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Abstract

The main goal of this thesis was to achieve a reliable management tool of storm water
storage basins using high resolution X-band radar. It turned out that it required several

research developments.

The analyzed case study is a 2.15 km? urban catchment located in Val de Marne county
and equipped at its downstream with a stormwater retention basin of 10000 m?. It has
a twofold goal: storm water decontamination and flood protection by volume storage.
Operationally the management strategies associated with these two aims are conflicting;
hence, a predictive management has been set up: a routine exploitation of the basin in
the anti-pollution mode, and a switch to the flood protection mode when needed. It

should be based on reliable knowledge of short-term rainfall forecasts.

A common way to respond to operational needs of the predictive management is to set
up a warning system based on the use of radar data. For example, the CALAMAR
system relies on the use of single-polarization raw radar data, coming from Meteo-
France radar network, being processed with the conventional conversion methods of
radar reflectivity Z to rainfall intensity R followed by a calibration with rain gauge.
However, the reliability of such warning systems has been subject to debate, often due
to a questionable quality of the resulting radar rainfall estimates, compared to local rain
gauges. Therefore a new methodology for more meaningful comparison of radar rainfall
field products was developed during this PhD project. Being rooted to the multifractal
theory, it allows a comparison of the structure and the morphology of rainfall fields in
both space and time through scales. It was initially tested on CALAMAR and Meteo-
France rainfall products before being applied for results confirmation on initial data
from a X band radar, acquired by Ecole des Ponts ParisTech in the framework of the
European project RainGain and providing data at higher resolution (up to 100 m in
space and 1 min in time). The obtained results highlight the crucial influence of raw
data processing on the scaling behavior, and permit to establish that the calibration used
by CALAMAR may influence the quality of rainfall estimates. Such conditions would
be very difficult to detect with widely used conventional methods, which rely on a very
limited number of radar pixels (only those containing rain gauges). Further extensions

of the proposed methodology open new horizons for the rainfall data merging.

While the scientific literature, notably around the TOMACS experiment in Japan and
CASA one in the United States, highlights the operational benefits of higher resolution
rainfall measurements thanks to X-band radars, its impact on the performance of hydro-
logical models still remains a subject of debate. Indeed previous research, mainly based

on conceptual hydrological models remains inconclusive. To overcome these limitations,



we used two models relying on two very distinct modeling approaches: CANOE (semi-
distributed and conceptual) and Multi-Hydro (fully distributed and physically based re-
search model developed at ENPC). An operational version of CANOE and a new much
finer configuration, which increases the sensitivity of the model to spatio-temporal vari-
ability of small-scale rainfall, were used. Several extensions of the Multi-Hydro were
developed, including an optimization of its resolution, which greatly improves its whole
functionality. It appears from this work that by taking into account the spatial and
temporal variability of small-scale rainfall, the performance of hydrologic models can be

increased up to 20%.

Overall, we believe that this dissertation contributes to the development of new reliable

and operational tools to use in their full extent the high-resolution X-band data.

Keywords

X-band radar, predictive management, hydrological modeling, rainfall variability, mul-

tifractal analysis.



Résumé

L’objectif principal de cette these était de parvenir a un outil de gestion fiable des bassins
de rétention d’eaux pluviales en utilisant les données radar en bande X. Il s’est avéré

que cela nécessite plusieurs développements de recherche.

Le cas d’étude considéré est un bassin versant urbain de 2.15 km?, équipé a son aval d’un

bassin de rétention des eaux pluviales d’un volume de 10000 m?

. Cet ouvrage assure
un double réle de traitement des eaux pluviales et de prévention des inondations par
stockage du volume. Opérationnellement les modes de gestion associés a chacun de ces
objectifs sont antagonistes si bien qu'une gestion prédictive a été mise en place ; exploita-
tion routiniere en mode anti-pollution et basculement vers le mode anti-inondation en
cas de besoin. Il doit se faire sur la base d’une connaissance sture de la situation pluvieuse

prévue a court terme.

Une fagon courante de répondre aux besoins opérationnels de la gestion prédictive est de
mettre en place un systeme d’alerte basé sur 'utilisation de données radar. Le systeme
CALAMAR par exemple, repose sur 'utilisation des données radar brutes & mono po-
larisation du réseau radar de Météo-France; traitées avec des méthodes classiques de
conversion de la réflectivité radar Z en intensité de pluie R et une calibration avec des
pluviometres. Cependant, la fiabilité de ce systeme fait débat, notamment vis-a-vis
de la qualité de la mesure radar obtenue. Une nouvelle méthodologie de comparaison
de produits radar a été développée au cours de cette thése. Elle repose sur le cadre
théorique des multifractals et permet une comparaison de la structure et de la mor-
phologie des champs de précipitations dans ’espace et le temps a travers les échelles.
Cette méthode a d’abord été appliquée sur les produits CALAMAR et Météo-France,
puis, pour confirmer certains des résultats, sur les premiéres données d’un radar bande
X, acquis par ’Ecole des Ponts ParisTech dans le cadre du projet Européen RainGain
et fournissant des mesures de précipitations & des échelles plus fines (jusqu’a 100m en
espace et 1 min en temps). Les résultats obtenus mettent en évidence I'influence cru-
ciale des méthodes de traitement des données brutes sur la variabilité spatio-temporelle
a travers les échelles, et permettent d’établir que la calibration utilisée par CALAMAR
peut amoindrir la qualité des mesures de pluie. Elles seraient tres difficiles & détecter
par les méthodes classiques largement répandues, n’impliquant qu’un nombre tres limité
de pixels radar (seulement ceux correspondants aux pluviometres au sol). Des exten-
sions de la méthodologie proposée ouvriront de nouveaux horizons pour la calibration

des données de pluie.

Alors que la littérature scientifique, notamment autour des expériences TOMACS au

Japon et CASA au Etats-Unis, souligne I'importance opérationnelle d’'une mesure de



vii

pluie plus détaillée grace au radar en bande X, son impact sur les performances des
modeles hydrologiques fait encore débat. Les recherches antérieures, basées pour la
plupart sur des modeles conceptuels, ne sont pas concluantes. Ainsi pour dépasser
ces limites, nous avons utilisé deux modeles impliquant des approches de modélisation
différentes: CANOE (semi-distribué et conceptuel) et Multi-Hydro (distribué et & base
physique; développé a 'ENPC). Une version opérationnelle de CANOE et une nou-
velle configuration plus fine améliorant considérablement la sensibilité du modele a la
variabilité de la pluie ont été utilisées. Plusieurs développements ont été apportés a
Multi-Hydro, y compris une optimisation de sa résolution, ce qui améliore grandement
I’ensemble de ses fonctionnalités. Il ressort de ce travail qu’en prenant en compte la vari-
abilité spatio-temporelle des précipitations & petite échelle, la performance des modeles

hydrologiques peut étre augmentée jusqu’a 20%.

Nous pensons que cette these a contribué a la mise au point de nouveaux outils opérationnels

et fiables, ayant la capacité de prendre en compte les données en bande X haute résolution.

Mots Clés

Radar bande X, gestion prédictive, modélisation hydrologique, Variabilité de la pluie,

analyse multifractale.
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Introduction

Climate change and extensive urbanization are most pressing concerns of our everyday
life. Environmental changes impact the hydrological processes sometimes at very fine
scales, and we are more and more often facing an increased pluvial flood risk in European
cities. Hence, the stormwater management is now also performed at smaller spatial scales
(at the district or even at the street scale), putting on evidence the crucial necessity to

have detailed knowledge on rainfall processes at these scales.

Rain gauges are traditionally used to measure precipitation, because they are cheap and
provide direct and robust rainfall measurements. Their main shortcoming is that they
represent a very limited space. Thus, even a dense network of rain gauge gives little
information on the fine spatial distribution of precipitation. On the contrary, weather
radars are used to characterize the precipitation over a large surface. However, unlike
rain gauges, the radar does not measure the precipitation directly, but the ”backscat-
tering” by precipitation echoes of the transmitted signal. In radar meteorology, one of
the main objectives is to provide estimates as accurate as possible of the precipitation

rate R known as Quantitative Precipitation Estimation (QPE).

For many years, most of the national meteorological services have introduced networks
with C band and S band radars to cover all concerned areas. However, these radars
cannot easily be used by small entities and local authorities because of their price and
their size. Indeed, the development of X band radars and their use for urban water
management applications is growing over the years, following the increased demand for

high-resolution QPE and more localized rainfall description.

The development of X band radars is further motivated by numerous scientific publi-
cations that discuss the results from operationally oriented experiments with X-band
radars, including TOMACS experiment in Japan (https://www.wmo.int/pages/prog/
arep/wwrp/new/documents/Doc4_6_TOMACS_RDP_proposal_20130704.pdf) and CASA
experiment in the United States (http://www.casa.umass.edu/main/casa-nsf/) that
highlight the multiple benefites from the more detailed rainfall information, in particular

for improving forecasts and flood mitigation.

In the European level, a research project, INTERREG RainGain (http://www.raingain.

eu/en/four-cities-gain-rain) involving 13 partners among them local authorities


http://www.casa.umass.edu/main/casa-nsf/
http://www.raingain.eu/en/four-cities-gain-rain
http://www.raingain.eu/en/four-cities-gain-rain
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and research institutions, was conducted in four European countries. The project aims
to improve the prediction of pluvial floods in urban cities. It develops and tests inno-
vative tools and practices based on the use of high resolution radars in four pilot cities:
Leuven, London, Paris and Rotterdam. Two new X band radars were installed in the
framework of this project in Paris and Rotterdam. The one installed in Paris has been
acquired by Ecole des Ponts ParisTech and installed on its campus in Paris region. Since
May 2015, this radar produces rainfall information at small space (up to 100 m) and

time (up to 1 min) scales.

In Paris, the pilot study area is a 2.15 km? urban catchment located in Val-de-Marne
County (Southeast of Paris). It includes in its downstream a retention basin of 10000
m? used for either storm water decontamination or flood protection by volume storage.
These two objectives are conflicting and cannot be applied in real time using the tra-
ditional management approach. Therefore, a predictive management strategy has been
set up for this site. It could be seen as a routine exploitation of the basin in the anti-
pollution mode, while a switch to the flood protection mode remains possible and should

be carefully evaluated on the basis of mostly reliable short-term rainfall forecasts.

An operational warning system based upon the use of radar data was set up to respond
to operational needs of the predictive management. CALAMAR system relies mainly on
the use of single-polarization raw radar data, coming from Meteo-France radar network,
being processed with the conventional Z-R conversion methods. Hence, the reliability
of this warning system has been subject to debate, often due to a questionable quality

of the resulting radar rainfall estimates.

Framework and objectives

This work has been conducted in the context of a collaboration between HM&Co (Hy-
drology Meteorology & Complexity) research unit of Ecole des Ponts ParisTech and the
County Council of Val-de-Marne (CD94) in the framework of the European research
project RainGain. The main goal of this dissertation is to achieve a more reliable man-
agement tool for the storm water retention by using high resolution X-band polarimetric
radar information. Hence, the first chapter of this dissertation presents key issues in ur-
ban flood risk management, mainly within the context of the Sucy-en-Brie catchment,
which is one of the case studies of the RainGain project. Possible effects of climate

change and the impact of urbanization process are discussed as well. The predictive
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management strategy operated for the retention basin is presented with details on the
functioning of CALAMAR forecasting system and the analysis of main issues encoun-
tered. The high rate of false early warnings was mainly related to wrong settings of the
system and questionable quality of radar rainfall measurements. It finally turned out
that long-range dissertation goals required several research developments that fall into

three directions:

1. It was crucial at the fist stage of this work to identify specific needs in terms of
reliable and high quality rainfall information that the predictive management re-
quires. The analysis of the available radar products in Paris region and main issues
encountered with the actual forecasting system CALAMAR is of huge interest as
well. Indeed, an innovative comparison methodology was developed as a part of
this work for more meaningful comparison of radar rainfall field products. Being
rooted to the multifractal theory, the developed methodology allows a comparison
of the structure and the morphology of rainfall fields in both space and time which
would be difficult to achieve using the conventional radar - rain gauge compari-
son methods being largely used until now, when a very limited number of radar
pixels (only those containing rain gauges) are involved. Hence, the second chapter
focuses on rainfall data analysis. In fact, various investigations were performed
to analyze the quality of rainfall radar products available in Paris region: Meteo
France and CALAMAR use the same single polarization raw data coming from
a C band radar but rely on different QPE algorithms. Thus, the new developed
methodology was initially applied to perform a comparison between CALAMAR

and Meteo-France rainfall products.

2. Exploration of hydrological responses at various space-time scales remains a crucial
stage in approaching the cross-scale (or systemic) hydrological modeling of urban
catchments. Indeed, various investigations were conducted in the framework of this
dissertation about the needs of small-scale rainfall information for urban modeling
applications. In fact, the impact of such detailed information on the performance
of hydrological models still remains a subject of debate. Most of the former re-
search carried out in this direction remains inconclusive about the advantage of
such detailed rainfall information for modeling applications. Furthermore, most of
these works involve only conceptually based models. Thus, two models that are

based on two very distinct modeling approaches were used to wholly investigate the
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impact of small-scale rainfall data on the performance of hydrologic models. Sev-
eral improvements were implemented on these models following a deep reflection.
Hence, the third chapter of this dissertation is entirely devoted to hydrological
modeling of urban catchments. Three complementary studies were conducted in
this context with the aim of providing answers to various questions related to the
use of high resolution rainfall data for modeling applications. Two urban storm
models were involved in this work and were implemented at various spatial scales

for the needs of such investigations.

3. Finally, first X-band polarimetric radar data available from the dual polarization
Doppler X- band radar were used to confirm some of initial findings of this work, in
particular the spatio-temporal variability of rainfall information and the accuracy
of the X-band polarimetric radar data. This accuracy was investigated as well

using urban storm models.



Chapter 1

Sucy-en-Brie case study :
Flooding risk and management

strategy

The Sucy-en-Brie catchment was chosen as a case study for this work and to participate
in international research studies conducted in the framework of RainGain project. This
choice was motivated by the fact that this catchment represents a typical case study to

show the operational interest of using radar data in real time for flooding management.

In fact, the Sucy-en-Brie catchment and in general the Val-de-Marne County are facing a
major flooding risk due to their challenging local environment, and the high urbanization
process that has been conducted in the past and increased their vulnerability to flood
risk. The management strategy that was adopted to control flooding was based on
the implementation of retention basins in critical catchments of the County, most of
them ensure a double role, the protection against flooding by storing rainwater during
extreme events and the decontamination of the stored water before its release into the
natural environment. The management of 2 retention basins in Val-de-Marne County is

performed using a forecasting system based upon on the use of radar data in real time.

However, first feedbacks from the use of the forecasting system are not entirely satisfac-
tory due to some reasons that we will evoke later in this thesis. Consequently, the County
Council of Val-de-Marne decided to participate with this case study in the European
project RainGain with the aim of understanding difficulties surrounding the current

6
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experience and to investigate possible improvements that the new high resolution and

Dual polarization X-band radar bring to this experience.

1.1 Urban flooding risk

Urban environments have experienced big transformations over years in order to sat-
isfy the human needs, the significant growth of urban population and migration issues
increase pressure in urban areas and in the same time their vulnerability to flooding
risk. The sustainable management of urban flooding risk is becoming an increasingly
challenging task for urban communities and local authorities to address. On one hand
the continuing urbanization process produces large runoff which the drainage networks
cannot deal with, while on the other hand flooding are indeed increasing, both in terms

of frequency and intensity.

The urban flooding risk can be defined according to Blong (1996), Crichton (2007)
as a function of three important elements that reflect together the level at which the
city is faced with flooding; (1) the impact of natural hazards, (2) the exposure of urban
populations and infrastructures to flood and (3) the last one is related to the vulnerability
of urban environments, each of these three elements will be detailed in the following

points, with discussion about how they participate to the increase of flooding risk.

e Natural hazards: floods are the results of meteorological extremes that are
usually aggravated by the hydrological behavior of urban catchments and human
factors. Meteorological extremes consist on the increase of rainfall intensity and

the frequency of severe events. This was noticed in many cities around the world.

The possible effects of climate change in precipitation were subjects of several re-
cent works (Alexander (2016), Moberg et al. (2006), Easterling (2008)) that are
summarized in the Intergovernmental Panel on Climate change (IPCC) Fourth
Assessment (AR4) Trenberth et al. (2007). Changes on precipitation concern the
total amount, the rain intensity, the frequency of heavy events but also the type
of precipitation. In general, a contrast was noticed in terms of the obtained con-

clusions.
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Huffman et al. (2009) suggests that no trend was observed on precipitation since
1979, while Gu et al. (2007) confirms using the Global Precipitation Climatol-
ogy Project (GPCP) data that the global change in precipitation is near zero but
with variability between regions; weather is more rainy in America, Europe and
Asia, and significantly much less rainy in southern Africa and South Asia (Indian
subcontinent). According to (Mote (2003), Knowles et al. (2006)), more precip-
itation falls now as rain rather than snow. In terms of intensity, an increase of
extreme flooding events was observed in the 20" century (Milly et al. (2002), Karl
and Trenberth (2003)) as a result of the increase of heavy rainfall in many areas
around the world even in places where total precipitation is decreasing (Easterling
et al. (2000), Peterson et al. (2002), Klein Tank and Koénnen (2003), Groisman
et al. (2005), Alexander et al. (2006), Groisman and Knight (2008)).

Royer et al. (2008b) analysed the output of climate models and noticed despite
somehow conflicting tendency, an increase of rainfall extremes is expected in
France. Hoang et al. (2014) analysed rain gauge time series from the Paris area
and found an increase in extremes only at scales smaller than 1h. Trenberth et al.
(2007) noticed that the precipitation season has become longer by up to 3 weeks

in some regions over the last 50 years.

Hydrological factors reflect the natural vulnerability of the catchment prior to
human intervention, they are linked to the capacity of the catchment to deal with
the amount of water generated, and how its hydrological conditions can increase the
flood risk. In fact the infiltration capabilities of the subsurface and the topography
of the urban catchment are factors that can aggravate the urban risk by limiting
the infiltration and promoting the urban runoff, the topography can lead to the

increase of the runoff velocity and to the decrease of the catchment response time.

T000
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2000
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Figure 1.1: Distribution of the world population: the urban population is continually
increasing and expected to be 66% in 2050 (United Nations (2014)).
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In the meantime, human activities are changing the whole urban water cycle.
The land use changes increase runoff and limit infiltration, the inefficiency of the
drainage network and the absence of technical resources are factors that can con-

tribute to flood disasters and increase damages.

The urbanization process is continually increasing following the increase of urban
population, according to a recent United Nations report United Nations (2014) 54
per cent of the world population live actually in urban areas instead of only 30 per
cent in 1950 and the ratio is projected to be 66 per cent in 2050 ( Figure 1.1). The
number of megacities (cities with more than 10 millions inhabitants) is increasing
as well from 10 megacities in 1990 representing home for 153 million people to 28
megacities in 2014 representing home for 453 million people. This will participates

on the creation of significant hazards.

The impact of urbanization and land use changes were studied in many case studies
around the world (Nardi et al. (2015), Chen et al. (2015), Wibben (1976), Kang
et al. (1998), Schulz and of Civil Engineering (1976), Hollis (1975), Ramesh (2013),
Braud et al. (2013), Mulholland and Waikato (2006), Wheater et al. (2012), Ali
et al. (2011)) in the purpose of understanding how they can affect the hydrological
behavior of urban areas and increase flooding risk. These kind of works rely often

on historical data available or in urbanization scenarios modeling.

Chen et al. (2015) observed in Xiaoqing catchment (located at the eastern end of
the Yellow River basin in the province of Shandong, China) that the increase of
build-up area from 19.1 % in 1995 to 40.5 % in 2008 has produced an increase of
the peak discharge about 11.1 % and the total volume about 15.3 %. Ali et al.
(2011) simulated the impact of a projected urbanization plan on Lai Nullah basin
in Islamabad, their results show a possible increase of runoff by more than 51.6%
as well as the peak discharge by more than 45.4%, while results coming from Braud
et al. (2013) for a peri-urban catchment show an increase in impervious cover from
11% in 1960 to 44% in 2010, this change was accompanied by a decrease of the
characteristic flood duration by 50% and an increase of the peak flow by over

400%.

The integration of new sustainable land use planning that integrates and interacts
more and more blue and green spaces has emerged in recent years as a key solution

to limit the urbanization effects (Barraqué (2014), Scolobig and Marchi, O’connell
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et al. (2010), Newson (1991), Ferreira Carneiro and Gomes (2012), Clark et al.
(1981))

e Exposure: the population explosion and cities expansion get people to build
in river beds, or in zones known historically as flooding areas, this is what the
exposure means, those houses and infrastructures are much more exposed to urban
flood risk. In France, the 95-101 law of 2 February 1995 related to the protection
of the environment recommends all cities to elaborate and publish a flood risk

prevention plan (PPRI, Plan de Prevention des Risques Inondation).

Le Plan de Pré ion des Risques ion de la Marne et de la Seine approuvé le 12/11/2007 (PPRI)

Zonage réglementaire

Figure 1.2: Flood risk prevention plan of Val-de-Marne County

This plan (example in Figure 1.2) must include a mapping of areas exposed to flood
risk, and determine which construction rules should be considered when building
in these areas. In practice, local authorities based on historical hazard map must

define three zones:

— Red zone with high flood risk and where all constructions are prohibited.

— Blue zone where some rules are defined for all constructions, for example it
may be required that the lowest floor level of the construction must be above

the level observed during the historical flooding event.
— White area without risk of flooding, so no specific requirements for construc-

tions built in this area.

