of the
models. Therefore, out of nine factors, only eight factors (distance from river, aspect, elevation, slope,
rainfall, soil types, land use, and lithology) were reasonably selected for modeling of �ash �oods in
this study.
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Table 4. Importance of factors using correlation based feature selection.

Ranked Class Average Merit ( AM )

1 Distance from rivers 0.608
2 Slope 0.484
3 Elevation 0.337
4 Lithology 0.125
5 Soil 0.099
6 Rainfall 0.049
7 Land use 0.024
8 Aspect 0.022
9 Distance from faults 0.007

6.3. Validation of Di� erent Models

Performance of the machine learning models was validated using various criteria on both training
and testing datasets (Figures6–9). Validation of all the models was done by the ROC method (Figure 6).
Results indicated very high AUC value during both training (ABM-CDT = 0.995; Bag-CDT= 0.972;
Dag-CDT = 0.947; MBAB-CDT= 0.986; and CDT= 0.933) and testing phase (ABM-CDT= 0.96; Bag-CDT
= 0.93; Dag-CDT= 0.47; MBAB-CDT = 0.933; and CDT= 0.90). Among all �ve models, ABM-CDT
shows the maximum level of AUC compared with other models. All the models indicate a very low
value of RMSE, both on the training dataset (ABM-CDT = 0.168; Bag-CDT= 0.245; Dag-CDT= 0.316;
MBAB-CDT = 0.206; and CDT= 0.279) and testing dataset (ABM-CDT = 0.291; Bag-CDT= 0.307;
Dag-CDT = 0.329; MBAB-CDT= 0.31; and CDT= 0.323) period, which clearly indicate high reliability
of the proposed models (Figure 7). However, the ABM-CDT model indicates the best performance in
comparison to other models, and it has the lowest RMSE value.

�.

 
(a) 

Figure 6. Cont.
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(b) 

Figure 6. Analysis of Receiver Operating Characteristic (ROC) of the models: (a) training dataset and
(b) validating dataset.

Figure 8 indicates performance of the models using other validation criteria. It can be observed
that all models have good performance with high values of PPV, NPV, SST, SPF, and ACC. Out of
these, the ABM-CDT model has high values of PPV (95.81% for training and 94.37% for testing), NPV
(96.41% for training and 85.92% for testing), SST (96.39% for training and 87.01% for testing), SPF
(95.83% for training and 93.85% for testing), and ACC (96.11% for training and 90.14% for testing),
the Bag-CDT model has values of PPV (88.62% for training and 94.37% for testing), NPV (97.01%
for training and 85.92% for testing), SST (96.73% for training and 87.01% for testing), SPF (89.5% for
training and 93.85% for testing), and ACC (92.81% for training and 90.14% for testing), the Dag-CDT
model has values of PPV (89.82% for training and 91.55% for testing), NPV (88.02% for training and
81.69% for testing), SST (88.24% for training and 83.33% for testing), SPF (89.63% for training and
90.63% for testing), and ACC (88.92% for training and 86.62% for testing), the MBAB-CDT model
has values of PPV (92.22% for training and 94.37% for testing), NPV (96.41% for training and 84.51%
for testing), SST (96.25% for training and 85.9% for testing), SPF (92.53% for training and 93.75% for
testing), and ACC (94.31% for training and 89.44% for testing) and the CDT model has values of PPV
(90.42% for training and 94.37% for testing), NPV (91.02% for training and 81.69% for testing), SST
(90.96% for training and 83.75% for testing), SPF (90.48% for training and 93.55% for testing), and ACC
(90.72% for training and 88.03% for testing). Kappa statistics also show a satisfactory accuracy in both
the case of training (ABM-CDT = 0.922; Bag-CDT= 0.856; Dag-CDT= 0.788; MBAB-CDT= 0.898; and
CDT = 0.814) and testing (ABM-CDT = 0.803; Bag-CDT= 0.803; Dag-CDT= 0.732; MBAB-CDT= 0.789;
and CDT = 0.761) (Figure9).
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Figure 7. Analysis of RMSE of models. 
Figure 7. Analysis of RMSE of models.
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Figure 8. Analysis of accuracy of the models using: ( a) training dataset and ( b) validating dataset.

 

Figure 9. Kappa values for the models.
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Considering analysis of the above results, it can be stated that all these developed and applied
models performed well for �ash �ood susceptibility mapping in this study. In particular, the prediction
capability of the CDT model has been enhanced by more than 5% with AdaBoost, about 3% with
Bagging and MultiBoostAB, and 5% with Dagging. In general, CDT algorithm is one of the good
data mining models built on the decision tree and uses IDM and general uncertainty measures [ 69].
However, it has a low accuracy as the built tree decides to categorize a new sample of data, especially
with incomplete or missing values of the data. Therefore, the use of ensemble frameworks like
AdaBoostM1, Bagging, Dagging, and MultiboostAB is a great help in improving performance of the
CDT as these techniques have the capability to condense the bias as well as the variance and avoid
the problem of over�tting [ 119]. Comparison results of di � erent ensemble frameworks used in this
study (ABM-CDT, Bag-CDT, Dag-CDT, and MBAB-CDT) showed that ABM-CDT outperforms other
ensemble frameworks (Bag-CDT, Dag-CDT, and MBAB-CDT). Thus, it can be stated that AdaBoostM1
is more e� ective than other ensemble techniques (Dagging, Bagging, and MultiBoostAB) in improving
performance of the CDT for �ash �ood susceptibility assessment of this study. This result is reasonable
as AdaBoostM1 can be considered to make a classi�cation of the binary classes and enhance the
prediction accuracy [ 120,121]. It is a very well-known fact that among all these ensembles, AdaBoostM1
is an interpretable and highly robust algorithm that prevents noise in order to make signi�cant
improvement in classifying error in comparison to the base decision tree classi�er [ 122]. Our results
are comparable to the previous ensemble model-based studies, which report that the ensemble models
lead to a boost in the performance of a standalone model [123–125].

6.4. Development of Flash Flood Susceptibility Maps

Flash �ood susceptibility maps of the research area were produced using ABM-CDT, Bag-CDT,
Dag-CDT, MBAB-CDT, and CDT models (Figure 10). Figure 11 shows the comparison of results of
all the models of �ash �ood susceptibility classes and their percentage of class pixels and �ash �ood
pixels. All the models indicated that more than 50% of past �ash �oods were observed on very high
susceptibility class of the maps (ABM-CDT = 51.3%; Bag-CDT= 53.8%; CDT= 61.8%; Dag-CDT
= 69.7%; and MBAB-CDT = 86.1%). Evaluation of the frequency ratio data of the historical �ash
�ood locations and the generated �ash �ood maps for the very high susceptible pixel class was done.
The maximum FR was observed for ABM-CDT (3.46) followed by Bag-CDT (3.44); Dag-CDT (3.4); CDT
(2.88), and MBAB-CDT (2.66), which clearly indicated higher degree of reliability of ABM-CDT and
Bag-CDT algorithms.

Analysis of the results of �ash �ood susceptibility maps shows that the Tafresh city area, which
is located in the Tafresh watershed, belongs to very high susceptibility class. This is due to rapid
development and expansion of the city area by encroaching topographically vulnerable areas to �ash
�oods. Moreover, construction of buildings and roads in urban areas resulted in the increase of surface
areas of impermeable structures and thus less in�ltration and more runo � , causing �ash �oods in the
event of intense rainfall during short periods [ 40,126,127]. The results of �ood susceptibility zoning in
Tafresh watershed showed that the southeastern parts have high to very high susceptibility to �ash
�oods. The most important causes of �ood susceptibility in these areas are related with anthropogenic
activities causing drastic changes in catchment morphology, such as leveling of the land, altering the
natural drainage, and increasing the impervious surfaces in the city. This has exacerbated the risk
of �oods and �ooding of the infrastructure facilities thus increasing the potential threat to life and
�nancial losses.
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(a) (b) 

(c) (d) 

(e) 

Figure 10. Flash �ood susceptibility maps of the models: ( a) ABM-CDT, ( b) Bag-CDT, (c) Dag-CDT,
(d) MBAB-CDT, and ( e) CDT.
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Figure 11. Analysis of performance of flash flood susceptibility maps using different models. 
Figure 11. Analysis of performance of �ash �ood susceptibility maps using di � erent models.

7. Concluding Remarks

In �ash �ood management studies, it is required to use accurate �ash �ood susceptibility maps by
governing bodies and the policy makers for better �ash �ood mitigation and systematic development
of the area. Since recent decades, a large number of methodologies have been developed to improve the
accuracy of such maps. In this study, we proposed �ve new hybrid machine learning computational
approaches to predict the possibility of �ash �ood occurrences in a studied catchment of Iran, where
devastating �ash �ood events are frequent. The proposed methods are four hybrid models: ABM-CDT,
Bag-CDT, Dag-CDT, MBAB-CDT, and single classi�er: CDT. To construct the �ash �ood map, in total
nine �ash �ood conditioning factors were taken into consideration to train and test the proposed
models. Correlation based feature selection method was used to validate and select the important
factors and also to asses relative importance of these factors for modeling of �ash �oods. Analysis
shows that the lowest AM value (0.007) is of distance to fault and the highest AM value (0.608) is of
distance to rivers. Distance to faults was then removed from the datasets for the �ash �ood modeling.
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Therefore, in the present study, we have considered only eight factors (distance from river, aspect,
elevation, slope, rainfall, soil types, land use, and lithology) in the modeling.

The results show that performance of all the studied models in terms of accuracy was good as
these models show very low RMSE values and a high percentage of AUC. Results indicate very high
AUC value during both training phase (ABM-CDT = 0.995; Bag-CDT= 0.972; Dag-CDT = 0.958;
MBAB-CDT = 0.983; and CDT = 0.933) and testing phase (ABM-CDT = 0.96; Bag-CDT = 0.93;
Dag-CDT = 0.95; MBAB-CDT = 0.933; and CDT= 0.90). Among all �ve models, ABM-CDT shows the
maximum level of accuracy compared with other models. Evaluation of the FR data of the historical
�ash �ood locations and generated �ash �ood maps was done for the very high susceptible pixel
class. The maximum frequency ratio was observed for ABM-CDT (3.46), followed by Bag-CDT (3.44);
Dag-CDT (3.5); CDT (2.88), and MBAB-CDT (2.65) which clearly indicated higher degree of reliability
of ABM-CDT and Bag-CDT algorithms. The models, as an outcome of the study, would also help
in the development of accurate �ash �ood susceptible maps in other watersheds of Iran. However,
in the model studies, physical link between cause and e� ect is to be maintained considering local
geo-environmental and hydrological factors for better �ash �ood prediction and management.

In this study, we performed a systematic analysis using multisource geospatial data; a signi�cant
number of limitations still exist in this study about data con�guration. We have used 12.5 m spatial
resolution ALOS-PALSER DEM which is freely available; a higher resolution DEM can provide a more
reliable �ood map which may be more useful for the practical use of �ood mitigation. In addition,
feature selection method such as Information Gain should be applied to evaluate the importance of
input factors used for better investigation and application of the machine learning models. Furthermore,
despite employing robust methodologies, our study area is local in nature. Therefore, this study is
required to be extended to other places for the evaluation of its practical application in di � erent terrains
and environments.

In this study we did not consider dynamic changes which may be induced by human activities in
the form of land use changes, topography alteration, infrastructure development, as well as climate
change. These changes may a� ect the natural hydrological cycle and thus the pattern of �oods,
in particular of �ash �ood in urban areas impacting the life and property of communities a � ected.
Another limitation of the model study is the lack of dynamic consideration of changing parameters
related with physical changes, �ow levels, direction, erosion, sedimentation, blocking of the drainage
system, etc. on �ood simulation and its causative e � ect on land development and �ood management.

However, there is a great scope for further research related with the assessment, prediction,
and mapping of �ash �oods by applying other combinations of hybrid arti�cial intelligence
models in di � erent areas using high resolution geo-spatial data for better production of �ash �ood
susceptibility maps.
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Abstract: Urban �ooding, caused by unusually intense rainfall and failure of storm water drainage,
has become more frequent and severe in many cities around the world. Most of the earlier studies
focused on overland �ooding caused by intense rainfall, with little attention given to �oods caused
by failures of the drainage system. However, the drainage system contributions to �ood vulnerability
have increased over time as they aged and became inadequate to handle the design �oods. Adaption
of the drainages for such vulnerability requires a quantitative assessment of their contribution to
�ood levels and spatial extent during and after �ooding events. Here, we couple the one-dimensional
Storm Water Management Model (SWMM) to a new �ood inundation and recession model (namely
FIRM) to characterize the spatial extent and depth of manhole �ooding and recession. The manhole
over�ow from the SWMM model and a �ne-resolution elevation map are applied as inputs in FIRM to
delineate the spatial extent and depth of �ooding during and aftermath of a storm event. The model
is tested for two manhole �ooding events in the City of Edmonds in Washington, USA. Our two
case studies show reasonable match between the observed and modeled �ood spatial extents and
highlight the importance of considering manholes in urban �ood simulations.

Keywords: manhole �ooding urban �ooding; grid-based modeling; SWWM; FIRM

1. Introduction

Flooding is one of the most frequent weather-related natural disasters and a � ects many people
around the world every year [ 1]. Major �oods often cause signi�cant impacts to communities and
economies [1,2]. For example, in the United States alone, �ood damages cost $260 billion (USD) per
year from 1980 to 2013 [3]. The National Flood Insurance Program (NFIP) paid on average $2.9 billion
a year between 2000 and 2018 [4]. Similarly, �ooding caused more than 700 fatalities and at least ¿25
billion economic losses in Europe between 1998 and 2004 [5]. Global warming is expected to lead
to more frequent extreme precipitation events, increasing �ood hazards in many cities around the
world [ 2,6,7].

Despite the severe damages that �ooding can induce, �oods are an important part of life in various
regions of the world where people have been adapting for centuries. They support riparian ecosystems
dependent on �ood inundated zones [ 8], and they are the principal source of groundwater recharge in
many arid and semi-arid settings [ 9–14]. The negative impacts of �oods, however, are considerable,
and are mostly associated with the unexpected magnitudes and frequencies of �oods, which are
connected to climate change, rapid expansion of urbanized areas, and inadequate and aging urban
drainage systems [2,15–20].

Urban �ooding and associated damages to properties account for 73% of the $107.8 billion total
damages caused by �oods from 1960 to 2016 in the United States [21]. Thus, accurate �ood monitoring
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and estimation are essential to reduce �ood impacts and vulnerabilities while supporting urban
planning and ecosystems.

The spatial and temporal characteristics of �oods in urban areas are complex due to the widespread
change to the land uses [22], which introduces micro-urban features such as buildings, roads and
drainage networks [ 23,24]. The speci�c urban infrastructures that a � ect �ood form a storm event
includes the type and geometry of building, garage ramps, light wells, pillars, and yards at or just
beneath the ground surface [25,26]. Overall, it is an established concept that an increase in impervious
areas and connected conveyance systems in urban areas increase peak discharges and volumes [27,28].
However, �ood mitigation and management requires detailed information about the spatial extents
of �oods, their water levels (i.e., �ood depth), and �ow velocities [ 29]. Such information is often
impractical to measure directly. Consequently, empirical and hydraulic models are widely used to
estimate these parameters [29–31] and assess associated �ooding risk [18,32–36].

Although hydrological modeling can simulate both surface and subsurface processes adequately at
a watershed level, most of them are unable to simulate urban �ooding accurately [ 37]. This is partly due
to the di � culty of de�ning model boundary conditions and the complex nature of �ood propagation
in urban areas. In addition, most �ood inundation models lack the potential contribution of manholes
over�ow to the �ooding. The majority of these models are commercial (e.g., MIKE FLOOD, XPSWMM,
and FLO2D), and are not accessible for most users. They are complex, require a large number of
datasets, and computational resources, which make them ine� ective for most applications [ 29,38].
Thus, simpli�ed �ood inundation modeling techniques are commonly used to determine the spatial
extent of �ooding in urban areas [ 37,39]. These models only require a digital elevation map and
mathematical representation of �oodwater propagation in a given area [ 40]. These models were used
to identify the potential �ood-prone regions during a given storm event, but not the aftermath of the
�ood event. Furthermore, the simpli�ed models often do not simulate the watershed and the drainage
system. Consequently, coupling hydrologic models, one-dimensional (1D) hydrodynamic models,
and simpli�ed �ood inundation models are gaining attention as an alternative approach to simulate
�ood inundations in urban areas [ 29].

Despite well-documented e � ects of manholes on urban �ooding [ 19,20,37,41,42], there exists
relatively limited research [ 43–47] that directly incorporate manhole over�ow in simulations of urban
�ooding. Chen et al. [ 48] used coupled surface and sewer �ow modeling and found approximately 2
m surge �ow from manholes. Leandro and Martins [ 43] used a two-dimensional (2D) �ood inundation
model to simulate bi-directional �ow interaction between sewer and overland �ow, to estimate the
volume of sewer serge from manholes ranging from 15,992–18,404 m3 and a maximum possible depth
of 0.8 m. Son et al. [44] coupled a one-dimensional storm water management model with a 2D overland
�ow model from a manhole overland �ow with a maximum overland �ow, ranging from 2–5 m 3/s at
di � erent manhole locations, and estimated a 0.9 m �ood depth and 2.5 m /s �ood velocity. Jang et al. [ 46]
used a coupled one-dimensional sewer �ow with the two-dimensional overland �ow and estimated
manhole over�ow depth up to 2 m. Seyoum et al. [ 47] coupled 1D sewer and 2D dimensional �ood
inundation models to simulate urban �ooding and showed the combined �ood depth variations
from 0.3 to 0.8 m in their study area. Manhole over�ow is a critical issue in urban areas, yet their
contribution to �ooding is not well understood. Most hydrodynamic models assume that excess
water will pond around the manhole and return back or will be lost from the system after the �ood
recedes [49]. Major cities have aging infrastructures and drainage systems designed and built more
than a decade years ago [50]. These systems are increasingly underperforming due to their design
assumption of stationary storms and �ood events [ 51,52]. This assumption often causes inadequacy to
handle the rising �ood risk caused by increased storms and impervious layers.

The main objective of the study is to develop and test a new �ood inundation and recession
method (FIRM) that can readily be used to simulate excess �oodwaters generated from manholes.
The United States Environmental Protection Agency (EPA)-Storm Water Management Model (SWMM)
is commonly used to simulate the complex hydrological and hydraulic processes in urban areas, but it
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does not have the con�guration to simulate �ood inundation and recession from manholes over�ows.
Our method uses manhole overland �ow volumes and depths from SWMM output and digital elevation
data of the study area to simulate �ood inundation, recession, and depth. The �ood inundation model
uses the �at-water assumption to distribute the over�ow. The recession model uses the location of
manhole and surrounding topographic variation to determine whether the inundated region is going
to drain to the manhole or pond in localized regions. The model was tested using a synthetic case study
and a �ooding event in Edmonds, an urban region in Washington State. Since the inputs (elevation
and over�ow) and outputs (�ood area and depth) are known, the synthetic case study was used as a
proof-of-concept to validate the model accuracy before applying it to a real-world problem. It allowed
us to test the model performance using di � erent scenarios under variable hypothetical case studies.
For our Edmonds case study, previous study reports, social media, and news reports were used to
delineate the �ood boundary (i.e., used as observational data). The �ooded area estimated by FIRM
was compared against the reconstructed �ood area visually and using statistical measures to evaluate
our model's ability to identify areas that were �ooded versus dry during the actual �ood event.

2. Methods

This section details (a) the hydrodynamic model “SWMM” applied to Edmond case study
(Section 2.1), (b) the model domain, calibration, and validation (Section 2.2), (c) the simulation of
manholes' over�ow and recession using FIRM (Section 2.3), and (d) the evaluation of the FIRM
performance using statistical measures (Section2.4).

In addition to the synthetic case study used for proof-of-concept, the FIRM was applied to
simulate manhole �ooding in the city of Edmonds. The SWMM model domain was discretized into
detailed sub-catchments to incorporate key hydrologic and hydraulic components. Three years of
sub-daily rainfall and lake level data were used to develop and calibrate the model using the automated
di � erential evolution optimization methods [ 53]. The SWMM model was validated against a one-year
simulation. Following the SWMM simulation, we simulated the spatial extent and depth of �ood
inundation and recession from �ooded manholes. A high-resolution digital surface model (DSM) was
used due to its detail information of surface features, including infrastructures. Unlike to the digital
elevation map (DEM), the DSM contains surface elevation and surface features [54].

2.1. Hydrodynamic Modeling Using SWMM

SWMM is one of the most widely used hydrologic and hydraulic models in urban settings [ 55]. It
is capable of simulating event-based or continuous rainfall-runo � processes that are useful for both
water quality and quantity analyses in urban areas [ 56].

SWMM uses spatially distributed and temporally discrete processes to simulate the hydrological
and hydraulic state variables [ 49]. As the simulation progresses, the state variables will be updated
and stored as follow.

Xt = f(Xt� 1, It , P), (1)

Yt = g(Xt , P), (2)

where f and g represent the functions that calculate and update the state and output variables
respectively. Xt represents state variables (such as �ow rate and depth in a drainage network link), Y t

represents output variables (such as runo� �ow rate at each sub-catchments and outlet), P represents
the constant parameter, It represents input variables (such as rainfall and temperature) at a given time.

The hydraulic simulation of SWMM involves water and contaminants transport through the
conveyance portion of the drainage network. External �ow sources entered the drainage network
using in�ow nodes and transported through pipes and storage components and �nally exit at out�ow
nodes [49]. The �ow equation through links can be solved using the dynamic and kinematic wave
routing equation. The dynamic wave analysis uses the Saint-Venant �ow equation, whereas the
kinematic wave method uses the simpli�ed form of the momentum equation to estimate the �ow
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condition though the conveyance system [ 49]. The dynamic wave analysis has advantages in simulating
gradually varied �ow conditions, such as surge, in the drainage systems. This results in having the
dynamic wave method, to have di � erent pressure and friction force part of the momentum. We used a
dynamic wave routing method to simulate the gradually varied �ow in urban drainage system.

2.2. Manhole Overland Flow Inundation and Recession Modeling

SWMM considers over�ow from manholes as either surface ponding for a certain period and
return back to the drainage or lose from the system [ 49]. However, these approaches do not allow for
direct estimation of the associated �ood spatial and temporal extents. Besides, all the overland �ow
generated from the node does not necessarily return to the drainage, as some will recess, and others
might be isolated from the manholes and ponded in depressions. In this study, we developed a
simpli�ed grid-based �ood module to propagate and recess over�ow from and to a manhole spatially.
The module requires a gridded surface elevation map, locations of manholes, and total over�ow
volume and depth at the manholes. The �ood inundation computation assumes that (i) water �ows
from a higher elevation to lower elevation because of gravity, (ii) water spreads spatially by maintaining
its level surface (`�at' water assumption), and (iii) �ood �lls �rst the nearest and connected cell with
the lowest elevation. The module estimates both the �ood depth and spatial extent by propagating the
excess pressurized water from the manholes to the surrounding areas according to the topographic
variations. A high-resolution (1 m � 1 m) digital surface terrain from Light Detection and Ranging
(LiDAR) was used to capture the �ooding extents accurately.

The �ood recession module uses the location of manholes, the areal extent of the �ood, as well as
topography of the region to determine the aftermath of the �ooded area. The �ood recession method
assumes that all �ooded cells drain back to the manholes if there exists a �ow path connecting them to
the manholes; otherwise, it will remain ponded. Some of the �ooded water in the local depressions
can be disconnected from the manhole and will not fully be drained. Otherwise, the ponded locations
can be distant from the manholes due to the topographic barrier.

2.2.1. Manhole Overland Flow Inundation Modeling

Our simulation of �ood inundation is based on the elevation variations in neighboring cells.
Starting from the cells containing the �ooded manhole, �oodwaters propagate to neighboring cells if
the cell elevation is lower-than and connected-to a �ooded cell. We used the D8 neighboring algorithm,
which evaluates the elevations of the eight adjacent neighboring cells to each �ooded cell, to determine
the preferred �ow direction (Figure 1). The �ooded cells will maintain level �ood surface and expand
spatially as the lowest elevations are �lled with available excess water. For multiple manholes overland
�ow, iterations are used to distribute all the over�ows by maintaining the level �ooded surface.

Before the �ooding starts, the area is assumed dry, or the �ood depths at each grid cell are known.
Once the manhole over�ow starts, the �oodwater inundates neighboring and connected grid cells that
have lower elevations (Figure 1). This inundation process will stop when the excess overland �ow is
completely allocated, and no water left to inundate the next dry cell. The �ood inundation calculation
is performed based on three main cases. In the �rst case, if the manhole cell elevation is smaller than
that of the neighboring cells, the over�ow will accumulate in the manhole cell until it reaches the
minimum elevation of the neighboring grid cell. Once the over�ow surface elevation exceeds the
minimum elevation of a neighboring cell, the water will propagate spatially as long as there is enough
over�ow. In the second case, if the elevation of the manhole is higher than the elevations of neighbor
cells, the over�ow will be allocated automatically to the neighboring cells regardless of their slopes but
maintaining level �ooded surface. In the third case, if the elevation of the manhole is the same as the
elevation of any neighboring cell, the excess water will be distributed equally among cells with the
same elevations.
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 Figure 1. Schematic representation of the �ood inundation modeling from one-manhole (the circle with
cross) for di� erent amounts of manhole over�ow: ( a) 1 unit, (b) 11 units, (c) 17 units, and (d) 46 units.
The numbers inside the unshaded and unshaded grids represent surface elevation and �ood levels,
respectively. Dashed line represents the pro�le line.

Figures 1 and 2 show a schematic representation of �ood inundations caused by over�ow from one
manhole and two manholes respectively. When the �ood surface (surface elevation plus inundation
depth) exceeds the elevation of the surrounding cells, the water will start to �ow to the cells with the
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lowest elevations. As the overland �ow increases, the neighboring cells will be gradually �ooded
while maintaining level �ood surface. For example, when the overland volume is 49 units (Figure 1d),
the extent of the �ood coverage is �rst determined, based on the amount of the overland �ow and
elevation, and then the �oodwater is distributed iteratively among the grids within the �ooded
area to maintain level �ood surface. This iterative process considers the available �ood volume,
and recursively �lls the next small neighboring cells.

��

��

��

Figure 2. Schematic diagram showing �ood inundation from two manholes (the circles with cross) for
di � erent amounts of manhole over�ow: ( a) 22 units from the left manhole and 19 units from the right
manhole, (b) 110 units from the left manhole and 111 units from the right manhole. The numbers inside
the unshaded and unshaded grids represent surface elevation and �ood levels, respectively. Dash line
represents the pro�le line.

Not explicitly considering the slope and land covers are the main limitation of the presented �ood
inundation approach. Similar to other grid-based hydrological and hydraulic modeling, the DSM
resolution poses a high level of uncertainty in the model representation. Thus, the use of �ne-resolution
DSM and surface maps are critical for estimating the �oods from manholes accurately [ 37]. For this
study, we have used a one-meter resolution Light Detection and Ranging (LiDAR) DSM obtained from
Washington State Department of Natural Resources. The model and the test cases do not include
manhole inundation caused my previous storm and overland �ow the drainage. Thus, we assumed
dry terrain prior to the over�ow from the manholes. However, in most cases, as the reviewer correctly
stated, the manholes and their surrounding areas might already be �ooded before the over�ow. One
simple modi�cation is to adjust the terrain elevations for the inundation depth and then simulate the
manhole over�ow on top. Such an approach may work if the inundations surrounding the manholes
that resulted from the previous storm were stationary, and have known �ood depths. However, in most
cases, the overland and over�ow inundations from the drainage area and manholes, respectively,
happen simultaneously, requiring a coupled simulation of both inundations.
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2.2.2. Recession Modeling Associated with Manholes

Similar to the overland �ow inundation, the �ood recession to a given manhole considers the
elevations of the surrounding grid cells and their connectivity to the manhole. For any given cell,
the �ooded water above the elevations of the adjacent grid cells will drain to the manhole if a �ow path
exists. Otherwise, it will remain ponded in the depressions. For example, when a manhole elevation is
higher than the neighboring cells, only partial recession will occur. Starting from the manhole cell and
expanding outward using the D8 algorithm, the recession model identi�es �ooded cells and drain
them completely if their elevations are above one of the eight neighboring cells. Else drains part of the
�ooded water above the minimum elevation of the eight neighboring cells. As the grid cell expand
spatially by searching adjacent eight neighboring, the connectivity of the target cell and the neighbor is
traced using a �ow path algorithm. For each �ooded cell, the �ow path algorithm detects the presence
of any possible �ow path to the manhole.

Figure 3shows examples of �ood recession based on single and multiple manholes. The result from
the �ood inundation estimate is given in Figure 3a. It is assumed that when rainfall ceased, the holding
capacity of the drainage system decreases, and overland �ow starts to recess toward the manholes.
Figure 3b,c illustrate how �ooded surfaces are recessing for a single and two manholes scenarios.
The recession associated with a single manhole (Figure3b) indicates two regions of ponding—one next
to the manhole and another away from manhole caused by local topographic barrier. The ponded
regions away from the manhole are not connected to the manhole hydraulically. The second case
introduced an additional manhole in the depression region, and thereby the �ood can be drained by
the two independent manholes. The left manhole recess similarly as Figure 3b. The second manhole
drains the ponded �oodwater caused by a topographic barrier (Figure 3c).

��

Figure 3. Schematic representation of �ood recession processes from a single and multiple manhole.
(a) Represent the areal extent and pro�le section of the �ooded regions, ( b) represents the areal extent
and pro�le of �ood recession for a single manhole, and ( c) show a recession surface and pro�le after
drained by two manholes.

2.3. Study Site: The Hall Creek Watershed

The Hall Creek watershed is an urban watershed (Figure 4), containing four major cities near
Seattle, WA. These cities are Edmonds, Esperance, Lynnwood, and Mountlake Terrace, which are part
of the northern Seattle–Tacoma–Bellevue metropolitan region. The predominant land cover type in the
watershed is a developed urban region, which accounts for 96% of the land cover. The rest is covered
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by forest and water bodies (Figure 4b). The watershed is frequently a� ected by prolonged storm and
�ooding events.

��

 
(a) 

 
(b) 

Figure 4. Hall Creek watershed showing ( a) buildings, drainage network, and the surface elevation as
a background, and (b) land cover map.

The Hall Creek is intermittent and drains toward Lake Ballinger. It is the main tributary to the
Lake Ballinger [ 57,58], which discharges to the downstream McAleer Creek. The creek does not have a
monitoring discharge and stage data. Since the lake level is highly in�uenced by storm events (Figure 5)
and the �ow from the Hall Creek, the available level data were used to calibrate the SWMM model.

��

Figure 5. Time series of the Lake Ballinger level and precipitation in the watershed.

The �ooding in the study area is mostly caused by storm events, while the urban area and street
intersections are often a� ected by manhole over�ow. For example, during the 19 September 2016 storm
events, two manholes over�owed and caused �ooding in the surrounding area. This �ood event was
used to validate our �ood inundation and recession methodologies. One of the manholes �ooded areas
across a highway (Case 1), while the other caused �ooding alongside the highway (Case 2) (Figure 6).
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Figure 6. The location of the two manholes, which cause �ood along a street (Case 2) and across a street
(Case 1).

2.3.1. Data

High resolution observed meteorological data (obtained from the King County's watersheds and
rivers database) and sub-hourly lake level data (obtained from the city of Edmonds) were used to
develop the SWMM model. Surface elevation from a one-meter resolution LiDAR data (obtained from
Washington State Department of Natural Resources) were used for the �ood inundation and recession
modeling. We have extracted the conveyance network system of the city of Edmonds and Mountlake
Terrace from their respective Geographical Information System (GIS) Department. We have identi�ed
the type, location, and possible �ow direction of the sewer system. The land cover data were obtained
from the US Department of Agriculture and were used to estimate the percentage of impervious layer.
For the purpose of calibration and validation of the FIRM model, the observed �ood boundaries are
delineated using related images (Figure 6) and texts from social media users (such as locations). We
used Google Earth and high-resolution LiDAR data to determine the relative topographical variation
and delineated the inferred �ood boundary by considering 360-street and panoramic view. We also
used the city of Edmonds GIS-dataset to correlate the inferred �ood boundary and building footprints
to check if there exists a mismatch between the building blocks and the street boundaries.

2.3.2. SWMM Model

The SWMM model was discretized into 32 sub-catchments based on the hydrological and drainage
network criteria. These criteria include percent of land cover, slope, availability of conveyance
network system, and percent of impervious layers. A 5% of land use, slope, and soil type is used to
subdivide the catchment. The sub-catchment layer, conduit layer and node layers are used for urban
watershed discretization. After the watershed was discretized, the external inputs such as precipitation,
temperature, and evapotranspiration were extracted and applied for each sub-catchment. The hydraulic
properties of manholes, storage, ditches, culverts, and other structures were incorporated. There are
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total of 106 manholes, one storage, and 108 nodes connected by conduits in the study area. Only 40%
of the manholes were considered in our study based on consideration of data availabilities and the
computational requirement of the SWMM model. The Hall Creek �ux are represented using SWMM's
in�ow package. Despite the reasonable performance of our model in representing the hydrology and
hydraulics of the study area (Section 3.1), not considering all the hydraulic structures in our model
might have introduced some level of uncertainty that need for a further study. SWMM simulations can
take hours if the model domain is large and accompanied by detailed complex hydraulic structures
and sub-daily meteorological and hydrological input variables. The model simulation was conducted
using the “swmmr” R-package [ 55].

Model calibration can be performed using either manual or automated method [ 59]. In this study,
we used both methods of calibration to ensure usage of their advantages. First, we used manual
calibration to identify sensitive parameters. The sensitive parameters was then further calibrated using
di � erential evolution (DE) method, which �nds the global optimum parameters values for continuous
and di � erentiable functions [ 60], based on successive generation and transformation of the parameters
values under a given �tness-measured criteria [ 53]. The DE requires de�ning parameters upper and
lower bounds, objective function, and the lower or the upper optimal solution goal. The algorithm
starts by randomly dividing the parameters values in to three distinct populations. The parameters
values from each population are then combined to generate the next sets of populations that minimize
the objective function. To ensure global optimal solution, the algorithm uses mutation to include
non-optimal parameters values in the new populations [ 53]. The evolution continues until it meets the
objective function criteria.

Due to the lack of discharge observational data for the Hall Creek, the model calibration and
validation were performed based on the lake level �uctuation of Lake Ballinger, which is located at
the outlet of the creek. Since the creek is a main feed to the lake, the lake level �uctuations re�ect
the changes in the creek discharge. The model calibration includes the initial condition of the model,
which enables to determine the calibration parameter ranges, and optimization of the parameters using
di � erential evolution optimized method [ 61]. Nearly three (2.7) years of data were used to calibrate
the model, and one-year of data were used for validation.

The initialization was used to identify sensitive parameters and their respective parameter ranges.
The model was then optimized using the di � erential evolution method, namely the “DEoptim”
packages [61]. Di � erential Evolution (DE) is a genetic algorithm that �nds global optimum values for
continuous and di � erentiable functions [ 60] based on successive generation and transformation of the
parameter sets [53]. The DE requires parameters for upper and lower bounds and an objective function
for the optimization. During each evolution, in addition to identifying the better parameter sets (or
population), the algorithm also introduces a random change to those parameter sets to ultimately get
the global optimal parameter values.

The model simulation includes spin up, main (calibration), and post-audit (validation)
simulations. Fitness measure statistics, including Nash–Sutcli� e e� ciency (NSE), percent bias
(PBIAS), root-mean-square error (RMSE), ratio of the RMSE to the standard deviation of measured
data (RSR), and Kling–Gupta e� ciency (KGE) were used to evaluate the model calibration results.
The NSE compares the variance of the residuals (or �tting di � erence) with the variance of observed lake
levels [62]. The PBIAS measures the average residuals or deviations of model results from observed
lake levels [63]. The RMSE measures how spread out these residuals from the model results. The RSR
is a normalized RMSE by the standard deviation of the observed lake level [ 64]. The KGE uses the
idea of diagnostic decomposition, where the NSE is breakdown into three components (the relative
importance of correlation, bias, and variance di � erence) [63,65]. The KGE ranges from negative in�nity
to one, with the optimal model prediction having the KGE value close to one.

Where Yobs is observed, Ysim is simulated, Ymean is the mean of the observed lake level change, r is
correlation coe� cient between the modeled and observed lake levels; 
 is a ratio between the standard
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deviation of modeled and observed lake levels and � is a ratio between the standard deviation and
mean of the modeled and observed lake levels (Table 1).

Table 1. Representing statistical model performance criteria.

Statistics Ranges Optimal Value
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Manhole over�ows were extracted from the calibrated SWMM model and were used as input
for the FIRM simulation. The spatial extent of the model is compared to the observed �ood regions.
Since there was no direct measurement of �ood spatial extent and depth, the observed �ood area was
reconstructed based on pictures of the area taken during the �ood event and obtained from social
media twitter. The social media information includes both pictures, texts, and street names, allowing us
to identify the exact locations and extent of the �ood. The previous reports in the cities also indicated
that there had been multiple incidences of pluvial �ooding near side roads and along intersections.
This information was used to delineate the observed �ood region, which was then used to validate the
�ood inundation model. The process of �ood boundary delineation is depicted, in Figure 6, which
show how the �ooded region in the study area was extracted from social media outlets. The images and
the text by users are used to identify the exact location of the �ooded regions. We used google-earth
and high-resolution LiDAR data to determine the relative topographical variation and delineated
the inferred �ood boundary by considering 360-street and panoramic view. We also used the city of
Edmonds GIS-dataset to correlate the inferred �ood boundary and building footprints to check if there
exist mismatch between the ground and the street boundaries.

2.4. Model Inundation Accuracy

The model's ability to detect the spatial accuracy of the �ood extent was evaluated based on
the true positive rate (TPR), the positive predictive value (PPV), the modi�ed �t (MF), and the
modi�ed bias (MB) methods. The TPR and PPV are derived from the confusion matrix [ 17], which is
a 2-by� 2 matrix containing the TPR and PPV for gridded simulated and observed �ood conditions
(Table 2). These statistics were used recently to assess the �ood inundation model performance
in [ 39,66,67]. TPR measures how well the modeled �ood region replicates the observed �ood boundary.
The maximum TPR (100%) represents that the model fully captures the observed �ooded regions.
The TPR indicates the model tendency to under-predict the �ood hazard [ 39,66,67]. PPV measures
how well the model captures �ooded in the model but dry in observation. The value ranges from 0%,
indicating over prediction of the �ood extent, to 100% for accurately captured the observed boundary.

TPR =
TP

TP + FN
� 100, (3)

PPV =
TP

TP + FP
� 100, (4)
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Table 2. A confusion matrix for �ood performance.

Flooded in Observed Boundary Dry in Observed Boundary

Flooded in FIRM True �ood (TP) False �ood (FP)
Dry in FIRM False dry (FN) True dry (TN)

Flood inundation and recession model (FIRM); true positive rate (TPR); the positive predictive
value (PPV); true positive (TP); false negative (FN); false positive (FP); true negative (TN).

Where TP represents the �ooded regions in both the observation and model simulation,
FP represents the �ooded region in the model but dry in the observation, and FN represents regions
�ooded in reality (i.e., in observation) but simulated as dry. The TPR and PPV percentages represent
the overlapping rate between simulated and observed �ood areas. Higher percentage values of TPR
and PPV indicate higher accuracy of the �ood inundation model. The two statistics must be used in
combination to measure the accuracy of the model since they each evaluate the di� erent performance
of the model. Speci�cally, the TPR and PPV measure how well the model captures the observed �ood
and �ooded pixel that are dry in observation, respectively. For example, the TRP value can be 100% if
the model captures all the observed �ooded cells even though it may also consider some dry cells as
�ooded (refer to Equation (3)). Similarly, the PPV value can be 100% if the model captures all the dry
cell even though it may also consider some �ooded cell as dry.

Other methods of model performance evaluation are �t and bias indicators, which are also
commonly used for �ood inundation modeling [ 40,44,68–70]. Previous studies used both �t and bias
indicators to compare �ood inundation extents between di � erent models. For this research, we infer
observed �ood extents based on street photos taken during the actual �ood event and compare them
with the �ood inundation results from our model. The modi�ed �t indicator is calculated based on
overlapping areas between observed and simulated inundated areas. The indicator ranges from 0%
to 100% for poor and ideal model performances, respectively. While the modi�ed bias indicates the
overall di � erence between the simulated and observed �ood extents. Positive and negative modi�ed
biases indicate an overestimation and underestimation of �ood extents by the model, respectively.

Modi�ed �t =
TP

TP + FP+ FN
� 100, (5)

Modi�ed bias =
� TP + FP
TP + FN

� 1
�

� 100, (6)

3. Results and Discussion

3.1. SWMM Model Calibration and Validation

We compared simulated versus observed lake level changes, and show our model captures the lake
level �uctuations reasonably well (Figures 7–9). The main objective of the SWMM simulation was to
estimate the �ood condition in Edmonds from the 19 September, 2016 storm event. For model stability
and to represent preexisting hydrological conditions such as soil moisture content, we considered
ten months (from 1 August, 2015 to 31 May 2016) of simulation as a spin up. The model calibrated
using data from 1 June 2015 to 31 January 2018; and validated using data from 1 February, 2018 to 10
January 2019. After the sensitivity analysis using the manual calibration, we identi�ed �ve parameters
for model calibration. These includes the imperviousness percentage, width, roughness coe� cient,
depression storage, and the hydraulic conductivity of the soil. The calibration is performed in the
DEoptim R-package. Table 3 indicates the upper and lower limits of the model parameters used in the
calibration process.
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Figure 7. Daily and monthly simulated and observed lake level change for the calibration period.

��

Figure 8. Daily and monthly simulated and observed lake level change for the validation period.
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Figure 9. Scatter plots of observed and simulated lakes level during the spin up ( a), calibration (b),
and validation ( c) periods. The lines are the linear regression �t with 95% con�dence intervals.

Table 3. Model parameters upper and lower limits, as well as their optimal values.

Parameters Lower–Upper Bound Optimal Values

Impervious (%) 25–90 70
Width (m) 150–300 152

Roughness (� ) 0.01–0.03 0.012
Depression Storage (mm) 1.2–5.2 1.78

Hydraulic Conductivity (mm /h) 0.1–3 0.11

Figures 7 and 8 shows the comparison of the model simulation and observed time series plots for
daily and monthly average lake level change for the calibration and validation simulation periods,
respectively. The �gures demonstrate that the lake level changes as a result of storm events were
reasonably captured for the calibration period. The validation results for both daily and monthly
observed and simulated lake levels show the ability of the model to predict beyond the calibration period.

Figure 9 indicates the correlation between the observed and simulated lake level change for
spin-up, the main model simulation, and the validation period. The regression coe � cient (R2) is 0.42
for the spin up period, 0.83 for the calibration period, and 0.77 for the validation model simulation
period. The correlation coe� cients for the calibration and validation period also con�rm the model
captured the observed lake level reasonably well. The simulation was also evaluated using the NSE,
KGE, RSR, and PBIAS.

The statistical summary of the spin up, calibration and validation simulations results are presented
in Table 4. For the calibration and validation periods, the KGE are 0.91 and 0.88, respectively, while
the NSE is 0.82 and 0.67. These indicate satisfactory model performance. The RSR, which indicates
the variation in the residuals, is between 0 and 0.5. This is considered a very good performance [ 71].
The PBIAS values are also close to 0, which con�rm that the model simulates the observed water
level with minimal bias. Compared to the daily model performance, the monthly model performance
is improved.

Table 4. Model performance statistics to evaluate the Storm Water Management Model (SWMM) daily
and monthly lake water level simulations.

Simulation
KGE NSE RSR PBIAS Performance Rating [ 71]

Daily Mon Daily Mon Daily Mon Daily Mon Daily Mon

Spin Up 0.64 0.61 � 0.31 � 1.15 1.14 RSR � 0.10 � 0.10 Unsat * Unsat *
Calibration 0.91 0.96 0.82 0.94 0.43 1.39 0.00 0.00 V. good ˆ V. good ˆ
Validation 0.88 0.95 0.67 0.81 0.57 0.24 0.00 0.00 Good V. good ˆ

Kling–Gupta e � ciency (KGE); Nash–Sutcli� e e� ciency (NSE); ratio of the RMSE to the standard deviation of
measured data (RSR); percent bias (PBIAS); * Unsatisfactory; ˆ Very good.
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3.2. Flood Inundation and Recession

The spatial extent and depth of the �ood inundation were simulated for a pluvial �ood event
that happened on 19 September 2016 using FIRM. A detailed conveyance network system with
sub-daily meteorological data, such as rainfall data, were used to capture the �ood event using
SWMM continuous simulation. The FIRM simulate the �oods caused by over�ow from two manholes,
and its results were compared with the inferred �ood boundary (Figure 10). Figure 10 represents
the areal extent and depth of the �ood inundation at two locations. The red dot-line represents the
inferred �ood boundary, and the black point represents manholes. The color represents �ooding
depth. The �ne-resolution LiDAR data were able to identify detailed urban infrastructures, such as
building food prints, and streets. The FIRM was able to identify elevated urban infrastructures and
with low-lying streets. Overall, coupling both the 1D SWMM model with the 2D FIRM model was
able to delineate the spatial extent and depth of the �ood generated from manholes over�ow in the
study area.

��

 
 

Figure 10. Simulated �ood depth and extent (color maps) and observed �ood inundation boundaries
(red dotted lines). The areal extent and depth of �ood in Case 1 ( a) and Case 2 (b).

The �ood started from a given manhole and propagated spatially by �lling any neighboring grid
cells with lower elevations. As shown in Figure 10a, representing Case 1, the �ood is concentrated
across a highway going west to east. The topographic variations around the manhole are relatively
small, with the mean slope of the �ooded region being 1.2 degrees (Figure 11a). The �at slope,
particularly along the street, enables the overland �ow to inundate along the street perpendicular to
the main highway. Based on the FIRM result, the areal extent, maximum �ood depth and volume of the
inundation region is 2129 m 2, 0.6 m, and 710 m3, respectively. The depth of the �ood is controlled by the
local elevation and the amount of the excess overland �ow. The low-lying part of the street generally
has deeper �ood depth compared to the peripheral part of the �ood extent. Hence, the pavement is
often elevated compared with the street elevation. Another manhole �ooding in our study (Figure 10b,
Case 2) was used to evaluate the �ood inundation simulation. In this case, the manhole is located in
the steeper part of the street, where the average slope of the street is 5.2 degrees from the west to east
(Figure 11b). Consequently, the �ood is mostly concentrated along with the highway in the north and
south direction, and did not spread much laterally. The volume, areal extent, and maximum depth of
the �ooded region are 38 m 3, 426 m2, and 0.15 m, respectively.
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(b) 

Figure 11. Slope map of the two-�ooded regions considered in our study. Case 1 ( a) and Case 2 (b).

Based on the two cases, we observe that the �ood inundation model considers the spatial
heterogeneity of the surface feature to inundate, for example, �ood inundation algorithm was able
to di � erentiate building with streets (Figure 10a) and intersections of streets with varying slope and
elevation (Figure 10b). FIRM inundates the lowest level and cover wider area for a relatively gentle
region. Conversely, for the manhole located in a steeper region, the algorithm follows the preferred
�ow direction and inundate relatively smaller area.

To determine the �ood recession, we assumed that once the storm ceased and the pipe full capacity
decreased, the water eventually drains back to the conveyance system unless it is isolated from the
manhole because of depression storages. Accordingly, some of the inundated �oodwaters may recess,
while the remaining waters are left as ponding associated with local topographic barriers. The result
for Case 1 shows that most of the �oodwaters drain since the manhole is located at a lower elevation.
There is some ponded water away from the manhole due to possible topographic barriers between
the manhole and the �ooded areas (Figure 12a). Since the manhole is located at a lower elevation,
most of the �ooded water drained to the manhole. The volume, areal extent, and maximum depth
of the ponded region are 15 m3, 89 m2, and 0.17 m, respectively. For Case 2, the ponded water is
generally concentrated near the manhole due to the local topographical depression around the manhole
(Figure 12b). The �ood volume, the areal and depth of the ponded water decreases to 3 m 3, 85 m2,
and 0.06 m, respectively. The results showed the FIRM abilities to determine the maximum �ood
extent and the extent aftermath of a given storm. Each information is important to assess the �ooding
risk and associated potential short-term (�ood inundation) and long-term (�ood recession) impacts.
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Figure 12. Flood spatial extents aftermath of storm and �ood recession into the manholes for Case 1
(a) and Case 2 (b).

3.3. Model Inundation and Recession Accuracy

In addition to the visual comparison of the observed and simulated �ood areas, the model
performance evaluation for the inundation was carried out using statistical measures that compare
the simulated and observed gridded �ood areas. This enables us to identify and assess the model
performance based on how accurately the model predicted the observed �ooded and dry regions. We
adopted the TPR and PPV from [66] and used the modi�ed version of the �tting (MF) and bias (MB)
indicators from [ 44,70]. The model inundation extents are compared with the inferred observed �ood
boundaries that were extracted from photos of the �ood boundaries.

Table 5 shows the model performance indicators used to evaluate the �ood inundation model
based on the inferred �ood regions. The TPR for Case 1 (89%) indicates the model's ability to capture
the �ooded grid cells, while for Case 2, the TRP is 71%, indicating the model predicted a relatively
more �ooded region as dry land. Thus, the model under predict the �ood hazard in Case 2. The PPV
for Case 1 and Case 2 are found to be 95.4% and 97.25%, respectively. These indicate the model's
ability to capture the observed none �ooded cells. The MF of 85% for Case 1 indicates that the model
has better agreements with the observed �ood boundary compared to that of Case 2, which has MF
of 69.90%, indicating the existence of relatively large variation between the predicted and observed
�ooded regions. The negative values of the MB for both cases indicates that the �ooded regions in both
cases were underestimated. Overall, the relative errors are relatively higher for Case 2 compared to
Case 1. This is due to underestimating the �ood hazard in Case 2 compare with the observed boundary,
and possibly due lack of the FIRM to simulate the impact of direct rainfall during the �ood events or
lack to represent �ood water loses into the buildings.

Table 5. Statistical evaluations of the �ood inundation model based on inferred �ood area at the two
manhole locations (Case 1 and Case 2).

Inundation Model Performance Case 1 Case 2

True positive rate, TPR (%) 89.04 71.31
Positive predictive value, PPV (%) 95.44 97.25

Modi�ed �t, MF (%) 85.04 69.90
Modi�ed bias, MB (%) � 6.71 � 26.68

The low TPR values compared to the PPV values suggest that the �ood inundation model
underestimated the total �ooded regions for both cases; but predicted well the �ooded region within
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the observed �ood boundaries (Figure 10). The underestimation of the �ood areas might be due
to the model inundation algorithm not incorporating the additional �ooding resulted from direct
precipitation or generated surface runo � . The relatively poor performance of the model for Case 2
might also be due to the inundation algorithm limitation to incorporate direct additional �ood �ux
from upstream overland �ow into the �ooded regions. In addition, the relatively higher slopes in the
area, which facilities rapid overland �ow from the manhole toward the low elevated regions, may have
impacted the model performance. Moreover, the relatively better model performance for Case 1 might
be because of the relatively homogenous topography in the area, which is well represented by the 1-m
LiDAR data.

Coupling the FIRM model and hydrodynamic model with projected future storm scenarios may
help to identify areas that may experience future manhole �ooding. This modeling capability can help
to better assess �ooding risk, and improve designs of storm water drainage systems in �ood-prone
urban areas. To further improve the work, it is important to consider direct rainfall during storm
events and other sources or losses of �oodwaters (e.g., possible loses of �oodwater by draining into
the building or addition of excess runo � from rooftops), as well as the land cover and slopes.

4. Conclusions

We have presented e� ective �ood inundation and recession methodologies that use over�ow
from given manholes and topography of an urban region. We used the SWWM model to estimate
the volume of over�ow from manholes. In order to determine the associated �ood depth and
extent during and after storm events, we developed a �ood inundation and recession model (FIRM)
that uses high-resolution LIDAR elevation data. SWMM was developed on the basis of watershed
characteristics and the drainage conveyance network in the area. SWMM was calibrated using a
di � erential evolution optimization method and validated based on observed lake level data at the
outlet of the watershed. The manhole over�ows were extracted and used in FIRM to delineate the
spatial extent and �ood depths.

The spatial extent of the simulated �ood area was compared with the observed �ood boundary,
which was derived from social media pictures and reports from the cities. Two case studies, based on
�ood events in Edmonds, WA, were considered to evaluate the �ood inundation and recession model.
In these case studies, the �ood occurred across and along a main highway under di � erent topographical
characteristics. The results showed that the spatial extent of the �ood regions is highly in�uenced by
local topography and the position of the manholes. Particularly, the spatial arrangement of the manhole
and the slope of nearby areas are crucial for determining the spatial extent, spatial heterogeneity of the
�ood depth, and selecting preferential �ow paths to inundate low-lying areas. The model is able to
capture the �ood extent for manhole overland �ow in �uvial �ood events. Incorporating the direct
impact of rainfall on the �uvial �ood event can improve the representation of the physical process and
the accuracy of the model. As the �ood recession observation data are scarce, the performance of the
�ood recession model result was di � cult to quantify. Finally, proper understanding and representation
of the study area, the boundary condition, and engineering structures are important for the �ood
inundation and recession modeling associated with manhole overland �ow.

Regional authorities can utilize the presented model (FIRM) by coupling with existing
hydrodynamic modeling (e.g., SWMM) to quantify �ood hazard based on pluvial generated overland
�ooding and manholes induced �ooding in urban areas, where �ood mechanism is complex and
modi�ed by local infrastructures. FIRM can be used to estimate the areal extent and depth of �ood
caused by manholes overland �ow during a �ood event (�ood inundation) and after the event is
over (�ood recession). Because of the relative simplicity of the model and its uses of readily available
data, the model can be used for a real-time assessment of �ood progression and to identify potential
impact areas. The model's ability to simulate �ood recession will also allow identifying areas where
the �ooded water will remain ponded for days after the �oodwater subsides. The ponded water, or the
�oodwater not drained, can impact human health and properties. In addition to the real-time forecast
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of �ood inundation and estimation of the aftermath ponding condition for the existing drainage system,
the model can be used to design better a new or retro�t the current drainage system to minimize the
over�ow and ponding after the �ood events. The model can be used to assess the �ood condition under
multiple storms, watershed conditions, and drainage scenarios. It can contribute to our understanding
of climate change and appropriate engineering designs for mitigation.
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Abstract: Surcharging urban drainage systems are a potential source of pathogenic contamination of
�oodwater. While a number of previous studies have investigated net sewer to surface hydraulic �ow
rates through manholes and gullies during �ood events, an understanding of how pollutants move
from sewer networks to surface �ood water is currently lacking. This paper presents a 3D CFD model
to quantify �ow and solute mass exchange through hydraulic structures featuring complex interacting
pipe and surface �ows commonly associated with urban �ood events. The model is compared
against experimental datasets from a large-scale physical model designed to study pipe /surface
interactions during �ood simulations. Results show that the CFD model accurately describes pipe
to surface �ow partition and solute transport processes through the manhole in the experimental
setup. After validation , the model is used to elucidate key timescales which describe mass �ow rates
entering surface �ows from pipe networks. Numerical experiments show that following arrival of a
well-mixed solute at the exchange structure, solute mass exchange to the surface grows asymptotically
to a value equivalent to the ratio of �ow partition, with associated timescales a function of the �ow
conditions and di � usive transport inside the manhole.

Keywords: pollutant transport; hydraulic structures; urban �ooding; urban drainage; CFD

1. Introduction

Urban �ooding events can cause signi�cant economic and societal disruption. Numerous
studies [1–3] have suggested that the occurrence of �ooding in urban areas is likely to increase in the
future due to increased urbanisation and changes in precipitation patterns, making intense rainfall
events and the inundation of local drainage systems more common. The majority of urban �ooding
hazard studies focus on the economic damage, or direct risks to the public derived from hydraulic
modelling of the depth and velocity of �oodwaters resulting from historic or design rainfall events
(see, e.g., in[4,5]). However, an increasing number of studies have also considered the public health
risks of exposure to �ood water, which may take the form of long term mental impacts [ 6], or illness
from direct exposure of the public to contaminated �ood water. Urban �oodwater may contain a
mix of rainwater, stormwater runo � and waste/foul water from surcharging urban drainage systems
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and therefore may contain harmful bacteria [ 7,8]. For example, ten Veldhuis et al. [ 9] sampled and
analysed �ood water from three urban �ooding incidents in the Hague, the Netherlands in areas
served by combined sewers. In the study, values of intestinal enterococci and E. coliwere found to
be 1 to 3 orders of magnitude higher than values for good bathing water quality according to the EU
Directive 2006/7/EC.

Understanding the concentrations, transport and fate of harmful contaminants in urban
�oodwaters for e � ective health risk assessment is challenging [10]. Current state of the art urban
�ood risk models consider urban hydrological processes and utilise hydrodynamic principles
to route resulting �ows in both piped drainage and surface overland systems, with interaction
(i.e., mass transfer)nodes such as manholes or gullies, which are commonly represented by weir or
ori�ce equations [ 11–13]. Although �ood model calibration and validation is often di � cult due to a
paucity of full scale data, such tools are generally considered to give tolerable predictions of �ood depths
and are widely used for risk evaluation and asset management [ 14]. Recently,Mark et al. [ 15] developed
an approach to integrate an understanding of contaminant transport and health risk into �ood models,
utilising the 2D Advection Dispersion Equation to simulate the mixing and transport of wastewater
surcharging from drainage systems within overland surface �ow (assuming a constant pathogen
level within the surcharging �ow). However, such approaches can signi�cantly simplify a number
of processes concerning sources, transport, survival and transformations of harmful contaminants
(e.g., see in [10]). The number of additional terms and associated parameters required to account for
transport and fate processes exacerbate non-identi�ability and equi�nality issues which are a common
problem for complex integrated models [ 16]. To develop a more robust understanding of health
risks posed by urban �ood waters, detailed information is required concerning individual processes
associated with sources, transport pathways and life cycles of pathogens from sewer /drainage networks
to surface �ows and on urban surfaces. For example, recent studies have considered the behaviour
of waterborne pathogens on di � erent urban surfaces [17] and evaluation of pathogen levels in urban
rainfall runo � �ows [ 18].