Other zones can be defined as well by the local authority to adapt the given solution

to the level of the flood risk.
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e Urban vulnerability: The vulnerability is the last component of the flooding
risk equation, it is considered as the extent of harm, which can be expected under
certain conditions of exposure, susceptibility and resilience. Different approaches
are used for the vulnerability assessment. The Flood Vulnerability Index (FVI)
is expressed as function of exposure, susceptibility and resilience as follow (Balica

and Wright (2010)):

Vulnerability = exposure + susceptibility — resilience (1.1)

So the consequences of flooding depend on how vulnerable are people and facilities
to flooding risk. This vulnerability can be reduced even in areas where the exposure
is high by taking appropriate precautions in advance, knowing what should be
done to limit the danger and by providing assistance during and after flooding.
The vulnerability assessment allows to understand perception of risk, to quantify
performance of resilience strategies taken into account and to support these kind

of decisions.

1.1.1 Urban flooding damage

Number of events
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Figure 1.3: Severe natural events occurred in France between 1950 and 2012. Only events
that caused more than 10 dead or over 30 million euros of damage are reported here (from

Medde (DGPR), 2013)

Urban zones are increasingly exposed to natural disaster risk, especially floods.

In

France, flooding remains the first natural risk with 72% of decrees state of natural

disaster issued between October 1982 and mid-November 2014. Figure 1.3 shows that
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the number of flooding events occurred in France is increasing over the last 25 years.
Some exceptional rainfall events listed below have caused considerable damages and

losses especially in the south of the country:

e In 27 of February 2010, a violent windstorm Xynthia hits France and many Euro-
pean countries, it was accompanied by very strong winds up to 160 km.h~! and
very heavy flooding. It caused the death of 59 people in Europe, most of them
in France (47 people were killed). Material damages were estimated to 2.5 billion

Euros.

e The flood occurred in 2010 in the Var County is known as one of the largest the
country has experienced in recent years; heavy rainfall generates between 150 mm
to 397 mm in the area making a total of 26 dead and over a billion euros of material

damages.

e In June 2013, the South West region was further hit by severe floods, balance sheet;
3 dead and 2 000 inhabitants had to leave their homes before the rising of water
level. The state of natural disaster was declared and damages were estimated to

500 million euros.

e More recently, during the 2015 summer, 17 people died due to flooding following
violent and unpredicted storms that hit 32 towns in the Alpes-Maritimes. 180 mm
of water which represents 10% of the normal annual precipitation of the region fall

between 19h and 22h. Insurers estimated damage to more than 500 million euros.

This increase on flooding intensity and frequency has consequences on the economic
and social costs. A recent work (Jongman et al. (2014)) estimated floods cost in the
Furopean level averaged 4.9 billion euros per year between 2000 and 2012, 12 billion
euros just for the June 2013 flooding event as is it considered as the most expensive
natural catastrophe. According to Jongman et al. (2014), these average losses could

increase to 23.5 billion euros by 2050.
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Figure 1.4: Localisation of Sucy-en-Brie City in the southeast of Paris

The Val-de-Marne County ( Figure 1.4) is one of 8 counties of the Greater Paris region,
its surface is 245 km? and its population is more than 1.35 millions. The County has ex-
perienced significant and rapid urbanization process starting from the 1900s ( Figure 1.5)
due to its proximity to Paris, its pleasant living environment and the consequences of
the demographic explosion noticed during the last decade. The city of Sucy-en-Brie as
example saw its population goes from few thousand people in the 1950s (8570 in 1954)
to more than 25 000 in the 1990 (25 839 in 1990), this has a direct consequences on the

increase of flooding risk.

The flooding risk is even more significant because of the presence of two main rivers
in Paris region that cross the County over 15 km for the Seine river and 10 km for the
Marne river. So any increase of the water level in these two rivers will have dramatic and
disaster consequences on an important part of the County. The County has experienced
several flooding events in the past, the reference and most disaster occurred in 1910 (
Figure 1.6). If such exceptional situation should occur, more than 250 000 people of
Val-de-Marne will be flooded, without forgetting material damages (cut in electricity,
potable water, transport, ...). Other events were recorder later in 1924, 1955 and 1982

as well as a series of flood between 1999 and 2001.
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Figure 1.6: Area affected by the 1910 flood event

1.1.2 Urban pollution risk

In addition to the flood risk, urban areas are also facing a major pollution risk. In fact,
several activities in urban environments generate significant pollution. Road traffic,
industrial activities and soil erosion are often pointed out as main sources of pollutants
that can have disastrous consequences on the quality of the receiving water bodies.

Several investigations and works (Kittinger et al. (2013), Qureshi, Goonetilleke et al.
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(2005), Lee (2000), Makepeace et al. (1995), Scuri et al. (2006), Borja et al. (2004),
Sands and Galizzi (2006), Kaika (2003)) were carried out recently in order to list all
contaminants that can be found in storm water and the possible relation between rainfall

intensity and storm water pollutant load.

Makepeace et al. (1995) presented a literature review that identify and quantify con-
taminant data available on storm water, listing their specific chemical, physical, and
biological parameters. Goonetilleke et al. (2005) investigate and found a relationship
between the duration, intensity and amount of rainfall and the occurrence of peak mi-

crobial populations.

Certain measures were considered in the European level to investigate and preserve
the physical, chemical and biological quality of aquatic systems. The European Water
Framework Directive (THE EUROPEAN PARLIAMENT AND THE COUNCIL OF
THE EUROPEAN UNION (2000)) adopted in 2000 goes in this direction. It obligates
all European countries to control the quality of storm water before its release into water

bodies and set a target of reaching a good ecological status of all aquatic systems.

Consequently, all technical solutions that were developed to control flooding in urban
areas should also integrate a minimum level of water decontamination in their goal. This
makes managing storm water in urban areas even more complex, and obligates urban
water managers to consider new flood management processes that are more optimal
and smart. The case study we presenting in this thesis is a perfect example of such
management techniques that must rely on powerful tools including real time management

systems and radar forecasting.

1.1.3 Urban flooding management

Several management techniques were developed and implemented in urban areas in or-
der to cope with both the increased flooding and pollution risks. Their objective is to
protect people from flooding and the natural environment from urban pollution sources
by ensuring a minimum level of storm water decontamination. Theses techniques can
be classified in three approaches depending on their goal and how they treat flooding
situation. (1) The first approach is to locate all the effort at the outlet of the catch-

ment, by implementing hard engineering structures. (2) The second one, which is more
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sustainable is based on a distributed approach that relies on smaller constructions dis-
tributed over the catchment in order to control storm water volumes at their sources. In
addition to these structural solutions, there are also (3) a non-structural approach that
emerged in recent years, which is based on resilient strategies that showed their crucial

interest in crucial situations.

The local traditional engineering approach regarding storm water management focuses
only on building huge systems that can be part of a long-term solution. The most com-
mon practice is the detention and retention basins (Bergue and Ruperd (2000), Robinson
et al. (2010), Travis and Mays (2008)), which are highly effective in controlling the peak
flows but expensive to construct and to maintain. The main goals of all these techniques
is to attenuate the possible effect of heavy rainfall on the downstream and to avoid the
overflow of the sewer network. But, they are also the best candidates to implement
storm water decontamination processes and to control thus the quality of all urban plu-
vial water generated at the catchment scale (Scherger and Davis (1982), Sébastian et al.
(2014)).

Recently, a growing interest in adopting more sustainable techniques to control both the
quality and the quantity of storm water runoff (Ellis and Revitt (2010), Ellis (2013),
Strecker et al. (2004), Forster et al. (2004), O’connell et al. (2010), Clark et al. (1981),
Jha et al. (2012), Martin et al. (2007)) has emerged. These systems are designed for
source control in the framework of a distributed approach and are constructed taking
into account the estimation of post-development stormwater flows and the catchment
water balance. Alternative techniques can be better solutions from economic and en-
vironmental aspect. Their goal is to retain pluvial water and promote its infiltration ,

instead of leading it to the sewer system like conventional systems have done so far.

The new Low Impact Development (LID) approach aims to preserve or replicate the
natural, pre-developed water cycle to maximize the on-site storm water control. In the
USA and some other countries, they adopted the term Low Impact Development (LID)
for techniques which are used to maintain the current peak flow below or equal to the
peak flow that existed in the same area before the urbanization process for a given return
period. In the UK the term Sustainable Urban Drainage System (SUDS) is adopted,
while in Australia the term is Water Sensitive Urban Design (WSUD).

LID management practices include among others green roofs, dry wells, filter strips,
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vegetated buffers and other multifunctional landscapes areas (the use of areas which
have other primary functions, such as parking or sport fields as detention basins in case

of flooding), wetlands, level spreaders, infiltration trenches, rain barrels and cisterns.

All these techniques are not applicable in all sites but this approach has some advantages
towards the conventional one. They minimize the need for very large detention basins
in the downstream as well as the pollutant loading by protecting pluvial water from
pollution sources, they are more efficient, better aesthetically and they have a lower

possibility of overall system failure.

Recent research works advocate the use of these three approaches together in urban
catchment where the risk of flooding is high. Both alternative techniques and retention
basins allow to handle the volume of water generated up to certain return period rainfall
event, while resilience strategies (Gupta (2007), Su (2015), Dasgupta et al. (2015), Serre
et al. (2012)) are used in emergency situations to limit damages and to promote a quick

and safe return to the normal state of the catchment.

1.2 Sucy-en-Brie case study

Sucy-en-Brie city is located at the Southeast of Paris, in Val-de-Marne County which is
a part of the big region of Ile-de-France ( Figure 1.4), its surface is 10.43 km? with a
population of 25 900 inhabitants (2012 report). The city is connected to Paris with a
train at the Sucy-Bonneuil station (30 min travel time to the center of Paris). Known
historically as an agriculture area, the city is now highly urbanized with an imperiousness
coefficient around 35%. The city is bounded at the north by the Marne river (one of the

two main rivers in Paris region).
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Figure 1.7: Localisation of the Sucy-en-Brie case study in Val-de-Marne County at the
Southeast of Paris

The case study we study in this work is a part of the Sucy-en-Brie city. It is a 2.45 km?
urban catchment ( Figure 1.7), the area has suffered in the past from several flooding
events as a consequence of: (1) the very steep slope (234m/km) that increases water
speed and causes overflows in the downstream pluvial network and (2), the increase of
imperiousness areas (34%) combined with a soil structure that limits infiltration to the
subsurface. The sewer system in this area is a separate one and storm water is routed

to the Marne River.

The County Council of Val-de-Marne manages and controls the main sewer system and
is in charge of protecting people and facilities against flooding, as well as of protecting
the natural environment from pollution sources. According to the topography, three
areas can be identified in the Sucy-en-Brie catchment: (1) a plateau in the upstream
with an elevation of approximately 100 m, (2) an alluvial plain in the downstream near
the Marne river with an elevation of 32 m and between them there is (3) a hillside with
a steep slope. The plateau and the hillside are housing areas (collective at 10% and
individual at 90%) surrounded by green spaces, the plain is occupied by an industrial
area and some sports fields, the Sucy Bonneuil train station is located in this area as

well.
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1.2.1 Data set

Data collection was performed at the beginning of the thesis by identifying needs for this
study and contacting the various services that can provide them. The data was then
analyzed and validated before being used in the various studies conducted as a part of
this work. At the end of this step, a large and complete data set was available for this case
study, including all geophysical data (land cover, topography, ...) in GIS (Geographic
information system) format, different types of rainfall data and flow measurements as

well.

e GIS data : GIS data is used in this study mainly to set up hydrological models.
It is also used to describe the hydrological behavior of the catchment and to un-
derstand the challenging flooding risk in this urban area. It was made available
by different institutes in the framework of a research collaboration with Ecole des

Ponts ParisTech.

— Topography :

(a) (b)

Figure 1.8: Topography and land use for the Sucy-en-Brie catchment

Landuse class

Elevation (m)

The Digital elevation model (DEM) of the catchment was obtained from the
IGN institute (French National Institute of Forest and Geographic Informa-
tion), the spatial resolution of the data is 25 m, which is far from meeting
the needs of studies conducted in the framework of this work. Linear inter-
polation was conducted to obtain data at a better resolution (between 5 m
and 10 m).

According to the Digital Elevation Model (DEM) ( Figure 1.8a), one can no-

tice the very steep slope of this urban catchment. In fact, the altitude ranges
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from 100 m at the upstream to just 32 m at the downstream (218 m/km),
the slope is steeper (=234 m/km) at the hillside in the center of the catchment,
where the elevation goes from 90 m to 40 m. This has dramatic consequences
on the hydraulic behavior of the catchment. Indeed, the topography pro-
motes the urban runoff with high water velocity and limits infiltration into
the subsurface, the catchment response time is very short (less than 15 min),
which increases the pressure on the downstream pluvial sewer and explains

the fact that the downstream is historically known as a flooding area.

— Land use : GIS data describing the landscape was obtained from the DSEA
94, the quality of this GIS data was very good with a precision up to 50 cm,
but we had to deal with one land use class named “Other” in the original data,
this class was just unknown and introduces a missing data. A comparison
work with satellite images has been done in order to determine with which
land use class can we correctly fill this missing data.

The city of Sucy-en-Brie has experienced big transformations over years, it is
highly urbanized at the present time even if it includes several green areas.
In terms of land use occupation ( Figure 1.8b), at the downstream, there is a
commercial zone around the Sucy-Bonneuil train station, an industrial area
and some sport fields. Most of the surface of the city is occupied by individual
housing, surrounded by green spaces, the collective housing area is located
at the middle east of the catchment. The upstream includes a part of the
great Notre-Dame forest, which is a 2050 ha forest that extends between the

Val-de-Marne and the Seine-et-Marne counties.

— Sucy-en-Brie subsurface structure :
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Figure 1.9: The pluvial sewer system and soil data for Sucy-en-Brie catchment
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The subsurface structure was elaborated using data obtained from the BRGM
database (Office of Geological and Mining Research) related to the soil in-
vestigations done in the past before some construction works and archived in
the BRGM database. The data ( Figure 1.9a) clearly indicates that a layer of
clay mixed in some places with sand dominates the majority of the catchment
subsurface. In the downstream, near the river, we found a layer of sandy soil,
so more permeable. This shows the complexity of this urban catchment from
an hydrological point of view, in fact, infiltration in this catchment is very
limited as well due to the subsurface structure. Physical parameters of soil
needed for modeling were obtained from the literature and no measurements

were done to verify or to estimate these parameters.

— Sucy-en-Brie pluvial sewer system : The sewer system in this catchment
( Figure 1.9b) is a separate one, the pluvial one is routed in the downstream
to the Marne river. The DSEA 94 of Val-de-Marne County (Direction des
Services de ’Environnement et de I’Assainissement) is the service in charge
of the control and the management of this system. Data describing the sewer
system in this area is a very detailed one. It consists on 2030 nodes and
1015 elements of pipes representing a total length of 25 km, the average slope

noticed is around 0.052.

¢ Rain gauge data :
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Figure 1.10: 30 rain gauges are deployed in the Val-de-Marne territory (245 km?), most
of then are operated in real time.

Point measurements data is coming from the rain gauge network of the County
Council of Val-de-Marne ( Figure 1.10). Thirty tipping bucket rain gauges with a
0.2 mm resolution are deployed in the Val-de-Marne County (245 km?); most of
them provide measurements in real time. The rain gauge located in the center of
the study area is primary used to get rainfall information for modeling use, but it
is not fully operated in real time due to some technical issues related to its local
environment (real-time synchronization issues). Another rain gauge, that is 1 km
away from the case study, can be used. Rain gauge data coming from the CD94
network is used both for modeling purposes and to perform a real time adjustment
of the forecasting radar system CALAMAR. The data is validated by the CD94
services, but also by CALAMAR system based on a radar-rain gauge comparison
performed in real time. Data used in this work was processed by the CD94 and
sampled at 5 min temporal resolution, which is more convenient since radar data

and flow measurements are available at 5 min as well.

Uncertainties related to point measurements will be discussed in the next chapter,
and should not be neglected when used as reference data, especially during high
rainfall rate where tipping bucket rain gauges tend because of their measurement

principle to underestimate the rain intensity.
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The entire times series recorded in 2013 and 2014 by the Sucy-en-Brie rain gauge
were made available by the DSEA 94 as well as some events occurred in 2010,

2011, and 2012.

e Radar data :

. X-band radar

C-band radar

Seine & Marne rivers
Sucy-en-Brie catchment

Val-de-Marne county

Paris

Figure 1.11: Location of the two radar available in Paris region: C-band radar located in
Trappes (37 km west from the catchment) and the new X-band one located 10 km northeast
of the catchment. (©Météo France & Rosa Vicari / HM&Co - ENPC

Two radars are available in Paris region, their location and main technical char-

acteristics are given in Figure 1.11, Table 1.1 and Table 1.2 respectively:

— The C-band radar : was installed in 2004 in the west of the Paris region
in Trappes. It is one of 24 radars of the French national network ARAMIS.
It has a dual polarization and Doppler capabilities. It is a fully operational
radar and its final rainfall product is integrated within the French mosaic
radar rainfall image. The data resolution is 1 km? in space and 5 min in
time. The processing chain used by Météo France to process the data will be
presented in the next chapter. However several products available in Paris
region use the same raw data coming from the C-band radar of Trappes, but
use different algorithms for data processing. CALAMAR forecasting system
is one of them, its processing chain will be presented in chapter 2.

— The X-band polarimetric radar : was installed in late 2014 and inaugu-

rated in June 2015, in the east of Paris region. It is a Dual polarization and
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C-band radar technical

X-band radar technical

characteristics
Manufacturer SELEX
Geographical 48.7758N,
position 2.0098E
Wavelength 5.31 cm
Polarization H/V
Beam diameter 1.18
Antenna
diameter 3.7 m
Pulse width 2 us
Frequency 5.640 GHz
Range resolution 240 m

Table 1.1: Technical characteristics

of the C-band radar of Trappes, oper-

ated by Météo France and 37 km west
from the case study.

characteristics
Manufacturer SELEX
Geographical 48.8425510N,
position 2.588710E
Wavelength 3.16 cm
Polarization H/V
Beam diameter 1.47
Antenna
diameter 1.9
Pulse width 0.33 - 2 us
Frequency 9.36 - 9.38 GHz

or 9.30 - 9.35 Ghz

Range resolution 50 - 500 m

Table 1.2: Main technical character-

istics of the newly installed X-band po-

larimetric radar, the radar is just 10
km northeast from the case study

Doppler radar installed in the framework of INTERREG RainGain project.

The radar data is for now processed using the processing chain of SELEX, see

Chapter 2 for more details. However important work should be conducted in

the future around this radar platform in order to improve the data processing

and to develop QPF product oriented for urban hydrology applications.

e Flow measurement data : In the Val-de-Marne County, several real time flow

sensors are installed in the network. They are used in the real time management

of the sewer network as well as in hydrological modeling studies. Two of them are

located in Sucy-en-Brie Catchment, one in the entrance of the retention basin and

the other one is in the outlet.

1.2.2 The hydrological behavior of the urban catchment

In urban hydrology, a good knowledge of the hydrologic behavior of the catchment is

essential to understand flooding issues and to guarantee a correct management of sewer

networks. Several research works were conducted in order to address urban catchments

behavior based either on their geometric features or by analyzing the hydrograph ob-

tained at the outlet of the catchment.
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In this section we will analyze the hydrological response of the Sucy-en-Brie catchment
to a given rainfall situation. Main characteristics of the catchment as well as the main
flow direction are presented in Figure 1.12 and Table 1.3 respectively. The behavior
will be addressed from two important points of view; first of all in terms of the water
balance and the rainfall runoff relationship, then in terms of the response time and its

consequences on the flooding management.

Table 1.3: Main characteristics of the
Sucy-en-brie catchment

Sucy-en-Brie catchment main

characteristics
Legend
@ Outfall
—— Flow Direction - Wegtied Average Catchment area 235 ha

—— Flow Direction - Regression

s Main Flow Path

General slope(m/m) 0,006200

Catchment length 4,02
Catchment width 0,67
Shape factor 0,17
impervious areas 34%
Population density
24,83
(persons/ha)
s R, Separate
Sewer system
one
Figure 1.12: Sucy-en-Brie catchment Number of nodes 2030
and flow directions
Number of pipes 1015
Total pipe length (km) 25
Pipe slopes (m/m) 0,0116

e Rainfall runoff relationship : The relationship between rainfall and the gen-
erated runoff is very important especially in the case of Sucy-en-Brie, where the
flooding risk is located in the downstream of the catchment and where the main
aim of the retention basin is to handle this volume generated. So having an esti-
mation of the expected water volume based on rainfall information is the basis of
the basin management. Such relationship depends on rainfall characteristics (in-
tensity, distribution, duration ...) and on the catchment physiography (size, shape,

slope, land use, soil type ...) and will be determined here based on real rainfall and



Chapter 1. Sucy-en-Brie case study : Flooding risk and management strategy 26

sewer flow measurements. Data coming from 18 rainfall events (Table 1.4) were
used to establish the rainfall runoff relationship between the precipitation depth
R(mm) and the water volume V (m?) measured in the entrance of the retention
basin. Based on this data the relationship V=381.R was retrieved (Figure 1.13).
This relationship gives an idea about the huge amount of water generated during
rainfall events. As example 30 mm rainfall accumulation will generate about 10000
m?3 while 40 mm will generate 15000 m? that can be difficult to handle. The same
rainfall-runoff relationship was retrieved by RHEA and used to define the warning

thresholds of the forecasting-warning system CALAMAR.
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Table 1.4: 18 rainfall events that
were selected to retrieve the rain-
fall runoff relationship

Total
Event depth Vips(m?)

R(mm)
E1l 14.2 4279
E2 54.6 19395
252 10°
v, =31k E3 4.0 1019
2} E4 10.4 4524
E5 11.4 3089
_15f
g E6 7.8 674
>° 4
E7 27.2 9418
osk ES 43.0 15259
E9 19.8 5297
Ve e e e g 8.0 1288
Figure 1.13: The rainfall runoff relation- El1 17.8 4889
ship of Sucy-en-Brie catchment
E12 5.4 1166
E13 33.2 11073
E14 21.8 11947
E15 7.6 7683.7
E16 19.2 10986
E17 19.2 11591
E18 19.8 9278.1

e Time parameters of the catchment : Time parameters are important in urban
hydrology. The knowledge about time characteristics of the catchment response is
of extreme importance in water management and flooding mitigation, especially
during critical situations. The most frequently used time parameters are the time
of concentration T, and the lag time K. Several definitions do exist for these
parameters and various formulas are used to estimate them based mainly on the

catchment characteristics (slope, flow path, shape,...) :
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— Time of concentration 7T, : time of concentration is widely used in urban
hydrology, and defined as the time required for a particle of water to flow from
the most distant point in the catchment to the outlet, it varies depending upon

slope, land use and the flow path of the urban catchment.