However, as far as the authors are aware, no studies to date have considered the exchange
of contaminated material (in soluble or particulate form) from drainage /sewer networks to surface
�ows during �ood events via interaction structures such as gullies and /or manholes. Flows in and
around surcharging hydraulic structures are highly complex and three-dimensional, especially during
interactions with surface �ood �ows [ 19]. It is also likely that contamination concentrations within
urban drainage/sewer networks will vary signi�cantly as the proportion of stormwater and quantity
and nature of contaminated material (i.e., dissolved vs. entrained solids) within the network varies
during �ood events. Numerous studies have considered the mixing of soluble material in manhole
structures in the absence of interacting surface �ood �ows, demonstrating that mixing /transport
(and thus mass exchange) processes are sensitive to geometrical characteristics and poorly described
using commonly used simple models such as the 1D ADE which are commonly used to model
pollutant transport and mixing in piped networks (see, e.g., in [ 20,21]). More complex 3D CFD based
approaches have been shown to be able to quantify hydraulic and solute mixing processes in hydraulic
structures such as manholes [12,22–25]. However, to date such models have not been experimentally
validated in urban �ood situations which include complex interactions between piped and surface
�ows [ 19]. While such 3D models are too computationally expensive to be used in direct design or
network simulation, validated CFD models can be used to conduct experiments which may elucidate
relationships and timescales describing the transport of materials to surface �ows, understand the
in�uence of geometric or hydraulic variables on mixing and mass transport characteristics or be used
to calibrate simpler models.

Understanding how contaminants move from sewer networks to surface �ows is a key aspect
for understanding health risks posed by urban �oods and possibly to foster the design of techniques
to mitigate negative e� ects. This study conducts a detailed 3D numerical simulation of �ow and
soluble mass transport through a manhole during surface �ooding conditions where net sewer to
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manhole structure (Qe) was quanti�ed based on mass conservation principles (i.e., Qe = QInS � QOutS).
During the experimental campaign, water column pressure at the sewer outlet point was measured
using pressure sensor (Figure1). This sensor was calibrated to directly convert the output signal (mA)
to gauge pressure and this procedure was conducted using a pointer gauge. The measure values were
compared against de�ned calibration outcomes and errors were quanti�ed to be � 0.69 mm within the
water depth range of 0 to 600 mm. Values recorded with the pressure sensor were then gathered in real
time by using the same Labview — software described previously.

Experiments to understand solute transport and mass exchange were undertaken by injection of a
neutrally buoyant soluble �uorescing dye (Rhodamine WT) into the sewer pipe >8 m upstream of the
�rst measurement point (Cyclops 1 in Figure 1). The distance between the location of the injection
and the measurement areas was higher than 10D (D= sewer pipe diameter) to allow cross sectional
mixing [ 33]. Measurement of concentration vs. time pro�les upstream and downstream of the manhole
was conducted using Cyclops-7F— �uorimeters. For this experiment, dye of concentration 10 � 3 mg/L
was fed into a constant head tank, from where injection into the sewer pipe was controlled by a manual
open/close valve. For each test conducted, a 15 s duration pulse of dye of was introduced into the in�ow
pipe, and the resulting in-pipe concentrations monitored using the �uorimeters. The electrical sensor
output was converted to concentration using experimentally predetermined calibration equations.

Experimental tests were conducted under steady state hydraulic conditions over a range of sewer
in�ows ( QInS) and surface in�ows ( QInF), producing di � erent �ow exchange rates ( Qe). Reynolds
number (Re) for these tests ranged from 1.37� 106 to 1.72� 106 in the sewer inlet, which indicates a
fully turbulent �ow condition. Surface �ow depths measured 350 mm upstream of the centreline of
the manhole ranged between 5 to 17 mm over the tests conducted. Full details of these test conditions
along with their numerical replication in CFD are presented in Table 1 in Section 3.

2.2. Timescales and Mass Exchange Processes

For a given pulse of soluble contaminant passing within a pipe network entering an exchange
structure (e.g., a manhole) during sewer-to-surface �ow exchange conditions (i.e., Qe > 0), a proportion
will pass through the structure remaining within the pipe network and a proportion will exit to the
surface �ow. The change in total solute mass within the exchange structure at a given point in time can
be expressed as

dMm

dt
=

.
MPI �

.
Me �

.
MPO (1)

where dMm
dt is the rate of change in mass of solute within the exchange structure (mg /s),

.
MPI is the

solute mass �ow rate entering the exchange structure via the pipe network (mg /s),
.

Me is solute mass

�ow rate (mg /s) leaving the exchange structure to the surface �ow and
.

MPO is the solute mass �ow
rate leaving the exchange structure via the pipe network (mg /s).

Considering the arrival of a well-mixed solute of concentration (C PI) at the inlet to the exchange
structure under steady in�ow conditions and Equation (1) above, a number of characteristic timescales
can be de�ned.

� From time to to t1, solute mass is entirely stored within the exchange structure (prior to solute

reaching an exit), thus
.

Me =
.

MPO = 0.

� Assuming typical dimensions and �ow conditions encountered within urban drainage exchange
structures such as manholes, betweent1 and t2, solute mass initially leaves the exchange structure

via the outlet pipe only, hence
.

Me = 0.

� Between t2 and t3 solute mass leaves the exchange structure via the pipe outlet and to the surface,
solute mass �ow rate to the surface will be dependent on the hydraulic characteristics and
evolution of solute inside the exchange structure and all terms in (1) should be considered.

� After t3 concentration gradients within the structure will have signi�cantly reduced and hence

steady mass �ow conditions in the structure are achieved, dMm
dt = 0. Considering that the solute
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mass �ow through an inlet /outlet is a product of the rate of hydraulic �ow rate and mean solute
concentration, the proportion of solute mass exchanging though each outlet will become equivalent
to the �ow partition through the structure (Equations (2) and (3)).

.
Me
.

MPI

=
Qe

QPI
(2)

.
MPO

.
MPI

=
QPO

QPI
(3)

Further experiments on speci�c hydraulic structures are required to understand the characteristic
timescales (t1,2,3) and how these are a� ected by local �ow characteristics. Flow structures and mixing
processes in tanks and urban drainage structures have been studied previously but in the absence
of surface �ow interaction. For example, a general description of �ow structures inmanholes under
surcharged pipe conditions is given in [ 12]. When the sewer pipe in�ow enters the manhole, three
distinguished �ow zone can be commonly observed [ 12,23,34]. A part of the pressurised �ow, known
as the di� usion zone, expands inside the manhole at a ratio of 1:5 towards the manhole diameter
length. The remaining strong velocity zone forms a conical shape which has the same central axis
as the inlet pipe. The slope of this cone is generally 1:6.2 towards the manhole length and travels
through the manhole diameter towards the outlet. This conical form may create di � erent distinctive
scenarios based on the manhole to sewer pipe diameter ratio (� m/� m) and available surcharge depth (s).
For 3.0< � m/ � p < 4.5and with s > 0.2� m, the core velocity region travels out of the manhole without
contributing to the mixing process [ 23,35]. This is the most conventional size and surcharge depth
characteristics for an over�owing manhole commonly seen the drainage systems and corresponds to
the present study. In these cases, the di� usion zone is mainly responsible for solute mixing inside a
manhole [20,23]. Part of the di � usion zone interacts with the manhole wall and travels upward. Later,
this upward moving �ow further divides in two components of which the �rst part exits through the
surface and the last part recirculates within the manhole. However, how these structures interact with
a surface �ow, how e � ective they are in transporting solute mass to the surface and key timescales for
well-mixed conditions (i.e., Equations (2) and (3)) are currently unclear and will be analysed in the
current work using CFD techniques.

2.3. CFD Modelling

The hydraulics of the experimental model was reproduced using three-dimensional CFD modelling
tools OpenFOAM ® v.18.12 within interFoam solver [ 36–38], which considers the two-�uid system
as isothermal, incompressible and immiscible utilising a Volume of Fluid (VOF) model [ 39]. Despite
Larger Eddy Simulation (LES) models being known to model the turbulence structures of the �ow
more e� ectively, LES models are signi�cantly more computationally expensive than those of RANS
models. Moreover, RANS models are also reported in the literature for their accuracy in replicating
manhole hydraulics properly and e � ciently [ 29,34,40]. The model uses a single set of Navier–Stokes
equations (Equations (4) and (5)) for both �uids with additional equations to describe the free-surface
(Equation (6)). The interFoam within RNG k- " Reynolds-averaged Navier–Stokes equations also
requires Equations (7) and (8).

r .u = 0 (4)

@�u

@t
+ r .(� uu) = �r p� + r .� � g.xr � + f� (5)

@�
@t

+ r� (� u) + r .[uc� (1 � � )] = 0 (6)

@�k

@t
+ r� (� ku) = r� (Gkr k) + Pk � Yk (7)
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@�"

@t
+ r� (�" u) = r� (G" r " ) + P" � Y" + D" (8)

Where u is the mean velocity vector in the Cartesian coordinate; � is the density of the �uid mix; g
is the acceleration due to gravity; t is the time; � is the shear stress tensor;p� is the modi�ed pressure
adapted by removing the hydrostatic pressure from the total pressure; f� is the volumetric surface
tension force (where CSF and interface curvature are included); � is the VOF function; k is the turbulent
kinetic energy; " is the energy dissipation; Gk and G" are the di� usion for k and " , respectively; and P, Y
and D are the Production, Dissipation and Additional term for RNG, respectively.

In this work, an additional solute transport model was added to the interFoam VOF model. The
main advection–dispersion equation used in the model is

@c
@t

+ r .

0
BBBB@u � vs

g
���g

���

1
CCCCAc = r .(�� tr c) (9)

where c is the solute concentration of the �ow, vs is the terminal velocity due to gravity (which is zero
for a neutrally buoyant solute) and � t is the turbulent kinematic viscosity of water, which is a function
of the turbulence of the �ow [ 41] and taken to be equivalent to di � usivity [ 42,43]. The multiplication
of � t by � prevents solute particles from entering the air phase [ 42].

Earlier model validation works by the authors presenting measured velocities using PIV within
the same experimental facility [ 29] showed that RNG k- " model is a suitable RANS modelling choice
for predicting water elevation and velocity pro�les and hence is chosen for this work. This turbulence
model can also capture complex �ow and is known for better performance for separating �ow [ 22,23,29].
Apart from wall boundary condition, �ve open boundaries were prescribed in the model: two inlet
and two outlet boundaries at the sewer pipe and �oodplain, respectively, and an atmosphere boundary
at the �oodplain (Figure 1). The inlet boundaries were prescribed as �xed velocities, while the outlets
were applied as �xed pressure. This measured temporal mean pressure data was used for the sewer
outlet pressure boundary condition (measured at POutS). The atmosphere boundary was set as equal
to atmospheric pressure and zero gradient for velocity to have free air�ow if required. All the wall
boundaries were prescribed as noSlip condition. The sewer pipe walls were considered as rough wall
applying equivalent sand roughness height ( ks). Further details of measured head losses within the
experimental facility can be found in [ 26].

Cfmesh v1.1 [44] was used to generate the hexahedral computational meshes, keeping the
maximum mesh size as 10 mm towards all three Cartesian directions. The boundary meshes were
kept small in such a way that 30 < y+ < 300, keeping three boundary layers at the all wall boundaries.
A standard wall function was applied to all the walls, which has been shown to be appropriate for
the application of boundary turbulence e � ects for such mesh sizes [36], eliminating the necessity of
�ne layered boundary meshes. Figure 2 shows part of the computational mesh created for this work.
The rest of the CFD model such as the choice of di� erent meshes, di� erent solvers parameters and
solution schemes were obtained from another CFD model validated in an earlier work depicting the
same experimental set-up [23,29]. The maximum Courant–Friedrichs–Lewy (CFL) number was kept as
0.9. The cluster computing system at the University of Coimbra was used to run the simulations using
MPI mode. Each simulation was run for 300 s to reach steady state conditions. For comparisons with
experimental datasets, the measured solute concentration for each test condition was applied through
the sewer inlet pipe at Cyclopes 1 when the hydraulic model reached a steady state. Unsteady model
results were saved at every 0.01 s interval. Model solute concentrations were extracted at di� erent
sections and compared with the experimental measurements.
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Figure 5 shows that as soon as the solute mass enters the manhole, it di� uses from the high velocity
�ow region into the manhole volume. A part of the concentrated solute mass hits the opposite manhole
wall and travels towards the manhole surface. Later, it interacts with the surface �ow and recirculates to
the manhole. This recirculating �ow brings low concentration �ow from the surface into the manhole,
maintaining a consistent concentration gradient through the manhole height until the upper part
becomes completely mixed. The observed �ow structures explored in the tests are relativity insensitive
to the pipe in�ow rate over the partition ratios used in these tests. The results show that until well
mixed conditions are achieved, that the concentration �eld at the manhole /surface interaction point
(section C) is highly heterogeneous. Therefore unlike in the pipe network, (where cross-sectionally
averaged values can be reasonably assumed at Sections A and B), quanti�cation of mass �ow rate to
the surface (i.e., over Section C) requires robust understanding of the spatial variation of solute and
velocity over the manhole cross section and how this evolves with time.

The evolution of solute mass exchange through each cross section A, B and C is quanti�ed based
on the CFD model. For this purpose, CFD model results of test 1-A-B-C, 2-A, 3-A and 4-A were
considered. Due to highly heterogeneous conditions at section C, mass �ow rate at each time step for
each inlet/outlet junctions (section A, B, C) was calculated using the following Equation,

.
Mx =

Z i= A

i= 0
ciuidA (10)

where
.

Mx is the solute mass �ow rate though section A, B or C (i.e.,
.

MPI,
.

Me or
.

MPO); ui is the mean
velocity vector normal to area i; dA is an incremental cross section area vector (based on a 10mm slice);
and ci is the solute concentration within area i. Hence the integral value of the dot multiplication of
these components is used to provide the net mass �ow rate through sections A, B and C. The model

set-up (uniform concentration applied at Section A) results in a constant
.

MPI over each test after the

�rst 0.2 s of simulation (as given in Table 3). Following the calculation of
.

MPI,
.

Me and
.

MPO, the rate of
change in solute mass within the manhole was calculated using Equation (1). Figure 6 shows resulting
outlet solute mass �ow rates as a ratio of manhole inlet mass �ow rate over each test. The time axis
in the �gures represents time (in seconds) since the �rst solute enters the manhole from the sewer
inlet. As in Figure 5, this time ( t0 = 0) is taken when average solute concentration at Section A exceeds

1% of the peak value. Signi�cant �uctuation can be observed in the
.

Me.
MPI

values due to the complex

heterogeneous nature of the �ow at the surface /manhole interaction point (section C).

Table 3. Characteristic time scales of solute mixing from di � erent model results. Results are arranged
in an ascending order of the mean surface �ow partition ratios.

Test ID
Inlet Mass
Flowrate,

.
MPI (� 10� 6 mg/s)

Nominal
Residence Time,

Tx (s)

Mean Surface Flow
Partition Ratio

(Qe/Q inS)

Non-Dimensional
Characteristic Time (-)

Fitted Curve
Coe� cients

t 1/Tx t 2/Tx t 3/Tx C r2

1-B 9.7 4.09 0.150 0.03 0.20 5.80 0.35 0.9071
1-A 9.7 2.96 0.206 0.04 0.27 8.11 0.40 0.9677
2-A 10.8 2.28 0.241 0.05 0.34 8.27 0.40 0.9455
3-A 11.6 1.99 0.257 0.05 0.25 9.20 0.45 0.9545
1-C 9.7 2.24 0.302 0.05 0.26 9.79 0.52 0.9797
4-A 12.3 1.42 0.342 0.06 0.28 9.55 0.60 0.9356

Characteristic time scales, as described in Section2.2, are de�ned for each test and are presented
in Table 3. Similar to the de�nition of t0, t1 and t2 are taken when averaged solute concentration at
Sections B and C exceeds 1% of the peak value, respectively.t3 is de�ned as the time when dMm

dt falls
below 2.5% of its peak value for the �rst time. Timescales in Table 3 are presented non-dimensionally
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Table 3 the value of C and the non-dimensional timescale ( t1,2,3/Tx) to achieve well mixed conditions
tend to increase with the �ow partition ratio over the range of conditions tested.

4. Discussion

A comparison of experimentally measured and modelled discharges within a scaled manhole
structure shows that, given knowledge of the boundary conditions, the RANS CFD approach
accurately simulates �ow exchange from piped to surface �ows (within 1.7% in all test cases).
Therefore, steady-state �ow exchange through similar hydraulic structures during �ood events is
likely to be well described using RANS CFD. These results concur with previous validation studies
utilising similar 3D modelling approaches to simulate hydrodynamics in urban drainage structures
(see, e.g., in[29,45]), although in this case the complex interaction with surface �ows as well as a solute
transport is also recreated. Such models are too computationally expensive to be used in direct �ood
modelling applications; however, there is further potential to utilise such complex models to evaluate
simpler semiempirical weir /ori�ce relationships currently used to describe surface /sewer interaction.
Such semiempirical relationships have been found to be sensitive to interaction structure type, inlet
characteristics and geometry as well as unsteady hydraulic conditions [ 12,30,46,47], and thus bene�t
from case-speci�c calibration. Similarly, the calibrated model has been shown to accurately reproduce
solute concentration pro�les (and thus mass �ow rates) measured downstream of the manhole structure
under a range of �ow rates during cases where sewer �ow interacts with surface �ood water. Taken
together with the agreement of modelled and measured �ow partition within the manhole, as well
as past results comparing CFD velocity vectors against those obtained using PIV measurement in
the same facility [ 29], this result gives con�dence that the CFD model can reproduce �ow details
and resulting solute mass exchange to the surface during �ood conditions. A full validation would
bene�t from having access to measured values of concentration /mass exchange at the interaction
point between sewer and surface �ows (section C); however, the current results have demonstrated
the hydraulic complexity and spatial heterogeneity of concentration at this position. Therefore, such
validation measurements would require complex instrumentation such as Laser-Induced Fluorescence
(LIF) to provide detailed spatial data over the manhole area. In addition, further validation of CFD
approaches would be valuable in more complex hydraulic conditions (e.g., unsteady �ow), in systems
with di � erent geometrical features or at di � erent scales or in cases involving sediments which are also
commonly present in urban drainage networks and may be susceptible to transportation in �ood water.

The modelled �ow structures illustrate the complexity of the interaction between surcharging
manhole �ow and surface �ood water; however, �ow structures within the manhole appear to be
relativity insensitive to the pipe in�ow rate over the �ow partition ratios explored in these tests.
The solute transport and resulting mass �ow rates within the system are a process of both advection
and di � usion. The solute transport from the manhole inlet to the manhole pipe outlet is dominated
by the advection process due to the strong local velocities in this zone. Thus, �rst arrival time to the
sewer outlet (t1) is dominated by the sewer inlet velocity with little subsequent variation within these
tests. In addition, as the �ow partition ratio increases (i.e., more �ow is transported to the surface) the
corresponding timescales for �rst arrival of mass at the surface ( t2) and complete mixing within the
manhole (t3) decrease slightly due to the increasing advection through the manhole structure to the
surface. However, a stronger positive relationship is observed between non-dimensional timescales
based on the characteristic manhole residence time (t2/Tx, t3/Tx) and surface partition ratio ( Qe/ QinS),
indicating the relative signi�cance of conical �ow structures produced by the inlet pipe and subsequent
di � usive mixing processes in the tests conducted.

The work has shown that the sharp arrival of a well-mixed solute at an open manhole results in
an asymptotic growth of mass exchange to the surface, converging to a value that is de�ned by the
hydraulic �ow partition. Parameterisation of an asymptotic growth function ( C) may be related to
the �ow partition ratio and /or the characteristic residence time, with more rapid mixing occurring at
lower residence times. Approximately well-mixed conditions (and associated equivalence of sewer
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to surface solute mass exchange s and �ow partition ratios) occur at between 5.8 and 9.2 times the
manhole residence time over the conditions tested here. Further work is required to explore these
relationships over a range of manhole geometries, using di � erent (time varying) solute injection pro�les
and unsteady hydraulic conditions as well as in other exchange structures such as gullies featuring
grills /covers, including at full scale, such that realistic timescales in real situations can be established.
A more complete understanding of this problem should also consider the transport of solids, such as
�ne sediments and entrained material, which are also present in urban drainage networks. In addition,
other �ood scenarios (e.g., further exploring the in�uence of surface �ow depth and velocity) and cases
where the majority of �ow transfers to the surface ( Qe/QinS > 0.5) could be explored. In such cases
where the surface �ow partition ratio is signi�cantly larger, the bulk advection of solute by the �ow is
likely to increasingly dominate di � usivity arising from local �ow structures.

5. Conclusions

A 3D CFD model was applied to simulate �ows in an exchange structure involving interacting
pipe and surface �ows to quantify �ow and soluble pollutant mass exchange. The model was validated
with a laboratory-scale model, achieving di � erences of less than 1.7% in �ow rates and excellent
statistical comparisons between observed and modelled concentration time series. This suggests that a
RANS CFD approach is an appropriate methodology to evaluate �ow partition and to evaluate how
soluble pollutants move from sewer networks to surface �ood �ows.

The model was extended to di � erent conditions to understand the e � ects of the manhole separately
from the pipe network, and used to calculate the evolution of solute mass transport rate through each
manhole open boundary cross section under a range of �ow conditions including interactions between
sewer �ows and surface �ood water. A sharp arrival of solute into the structure is shown to result in
an asymptotic growth of solute mass exchange ratio to the surface converging to a value equal to the
surface �ow partition ratio. An analysis of the results demonstrates that the timescales to achieve this
convergence are dependent on the di� usive transport inside the structure.

The work in this paper describes initial steps to understand the risks of soluble material from sewer
networks entering urban �ood waters via exchange structures. The transport of pollutants through
these structures will also depend on additional factors including, but not limited to, the presence
of manhole coverings and change of structure geometry /shape. In order to build a more complete
understanding, such that risks to public health can be understood and quanti�ed, requires signi�cantly
more work. This includes further consideration of transport and transformations of both contaminated
sediments and soluble materials in urban drainage networks as well as datasets from urban drainage
networks, �oodwaters and urban surfaces such that transport, survival and fate can be modelled
within quanti�able uncertainty bounds.
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Abstract: Dual urban drainage models allow users to simulate pluvial urban �ooding by analysing
the interaction between the sewer network (minor drainage system) and the overland �ow (major
drainage system). This work presents a free distribution dual drainage model linking the models Iber
and Storm Water Management Model (SWMM), which are a 2D overland �ow model and a 1D sewer
network model, respectively. The linking methodology consists in a step by step calling process
from Iber to a Dynamic-link Library (DLL) that contains the functions in which the SWMM code is
split. The work involves the validation of the model in a simpli�ed urban street, in a full-scale urban
drainage physical model and in a real urban settlement. The three study cases have been carefully
chosen to show and validate the main capabilities of the model. Therefore, the model is developed
as a tool that considers the main hydrological and hydraulic processes during a rainfall event in an
urban basin, allowing the user to plan, evaluate and design new or existing urban drainage systems
in a realistic way.

Keywords: urban drainage; dual drainage; Iber; SWMM; urban �ooding

1. Introduction

The rise of impervious areas in cities due to urbanization has increased the occurrence of �ooding
and its consequences during extreme rainfall events. In order to mitigate �ood impacts it is essential
for cities to have a drainage network properly planned and designed. Urban drainage systems are
made of two clearly di � erent subsystems: the sewer (minor) network and the surface (major) network.
During a rainfall event, the water exchange between both subsystems can be in both directions through
inlets and manholes. The surface overland �ow, the sewer �ow and the exchange between both of
them are commonly computed using dual drainage models that solve all the processes in an integrated
and realistic way [ 1–4].

The �rst dual drainage approaches were 1D /1D models that simplify the surface �ow as open
channels or ponds, solving the 1D Saint-Venant equations [5]. Modelling a street as an open channel is
a sensible approach as long as the water velocities presents a preferent direction [6]. However, the �ow
in urban districts has a signi�cant two-dimensional behaviour that is necessary to consider in the
numerical modelling in order to achieve truthful results. Therefore, 1D /2D dual drainage models were
developed, that solve the two-dimensional shallow water equations on the surface while maintaining
the one-dimensional approach in the sewer network [ 7–9]. These 1D/2D approaches, combined with
accurate digital elevation models (DEM), allow modellers to obtain more realistic results. There are
di � erent 1D/2D dual drainage models, some of them developed on research works [ 10], others with
licensed software such as Infoworks ICM or Mike-Urban. To date, there are some free distribution
1D/2D drainage models that solve surface and sewer �ow and their interaction but there are not usually
used in real projects of engineering with guarantee and user-friendliness.
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Storm Water Management Model (SWMM) [ 11] model is used frequently as 1D sewer network
engine in 1D/2D urban drainage models. Thus, coupling SWMM with overland �ows models solves
the limitation of SWMM to simulate and visualise the �ood area. There exist multiple methods of
coupling SWMM with overland �ows models [ 9,12–21] in which di � erent coupling methodologies
are used. Some models modify or adapt the SWMM code [ 12] while others call SWMM libraries
and functions without editing the engine code [ 9]. Regarding the �ow exchange, there are models
that considerer only a unidirectional exchange from sewer network to the surface [ 13,15] and others
that consider a bidirectional exchange that allows �ow enter to the sewer [ 14]. The election of the
overland �ow model determines the complexity of the dual model and its computation time. In this
way, for overland �ow, there is a wide variety of models based on the equations of fully dynamic
shallow water and others based on simpli�ed models as the local inertial model, di � usive wave model
or the kinematic wave [ 16].

In addition, there is commercial software such as XP-SWMM [ 20], PCSWMM [ 22], Mike-Urban [ 21]
or FLO-2D Pro that couple SWMM engine with 2D overland �ow models.

In this work, a 1D /2D dual urban drainage model is developed linking two free distributed
hydraulic models: Iber [ 23] and SWMM [ 11]. The model links the Iber source code with the SWMM
Dynamic-link Library (DLL), which contains functions that allow simulation data to be exchanged
between SWMM and other software. The SWMM dynamics libraries used here were developed in [ 24],
and up to now, they have not been implemented in any 1D /2D dual drainage model. The model
presented here is therefore a new free tool that allows an accurate and complete analysis of the �ood
area extension and its duration due to the bidirectional exchange implemented. The validation of the
model is shown in three di � erent test cases that demonstrate its capabilities.

2. Materials and Methods

2.1. Hydraulic Models

2.1.1. Iber

Iber is a 2D numerical model for simulating turbulent free surface �ow and transport processes in
shallow waters [ 23,25]. It is a free distribution software that can be downloaded at www.iberaula.com .
The hydrodynamics module of Iber solves the 2D depth-averaged shallow water equations, also known
as dynamic wave equations to distinguish them from simpler di � usive and kinematic wave models.
The model also incorporates several hydrological processes, and its application to rainfall-runo � and
overland �ow computations has been validated in previous works [ 26–29]. The mass and momentum
conservation equations solved by the model can be written as follows:
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where h is the water depth, qx, qy and
���q

��� are the two components of the unit discharge and its modulus,
zb is the bed elevation, n is the Manning coe� cient, g is the gravity acceleration, R is the rainfall
intensity, and i is the in�ltration rate.

The hydrodynamic equations are solved with an unstructured �nite volume solver, including a
speci�c numerical scheme for hydrological applications, the so-called DHD scheme [ 26]. The use of
this scheme is strongly recommended in rainfall-runo � computations.
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2.1.2. SWMM 5.1

The Storm Water Management Model (SWMM) is a 1D dynamic sewer network model developed
for the simulation of rainfall-runo � processes and the conveyance of water �ows through drainage
systems. The sewer network is modelled as a network of links (pipes) connected by nodes (manholes).
The hydrodynamics module of SWMM solves the 1D Saint-Venant equations for gradually varied,
unsteady �ow. These are referred to as dynamic wave analysis and are implemented in the module
EXTRAN (Extended Transport) [ 30].

The SWMM code is split into functions grouped in a single Dynamic-link Library (DLL) [ 9,24],
which simpli�es their communication with other software. Each function has a speci�c task, e.g., start the
simulation or advance the simulation step by step.

2.2. Linking Methodology

The structure of SWMM5 allows its interaction and linking with the source code of Iber.
The SWMM5-DLL is built from the source code of the OWA-SWMM Open-Source Library [ 24].
The OWA-SWMM source code is written in C ++ and includes a Toolkit API that allows to get and set
all the model parameters and hydraulic variables before, during and after the simulation. Once the
SWMM-DLL is built, it can be directly invoked from the source code of Iber, and no further actions
are needed. Despite new GPU-parallelized releases of Iber are coded in C++ [27], in this work we
have used the standard Iber code, which is written in FORTRAN. Therefore, as the OWA-SWMM is
written in C ++ , a standard intrinsic module has been incorporated at the Iber code to stablish the
interoperability between the two languages.

The linking methodology includes a set of subroutines that are added to the Iber source code,
in order to invoke the SWMM functions and other related operations. In Figure 1, a �ow diagram of
the 1D/2D linking methodology is presented. Before starting the simulation, each inlet and manhole
de�ned in SWMM must be associated to a surface mesh element in Iber. This can be done automatically
(nearest neighbour) or manually by the user. Each inlet and manhole can be assigned to one or more
surface elements. This might be appropriate depending on the spatial scale of the study case and the
mesh resolution, as it will be shown in the next section.

In a similar way, before the simulation starts, the roof elements de�ned in Iber are associated to
the nearest manhole in SWMM.

Once the simulation starts, at each time step the model solves the surface and sewer �ow equations.
The surface and sewer network equations are computed by the two solvers in an independent way,
using di � erent time steps. The time step in Iber depends on a Courant–Friedrichs–Lewy (CFL) stability
constraint that relates the maximum permissible computational time step, the grid size, the �ow
velocity and the water depth [ 26]. Similarly, the time step in SWMM is computed by a Courant
condition that limited the time step to the time needed for a wave to propagate through the entire
pipe [30]. Therefore, a time step synchronization is necessary to guarantee a correct coupling between
models and to do the water exchange between minor and major drainage networks at the same elapsed
time. The time step of SWMM is usually larger than the Iber time step; thus, the SWMM elapsed time
is considered as the synchronization time. The synchronization implies that, at certain computation
steps, the Iber time step must be adjusted in order to avoid to exceed the elapsed time of SWMM [ 9,31].
In order to do so, the computational time step in Iber is de�ned as follows:

DtIbern+ 1
= min

8
>><
>>:

Tsyn + DtSWMM n+ 1 �
nX

i= 1

DtIberi , DtIber CFLn+ 1

9
>>=
>>;

(4)

where DtIbern+ 1
is the time step of Iber for the step n + 1, adjusted to the synchronization with

SWMM if it was necessary, DtSWMM n+ 1 and DtIber CFLn+ 1
are the SWMM and Iber time steps computed

independently in both models for the step n + 1 (i.e., without considering synchronization), Tsyn is the
time of the last synchronization, and

P n
i= 1 DtIberi is the elapsed time of Iber.
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Figure 1. Flow diagram of the 1D /2D urban drainage model.

The water exchange is done every time at which the models are synchronized, assuming a constant
water discharge during the whole time step. The interaction between the overland �ow and the sewer
drainage system occurs only through inlets and manholes. The surface water can only enter the sewer
network through the inlets, while the water can only return to the surface through the manholes.
This last assumption is reasonable due to when the system is surcharged, the volume of water returned
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through the inlets is negligible respect the volume returned through the manholes. However, if a
manhole is �ooded, all the inlets associated to it will not caught any surface �ow.

The inlets are directly connected to manholes. In the present version, the conveyance time between
the inlet and the manhole is not considered, i.e., the water that enters an inlet is instantaneously
directed to the manhole associated to that inlet. This assumption is reasonable since in real applications
the conveyance time between inlets and manholes is usually negligible compared to the conveyance
time through the major and minor drainage networks. Furthermore, even if detailed studies about the
�ow in inlets have been performed in the last years [ 32,33], information about the conduits that link
inlets and manholes is usually not available in real case studies.

Roofs are also directly connected to manholes. Thus, all the rain that falls in a roof element is
automatically added to the associate manhole regardless the roof height and its conveyance time.
Moreover, the roofs will add �ow to the manhole node regardless of whether it is �ooded or not.
It is highlighted that the conveyance time can be included to the model if the information of the
roof is available. In addition, the o � cial version will also include the possibility of modelling SuDS
(Sustainable Drainage System) techniques such as green roofs or permeable pavements, among others.

To compute the aforementioned interactions between Iber and SWMM, the exchanged discharge
introduced in the sewer network is calculated in Iber. Thus, as Iber has a time step smaller than SWMM,
for each of the n Iber time steps that are needed to complete a SWMM time step, the cumulative volume
of water exchanged is evaluated. Then, when the synchronization occurs, the functions of SWMM
are invoked to introduce the volume caught by the inlets in the sewer between the previous and the
current synchronization time as a manhole discharge. Free weir, submerged weir and ori�ce equations
used in previous studies [ 9,10,31] have been implemented to compute the �ow interchange depending
on the water level at the surface mesh element, the mesh element elevation and the hydraulic head
at the manhole. On the other hand, if a manhole is �ooding, the node �ood discharge is computed
by SWMM and transferred to the surface as an Iber source. It is highlighted that the same water
volume that is extracted from Iber is introduced in SWMM and, vice versa. Finally, SWMM step is
computed establishing the next synchronization time and it will not run again until Iber reaches this
synchronization time and new exchange occurs.

3. Case Studies and Results

In order to validate the dual drainage model presented in Section 2 and to show its capabilities,
three case studies have been modelled. The case studies were chosen in order to assess numerical
aspects such as mass conservation and numerical stability, to validate model output against laboratory
experimental data and to show the work�ow methodology to set up a model in a real application.
The study cases include free surface and surcharged �ow conditions in the drainage network as well as
water discharge exchanges in both directions, i.e., from major to minor network and vice versa. All the
tests have been solved using the DHD scheme of Iber and a wet-dry threshold of 0.1 mm.

3.1. Simpli�ed Urban Street

3.1.1. Case Study Description

This case study consists in a synthetic urban street, and it is aimed to verify some numerical
aspects and basic capabilities of the model. The spatial domain includes a roadway with pavements at
both sides, a pedestrian area, a green area and buildings (Figure2a). The roadway is 40 m in length and
7 m in width, and it is separated from the 2-m wide pavements by a 15-cm high curb. The roadway and
pavements have 2% and 1% slopes in the transversal direction, respectively, and 1% longitudinal slope.
The buildings are 10 m in width and are directly connected to the manholes. The sewer system and
the surface are connected by 8 inlets and 4 manholes. Each inlet is connected to its nearest manhole.
Manholes M1, M2 and M3 are connected by a pipe with an inner diameter of 500 mm, while the pipe
that connects manholes M4 and M2 has in inner diameter of 300 mm. Both pipes have a slope of 1%.
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The network outlet (O1) is located 10 m downstream from manhole M3, following the pipe slope,
and its invert elevation is � 2 m (Figure 3). The invert manhole relative depth regarding the surface is
� 2 m for M1, M2 and M3 and � 2.05 m for M4. At O1, the reference elevation for the head is the surface
elevation, 0 m in this location.

��

�º �º

  
(a) (b) 

Figure 2. (a) Scheme of the urban street; (b) boundary conditions at manholes and outfall.

��

�º �º

 

Figure 3. Longitudinal pro�le of the drainage network.

In order to simulate surcharged �ow and surface �ood conditions, two inlet hydrographs were
imposed at manholes M1 and M4, and a hydraulic head condition was �xed at the outlet O1, as shown in
Figure 2b. A constant rainfall intensity of 80 mm /h was imposed in all the spatial domain. The surface
domain was discretized with an unstructured mesh with an average element size of 0.3 m and
approximately 32,000 elements. The Manning coe� cient was set to 0.016 for the pavement and road
surfaces, which are both considered impervious (no in�ltration), and 0.032 for the green area. In the
green area, a constant in�ltration rate of 10 mm /h was considered after an initial abstraction of 10 mm.

3.1.2. Results

Figure 4 shows the evolution of water depths and discharges at the four manholes. At all the
manholes, the water depth increases slowly during the �rst 60 min, due to the rainfall input and to
the water coming from the imposed hydrographs at manholes M1 and M4. At that time, the sudden
rise of the downstream boundary hydraulic head condition triggers a sharp increase in the manhole
depths. Once their maximum depth is exceeded, the water �ows outside the manhole and into the
street surface. Figure5 shows the computed maximum water depths in the street surface. It can be
seen the water column that typically occurs when �ooding from manholes.
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Figure 4. Results of depths and discharges at manholes and maximum water depth for manholes.
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Figure 5. Results of maximum depths at surface and photography of a manhole �ooding [ 34] that
justi�es the assumption that the main returned �ow to the surface occurs through the manholes.

The e� ect of rainfall alone is not enough to trigger the surface �ooding in this case. However,
the rainfall runo � allows to check for this case study the behaviour of the inlets before the �ooding
occurs. Figure 6a shows the volume of water intercepted by inlets and roofs. It can be noticed how,
once the �ooding occurs (approximately at minute 60), the inlets stop catching water.
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(a) (b) 

Figure 6. (a) Time series evolution of accumulative volumes; ( b) mass balance error during the
simulation for the simpli�ed urban street.

In order to verify the global mass conservation of the coupled model, including the surface and
sewer models as well as the linking methodology, the mass balance error was computed at each time
step of the simulation as

error = ( P � S� V inlet � Vroo f s� Vboundary� V in f iltration + V f lood

�
(5)

where P is the precipitation volume, S is the overland �ow storage, V inlet is the volume intercepted
by the inlets, Vroo f s is the volume intercepted by the roofs, Vboundaryis the outlet volume through the
domain boundaries, V in f iltration is the in�ltration volume, and V f lood is the volume that returns to the
surface through the manholes. The relative accumulated mass balance error in relation with the outlet
boundary volume is at every time step lower than 1% (Figure 6b).

3.2. Full-Scale Urban Drainage Physical Model

3.2.1. Case Study Description

This case presents the experimental validation of the dual drainage model using a set of laboratory
data obtained in a real scale physical model. The physical model consists of a full-scale street
section of 36 m2 with a sewer system and a rainfall simulator. This facility was used in previous
studies [10,35–37] to validate urban drainage models and to measure wash-o � and sediment transport
in urban environments. The street consists of a concrete roadway and a concrete pavement separated
by a 15-cm high curb. The roadway has 2% and 0.5% transversal and longitudinal slopes, respectively.
Surface runo� is drained through two inlets and through a lateral channel that ends into a third
inlet. From there, water is conveyed through the sewer system to a downstream outfall (Figure 7).
The street geometry and experimental data presented in WASHTREET [38] were used to build the
numerical model.

Three di� erent rainfall intensities of 30, 50 and 80 mm/h were simulated. In order to compare
the experimental data with the numerical results, the hydraulic variables in a set of control points
were analysed (Figure 7b). The water discharges through the two inner inlets and at the outfall were
compared. In addition, the water depth at 6 locations within the pipes and at 3 surface control points
were compared.

The surface domain was discretized using an unstructured mesh with an average element size
of 0.06 m and approximately 20,000 elements. From previous studies in this laboratory facility [ 36],
the Manning coe� cient was set to 0.016, and an initial abstraction of 0.6 mm was established in the
whole surface. In the lateral plastic channel and in all the pipes of the sewer network, the Manning
coe� cient was set to 0.008 [10].
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Figure 7. (a) Physical model facility and ( b) measuring points in inlets, pipes and surfaces used for
results validation.

3.2.2. Results

Figure 8 shows the experimental and numerical hydrographs computed at the two inlets and at the
outfall for the three rainfall intensities. The numerical and experimental data present a good agreement
at both inlets being the mean absolute error (MAE) less than 0.01 L/s for all the rainfall intensities.
Regarding the agreement at the outfall, a small-time lag between the numerical and experimental data
can be observed during the rising limb of the hydrographs (MAE less than 0.09 L /s). This di� erence is
due to the way in which the outfall discharge was measured in the experimental tests. Experimental
discharge was measured in a deposit located at the end of the sewer network that produced a slight
lamination of the experimental hydrograph [ 37].

��

 

Figure 8. Experimental and numerical pro�les of discharges at inlets GP1 ( left ) and GP2 (middle ) and
at the outfall ( right ).

Figure 9 shows the water depths at pipes and at the surface. The results present a reasonable
agreement at all the control points, specially at P1, P2 and P4, being the MAE less than 1 mm for all the
rainfall intensities except for P2 and intensity 30 mm /h that is 2 mm. P3 present less agreement being
the maximum MAE 3.5 mm. Notice that the water depth at those control points is very low in relation
to the diameter of the pipe, so a minimum di � erence between the real and modelled geometry can
signi�cantly a � ect the results. The same happens at the surface control points, where the measured
water depths are extremely small, and thus, the e� ect of the microtopography and other physical
phenomena that are no considerer in the numerical model, such as drop impacts, can have an e� ect on
the numerical-experimental agreement. Nonetheless, the numerical model simulates the surface water
depths and its temporal dynamics with a reasonable agreement (MAE always less than 1.5 mm).
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��

 

Figure 9. Experimental and numerical pro�les of depths in pipes at control points P1 ( top-left ),
P2 (top-middle ), P3 (top-right ) and P4 (bottom-left ) and in surface at control points S1 (bottom-middle )
and S2 (bottom-right ).

Finally, Figure 10a shows the water volumes computed during the simulation. Most of the rainfall
volume is drained through the inlets. Using the mass conservation Equation (5), the mean mass
conservation error during the whole simulation in relation with the precipitation volume is 0.003%
and tends to zero at the end of simulation (Figure 10b).

��

  
(a) (b) 

Figure 10. (a) Time series evolution of accumulative volumes; ( b) mass balance error during the
simulation for full-scale urban drainage physical model.

3.3. Real Urban Settlement

3.3.1. Case Study Description

The last case study shows the application of the dual drainage model to El Rubio, an urban
settlement located in Andaluc ½a (Spain) with a population of 3500 inhabitants. The work�ow needed
to import the sewer network from a GIS data base using external free tools is also detailed.

The urban area was split in two di � erent regions according to the di � erent land uses: an urban
impervious region and a pervious region. The available digital terrain model (DTM), which has a
resolution of 2 m, and other geometric information such as the layout of buildings and in�ltration
areas are shown in Figure 11. Due to the lack of �eld data that could be used to calibrate the model
parameters, the Manning coe� cient was set to 0.016 in the urban area and to 0.20 in the rest of the
domain [ 39,40]. The SCS Curve Number Method was used to compute in�ltration losses. Based on the
GCN250 dataset [41], a curve-number (CN) of 75 was imposed for all the pervious areas, while the

84



Water2020, 12, 2647

urban domain was considered to be completely impervious. The spatial domain included in the
computations includes all the surrounding terrains that drain into the urban region, in order to consider
the surface runo� coming from upstream areas.

��

   
(a) (b) 

Figure 11. (a) DEM of the study area; (b) sewer network of the urban settlement.

The sewer system (Figure11b) is composed of 727 manholes, 753 links and 3 outfalls. The information
of the sewer system was provided in GIS data format, so it was necessary to convert it to the SWMM
input format. To do so, the R software package swmmrwas used. The R packageswmmr is a free
tool that contains speci�c functions to read and write SWMM �les, run SWMM simulations from
R and convert SWMM input �les to and from GIS data [ 42]. The inlets were not included in the
SWMM input �le. Thus, all the inlets that do not have an associated manhole in the GIS data are
automatically assigned by the model to the nearest manhole. Unlike in the two previous case studies,
the DTM available for this case has a limited resolution (2 m), which means that the pathlines of water
at the streets could not be resolved with an enough resolution to direct the water towards the inlets.
Other methodologies to catch overland �ow when the topography does not have enough resolution,
such as the de�nition of a density of inlets in a micro-catchment that drains into a manhole [ 33], will be
analysed in future works.

In order to evaluate the e� ect of the numerical discretisation on the results, two di � erent
computational meshes with di � erent spatial resolution were used to discretize the domain. The coarse
mesh has 100,000 elements and an average element size of 10 m, while the �ne mesh has 1,000,000
elements, with an average element size of 2 m inside the urban area and of 20 m in the rest of the domain.

A synthetic hyetograph with a duration of 1 h and a return period of 25 years was computed
from regional intensity–duration–frequency curves (IDF) [ 43] using the alternating block method
(Figure 12b). The hyetograph was imposed homogeneously in space.

85



Water2020, 12, 2647

��

  
(a) (b) 

Figure 12. (a) Maximum depths at surface; ( b) numerical hydrographs computed at outfalls for a 1 h
design storm with a 25-year return period for coarse (C) and �ne (F) mesh.

3.3.2. Results

Figure 12a shows the spatial distribution of the maximum water depth computed during the
simulation with the �ne mesh. To facilitate the visualization of the results, water depths lower than
0.01 m are not represented. The results obtained with the coarse mesh are very similar and are therefore
not shown in the �gure.

Figure 12b shows the discharges at the three outfalls (see location in Figure 11b) computed with
the �ne and coarse meshes. The hydrographs computed at outfall O2 with both meshes are virtually the
same (MAE of 0.01 m3/s). At outfall O1, there are some minor di � erences at some time steps, but those
are not signi�cant for practical purposes (MAE of 0.06 m 3/s), and the peak discharge computed with
both meshes is the same. Regarding outfall O3, the MAE increases to 0.11 m3/s, and the di� erence in
peak discharge is around 8%. While these di� erences are larger than in the case of O1 and O2, they are
still small for the analysis of sewer networks in real applications, where the uncertainties on input
data are in general larger than those values. Moreover, it should be considered that the CPU time was
15 times larger when using the �ne mesh in relation to the coarse mesh.

A simulation without the sewer network was carried out in order to highlight the role of the sewer
drainage system during a rainfall event. Figure 13 shows the maps of maximum depth during the
rainfall event considering and not considering the sewer network in the model. The results are shown
only in the urban impervious area, and the building shapes were removed from the �gure in order
to facilitate the visualization. The extension of the �ood is signi�cantly di � erent, being, as expected,
bigger for the case without sewer network, which corroborates the essential role that play the sewer
network systems during extreme rainfall events. Thus, the no consideration of the sewer network
implies a 10% and 35% of increase in the depths and in the �ood extension, respectively.
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(a) (b) 

Figure 13. Maximum depths on the surface: ( a) with and ( b) without considering the sewer network.

4. Conclusions

A 1D/2D dual drainage model linking two free distributed hydraulic models (Iber and SWMM)
was presented. The model allows the simulation of water �ow in the surface and sewer drainage
networks, including their bidirectional interaction. The linking methodology computes the discharge
transferred from the surface to the sewer network, and vice versa, at each computational time step
and is based in a SWMM-DLL library that contains di � erent functions to interact with SWMM before,
during and after the simulation.

The capabilities of the model were shown in three case studies at di � erent spatial scales. The �rst
case study was used to validate the basic capabilities of the model and to show its suitability to compute
surface �ooding conditions caused by the surcharge of the sewer network. In the second case study,
the numerical results are compared against experimental data obtained in a full-scale urban drainage
physical model. Finally, the third case was used to show the capability of the model to simulate pluvial
�oods in real urban settlements, incorporating the available GIS data of the sewer system.

Further developments of the model will include di � erent methodologies to compute the transfers
of water captured by inlets and roofs, the implementation of SuDS (Sustainable Drainage System)
techniques and the enhancement of the computational time. In addition, future works will also compare
the present model with other well-known dual drainage models, in order to analyse its capabilities
and its advantages and disadvantages against these.
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31. Chen, A.S.; Djordjević, S.; Leandro, J.; Savić, D.A. The urban inundation model with bidirectional �ow
interaction between 2D overland surface and 1D sewer networks. Novatech 20072007, 465–472.

32. Lopes, P.; Leandro, J.; Carvalho, R.F.; P¡ scoa, P.; Martins, R. Numerical and experimental investigation of a
gully under surcharge conditions. Urban Water J.2015, 12, 468–476. [CrossRef]

33. Gâmez, M.; Russo, B. Methodology to estimate hydraulic effici ency of drain inlets. Proc. Inst. Civ. Eng. Water Manag.
2011, 164, 81–90. [CrossRef]

34. Flood risk management. Engineering. University of Exeter. Available online: https://emps.exeter.ac.uk/
engineering/research/cws/research/�ood-risk /rapids.html (accessed on 30 July 2020).

35. Naves, J. Wash-o� and Sediment Transport Experiments in a Full-Scale Urban Drainage Physical Model.
Ph.D. Thesis, Universidade da Coruña, A Coruña, Spain, 2019.

36. Naves, J.; Anta, J.; Puertas, J.; Regueiro-Picallo, M.; Su¡ rez, J. Using a 2D shallow water model to assess
Large-Scale Particle Image Velocimetry (LSPIV) and Structure from Motion (SfM) techniques in a street-scale
urban drainage physical model. J. Hydrol.2019, 575, 54–65. [CrossRef]

37. Naves, J.; Anta, J.; Su¡ rez, J.; Puertas, J. Hydraulic, wash-o� and sediment transport experiments in a
full-scale urban drainage physical model. Sci. Data2020, 7, 1–13. [CrossRef]

38. Naves, J.; Anta, J.; Su¡ rez, J.; Puertas, J. Washtreet—Hydraulic, wash-o� and sediment transport experimental
data obtained in an urban drainage physical model. Sci. Data2019. [CrossRef]

39. Cea, L.; Legout, C.; Grangeon, T.; Nord, G. Impact of model simpli�cations on soil erosion predictions:
Application of the GLUE methodology to a distributed event- based model at the hillslope scale.Hydrol. Process.
2016, 30, 1096–1113. [CrossRef]

40. Fraga, I.; Cea, L.; Puertas, J. Experimental study of the water depth and rainfall intensity e � ects on the bed
roughness coe� cient used in distributed urban drainage models. J. Hydrol.2013, 505, 266–275. [CrossRef]

41. Jaafar, H.H.; Ahmad, F.A.; Beyrouthy, N. El GCN250, new global gridded curve numbers for hydrologic
modeling and design. Sci. Data2019, 1–9. [CrossRef]

42. Leutnant, D.; Döring, A.; Uhl, M. Swmmr—An R package to interface SWMM. Urban Water J.2019, 16, 68–76.
[CrossRef]

43. Arias, J.S.M¡ximas Lluvias Diarias en España Peninsular; Seria Monogr¡ �ca del Ministerio de Fomento: Madrid,
Spain, 1999; p. 55.

© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

89





water
Article

Multistep Flood Inundation Forecasts with Resilient
Backpropagation Neural Networks: Kulmbach
Case Study

Qing Lin *, Jorge Leandro , Stefan Gerber and Markus Disse

Chair of Hydrology and River Basin Management, Department of Civil, Geo and Environmental Engineering,
Technical University of Munich, Arcisstrasse 21, 80333 Munich, Germany; jorge.leandro@tum.de (J.L.);
stefan.gerber@tum.de (S.G.); markus.disse@tum.de (M.D.)
* Correspondence: tsching.lin@tum.de; Tel.:+49-89-289-23228

Received: 21 October 2020; Accepted: 10 December 2020; Published: 19 December 2020
��������� �
�������

Abstract: Flooding, a signi�cant natural disaster, attracts worldwide attention because of its high
impact on communities and individuals and increasing trend due to climate change. A �ood forecast
system can minimize the impacts by predicting the �ood hazard before it occurs. Arti�cial neural
networks (ANN) could e � ciently process large amounts of data and �nd relations that enable faster
�ood predictions. The aim of this study is to perform multistep forecasts for 1–5 h after the �ooding
event has been triggered by a forecast threshold value. In this work, an ANN developed for the
real-time forecast of �ood inundation with a high spatial resolution (4 m � 4 m) is extended to
allow for multiple forecasts. After trained with 120 synthetic �ood events, the ANN was �rst tested
with 60 synthetic events for verifying the forecast performance for 3 h, 6 h, 9 h and 12 h lead time.
The model produces good results, as shown by more than 81% of all grids having an RMSE below
0.3 m. The ANN is then applied to the three historical �ood events to test the multistep inundation
forecast. For the historical �ood events, the results show that the ANN outputs have a good forecast
accuracy of the water depths for (at least) the 3 h forecast with over 70% accuracy (RMSE within
0.3 m), and a moderate accuracy for the subsequent forecasts with (at least) 60% accuracy.

Keywords: hazard; arti�cial neural network; resilient backpropagation; multistep urban �ood forecast

1. Introduction

Floods are one of the most threatening hazards to civilian safety and infrastructures, causing
damages and losses over the world [1]. Especially in densely populated urban areas, urbanization,
aging of drainage systems and climate change contribute to growing �ood risk in many countries. Ione
important mitigation measure is the prediction of future �ood occurrences. Real-time �ood forecast
with su � cient lead time can boost the use of preventive measures for �ood mitigation. Such measures
can minimize the threats to communities and individuals at risk of �ooding [ 2].

Various types of hydrology and hydraulic models are available for �ood forecasting [ 3]. From the
di � erent modeling types, these can be classi�ed into rainfall-runo � models, one-dimensional (1D)
model, two-dimensional (2D) model, and coupled 1D–1D model and 1D–2D model. From the forecast
application perspective, 2D and 1D–2D models are able to provide directly a spatial surface �ood
representation, which is essential for �ood damage estimation. 1D–1D models, on the other hand,
relies heavily on GIS pre- and post-treatments. Most 2D hydrodynamic models are computationally
expensive [4]. Even with the help of up-to-date computational techniques for 2D simulations,
the computational capability is still inadequate for a real-time forecast [ 5].

Data-driven is a fast-growing alternative to hydrodynamic models due to the development of
computing technologies in recent years. Data-driven models ignore the physical background of a

91



Water2020, 12, 3568

problem and rather explore the relation between the input and output data [ 6]. For short or long-term
�ood forecasts, di � erent data-driven models have been implemented, such as neuro-fuzzy [ 7], support
vector machine [8], support vector regression [ 9,10], Bayesian linear regression methods [11] and
arti�cial neural network (ANN) [ 12]. Among them, arti�cial neural networks (ANN) can be an e � ective
tool for �ood modeling, if it is properly applied, overcoming pitfalls as over-�tting /under-�tting
with su � cient and representative data for model training [ 13]. Dawson and Wilby applied ANN
to conventional hydrological models in �ood-inclined catchments in the UK in 1998 [ 14]. After
that, numerous examinations about �ood forecasts in catchment scales emerged [2], [15]. Sit and
Demir [ 16] integrated the river network spatial information to improve the forecast accuracy in
Iowa. Bustami et al. applied the backpropagation ANN model for forecasting water levels at gauging
stations [17]. ANN showed its great potential on the short-time forecast of extreme water levels with a
comparable accuracy to the physical model with a far less computational cost [ 18]. Simon Berkhahn et
al. applied an ANN for two-dimensional (2D) urban pluvial inundation extent forecast [ 19]. Lin et al.
applied backpropagation networks for maximum �ood inundation extent prediction and achieved a
comparable accuracy to the hydraulic model [ 20].

The objective of this work is to develop a multistep �ood forecast method for urban areas at a
�ne spatial resolution of 4 m by 4 m. Unlike Lin et al. [ 20], in this study, an ANN-based framework is
proposed for performing multistep forecasts for 1–5 h. To the author's knowledge, only the works
of Chang et al. [2] and Shen and Chang [21] were able to produce multistep �ood forecasting maps.
The novelty herein is the forecast at a �ner resolution of 4 m � 4 m, suitable for urban �ood forecast.
Our hypothesis is that the ANN forecast model can provide comparably accurate �ood extents as
hydraulic models, but with a much shorter time of several seconds. As the hydrodynamics-based
model runs usually takes several hours, the reduction in forecast time of ANN enables more �ood
mitigation measures to become e� ective. In Section 2, we introduce the resilient backpropagation
arti�cial neural network structure and the validation of the model. Section 3 describes the study area
and the data preparation of the event database. Section4 shows the results of �ood forecasts of the
�rst intervals for synthetic and historical �ood events and the real-time forecast for historical �ood
events. Sections5 and 6 are the discussion and conclusion of this work.

2. Methods

2.1. Data and Structure of Arti�cial Neural Networks

Arti�cial neural networks are algorithms applied to map features into a series of outputs. Through a
structure of the input, output and intermediate hidden layers, arti�cial neural networks can learn
data relationships between input and output data [ 22]. A feedforward neural network is applied in
this work for modeling the study area, proceeding and transmitting data in a network structure [ 23].
One of the most widely used ANN is the multilayer perceptron (MLP) [ 24]. The MLP consists of highly
interconnected neurons organized in layers to process information. The neurons in one layer are fully
connected to each neuron in the next layer. Each connection is then assigned a weight. Each neuron
collects values from the previous layer by summing up the results from the previous neuron values
multiplying the weight on each input arcs and storing the results on itself. An activation function is
used to transfer the results from the hidden layers to the output layer, and a loss function is applied to
measure the �t of the neural network to a set of input–output data pair.

In this case study, the input layer collects the seven in�ows to the urban area of Kulmbach,
given the hourly discharge intensity. The output layer is fed with the hourly raster inundation map
with a resolution of 4 m � 4 m from the event database. Between the input layer and the output layer,
the ANN has 2 hidden layers with 10 nodes per layer. One hundred twenty synthetic events from
the event database are used for network training (see Section3.2). Afterward, the other 60 events
in the event database are used for model validation. This represents 2/3 of the date for training and
1/3 for testing, which is often found in the literature [ 25]. Finally, the model is applied to forecast
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three historical events. The widely applied sigmoid function is chosen as the activation function
for the neural network [ 26]. Due to the high-resolution of the map (4 m by 4 m), weights between
the last hidden layer and the output layer would have been 1 GB RAM with a dimension of the
problem of more than 30 million. The optimization of these weights is very time-consuming, even with
the latest optimization techniques [ 27]. Hence, a “divide and conquer” strategy is used to enable
calculation in a single PC. In addition, it should be noted that, in principle, the results of the two
strategies should be the same. Some alternative arti�cial network structures, such as a convolutional
neural network (CNN), could not be applied in this study. The network size would require a very
large number of hypermeters, which was beyond the memory capacity of a personal computer for
forecasting purposes [28]. Furthermore, the time for training can be reduced with our strategy due to
parallelization. The estimated time for training all networks in parallel with four cores is 6 h. To reduce
the training time and save memory requirements, the study area is divided into 50 � 50 squared grids
(see Figure1). A similar idea of splitting has been applied to a former study [ 19]. Each grid had four
independent ANNs for intervals (3 h, 6 h, 9 h and 12 h). In total, 10,000 ANNs are trained to produce
multistep forecasts.

��

��

�S�Ü�Ý

�.

Figure 1. The forward-feed neural network setup in the forecast study. The input layer is fed with
discharge in�ows of certain time interval windows. The output layer generates the �ood inundation
for that interval. Resilient backpropagation is applied for training this network.