— Lag time : the time interval from the center of mass of rainfall excess to the

peak of the resulting hydrograph.

08/07/2012 event 08/10/2014 event
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1.4495f ~ 0.3591 &
1.2424 03078
1.0354 0.2565
0.8283 0.2052
0.6212 0.1539
0.4141 0.1026
0.2071 0.0513
00:00 03:00 06:00 09:00 06:00 12:00 18:00 00:00
Time Time
(a) (b)
Figure 1.14: Hyetograph and hydrograph recorder for; a) 08/07/2012 and b) 08/10/2014
events

In Figure 1.14 are presented, the hyetograph and hydrograph observed at the outlet
of the Sucy-en-Brie catchment for two rainfall events. One can notice the very weak
response time of the catchment. The lag time is less than 15 min meaning that urban
water managers only have few minutes to react from the beginning of rainfall and the

necessity to have information about the rainfall forecast.

1.3 Retention basin and management strategies

After several flooding events that have affected the Sucy-en-Brie city, particularly in
2000 and 2001, where the train station was flooded and blocked for a time, the County
Council of Val-de-Marne, made a decision to built a retention basin in the upstream of the
catchment near the train station. The retention basin was designed from the beginning
in order to achieve two roles. The main one is to protect the city from flooding by storing
rain water during the peak flow and the second role is to decontaminate the rainwater

stored before its release into the natural environment (the Marne river).
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Figure 1.15: The Sucy-en-Brie retention basin

To ensure these two roles, the constructed basin has a total volume about 10 000 m?
and was divided into two compartments that can be connected through a bottom valve

(Figure 1.15) :

e The hydraulic compartment has a volume about 5200 m? and allows to avoid

flooding for up 10 years return period rainfall event.

e The antipollution compartment has a volume about 5000 m? and allows the de-

contamination of 6 months return period rainfall event.

The decontamination process is simple and involves three steps: a pre-treatment step
used to remove solid objects such as branches, plastics through a mechanical process
of screening operated immediately upon admission of water into the basin. the second
stage consists on a primary treatment of the pluvial water through a settling process
operated in the basin to remove suspended matters. The efficiency of this treatment
depends mainly on the time that water stays in the basin. The third step is achieved

using a lamellar settling device, to facilitate the settling and removal of suspended solids.

The basin is fed by a pipe of 1.5 m diameter controlled by a valve V2 and can be
evacuated using two pumping stations: the first one P1 is operated within a rate of
250 /s which is recommended for better efficiency of the lamellar settling process. The
second station P2 is operated within a rate of 500 [/s and used exceptionally in case of

emergency.
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1.3.1 The static management mode

The traditional static management mode of the retention basin is operated based on the

period of the year and does not need an indication of the rainfall situation in real time:

e The antipollution mode : is operated during the period between October and
April where there the flooding risk is very limited. Under this mode, the basin is

operated as follow:

— Emptying the basin is done at rate of 250 [/s to promote the decontamination

process.
— The Valve V1 is closed, the two compartments do not communicate.

— The valve V2 is opened, the antipollution compartment continues to be fed

until a volume of 5000 m3

e The anti flooding mode : is operated during the period between April and
October, where the flooding risk is high due to the extreme rainfall events occurred
often in this period and particularly in the summer. The decontamination of a
maximum volume of 3500 m?3 is guaranteed even during this period where the

retention basin is operated primary to avoid flooding :

— Emptying the basin is done at rate of 250 I/s
— The Valve V1 is closed, the two compartments do not communicate.

— The valve V2 is opened, the antipollution compartment continues to be fed

until a volume of 3500 m3

With this static management, the retention basin can avoid flooding for up 10 years
return period events and decontaminate a maximum volume of 5000 m3. Or the DSEA
94 (Direction des Services de ’Environnement et de I’Assainissement) in charge of the
management of the basin hope to increase both the decontamination capability of the
basin to a volume of 8000 m? and also to be able to avoid flooding caused by 15 to 20

years return period rainfall events.
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1.3.2 The predictive management

The solution that was made is to connect the two compartments by opening the bottom
valve V1, in order to use the basin with its full capacity both for flooding protection

and rainwater decontamination.

In terms of management, this purpose is a challenging one, because operators need to
know when they have to switch between this two gesture modes. In a simple way they
need reliable information about the rainfall situation forecast in order to be able to
empty the basin in case of oncoming extreme rainfall event. This is what the predictive

management means.

To answer this question, a decision tool was set up for the predictive management of the
retention basin. Its a forecasting system combined with a warning system that generates
based on the actual and the expected rainfall situation two levels of warning indicating
each, a level of flooding risk and the need to take decision up to the complete empty of

the basin.

The Enterprise (RHEA) behind the forecasting system CALAMAR has conducted sev-
eral works between 2004 and 2006 in order first of all to understand the local authority
needs and also to set up the new forecasting-warning system and to define new predictive

management modes that go with it.

As outcomes of this work, four new predictive management modes were set up, the
choice of the mode is not based any more on the period of the year, but on the actual

and the predicted rainfall situation described with the warning system:

e The predictive antipollution mode B3 : is defined as follow:

— The valve V1 is open, so the two compartments can communicate.

— The valve V2 is open as well, so the basin can continue to be filled until the

the volume of 8750 m?3

— The pumping station is operated with a rate of 250 [/s
e The predictive anti-flooding mode B4 :

— The valve V1 is open, so the two compartments can communicate.

— The valve V2 is open as well.
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— The pumping station is operated with a rate of 750 [/s in order to free the
needed volume in the basin as quickly as possible. Water evacuated at this
rate is considered as not decontaminated even if has been already pre-treated

during the first two treatment steps.

e The predictive anti-flooding mode B4bis : This mode aims to have 6700 m?

free storage available in the basin, so it is characterized as follow:

— if the free storage available in the basin is less than 6700 m3:

« The valve V1 is still opened (the two compartments can communicate)
* The valve V2 is closed (the basin can not receive additional water volume)

* The pumping station is operated within a rate of 750 1/s until the basin

regains a storage capacity of 6700 m?
— if the storage capacity available is more than 6700 m?>:

* The valve V2 is closed

* the pumping station is operated within a rate of 250 1/s, to decontaminate

rain water

e The predictive anti-flooding mode B4ter : this mode aims to empty the

whole basin as quickly as possible:

— The valve V2 is closed.

— The pumping station is operated within a rate of 750 1/s.

The predictive management of the retention basin depends only on the real time rainfall
conditions. The switch between the antipollution management mode to the anti-flooding
mode is made on the basis of the current rainfall situation and that one expected in the
next hour. hence the necessity to set up a warning system that will indicate to the
operator when to switch from one mode to another. This system should be sufficiently
reliable to avoid both false warnings and non detection situations. Because on one hand
do not empty the basin to ensure the storage volume required to avoid flooding due to
a non-detection of the warning is very disastrous and can leads to significant damages,
on the other hand, emptying the basin after a warning which is not confirmed later
is also disastrous because non decontaminated water will be ejected into the natural

environment.
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Both These situations were studied by RHEA, and finally two levels of warning were set

up for the Sucy-en-Brie retention basin.

1.3.3 The warning system

[ Paris
Val-de-Marne county (CG94)
Sucy-en-Brie catchment
The warning zone (4 km)
The early warning zone (10 km)

Early warning threshold:

. . +—f7’t—
36 mm in 30 min

@ Warning threshold:

25 mm in 30 min
0 25 5 75 10 km

Figure 1.16: CALAMAR warning system

1.3.3.1 The early warning indicator

The early warning indicator was set up in order to inform the operator as soon as possible
of the approach of a rainy situation that could cause a risk of overflow in the downstream
of the sewer network (near the train station) if the available capacity in the basin is not

sufficient to ensure the storage function.

The system generates an early warning when it detects within a 10 km radius around
the center of the catchment (Figure 1.16), a storm cell with a minimum size of 4 km? (4
radar pixels) and leading to a cumulative rainfall over 36 mm in 30 min. The verification
of the early warning threshold crossing is made on 4 cumulative 30 min rainfall defined

as follow:

e {g- 15 min — ¢y + 15 min, so 15 min of measurement and 15 min of forecast
e 1y — typ + 30 min, so 30 min of forecast starting from ¢

e {3 + 15 min — tg + 45 min, so 30 min of forecast starting from tg + 15 min
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e ity + 30 min — ¢y + 60 min, so 30 min of forecast starting from ¢y + 30 min

Measurement Forecast

¥

To-15 T To+15 To+30 To+45 Top+60

Figure 1.17: CALAMAR warning system

From Figure 1.17, one can notice that only 15 min of rainfall measurement is used to
check any exceed of the early warning threshold, the other 60 min corresponds to the
forecasting rainfall for the next 60 min. So the early-warning threshold is more based on
the rainfall forecast than on the effective rainfall measurement. In fact, the consequence
of an early warning on the management of the basin is based upon the storage capacity
that still available in the basin and also on the reliability of the forecasting estimation.
Indeed, an indicator of the reliability of the forecast was set up and integrated within
the CALAMAR window, which allow the operator to judge the best decision to make

in real time situation.

According to the decision tree that was set up for the predictive management of the
basin, the operator must compare the duration of a reliable rainfall forecast D, to the
time D, needed to empty the basin with a maximum pumping rate (750 1/s) in order to

have a storage capacity of 6700 m3.

If D, is higher than D,,, then the operator should wait to have a reliable forecast before
making a decision, if not, the basin switch to the anti-flooding mode, and the pumping

stations are operated within the maximum rate in order to evacuate the stored rainwater.

If the early-warning is triggered, it remains active during 1h before updating the state

of warning on the basis of CALAMAR calculations.
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1.3.3.2 The warning indicator

The warning indicator was set up in order to indicate to the operator the immediate
presence of an exceeding of the critical risk threshold. it is calculated based on 10 min
of rainfall measurement and 2h of forecast. The warning is triggered if a rain cell with a
minimum size of 4 km? that generates a cumulative 30 min rainfall that exceeds 25 mm
is detected within 4 km radius around the center of the catchment (Figure 1.16). The
verification of the warning threshold crossing is made on 6 cumulative 30 min rainfall

defined as follow:

to - 10 min — tg + 20 min, so 10 min of measurement and 20 min of forecast

to + 10 min — ty + 40 min, so 30 min of forecast starting from ¢y +10 min

to + 30 min — ty + 60 min, so 30 min of forecast starting from ty + 30 min

to + 50 min — ty + 80 min, so 30 min of forecast starting from ty + 50 min

to + 70 min — ty 4+ 100 min, so 30 min of forecast starting from ¢ty + 70 min

to + 90 min — ty + 120 min, so 30 min of forecast starting from tg + 90 min

Measurement Forecast

L

Tp-100 Th To+20 Tp+40 Tp+60 T80 Tp+100 To+120

Figure 1.18: The verification of the warning threshold crossing is made on 6 cumulative
30 min rainfall and based on 10 min measurements and 2h of forecast

From Figure 1.18, one can notice that the warning indicator is based only on 10 min
rainfall measurement and 2 h rainfall forecast. Hence the need to set up in addition to

these two level warning indicators another one showing the reliability of the used rainfall
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forecast. The real time decision that can be taken by the operator should be based on
both the warning and the reliability indicators in order to avoid critical situations. The
reliability of radar-based QPF was investigated for years, and results coming out show
that extrapolation QPF techniques have good skills at lower lead time (1-2 h) which
is the case here. However, it is important to note that uncertainties of radar forecast
can have two main sources of errors: uncertainties on the radar rainfall measurements
themselves and uncertainties related to the forecasting technique used. On one hand
an overestimation for example of the rainfall rate will leads to an overestimation of the
obtained rainfall forecast since rainfall intensities remain unchanged, while on the other
hand, the radar-based techniques often consist on the simple extrapolation of rain cells
movements without any changes on their intensity, their shape, and their movements,
which is far from being correct. In fact many studies show that the life time of a given

rain cell is around 20 min which is not taken into account wen computing the 2h forecast.

1.3.3.3 CALAMAR system feedback
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Figure 1.19: Number of early-warning triggered during (2008 - 2012) period

The feedback of the use of CALAMAR system for the predictive management of the
Sucy-en-Brie retention basin was not as expected. In fact, the DSEA 94 noticed a high
rate of early-warnings triggered per year, the frequency of early-warning is even more

higher in the summer in such way that the predictive management has become impossible
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and was abandoned by the CD94. So the retention basin is operated currently using the
static management mode and based on the period of the year.

Figure 1.19 shows statistics about the number of early warning triggered during the
period between 2008 and 2012. The state of the early warning indicator is reported
every 15 min.

As a results of our investigations, RHEA confirms after verification that the system was
not correctly set: an early warning threshold defined over 20 km around the basin was
discover instead of 10 km originally set. The 20 km area includes some zones in Paris
with high building, so high effect of ground clutters which leads according to RHEA to
the triggering of the early-warning. In addition to that, RHEA evokes the possible effect
of the anomalous propagation not corrected in the actual version of CALAMAR used
by the CD94.

Following this exchange with RHEA and because of this finding, we decided to conduct
several analysis on CALAMAR product data in order to further investigate processes
used by the system for the data processing and rainfall forecasting and to understand
causes of this issue and which improvements should be taken in order to establish the

predictive management of the retention basin.

1.4 First investigations on the early warning threshold

Various investigations were conducted in the framework of this work in order to un-
derstand issues encountered with CALAMAR system. The first one consists on the

verification of early warnings triggered and whether or not they are justified.
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Number of Max 30 min cumulative
Event Date early-warning observed (mm) in radar

triggered measurements

E1l 2011/02/19 16 14.4333

E2 2011/08/26 12 12.45

E3 2011/03/26 24 12.575

E4 2012/06,21 32 20.75

E5 2012/03/23 17 82.7667

E6 2012/01/03 8 6.1

E7 2012/02/22 8 4.625

ES 2011,/06,/04 12 91.775

E9 2012/06/10 13 15.6

E10 2012/05/21 24 10.0583

Table 1.5: Characteristics of 10 rainfall events selected : the number of early warning
triggered per event and the maximum cumulative 30 min rainfall observed on rainfall mea-
surements

10 rainfall events occurred between 2011 and 2012 have been selected, the common point
between them is that at least one early warning was triggered by CALAMAR system.
However only measurements were used here, CALAMAR does not allow the extraction
of forecast data. Indeed, the analysis will be based on only one 30 min cumulative

rainfall map computed for each time step as follow:

to - 15 min — tg + 15 min, so 30 min of measurement instead of 15 min of forecast and

15 min measurements used for the early warning threshold.

Table 1.5 gives characteristics of 10 rainfall events selected : the number of early warning
triggered per event and the maximum cumulative 30 min rainfall observed on rainfall
measurements. One can notice that 8 of the 10 selected events should not give place to
an early warning if it was only based on 30 min measurements. The cumulative 30 min
rainfall computed only on measurements is very weak than the 36 mm needed to trigger
an early warning. So no exceed of the early warning threshold was noticed within the 10
km radius the catchment, not even within the 20 km around the catchment. This lead

as to make two hypothesis, the first one and the most probable one is that the threshold
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exceeding was detected for a previous rain cell that we don’t see in this data and that
was extrapolated to at least the 20 km area around the center of catchment. The second
one is that CALAMAR system overestimates the rainfall forecast intensity leading to an
exceed of the early warning threshold. Both hypotheses are difficult to verify without
having QPF estimation data. But it is clear that the issue for this 8 events is not due
to a wrong setting of the early warning threshold.

Now, Lets analyze the two events for which the early warning was justified if we consid-

ered the whole radar image (32 km radius around the center of the catchment).

e 2012/03/23 event :
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The maximum cumulative 30 min rainfall R,,,; and the

number of pixels N exceeding the threshold (36 mm) :

The whole radar

image (32 km

around the basin)

Within 10 km

around the basin

Within 20 km

around the basin

Time Rmax N Rz N Raz N
00:30 1.625 0 0.066667 0 1 0
00:45 0.85833 0 0 0 0.85833 0
01:00 0.75833 0 0 0 0.75833 0
02:30 2.0083 0 0.066667 0 2.0083 0
02:45 2.4667 0 0.066667 0 2.4667 0
03:00 1.8917 0 0 0 1.55 0
03:15 10.1917 0 0 0 1.125 0
05:15 5.7167 0 0.11667 0 4.175 0
05:30 0.55833 0 0 0 0 0
05:45 1.9917 0 0.15 0 0.55833 0
06:00 3.1167 0 0.50833 0 1.3 0
06:15 19.5833 0 0.59167 0 19.5833 0
06:30 47.2167 2 0.5 0 47.2167 2
06:45 65.3083 3 0.81667 0 65.3083 3
07:00 82.7667 6 1.0417 0 82.7667 5
07:15 50 2 0.5 0 50 2
07:30 1.1083 0 0.19167 0 0.19167 0

Table 1.6: Characteristics of the 17 early warnings triggered the 2012/03/23 between
00:30 and 07:30, the max cumulative rainfall and the number of pixels that exceed the early
warning threshold observed within the whole radar image (64*64 km2 ), within 20 km from

the center of the catchment and within 10 km from the center

For the 2012/03/23 event, 17 early warnings were triggered between 00:30 and

07:30 and the maximum 30 min cumulative rainfall observed in measurements is

82.76 mm, which is a very high 30 min cumulative rainfall and exceeds largely the

early warning threshold. However, still to verify whether or not the early warning

threshold exceeding was observed within the 10 km area around the center of the
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catchment as it was originally set or within the 20 km around the center of the

catchment in the wrong setting of the threshold.

In Table 1.6 are reported the exact time of the early warnings, the max cumulative
rainfall and the number of pixels that excess the early warning threshold observed
within the whole radar image (64*64 km2 ), within 20 km from the center of the

catchment and within 10 km from the center.

Results show that no exceed was observed between 00:30 and 06:15 and that all
pixels identified with an exceed between 06:30 and 07:15 are within the 20 km area
around the catchment, which confirm that there was effectively a wrong setting of
the threshold. However when looking at the given cumulative maps in Figure 1.20
observed at 06:45 and 07:00, we notice that it not even a rainy moment, and that
exceeds of the threshold were observed for pixels corresponding to ground clutter
echoes that were not removed during data processing step. The ground clutter in
the top left is recognized as the one corresponding to the business district of la

Defense known for its high towers.

[ Paris
Val-de-Marne county
Sucy-e-Brie catchment
2012/03/23 06:45 20 km from the center 2012/03/23 07:00
4km from the center
10 km from the basin

<k L

Cumulative rainfall [mm]

N
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0 20 41 62 83

Figure 1.20: 30 min cumulative rainfall maps observed the 2012/03/23 at 06:45 in the left
and at 07:00 in the right

e 2011/06/04 event : For the 2011/06/04 event, 12 early warnings were triggered
between 21:00 and 23:45 and a maximum 30 min cumulative rainfall about 91.7

mm was identified. In Table 1.7 are reported as for the previous event the exact
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time of the early warnings, the max cumulative rainfall and the number of pixels

that exceed the early warning threshold observed within the whole radar image

(64*64 km2 ), within 20 km from the center of the catchment and within 10 km

from the center.

Results show that only three early warnings triggered at 21:45, 22:00 and 22:15

are justified. However all pixels exceeding the early warning threshold are within

the 20 km area around the catchment and not the 10 km confirming thus the

wrong setting of the threshold that was corrected recently (25 pixels that exceed

the threshold are identified at 21:45, 44 at 22:00 and only 4 at 22:15, Figure 1.21).

The maximum cumulative 30 min rainfall R,,,, and the

number of pixels N exceeding the threshold (36 mm) :

The whole radar o o
image (32 km Within 10 km Within 20 km
around the basin) around the basin around the basin
Time Roax N Riax N Riaz N
21:00 61.4333 2 0.24167 0 8.625 0
21:15 42.55 3 3.8417 0 16.8583 0
21:30 41.4417 5 16.6583 0 22.825 0
21:45 58.0167 32 24.975 0 58.0167 25
22:00 91.775 63 28.6917 0 91.775 44
22:15 56.8917 49 14.1583 0 38.2083 4
22:30 41.4667 11 3.375 0 16.4083 0
22:45 32 0 3.4917 0 6.725 0
23:00 15.5667 0 3.2333 0 3.2333 0
23:15 5.375 0 3.1583 0 3.3917 0
23:30 7.9167 0 2.925 0 4.2333 0
23:45 13.0917 0 5.0917 0 5.125 0

Table 1.7: Characteristics of the 12 early warnings triggered the 2011/06/04 between
21:00 and 23:45, the max cumulative rainfall and the number of pixels that exceed the early
warning threshold observed within the whole radar image (64*64 km2 ), within 20 km from

the center of the catchment and within 10 km from the center
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[ Paris
Val-de-Marne county
Sucy-e-Brie catchment
2011/06/04 21:45 20 km from the center 2011/06/04 22:00
4km from the center
10 km from the basin
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Figure 1.21: 30 min cumulative rainfall maps observed the 2011/06/04 at 21:45 in the left
and at 22:00 in the right

As a summary: from the 10 rainfall events selected without setting any criterion except
that they all give place to early warnings. Early warning triggered for 8 events were not
justified using the measurements data we have (no exceed was reported in the 30 min
cumulative rainfall), they may be due to previous rain cells that we don’t see in this data
or may be due to an overestimation of the forecasted rainfall intensity. For one event,
the early warning was triggered due to the bad quality of the rainfall measurement (two
ground clutters were not removed form the radar data) while for the last event, early
warnings were triggered because of the wrong setting of the threshold (20 km radius

around the center of the catchment was found instead of 10 km originally set).