2.2. Hyperparameter Tuning in ANN

To optimize weights in ANN, resilient backpropagation is a widely applied e � ective algorithm [ 29].
According to Shamim et al. and Panda et al. [ 23,30], backpropagation neural networks outperform other
methods in �ood forecasting studies for their more e � ciency and higher robustness. Berkhahn et al. [19]
compared the training algorithms for hyperparameter tuning. The authors showed that resilient
backpropagation is more e� cient than both backpropagation and Levenberg–Marquardt for maximum
�ood inundation prediction. The process has two stages: the training stage gathers information from
the �ood event database, changing the weights between layers to minimize the error on the output
layer; the recalling stage generates the forecast for the rest of the events in the database for testing
the model.

Formula 1 and Formula 2 show the scheme of a resilient backpropagation. To calculate the update
of the network weights wi j from ith neuron to jth neuron, the gradient descent algorithm is applied.
It distinguishes the update of weights upon the derivative of the loss function L of the model. The loss
function L takes the mean square error (MSE). The iteration stops once the loss function reaches its
minimum (chosen 10 � 6 in this case).
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(t) > 0

0, else

, (2)

The learning rate is to scale the speed in each weight updating iteration. The larger alternative
learning rate � + is chosen when the error gradient in the same signal in neighboring iterations and
lower alternative learning rate � � when the loss function is close to zero, ful�lling 0 < � � < 1 < � + .
In our study, these were set constant and equal to � � = 0.5, � + = 1.2. The deep learning toolbox of
MATLAB version R2017a is used to form the forecasts.

2.3. Prediction of the First Interval of Flood Events

The ANN model is trained with the �rst 120 events in the synthetic �ood event database (more
details in Chapter 3.2). The time series of each event (starting from time 0) is extracted for training.
The input in�ow discharges are extracted from time 0 to X h (X takes the values from 3, 6, 9, 12).
The respective output inundation maps at X h (X takes the values from 3, 6, 9, 12) are used as the
output layer. The intervals of 3 h, 6 h, 9 h, 12 h of the �ood events are used for training four networks
with the same forecast lead times (see Figure2). The ANN models only consider the input �ow values
from the initial time step (blue bars of the events in Figure 2), but not from the previous time steps.
This was similar to the approach in the framework FloodEvac, which successfully produced forecasts
based on the selection of pre-recorded �ood maps [ 31].
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Figure 2. Training of arti�cial neural networks (ANN) forecast model. Four ANN models for 3 h, 6 h,
9 h, 12 h �rst interval predictions are set up in this work, trained with the discharges from each synthetic
�ood event. After this, the models are to predict the corresponding �rst intervals for other events.

After the training, the models are tested for the �rst interval forecast for the rest 60 events in the
synthetic database.

2.4. Real-Time Forecasting for Sequential Multistep Forecast Intervals

In this work, the �ood forecast starts when a certain discharge forecast threshold is achieved. If the
start point occurs sometime later at time x, the prediction begin is also shifted to time x accordingly.
If all the discharge in�ows fall below the forecast threshold, the forecast is stopped. With this setup,
the forecast can run in continuous mode.
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The ANN receives the corresponding discharge inputs of an interval, just as in real-time forecasts.
After the forecast is complete for a certain step, the discharge forecast is repeated one hour ahead.
The forecasts are done with the same ANN model, now starting one hour later, taking the discharge
inputs from the next time interval. This procedure is repeated many times to enable the continuous
mode of �ood forecasting. In this case study, the real-time forecast is performed with the ANN models
trained to forecast at multiple steps of 1–5 h. The forecast from time 0 and the shift forward of the
forecast intervals by one hour and two hours are shown in Figure 3.
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Figure 3. Shift of ANN forecast models for multistep forecast intervals. The yellow color shows the
forecast of the �rst interval (forecast interval same as the training interval, i.e., at time 0). The green
color shows applying the original 3 h forecast network for 1 h later forecast from 1–4 h. The orange
color shows applying the original 3 h forecast network for 2 h later forecast from 2–5 h. The black box
shows the general case of applying the original X h forecast network for S h later forecast, from S h to
X h + S.

For an easier interpretation of the di � erent forecast groups, we name each forecast as “X h+ S”
forecast. The “X h” indicates the forecast interval of X hours, and the “ + S” behind it shows the start
time of the forecast.

2.5. Model Evaluation

The root-mean-square error (RMSE) is applied to access the ANN forecast performance in the
study area. The forecasts of the ANN are compared against the inundation maps produced by the 2D
dynamic model (see Section3.2). Hence the 2D dynamic model results are assumed as the observed
values in order to enable the evaluation of the ANN. Al, the events in the database have been processed
by the FloodEvac tool [ 31] and validated [ 32]. As the ANN training is conducted within each grid,
the RMSE is also evaluated for each grid.

RMSE =

r
1
n

X n

i= 1
(T � S)2, (3)

where

T is the predicted value, water depth from the ANN model in our case.

S is the observed value, water depth from the hydraulic model (HEC-RAS) in our case.

To assess the general conduct of the model over the training and validation dataset, the average RMSE
is also calculated for the average accuracy among all the events in the testing dataset.

To quantify the forecast of inundation extent growth, the following indices are used to measure
the correspondence between the ANN model and the hydraulic model, namely probability of detection
(POD), false alarm ratio (FAR) and critical success index (CSI) [33].
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POD =
hits

hits + misses
, (4)

FAR =
false alarms

hits + false alarms
, (5)

CSI =
hits

hits + misses+ false alarms
, (6)

A pixel with water depths under 10 cm is de�ned as a dry pixel, while over 10 cm as a wet pixel.
Hits count the pixels that are both wet by the ANN forecast and the hydraulic simulation. Misses
counting the pixels that are predicted dry by the ANN model but simulated wet by the hydraulic model.
False alarms count the pixels predicted wet by ANN model but simulated dry by hydraulic model.

3. Study Area and Database

3.1. Study Area

The study area of Kulmbach lies by the River Main in Bavaria, Germany. The White Main divides
the city to the north and south parts. Seven streams, speci�cally the Red Main, White Main, Dobrach,
Schorgast, Mühlbach, Kohlenbach and Kinzelsbach, �ow into this area. The city Kulmbach has a
population of 25, 866 inhabitants in an area of 92.77 km2. An extreme �ood event hit the city on
28 May 2006. A �ood mitigation plan was prepared by local stakeholders to mitigate future events.
In the ANN model, the above seven streams are taken as the input boundary conditions. The goal of
the ANN modeling is to replace the hydraulic processes within the marked study area to enable fast
real-time forecasts (see Figure4).
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Figure 4. Map of the study area. It shows the location of Kulmbach in Germany. The blue curves
represent the river network. The shaded region is the study area with its topography represented.
On the marked boundary, the red points represent the seven in�ows on the boundary (three rivers and
four smaller streams).

3.2. HEC-RAS and Synthetic Event Database

The synthetic database is conducted by the 2D hydraulic model Hydrologic Engineering
Center—river analysis system (HEC-RAS), Davis, CA, USA) for di � erent precipitation durations,
intensities and distributions [ 31]. Each event in the database contains a discharge hydrograph and
an inundation map. The database contains 180 synthetic events in which discharge hydrographs are
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generated by the hydrologic model large area runo � simulation model (LARSIM) [ 34]. The events of
the �nal database cover a wide range of di � erent return periods, ranging from one year to 1.5 � 100year
return periods. The 2D hydrodynamic model HEC-RAS is used for producing the �ood inundation
maps. In the end, 180 hydrographs and their corresponding inundation maps form the synthetic
event databases. The tool for automating these procedures is named the FloodEvac tool. The model is
validated [ 32]. All the events are with a high temporal resolution of 15 min, and the inundation map is
projected to a high spatial resolution (4 m by 4 m).

4. Results

The ANNs are trained for the �rst intervals (time 0). Thus, Section 4.1 focuses on assessing
the results for the same time interval, which the ANNs are trained for. Section 4.2 focuses on the
subsequent multistep forecast intervals. The aim is to verify if the hypothesis that the same ANNs can
be used to forecast subsequent multistep intervals successfully even though they were trained for the
�rst interval.

4.1. Assessment of the Prediction of Water Depths of the First Intervals (time 0) of Flood Events

4.1.1. Synthetic Flood Events

The ANN model is tested with the 60 synthetic �ood events from the FloodEvac tool. The ANN
model for the prediction of �rst intervals of �ood events is set up for the duration of 3 h, 6 h, 9 h
and 12 h, using the discharge within the same time as the model input. After this, the prediction of
�rst intervals of �ood events is evaluated by the RMSE with the testing dataset (event #121 to event
#180). The averaged RMSE was calculated for di� erent prediction times (3 h, 6 h, 9 h, 12 h) to quantify
the prediction performance of each individual ANN. Table 1 shows the percentage of the accurate
prediction ANNs, classi�ed by RMSE of 0.2 m, 0.3 m and 0.4 m. In Table 1, if the error threshold is set to
0.3 m, the accuracy can be considered excellent with values above 80% for all the prediction durations.

Table 1. Number of wet grids and grid percentages of di � erent large error thresholds for testing
synthetic �ood events (60 events, #121~#180).

Prediction
Time (h)

Wet ANN
Grid

ANN Grid
with

Average
RMSE >

0.2 m

ANN
Grid% with

Average
RMSE �

0.2 m

ANN Grid
with

Average
RMSE >

0.3 m

ANN
Grid% with

Average
RMSE �

0.3 m

ANN Grid
with

Average
RMSE >

0.4 m

ANN
Grid% with

Average
RMSE �

0.4 m
3 300 47 84.33% 18 94.00% 10 96.67%
6 417 174 58.27% 78 81.29% 27 93.53%
9 474 106 77.64% 37 92.19% 15 96.84%
12 483 50 89.65% 12 97.52% 7 98.55%

Note: highlighted in gray are the percentages larger than 70%.

4.1.2. Historical Flood Events

After testing with the synthetic events, the ANN model performance is further examined with
the historical �ood events. Thus, the historical events, the same as the synthetic events, are simulated
by the FloodEvac tool for their inundation maps. Afterward, the grid RMSE is calculated for the
evaluation of prediction accuracy on the three historical �ood events of their �rst intervals. A value of
10 m3/s was selected as the forecast threshold to initiate the forecasts since this value is crossed before
the beginning of the �ooding in all three historical events. The forecast threshold is chosen slightly
bigger than the average discharge of 9.2 m3/s of White Main [ 35] to avoid the low discharges from
triggering �ood warnings.
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Historical �ood events 2006

Figure 5 shows the discharge inputs for the historical �ood event in 2006. The �rst 3 h, 6 h, 9 h,
12 h discharge curves are given by the trained ANN as in Chapter 4.1. Figure 6 compares the prediction
of the inundation map of the �rst intervals of 3 h, 6 h, 9 h and 12 h with the inundation map from the
hydraulic model of the historical �ood event 2006. Table 2 shows the performance of the prediction for
historical event 2006, evaluated by average RMSE for each individual ANN. As the forecast interval
increases from 3 h to 12 h, the prediction accuracy drops, evaluated by grid percentages of RMSE.

��

Figure 5. Hydrographs of the �ood event in 2006. Seven discharge curves of three rivers and four
streams are shown in di � erent colors. Time 0 marks the start of the prediction. The dash lines upon the
discharge curves mark the di � erent discharge sections for prediction inputs.

(a) (b) 

(�Œ) (�•) 

Figure 6. Cont.
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Figure 6. Inundation maps from the prediction of water depths of the �rst intervals in �ood event 2006.
(a) ANN inundation map 3 h; ( b) hydrodynamic inundation map 3 h; ( c) ANN inundation map 6 h;
(d) hydrodynamic inundation map 6 h; ( e) ANN inundation map 9 h; ( f ) hydrodynamic inundation
map 9 h; (g) ANN inundation map 12 h; ( h) hydrodynamic inundation map 12 h.

Table 2. Numbers of wet grids and accurate grid percentage for event 2006. A wet grid is with the
water level over 0.1 m; any water depth below this cuto � value is eliminated. Table shows grid numbers
with a larger root-mean-square error (RMSE) and their percentages to the total wet grids.

Prediction
Time (h)

Wet ANN
Grid

ANN Grid
with RMSE

> 0.2 m

ANN Grid%
with RMSE

� 0.2 m

ANN Grid
with RMSE

> 0.3 m

ANN Grid%
with RMSE

� 0.3 m

ANN Grid
with RMSE

> 0.4 m

ANN Grid%
with RMSE

� 0.4 m
3 280 46 83.57% 20 92.86% 6 97.86%
6 405 84 79.26% 42 89.63% 25 93.83%
9 474 134 71.73% 64 86.50% 36 92.41%
12 483 157 67.49% 85 82.40% 47 90.27%

Note: highlighted in gray are the percentages larger than 70%.

Historical �ood events 2013

Figure 7 shows the discharge inputs for the historical �ood event in 2013. It shows that the initial
discharge curves are below the forecast threshold 10 m3/s; therefore, the start of the prediction at
9 h is marked with a red line when one discharge hits the forecast threshold. Figure 8 compares the
prediction of the inundation map of the �rst intervals of 3 h, 6 h, 9 h and 12 h with the inundation map
from the hydraulic model of the historical �ood event 2013. Table 3 shows the performance of the
prediction for historical event 2013, evaluated by average RMSE for each individual ANN. The forecast
performance is slightly better than that of the event 2006.
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��

Figure 7. Hydrographs of the �ood event in 2013. Seven discharge curves of three rivers and four
streams are shown in di � erent colors. The red line time marks the new start of the prediction at 9 h,
where one discharge �rst exceeds the forecast threshold of 10 m3/s. The dash lines upon the discharge
curves mark the di � erent discharge sections for prediction inputs.
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Figure 8. Inundation maps from the prediction of water depths of the �rst intervals in �ood event 2013.
(a) ANN inundation map 3 h; ( b) hydrodynamic inundation map 3 h; ( c) ANN inundation map 6 h;
(d) hydrodynamic inundation map 6 h; ( e) ANN inundation map 9 h; ( f ) hydrodynamic inundation
map 9 h; (g) ANN inundation map 12 h; ( h) hydrodynamic inundation map 12 h.

Table 3. Numbers of wet grids and accurate grid percentages for the �ood event in 2013. A wet grid is
with the water level over 0.1 m; any water depth below this cuto � value is eliminated. The table shows
grid numbers with larger RMSE and their percentages to the total wet grids.

Prediction
Time (h)

Wet ANN
Grid

ANN Grid
with RMSE

> 0.2 m

ANN Grid%
with RMSE

� 0.2 m

ANN Grid
with RMSE

> 0.3 m

ANN Grid%
with RMSE

� 0.3 m

ANN Grid
with RMSE

> 0.4 m

ANN Grid%
with RMSE

� 0.4 m
3 285 9 96.84% 2 99.30% 2 99.30%
6 405 72 82.22% 27 93.33% 8 98.02%
9 474 134 71.73% 65 86.29% 25 94.73%
12 483 175 63.77% 104 78.47% 56 88.41%

Note: highlighted in gray are the percentages larger than 70%.

Historical �ood events 2005

Figure 9 shows the discharge inputs for the historical �ood event in 2005. Figure 10 compares the
prediction of the inundation map of the �rst intervals of 3 h, 6 h, 9 h and 12 h with the inundation map
from the hydraulic model of the historical �ood event 2005. Table 4 shows the prediction performance
of historical event 2005, evaluated by average RMSE for each individual ANN. As the forecast interval
increases from 3 h to 12 h, the prediction accuracy drops. This can be evaluated by the grid percentage
of RMSE.
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��

Figure 9. Hydrographs of the �ood event in 2005. Seven discharge curves of three rivers and four
streams are shown in di � erent colors. Time 0 marks the start of the prediction. The dash lines upon the
discharge curves mark the di � erent discharge sections for prediction inputs.
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Figure 10. Inundation maps from the prediction of water depths of the �rst intervals in �ood event
2005. (a) ANN inundation map 3 h; ( b) hydrodynamic inundation map 3 h; ( c) ANN inundation map
6 h; (d) hydrodynamic inundation map 6 h; ( e) ANN inundation map 9 h; ( f ) hydrodynamic inundation
map 9 h; (g) ANN inundation map 12 h; ( h) hydrodynamic inundation map 12 h.

Table 4. Numbers of wet grids and accurate grid percentages for the �ood event in 2005. A wet grid is
with the water level over 0.1 m; any water depth below this cuto � value is eliminated. Table shows
grid numbers with larger RMSE and their percentages to the total wet grids.

Prediction
Time (h)

Wet ANN
Grid

ANN Grid
with RMSE

> 0.2 m

ANN Grid%
with RMSE

� 0.2 m

ANN Grid
with RMSE

> 0.3 m

ANN Grid%
with RMSE

� 0.3 m

ANN Grid
with RMSE

> 0.4 m

ANN Grid%
with RMSE

� 0.4 m
3 280 65 76.79% 36 87.14% 19 93.21%
6 405 165 59.26% 115 71.60% 74 81.73%
9 474 216 54.43% 148 68.78% 93 80.38%
12 483 244 49.48% 168 65.22% 107 77.85%

Note: highlighted in gray are the percentages larger than 70%.

4.2. Assessment of Real-time Forecasting of Water Depths for Multistep Flood Forecast Intervals, 1–5 h

Historical �ood events 2006

Table 5 shows the forecast for multistep forecast intervals of the event in 2006. The forecast for the
event in 2006 has good accuracy for all the intervals.
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Table 5. Forecast accuracy percentages for the �ood event in 2006. This table shows the grid percentage
to the total wet grids with average RMSE within 0.3 m. The forecast begins by the starting point, several
hours later than the event beginning for the real-time forecast.

Starting Point (h) Prediction Interval (h)

3 6 9 12
+1 98.93% 92.10% 83.12% 79.09%
+2 98.94% 90.86% 77.85% 79.92%
+3 96.94% 89.38% 76.58% 78.26%
+4 95.11% 86.95% 70.89% 75.36%
+5 86.60% 69.29% 66.88% 68.12%

Note: highlighted in gray are the percentages larger than 70%.

Historical �ood events 2013

Table 6 shows the forecast for multistep forecast intervals of the event in 2013. The forecast of the
event in 2013 has good accuracy for all the intervals, with a similar performance as that of the event
in 2006.

Table 6. Forecast accuracy percentages rate for the �ood event in 2013. This table shows the grid
percentage to the total wet grids with average RMSE within 0.3 m. The forecast begins by the starting
point, several hours later than the event beginning for the real-time forecast.

Starting Point (h) Prediction Interval (h)

3 6 9 12
+1 99.30% 92.59% 84.18% 72.67%
+2 98.95% 89.88% 78.90% 70.39%
+3 96.30% 89.17% 75.74% 67.91%
+4 94.17% 82.51% 68.78% 67.29%
+5 91.28% 77.34% 66.46% 66.67%

Note: highlighted in gray are the percentages larger than 70%.

Historical �ood event 2005

Table 7 shows the forecast of multistep forecast intervals of the event 2005. The 3 h forecast of
event 2005 still has a good accuracy of over 70%. For the 6 h, 9 h, 12 h forecasts, the ANN model
produces less accurate results.

Table 7. Forecast accuracy percentages for the �ood event in 2005. This table shows the grid percentages
to the total wet grids with average RMSE within 0.3 m. The forecast begins by the starting point, several
hours later than the event beginning for the real-time forecast.

Starting Point (h) Prediction Interval (h)

3 6 9 12
+1 83.74% 69.95% 66.89% 63.15%
+2 81.67% 68.23% 64.77% 61.70%
+3 76.31% 67.00% 63.08% 60.25%
+4 74.85% 66.50% 60.97% 60.25%
+5 70.97% 61.08% 58.65% 60.25%

Note: highlighted in gray are the percentages larger than 70%.
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4.3. Forecast of the Inundation Extent

Figure 11 evaluates the ANN performance of the forecast of inundation extent (water depths
over 0.1 m) growth with three indices. The status of wet /dry is used for calculating the following
three indices for the likelihood between ANN and the hydraulic model. The probability of detection
(POD) represents how well the ANN forecasted the same inundation extent as the hydraulic model.
The false alarm ratio (FAR) measures the discrepancy of the ANN forecast to the hydraulic model.
The critical success index (CSI) is the ratio between the correct forecasted inundation and the join of
both the inundations (hits + misses+ false alarms), showing the general correctness of the �ood extent
forecast of the ANN model. According to the veri�cation criteria in another study [ 36], CSI over 0.7
(see Figure11) is considered a good �t for the benchmark and over 0.5 (see Figure 11) is a su� cient �t.
The lines in the �gures show how these three indices change when a speci�c ANN is performed as the
multistep forecasts advance in time.

��

 

(a) 

 

(b) (c) 

 

(d) 

 

(e) (f ) 

 

(g) 

 

(h) (i ) 

Figure 11. Performance of the forecast of inundation extent growths by three indices. ( a) probability of
detection (POD) in �ood event 2006; ( b) false alarm ratio (FAR) in �ood event 2006; ( c) critical success
index (CSI) in the �ood event 2006; ( d) POD in �ood event 2013; ( e) FAR in the �ood event 2013; ( f ) CSI
in �ood event 2013; ( g) POD in �ood event 2005; ( h) FAR in �ood event 2005; ( i ) CSI in �ood event 2005.
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5. Discussion

5.1. Assessment of the Prediction of Water Depths of the First Intervals of Flood Events

5.1.1. Synthetic Flood Events

Overall, the performance of the prediction of the �rst intervals of �ood events shows that more
than 80% of the grids have errors smaller than 0.3 m. The accuracy table (see Table1) shows that the
ANN has good accuracy in the water depth prediction of �rst intervals for all the synthetic events in
the testing dataset. This test validated the network structure as well as the resilient backpropagation
for solving the ANN. Since the network is initially trained with the 120 events from the synthetic event
database and validated with the rest 60 events. The training events and the validation events bear
more similarities with each other, which could explain the good performance of the prediction of the
�rst interval of the ANN.

5.1.2. Historical Flood Events

Historical �ood event 2006

From Table 2, 83% of grids have RMSE smaller than 0.2 m, and the rest of the grids have RMSE
around zero in 3 h prediction. For the 6 h prediction, 79% of grids have RMSE less than 0.2 m.
In the 9 h and 12 h prediction, the area with large errors grows slightly (see Table 2). From Figure 6,
the inundation maps from 3 h and 6 h predictions match well with the hydraulic inundation maps.
The 9 h and 12 h are less accurate, especially in the southwest of the study area, which is further
away from the location of the discharge in�ows and is, thus, likely less sensitive to the changes in the
discharge inputs. In brief, all the prediction for �ood event 2006 is precise with more than 82% grids
having RMSE less than 0.3 m.

Historical �ood event 2013

For the historical �ood event 2013, the discharge forecast threshold for the forecast start was
reached later, signaling that the discharge forecast threshold is indeed e� ective in starting and stopping
the forecast. Therefore, the start of the forecast is picked up at a later moment in time once one
discharge crosses the forecast threshold of 10 m3/s for a second time. The red line in Figure 7 marks the
new start of the forecast (red line). For this event, it is nine hours later after the �rst forecast signaled
by the ANN. Table 3 shows that the ANN model achieved high accuracy for the �ood event in 2013.
For the 3 h prediction, 96% of the grids have RMSE less than 0.2 m. 6 h prediction has 82% grids with
RMSE less than 0.2 m. From 3 h and 6 h prediction of event 2013, the ANN performs better than the
event 2006. Overall, the event of 2013 is also well predicted, with over 78% of grids having RMSE less
than 0.3 m. Similar to event 2006, the predicted �ood inundation maps of 3 h and 6 h intervals are
similar to the hydraulic inundation simulations (see Figure 10).

Historical �ood event 2005

The general model performance for this �ood event is less good. Figure 10 shows the comparison
between the predicted inundation maps of ANN, where the inundated area is underestimated,
compared to the hydraulic model (see the dark blue area in Figure 10b,d,f,h. However, Table 4 shows
the prediction accuracy is still su � cient (above 65%) considering as acceptable an error within 0.3 m
for the prediction of the �rst intervals for �ood event 2005. The comparison can be observed in the
water depth maps in Figures 6, 8 and 10, particularly when comparing the subplots (e) with (f) and
(g) with (h). The ANN results di � er more from the hydraulic results at points located closer to the
southwest end of the study area. Reason being that those are the points that are further away from the
in�ow points (Figure 4).
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5.2. Assessment of Real-time Forecasting of Water Depths for Multistep Flood Forecast Intervals, 1–5 h

In this section, we investigate if we can train di � erent ANNs for the �rst interval of the forecast
(from time 0) to predict the multistep forecast, the hypothesis of this study. Herein we test the ANN for
four forecast intervals, namely for the next 3, 6, 9, 12 hours (X), and for �ve forecast starts 1–5 hours (S).
This is represented by the format “X h + S”.

Historical �ood event 2006

Table 5 shows the forecast accuracy of the historical �ood event in 2006. The forecast of the 2006
�ood event shows a good accuracy in 3 h, 6 h and most of 9 h (over 70% grid with RMSE < 0.3 m).
It is visible that as the multistep forecast shifts further away from the original start used for the model
training (X h + 5 h forecasts in Table5), the ANN model performance decreases.

Historical �ood event 2013

The discharge forecast threshold of the �ood event from 2013 exceeds shortly at the beginning.
Hence, the forecast is deactivated and reactivated again when the discharge exceeds the forecast
threshold of 10 m3/s for the second time, namely 9 hours after time 0 (the �rst time the forecast window
was activated). From the second starting point, all other forecasts are done for every forecast for
X h + 1 h to X h + 5 h. Table6 shows the forecast accuracy of the historical �ood event of 2013. From
this table, the ANN model performs as similar to the �ood event in 2006. The forecast of the 2013 �ood
event has good results in 3 h, 6 h and most of 9 h (over 70% of the grid with RMSE < 0.3 m).

Historical �ood event 2005

Table7 shows the accuracy percentage of the grids evaluated by the RMSE less than 0.3 m. With the
changing of the forecast starting point, all the forecasts of di � erent intervals have similar RMSE as
the forecast done during the �rst intervals. It is noticeable that the model provides a good forecast
(over 70% grids with RMSE < 0.3 m) for 3 h intervals for all starting points. This shows that 3 h ANN
trained for the �rst interval could be used to forecast subsequent intervals with a slight drop in the
overall accuracy. However, the forecasts of 6 h, 9 h and 12 h show a poor performance (Tables5–7).
Similar to the other events, most of the errors occur in the southwest of the study area (Figure 10).
However, in this particular event, the errors are substantially larger at the southwest than at the city
center, hence the overall poor performance of the ANNs.

In all the three historical events, the forecast accuracy decreases as the forecast interval increases
from 3 h to 12 h (see Tables5–7). One exception occurs in the event 2006 between 9 h and 12 h, where the
12 h forecast has higher accuracy than the 9 h forecast. From the discharge curve (see Figure5), unlike in
other events, the two major discharges are falling after the peak value, which could be the reason for
the higher accuracy at 12 h in this case.

5.3. Forecast of the Inundation Extent

The forecasts of �ood inundation extent growths are examined through the statistical analysis
proposed by Li et al. [ 33]. Figure 11shows three indices, POD, FAR and CSI, for measuring the forecast
performance of the �ood inundation extent. Analyzing the POD index (see Figure 11a,d,g), it is clear
that for the 3 h ANN forecast, the accuracy decreases slightly as forecasts proceeds from 3 h+ 0 h to
3 h + 5 h. In other words, the accuracy of the 3 h ANN network is more sensitive to the shift of the
forecast intervals than the 6 h, 9 h and 12 h ANN networks. The 3 h network achieves the best forecast
performance for the �rst interval (training interval same as the forecast intervals). When moving
forward for multistep forecast, shifting each hour decreases the POD by a value that varies between
0.08 to 0.1. This means that an added 8% to 10% of the inundation extent displayed by the hydraulic
model is missing in the ANN forecast. In any case, and except for the event of 2005, the POD exhibits
values above 70% for the �rst 2 hours of the forecast.
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The FAR index (see Figure11b,e,h) indicates the false-alarm percentage of the ANN forecasted
�ood inundation extents. In all three events, it is noticeable that the area percentage with false-alarms
decreases over all the forecast networks when the forecast interval moves forward. It shows the ANN
forecast produces more percentage of false alarms at the early stage in a �ood event. This is because
the �ood inundation is relatively small at the beginning and the number of outer pixels larger than
that of inner pixels, causing a higher number of false alarms. Moreover, the decreasing trend of POD
and FAR indicate that the ANN model tends to change from overestimation to underestimation when
the forecast starts to shift from 0–5 h.

The CSI index (see Figure11c,f,i) shows the percentage of agreement of the ANN forecasts of
the �ood inundation extent to the hydraulic model. The ANN predicts better the �ood inundation
extents for two events of 2006 and 2013 than for the event of 2005, with the CSIs from 2006 and 2013
close to 0.6. For the event of 2005, the CSI is around 0.4 showing a poor accuracy forecast in the �ood
inundation extent forecast.

It is noteworthy to mention that the ANN shows an expectable performance of water depth
prediction decreasing with lead time (see Tables 5–7). However, if we focus on the inundation extent,
it seems contradictory, as the 12 h prediction shows better performance (see CSI and POD in Figure 11).
The latter apparent contraction can be explained by the �ood inundation extent being limited by the
topography. The topography limits the size of the inundation, making it easier for the ANN to predict
it better.

6. Conclusions

The aim of this study is to perform multiple subsequent forecasts for 1–5 h after the �ooding
event has started. It was shown that it is possible to use di � erent ANNs for the �rst interval of the
forecast (time 0) to issue the multistep forecasts. However, there should be made a distinction between
the quality of the forecast regarding the water-depths or the �ood inundation extent. The overall
forecast performance of the water-depths was found slightly better than the �ood inundation extents.
The performance was mostly adversity a � ected by the �ood event from 2005, in particular, close to the
southwest end, far away from the location where the input in�ows are.

The ANN model was �rst applied to the forecast of the �rst intervals of 3 h, 6 h, 9 h and 12 h.
For the 60 synthetic �ood events in the testing dataset, the model produced good results, as over 81%
grids with RMSE less than 0.3 m. For the historical event 2006 and the historical event 2013, the model
performed good water depths with the accuracy of over 82% and 78%, evaluated by RMSE smaller
than the error threshold of 0.3 m. The �ood event 2005 has a su� cient performance with an accuracy
of over 65%, evaluated by RMSE smaller than 0.3 m. The forecasted inundation maps by ANN of all
the three historical events have a similar shape to the inundation maps from the hydrodynamic model
(HEC-RAS). For the far end area away from the in�ow inputs, the long-distance may be responsible for
a decrease in the forecast performance; therefore, it is likely that the model requires other information
than those of discharge to enhance the forecast accuracy for those areas.

The ANN model was applied for the real-time forecast of the historical events in 2006, 2013 and
2005. For this purpose, the same ANN model was used for the forecast. The input discharge inputs
were replaced by the shifted intervals for 1–5 h after the event's beginnings. The forecast shows good
results in the �ood events 2006 and 2013 for the real-time forecasts, with over 70% grids with RMSE
less than 0.3 m. The forecast shows worse results in �ood event 2005, with only over 58% grids with
RMSE less than 0.3 m. Overall, the forecast accuracy drops as the forecast interval increased from 3 h
to 12 h. The forecast accuracy also decreases as the forecast progresses forward from X h+ 1 h to X h +
5 h. For all the three historical �ood events, the 3 h forecast is classi�ed as good, with more than 70%
grids accurately forecasted. However, the quality of 6 h or longer intervals was more event dependent.

Based on the analysis of indices of POD, FAR and CSI, the multistep ANN �ood forecast provides
good results at the beginning and decreases as the forecast progresses. The forecasts of the ANN
model switches from an overestimation to an underestimation when the forecast proceeds from 0 h
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to 5 h. In our case, except for the event 2005, the 3 h ANN trained by the �rst interval improved the
performances slightly with the multistep forecast; the 6 h, 9 h and 12 h ANN trained by the �rst interval
for multistep interval forecasts would have accuracies depending on the exact �ood events.

Future research could include recurrent neural networks with long short-term memory to involve
the water depth information acquired from previous forecasted steps for a multistep forecast. To reduce
the forecasted time interval for �ner temporal multisteps could also be another possibility to enhance
the accuracy of the forecast.
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Abstract: Flooding is currently one of the major threats to cities in Sub-Saharan Africa (SSA). The

demographic change caused by the high rate of natural increase, combined with the migration toward

cities, leads to a strong demand for housing and promotes urbanization. Given the insuf�ciency or

absence of adequate planning, many constructions are installed in �ood-prone zones, often without

adequate infrastructure, especially drainage systems. This makes them very vulnerable. Our research

consists of carrying out a spatiotemporal analysis of the agglomeration of Antananarivo (Madagascar).

It shows that urbanization leads to increased exposure of populations and constructions to �oods.

There is a pressure on land in �ood-prone zones due to the exponential growth of the population at

the agglomeration level. Some 32% of the population of the Antananarivo agglomeration lived in

�ood-prone zones in 2018. An analysis of the evolution of built spaces from 1953 to 2017 highlights

that urban expansion was intense over those years (6.1% yearly increase of built areas). This expansion

triggered the construction of built areas in �ood-prone zones, which evolved from 399 ha in 1953

to 3675 ha in 2017. In 2017, 23% of the buildings in the agglomeration, i.e., almost one out of every

four buildings, were in �ood-prone zones. A share of the urban expansion in �ood-prone zones is

related to informal developments that gather highly vulnerable groups with very little in terms of

economic resources. Better integration of �ood risk management in spatial planning policies thus

appears to be an essential step to guide decisions so as to coordinate the development of urban areas

and drainage networks in a sustainable way, considering the vulnerability of the population living in

the most exposed areas.

Keywords: demographic change; urbanization; �ooding; drainage system; vulnerability; Sub-

Saharan Africa; Antananarivo

1. Introduction

Floods have become more recurrent and usual events in several countries [1]. Com-
pared to the �gures of the 1990s, the number of �oods has almost doubled in the world
since the 2000s [2]. They represent a threat with a major impact in terms of victims. In 2018,
�oods accounted for 50% of people affected by natural hazards [ 3]. Floods also have severe
consequences in terms of economic loss and material damage [4].

The upsurge in �oods can be explained by various factors, including climate change [ 5],
which generates changes in precipitation regimes and intensity [ 6], and often manifests
in torrential rains. Intense precipitation can cause �ooding in small river basins and in
rivers [ 4]. Extreme events in Africa [ 7], Europe [8], and Asia [ 9] are examples of the
signi�cance of climate change in increasing �ooding. However, �oods are not exclusively
linked to climate change, but also to urbanization dynamics [ 10]. Jha, Bloch, and Lamond
argue that regardless of climate change, urbanization can increase the risk of �ooding [ 11].
With an emphasis on exposure and vulnerability, we would like to highlight this aspect in
this paper.
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Urbanization generally leads to an increase in impervious surfaces, which limits the
possibility of water in�ltration in the soil and increases the volume of water runoff on
the surface [12]. Additionally, urbanization is often accompanied by an arti�cialization
of urban rivers, which further increases the risk of water over�ows [ 13,14]. This modi�es
existing land use not only inside cities but also in the outskirts [ 15].

In 1900, 15% of the world's population lived in urban areas [ 16]. Currently the pro-
portion is more than 50% [ 17]. The numbers are increasing by 200,000 people a day, or
70 million people a year, and the proportion is estimated to reach 70% in 2050 [17]. This ur-
ban growth increases the demand for housing and land to build [ 16]. Given the competition
for urban land, some people are tempted to build on areas exposed to risks [ 18,19].

Controlling exposure to �oods implies a combination of urban planning and manage-
ment of drainage systems. It requires follow-up of spatial planning policies [ 11], because
risks are partly related to governance [ 1]. A lack of planning or poor planning can lead
to an increase of informal installations and constructions, often exposing vulnerable resi-
dents to risks [10,20]. Lower-income residents usually do not have access to services and
infrastructures that could mitigate the problems [ 21]. On the other hand, extending the
drainage system should go hand-in-hand with any increase in built spaces, and it should
be resilient [22] by having the capacity to evacuate water in the face of �ooding. Without
an adequate, suf�cient, and well-maintained drainage system [ 23], urbanization cannot be
sustainable.

Africa is one of the two continents in the world most affected by �oods [ 24]. Floods
are the most frequent disaster and remain a threat, especially in Sub-Saharan Africa (SSA)'s
cities [25,26]. At the same time, the continent contains a population that is growing
twice as fast other regions in the world [ 27]. Beyond this high growth, management and
planning remains a problem throughout the continent and particularly in the region south
of the Sahara [23,28]. The absence or ineffectiveness of disaster management plans and
the inadequacy of basic systems, infrastructures, and services contribute to increasing
vulnerability of urban areas [ 11]. The inability to accommodate a fast-growing population
in decent conditions explains why constructions are located on unsuitable and dangerous
sites, exposing cities to natural disasters [18], including �oods. The de�ciency of the
drainage systems means a part of the population is affected by �oods [ 14].

In this study, we show that urbanization leads to increased exposure of populations
and constructions to �oods and tends to add to their vulnerability. In order to reduce
exposure and vulnerability to �oods, it is important to recognize all aspects related to
�ooding, including socioeconomic factors that explain why �ood-prone zones keep at-
tracting a part of the population. We thus adopt a co-evolutionary perspective in order to
better understand the long-term bi-directional relations between �ood exposure, urban
expansion, and vulnerability [ 29,30].

This paper is centered on the agglomeration of Antananarivo, the capital of Mada-
gascar. Apart from the extreme climatic hazards the country is exposed to every year [ 31],
it has most of the characteristics of SSA's cities mentioned above, in particular growing
urbanization. According to the Institut National de la Statistique de Madagascar (INSTAT),
nearly 5 million Malagasy people lived in urban areas in 2018 [ 32]. Rapid urban expansion
is a problem due to the lack of planning [ 33]. It is associated with drainage problems
plaguing the country. Insuf�cient capacity and poor functioning of the drainage network
due to clogging with solid waste and deterioration are among the causes of �oods [ 34]. The
growing urban population is settling more and more in �ood-prone areas [ 35], with the
majority in informal spaces with limited services [ 36]. All of these factors contribute to the
vulnerability of low-income groups.

The study starts from the birth of the agglomeration and proceeds with an analysis of
its demographic growth, and then the evolution of the built-up areas. Two case studies
on a �ner scale are presented in order to better understand the socioeconomic conditions
of urban areas located in lower areas of the city. These sites were selected based on the
identi�cation of sensitive areas affected by �ooding during the 2018 rainy season by Service
Autonome de Maintenance de la Ville d'Antananarivo (SAMVA). They are among the black
spots of the city, since they are �ooded every year. They have a similar urban dynamic and
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socioeconomic situation but differ in terms of the motivation of the people living there.
This makes the comparison relevant. The case study analysis is followed by a discussion of
results, conclusions, and limitations of the research.

2. Study Area: Agglomeration of Antananarivo

The agglomeration of Antananarivo, also called Greater Antananarivo, is located on
the central Malagasy highlands (Figure 1). It covers an area of 76,800 ha and in 2018 had
about 2.9 million inhabitants according to INSTAT. On the administrative and institutional
level, it brings together the Urban Community of Antananarivo (CUA) composed of six
boroughs forming the city of Antananarivo and 37 peripheral municipalities. The whole is
located in the Regions of Analamanga and Itasy and is subdivided into 571 neighborhoods
called Fokontany.

 

Figure 1. Location of agglomeration of Antananarivo.
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Located at an altitude between 1200 and 1500 m above sea level, Antananarivo is
characterized by a wide variety of landforms. It is made up of a set of elevated areas with
steep slopes to the south, lower areas to the east and center, and a vast alluvial plain in the
north and west (Figures 2 and 3).

The plain is drained by the Ikopa and its tributaries (Figures 2 and 3), �owing mainly
from the south, southeast, and east to the northwest [37]. Upstream, the �ow is more �uid,
because the rivers face areas with steep slopes. The river slows down and generates water
retention in the lower parts upon its arrival in the plain. This is due to the slight slope of
about 0.25% [38] as well as the con�uence of the rivers. The topography of the site and its
hydrographic network make it very vulnerable to �ooding. Almost a third of the urban
area is occupied by �ood-prone areas (Figure 3).

These �ood-prone zones (Figure 3) were produced from a combination of the topo-
graphic wetness index (TWI), a soil moisture index, and the stream power index (SPI), an
index characterizing the intensity of surface runoff. They are extracted from calculations
carried out based on a digital Shuttle Radar Topography Mission (SRTM) model with geo-
graphic information system (GIS) software. These two indices are important parameters in
�ood sensitivity analysis [ 39].

After the last con�uence in the northwest, the Ikopa �ows to a single point [ 34],
characterized by a succession of rock outcrops that reduces the water evacuation capacity
and generates the formation of alluvial deposits at the level of the plain [ 40]. In the CUA,
the plain forms a polder surrounded by dikes that protect it from over�owing rivers.
However, as the river levels are often higher than its level during the rainy season, it is
very sensitive to �ooding [ 41].

 

Figure 2. Relief of study area.
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Figure 3. Flood-prone areas.

The �rst hydraulic infrastructures date from the royal period in the 17th and 18th
centuries, consisting of river embankments and canals constructed to protect the plain and
ensure the evacuation of irrigation water [ 42]. Currently, the drainage system is denser
and more complex. It is structured along three main channels with multiple functions:
drainage of rainwater, wastewater, and sewage, as well as irrigation of the agricultural
plain. These are the Andriantany, C3, and GR (G² nie Rural) channels (Figures 4 and 5).
Primary canals, open drains, and buried pipes of various dimensions are connected to
these three main channels. Pumping stations and retention basins have been added to this
to ensure operation.

At the CUA level, the Andriantany and C3 channels are the main drainage channels.
The upstream Andriantany runs through the western part of the city to the pumping station
to the northwest and collects water from the hills and eastern plain. It collects rainwater,
but also wastewater, from some Fokontany [ 37]. Downstream, it takes up water from the
pumping station and drains to its point of con�uence with the Ikopa [ 43]. As for channel
C3, it collects water from the southern plain and agricultural drainage �ows as well as
excess �ows from Andriantany [ 41]. The GR channel irrigates the plain [ 44] and acts as a
drain during the rainy season [ 45].

Despite the existence of this drainage system, water tends to accumulate in the
plain. At the pumping station, the �ow remains paltry compared to the total �ow to
be drained [46]. Moreover, the increased intensity and volume of runoff due to soil sealing
accelerates the degradation of the drainage system [47]. These problems cause �ooding
during the rainy season.

The peripheral municipalities are not connected to the main drainage network. In
these municipalities, water is channeled through sanitation devices along the road network
that evacuate rainwater, concrete or earth canals, and drainage ditches leading into the
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natural environment. In some communes, a collective sanitation system does not even
exist [34].

 

Figure 4. Agglomeration's main drainage system.

 

Figure 5. Urban Community of Antananarivo (CUA) watershed.
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3. Materials and Methods
3.1. Collected Data

The demographic data used for this work were collected from a general population
census based on administrative divisions provided by INSTAT conducted in 1993. For 2018,
the �gures are based on estimates, since the current general census is not yet of�cial.

Built spaces correspond to structures that host housing, service, industrial, and eco-
nomic activities. Those represented in this study were digitized based on historical maps
and aerial photos. The �rst base map are maps of Antananarivo from 1953 and 1975. They
were provided by Foiben-Taosarintanin'i Madagasikara (FTM), a public establishment in
charge of cartography and geographic information in Madagascar. It covers the Greater
Antananarivo area except for a few communes to the north and west of the agglomeration.
The map representing the areas built in 2006 and 2017 was developed through vectorization
of aerial images provided by Google Earth.

The �ood-prone zones used in this study are those described in Figure 3 and explained
in Section 2. These data were provided by UN-Habitat Madagascar.

Data related to the drainage system came from two organizations that specialize in
sanitation and �ooding in Madagascar, Autorit ² pour la Protection contre les Inondations
de la Plaine d'Antananarivo (APIPA) and SAMVA.

Table 1 shows the details of these data.

Table 1. Data used in the analysis. INSTAT, Institut National de la Statistique de Madagascar; FTM, Foiben-Taosarintanin'i
Madagasikara; APIPA, Autorit ² pour la Protection contre les Inondations de la Plaine d'Antananarivo; SAMVA, Service
Autonome de Maintenance de la Ville d'Antananarivo.

Name of the Data Spatial Extent Scale Date Source

Demographic data Agglomeration - 1993 and 2018 INSTAT

Topographic map
CUA and 32 peripheral

municipalities
1/100,000 1953

FTM1/50,000 1975

Aerial images Agglomeration - 2006 and 2017 Google Earth

Flood-prone areas Agglomeration - 2012 UN-Habitat Madagascar

Drainage network:
main channels

Agglomeration - 2017 APIPA

Drainage network:
secondary channels

CUA - 2017 SAMVA

In order to cross-check all of the data, cartographic work was carried out. Analysis,
modeling, and display of results was done using QGIS geographic information system
software.

3.2. Method

The number of inhabitants is a �rst measure of the degree of exposure to �ooding.
Demographic data were �rst mapped at the level of the peripheral municipalities and
boroughs of the CUA. This map was used to identify the annual demographic evolution
between 1993 and 2018 and the population in 2018. Demographic data were then mapped
at the level of the Fokontany in order to obtain the residential population density in 2018
(Scheme1). Residential population density is de�ned here as the ratio between the number
of inhabitants and the area of built spaces.

Considering that in 2018 the average residential population density of the Fokontany
of the agglomeration was estimated at 250 inhab/built ha, the following thresholds were
established:
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� Fewer than 25 inhab/built ha: very low density
� 25 to 150 inhab/built ha: low density
� 150 to 350 inhab/built ha: moderate density
� 350 to 600 inhab/built ha: densely populated
� 600 to 1200 inhab/built ha: very densely populated
� More than 1200 inhab/built ha: very high density

The density map highlights the overall geographic distribution of the population
throughout the agglomeration. Crossed with the area of �ood-prone zones of each Fokon-
tany in 2018, it allows estimation of percentage of the population living in �ood-prone
areas (Scheme1).

 

��
��
��
��
��
��

Scheme 1.Overview of method adopted in the study.

Historic topographic maps and recent aerial data were used to map the extent of
urbanization in 1953, 1975, 2006, and 2017. This makes it possible to understand the actual
structuring of urbanization and the evaluation of the rate of waterproo�ng of the soil. The
urbanization maps were used to determine the progress of construction in �ood-prone
zones (Scheme1).

Two groups of Fokontany from the south plain of the CUA were studied in order to
understand the factors underlying urbanization in these areas. These Fokontany, Ampe-
�loha Ambodirano and Ampandrana-Besarety and Besarety, which were selected based
on previous analyses, are located in �ood-prone areas and witnessed strong demographic
growth over the last years. Site visits were made in order to map current land uses and
study the local drainage systems. These site visits further allowed us to observe the liv-
ing conditions in these areas so as to better understand the interplay between �ooding,
urbanization, and socioeconomic drivers/challenges (Scheme 1).

4. Results
4.1. Demographic Change and Residential Population Density in 2018

Antananarivo experienced considerable demographic growth over the last decades.
It was home to more than half of the urban population of the country and around 11.3%
of the total population in 2018. Between 1993 and 2018 (25 years), annual growth was
estimated at 3.8%.

In 2018, the CUA had approximately 50% of the total population of the agglomeration.
However, population growth in the CUA between 1993 and 2018 was rather modest
compared to the growth observed in peripheral municipalities (Figure 6). Population
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growth in peripheral municipalities was mainly driven by migratory �ows from the CUA,
de�ned as proximity migration [ 48], but also from other regions of the country [ 37].

The demographic density was much higher in the CUA than in the peripheral mu-
nicipalities in 2018 (Figure 7). It can be observed, however, that the distribution of the
population within each commune varies from one Fokontany to another, with some denser
nodes outside the CUA.

The highest density values in 2018 are seen in the Fokontany in the center of the
CUA and within a radius of 2.5 km (Figure 7). The density peak reached up 2000 inhabi-
tants/built ha, four times the average density of the Fokontany of the CUA and eight times
that of the agglomeration. Most of the denser Fokontany were in the western �oodplain.

In the peripheral municipalities, densi�cation was led by national roads toward �ve
main axes and grew with an area of expansion around a 10 km radius of downtown CUA
(Figure 7). In these communes, the Fokontany were less dense than those of the CUA.
However, some of them were in �ood-prone areas.

Based on the residential population density and the size of the built-up areas in �ood-
prone areas in each Fokontany, it is estimated that about 32% of the population of the
agglomeration and 43% of the population of the CUA lived in �ood-prone areas in 2018.

 

��

Figure 6. Annual growth rate between 1993 and 2018 and population in 2018 by borough in the CUA
and by commune in the outskirts.
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Figure 7. Residential population density in 2018.

4.2. Evolution of Built Spaces

Antananarivo developed in the center of the historic region of Imerina (Figure 8), an
ethnic group in the central highlands of Madagascar. The �rst settlement was the Rova,
a royal palace established during the 17th century, on the highest hill in the city [ 49]. Other
constructions were progressively erected around the palace [50]. Some time later, the
30,000 inhabitantsof city [ 51] settled on this �rst urbanized terrace of the city, called the
“upper city” [ 52]. The extension continued beyond the limit of the hill and spread on the
�anks and ridges of neighboring hills, in the north and west, toward the second half of
the 19th century and formed the “medium city” [ 50]. It then gradually developed into the
plain, with the installation of small settlement cores in the middle of rice �elds [ 53].

Under the French regime, the extent of this encroachment became more important,
and Antananarivo underwent its �rst major urban transformations. Some 20 hectares
were back�lled in order to form the �rst Fokontany in the “lower town”, and other new
neighborhoods were created [54,55]. Between 1896 and 1903, 35 km of paved roadways
were opened, tunnels were dug, places were created [56], and work on railway lines
started [57]. This was only the beginning of the urbanization that would occupy the entire
lower area a few years later.

In 1953, the built space mainly occupied elevated areas and covered around 1806 ha,
i.e., 2.4% of the area of the present agglomeration (Table2). In the CUA, urbanization was
mainly oriented toward the east, around the historic center (Figure 8). On the other hand,
the development of buildings in the lower town of the west continued. 10% of the CUA area
was urbanized, and some 2.6% of the area was then covered by built areas located in �ood-
prone zones (Table2). Outside the CUA, the development line progressed gradually to the
east and northwest. Throughout the agglomeration, spatial development operated through
the densi�cation of spaces that were already built and through “�ngerprint” urbanization,
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where most constructions were arranged along the main national axes (Figures 8 and 9).
Among all built areas, 22% were in �ood-prone zones, covering an area of 399 ha (Table 2).

 

 

Figure 8. Urbanized cells: (a) 1953–1975; (b) 1975–2006; (c) 2006–2017; (d) 2017.
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Table 2. Extent and increase of urbanized cells and built areas in �ood-prone zones.

Date

Built Areas Built Areas in Flood-Prone Zones

CUA Agglomeration
Total

Increase
Yearly

Increase
CUA Agglomeration

Total
Increase

Yearly
Increase

Compared to
Built Spaces

(%) (%) (ha) (%) (%) (%) (%) (ha) (%) (%) (%)

1953 10 2.4 1806 2.6 0.5 399 22
1975 25.5 5.4 4143 129 5.9 8.3 1.4 1101 176 8 26.5
2006 48.2 10.5 8048 94 3 13.9 2.7 2038 85 2.7 25
2017 55.3 21.2 16,250 102 9.3 19.8 4.8 3675 80 7.3 23
1953–
2017

6.1 6

 

 

Figure 9. Urbanized cells in �ood-prone zones: ( a) 1953; (b) 1975; (c) 2006; (d) 2017.
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From the 1960s, the period of independence, back�lling continued in the �ood plain
(Figures 8 and 9). Several new urban areas were built, and this did not protect the city
from �ooding. Urbanization continued until 1975, with approximately 2330 ha more of
built areas than in 1953, and built areas then covered 5.4% of the agglomeration. The
increase compared to 1953 is estimated at 129%, an annual increase of 5.9% (Table2). Inside
the CUA, built areas grew considerably and covered 25.5%. These are divided into two
distinct parts: to the east toward the elevated areas and to the west in the �ood plain
(Figure 9). Built areas in �ood-prone zones then represented 8.3% of the CUA, a sharp
increase compared to the situation in 1953. In peripheral municipalities, urbanization
mainly occurred through the �lling of voids and the densi�cation of existing areas. In
addition to this urban expansion at the agglomeration level, the share of built areas located
in �ood-prone zones increased very rapidly. Compared to 1953, built areas located in
�ood-prone zones increased by 176%, an annual increase of 8%, covering 26.5% of the
entire built area at the agglomeration level (Table 2).

From 1975 to 2006, urban expansion progressively shifted toward peripheral mu-
nicipalities, especially in the neighboring municipalities of the CUA (Figure 8). It was
guided by national roads and showed �ve centers of urban growth. In the CUA, urban
consolidation continued and densi�ed the area to the east and northwest. Built areas then
occupied 48.2% of the CUA. In the whole agglomeration, between 1975 and 2006, the built
areas increased by 94%, corresponding to an annual increase rate of 3%. The built areas
then occupied 10.5% of the agglomeration, i.e., 8048 ha. It can be seen from Table2 that 25%
of built areas were then located in �ood-prone zones. This is equivalent to an 85% increase
compared to the situation of 1975, i.e., a 2.7% yearly increase over the period 1975–2006
(Table 2).

Between 2006 and 2017, urban expansion further intensi�ed, especially in peripheral
areas. Constructions was dispersed in areas far from the CUA. Approaching the CUA,
the urban fabric became denser, especially in the northwest and the south (Figure 8). In
the CUA, despite high density, urbanization continued to progress, to a large extent at
the expense of rice �elds in the lower town (Figure 8), by �lling interstices to the west
and rising slightly toward empty spaces to the north (Figures 8 and 9). A total of 55.3%
of the CUA was occupied by built areas and 19.8% was occupied by built areas located in
�ood-prone zones. At the agglomeration level, built areas covered 16,250 ha, or 21.2% of
the territory. It doubled over the years 2006–2017. The increase of built areas since 2006
was estimated at 102%, i.e., an annual increase of 9.3%. Constructions kept settling in the
�ood plain, and 23% of the total built areas was located in �ood-prone zones in 2017. With
an increase rate of 80%, or 7.3% yearly, built areas located in �ood-prone zones occupied
4.8% of the agglomeration (Table 2).

Between 1953 and 2017, the annual rate of increase of built areas in the agglomeration
was 6.1%. In �ood-prone zones, it was estimated at 6% (Table 2). Urban expansion in
�ood-prone areas developed in parallel with that in other areas of the agglomeration.
Practically, it means that building in �ood-prone zones in Antananarivo was driven by the
general expansion of the city, which was intense.

4.3. Case Studies
4.3.1. Case Study 1: Fokontany of Ambodirano Ampe�loha

The lower neighborhoods of the west, including the Fokontany of Ambodirano Am-
pe�loha, are the Fokontany located in the lower town on the left bank of the Andriantany
canal (Figure 10). They constitute the extension of back�lled spaces in the plain of Antana-
narivo during the colonial period. Urbanization in these places accelerated following major
subdivision operations in the 1970s. Apart from these constructions and a few service
buildings, most houses are made of recycled materials such as wood, plastic, or brick and
are in very poor condition [ 43] and underserved. The area gathers populations with low
income, which prevents them from accessing other housing [ 54]. Homes are cramped
and overcrowding prevails. They are exposed to �ooding due to river �oods and even
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over�ows of drainage canals, and to health risks. These are not negligible due to the almost
permanent accumulation of water during the rainy season.

��

 

Figure 10. Map of Fokontany of Ambodirano Ampe�loha in CUA.

Ambodirano Ampe�loha covers an area of 63 ha. It is crossed in the east by the GR
channel, the irrigation channel of the agricultural plain, and bordered by the Ikopa in the
west. It has a �at topography with areas that form basins accumulating large volumes
of water.

Between 1993 and 2018, the population almost tripled. With the growing population,
this Fokontany is densely populated, with a residential density estimated at 484 inhabi-
tants/built ha. The dynamics of family migration based on family support to overcome
the dif�culties encountered in the rural world is a main source of this considerable densi-
�cation [ 43]. The residential area occupies 30% of the total area and rice �elds 60%. The
Fokontany does not have a speci�c drainage network (SAMVA).

This large urban space should contribute to the storage of water during rainy peri-
ods [58]. Nevertheless, it is increasingly invaded by constructions.

4.3.2. Case Study 2: Fokontany of Ampandrana-Besarety and Besarety

The Fokontany of Ampandrana-Besarety and Besarety are classi�ed among the
working-class neighborhoods at the foot of the upper town (Figure 11). They are located at
altitudes between 1251 and 1252 m and extend over 22 ha. As in most of the Fokontany in
the lower areas, back�lling allowed a progressive urbanization of the zone [ 59]. Floods are
mainly linked to the over�ow of drainage channels.

With a residential population density of 548 inhab/built ha, well above the CUA
average, these Fokontany are categorized as densely populated. Population growth was
2.9% per year between 1993 and 2018. This upsurge was due to the high birth rate and the
arrival of new migrants. The proximity to the city center and industrial zones explains why
new inhabitants have come to settle there.
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Figure 11. Map of Fokontany of Ampandrana-Besarety and Besarety in CUA.

Mainly residential activities and constructions are developing, to the detriment of rice
�elds. Two categories of settlements can be identi�ed here: traditional or modern concrete
constructions and small constructions made of sheet metal or wood. Currently, dwellings
cover 75% of the total area, and 7% is occupied by cultivated areas. However, the whole
area has a waterproo�ng rate of more than 80%, which generates large runoff.

The drainage system works differently on both sides of the area (SAMVA). It is
operated through underground networks to the west and provided by gutters in the east.
The whole system is subsequently taken up by primary channels. Despite the existence of
this system, the primary network remains constrained by the accumulation of water with
an important �ow upstream of the site and by the weak slopes of the plain. Furthermore,
the sections of these channels are heterogeneous. In certain sections, the load is much
greater. In addition, the �ow of water is hampered by the congestion of gutters and the
obstruction of manholes by deposits of sand or waste [ 43]. Some installed structures also
make it more dif�cult for water to �ow during rainy events [ 60]. All of this, together with
the proximity of the constructions to the drainage network and even their encroachment
on the network, makes these Fokontany areas with recurrent �oods.