These first level investigation results pushed us to go further on CALAMAR data anal-
ysis, in order to set the quality of the data and consequences of the static treatment
of ground clutters as well as the radar-rain gauge adjustment process performed in real
time. A morphological comparison between CALAMAR and Meteo-France rainfall prod-

ucts will be performed in the next chapter using the Universal Multifractal framework.
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1.5 Intermediate conclusions on Chapter 1

Elements included in this chapter demonstrate some aspects of urban flooding risk in
relation with the challenging context of climate change and the ongoing urbanization
process that increased further more the pressure on urban areas and increased their
vulnerability to flooding. Several engineering solutions were developed over the years
and implemented in urban areas to control the flooding risk and to limit its effects on
the concerned populations and public authorities.

In France, various management techniques were developed and implemented in urban
areas in order to cope with both the increased flooding and pollution risks. They rely
on most cases on the combination of hard engineering structures like retention basins
and the implementation of sustainable techniques to control both the quality and the
quantity of the pluvial water. A retention basin was implemented in Sucy-en-Brie in
the downstream of the catchment, it was designed to achieve two roles, the protection
from flooding by volume storage and the decontamination of pluvial water before its
release into the natural environment. However, using the retention basin to achieve both
purposes is challenging and cannot be reached with the classical management strategies.
The predictive management of Sucy-en-brie retention basin is very ambitious strategy
to handle issues of both flooding risk and water decontamination. The implementation
of such strategy should be increased in the future following the increase of flooding risk
and derived by advances noticed in terms of radar data availability.

However, this kind of strategy is highly demanding on data quality and reliability. Issues
encountered with CALAMAR system especially the high rate of false early warnings
is an example of the complexity of such management. First investigations performed
in the framework of this work show that some of issues encountered are in fact due
to the questionable quality of radar measurements provided by CALAMAR system.
Further analysis will be conducted in the next chapter to analyze the structure and
the morphology of radar data involved in this case and improvements that the new X-
band polarimetric radar can bring in terms of data quality and variability of rainfall

information.






Chapter 2

Rainfall data analysis

This chapter is entirely dedicated to rainfall data analysis. Various analysis were per-
formed in the framework of this thesis and involve several radar products as well as rain
gauges data.

A significant part of this dissertation has been devoted to the development of a new
methodology for more meaningful comparison of radar rainfall field products, includ-
ing with point measurements by rain gauges. Being rooted to the multifractal theory,
the developed methodology allows a comparison of the structure and the morphology
of rainfall fields in both space and time. It has also the advantage of exploring all
data pixels constituting the radar image. This method was initially applied to perform
a comparison between CALAMAR and Meteo-France rainfall products. Finally, first
X-band polarimetric radar data available from the dual polarization Doppler X-band
polarimetric radar were used to confirm some of initial findings of this dissertation, in
particular the spatio-temporal variability of rainfall information and the accuracy of the
X-band polarimetric radar data.

This chapter is organized as follow:

1. The first section addresses precipitation measurements in urban areas, with details
on the several measurement methods and instruments involved, it will be discussed
the accuracy and representativeness of the data obtained in relation with the spa-
tial and temporal variability. Main issues and sources of errors related to rainfall

measurements are discussed as well.

46
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2. The second section is devoted to radar rainfall products available in Paris region:
Meteo France and CALAMAR products are presented with details about the data
processing they involve. The forecasting algorithm used by CALAMAR system is

detailed as well.

3. In the third and the fourth sections, the new developed methodology for radar
products comparison is used to perform a comparison between CALAMAR and
Meteo France rainfall products for five rainfall events. The methodology is fully
based on the Universal Multifractal framework and allow a deep analysis of rainfall
field from various points of view. Indeed, the scaling behavior of radar products
is analyzed in both space and time, the structure and the morphology is analyzed

as well.

4. In the last section, first X-band polarimetric radar data available is analyzed fol-
lowing the new methodology developed in this work. A comparison is performed

in this context between C band and X-band polarimetric radar data.
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2.1 On rainfall measurement

Precipitation is the quantity of the liquid or solid water reaching the ground, it includes
rain, hail and snow. This section focuses on the liquid part of precipitation. Rainfall
measurement can be expressed in terms of the vertical depth of water generally in mm or
in terms of the amount of rainwater collected per unit time interval generally in mm.h".
Point measurements of precipitation and more recently weather radars and satellite are
used for rainfall estimation. National weather networks usually integrate all these three
sources of precipitation data. This part does not discuss neither devices which attempt
to characterize the rain drop size distribution like disdrometers nor satellites because
they’re not commonly used for urban applications. So only rain gauges and weather

radars devices are presented and discussed in this section.

2.1.1 Rain gauges

Rain gauges are the ground-based direct measurement most used devices, they have
been extensively developed and implemented in urban environments because of their
low cost and ease of installation and use compared to the radar technology. Rain gauges
give rainfall measurements at a given point of the catchment, their spatial resolution is
assumed to be very weak, the data is only representative of a limited area that depends
on the local topography and the heterogeneity of the region. Their temporal resolution
is related to the sampling methodology and to the measurement principle used by each

type of rain gauge.

In urban modeling, rain gauge data has served as the primary source of rainfall data,
urban models have been adapted to the use of this point measurements data and many
interpolation methodologies were developed to get a spatial distribution of rain gauges
information at the catchment scale. However, ground measurement of precipitation
is particularly sensitive to the local environment of the gauge, and many sources of
errors like wind, turbulence and evaporation may affect the gauge record and should be

considered when using this data.

Many types of rain gauge are available, such as weighing bucket gauges, capacitance
gauges, optical gauges, and tipping-bucket (TB) gauges. The commonly used one is the

tipping bucket rain gauge which data used in this work coming from.
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2.1.1.1 Tipping bucket rain gauges

Figure 2.1: Tipping bucket Rain gauge. ((CWeatherShack.com and http://idweather.
net/stationhistory.html

Tipping bucket rain gauges have become the standard device for measuring rainfall
intensity in urban hydrology. The measurement principle of a tipping bucket rain gauge
(Figure 2.1) consists on collecting precipitation that falls into the funnel and directs it
to one of the two small compartments below that can collect water in turn thanks to a
pivoting bucket system. When a determined weight of water (typically 0.1 or 0.2 mm)
falls, the tipping bucket changes position, the first lever tips, dumping the collected water
while the second begins to fill. Each switch over is recorded automatically indicating the
measurement of 0.1 or 0.2 mm of rain. The minimum rain rate that can be measured
by this type of rain gauge is indeed determined by the size of the bucket. Due to their
measurement principle, tipping bucket rain gauges give measurement with high time
resolution during high rainfall intensity, but information about the intensity distribution
at low rainfall rates is poor. In addition to that, the exact start and end time of the

rainfall event are uncertain due to the partial filling of the bucket.

2.1.1.2 Rain gauge network design

While radar based techniques are becoming increasingly spread in recent years, the
estimation of the areal precipitation from operational rain gauge sensor network still
widely used in urban hydrology, for modeling needs as well as for radar adjustment, it

is also used as the only source of information in areas with no radar coverage(Messer


WeatherShack.com
http://i4weather.net/stationhistory.html
http://i4weather.net/stationhistory.html
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et al. (2006), Vogl et al. (2012), Price et al. (2014)). However, the ability to infer
spatially distributed data from point measurements is strongly dependent on the number
of gauge stations used, their location and reliability of measurement (Girons Lopez et al.
(2015)). In fact, spatial precipitation estimation from point measurements is subject to
two main sources of uncertainties, the errors with the measurements themselves and
the estimation of the spatial and temporal precipitation variability (McMillan et al.
(2012), Girons Lopez et al. (2015)) using interpolation methodologies (for example,
Kriging method, Thiessen polygons method, Trend surface analysis, see Haberlandt
(2011) for a review). The problem of rain gauge network design has been the subject
of research over the years, many of them were focusing on establishing the effect of
the gauge network density on the accuracy of the obtained areal estimation, and the
possible effect on hydrological models outputs though it is commonly admitted that
the areal precipitation estimation is more accurate with more gauges distributed in the
area (Chen et al. (2010)). Anctil et al. (2006) showed that model performance reduced
rapidly when the mean areal rainfall was computed using a number of precipitation
gauges less than a certain threshold. Wood et al. (2000), Goodrich et al. (1995) show that
precipitation interpolation uncertainties increase with increasing interpolation resolution
due to the higher precipitation variability especially at the smallest scales (McMillan
et al. (2012)). Xu et al. (2013) found for their study that the error range for rain gauge
precipitation estimates when increasing network densities reaches a threshold beyond
which no considerable improvements are seen. According to all studies, it is difficult to
derive a universal method for the design of rain gauge networks. The density of gauges
required in any region depends on the size of the area and the type of precipitation

(convective, stratiform).

2.1.1.3 Point measurements uncertainties

Point measurements rainfall are subject to the effect of several systematic errors due
to their siting and their local environment, errors due to the static calibration, but
also to some random errors that cannot be linked to any particular cause. In cities,
gauges are subjected to complex exposure changes, and can be influenced by wind,
evaporation, and local turbulence or nearest obstacle (Sevruk and Hamon (1984)). This
is why it is important to have the gauge sited and positioned correctly. Following the

World Meteorological Organization (WMO 1965) recommendations, the gauge should be
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installed at 1 m above the ground level and all gauges in a given catchment should be the
same height and in an open area away from obstructions like trees or building. In urban
hydrology, TB rain gauges are less and less considered as “ground truth” they are mostly
affected by some local environment errors including wind, turbulence, tipping bucket
losses especially during high rainfall rates and sampling errors (Habib et al. (2001),
Fankhauser (1998), Ciach (2003a), Emmanuel et al. (2012)). Habib et al. (2001) showed
that the dynamic calibration and wind effects can cause differences in estimating runoff
volumes in the range of 4 to 10% and 6 to 18% respectively. The impact on predicting
runoff peaks was also significant 2 to 12% for dynamic calibration effect, and 2 to 18% for
wind effect. An underestimation of rainfall volumes and intensities have been noticed
as well due to the measurement principle, some rainfall is missed between successive
tips of the bucket. This underestimation increases with the increase of rainfall rates
Niemczynowicz (1999), Humphrey et al. (1997), Luyckx and Berlamont (2001). Legates
and Willmott (1990), Yang et al. (1998) developed an empirical formula to estimate
correction factors as a function of wind speed while Nespor and Sevruk (1999) developed
a formula to estimate wind errors as a function of wind velocity, rainfall intensity, and
raindrop size distribution. In addition to these systematic errors, TB measurements
are also affected by local random errors (Fankhauser (1997), Yu et al. (1997), Nystuen
et al. (1996)). These errors are mainly related to the discrete sampling method of the
TB gauge. Habib et al. (2001), Fankhauser (1998), Ciach (2003a) showed that such
random errors have significant magnitudes, mainly at small rainfall intensities and short
time scales, they are reduced as rainfall records are averaged to coarser resolutions.
Habib et al. (2008) developed a formula to describe the error dependence on the time
resolution of rainfall measurements and on the rain gauge volume and temporal sampling

resolution.

2.1.2 Weather radars

Rain gauges are traditionally used to measure precipitation, because they are cheap and
provide direct and robust rainfall measurements. Their main shortcoming is that they
represent a very limited space (Ciach (2003a)). Thus, even a dense network of rain gauge
gives little information on the fine spatial distribution of precipitation. On the contrary,

weather radars used to characterize the precipitation over a large surface. However,
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unlike rain gauges, the radar does not measure the precipitation directly, but the "re-
flection” by precipitation echoes of the transmitted signal. In radar meteorology, one of
the main objectives is to provide estimates as accurate as possible of the precipitation

rate R known as Quantitative Precipitation Estimation (QPE).

The radar reflectivity Z and the precipitation rate R depends both on raindrops distri-
bution. It has been found that these variables may be linked by empirical relationships
called Z-R relationships (Marshall and Palmer (1948), Uijlenhoet (2001), for example).
But the great variability of rainfall and the complexity of the raindrop size distribution
involve a large number of possible Z-R relationships. The Z-R relationship appears to be
associated with different types of precipitation, different geographic locations or different

seasons (Battan (1973), Fiser (2004)).

Precipitation estimation based on radar measurements are subject to many sources of er-
rors such as calibration of the radar itself, attenuation of the radar signal, contamination
by ground clutters and the anomalous propagation of the radar beam, etc. (Krajewski

et al. (2010b), Porter et al., Chandrasekar (1987), Villarini and Krajewski (2010)).

For many years, the majority of radars used to measure rainfall operate at a wavelength
in such way to limit partially or totally the attenuation of the radar signal by the
atmosphere or the precipitation (S and C band radars). These radars can therefore have
a very large range (about 200 km). Thus, most of the national meteorological services
are equipped networks with such radars to cover all concerned areas. However, these
radars cannot easily be used by small entities and local authorities because of their price

and their size.

But for several years, demand for high-resolution QPE and more localized rainfall de-
scription is growing. The use of such data are more targeted by local authorities and
urban water managers. The X-band radars (lower wavelength) meet these requirements.
However, their main shortcoming is the high attenuation of their signal at this wave-
length (Berne and Uijlenhoet (2006), Chandrasekar and Bringi (1988), Snyder et al.
(2010), Eccles and Mueller (1971), Wanyu Li et al.). That is why they have been little
used in the past, but with recent improvements of radar technology, the X-band radars
are excellent candidates for many applications of rainfall measurements in hydrology

and urban small catchments for modeling needs as well as short term forecasting.
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In order to improve the QPE, radars have known in recent years many innovations and
evolution of both the hardware and the algorithms used. So many radar have now the
ability to measure the velocity of the precipitation targets thanks to their Doppler ca-
pability. The measurement of raindrops velocity provides valuable information on the
dynamic of rainfall structure (Bringi et al. (2003), Marquis et al. (2008), French et al.
(2008)) and it is also used to improve the complex process of ground clutters identifi-
cation and removal as their velocity is zero (Berenguer et al. (2006)). In addition to
that, it was established that raindrops are generally not spherical, the reflected signal
amplitude must be different depending on whether the polarization is horizontal or ver-
tical. Thus, the Dual polarization capability is used to provide information on raindrop
size and allows a more accurate estimation of precipitation (Illingworth and Blackman
(2002)). In practice, various polarimetric parameters such as the differential reflectivity
or the specific differential phase are provided by Dual polarization radars and can be
used to replace the Z-R relationships in order to better take into account the extreme

variability of precipitation (Brandes et al. (2002)).

The term radar is an acronym for RAdio Detection And Ranging and means that this
remote sensing device is designed to detect and locate precipitation targets using radio
waves. Radars were developed in the 1940s for military purposes and used during the
Second World War to detect aircraft. Their use was very disturbed at the time by
precipitation echoes. The attenuation of the signal by raindrops was seen as an obstacle
rather than a scientific discovery. But when war ends up, scientists began to think how
to connect the signal reflected by rain echoes to rainfall intensity. Therefore, David
Atlas and J. Stewart Marshall participated on the development of first meteorological
radars in US and Canada. At the late 20th century, first national radar networks were

built (NEXRAD in US, ARAMIS in France and the Canadian weather radar network).

In the following part, it will be presented in a simplified way the mathematical basis
of rainfall measurement by weather radar. it was elaborated from WMO (2008), Bringi
and Chandrasekar (2001), Sauvageot (1994), Uijlenhoet (2001), Yuter (2003), Wilson
and Brandes (1979), Cyr (2014). Readers should refer to these documents for further
details.
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2.1.2.1 Measurement principle

A radar is composed of three main elements: a transmitter, an antenna and a receiver.
The transmitter generates at regular time intervals, an electromagnetic energy pulses,
with high power and very short duration but with a high frequency. The antenna focuses
the energy in a beam in a specific space direction. The energy is then partially absorbed
and re-emitted by all kinds of targets present in the beam. The energy portion returned
towards the radar is captured by the receiver and is called the radar echo. To scan a
volume of space (Figure 2.2b), the antenna changes direction vertically (to perform an
elevation scan) and horizontally (to perform an azimuth scan), its size is larger as the
wavelength is large in order to be able to locate the radar beam. Over short distances, it
is considered that the electromagnetic waves propagate in a straight line at a constant
speed (the speed of light). Then the orientation of the antenna and the delay between
the transmission of the radar signal and the reception of the returned echo are used
to estimate both the direction and the distance of the target. Moreover, the radial
velocity of the target can be estimated from the difference observed between the phase
of the transmitted signal and the backscattered one. Finally, polarimetric radars provide
information about the shape of the target by emitting the signal in several polarizations.
In case of raindrops, this is used to estimate their size knowing the fact that more their
size increase, they flatten, so their horizontal dimension is large compared to the vertical

one.
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2.1.2.2 The radar equation

The distance r of the target is determined by measuring the time delay ¢ between the

transmission of the signal and the receive of the corresponding energy reflected:
r=— (2.1)

Where c is the speed of light and the factor 2 is used in the formula to take into account
the go and back trip. Furthermore, this relation defines also the radar range 4., which

is determined by the time interval T between two radar pulses:

cT
T'max = 7 (22)

So, targets located beyond the distance 7,4, reflect a negligible signal.

It was established through several considerations that power received back to the radar
P(r) is related to the radar reflectivity n(r) through Equation 2.3, called the radar
equation:

P(r)=

(2.3)

Per)\QHgbh] n(r)

1024721n2 | r2

Where P, is the transmitted power; G is the gain of the antenna; A is the wavelength
of the transmitted signal; 6 is the horizontal beam-width and ¢ the vertical one; r is
the distance of the target from the radar and h is the pulse length in space. The part
between brackets is constant and depends only on the characteristics of the radar in use.
It is called the constant of the radar and the denoted C.

6

The radar reflectivity factor Z[mm5m 3] is the sixth-order moment of the raindrop size

distribution N(D):
+o0
7Z = N(D)D%D. (2.4)
0
A common practice is to express the reflectivity factor in a logarithmic scale or dBZ

units which is numerically defined as:
[dBZ] = 101log(Z[mm5m™3)) (2.5)

Under the Rayleigh approximation (the size of droplets reflecting the radar signal is
assumed to be much more smaller than the radar wavelength (D < 1)), the radar

reflectivity factor Z is simply proportional to the radar reflectivity n(r) through the



Chapter 2. Rainfall data analysis 56

relationship:

7T5 2
n=glKPZ. (2.6)

Where |K|? is the complex index of refraction,it is 0.93 for water and 0.197 for ice.
However, the Rayleigh approximation is no longer valid for the radar using a wavelength
A less than 10 cm or for non-spherical particles. In this case, Equation 2.6 remains valid
on the condition of taking into account the equivalent radar reflectivity factor Z, instead
of the reflectivity factor Z. .

n=lKPZ.. (2.7)

Z. is defined as the reflectivity factor of a population of liquids and spherical particles
satisfying the Rayleigh approximation conditions and producing a signal of the same
power. It is no longer the sixth-order moment of the raindrop size distribution and it is

defined by Equation 2.8:

)\4 +oo

- = kT ), N(D)o(D)dD (2.8)

Z depends now on the wavelength of the radar used. o(D) is the effective section of

backscattering for a spherical drop.

In meteorology, several wavelengths are used, the three most used ones for precipitation

estimation are cited below :

e S band : S-band radars use the greatest wavelength (8 - 15 cm), so lower frequency
(2 - 4 GHz). They need a very impressive antenna (4 to 8 m) to focus the emission
into a convenient beam for rainfall measurement (about 1°). They are therefore
huge and difficult to install in urban environments but practically not affected by

the attenuation and may have a very long range up to 500 km.

e C band : C-band radars are widely used by national meteorological services, they
use a wavelength between 4 and 8 cm, their frequency is between 4 and 8 GHz
and they use a big antenna size. C-band radar are affected by attenuation, their

range is up to 200 km.

e X band : X-band radars use a short wavelength (2.5 to 4 cm) and high frequency
(8 - 12 GHz). The antenna size is generally between 1 and 2 m, so their are easily

transportable and their short pulses allow to obtain a very good radial resolution
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(tens of meters). However, this low wavelength used makes that their signal is

highly attenuated by raindrops and they have therefore a short range.

Other (Table 2.1) high frequency ranges (K-band and W-band) are used as well in

meteorology especially for the characterization of clouds.

frequency wavelength
Designation applications
band range
S-band 2 -4 GHz 8-15cm  Precipitation
C-band 4 - 8 GHz 4-8cm Precipitation
X-band 8 - 12 GHz 2.5-4cm  Precipitation
K-band 18-27GHz 1.2-1.7cm Clouds
75 - 110 0.27-04
W-band Clouds
GHz cm

Table 2.1: Radar frequency used in meteorology and the corresponding wavelength range
used.

The Equation 2.8 shows that the equivalent radar reflectivity factor Z. depends on the

wavelength used. Indeed, it is clear that the radar technology used and its applications

are very different depending on the frequency at which the radar operates and the

wavelength used. The choice of the wavelength influences mainly on three parameters:

e On the size of the radar antenna :

The opening angle # of an antenna of

diameter d is § = 70\/d. We can therefore acknowledge the existing dependence

between the antenna diameter d and the wavelength \. In fact, if we want to keep

the opening angle small as it is required for precipitation estimation (between

0.5°and 1°) we should increase the antenna size d as the wavelength X\ increases.

This is why S band and C band radars have huge radar antenna while X-band

ones rely often on small antenna.

e On the reflectivity factor Z : Under the Rayleigh approximation the Equa-

tion 2.6 shows that for the same rainfall intensity (same radar reflectivity factor

Z), the radar reflectivity 7 strongly depends on the wavelength A. Thus, more the

wavelength is greater, the radar reflectivity will be low. In an other way, shorter
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wavelengths are more sensitive to low radar reflectivity factors Z and makes it

possible to detect non-precipitating clouds ( K and W bands).

e On the attenuation intensity : The attenuation of the radar signal is a big
issue for radar meteorology, and still a challenging problem for radar specialists to
overcome. The choice of the radar technology and the wavelength used are crucial
and usually made in order to limit the effects of attenuation. In fact, the attenu-
ation intensity is highly dependent on the wavelength A and the diameter of the
raindrops D. The attenuation is weak and can be neglected for a radar operating
with a 10 cm wavelength, while it is important in case of a radar operating with a

small wavelength A < 5em.