5. Discussion

In SSA, several urban areas have experienced high population growth in recent
decades. Gardi has shown that 12 of the top 30 fastest-growing urban agglomerations
in the world are in SSA [ 17]. Antananarivo ranks 20th in the world and 9th in SSA in
this ranking, right next to the major cities of Nairobi, with an annual rate of 3.87%, and
Kinshasa, with 3.89% [17]. This growth is due to the high rate of natural increase and the
rural exodus to and near urban areas [36]. In SSA, internal growth has been a determining
factor for many years [ 16,61,62]. Nevertheless, migration is also part of the driving force
behind population growth and urban sprawl [ 63–65]. For sociocultural, economic, political,
and environmental reasons, whether it is a choice or a necessity, this migration seems to
be a way to allow better living conditions for rural migrants [ 63,66]. In South Africa, due
to inadequate social services and the lack of employment in rural areas, people migrate
to urban areas [66,67]. In the Democratic Republic of Congo, it is because of con�icts and
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insecurity [ 65,68]. In Burkina Faso and Kenya, it is due to climatic disturbances [ 69]. The
expansion of informal activities [ 66] and the concentration of services and facilities in cities
also easily attract the rural population [ 65,70]. In Madagascar, social and land insecurity
in the countryside [ 45] as well as economic dif�culties [ 71] due to declining agricultural
productivity [ 34] are pushing rural populations to migrate to Antananarivo. Due to the
accessibility of services and infrastructure, students, civil servants, and people involved in
small trade migrate and increase the size of the city's population [ 53].

This demographic growth creates unease for urban centers, since the supply of housing
and spaces to be built does not meet the growing demand [ 63,72–74]. The fragility of urban
governance, manifested in the lack of support and prioritization of urban infrastructure and
land-use management initiatives by governments, is one of the reasons for this [ 75]. Parnell,
Pieterse, and Watson also refer to a lack of good planning [20] due to poorly conceived
planning laws and standards for construction as well as insuf�cient funding [ 16]. As a
result, many informal settlements are developed [ 18]. The proliferation of these informal
settlements is also related to increasing urban poverty and leads to the involvement of
many poor people in the informal economy [ 65,76]. On the other hand, it is produced by
the proximity of informal employment, which pushes migrants and poor households to
settle nearby [77,78]. It is also accompanied by the development of new housing areas
in �ood-prone areas [ 18,19,79]. These settlements are generally precarious, with poor
infrastructure, and are heavily impacted by �ooding [ 18,70,80]. For Antananarivo, given
the weakness of urban planning and the absence of housing policies, the demand greatly
exceeds the supply that the city can offer [81]. This has led to illegal installations and
constructions in the west of the city, in the �ood plain [ 82]. In order to overcome this de�cit,
public authorities indirectly approved and anticipated the extension of urbanization in the
plain [ 83].

In SSA, most of the urban population live in informal settlements in areas at risk [ 23],
such as �oodplains, swamps, and riverbanks [ 84,85]. This population group mainly consists
of the urban poor [ 84]. They are often excluded from the land market due to unaffordable
prices and imposed standards and regulations that they are unable to follow, and that force
them to occupy these dangerous lands [11,21,86]. In addition to this group are refugees
and persons who are displaced due to forced displacement in cities who settle in these
areas for various reasons [87–90]. These situations and the increased population density in
these areas make them more vulnerable to �ooding [ 84,89,91].

This set of processes is linked to the history of urbanization in SSA. In the region,
the pre-colonial period is characterized by a low level of urban development [ 76] that
intensi�ed during the period of colonization [ 16,65,76]. The occupation of colonial cities by
settlers [76,79] favored the development of informal settlements formed by the indigenous
population, who were excluded from planning [ 92]. In Nairobi, this led to the construction
of several illegal settlements by homeless Africans who were only allowed to be in the
city for work [ 92]. It also promoted the development of habitats in �ood-prone areas,
as in the case of Antananarivo. In the 1930s and 1960s, development of the colonial city
led to the displacement of several population groups, who took refuge in low areas [ 93].
In addition, the overcrowded hills of the middle city and the conveniences of the plain
attracted inhabitants of the upper city to the lower city [ 53]. In the 1950s and 1960s,
urbanization was mainly fueled by the development of industrial facilities [ 43], part of the
orientation of the 1954 colonial-era urban plan [ 83]. These works changed the hydraulic
regime of the plain and led to densi�cation of the �ood plains [ 59]. Flood-prone zones
also became more favorable for speculators and real estate developers. Actually, building
is less onerous and investments more pro�table in low lands, given the more suitable
topography [ 83]. By contrast, the extension of existing habitats and the widening of service
roads were more expensive in the eastern part, given the steep slopes (up to 20%) [40,94].
There are also landslide risks in this part of the city [ 95].
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In the years following independence, around 1960 and 1970, many cities in SSA
experienced rapid population growth [ 65,79,96]. This growth can be linked to policies
adopted after independence, which were related to the deployment of jobs, the establish-
ment of several industries in city centers [ 65,97], and investment in public works [ 98].
The average annual population growth rate in urban areas was approximately 5% [ 99].
However, the cities inherited from the colonial era were not designed to accommodate such
a massive population [ 20,76]. This reinforced the proliferation of informal settlements [ 76]
that are more exposed to �ooding [ 74]. In Accra, Ghana, the informal development of
some communities in watersheds around rivers and lagoons increased their exposure to
�ooding [ 100]. In addition, the economic crisis that hit Africa in the 1970s fueled such
dif�culties throughout the region [ 101]. There has been a decline in investment in urban
infrastructure and housing [ 76]. For Antananarivo, the 1970s were characterized by the
completion of development and subdivision work to replace the thousands of homes de-
stroyed following the devastating 1959 �oods [ 83,102]. Other districts were then created in
the lower town to accommodate the affected populations [ 94]. As these social housing units
were not affordable for vulnerable populations, the construction of precarious housing
proliferated. Antananarivo was also plunged into a lasting multifaceted crisis [ 56]. The
construction sector was strongly affected. Materials were more expensive and scarcer. This
led to the proliferation of informal habitats in �ood-prone zones [ 43]. This was favored by
the absence or inadequacy of urban land management tools [103]. It is dif�cult to access
land due to expensive administrative procedures and a lack of updated information about
the legal status of the land [45].

From the 1990s, urban development accelerated, especially in the peripheral areas
around cities [ 62]. This is partly due to the decline in land values in these areas [ 104].
However, these habitats are often built outside of planning and regulations [ 65,104,105],
and are places where various risks, including �ooding, are prevalent [ 23]. For Antana-
narivo, the emergence of several peri-urban cores outside the CUA was supported by the
establishment of the city's 2004 urban plan, which proposed unclogging the city center [ 37].
The migratory �ow consequently became more important toward peripheral municipali-
ties. This is further related to the limited accommodation capacity of CUA houses linked
to their architecture [ 106] and the lack of available land for development in residential
areas [107]. Peripheral areas were more attractive for residential installations in terms of
both availability of building land and cost of living [ 108]. The establishment of industrial
buildings [ 46] and the proliferation of infrastructure projects led to the acceleration of
urbanization, which is increasingly taking place in �ood-prone areas where land is cheaper
and rents moderate [82,106]. The proximity of these settlements to industrial areas attracts
the population, as shown in the case studies. These factors were favored by the absence of
urban planning for a long period (from 1968 to 2004) [ 83].

This growing urbanization in SSA is also accompanied by a lack of infrastructure,
including drainage systems, which makes cities vulnerable [ 19,79,91]. In Antananarivo,
the case studies reveal this. The proximity of constructions to drainage canals and informal
encroachments on these canals progressively reduce their capacity [60]. As the load on
the existing network increases, this leads to greater susceptibility to the effects of further
�ooding [ 74].

Scheme2 synthetizes the co-evolution of urbanization and vulnerability of poorly
managed urban environments. The demographic pressure leads to urban sprawl around
major cities (1). Due to the lack of housing and appropriate urban management (2), the
expansion of the city occurs through informal settlements (3). It is more the case that
incoming populations, especially from rural areas, are usually associated with low eco-
nomic resources (4). Flood-prone areas are associated with the development of informal
settlements (5): land is cheaper, and constructions are not authorized by planning docu-
ments. Furthermore, �ood-prone areas located near canals and rivers are well adapted to
maintaining subsidence urban agriculture, especially for inhabitants coming from rural
areas. The construction of precarious settlements in �ood-prone areas (6) by low-income
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groups (7) obviously exacerbates the vulnerability of these groups and their habitat; even
more as the drainage system in these areas is often insuf�cient (8), which can partly be
explained by the fast urban growth witnessed by SSA cities (9) and the lack of adequate
integration of drainage in urban planning policies (10). The lack of drainage combined with
urban sprawl and soil-sealing further contribute to increasing �oods at the agglomeration
level (11).

 

Scheme 2.Flood vulnerability factors, a co-evolutionary perspective.

6. Conclusions

Flooding is an occurrence that plagues most countries in the world, particularly in
urban centers in SSA. Over time, poorly planned urbanization, combined with several
other factors, expose people and buildings to �ooding and increase their vulnerability. The
agglomeration of Antananarivo is a clear example. Like many African urban agglomer-
ations, it faces strong demographic pressure due to the high rate of natural growth and
population migration toward urban areas. The city progressively expanded in the lower
zone without much control. Our analysis shows that around 32% of the population of the
agglomeration lived in �ood-prone zones in 2018. The annual growth of built-up areas in
�ood-prone zones between 1953 and 2017 is estimated at 6%. In 2017, 23% of the buildings
of the agglomeration, i.e., almost one out of four buildings, were in �ood-prone zones.

The dynamics of urbanization inherited from the colonial era led over time to the
proliferation of informal settlements, which are more exposed to �ooding. This led to a
modi�cation of the hydraulic system of the city and a high degree of vulnerability in the
�ood plain. Given the inadequacy of the drainage infrastructure, the agglomeration is
suffering from increasingly harsh �ood events, especially during the rainy period. This is a
trend known and present in the literature on urban agglomerations in SSA.

Faced with the rapid growth of the population, which leads to high demand in terms of
constructions, urban planning and management are essential to avoid installations in �ood-
prone areas. This concerns dwellings as well as other structures that may attract inhabitants.
The inadequacy or even the absence of planning, most of the time accompanied by a lack
of provision of adequate services and equipment, leads to concentrated precariousness in
�ood-prone zones, where land is obviously cheaper. Integrating �ood risk management
in spatial planning policies is essential to curb this phenomenon. It should be combined
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with proper implementation of these policies, targeting both newly developed and existing
urban areas. Since many people live in �ood-prone areas, it would be more relevant to
work on resilience to reduce vulnerability than to relocate this large volume of people.

7. Limitations of the Research

In the study of �ooding in urban areas, it is advisable to consider the different param-
eters mentioned above to understand the issue and be able to propose solutions to reduce
vulnerability. In the framework of our research, we focused on the product of urbanization
and its combination with other parameters that promote vulnerability. We did not consider
here some factors that may contribute to increase urban �ooding, such as climate change.
The �ood-prone areas considered in our study remain constant over time, because they are
based on the calculation of topographic indices (TWI and SPI) relative to the topography.
The study does not consider either the amount of precipitation or the �ood history. Finally,
in our paper, we considered urbanization relative to the whole of the built spaces. It would
be relevant to consider built spaces that are only residential areas and integrate land use
and land use change.
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Abstract: During �ooding, the suspended sediment transport usually experiences a wide-range of

dilute to hyper-concentrated suspended sediment transport depending on the local �ow and ground

conditions. This paper assesses the distribution of sediment for a variety of hyper-concentrated and

dilute �ows. Due to the differences between hyper-concentrated and dilute �ows, a linear-power

coupled model is proposed to integrate these considerations. A parameterised method combining

the sediment size, Rouse number, mean concentration, and �ow depth parameters has been used for

modelling the sediment pro�le. The accuracy of the proposed model has been veri�ed against the

reported laboratory measurements and comparison with other published analytical methods. The

proposed method has been shown to effectively compute the concentration pro�le for a wide range of

suspended sediment conditions from hyper-concentrated to dilute �ows. Detailed comparisons reveal

that the proposed model calculates the dilute pro�le with good correspondence to the measured data

and other modelling results from literature. For the hyper-concentrated pro�le, a clear division of

lower (bed-load) to upper layer (suspended-load) transport can be observed in the measured data.

Using the proposed model, the transitional point from this lower to upper layer transport can be

calculated precisely.

Keywords: parameterised power-linear model; hyper concentration; dilute concentration; suspended

sediment transport; �ood; sediment size parameter; rouse number; mean concentration; �ow depth

1. Introduction

Sediment transport is a common phenomenon during �ooding. When suf�cient lift
force on sediment particles exists to overcome the frictional grips in between them, �ow
turbulence especially in the upward direction will generate sediment suspension [ 1,2].
Unlike the bed load, this suspended load is still not well-understood especially for those
sediments with highly soluble behaviour in �ow [ 3].

Two-phase �ow is usually subjected to complex mixture between the solid and �uid
phases. It is complex to mathematically model, in particular when one considers the
natural �ow in compound or irregular channels such as those studied by Pu [ 4] and
Pu et al. [5]. Some models [6–8] resolve these complexities by neglecting turbulence and
forces acting on the sediment particle surfaces, such as the effects of turbulent diffusion in
laminar uniform �ow or particle–particle collisions within dilute �ows. However, applying
these assumptions signi�cantly hinders the modelling accuracy. As a result, recent studies

135



Water2021, 13, 379

have attempted to incorporate the resultant lift and drag forces acting on the particle
phase [9–11], and this has resulted in diverse formulations for predicting the suspended
sediment pro�le within the �ow.

The general consensus when modelling the sediment-laden �ow is to assume a rep-
resentative two-dimensional plane due to the complexity of full 3D modelling [ 12]. The
sediment concentration is normally considered to change with height from the bed [ 13];
and various �ow parameters can be incorporated into mathematical models to determine
the full concentration pro�le. These parameters commonly include: particle fall veloc-
ity, particle diameter, Rouse number and mean concentration [ 14,15]. Within the �eld
of sediment pro�ling a range of mathematical concepts has been adopted to predict the
concentration pro�le. Goree et al. [ 16] used continuum theory and incorporated the effect
of drift �ux due to �ow turbulence implemented using large-eddy simulation. However, it
was found that the computed results were less accurate in the near-wall region (also agree
with [ 17,18]). Rouse [6] proposed diffusion theory to form one of the simplest mathematical
approaches. Despite the apparent simplicity, this diffusion theory-based calculation gave
reasonable and ef�cient prediction of the suspended solid behaviour and has subsequently
been utilised as the basis for many further studies.

Another commonly used mathematical concept is that of kinetic theory. This theory is
widely regarded as one of the most precise approaches to model sediment concentration
distribution as it includes the response of both the solid and liquid phases as well as the
interactions between them [11]. Other theories have also been produced and shown to
give reasonable results, such as the combination between kinetic and diffusion theories
proposed by Ni et al. [ 19].

In this paper, we are motivated to seek a representative model to analytically calculate
the suspended sediment transport pro�le, since currently there is a lack of such modelling in
literature to inclusively represent the diluted, transitional, and dense suspended sediment
transport. In the view of this research gap, in this study, the reported models are analysed
and prominent �ow parameters are assessed. A method of parameterisation is introduced
using an analytical regression analysis technique. Consequently, separate parameterised
expressions have been proposed for a wide range of �ow conditions (i.e., from dilute to
hyper-concentrated �ow), before being adopted into a coupled power-linear concentration
model. Various tests have also been conducted to validate the proposed model with
published experimental data to assess the model's accuracy.

2. Models Review

Diffusion theory has played an important role in mathematical modelling of the
suspended solid transport and has been used as the basis of the models by van Rijn [20],
Wang and Ni [ 15], McLean [21], and Zhong et al. [ 22]. Rouse [6] derived his model from
Fick's Law, which de�nes diffusion theory, and states that diffusion from an area of high
concentration to an area of low concentration should be balanced by the product of the
settling velocity and concentration as described in Equation (1) [ 23]:

D
dc
dy

= � ! 0c (1)

where D is sediment diffusivity (m 2/s), c is concentration (dimensionless), ! 0 is settling
velocity (m/s), and y represents the vertical space across a �ow depth (m). Within Fick's
formula, assumptions about sediment diffusivity must be made, for which Rouse proposed
that the upward diffusion was a result of the vertical �ux due to turbulence and assumed
that the suspended particles was only associated with �uid turbulence diffusivity [ 7]. This
agrees with the law of wall such that the sediment diffusivity is de�ned by the shear
velocity u � . Therefore, D can be de�ned by (Equation (2)):

D = � yu � (1 � " ) (2)
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where � is von Karman constant (dimensionless), u� is the shear velocity (m/s) and " is the
characteristic height (dimensionless) de�ned as the vertical distance, y, from the boundary
normalised by the �ow depth h (Equation (3)):

" =
y
h

(3)

Hence " is limited by 0 < " � 1.
Inserting Equation (2) into Equation (1) gives Equation (4) as follow:

1
c

dc = �
! 0

� yu � (1 � " )
dy (4)

Integrating Equation (4) between the boundaries " and a reference characteristic height
" a gives the Rouse formula (Equation (5))

c
ca

=
�

1 � "
"

.
" a

1 � " a

� ! 0
� u�

(5)

where ca is the concentration at the reference height (dimensionless). " a is described as
the point where suspended load transport begins to take place and suggested to be 0.005
by Hsu et al. [ 7]. Under the assumption made by Rouse, the concentration distribution
pro�le becomes more uniform with decreasing Rouse number which can be achieved by
using sediment with low settling velocity or by increasing shear velocity, where the Rouse
number P can be described by Equation (6):

P =
! 0

� u�
(6)

A modi�ed model from Rouse has been presented by Kundu and Ghoshal [ 14] in
which they recognised that the sediment concentration distribution can follow more than
one pro�les, as depicted in Figure 1. The most common pro�le (Type I) shows a monotonic
decrease in concentration with height, and it happens when the �ow concentration is
dilute. The Type II pro�le shows an increase in concentration with height to a peak value
above the bed, thereafter the concentration decreasing with height (it happens when �ow
is experiencing transitional concentration between dilute and dense condition). This Type
II pro�le gives rise to a transitional point splitting the distribution into an upper �ow
region (above maximum concentration) and a lower �ow region (below the maximum
concentration in the near-bed region). The Type III pro�le occurs when the �ow is subjected
to hyper-concentration of sediment and exhibits a steady increase from the bed followed
by a decrease in concentration towards the outer region of the �ow.

In terms of modelling, Type I allows the most simplistic solution as it can be �tted
using the common Rouse approach. However, the heavy sediment-laden �ows usually
present Type II or III pro�le. In common with the Rouse model, the dependent variable for
the model presented by Kundu and Ghoshal [ 14] is #, where its functions can be de�ned as
(Equations (7) and (8))

' 1 = b1" � 1 + q1 (7)

and,
' 2 = b2" � 2 + q2 (8)

in which b 1, � 1, q1, b2, � 2 and q2 are empirical coef�cients to be determined from experi-
mental data.
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Rouse number producing a damping effect, where � is the coef�cient of proportionality for
the diffusion coef�cient for sediment transfer [ 29].

Greimann and Holly [ 9] derived a formula using a two-phase approach to the Rouse
model. Within their study it is highlighted that, due to Rouse's lack of consideration of
particle–particle interactions, the Rouse formula is only valid when c < 0.1. As the Rouse
formula is derived from Fick's law, it is only applicable to �ow when the bulk Stokes
number Sb (which is a parameter commonly used to de�ne characteristic of suspended
particles in a �uid �ow) is very small such that the �uid and solid phases are transported
almost in equilibrium. Therefore, it can be concluded that while the Rouse formula gives
reasonable calculation to sediment pro�ling, it is limited by the absence of mechanical
forces such as particle–particle interactions and particle inertia, and by its lack of effective
sediment parameterisation, i.e., related to sediment size. In comparison, the models
proposed by Wang and Ni [ 15], Ni et al. [ 19], and Zhong et al. [ 22] utilised either exponential
or power laws to precisely represent suspended sediment pro�les across the whole �ow
depth and with a variety of concentration levels. They adapted kinetic concepts for
considering the particle concentration, thus can model two-phase interactions. Additionally,
they used empirical �t to determine the pro�le characteristic, and identi�ed various �ow
and sediment parameters that can be potentially used to de�ne the concentration pro�le.

The aim of this study is to investigate the relationship between various �ow and
sediment parameters to form an improved representation to Equations (7)–(9). This will
form a parameterised expression of �nal suspended particle characteristic model and allow
an effective prediction of its concentration pro�le. The �ow parameters to be investigated
are Rouse numberP, size parameter Sz, and mean concentration c. Additionally, this kind
of formulation using the parameterised expressions to improve the suspended sediment
transport modelling has so far not been explored in other studies, hence this investigation
is crucially needed to study the performance of such modelling.

3. Proposed Modelling

Many studies have investigated the relevant parameters for considering a concen-
tration pro�le, including the Rouse number (de�ned in Equation (6)), particle size, mean
concentration, and �ow depth [ 6,27,30,31]. By referring to Equation (9), the variables are
related to the coef�cients of power-linear law as follows in Equation (12):

b1, b2, � 1, � 2, q1, q2 = f(P, SZ , c) (12)

where, Sz is the dimensionless size parameter (Sz = d/ h), in which d is the sediment
particle diameter and h is the �ow depth. In this investigation, we collected data from
various reported experimental studies (as detailed in Table 1) to inspect the distribution
of each power-linear law coef�cient toward the physical parameters of Rouse number,
particle size, and mean concentration, and to deduce a modi�ed Rouse model for validation
tests. It can be observed from Table1 that the utilised data sources are in a wide range. In
particular, the c range in the utilised literature are ranging from 0.00013 to 0.147, which
giving a thorough test of concentrations from dilute to hyper-concentrated �ow conditions.

Table 1. Data sources for parameterised modelling.

Data Sources h (cm) d (mm) ! 0 (cm/s) u� (cm/s) ¯
c (� 10� 3)

Bouvard and Petkovic [ 26] 7.5 2.00–9.00 1.81–2.70 2.54–5.41 2.1–4.5
Cellino and Graf [ 32] 12.0 0.135 1.20 4.30–4.50 96–147

Coleman [30] 17.0–17.4 0.21–0.42 1.23–1.31 4.10 0.13-0.28
Muste et al. [33] 2.1 0.21–0.25 0.06 4.00–4.30 0.46–1.62

3.1. Rouse Number

Two of the main parameters affecting drag on a sediment particle are the settling and
shear velocities. A dimensionless form of these parameters together with von Karman
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b2 = 11c � 2.1, (21)

q2 = � 11c2 + 7.7c � 0.24. (22)

4. Model Validations

The model presented within this paper is validated against the experimental data of
Wang and Ni [ 31], Wang and Qian [ 36], and Michalik [ 35]. It has also been compared with
the previously proposed models by Wang and Ni [ 31], Ni et al. [ 19], and Zhong et al. [ 22].
Wang and Ni [ 31] presented a theoretical distribution model derived from the kinetic theory.
Their model is limited to dilute �ow and therefore predicts Type I and limited Type II
pro�les only. In their assumption, the particle interaction has been neglected, and as a
result, they attributed the classi�cation of distribution pro�le solely to the �uid-induced
lift forces. It is also noteworthy within their study that when particle size is small the
distribution tends to follow the Type I pro�le.

The model proposed by Ni et al. [ 19] used a fusion of kinetic and continuum theories,
where kinetic theory using the Boltzmann equation being applied to the solid-phase and
continuum theory to the �uid-phase. Within their derivation, the empirically weighted
forces have been used to act upon sediment to represent two-phase interactions. The model
has been proposed to be applicable to both dilute and dense �ows. The model proposed
by Zhong et al. [ 22] is more complex when compared to the other two above-mentioned
models. It is based on a tertiary approach where the model can be simpli�ed under various
empirically-driven assumptions. Within their research, the experimental testing covers
Type I, II, and III pro�les; though due to its complexity, their Type III pro�le required a
dynamic value of the empirical damping function to �t for different �ow conditions.

4.1. Wang and Ni

The measured data of Wang and Ni [ 31] assessed dilute �ow within pipes. The
concentrations tested were extremely dilute ranging from 0.00042 � c � 0.0033, where
these tested conditions are presented in Table2. This validation exercise will provide a
good test to the proposed model capability to capture extremely dilute �ow. The sediments
tested were grains and coarse sands with particle diameter ranging from 0.58 mm � d
� 2.29 mm. The results are presented in Figure 14A–J. The proposed model shows a
reasonable correspondence to the experimental data. The measurements of Wang and
Ni [ 31] show that for dilute �ow the sediment concentration tends to follow the Type I or II
concentration pro�le with the maximum concentration occurring in the near-bed region.

Table 2. Data by Wang and Ni [ 31].

Test No. d (mm) ! 0 (cm/s) u� (cm/s) ¯
c(� 10� 3)

A1 1.80 2.56 3.28 3.30
A3 1.40 6.90 4.76 3.10
A4 1.10 5.15 4.52 2.40
A5 0.58 4.51 4.79 0.97
A6 0.60 3.79 4.90 0.57
A7 2.29 6.15 4.83 0.44
B3 1.40 6.90 6.11 1.98
B4 1.10 5.15 6.15 2.00
B5 0.58 4.51 6.33 1.94
B6 0.60 3.79 6.23 0.42
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Abstract: In the context of large-scale urban �ood modeling, porosity shallow-water models enable

a considerable speed-up in computations while preserving information on subgrid topography.

Over the last two decades, major improvements have been brought to these models, but a single

generally accepted model formulation has not yet been reached. Instead, existing models vary in

many respects. Some studies de�ne porosity parameters at the scale of the computational cells or

cell interfaces, while others treat the urban area as a continuum and introduce statistically de�ned

porosity parameters. The porosity parameters are considered either isotropic or anisotropic and

depth-independent or depth-dependent. The underlying �ow models are based either on the full

shallow-water equations or approximations thereof, with various �ow resistance parameterizations.

Here, we provide a review of the spectrum of porosity models developed so far for large-scale urban

�ood modeling.

Keywords: urban �ood modeling; porosity; shallow-water model

1. Introduction

Worldwide, climate evolution, population growth and rapid urbanization tend to
increase urban �ood risk [ 1,2]. Though this trend is well established, the magnitude
of changes in �ood risk and the distribution of risk in space and time remain highly
uncertain [ 3]. Therefore, �ood risk management should be guided by analyzing a high
number of scenarios based on many runs of numerical models used for predicting �ood
hazard. This requires a high computational ef�ciency of the models, as it is also necessary
for real-time forecasting of urban �ooding, catchment-scale analyses, and interactive
computations for risk communication [ 4]. Concurrently, high-resolution topographic
data have become widely available. There is thus a need for high-performance urban
�ood models, which take bene�t of available data to guide risk management and climate
adaptation [ 5].

Meshing real-world urban areas for detailed �ood modeling may prove very demand-
ing. Indeed, a relatively �ne discretization is required to capture relevant �ow paths
(voids in-between buildings) whose characteristic size is typically a few decameters, while
computational domains covering urban areas may extend over hundreds of km 2. This
makes fast computations particularly challenging [ 6]. Besides massive parallelization [4,7],
another viable option for improving the computational ef�ciency of urban �ood models
consists of using subgrid modeling techniques, in which the computation is performed
on a relatively coarse grid. At the same time, information on the sub-grid scale topogra-
phy is preserved [ 8]. Porosity shallow-water models are a promising sub-grid modeling
technique for large-scale urban �ood modeling [ 9,10], as computation times two to three
orders of magnitude smaller than standard shallow-water models were reported [ 11–13].
Over the last two decades, rapid advances have been made in the development of porosity
shallow-water models (Figure 1).
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Speci�c features are included in some models, such as separate �ow paths within a
single-cell thanks to a multilayered approach [ 24] or a multiple porosity model [ 17]. With
this review, the authors aim to help the reader navigate through those various formulations
of porosity shallow-water models for large-scale urban �ood modeling.

In Section 2, we de�ne the porosity parameters based on a control volume of relevance
for urban �ood modeling. As suggested by Table 1, there are multiple possibilities for
classifying existing porosity shallow-water models. We opted for organizing the review in
two-steps. Section3 presents models in which porosity parameters are de�ned as statistical
descriptors over an area suf�ciently large to represent the urban area at a large-scale. In
contrast, models that consider porosities de�ned based on local geometric parameters
are detailed in Section 4. Figure 2 provides a schematic representation of the articulation
between the major contributions to the �eld. They are all organized around a handful of
landmark papers, as detailed in the following sections. Finally, Section 5 draws attention to
recommended directions for future research.

2. Control Volume and Porosity Parameters

Almost all porosity shallow-water models aim at resolving the �ow variables on
averageover a certain region of space. Hence, in the �rst place, these models are derived by
integrating the �ow governing equations over a control volume, as detailed in Appendix
A of [ 10] or in [ 9]. A control volume of relevance for urban �ood modeling is sketched in
Figure 3. It is characterized by the presence of rigid obstacles (e.g., buildings) and water
in-between. The control volume is delimited downward by the bottom elevation, upward
by the water surface and laterally by vertical boundaries. The total volume of the control
volume shown in Figure 3 is noted V, while Vf is the part of V �lled with water (Figure 3a).
Similarly, the contour of V is noted ¶V, while ¶Vf is the part of ¶V through which water
can be exchanged (Figure3b). The projection of the control volume on the horizontal plane
x� y is noted W, while, for a given arbitrary elevation z, the part W corresponding to voids
is Wf (Figure 3c). The contour of W is noted ¶W, while ¶Wf is the part of ¶W through, which
�uid can be exchanged (Figure 3d).

Note that depending on the particular type of porosity shallow-water model, the
control volume shown in Figure 3 may correspond to a computational cell [ 9,11] or to a
much wider area (e.g., a representative elementary volume, as discussed in Section3).

Two types of porosities are used in porosity shallow-water models. First, the storage
porosityf , quanti�es the volume of voids, i.e., the volume actually available to store water
mass and momentum. For a given water level z in a control volume, the storage porosity
is expressed mathematically as f (z) = Vf(z)/ V(z) [12,22,23]. As highlighted by [ 23], this
de�nition of f as a function of z is not univocal. It requires an assumption on the shape of
the free surface. This shape is often assumed horizontal in the control volume [ 23].

When the obstacles may be considered prismatic for the range of water depths of
interest and that none of them is submerged, the ratio of the volumes Vf and V become
independent of the level z. Consequently, the following alternate de�nition was extensively
used when referring to depth-independent storage porosity: f = Wf / W [9–11,20].

The conveyance porosity, Y, quanti�es the fraction of space available for mass and
momentum exchange. Unlike the storage porosity, there is not a single clear-cut geometric
de�nition Y. Depending on the models, the conveyance porosity is de�ned either sta-
tistically [ 10,20], or locally at the cell boundary ( Y(z) = ¶Vf (z)/ ¶V(z), or Y = ¶Wf / ¶W in
the depth-independent case) [9,11], or at the level of a computational cell (and not just its
boundary) [ 21]. The motivations for these various choices, as well as their implications on
model accuracy and mesh sensitivity, are discussed in Section4.

Note that care must be taken to the nomenclature, as the wording “storage” and
“conveyance” porosity was not used uniformly across past studies (Table 2). Particularly,
the conveyance porosity is also referred to as connectivity porosity, or areal porosity, among
other terms.
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volume [ 14]. As pointed out by [ 17], in the case of a two-dimensional shallow �ow model,
the REV should normally be called representative elementary area [ 16], but the terminology
REV is preserved here for the sake of consistency with most previous studies [ 9,17]. We
consider these “two-dimensional REVs”.

Provided that it exists in the considered medium, a REV can be de�ned around any
arbitrary point ( x,y), irrespective of the positioning of this speci�c point in water or in
an obstacle (Figure3). Indeed, in all cases, the porosity parameters can be evaluated as
averages over the REV, which is much wider than the individual obstacles. It results that,
in the REV, the mathematical expectation that a particular point is located in water or in a
building is f and 1 � f , respectively.

3.2. Single Porosity Model

By phase-averaging the standard shallow-water equations over a REV containing
�uid and obstacles, porosity shallow-water equations were derived by Guinot and Soares-
Fraz¢o (2006) [10] (Figure 2). They considered the porosity as depth-independent since
it is used to represent the effect of buildings (assumed tall compared to the �ow depth)
and not of microtopographic features. In general, phase-averaging the shallow-water
equations leads to two types of porosity parameters as previously de�ned: one expressing
the available space for mass and momentum storage (f ), and the other one referring to the
space available for mass and momentum exchange (Y). However, the authors of the �rst
models of this type assumed that Y = f [10]. This is the reason why this kind of model is
called the single-porositymodel (SP model).

In a perspective of space-averaging over a REV, a uniform porosity value was gen-
erally assigned to the computational cells in the urban area. This choice of a uniform
porosity value makes the model unable to reproduce preferential �ow directions resulting
from directional pathways induced by the arrangement of the buildings at the subgrid-
scale. The theoretical wave celerities are identical to those of the standard shallow-water
equations [10,11].

The model of Guinot and Soares-Frazao (2006) is expressed in the differential form [10].
Indeed, �ow variables (�ow depth and depth-averaged velocities) associated with an
arbitrary location ( x,y) represent an average of the corresponding �ow property over a
control volume whose centroid is located at the coordinates ( x,y). For suf�ciently large
control volumes (i.e., at minimum equal to the REV), the geometric properties and the
�ow variables averaged over these control volumes are continuous, differentiable and
independent of the speci�c size chosen for the control volume. A practical advantage of
this is that those models do not show an over-sensitivity to the design of the computational
mesh. This also relates to the fact that a uniform porosity value was generally assigned to
the computational cells in the urban area, no matter how much space is actually occupied
by obstacles in each individual cell [ 18].

Note that, in real-world urban areas, a REV usually does not exist as it would extend
beyond the limits of the urban area itself. Nevertheless, based on computational examples,
Guinot (2012) [17] highlights that porosity approaches may nonetheless deliver results of
practical relevance even for domain sizes smaller than that of the REV. The reason for this
is that the errors arising from the porosity evaluation are commensurate with the degree of
precision of other parameters or input data in shallow-water models [ 17].

The resolution of the SP model was performed with several numerical schemes
based on the �nite volume technique [ 30,31] and the use of various types of Riemann
solvers [10,20,32–36]. Although the SP model was written in differential form, an integral
form of the equations was solved numerically since �nite volume schemes were used.

3.3. Introducing Anisotropy: Directional Drag, Multiple Porosity Model and Nonuniform Porosity

When the SP model is used with a uniform value of porosity throughout the urban area,
a major limitation of such a modeling strategy is its inability to represent directionality [ 17].
The need for considering two different porosities (storage and conveyance) was pointed
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out by Lhomme (2006) [37]. However, although two distinct parameters were formally
introduced in the governing equations, they were given equal values, and no insight was
given on how to infer the value of the conveyance porosity from the geometry of the
building footprints [ 37].

First attempts to introduce anisotropy in the SP model were made through the source
term representing buildings drag. Indeed, two types of momentum losses are usually
included in the SP model: those due to bottom and sidewall friction, as well as losses
induced by the interplay occurring between the �ow and the obstructions not explicitly
resolved (e.g., wave re�ections, building wakes . . . ). In the �rst implementations of the
SP model, the formulation of the corresponding additional sink term was isotropic, and
the associated coef�cients were taken equal along the x and y directions and evaluated
by Borda-like formulations (for the case of a regular grid of buildings) [ 10,20] or through
calibration [ 35]. In contrast, Velickovic et al. (2017) [18] represented directional effects
by introducing a tensor of drag coef�cients and ampli�cation coef�cients depending on
the �ow direction. The formulation was later questioned by Guinot (2017) [ 38], and the
use of Borda-like formulae was also invalidated [ 17]. Similar to [ 18], a tensor form was
used by [19] to model directional �ow resistance in the case of overland �ow and shallow
inundation in agricultural landscapes.

Separately, Guinot (2012) [17] introduced anisotropy in a REV-based model by de-
composing the domain into �ve types of regions: obstacles, regions with stagnant water,
regions of isotropic 2D �ow, several regions characterized by anisotropic 1D �ow and inter-
connections between the 1D anisotropic �ow regions. The immobile regions may be used
to represent the wakes of buildings. The different regions exchange mass and momentum
as a function of local differences in water levels. Hence, �ow exchange coef�cients, instead
of drag coef�cients, need to be calibrated. In each type of region, a speci�c formulation of
the porosity shallow-water equations is used. This approach is called the multiple porosity
model(MP model) and is reported to give more accurate results than the SP model [ 17].
Unlike in the SP model, the MP model's theoretical wave celerities differ from those in the
standard shallow-water equations. The MP model of Guinot (2012) [ 17] may be reduced to
an isotropic dual-porosity formulation if only obstacles, stagnant water and 2D isotropic
�ow regions are considered.

While most studies based on the SP model used a uniform value of porosity in the
whole urban area, several authors [39–41] demonstrated the viability of �nite volume
schemes for the solution of SP models with a local storage porosity de�ned at the level
of computational cells, regardless of the conceptual problems linked to the REV de�ni-
tion. Considering a porosity value variable from one cell to another in the SP model
enables reproducing preferential �ow paths and hence anisotropy. These models can be
regarded as particular applications of the binary single porosity model recently proposed
by Varra et al. (2020) [42] and described in Section 4.4.

4. Models Involving Porosity Derived from Local Geometric Parameters
4.1. Integral Porosity Model

Another line of research was also followed for the development of porosity shallow-
water models. Along this line, the concept of REV is not used, and the equations are written
in integral form for a control volume, which is either taken equal to a computational cell [ 9]
or arbitrary (i.e., irrespective of a particular discretization) [ 11,23]. The main motivation
for this approach was to overcome the theoretical limitation related to the inexistence of a
REV in most real-world urban areas, as well as the inability of the SP model to reproduce
directional effects.

In a landmark paper, Sanders et al. (2008) [9] used the Reynolds transport theorem
and a binary density function to derive a macroscopic form of mass conservation and
momentum equations, called the integral porosity model(IP model). In these equations,
written in integral form, both storage and conveyance porosities are involved. The storage
porosity f is computed similarly as in the SP model but considering one computational cell
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instead of the REV as control volume. The conveyance porosity Y is de�ned as the fraction
of a boundary of a computational cell, which contributes to mass and momentum exchange.
Sanders et al. (2008) [9] indicate how to compute this parameter from geospatial data,
such as classi�ed aerial imagery or a digital elevation model and vector data describing
building footprints.

Although the IP model was originally written in integral form, deriving a differen-
tial analog is useful for checking numerical convergence and for evaluating the wave
celerities [17]. In a �rst attempt to do so, several authors estimated that the theoretical
wave celerities of the IP model differ from those of the standard shallow-water equa-
tions [11,37,39]. In particular, they concluded that the conveyance porosity Y, which
accounts for building obstruction to the �ow, must be smaller than the storage porosity f ;
otherwise, wave celerities larger than in the case without obstruction would be obtained,
which appears unphysical [ 11,38]. Nonetheless, this constraint was recently questioned by
Varra et al. (2020) [42], who proposed another differential equivalent of the IP model, as
detailed in Section 4.4. According to [ 42], the differential analogs considered earlier cannot
be used to evaluate wave celerities of the IP model.

Unlike the single porosity in the SP model, both the storage and the conveyance
porosities introduced by [ 9] are de�ned locally at the level of computational cells or cell
boundaries. Additionally, the conveyance porosity of [ 9] depends on the orientation of
the cell boundary, which enables anisotropy of the urban area to be accounted for. These
features make the model of [9] more accurate [13,39] and more suitable than the SP model
for reproducing directional effects induced by obstructions not explicitly resolved in the
computations, but it also makes this model overly sensitive to the mesh design [ 17,43].
Guidelines were formulated and assessed for designing suitable meshes.

A so-called gap-conformingmesh is recommended [9] to capture the anisotropy of urban
networks through the conveyance porosity parameters by ensuring that computational
edges intersect the obstacles indeed. However, these guidelines for mesh design do not
completely �x the mesh over-sensitivity of the IP model and are not applicable to all types
of meshes (e.g., Cartesian) [6,9,43]. A technique consisting of merging computational cells
with low porosity values was proposed by [ 44] for the case of Cartesian grids.

To account for head losses induced by subgrid-scale buildings, the IP model uses
a quadratic drag expression in the model equations [ 9]. It involves a drag coef�cient
and the projected area of the obstructions as seen by an observer moving along the �ow
direction. In general, these quantities are both direction- and �ow-dependent, but a single
scalar value was used by [9]. Determining these values for real-world applications is
not straightforward. For the case of a �eld test with complex building geometry and
topographic variations, a simpli�ed version of the building drag term was tested by [ 6]:
the �ow-direction dependence of the frontal area of obstructions was ignored, and this
quantity was computed as the average of the frontal area of obstructions over the directions
of all cell boundaries.

Özgen et al. (2016) [12,22] proposed an extension of the IP model, in which the
storage and conveyance porosities are depth-dependent. Approaches similar to that of
Sanders et al. (2008) [9] and Özgen et al. (2016) [12] were adopted in multiple other
studies, which account for obstruction-induced effects on storage and conveyance at the
level of each computational cell [ 4,8,24–26,45–51]. Various approximations of the shallow-
water equations were used in these studies (e.g., diffusive wave), and the storage and
conveyance properties were generally considered as depth-dependent. For pluvial �ooding
applications, Chen et al. (2012) [25] derived an integral porosity model based on a diffusive
wave approximation. No building drag term was considered. Representing separate �ow
paths within a single-cell of a Cartesian grid was made possible in an upgraded version
of the same model [24]. This feature is based on a multilayered approach, and it shows
similarity with the MP model [ 17].
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4.2. Dual Integral Porosity Model

In another landmark paper, Guinot et al. (2017) [ 11] derived the dual integral porosity
model(DIP model) considering an arbitrary control volume (not necessarily linked to
a computational cell). The DIP model is an extension of the IP model, which aims at
correcting discrepancies between wave celerities obtained from the IP model and from
re�ned calculations based on the standard shallow-water equations. Compared to the IP
model, the DIP model contains three major conceptual improvements: (i) porosity and
�ow variables are de�ned separately for control volumes and boundaries, and a closure
scheme is proposed to link control volume-based and boundary-based quantities; (ii) a
new transient momentum dissipation mechanism active for positive waves is introduced,
and (iii) an anisotropic drag force model is formulated.

As shown by [ 17], when a positive wave propagates in an urban area, wave re�ec-
tions occur against the buildings and generate moving bores. The forces exerted by the
building walls are opposed to the average �ow velocity and thus contribute to dissipating
momentum. Similar bores do not occur in the case of steady �ow nor for decreasing water
levels [17]. This momentum dissipation mechanism cannot be described by an equation of
state, i.e., involving only the �ow variables. Hence, it cannot be reproduced by means of
a building drag term [ 23]. Therefore, Guinot et al. (2017) [11] introduced this dissipation
mechanism directly in the �uxes of the model by means of a tensor whose elements need to
be calibrated. It is active only under transient conditions involving positive waves (rising
water levels).

Note that the closure scheme proposed by Guinot et al. (2017) [11] leads to using only
the storage porosity in the continuity �uxes. This contrasts with the original IP model, but
it makes the new continuity equation consistent with that originally derived by De�na [ 28].
For the DIP model to be well-posed, it is necessary that the conveyance porosity is lower
than the storage porosity, as mentioned above for the IP model [ 38].

Based on a set of 96 benchmarks, enabling direct validation of �ux closures and source
terms, the DIP model was shown to outperform the IP and SP models [ 38]. The DIP model
was also shown to be substantially less sensitive to mesh design than the IP model [43].
Similar to the extension brought by [ 12] to the IP model, Guinot et al. (2018) [23] proposed
a new formulation of the DIP model, in which the porosities are depth-dependent, and
the model is adapted to handle submerged obstructions. In this study, the superiority of
the DIP model over the IP model is con�rmed, and the transient momentum dissipation
mechanism is shown to be essential [23].

4.3. Alternate Uses and De�nitions of Conveyance Porosities

To further reduce the model sensitivity to the design of the mesh, Viero (2019) [ 16]
implemented a dual-porosity model, in which the conveyance porosity is not evaluated
locally at the cell interfacesbut at the level of each computational cell, and it is de�ned
along mutually orthogonal principal directions. It is assumed that water �ows through the
narrowest cross-section over the computational cell, as already assumed by [44] among
others. This is justi�ed by the occurrence of most dissipation at locations where velocity is
the largest and by the fact that the effective length of the narrowest section is longer than
its geometric length due to the jet developing downstream of a contraction [ 16]. Unlike
previous implementations of the IP and DIP models using collocated �nite volume schemes,
a �nite element scheme was used on a staggering unstructured mesh [ 16]. Tests against
re�ned numerical solutions and experimental data suggest that the model sensitivity to the
mesh design is acceptable in the tested con�gurations.

With the same objective of further reducing model mesh sensitivity, Ferrari et al.
(2019) [15] considered an isotropic single porosity formulation for the �uxes and used
anisotropic conveyance porosities to estimate �ow resistance by means of a directionally
dependent tensor formulation. Like in [ 16], the effective velocity for evaluating losses is
determined from the narrowest cross-section in the considered urban district. The authors
conclude that the model is not oversensitive to mesh resolution and design, but they call for
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more research on the determination of the conveyance porosity for real-world urban areas.
This issue has been addressed by Ferrari and Viero (2020) [21], who detail an algorithm
for computing distributed cell-based conveyance porosities as needed in the dual-porosity
models. It is based on the analysis of the footprints of buildings and obstacles on Cartesian
grids and uses mutually orthogonal principal directions. This approach performs well
in the presence of a single dominant obstacle in the cell but not with multiple obstacles.
Therefore, more research is needed regarding the modeling of conveyance porosity.

4.4. Binary Single Porosity Model

In a recent theoretical contribution, Varra et al. (2020) [ 42] introduced the binary
single porosity model(BSP model), a novel local, differential porosity model formulation
derived regardless of the existence of a REV. The BSP model adopts the same mathematical
formulation as the SP model, the REV-based porosity parameter of the SP model being
replaced by a binary indicator (equal to unity in the water and to zero in the obstacles).
Therefore, derivatives in the BSP differential form must be understood in the sense of
generalized functions (distributions). The IP model may be recovered from the BSP model
by integration in space. As the derivation of the BSP model does not involve space
averaging, the �ow variables are pointwise and not space averaged values.

Varra et al. (2020) [42] claim that a suitable Riemann solver has the potential to take
into account energy loss due to wave re�ections, hence reducing the need to resort to
additional drag terms. In addition, additional stationary dissipation is needed through
porosity reductions in supercritical �ow.

Despite encouraging results obtained so far with the dual po rosity models [ 11,16,23,38,43],
Varra et al. (2020) [42] indicates that the use of different storage and conveyance porosities
in the mathematical model formulation in differential form violates the Galilean invariance
and that the difference between storage and conveyance porosities arises in the numeri-
cal discretization, but should not be introduced in the model mathematical formulation.
This further emphasizes the need for additional research on the modeling of anisotropic
conveyance effects in porosity shallow-water models.

5. Directions for Further Research

This paper reviews the various porosity shallow-water models developed so far for
large-scale urban �ood modeling. Two main families of porosity models can be distin-
guished depending on the scale at which porosity parameters are determined (REV-based
porosity vs. porosity derived from local geometric data). Recent developments have been
numerous. They have addressed multiple aspects of the models, such as more physically
grounded modeling of momentum dissipation mechanisms, enhanced determination of
conveyance porosities, strategies to mitigate mesh over-sensitivity of integral porosity
models or new insights into the theoretical formulation of the models.

Despite many efforts devoted to the formulation of models for building drag and
other dissipation mechanisms, none of the current models is complete [ 38]. There are still
gaps in knowledge regarding not only the calibration but also the structure of dissipation
mechanism models adapted to porosity shallow-water equations for large-scale urban �ood
modeling. This calls for more research on both the conceptual and numerical aspects [42].

Recent advances in porosity models were not all evaluated based on the same test
cases. This may in�uence conclusions drawn on the model's performance, such as accuracy
or degree of mesh sensitivity. The scienti�c community would highly bene�t from the
setup of a series of accepted benchmarks against which every new contribution could be
assessed. This would take the form of an evolving, shared database of test cases as it does
exist in other �elds. Such test cases should incorporate a blend of idealized, synthetic [ 52]
and fully realistic con�gurations, including high-quality �eld observations of �ow depth
and velocity. Particularly valuable are direct evaluations of �ux and source terms [ 38], as
well as disentangling structural, scaling and porosity model errors [ 13].
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The transfer of porosity shallow-water models from research to practice poses spe-
ci�c challenges [ 4]. Guidelines should be developed to enable practitioners to achieve
optimal mesh design and model calibration. However, a general methodology for model
parametrization for real-world urban areas remains a research question. Strategies could be
elaborated for calibrating porosity models using �ne-scale reference model runs over only
a limited domain or for optimally combining porosity and detailed models using domain
decomposition or nested models.

Flow modeling results are often used as input for complementary analyses, such as
damage modeling, solute [46] or sediment transport and morphodynamic modeling. It
is, therefore, necessary to assess whether the porosity models succeed in predicting, at
the right scale, the �ow variables needed for these complementary analyses and which
postprocessing steps may be necessary [53].
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Abstract: Increasingly frequent, high-intensity rain events associated with climatic change are driving

urban drainage systems to function beyond their design discharge capacity. It has become an urgent

issue to mitigate the water resource management challenge. To address this problem, a real-time

procedure for predicting the inundation risk in an urban drainage system was developed. The

real-time procedure consists of three components: (i) the acquisition and forecast of rainfall data; (ii)

rainfall-runoff modeling; and (iii) �ood inundation mapping. This real-time procedure was applied

to a drainage system in the Sukhumvit area of Bangkok, Thailand, to evaluate its prediction ef�cacy.

The results showed precisely that the present real-time procedure had high predictability in terms of

both the water level and �ood inundation area mapping. It could also determine hazardous areas

with a certain amount of lead time in the drainage system of the Sukhumvit area within an hour of

rainfall data. These results show the real-time procedure could provide accurate �ood risk warning,

resulting in more time to implement �ood management measures such as pumping and water gate

operations, or evacuation.

Keywords: urban �ood management; �ood forecasting; weather radar; integrated hydraulic model-

ing; and evacuation lead time

1. Introduction

Globally, �ooding continues to be a challenge for urban areas, a problem increasingly
exacerbated by higher frequency, intense rainfall events [1–3]. Although there is a trend
towards implementing water-sensitive urban design (WSUD) or nature-based solutions
(NBS), in conjunction with hard engineering approaches [ 4–9] system wide development
and improvement of urban drainage systems continue to be a �nancial and planning
challenge for many municipalities [ 10–13]. A complementary approach to physical im-
provements of the drainage system that have the potential to aid in reducing �ood damage
and loss of life is the development of a real-time �ood warning system. Research has been
conducted with respect to real-time urban �ood warning systems that include the combi-
nation of hydraulic and probabilistic modeling for real-time urban �ood prediction [ 14],
the application of recurrent neural networks for urban �ood control in Taiwan [ 15], the
use of radar images for urban �ood detection in the UK [ 16], and an analysis sensitivity
to spatiotemporal resolution of rainfall input and hydro-logic modeling for �ash �ood
forecasting in USA [ 17], but demonstration of the real-time forecasting techniques remains
limited.

Bangkok, Thailand, regularly experiences both large-scale �uvial and localized pluvial
�ooding that results in considerable damage and that is exacerbated by a number of
factors, including rapid urbanization, a change of upstream condition in the northern
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As noted previously, measured precipitation data and radar images were obtained
from Bangkok Metropolitan Administration (BMA). The meteorological stations selected
for on-ground rain gauge data in the study area were E19, E25, E26 E27, and E40 for the
period of record, 2014 to 2015.

(b) Pipe Flow Model 1D

The hydraulic model of this study area developed in MIKE URBAN was based on
an earlier 1D-1D approach by Chingnawan [ 37] in which street and sewer links were
connected to each other, and the �rst calibration from observed data at three stations for
the event of 5 October 2002 was undertaken. Validation of this model was undertaken
by Chingnawan [ 37] with data from an event on 7 October 2002. A second calibration
effort with this �rst-generation model was undertaken by Nguyen [ 25], using precipitation
data and water level data from three stations for events from 16 November 2004 and 20
November 2004. The three stations that were used for the calibration of the models were
Aree Station, Thonglor Station and Ekamai Station. The calibration for the 16 November
2004 event produced an ef�ciency index of 78%, 82%, 86%, and root mean square error of
0.06, 0.04, and 0.03 m for the three stations, respectively, while the calibration for the 24
November 2004 resulted in an ef�ciency index of 78%, 82%, 86% and root mean square
error of 0.06, 0.04 and 0.03 m for the three stations, respectively. In 2013, the model was
revised by Shrestha [38] using a coupled 1D/2D approach. This second-generation 1D/2D
model was calibrated using the measured water level and rainfall data for the storm
event of 15 October 2003. The Sukhumvit 26 and Ekamai water level stations were used
in the calibration, with the root mean square error (RMSE) and ef�ciency index (EI) for
the Sukhumvit 26 station being 0.04 m and 82%, respectively, and the Ekamai station
having RMSE and EI values of 0.24 and 60%, respectively. The results for these �rst- and
second-generation models indicate that MIKE URBAN can be applied with relatively good
accuracy for the purposes of this current study.

(c) Overland Flow Model 2D

The second-generation model developed by Shrestha [38] served as the basis for this
study, but all model components such as pipe network, pumping station, and outlet con-
�gurations were updated. The overland �ow model in the current study was represented
using a DEM. The elevation gradient in the grid cells de�nes the topography of the study
area. The computation grid size had a 10 m resolution and a computation time step of
2 sec to ensure model stability. All the nodes except outlets were coupled to 2D cells at the
ground elevation, as in Figure 8. The characteristics of the drainage system and typologies
of roads and buildings have a substantial impact on the water level in �ooded areas [ 39].
Those points were applied to each component of 2D hydraulic model, such as pipe network
in node and link, road and building as 2D cells for overland �ow simulation. In this study,
the validation of the 2D hydrodynamic model was performed by comparing modeled �ood
areas produced by MIKE FLOOD with a map of �ood-prone areas provided by BMA. In
addition, an assessment of the overland model was carried out using a condition of 45%
imperviousness per the study by Shrestha [38] with measured water level and rainfall
data for the event of 11 October 2014. For this event, the �ood risk areas con�rmed by the
BMA matched almost identically to the map of their �ood-prone area. The overland �ow
model for the 11 October 2014 event from 11:50 AM to 2:00 PM is summarized in Figure 9.
From the �ood map and model results (Figure 9), the maximum �oodwater depth for the
rainfall event varied between 0.025 m to 0.125 m. Compared to the map of �ood-prone
areas developed by the DDS, BMA in Figure 10, almost the same streets exhibit a �ooding
pattern. In this way, the validation of the 1D-2D model can be considered as excellent for
the Sukhumvit area at a planning scale.
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Table 1. Comparison of �ood noti�cation from the result of real-time urban drainage system (RTUDS)
and measured rainfall on 8 June 2015 from 0.00 AM to 6.00 AM.

Event No.
Model Start
Running at

Rainfall
Duration

Flood Noti�cation

RTUDS
Measured

Radar
Measured

Rain Gauge

1 1:00 AM 0:50–1:30 AM - - -
2 1:20 AM 1:10–1:50 AM - - -
3 1:40 AM 1:30–2:10 AM Flood - -
4 2:00 AM 1:50–2:30 AM Flood Flood -
5 2:20 AM 2:10–2:50 AM Flood Flood -
6 2:40 AM 2:30–3:10 AM Flood Flood Flood
7 3:00 AM 2:50–3:30 AM - Flood Flood
8 3:20 AM 3:10–3:50 AM - - Flood
9 3:40 AM 3:30–4:10 AM - - -
10 4:00 AM 3:50–4:30 AM - - -

On the same day, BMA, DDS reported �ooding occurred from 3.00 AM, and covered
most of the main roads in study areas such as Rama III, IV, Sukhumvit, and Asokemontri.
The results of the analysis here illustrate that the real-time urban drainage system can
provide advanced notice of 10 min of the potential for �ooding. The advanced notice
provided by the RTUDS can facilitate preparation time for BMA DDS to manage the system
through the operation of �ood gates and deployment of pumps to critical areas. In addition,
people in the area can be provided with ongoing updates of �ood status and risk. Moreover,
RTUDS rainfall is based on both measured and forecasted radar rainfall. Therefore, the
accuracy depends on the forecasting of radar rainfall data. The lead time of the forecast of
around 10 min to know the future situation is still quite short. It needs to be improved to
make the lead time of the forecast longer.

4. Discussion

Previous studies undertaken in Sukhumvit [ 25,37] have shown the signi�cance of
real-time system accuracy, and the limitations based on the forecasting methods and the
computer limitation. This study has achieved the 10 min lead time by using the present
real-time modeling with 40 min rainfall duration and 15–20 min processing time. This
result has greatly improved on previous research [ 25]. It showed that there is a signi�cant
increase in term of processing frequency duration from 60 min of rainfall duration with
60 min of processing time to 40 min of rainfall duration with 15–20 min of processing time
due to the computer limitation and the updated time series of the rainfall data source.
Although the lead time will be short, this study can provide the forecasting results over a
shorter duration. Therefore, people or related of�cers can use these results for deciding to
avoid �ooding. In addition, computer performance is one of the most important parts of
the real-time system. Therefore, computational time will be the main parameter to design
the schedule of the system and determine the lead time of the forecast. The technology of
software for modeling and hardware in terms of computer devices has been developed
from previous studies until now. Thus, computation time in this study is less than in
the past, and it allows the real-time forecasting model to provide a longer lead time of
forecasting and more frequent results.

5. Conclusions

The study highlighted the challenges of real-time urban �ood warning development.
The methodology of automatic processing can be applied to other areas of urban and
peri-urban Bangkok and has potential to be developed for other cities in Southeast Asia.
The integrated system-linked rainfall forecasting from radar, drainage pipe �ow modelling
and the overland �ood modelling in an effort to streamline the �ood risk prediction process.
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In this way, the research can help to reduce the complicated process from computing and
provide shorter and more frequent �ood forecast updates.

The selected 40 min of rainfall data (10 min record and 30 min forecast) was optimally
applied in the real-time system. The system updates every 20 min and provides the lead
time forecast of 10 min. This is a computation and analysis improvement compared to
the one hour of time needed for �ood prediction as reported by Boonya-aroonnet [ 40]
for a single event. However, the improvement of this study came from the integration of
software contained with rainfall forecasting and �ood simulation. In addition, this study
bene�ted from improved hardware and software technology as compared to the early
2000s. The shorter simulation time and more frequent reporting of results can be further
developed for a �ood warning system.

Moreover, the real-time urban drainage system still needs a stable source of rainfall
data. Otherwise, it will be terminated. The automatic switch mode to choose the source of
the rainfall data can help the system run continuously. The boundary around the study
area must be linked to the model in real-time—for example, the water level in the canal
around the city. The future technology of computer servers and databases can reduce
the complex steps of the computer system and shorten the model running time. More
capacity of the memory in the computer will create more space to store the backup result
�le. Otherwise, it needs to be taken out and stored in external memory or on the cloud.
Additional �eld measurement is recommended. For example, the discharge of the sewer
should be measured. The comparison of the calculating and �eld measurement discharge
is essential to obtain higher model accuracy.
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