2.1.2.3 Uncertainties of radar measurements and sources of errors

Radar-based rainfall measurements are subject of several sources of errors that were
widely reported in the literature (AghaKouchak et al. (2010), Krajewski et al. (2010a),
Villarini et al. (2008), Ciach and Krajewski (1999), Wilson and Brandes (1979)). Ac-
cording to Wilson and Brandes (1979), the numerous sources of uncertainties associated
with radar-based rainfall estimates can be classified on three categories; 1) uncertainties
on measuring the radar reflectivity factor, 2) uncertainties related to variability in Z— R
relationship and 3) uncertainties related to the sampling differences between radar and

rain gauge.

Uncertainties on estimating the radar reflectivity factor include calibration of the radar
itself, attenuation of the radar signal especially at lower wavelength (Lahaie and Lecours,
Otto and Russchenberg (2010), Berne (2005), Hamilton (1960)), bright band, anomalous
propagation, beam blockage by obstacles near the radar site (Zhang et al. (2011), Lang
et al. (2009), Bech et al. (2003)), and ground clutter (Sanchez-Diezma et al. (2001),
Hubbert et al. (2009)).

Several studies investigated the variability of raindrop size distribution (DSD) and it
influence on the Z — R relationship (Cyr (2014), Puhakka (1974), Mapiam and Sri-
wongsitanon (2008)).Wilson and Brandes (1979) listed some physical processes that can
affect the drop size distribution while Fiser (2004) investigated the use of different Z — R

formulas. Some weather radar services may use double Z-R relationship, for example
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Z = 200R% for stratiform rain and Z = 486 R'37 for convective rain (Badoche Jacquet
et al. (1994)). Other works try to derive the Z — R relationship using disdrometers and
gauges (Cyr (2014)).

In spite all progress for radar data correction, some of these uncertainties remain and of-
ten propagate to hydrological models outputs and radar-based forecast and can have sig-
nificant consequences in the context of hydrological applications Stransky et al. (2007a),

Wu et al. (2014)).

However, recent advances noticed in the radar technology and the understanding of
physical basis of rainfall processes enhances the capability of weather radars to provide
quantitative estimates of precipitation. There is a huge work in quantifying errors in
radar rainfall estimates. In the mean time, the correction often relies on the radar-
rain gauge adjustment using different techniques. However, rain gauge network are also
subject to different sources of errors that should be taken into account, in addition to
that, the quality of points measurements areal estimation as reported in (Section 2.1,
Section 2.1.1) decreases with increasing area size, increasing time period, increasing

gauge density, and increasing rainfall amount.

2.2 Radar rainfall products available in Paris region

2.2.1 The French National weather radar network

The French National weather radar network ARAMIS (Application Radar a la Météorologie
Infra Synoptique) has known huge transformations in the past few years. The network
is in continuous growth and development both on the number and the technology of
radars deployed, but also on the algorithm chain used for the data processing. In 1991
the French network consists of 8 C band radars and 3 S band ones and it was so far from
covering the whole French territory. In 2012 (Figure 2.3) the network was significantly
improved with more new radars installed (24 C band and S-band radars and 4 X-band
radars), the network contains several dual polarization radars (13 of the 24 radars are
polarimetric). The projected configuration of the network at 2017 shows a dense net-
work with 24 C-band and S-band radars, most of them (19 radars from 24) are dual

polarization and 8 X-band radars.



Chapter 2. Rainfall data analysis 60

The algorithm chain used by Meteo France services for radar processing has been im-
proved as well in the aim of integrating new radar processing techniques and the en-
hancements offered by new radar capabilities like the Dual polarization and Doppler.
Improvements are widely described in scientific papers (Delrieu et al. (2000), Tabary
et al. (2007), Tabary (2007), Tabary et al. (2011), Figueras i Ventura and Tabary (2013),
Emmanuel et al. (2012), Figueras i Ventura et al. (2012)).
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Figure 2.3: The French National Weather network ARAMIS in 2012

Some of the radar data used in this work are derived from the French National Network
(ARAMIS) and was therefore processed using Meteo France chain algorithm. This is
why we found it important to present in the following points the major processing steps
used to correct, convert and adjust the raw radar data to obtain the final radar rainfall

product.

The French network combines polarimetric and non-polarimetric radars. Indeed, the
operational radar rainfall product is used to process both data, it includes two chains:
one for the single polarization radars and the other one for polarimetric radars. The
processing chain of the conventional single polarization radar was described in detail in
(Tabary (2007), Tabary et al. (2007)). The first version (Figure 2.4) of the polarimetric

chain operational since late 2011 is described in Figueras i Ventura et al. (2012) and
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uses polarimetry only to correct attenuation and filter out clear-air echoes. The second
version (Figure 2.5) of the polarimetric chain that will be operational in 2017 extends
the use of polarimetry, in particular for the reflectivity to rain rate conversion (Figueras i
Ventura and Tabary (2013)). Below some important steps of the processing chain will
be summarized below. Readers should refer to Tabary (2007), Tabary et al. (2007),
Figueras i Ventura et al. (2012), Figueras i Ventura and Tabary (2013) for further details.
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Figure 2.4: The first version of the polarimetric processing operated since 2011(Figueras i
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Figure 2.5: The new version of the polarimetric processing that will be operational in 2017
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The new Meteo France processing chain uses polarimetric radar outputs, mainly; the
horizontal reflectivity factor Z, the differential reflectivity Zpg, the differential phase
¢ap, the correlation coefficient pp,, and the pulse-to-pulse fluctuation of the radar reflec-

tivity o, in the correction of the data.
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e Ground clutter correction : In the single polarization chain (Tabary (2007),
Tabary et al. (2007)) ground clutter (GC) identification is performed using the
pulse-to-pulse fluctuation of the radar reflectivity o, (Sugier et al. (2002)). The
threshold level o, is set to be around 1 dB in ground-clutter areas, 5 dB in rain,
and 3 dB in snow. So the distinction between all forms of echoes is done quite

satisfactory (Tabary (2007)).

In the first version of the polarimetric chain (Figueras i Ventura et al. (2012),
Figure 2.4), a new condition has been added based on the Doppler velocity of the
targets, in case of a low velocity the echo is considered to be a ground clutter
one. Moreover the pixels adjacent to a pixel identified as ground clutters are
further analyzed. If no pixel adjacent to those pixels is valid they are classified
as well as ground clutters. Otherwise their reflectivity value is substituted by
the average reflectivity of the surrounding valid pixels. In the new polarimetric
chain (Figueras i Ventura and Tabary (2013), Figure 2.5), a static ground clutters
map is used as well, and a threshold (15 dB signal-to-noise ratio) was set up for
the use of polarimetry. In fact, Meteo France assumes that below this threshold,
polarimetric variables are not usable because of hardware or data transmission

problems or because the signal-to-noise ratio (SNR) is too low.

e Attenuation correction : The attenuation correction is not performed in the
single polarimetric chain.
In the first version of the polarimetric chain, attenuation by rain is corrected using
the differential phase ¢g,. In fact, the attenuation by rain is assumed to be linearly
proportional to ¢4,. The coefficient of proportionality is set to be 0.08 dB for C
band radars, 0.04 dB for S-band radars and 0.28 dB for X band radars.

¢ Radar raingauge adjustment : The processing chain used for the single polar-
ization radars does not perform any real time radar rain gauge adjustment. This
adjustment was introduced in the polarimetric chain. Rain gauge data are then
used to correct the whole 5-min rainfall accumulation image. Indeed, one single-
bias adjustment factor (Cr) is computed using data of the preceding hours, this
factor is applied to the 12 next 5min radar images and updated at the end of the
current hour. The Cr factor is calculated from ratios between rain gauges and the

corresponding radar pixels using the formula given in (Tabary et al. (2011)).



Chapter 2. Rainfall data analysis 63

e Reflectivity Z to rain rate R conversion : In the single polarization radars,
the Z-R relationship used to convert radar reflectivity Z(mm®.m=3) to rain rate

R(mm.h™1) is the Marshall-Palmer relationship (Marshall and Palmer (1948)):

Z =aR® (2.9)

where a=200 and b=1.6. No distinction between stratiform and convective storm

is used in this step.

In the new polarimetric chain, the rainfall rate is estimated differently according
to the echo type. Solid precipitation (snow, ice, etc.) is estimated using a Z —
R relationship where Z; has been attenuation corrected. The quantification of
rain depends on a Ky, threshold. If Ky, is above a certain threshold, then the
K4, — R relationship (Equation 2.10) is used otherwise the Z — R Marshal-Palmer
relationship is used. For S and C-bands radars, the K, threshold is set to 1°km~"
(30mmh~1), in this case m = 129 and n = 0.85, while for X-band radars, the
threshold is set to 0.5°%km~! with m = 132.44 and n = 0.791 Tabary (2007),
Tabary et al. (2007), Figueras i Ventura et al. (2012), Figueras i Ventura and
Tabary (2013).

Kap
f

where Ky, is the specific differential phase and f is the central frequency in giga-

R =m(=2)" (2.10)

hertz.

2.2.2 CALAMAR forecasting system

CALAMAR is a forecasting system developed by a private company RHEA in 1992 fol-
lowing works of Neumann (1991) and Einfalt et al. (1990), Einfalt (1988) and protected
by three patent documents Raay and Thevenet Leprevost Amelie (2008), Badoche Jacquet
and Blanchet (1994), Badoche Jacquet et al. (1994). CALAMAR is widely used in France
to manage urban pluvial water sewer networks. It is based on the use of radar/rain gauge
data in real time and can be combined with a warning system for flooding mitigation
applications. Therefore, the product is targeted towards the anti- flood services, urban

water managers and especially local authorities. In Paris area, it is used by the County
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Council of Val-de-Marne for the predictive management of the Sucy-en-Brie retention
basin, it is also used by the General Council of Seine-Saint-Denis county (CG93) and
by SIAVB (Syndicat Intercommunal d’Assainissement de la Vallee de la Bievre) for real

time flow management of the BIEVRE catchment.

Several investigations were conducted in the framework of this thesis to understand
issues encountered with CALAMAR system and possible improvements that can be
proposed in order to enhance the reliability of the system and to re set up the predictive

management strategy of the Sucy-en-Brie retention basin.

Of course understanding a private and well-protected system was not an easy task. In
fact, no technical or scientific papers describing in details the functioning of the system
exists despite two thesis published in 1991 and 1988 and some patents documents that
have been protected for a long time before becoming public recently (no longer protected
by the patent, so can be consulted by the public). However, information included in
such documents are not as detailed as it is the case of scientific papers and we do not
have any details about improvements or modifications done since the publication of
these documents. So all information given in this thesis about algorithms and methods
used by CALAMAR system were elaborated from the documents we hold and a lot of
investigations were performed on CALAMAR data to understand further more and also

confirm algorithms used by the system.

2.2.2.1 CALAMAR data processing

CALAMAR system uses the same raw data coming from the C-band Dual polarization
and Doppler radar of Trappes (37 km West from the case study), managed by Meteo-
France. However CALAMAR has no access to dual polarization and Doppler outputs
(like Kgp, ¢ap, the velocity maps,...), so it relies on a single polarization algorithm scheme

for data processing.

No explication is available about the reason behind this choice and whether it is moti-
vated by economic reason (Dual polarization data should clearly be more expensive than

the single one), or if it is the consequence of the competition in this field. In fact, the
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demand for the use of this kind of forecasting system is growing in France and Meteo-
France started recently (in 2011) commercializing it own forecasting system developed

specifically for urban applications.

The processing chain used by CALAMAR is based on three important steps; (1) re-
flectivity correction, (2) reflectivity to rain rate conversion and (3) radar-rain gauge

adjustment.

1. Reflectivity correction :
As discussed in the state of the Art (chapter 0, section 1), radar reflectivity is
subject to several sources of errors and should be carefully corrected. In fact the
returned signal can be derived from a precipitation echoes as it can be from a non
precipitated echoes like ground clutter echoes (building,...) or air-echoes (targets

that ).

For the treatment of ground clutters, CALAMAR uses the static method for the
identification and the removal of ground clutter echoes, this method is applied in
real time for every single radar image according to either or not it corresponds to
a rainy time. If the image is representative for a dry weather time, then all pixels
with high reflectivity are assumed to be ground clutter echoes, and therefore they
are identified and marked in a specific clutter echoes map. If on the contrary the
image corresponds to a rainy weather then all pixels previously identified on the
clutter echoes map will be removed from the current radar image and replaced by
extrapolation of rain cells or by zeros. RHEA confirms that no interpolation with
adjacent pixels is done at this stage to replace the removed ground clutter echoes

pixels.

The distinction between dry and rainy weather is based mainly on the ratio of
pixels detected with significant reflectivity. Indeed, if this ratio is below a certain
threshold (3% for example) then the image will be considered as representing a
dry weather, otherwise it will be considered as representing a rainy weather. The
extrapolation of rain cells that serves to replace ground clutter echoes pixels is

represented in section 2.

2. Reflectivity to rain rate conversion :

CALAMAR system uses Marshall-Palmer relationship for the reflectivity Z(mmSm=3)
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to rain rate R(mmh 1) conversion (Equation 2.9) with a =200 and b =1.6 for strat-
iform rain and a=486 and b=1.37 for convective rain. The switching from one to

the other can be made during the same rainfall event.

3. Radar-rain gauge adjustment :
CALAMAR system has access in real time to point measurements coming from
the 30 rain gauges available within the Val-de-Marne network (Figure 1.10). This
data is used to perform a rigorous real time adjustment for the radar product.
The adjustment is used to correct the radar calibration issues and to overcomes
estimation errors of the Z-R relationship parameters. RHEA evokes the necessity
to have a sub rain gauge network with a minimum gauge distance between 2 and
4km, this has the ability to catch all significant rain cells for which the size is 4

km by 4 km, the velocity is around 40 km/h and a 20 min lifetime.

The adjustment is performed in real time using a single calibration factor CF to
adjust the entire 5 min radar image, the CF is computed as the ratio between
rain gauges and the corresponding radar pixels. CALAMAR forecasting system
(Badoche Jacquet et al. (1994)) computes the adjustment factor every 15 min and

it is used to adjust the next 3 radar images.

2.2.2.2 CALAMAR forecasting algorithm

To meet the increased urban flooding risk, sewer networks have been largely evolved
in the past few years. They are certainly more complex now, but they incorporate
considerable technical capabilities that allow an optimal management of urban flooding
and real time decision-making. In fact, even automated management systems have been
set up and are able to simulate and propose management scenarios based on continuous

monitoring of the sewer network state.

In addition to that, resilience strategies were developed and designed to protect impor-
tant infrastructure from flooding in order to ensure a safe return to the normal state of
the catchment as quickly as possible. However, small urban catchment of a few km?2,
characterized by a short response time [10 min - 30 min] are much more challenging
because all these strategies cannot be applied without information about the rainfall

forecast. Indeed, radar based forecast constitutes a valuable input information in near
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real time and provides emergency management authorities sufficient time to respond to

the warning and take adequate decisions to avoid flooding.

Many radar-based forecasting methods were developed over the years (Kyznarova and
Novak (2009), Rosenfeld (1987), Germann and Zawadzki (2002), Mecklenburg et al.
(2000), Berenguer et al. (2005), Bellon et al. (2010), Novék et al. (2009), Brémaud
and Pointin (1993)) and used for urban hydrology applications (Einfalt et al. (1990),
Berenguer et al. (2005), Burlando et al. (1996), Pessoa et al. (1993), Bell and Moore
(1998), Einfalt et al. (2004), Lowe et al. (2014), Schellart et al. (2009), Einfalt et al.
(1990)). The basic idea for a radar-based forecast is the spatial extrapolation of the
precipitating echoes. This extrapolation can be performed in two manners that are
extensively described in the literature: area tracking methods (Figure 2.6a,Mecklenburg
et al. (2000), Reyniers (2008)) and cell or centroid tracking methods (Figure 2.6b, Einfalt

et al. (1990)) as it can be performed using a global approach.

RADAR SCAN TIME 1 RADAR SCAN TIME 2 (= TIME 1 + at)

SPATIAL RESOLUTIONVOF  SeaRCHING AREA | DISPLACEMENT BEST FIT
DISPLACEMENT VECTORS VECTOR TIME 2
(GRID SIZE)

INITIAL TRACKING AREA

(BOX SIZE) TIME 1

(a) Area tracking forecasting method (Mecklen- (b) Cell tracking forecasting method (Einfalt
burg et al. (2000), Reyniers (2008)) et al. (1990))

Figure 2.6: Area tracking and Cell tracking forecasting method

The global approach of QPF is based on the extrapolation of the entire radar image
using a mean velocity vector computed based on the successive radar images comparison.
This basic approach made an assumption about the displacement of rain cells inside the
radar image, which are not taken into account. The area tracking method (Mecklenburg
et al. (2000), Reyniers (2008)) divides the radar image on several blocks and each block
is then extrapolated using the global approach. A new-sophisticated method exists
(Einfalt et al. (1990)) and it is based on individual cell tracking or centroid tracking.
This structural method relies often on four steps: 1) identification of rain cells in the

current radar image, 2) matching step to identify identical cells on consecutive images by
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performing a cross-correlation of two successive radar images, 3) characterization of rain
cells by computing typically their centroid coordinates, the area, their velocity vector and
4) the extrapolation of rain cells movements. Technical details of the tracking algorithms,
and the skill of the corresponding forecasts, have been reported in the literature for a
single-radar domain to continental scale (Rosenfeld (1987), Reyniers (2008), Mandapaka
et al. (2012), Novak et al. (2009)).

Extrapolation of current weather
-
/’ wsing satallite & radar obsarvations

g

Maesoscale NWP model

Synoptic- scale NWP
model with
| Model Quiput Statistics

quality of forecast

L 1 1 | L
6 12 18 24 3o 36

load time of forecast/h

Figure 2.7: Quality comparison of three QPF methods as function of the forecast lead
time (Browning (1980), Reyniers (2008))

The extrapolation-based forecasts were shown to have good skill up to lead times of 1-2
h (Figure 2.7). However, their skill decreases rapidly with lead-time because they do not
account for the initiation, growth, and dissipation of precipitation patterns (Bellon and
Austin (1984), Mandapaka et al. (2012)). To improve the accuracy of QPF for larger
lead time, various studies (Burlando et al. (1996), He et al. (2013), Sokol (2006)) have
focused on the combination of both extrapolated radar-based techniques and Numerical
Weather Prediction models (NWP) which are assumed to give better accuracy for larger

lead time since they integrate information about physical and meteorological processes.

A new methodology developed by Seed (2003) has emerged in recent years , it is based on
the decomposition of the radar reflectivity field into a cascade of structures of different
scales, each cascade is predicted separately taking into account an estimation of its life
time. Macor et al. (2007b) worked on a Multifractal method applied to rain forecast

using radar data.

The forecasting algorithm used by CALAMAR is based on the structural extrapolation

of rain cells. It is performed for every single radar image and allow to get QPF estimation
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for short lead lime up to 2h used for the warning system verification. The algorithm is

based on four important steps:

1. Identification of rain cells :
The basic step of CALAMAR forecasting system is the identification of rain cells
observed in the current radar image. This identification has been set up by Einfalt
et al. (1990), Einfalt (1988) and consists on grouping radar pixels to form entities
called rain echoes or rain cells. This identification is based on two thresholds, one
for the radar reflectivity threshold r,,;, set up in order to limit the number of rain
cells and the second one is the maximum distance d,,q; that defines whether or

not a single pixel can be considered as a part of the nearest rain cell.
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Figure 2.8: Rain cells identification when considering : a); rpmin = 1 and dpe. = 1 and b)
Tmin = 2 and dpmqz = 1.5 (Neumann (1991))

Neumann (1991)) proposes ryin, =25 dBZ and d;pq, = 1.5 in its work. Furthermore,
two other parameters (one for the size of the rain cell and the other one for its
mass) were used to limit even more small rain cells with no flooding risk. It is
important to note that we don’t have information about exact values of these

threshold used in the actual version of CALAMAR system.
Figure 2.8 obtained from Neumann (1991) shows rain cells identification when

considering : a); Tmin = 1 and dpee = 1 and b) 7 = 2 and dipee = 1.5.

2. The matching step :

The aim of the matching step is to identify selected rain cells in previous radar
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images in order to characterize their movements. So previous radar scans are

selected to obtain potential matching cells.

Neumann (1991) developed an automatic method based on the artificial intelligence
concept to determine the matching cells based primary on their characteristics
comparison and modifications observed on previous radar images. This method

relies also on the type of the rainfall event and the radar image characteristics.

Several extrapolation based techniques perform the matching step using a cross
correlation between successive radar images. Indeed, the current radar image is
compared with several displaced realizations of the previous radar image. The
most correlated realization defines the most probable matching. However, this

method shows some limits during specific weather conditions.

3. Characterization of rain cells :
According to Badoche Jacquet et al. (1994), various characteristics are retrieved
for selected rain cells. Mainly, their size (km?), their mass defined as the product of
their size and their mean intensity (m?/h), their mean and max intensity (mm/h),
the variance observed in their intensity, their center coordinates and the most
important is the velocity and direction of their movements. In addition to these
characteristics the mean vector velocity is computed as well and will be applied for
the extrapolation of rain cells for which no individual velocity vector was retrieved

for some reasons among them the matching step failure.

4. Extrapolation of rain cells movements : The extrapolation step performed by
CALAMAR consists on the simple extrapolation of rain cells movements following
their vector velocity retrieved in the previous step and without performing any
change in their characteristics (form, intensity,...). Each selected rain cell will
be displaced individually which offer better representation of these movements

heterogeneity comparing to the global extrapolation approach.

2.3 Multifractal theory

The comparison methodology of this thesis has been developed in the framework of
multifractals. This is not surprising because precipitation has been very inspiring for the

development of multifractals. It was indeed argued (Schertzer and Lovejoy (1987a)) that
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the complex structure of rainfall and clouds presumably result from coupled cascades of
turbulent wind and water content and mutlifractals are the generic output of cascade
processes. Furthermore the basic phenomenology of multifractal fields does correspond
to that of precipitation: higher and higher activity of these fields is concentrated on
smaller and smaller fractions of the embedding space. But with multifractals, this
behavior can be quantified: “smaller” that means “smaller fractal dimension”. This
manner of quantifying intermittency, a basic feature of precipitation that has remained
illusive for quite a while, already explains the mushrooming interest in multifractals (see
Lovejoy and Schertzer (1992) for an early review) on various aspects of precipitations,
for instance : extremes Hubert et al. (1993), Schertzer et al. (2006), Bernardara et al.
(2007), Schertzer et al. (2010) , climate Royer et al. (2008a), Lovejoy and Schertzer
(2013), prediction Marsan et al. (1996), Schertzer and Lovejoy (2004), Macor et al.
(2007b), data interpolation and merging Salvadori et al. (2001), data quality Hoang
et al. (2012), radar data Tessier et al. (1993), Lovejoy et al. (1996), Lilley et al. (2006),
satellite data Pflug et al. (1992), Pecknold et al. (1996), Lovejoy et al. (2008), discharge
data Pandey et al. (1998), Labat et al. (2013), Tchiguirinskaia et al. (2014), topography
data Lavallée et al. (1993), urban hydrology Gires et al. (2012a, 2015). However, the
interest of multifractals, in particular for urban hydrology, is more general because
multifractals have placed precipitation in a theoretical framework where many questions
can be now formalized as problems of statistical physics instead of being only analyzed
with the help of a few case studies. For instance, the question of extremes can be
related to multifractal phase transitions Schertzer and Lovejoy (1992), the number of
relevant parameters to stochastic universality Schertzer and Lovejoy (1987a, 1997), the
forecast limitations to intrinsic predictability limits Schertzer and Lovejoy (2004) and
the type of involved chaos Schertzer et al. (2002b). Readers interested in the most
recent developments of multifractal formalism are referred to Schertzer and Lovejoy
(2011), Schertzer and Tchiguirinskaia (2015). The general idea of the method, that
we develop and present in detail in Section 2.4 corresponds to the comparison of two
multifractal fields, i.e. those corresponding to the precipitation field estimated by two
different sensors and/or two different retrieval algorithms. This is more easily achieved
in a parametric approach,, i.e. by comparing the relevant parameters of these fields. It is
therefore important to consider of universal multifractals Schertzer and Lovejoy (1987a,
1997) that broadly generalise the central limit theorem to multiplicative processes and

have only a few relevant parameters that are furthermore physically meaningful (see



Chapter 2. Rainfall data analysis 72

Section 2.4 for discussion). Readers familiar with multifractals can skip Section 2.3
that gives an overview of the concepts of fractals and multifractals that are used in our

methodology.

2.3.1 Fractal Geometry

Fractal geometry has been introduced by Mandelbrot (1983) and used to describe geo-
metrical sets that represent a given level of complexity, i.e. they are too irregular to be
easily described with the help of basic Euclidean concepts (e.g. a river is not a straight
line), but can be described with the help of simple and repetitive processes. Fractal
geometry exhibits scale invariance, which means that similar structure will be observed
at any scale. In practice, the number of pixels Ny g4 needed to cover the set (A) at
a given resolution A, which is defined as the ratio between the outer scale lp and the

observation scale [ (A = ZTO), follows a power-law:
N4~ AP (2.11)

where the exponent Dy is the fractal dimension and is the asymptotic slope of Ny 4 vs.
A in in log-log plot. The fractal dimension can be therefore defined as follows:
In(Nx )

D; = lim 28224 2.12
I =80 ) (2.12)

2.3.2 Codimension concept

To address the fractal behavior of random sets the codimension concept is useful (Feder
(1988), Barnsley and Hurd (1989), Mandelbrot (1977, 1967)). The definition of the codi-
mension c of a fractal set of dimension Dy is based on the same equality as for classical
vector sub-spaces: ¢ = D — Dy, where D is the dimension of the embedding space, e.g.
the Euclidean space RP. In fact, as discussed below, the codimension is more useful for
random multifractal fields than the dimension. A first hint is that it corresponds to the
scaling exponent of the probability that a given pixel will cover/intersect the fractal set

A Schertzer et al. (2002a):

N
Nya~APr Ny = AP = NLAA ~ APID =\ (2.13)
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2.3.3 Codimension function ¢(v) and the scaling moment function K (q)

There had been long debate about the potential and limitations of fractal geometry to
grasp the heterogeneity of fields that cannot be reduced to geometrical sets, i.e. to be
binary valued function like the set indicator function. It turned out that instead of
considering a unique fractal set, one has to consider an infinite hierarchy of embedded
fractal sets Schertzer and Lovejoy (1983), Hentschel and Procaccia (1984), Benzi et al.
(1984), Halsey et al. (1986), Mandelbrot (1989), each of them corresponding to a given
level of activity, hence the term ’'multifractal’ coined by Parisi and Frisch (1985). This
is the common fundamental feature of various multifractal formalisms. As argued by
Schertzer and Lovejoy (2011), the most general one is a stochastic multifractal formalism
where the level sets of activity Sy at resolution A of a field Py are defined by a scaling
threshold A7, where  takes arbitrary values: Sy = {P\ > A7P;}. ~ is called ‘singularity’
because when positive, it measures the algebraic rate of divergence of Py for higher and

higher resolution A. Due to Equation 2.13, it is expected that:
Pr(S)\) = Pr(Py > \"P) ~ \~¢0) (2.14)

where ¢(7) is a codimension that depends on the given singularity v and is therefore
called the codimension function of the field Py. It is worthwhile to note that whereas this
codimension function is scale invariant, this is not the case of the probability itself. It
can be also demonstrated with the help of the Mellin transform Schertzer et al. (2002a)
that the scaling of the probability (Equation 2.14) is equivalent to that of the statistical
moments:

(P) = NE@ (2.15)

where ¢ is the moment order and K (q) is the scaling moment function. Furthermore,
it can be shown that the Mellin transform boils down to a Legendre transform for the

exponents K(q) and c(7):

K(q) = m3><(q-’y — (7)) = q.vg — c(7q) (2.16)

& c(y) = mgX(q-v - K(q)) = ¢y-v — K(gy) (2.17)

where v, is defined by ¢ (v4) = ¢ and ¢, by K'(qy) = 7.
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The symmetry of these relations, first obtained in the restrictive case of deterministic
multifractals Parisi and Frisch (1985), is due to the fact that the Legendre transform is
involutive and more precisely that one curve is the envelope of the tangents of the other
one. It ensures the duality/equivalence of the characterization of multifractals either
with the help of codimension function/probability or the scaling function/statistical
moments. A product of this duality is that both ¢(y) and K (q) are convex: this is fairly
easy to demonstrate for K (gq) and this property is then transferred to ¢(y) with the help

of the Legendre transform.

2.3.4 Universal multifractals

The aforementioned property that ¢(vy) and K (g) are both convex is the main constraint
on these statistical functions. This means that they both depend in a general manner
on an infinite number of parameters. However, Schertzer and Lovejoy (1987b, 1997)
demonstrated that there is a broad generalisation of the central limit theorem to multi-
plicative processes instead of the classical additive case. Loosely speaking, the universal
multifractals correspond to a generalisation of the classical Gaussian variables that are
fully characterised by their two first statistical moments, e.g. mean and variance. This
results from the fact that Gaussian variables are attractive and stable for renormalised
sums of independently identically distributed ( i.i.d.) variables having a finite variance.
Although universal multifractals are strongly non Gaussian, they possess similar prop-
erties for renormalised products of i.i.d. fields. They are also characterized by only two

parameters, but they are directly related to intermittency:

e (' characterises the mean intermittency, i.e. the intermittency of the mean field.
It is both the singularity of the mean field and its codimension (C; = ¢(C})) for
a conservative field (< Py, >=< P; >). (1 = 0 corresponds to an homogeneous

field.

e « is the multifractality index (0 < a < 2). It measures how fast the intermittency
evolves when considering singularities slightly different from the average field sin-
gularity. o = 0 corresponds to a uni-/mono- fractal field, i.e. a field characterized

by a unique fractal dimension.
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Both parameters are defined for any multifractal field and characterize it locally, i.e.
around the mean field (¢ = 1 or v = C1). But in the case of universal multifractals this
characterization becomes global, i.e. for any ¢ or any . « and C] are thus often called
Universal Multifractal parameters and the corresponding parametric approach Universal
Multifractal analysis , in short UM parameters and UM analysis, respectively. Precisely,
the scaling function K(g) and codimension function ¢(v) of universal multifractals have
the following analytical expressions (up to a critical order ¢p or corresponding critical

singularity yp) :

(aC_’11) (qa - Q) a#1

K(g) = (2.18)

Ciqlng a=1

Ci(gis + 1) a#1
ey =4 (2.19)
Crexp(gr —1) a=1

1 1 _
Where?—ka—l.

2.3.5 Universal Multifractal data analysis techniques

The aim of the Universal Multifractal analysis is to estimate the two UM parameters
« and Cq. There are two methods widely used for such an analysis, the trace moment

analysis (TM) and the double trace moment analysis (DTM).

2.3.5.1 Trace moment analysis:

The trace moment analysis (TM Schertzer and Lovejoy (1987a)) yields estimates of
K(q) first and then of o and Cj based on Equation 2.15 and successive upscaling of
the observed field; i.e degrading its resolution A . Indeed, for any ¢ > 0 four steps are

performed :

e For each resolution A, the moment of order ¢ is evaluated by summing the values
of P{ over all the pixels (of resolution \):
XK

(Pl) = S5 (2.20)
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The P, field is obtained by upscaling (averaging) the original data to the resolution

A

e The logarithm of (PY) is plotted versus the logarithm of A (Figure 2.9a).

e A linear regression is performed and the slope K(q) is retrieved (Figure 2.9b).

Trace Moment analysis
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Figure 2.9: Trace moment analysis: In a) the logarithm of (Py) is plotted versus the
logarithm of A (Equation 2.15). In b) K(q) is plotted as function of ¢ in a log-log plot and
the UM parameters a and C estimated.

UM parameters can be then estimated by different techniques, e.g. obtaining nonlinear

fitting of the estimated K (q) with the help of its analytical expression (Equation 2.18)

or in a simple manner with the help of the estimates of the first two derivatives of K (q)

that should satisfy: K'(1) = Cy and K"(1) = a.Cy

2.3.5.2 Double Trace moment analysis:

The Double Trace moment analysis analysis (DTM, Lavallée et al. (1992)) yields a

somewhat more direct estimation of the UM parameters a and C for a conservative

and multifractal field P. Loosely speaking it corresponds to perform a TM analysis on

various powers 7 of the field, hence its name. It is convenient to first introduce the

normalized n*"-power of a multifractal field P:

P{" = P /(P (2.2

)
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which is also multifractal:
(P{1) ~ MK K (q,m) = K (n.q) — gK (1) (2:22)
it is straightforward to check that for universal multifractals:

K(g,n) =n"K(q) (2.23)

It can be then shown that the normalized n-power of the field P;\n) merely corresponds to
the upscaling to the resolution A of the 1! power of the field P] observed at its highest

resolution A. Consequently, the DTM analysis is performed following two steps:

e For each selected 7 values, proceed to the TM analysis of P that yields an estimate

of K(q,n) (Figure 2.10a).

e For given ¢ value(s), K(q,n) is plotted versus 7 in a log-log plot. « is the slope a of
the linear portion of the graph and C is related to the intercept b (Figure 2.10b).
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Figure 2.10: Double Trace moment analysis: In a) the logarithm of <P§n)q> is plotted

versus the logarithm of A for different values of n (Equation 2.22). In b) K (g, n) is plotted

as function of 7 in a log-log plot for different values of d and the UM parameters o and C
estimated.
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2.4 Multifractal comparison of two operational radar prod-

ucts

Various operational radar products are available over the Paris area. This part sug-
gests a comparison between two operational products provided by Meteo-France and
RHEA. Meteo-France is the French meteorological office that operates and maintains a
network of 24 radars (18 C band, 6 S band) distributed over the French territory (see
Section 2.2.1). CALAMAR is the forecasting system developed by a private company
RHEA and used by the County Council of Val-de-Marne for the predictive management

of Sucy-en-Brie retention basin (see Section 2.2.2).

The aim of this section is to perform an innovative morphological comparison between
the two radar products using the Universal Multifractal framework. This comparison
will help to characterize differences between the algorithms employed by each product,
especially regarding the treatment of ground clutters and the adjustment phase. The
multifractal analysis of radar data (spectra analysis, trace moment and double trace
moment analysis) has been extensively implemented in previous studies for various pur-
poses such as characterizing rainfall spatio-temporal variability, comparing radar data
and rainfall output of numerical weather predictions (Macor (2007), Gires et al. (2011b),
Dimitriadis and Koutsoyiannis (2015)). The innovative aspect of this work is that the
Multifractal framework is used here to compare and validate two radar products, that
use the same raw radar data but process it with the help of different Quantitative Pre-
cipitation Estimates (QPE) algorithms. Such comparison still relies in most cases on
standard scores comparison with raingauges (Figueras i Ventura and Tabary (2013),
Tabary et al. (2011), Figueras i Ventura et al. (2012), Gires et al. (2014b), Sebastianelli
et al. (2010)). It is important to note that preliminary results of such comparison
demonstrated that the real time calibration between CALAMAR and rain gauges was
not performed correctly (some raingauges were not available for real time calibration
due to synchronization issues during severe storms). The CALAMAR provider also
discovered a wrong setting of the system, e.g., a 20 km radius around the basin for
triggering an early warning was noticed, instead of a 10 km one, and rainfall thresholds
were differing from those initially planed. Hence, we decide to “replay” the adjustment
process using the rain gauge data provided by the CD94. All the actually available rain

gauge data was imported into the system, and the calibration process has been replayed



Chapter 2. Rainfall data analysis 79

using CALAMAR system in a delayed mode). The purpose behind replaying this ad-
justment process is also that we want to analyze differences between adjusted and not
adjusted CALAMAR radar data in order to describe the effect of radar calibration on

the morphology of the final radar product.

C band radar
°

e 30 Tipping bucket rain gauges
| | 6464 radar image (1km2, 5min)

Figure 2.11: The C band radar sites, the whole radar image (64*64) and raingauge network
(30) used in this study

Figure 2.11 displays the location of the 30 rain gauges available over the Val-de-Marne
County and the 64*64 km? radar image used in this study (pixel sizes are 1km?). As a
consequence three radar products will be compared in this study: Meteo-France data,
non-adjusted (not adj.) CALAMAR and adjusted (adj.) CALAMAR data. It is impor-
tant to note that in this study, neither the radar data nor rain gauge data are considered
to be “ground truth”, each of these devices are affected by different sources of errors;
radar errors include attenuation, contamination by soil echoes, the anomalous propa-
gation, beam blockage and radar range effects (Gebremichael et al. (2006), Vignal and
Krajewski (2001), Seo et al. (2000), Sebastianelli et al. (2010), Krajewski et al. (2011)),

while rain gauges are mostly affected by some local environment errors including wind,
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turbulence, tipping bucket losses especially during high rainfall rates and sampling er-
rors (Habib et al. (2001), Fankhauser (1998), Ciach (2003b), Emmanuel et al. (2012)).
The two radar products and their corresponding QPE algorithms were presented in the
previous section. The Multifractal theory as well as the five rainfall events selected for

this comparison, and the methodology will be presented in the following subsections.

2.4.1 Material and methods

2.4.1.1 Selected rainfall events

Five rainfall events that occurred on 14th July 2010, 15th August 2010, 15th December
2011, 19th June 2013 and 16th October 2013, have been selected to perform the com-
parison. 30 tipping bucket rain gauges with a 0.2 mm resolution are deployed rather
homogeneously over the Val-de-Marne County (245 km?) and operated by the CD94.
Most of them provide measurements in real time with 5 min time step, however only
27 raingauges were available for the events studied here. Indeed, Three of the 30 rain-
gauges experiences some technical issues and were not validated by the CD94 for these
five events. This data is available for the five events, as well as the three types of radar
product ( Meteo-France, CALAMAR adj. and CALAMAR not adj.) in a Cartesian
64x64 km? field format with a resolution of 1 km in space and 5 min in time. Table 2.2
summarizes the main characteristics of rainfall data calculated using the rain gauge net-
work and the whole radar image, it clearly shows that maximal rain intensity observed
in CALAMAR adj. field is almost twice greater than the one found in the other fields.
Furthermore, the comparison of the two CALAMAR field characteristics shows that the

calibration process yields overestimated rainfall rates.
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15 15 De- 16
14 July 19 June
August cember October
2010 2013
2010 2011 2013
7h 6h 8h
Duration 27h 12h
50min 05min 05min
Meteo-
44.3 63.8 35.4 34.7 7.21
France
P™*(mm) CALAMAR
80.2 63.8 38.8 116.9 9.95
adj.
CALAMAR
55.5 65.8 35.6 48.8 6.8
non-adj.
Rain gauge 50.2 53 28.8 40.6 7.4
Meteo-
119.2 45.5 78.4 207.7 9.7
France
I"m**(mm/h) CALAMAR
248.9 79.3 110 464.9 17.6
adj.
CALAMAR
136 47.4 98.1 153.4 11.9
non-adj.
Rain gauge 132 43.2 81.6 151.2 9.6

Table 2.2: Main characteristics of rainfall data used in this study. P™ and I™%" are
respectively the maximum 5 min rainfall depth and the maximum rainfall intensity computed

2.4.1.2 Methodology

over the whole area.

The purpose of this section is to quantitatively compare radar and rain gauges data (27

rain gauges were available) at various time scales. It consists in statistical comparison of

each rain gauge’s time series with the corresponding radar pixel by calculating at different

time scales (5min, 15min, 30min and l1hour) some standard scores such as Nash-Sutcliffe

coefficient (Nash) (Equation 2.24), Correlation (Equation 2.25) and Root-Mean-Square

Error (RMSE) (Equation 2.26), which are widely used when it comes to compare time

series.
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T
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Correlation = = = = = (2.25)
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where PEG and Plt% are the cumulative rainfall observed respectively in rain gauge

adar

data and the corresponding radar pixel, T' is the number of time steps.

Nash criterion (Nash and Sutcliffe (1970)) is commonly used in urban hydrology to
evaluate the quality of a prediction with respect to the observed value (Merz and Bloschl
(2004)). A value of 0.7 may be taken as an indicator of a good fit (Mc Cuen et al. (2006)).
It is used here to assess the quality of radar estimations with respect to rain gauge
measurements. The correlation is used in general to show whether two variables follow
the same trend or not, it ranges from -1 to 1, a value of 1 indicates a perfect correlation
between the two variables (linear relation). The Root-Mean-Square Error quantifies
differences between predicted and observed values; a value close to zero indicates a good

match between the two variables.

This statistical comparison has been used in many other studies for different purposes,
in (Figueras i Ventura and Tabary (2013), Tabary et al. (2011), Figueras i Ventura
et al. (2012), Gires et al. (2014b)). More specifically, it has been used to assess the
performance of different QPE algorithms used by Meteo-France by comparing the hourly
rainfall accumulation obtained by the QPE algorithms against hourly rain-gauges; it has
also been used to perform a comparison between radar and rain gauge data at different
time scales (10 , 15, 30 and 60 min) and at different distances from the radar location

(Sebastianelli et al. (2013)).

Then both, spatial and temporal, multifractal analyses are performed. In the spatial
case, the sample is a radar image (64 x 64 pixels) at a single time step; then the number
of samples is the number of time steps. In the temporal case, the sample is a time series
corresponding to a single radar pixel, meaning that there are 4096 (= 64 x 64) samples

(see Figure 2.13). This technique introduced in Macor et al. (2007a) has been used in
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Gires et al. (2011b) to perform a multifractal comparison between Meteo-France radar

data and numerical simulations obtained with the help of the Meso-NH model.

The first step in a multifractal analysis consists in a spectral analysis to check of the
scaling behavior of the data. A scaling field exhibits a power law relation between
the power spectra and the wave number (in spatial analysis) or frequency (in temporal
analysis):

B(f) = f~ (2.27)

Power spectra : 16/09/2015 Event
18 T T

e :f3=2.2291/R2=0.99762

0 0.5 1 15 2 25 3 35
In(f)

Figure 2.12: Spectral analysis (Equation 2.27). The scaling bhavior is confirmed over the
whole range of scale available.

When plotted in a log-log scale, Equation 2.27 yields a straight line, as shown in the
example from Figure 2.12. The spectrum exhibits a linear behavior, with a spectral
slope —(. The spectral exponent [ is linked to the degree of non-conservation H of the

field (H = 0 for a conservative field) by the following relationship (Tessier et al. (1993)):
B=1+2H— K(2) (2.28)
where K (2) is the second moment scaling function of the conservative part of the field

(see definition below).

For a conservative field, the estimate of § is lower than the dimension D of embedding
space (D = 2 for spatial analysis and D = 1 for temporal analysis). If 8 > D, then the

field must be differentiated before implementing the multifractal analysis that assumes
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a conservative field (Nykanen (2008)). A common approximation of this differentiation
consists in analyzing the absolute value of the fluctuations of the field at the maximum
resolution; the resulting rainfall fluctuations field is denoted AR — 2D in spatial analysis

and AR — 1D in temporal analysis (Lavallée et al. (1993)).

The two UM parameters a and C; were estimated using UM analysis techniques pre-

sented in Section 2.3.5.

In addition to the two multifractal parameters, the fractal dimension Dg and the max-
imum singularity s are also computed. -y is the maximum singularity that one can
expect to observe in a field with a finite number of samples (Hubert et al. (1993)), it
quantifies the extremes of a field. s is estimated based on « and Cj values following

Equation 2.29 :
«Q ]_ a—1

) ()= -

) (2.29)

1
«

Vs = Cl(

a—1
The fractal dimension D (Section 2.3.1) characterizes the rainfall support in a scale
independent way, it is related to the space needed to represent the data at a given

resolution A (Equation 2.11).

Figure 2.13 illustrates how the multifractal analysis is performed on the radar data, the
scaling behavior is checked first with the help of spectral analysis and then confirmed
by both TM and DTM analysis; the scaling regimes are also defined at this step. The
two multifractal parameters o and Cp are calculated for each sample using the DTM
analysis; in the spatial analysis a couple of («a, C7) is calculated for each single radar
image and the temporal evolution of these parameters is analyzed with the help of other
parameters such as the rate of zero values, the fractal dimension Dr and the maximum
singularity 7s. In the temporal analysis a couple of (a, C}) is calculated for the time
series of each radar pixel and maps describing the spatial variability of these parameters
will be analyzed. For each type of analysis, ensemble estimates using all the samples at
once (each sample is up-scaled independently and the average is taken in Equation 2.15

and Equation 2.23) are also computed.

Multifractal temporal analysis is performed also for the 27 raingauges data available.
Similarly,the time series of each raingauge are first analyzed with the help of spectra,
TM and DTM to check the scaling behavior, and then the UM parameters o and C are

computed and compared to the corresponding radar pixel parameters.
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Figure 2.13: Implementation of the multifractal analysis. In spatial analysis, a point in the
temporal evolution corresponds to a parameter calculated for a single radar image (the map
of a time step). In the temporal analysis, a point in the map corresponds to a parameter

calculated for the time series of a single radar pixel.

2.4.2 Results and discussion

2.4.2.1 Comparison with standard scores

Figure 2.14 summarizes results obtained when using the three types of radar data. It

shows that for the first event, cumulative rainfall calculated using radar data are slightly

lower than those calculated using data from rain gauges, we also noticed a clear over-

estimation of the cumulative rainfall observed on CALAMAR adjusted data. Scores

at 5 min scale confirm this remark, with a value of Nash and Correlation below 0.5

while RM SFE error values are around 1.25. The comparison shows a correct agreement

between radar and rain gauges data for the second and third events. Indeed, scores

indicate that at 5 min time scale Meteo-France data is better correlated to rain gauges

than both CALAMAR products while the three radar products show similar agreement

with rain gauges data at 1h scale. The fourth event, exhibits the greatest disparities
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in terms of cumulative depth, it was identified as an extreme event due to the high
rain rates recorded (up to 200 mm/h) for some rain gauges and flooding observed in
some areas. Rain rates recorded by rain gauges are much greater than those obtained
by radar, especially for Meteo-France and CALAMAR not adj. The adjustment pro-
cess used by CALAMAR improves radar estimations but parameters obtained show a
clear disagreement between radar and rain gauges data even at 60 min scale. Nash
and Correlation coefficients remain negative and the RMSE error greater than 0.5
for all time scales. Scores obtained for Meteo-France are better than those calculated
on CALAMAR product even if Meteo-France depth are much worse than CALAMAR
ones. Results for the last event indicate that at 5 min scale, Meteo-France and CALA-
MAR non-adjusted radar data exhibit similar scores and are not well correlated to rain
gauges; Nash coefficients remain under 0.6, Correlation coefficients are under 0.8 and
the RMSFE errors are about 0.1. The adjustment process improves the correlation of

CALAMAR data.
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Figure 2.14: Standard scores obtained using 27 raingauges for the three types of radar
data and the five rainfall events at different time scales (5, 15, 30 and 60 min), the black
line represents the bisector

The comparison analysis between radar data and rain gauges given in Figure 2.14 sug-

gests that at the original time scale Meteo-France data is better correlated in general

(except for the last event) with rain gauges than both CALAMAR products. The quan-

titative evolution of the scores with time scale indicates a tendency to improve with

greater time steps but not systematically and not in the same magnitude for each event.
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A significant improvement of scores is observed (except for the last event) when increas-
ing the time scale from 5 min to 15 min and then less significant when increasing from
15 min to 1 h. Disparities among points tend to decrease with greater time steps (except
for correlation for second and the fourth events). This high scale dependency may be
related to the presence of singularities. In fact the calibration process used by CALA-
MAR product is performed at each time step by calculating the average rate observed
between radar and rain gauges without taking into account singularities and potential
strong variability, which may explain the regular shift noted between the two CALA-
MAR products. Therefore, this calibration process seems to be adapted well when rain
gauge measurements are close together (Events 3 and 5 as examples) and not so well

when they are scattered (Events 4, 1 and 2 as examples).

The validation analysis presented here is widely used when it comes to validate radar
data. It allows us to highlight the dependence on time scale and also the calibration
issues encountered with CALAMAR product. It was helpful to judge the quality of radar
adjustment, but it does not allow concluding on differences between the three types of
radar data because of the very small number of pixels involved in this study (only 27
among 4096=64*64) and their position in the center of the radar image as shown in
Figure 2.11. It is also important to note that rain gauge measurements are subjects to
uncertainties as discussed in Ciach (2003b), Emmanuel et al. (2012), and that intrinsic
small scale (sub-radar pixel size) rainfall variability also introduces a bias ( Zhang et al.

(2007), Emmanuel et al. (2012), Gires et al. (2014b)).

2.4.2.2 Rainfall analysis across scales

e Power spectra analysis : Figure 2.15 displays Equation 2.27 in log-log plot
for the three fields in both spatial and temporal analysis. In spatial analysis
(Figure 2.15, first column) straight lines are obtained. A break is noticed for
the 2011 event at wave number k£ ~ 7 which corresponds to 9 km. The spectral
exponent [ estimates for small scales range from 2 to 2.8 with greater values
for Méteo-France fields suggesting shorter correlation ranges. We find 3 greater
than the dimension of the field (2 here) meaning that it is non-conservative. The
AR — 2D new fields still exhibit a scaling behavior with lower values of 8 in most

of the cases ( Figure 2.15, second column), a break is noticed for the last three
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events around the wave number k = 12 which corresponds to approximately 6
km. g remains greater than 2 for the last three events except for CALAMAR adj.
data. In the temporal analysis ( Figure 2.15, third column), a scaling behavior
is retrieved for the 15 August 2010, 19 June 2013 and 16 October 2013; and less
clearly for the other events. Two distinct ranges of scales separated by a break
at 18 min are visible for the 2011 event. For 14 July 2010 event it seems that we
obtain three ranges (with two slope breaks) instead of the two usually observed
(the second break is observed at f ~ 13 which corresponds to 36 min). However the
short duration of the event limits samples length, and hence reduces the reliability
of the analysis. In fact, spectral analysis, being a statistical property requires large
amount of data to be properly observed. The spectral analysis is more sensitive
to this issue than the TM and DTM (whose results are discussed in the following
parts). Nevertheless the absence of a clear spectral slope highlights a lower quality
of scaling for these events. In fact, it appears that the scaling behavior is better
for the 15 August 2010 event for which we have 324 time step and worse for the
other events that are shorter (only 94 time steps for the 14th of July 2010, 144 for
the 2011 event, 73 for the 19th of June 2013 and 97 for the last event). Same as in
the spatial analysis the spectral slope values are between 1 and 1.5 and therefore
greater than the embedding dimension (1 in temporal analysis). The spectra of
the rainfall fluctuations AR—1D ( Figure 2.15, last column) exhibits a sign change
of the non-conservativeness parameter H, visible on the five events and the three
fields (a clear break is observed between f =~ 23 for the first event, f =~ 70 for
the August 2010 event and between f ~ 26 and f ~ 33 for the next three events,
which corresponds to a time break between 18 min and 23 min). It would mean
that over this range of scales fluctuations tend to flatten when averaging which is
not the case for positive values of H. This makes the separation between small
(up to 23 min) and large time scales of the rainfall event more evident confirming

the existence of two distinct scaling regimes.
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Figure 2.15: Power spectra in both spatial and temporal analysis with the spectral slope
B obtained for small scales, the range of scale in which the power spectrum is considered
linear is highlighted in black line

e Trace moment analysis : Figure 2.16 displays the Trace Moment (TM) analysis;

l.e.

(Equation 2.15) in a log-log plot for the rainfall fluctuations for ¢ = 1.5 in

both spatial and temporal analysis. In spatial analysis, the scaling behavior is very
good with a break observed at roughly 8 km for all events (R? coefficient ranges
between 0.98 and 0.99). In temporal analysis, the scaling behavior is good for all
events with a break at 40 min for the first four events and 80 min for the last event

(R? coefficient ranges between 0.96 and 0.99). These results are rather consistent
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with the observations on the power spectra in time but not in space (unlike the
power spectra analysis, the TM analysis shows clearly a break at 8 km in space).
The coefficient of determination R? of the straight line whose slope gives K(q) is
greater than 0.98 for small scales. K(q) estimated over the small-scale range in
space([1 km — 8 km]) and time ([5 min — 40 min] for the four first events and [5 min
— 80 min] for the last event) are displayed Figure 2.16. The curvature of the scaling
moment function K (q) reflects the multifractal nature of the studied field. In the
spatial analysis, it appears that K(q) for the CALAMAR fields is almost linear
(especially visible for the August 2010 and 2011 events), meaning the algorithms
used to obtain them tend to reduce the actual field fluctuations to a fractal process.
From Figure 2.16 it can be seen that Meteo-France fields yield greater values of
« and smaller values of C; than CALAMAR fields suggesting greater variability.
If we focus on the two CALAMAR fields we observe that the adjustment process
changes slightly in most cases o and ' parameters, inducing a change on both
variability and heterogeneity of the field. The Trace moment analysis used here to
estimate a and ('} parameters is sensitive to the sample length and can be biased
in case of a high percentage of zero values in the field. Indeed the introduction of
numerous artificial zeros results in a multifractal phase transition that biases K(q)
for small ¢ <1 (Gires et al. (2012b)). This is visible in Figure 2.16 with the linear
portion for small g whose influence extends to ¢ > 1 for some CALAMAR events.
This strongly affects the estimates made of UM parameters by computing the first
and second derivatives of K(q) around g = 1. It means that the reliability of the
estimates is low (especially for the CALAMAR data) and the conclusions made on
the basis of these results should be confirmed in the following part by the DTM

analysis which is less affected by this bias.



Chapter 2. Rainfall data analysis

92

Trace moments in spatial analysis
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Figure 2.16: TM analysis (Equation 2.15 in log-log plot) for ¢ = 1.5 and scaling moment
function K(q) for AR — 2D in spatial analysis and AR — 1D in temporal analysis. R?
coefficients are indicated for small scales.

The event-based comparison of the parameters estimates over small scales in space

and time demonstrates the profound difference between the Meteo-France and

CALAMAR data. Indeed, the multifractality in space and time remains the same

for Meteo-France data except for the last event (see Figure 2.16), which is expected
in space-time framework (Macor et al. (2007b), Gires et al. (2011b)) a = 1.11
for the event of 14 July 2010, o = 1.56 for the event of 14 August 2010, o =
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1.90 for the event of 15 December 2011 and « = 1.03 for the 19 June event but
a = 0.11 for the last event. Being much more sensitive to the sample size, the
second parameter C7 still remains in good agreement between space and time
estimates. This agreement improves with the length of the rainfall episode, e.g.,
for the event of 14 August 2010. These results suggest that the parameters of an
underlying conservative multifractal space-time flux have been identified for the
first four Meteo-France rainfall events. It means that the prediction of the rainfall
process could be significantly improved within the multifractal framework (Macor
et al. (2007b), Schertzer and Lovejoy (1987b, 1997)). On the contrary, the rainfall
fluctuations of CALAMAR fields expose mostly the fractal behavior (a ~ 0) in
space, while it remains multifractal in time with the « estimates of the same order
as for the Meteo-France data. It could be that the CALAMAR procedure remains
more sensitive to weak rainfall intensities, and, in particular to zeros of the rainfall

fields.

e Double trace moment analysis : Figure 2.17 and Figure 2.18 show results of
the double trace moment analysis performed in both spatial and temporal analysis.
In spatial one, the scaling behavior is good for the first four events with a break
at 8 km, confirming the trace moment analysis results and the need to take into
account two scaling regimes (small scales [1 km, 8 km] and large scales [8 km, 64
km]). Estimates for Meteo-France are in range 1.3-1.7 for a and 0.1-0.15 for C
which is consistent with those found for rainfall fields in similar studies. Values of
«a and C] retrieved for CALAMAR data are respectively smaller and greater than
for Meteo-France. The differences are less pronounced than with the TM analysis,
but remain significant confirming the previously discussed interpretation. The

adjustment process used by RHEA does not significantly affect the UM parameters.
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Double Trace Moment in Spatial Analysis
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Figure 2.17: DTM analysis in spatial analysis for the three radar data and K (g, n) function
obtained in small scales

For the last event, the scaling behavior is confirmed and no break is noticed, hence

a unique scaling regime [1km, 64km] will be considered. Values of « obtained are
1.50, 1.55 and 1.99, while those obtained for C; are 0.09, 0.08 and 0.07 respectively
for Meteo-France data, CALAMAR adj. and CALAMAR non-adj data. There is

no clear explanation why « is greater for CALAMAR non-adj than for the two

other products for this event.
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Figure 2.18 displays DTM analysis performed in temporal analysis. It shows a
clear scaling behavior with no break for all events and for the three types of radar
data, o values range from 0.7 to 2 while C values range from 0.17 to 0.4. The 15
August 2010 and 15 December 2011 events yield the greatest values of o and Cy
reflecting events with extreme variability. Interestingly the discrepancies between
the estimates for the three products are almost removed with regards to the spatial
analysis, suggesting that this analysis is less sensitive to the bias associated with

the numerous artificial zeros introduced in the CALAMAR product.
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Double Trace Moment in Temporal Analysis
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Figure 2.18: DTM analysis in temporal analysis for the three radar data and K(q,7)
function obtained in small scales

The contradiction noted in this study between the trace moment and the double
trace moment analysis results confirms the remark already made on the possible
stronger bias of a and C7 estimations obtained with the TM analysis than with
the DTM one due to a greater the sensitivity of this method to the numerous zero

values observed on the data. More precisely, in the case of TM analysis a and
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C parameters are computed around g = 1, where K (q) can still be influenced by
zeros values whereas in the case of DTM analysis, the a and C parameters are
computed in the linear part of K(q,n) which is far from the region affected by

Zeros.

e Spatial analysis time step by time step : Figure 2.19 displays the temporal
evolution of fractal and multifractal parameters; «, C7, the fractal dimension Dp
and s as well as the rain rate of all radar pixels, the average rain rate and the
percentage of zero values. One can notice the higher rate of zero values observed in
CALAMAR products compared to what is observed in Meteo-France except for the
June 2013 event. The high rate of zero values observed for the first and the two last
events is related to the fact that these events are very limited in space except for
a short period (hence the higher percentage of zeros values -up to 90%- observed).
The lower fractal dimension observed on the CALAMAR fields confirms the high
rate of zeros values compared to Meteo-France data. These differences between the
two products can be explained by the fact that CALAMAR uses a static method
for the treatment of ground clutters, which involves the removal of these pixels
and their replacement with extrapolation or zero value while Meteo-France replace
ground clutter pixels with the average of the surrounding valid pixels (Figueras i
Ventura and Tabary (2013)). It should also be noted that the difference observed
in the mean rain intensity between CALAMAR adj. and CALAMAR not adj.
data confirms the remark already mentioned that the adjustment process used by

CALAMAR overestimate rainfall rate especially during the peak rainfall.
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Figure 2.19: Temporal evolution of rain intensity, mean of rain intensity, the percentage
of zero values, fractal dimension and universal multifractal parameters «, C7 and -y, for all
events and for the three types of radar data.

Figure 2.19 shows clearly that the two products do not yield the same parameters
in terms of temporal evolution; Meteo-France data exhibits the greatest values
of o and the smaller values of C7. No significant differences are found between
the two CALAMAR products. This was expected since the adjustment process
used by CALAMAR is based on a single calibration factor used for the entire
5 min radar image. It appears that the differences between the three fields are
lower during the period with the heaviest rainfall (14h00-15h40 for the July 2010
event, 15h20-17h20 and 03h50-10h00 for the August 2010 event, 06h20-08h30 for

2011 event). This confirms what was mentioned in the event based analysis that
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the CALAMAR process of zeros strongly affects the morphological features of the

computed fields. Differences observed between the two products in terms of «

and ('} parameters are partially compensated in s for which the three products

exhibit similar values.

Table 2.3 represents the mean of o and C7 parameters obtained in spatial analysis

for small scales. As expected, values are consistence with those given by the

ensemble DTM analysis in Figure 2.17.

a Ch

Meteo- CAL CAL Meteo- CAL CAL

France adj. non-adj. France adj. non-adj.
14/07/10 1.19 1.11 1.11 0.19 0.19 0.19
15/08/10 1.49 1.10 1.11 0.09 0.15 0.15
15/12/11 1.59 0.96 0.96 0.09 0.18 0.18
19/06/13 1.16 1.15 1.16 0.19 0.24 0.24
16/10/13 1.10 0.99 0.98 0.17 0.21 0.21

Table 2.3: Mean of a and C; parameters obtained in small scales for all events and the
three types of radar data in spatial analysis

Table 2.3 shows a clear Difference between Meteo-France and RHEA products on

term of variability with greatest values of o and smaller values of C obtained for

Meteo-France product.

e Temporal analysis pixel by pixel :

a &

Meteo- CAL CAL Meteo- CAL CAL

France adj. non-adj.  France adj. non-adj.
14/07/10 0.74 0.72 0.69 0.27 0.33 0.29
15/08/10 1.8 1.73 1.63 0.11 0.12 0.12
15/12/11 1.8 1.69 1.72 0.23 0.20 0.20
19/06/13 1.16 1.19 1.14 0.26 0.28 0.23
16/10/13 0.96 0.78 0.75 0.17 0.21 0.20

Table 2.4: Mean of a and C; parameters obtained in small scales for all events and the
three types of radar data in temporal analysis
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In temporal analysis, Figure 2.20 shows maps describing the spatial variability of
both o and C; parameters calculated using the DTM analysis, red color indicates
a higher value while the blue one indicates a smaller value. This figure highlights
the morphology of each field and describes the structure of the rainfall field as well
as the movement of the storm cells. As an illustration, stripes obtained for the 15
December 2011 event reflect the movement of the storm cells. The succession of
strips of strong intensity with those of lower intensity suggests that the revisit time

radar is too large with regards to the rain cell movement, meaning the passage of

the storm cell above some pixels is not recorded by the radar. The stripes pattern

results from the complex interaction between the space-time variable field and the

sampling strategy of the measuring device.

14/07/2010 Event 15/08/2010 Event 15/12/2011 Event 19/06/2013 Event 16/10/2013 Event
” - i - - - 1 | N -~ B

Figure 2.20: Maps of universal multifractal parameters a and Cp, for the three radar
products and for all events. It shows clearly that the morphology of all fields is very

comparable

Figure 2.20 indicates that Meteo-France and CALAMAR products exhibit the

same parameters (with a slight difference observed for the 19 June event, for which
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the structure of rainfall cells is different) which can be explained by the lower rates
of zeros values observed in temporal analysis (less than 30%). A good match in
the morphology is found between Meteo-France and CALAMAR non-adj. data.
The adjustment process used by CALAMAR modifies slightly the structure of the

rainfall product, and this issue will be studied more in depth with Figure 2.21.

Table 2.4 gives mean values of o and '} parameters obtained in temporal anal-
ysis; it highlights the slight difference noticed between Méteo-France and RHEA

products, this difference is less significant than that found in the spatial analysis.

(a) «:15/12/2011 Event (b) C1:15/12/2011 Event
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Figure 2.21: temporal UM parameters computed in both CALAMAR products, CALA-

MAR adj. product in the y-axis and CALAMAR not adj. product in the x-axis; (a) and

(b) a and C; for the 2011 event and (c) and (d) « and C; for last event. The black line
represents the bisector

Figure 2.21 compares the temporal UM parameters computed in both CALAMAR
products for two rainfall events. For the 16 October 2013 event, the adjustment
process furthermore tends to reduce values of « and to increase values of C7. This
effect is more pronounced for the fifth (16 October 2013) event which is not the

heaviest one. The effect of the adjustment process on the multifractal behavior of
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CALAMAR fields was not

observed on the spatial analysis (Figure 2.19) because

the correction factor is applied uniformly in space at a given time step. Since it

changes in time, we observe a modification of the temporal variability (Figure 2.21).

e Temporal analysis of r

analysis is performed for

ain gauges data In this part, Multifractal temporal

the 27 rain gauges available, the scaling behavior is

checked first with the power spectra analysis, 8 ranges from 0.53 to 2.4, with

values above 1 for the first

and the two last events. As noticed in the power spec-

tra analysis of radar data, the analysis is very sensitive to the event length. Hence,

the scaling behavior is clearer for the second event than for the other events.
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Figure 2.22: TM and DTM temporal analysis performed for all raingauges; (a) and (c)
for the 19th of June 2013 and (b) and (d) for the 15 August 2010, results show clearly the

two scaling regimes.

The TM analysis performed for rain gauges shows a break in the scaling behavior,

indicating the need to considerer two scaling regimes. The break is found around

40 min for the 14th of July 2010 and the 19th of June 2013 events, and at 80

min for the other three events. An example of TM analysis performed for rain

gauges is presented in Figure 2.22. The DTM analysis confirms the scaling break
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(2)

noticed in the trace moment analysis. As a consequence, two scaling regimes will

be considered when computing the UM parameters for rain gauges instead of one

unique scaling observed in radar data. This difference between rain gauges and

radar can be explained by the fact that these two devices are not affected by the

same sources of errors, (raingauges are known of being more sensitive to their local

environment perturbations especially during severe events (wind, losses...), and

furthermore discretize data due to the the recording of the buckets’ tips), or do

not sample the same area / volume.
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Figure 2.23: Radar-rain gauge comparison; the 4096 (64*64) UM parameters computed
on CALAMAR adj. radar data are plotted (black point) as well as those computed in rain
gauges at small scales (red circle) and at large scales (blue circle) as function of Meteo-
France UM parameters, the corresponding CALAMAR adj. pixels are highlighted. The
black line represents the bisector

Results of this rain gauges-radar comparison show two different behaviors pre-

sented in Figure 2.23. The 4096 (64*64) UM parameters computed on each CALA-

MAR adj. radar pixel are plotted (black point) as well as those computed for rain

gauges at small scales (red circle) and at large scales (blue circle) as a function
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of Meteo-France UM parameters, the corresponding CALAMAR adj. pixels are
highlighted with green square.

The first three events exhibit the same behavior (first row), indicating that rain
gauges at small scales exhibit similar temporal variability as radar data, but not
at large scales (at small scales, raingauges are within the scatter plot, but not at
large scales) for both UM parameters «, C;. The two last events exhibit the second
behavior (second row), raingauges at both small and large scales do not yield the
same parameters as radar data (o and C7 computed for raingauges are lower than
what is obtained for radar data), this is more pronounced for the last event which is
a not heavy rainfall (max rain intensity about 10 mm/h). A potential explanation
could be that rain gauges are struggling to represent temporal variability due to
intrinsic errors for some events. Indeed the 4** event is an extreme event (several
years return period over 30 min) meaning that the rain gauges are likely to be
affected by uncounted water, and the last event was the more common one meaning
that the discretisation associated with the tipping of the bucket might introduce
a bias. The radar-rain gauges comparison result, confirms also conclusions of
standard scores comparison (Subsubsection 2.4.2.1)in particularly the fact that
the correlation between radar and raingauges is worse for the last two events, and

it is not improved when changing the time resolution.

In this section, a new innovative comparison method of rainfall radar products has
been developed. This new method relies on the Universal Multifractal framework and
enables the comparison of products’ structures by comparing their scaling behavior and
the distribution in both space and time of their Universal Multifractal parameters o and

Ch.

The two products are Meteo-France radar data and RHEA product in both adjusted
with rain gauges and not adjusted radar data types. Both products use raw data from
the same C-band radar but do not rely on the same QPE algorithms (one uses dual
polarization capacities whereas the other not) and do not use the same rain gauge
network in the adjustment phase. The comparison has been performed using five rainfall
events that occurred in 2010, 2011 and 2013. Multifractal comparison method reveals
significant differences between the two products parameters a and C' in term of temporal

evolution and less significant in spatial distribution, results have been discussed with the
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help of some field characteristics especially the rainfall rate and the percentage of zeros

values. Principal results are summarized bellow:

In space, the power spectra analysis shows that the two products exhibit a good scal-
ing behavior with a slope break at 8 km for the 2011 event. The scaling behavior was
confirmed in the Trace Moment analysis with a break observed at 8 km for all events
and all fields. Meteo-France field yield the greatest spectral slope 5 suggesting a shorter
correlation range for this field in space. The scaling moment function K (q) for small
scales ([1 km-8 km]) comes out with a huge difference between the two products’ mul-
tifractality. Meteo-France field exhibits a multifractal behavior with « ranging between
(1.11 and 1.9) while both CALAMAR products exhibit almost a fractal behavior with
much lower values for a. This has been related to the algorithms used by CALAMAR
especially with the handling of ground clutters that changes the behavior of the field
by introducing zeros values, the presence of these zero values on the data leads to a
bias of the TM analysis estimation. The DTM analysis performed in spatial analysis
gives a better estimation of Universal Multifractal parameters o and (', values obtained
confirm the clear difference between the two products, and the fact that the variability
of precipitation is better represented in Meteo-France product than in RHEA product.
The temporal evolution of universal multifractal parameters o and C7 confirms that
the two products do not yield the same parameters except during the period with the
heaviest rainfall when the structure of the two products becomes comparable, and the

zero values much less numerous.

In time, the power spectra exhibits a slope break at 20 min, with a sign change of the
non-conservativeness parameter H. The Trace Moment analysis confirms the scaling
behavior and the need to take into account two distinct scaling regime with a break at
40 min for the four first events and 80 min for the last event while the scaling moment
function K (q) for small scales indicates the same behavior for the two products and for all
events in temporal analysis. Thus, the two products behavior remains multifractal with
comparable values of « and C; that can be explained by the lower rates of zeros values
(less than 30%) observed in temporal analysis (calculated on the radar pixels) while it
reaches 90% in spatial analysis (calculated on the radar images) for the same event.
The DTM analysis performed in temporal analysis shows a clear scaling behavior but
no break of this behavior was noticed, the difference observed between the two products

in term of o and C; values are less significant than that found in spatial analysis.
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It is also important to note that both CALAMAR products (adjusted and not adjusted)
exhibit the same universal multifractal parameters « and Cj in spatial analysis, the
adjustment process changes slightly the temporal variability of CALAMAR radar data
leading to a less variable field. Differences obtained between Meteo-France and CALA-
MAR products are due to the introduction of zeros values during the treatment of ground
clutters process operated at each time step on a single radar image (meaning in space)
which explains therefore the difference in term of zeros values observed between space
and time and also the huge difference observed in space but not in time between the two

products in term of universal multifractal parameters.

2.5 The new X-band polarimetric radar product

Figure 2.24: The new X-band polarimetric radar installed in the framework of RainGain
project. (© Rosa Vicari /HM&Co - ENPC

In the framework of the European research project RainGain, a new X-band polarimetric

radar (Figure 2.24 and Section 1.2.1 for main technical characteristics) has been acquired
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by Ecole des Ponts ParisTech and installed on its campus in Paris region. Since May
2015, this radar produces rainfall information at small space (up to 100 m) and time
(up to 1 min) scales. The radar has both Dual polarization and Doppler capabilities

that brings huge improvements in terms of rainfall measurement quality:

e Doppler capability:
Doppler radars provide a measurement of targets velocity along a radial (V;.) from
the radar in a direction either towards (velocity positive) or away (velocity neg-
ative) from the radar using the Doppler principle. In fact the velocity of the
targets can be derived from the shift Af observed between the frequency of the

transmitted signal firqns and the reflected one freceived ( Equation 2.30).

2?) (2.30)

f?‘eceived = ftrans(l —

However, at the standard velocity of meteorological targets, the frequency shift is
relatively small compared to the radar frequency and is very difficult to measure.
Another way to estimate raindrops velocity is to use the phase shift A¢ noticed
between the transmitted pulse and the received one, instead of the frequency shift
Af. The velocity can be derived than from this pulse shift.

The shift phase can only have values between +7 and —m (£180°). So velocity
can be estimated correctly only if its absolute value doesn’t exceed the maximum
unambiguous velocity Viqz.

Vinaz depends on the radar wavelength A\, and the PRF (Pulse repetition fre-

quency) and can be expressed as:

PRF.\

Vmax ==+ 4

(2.31)

In the meantime, it is known that the maximum radar range r,,4, can be expressed

as:
C

These two equations both depend on the PRF'. Their combination leads to Equa-

tion 2.33.

A.c
Tmaz-Vmaz = i? (233)
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This relationship (Equation 2.33) shows limits imposed by the selection of the
wavelength A and PRF'. In fact, a high PRF is desirable to increase the unam-
biguous velocity Ve (Equation 2.31), while a low PRF is desirable to increase
the radar range rmq; (Equation 2.32). This problem is known as the Doppler
Dilemma. A compromise solution consists in performing two scans; the first one
with high PRF to retrieve good estimation of the reflectivity factor Z over a large
range and the second one with small PRF to retrieve a reliable estimation of rain-
drops velocity. From Equation 2.33, one can notice the dependency of this Doppler
Dilemma on the wavelength of the radar which is less important for S-band radars

while it is dominant for X-band ones.

e Dual polarization capability :

By transmitting both horizontally and vertically polarized signals, Dual polariza-
tion radars increase information available about the shape of raindrops, which can
be used to improve the data processing step, in particular for the reflectivity to
rain rate conversion and during the identification and removal of non precipitation
echoes. The information about the shape of raindrops increases the knowledge of
both the drop size distribution (DSD) and the precipitation types.

It is assumed that spherical raindrops become elliptical with a major axis in the
horizontal direction when falling in the atmosphere. The oblateness level of the
drop is related to its size. Therefore, the backscattered signal is much stronger for
a horizontal wave than for a vertical one. Hence a more accurate distribution of
the drop size may be inferred resulting in a more accurate estimate of the precip-
itation rate.

The differential reflectivity, called Zpg, is retrieved from the ratio of the horizon-
tally polarized reflectivity Zj, and the vertically polarized one Z,. Comparisons of
the equivalent reflectivity factor Z. and the differential reflectivity Zppr suggest a

better identification of precipitation types (Seliga and Bringi (1978)).

Z
Zpr = 101log 7h (2.34)
v

The oblateness of raindrops has consequences on the phase of the backscattered

signal. Indeed, a difference between the vertical and horizontal phase components
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depends on the oblateness of the target and can be expressed as a specific differen-
tial phase (K gy, the gradient of the phase shift along the beam path). According to
English et al. (1991) the use of K4, — R relationship for rainfall estimation instead

of Z — R relationship is justified for rainfall rates greater than about 20 mm.hr .

2.5.1 X-band data processing

The Radar is currently equipped with the Rainbow software developed by SELEX.
The software ensures the data acquisition, pre and post processing as well as data
visualization. Several options are included within this processing chain, some of them

are presented below :

1. Reflectivity correction : Various corrections can be performed by the Rainbow
software, the large list includes Bright Band correction , Vertical Profile correction,
Attenuation correction, Echo classification, Sea and Ground Clutter identification
and correction, .... All details included in this section were elaborated from the
Rainbow software manual provided by SELEX (http://www.de.selex-es.com/

capabilities/meteorology/products/components/rainbow5) :

e Z-based attenuation correction : The attenuation correction based on
single polarization data relies on method developed by Hitschfeld and Bor-
dan (1954) which is based on the estimation of the specific attenuation A(r)
used to correct the measured reflectivity dBZ at distance r : dBZgorr (1) =
dBZ(r) + A(r).

The estimation of the specific attenuation A(r) is performed using relation-
ship similar to the Z-R one used for the reflectivity to rain rate conversion
(Marshall and Palmer (1948)). Thus, A(r) (in dB/km) can be related to the
rain intensity R (in mm/h) using coefficients o and 8 and the following rela-
tionship : 6A4/dr = aR® (Battan (1973)).

Where, o and § are user defined parameters and should be specified. Default

values defined by (Battan (1973)) are included with the Rainbow software.

e Dual-Pol based attenuation correction : In addition to the algorithm,
decribed before, used to correct reflectivity for attenuation, which is based on

the reflectivity data only; Rainbow software includes another algorithm for


http://www.de.selex-es.com/capabilities/meteorology/products/components/rainbow5
http://www.de.selex-es.com/capabilities/meteorology/products/components/rainbow5
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attenuation correction in case of fully polarimetric radar system and based on
the differential phase shift ®4, that provides more stable measurement of the
attenuation. The correction of attenuation and differential attenuation using
dual-polarization data follows the procedures described in the Gematronik
Dual-Polarization Handbook (Bringi et al. (2005)) dBZcor(r) = dBZ(r) +
a.Pgy(r).

The default value of the proportionality factor « is 0.25 dB/deg.

Other methods are also included within the Rainbow software.

2. Reflectivity to rain rate conversion : The reflectivity Z to rain rate R con-
version can be performed either by using the classical Z — R relationship or a

combined Kdp — R relationship for polarimetric radars.

e For a single polarization product, the conversion is performed by the Z — R
relationship (Equation 2.9).
with Z in [mm®%/m?] and R in [mm/h]. Typical values for a are 150 to 500,
and for b 1.3 to 1.8.

e The polarimetric measurements are used to calculate a rainfall intensity R

based on a combined Kdp — R relationship : R = 19.63 | (K,) |>-823

2.5.2 X band & C band radar data analysis

First rainfall events available from the new X-band polarimetric radar were retrieved
and used to here to perform a first analysis and comparison with the corresponding
C-band data.

Unfortunately only two rainfall events could be selected for this analysis, X-band data,
CALAMAR adjusted and non adjusted data as well as the corresponding rain gauges
data were collected for the needs of this work.

The new comparison methodology presented in the previous section will be used to per-
form a multifractal comparison between the new X-band and CALAMAR radar prod-
ucts. Such methodology will allow to identify differences in terms of data quality and
the measured rainfall spatio-temporal variability.

However, it is important to note that the X-band polarimetric radar is currently en-
tirely devoted to research activities and not yet fully operational. Intensive tests and

validation work are going on to test all processing options included within the Rainbow
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software. It is important to note that no calibration with raingauges was performed for
the X-band polarimetric radar data. This point is still a subject of debate regarding
the usefulness of such calibration with respect to improvements provided by the Dual
polarization capability, in particular the full new knowledge on raindrops shape.

The analysis of X band C band radar will follow the same steps presented in the new

developed methodology presented above:

2.5.2.1 Rainfall data

Two rainfall events were selected for this analysis of X band C band radar data. They

occurred in September 2015:

e The first event occurred in 12/09/2015, its total duration is 13 hr. The total

rainfall depth is 40 mm.

e The second event occurred in 16/09/2015, its total duration is 12 hr and 45 min.

The total rainfall depth is 35 mm.

It is important to note that data types involved in this comparison do not have the
same spatio-temporal resolution (250 m - 3.41 min for X-band data and 1 km - 5 min for
CALAMAR data). Indeed, they have different length and no transformation were used
to get the data at the same spatio-temporal resolution. Thus a difference will be noticed
in the results of the analysis performed here in terms of number of samples available.
Figure 2.25 displays maps of total rainfall depth calculated within each radar product
for the two rainfall events selected. Omne can notice the greater variability observed
for X-band polarimetric radar data especially for the second event. This is due to the
small scale rainfall information available. CALAMAR non adjusted data appears to
underestimate rainfall depth; and the radar - rain gauges adjustment process applied in
real time by CALAMAR system improves the total rainfall depth.

Figure 2.26 shows a comparison between the three radar products and the available 27
gauge data in terms of cumulative rainfall depth. Figure 2.26 confirms that CALAMAR
non adjusted data underestimates rainfall depth with respect to point measurements for
the two rainfall events. The adjustment process improves radar quality with respect to
measurements. The X band product shows a slight underestimation for the first event

and a significant overestimation for the second event. This is due to the fact that the
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radar is under test and parameters of Z — R and Z — Ky, — R relationship not fully
determined.
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Figure 2.25: Maps of the total rainfall depth computed on the whole radar image (64*64
km? data) involved in this analysis part.
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Figure 2.26: Radar-rain gauge comparison in terms of the cumulative rainfall depth com-
puted on rain gauges and the corresponding radar pixels.

2.5.2.2 Spectral analysis

The spectral analysis was performed in both space and time to check the scaling be-

havior of the three radar products involved in this work (X band, CALAMAR adj. and
CALAMAR non adj data).

e Spatial analysis : the spectral analysis performed for the two rainfall events, in-

dicates that the three radar products exhibit a clear scaling behavior. In fact,
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for the first event (12/09/2015) a clear break of this scaling was retrieved for the
three products at f =~ 12 which correspond to ~ 5km. No break was noticed
for the second event. § values obtained for the two events range between 2 and
3, which is greater than the dimension of the field (2 here) and means that it is
non-conservative. Thus, a fluctuation analysis must be conducted and the corre-
sponding field will be denoted AR — 2D as for the previous study. The AR — 2D
new fields still exhibit a scaling behavior on the range of scales available with lower
values of 8 (Figure 2.27). The scaling behavior is less clear in CALAMAR prod-
ucts for the 12/09/2015 event and no break of was considered for the AR — 2D
fields. 8 values retrieved for the 12/09/2015 event are 1.2 for the X-band field and
1.4 for both CALAMAR products. For the 16/09/2015 event, 3 values are 1.3 for
X-band product and 1.4 for both CALAMAR fields.

Power spectra — AR-2D for 12/09/2015 Event Power spectra — AR-2D for 16/09/2015 Event
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Figure 2.27: Power spectra in spatial analysis performed for the two rainfall events with
the spectral slope S obtained for small scales using the AR — 2D data for the three radar

products.

o Temporal analysis : the spectral analysis performed in temporal analysis indicates
that the three radar products exhibit a scaling behavior with 8 values higher than
the dimension of field (1 here). Hence, a fluctuation analysis was performed and
the obtained AR — 1D fields were analyzed. As noticed in the previous analysis,
the spectra of the rainfall fluctuations AR — 1D (Figure 2.28) exhibits a sign
change of the non-conservativeness parameter, visible on the two rainfall events
and the three fields (a clear break is observed between f & 55 for X band data and
f = 35 for both CALAMAR products, which corresponds to a time break located

between 18 min and 23 min). As a result of this spectral analysis the TM and
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DTM analysis will be performed on the rainfall fluctuations fields AR — 2D and

AR —1D.

Power spectra — AR-1D for 12/09/2015 Event

Power spectra — AR-1D for 16/09/2015 Event
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Figure 2.28: Power spectra in temporal analysis performed for the two rainfall events with
the spectral slope S obtained for small scales using the AR — 1D data for the three radar

products.

2.5.2.3 Trace moment analysis

Spatial analysis : the TM analysis performed in space for the three radar products
is displayed in Figure 2.29 where (Equation 2.15) is plotted in a log-log plot for
the rainfall fluctuations AR — 2D for q=1.5. One can notice that a good scaling
behavior was retrieved for the three products over two ranges of scales. In fact,
a break is noticed as in the previous analysis at roughly 8 km for CALAMAR
product and 2 km for the X band product, indicating the necessity to considered
two distinct ranges of scales: small scales ([1 km - 8 km] and [250 m - 2 km] for C
band and X band data respectively) and large scales ([8 km - 64 km| and [2 km -
64 km| for C band and X band data respectively). This finding shows a significant
difference between the scaling characteristics of C band and X band products due
to the available small variability measured by the X-band polarimetric radar. Val-
ues of a retrieved for the two selected events are around 1.8 and 0.6 for X band and
C band radar data respectively. Values of C; for the first event are 0.14, 0.25 and
0.26 respectively for X band and both CALAMAR products. For the second event,
C1 values are 0.11, 0.15 and 0.16 respectively for X band and both CALAMAR

products. Indeed, X band field exhibits greater values of o and smaller values of
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C than C band data.
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Figure 2.29: TM analysis (Equation 2.15 in log-log plot) for q=1.5 and scaling moment

function K(gq) obtained in spatial analysis for small scales for AR — 2D field.

The scaling moment function K(q) estimated over the small-scale range in space
([1 km — 8 km] for C band data and [250 m — 2 km] for X band product)) are
displayed in Figure 2.29. As already mentioned, the curvature of the K(q) functions
reflects the multifractal nature of the studied field. For both events, K(q) is more
affected by high rate of zero values in CALAMAR field, and exhibit almost a linear
behavior with smaller values of «v. This is more pronounced for the first event. The
high rate of zero values that will be confirmed latter is due to the methodology
applied by CALAMAR system for the identification and removal of ground clutters
(GC). In fact, all pixels identified as GC are removed from the current radar image
and replaced by extrapolation or zero values, while various options (interpolation
and extrapolation) are included within the Rainbow software used for X-band

polarimetric radar data processing.

Temporal analysis : TM analysis performed in time for the three radar products

is displayed in Figure 2.30 where (Equation 2.15) is plotted in a log-log plot for
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the rainfall fluctuations AR — 1D for q=1.5. A scaling behavior was retrieved for
all the three products with a break at roughly 40 min for CALAMAR field and 27
min, 20 sec for X band data. Indeed, two ranges of scales should be considered:
small scales ([5 min — 40 min] for C band data and [3.41 min — 27.33 min| for
X band data) and large scales. The scaling moment function K(q) estimated in
temporal analysis over the small-scale range for the three products are displayed in
Figure 2.30. The difference between C band and X-band polarimetric radar data
is more pronouned for the first event, for which the K(q) function retrieved for
CALAMAR product exhibits an almost a linear behavior with smaller values of «
(between 0.55 and 0.6) while & = 1.19. For the second event, values obtained for
« are 1.2, 0.86 and 0.76 respectively for X band and both CALAMAR products.
Values of C are between 0.21 and 0.25. It is important to note that the estimation
of the UM parameters  and Cp using the TM analysis performed here is much
more sensitive to zero values. This point was discussed in the previous section
in the framework of the comparison between CALAMAR and Meteo France radar
product. The DTM analysis will be performed below and allow a better estimation

of the UM parameters o and C7.
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Figure 2.30: TM analysis (Equation 2.15 in log-log plot) for q=1.5 and scaling moment

function K (q) obtained in temporal analysis for small scales for AR — 1D field.
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2.5.2.4 Double trace moment analysis

The DTM analysis was performed in both space and time. In space a clear scaling behav-
ior was retrieved as noticed with the TM analysis for the three radar products. A break
was noticed at roughly 8 km for C band data and 2 km for X band one. In Figure 2.31
are displayed the scaling moment functions K (g, n) obtained in spatial analysis at small
scales for the three products. The differences between C band and X band products in
terms of UM parameters estimation o and C7 is still important. In fact, X band field
exhibits greater values of a (between 1.8 and 1.9) but smaller values of C; (between
0.11 and 0.15). In C band data « values range between 1.07 and 1.34 whereas values
of C; range between 0.15 and 0.25. It is important to notice that the adjustment pro-

cess performed by CALAMAR system does not change the UM parameters significantly.
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Figure 2.31: DTM analysis in spatial analysis; the K(g,n) function obtained for the three
radar data (AR — 2D) at small scales for X band product (red line), CALAMAR adj. data
(blue line) and CALAMAR non adj. data (green line)

In temporal analysis Figure 2.32, the difference between three radar products is less
pronounced than in the spatial analysis. « values range between 0.85 and 1.27 and
C1 values are around 0.2. The impact of the radar - rain gauge adjustment process
performed by CALAMAR is more pronounced in temporal analysis than in the spatial
one. In fact this processes is performed in real time on each radar image and consists
in the adjustment of the entire radar image using a single calibration factor, which
explain the absence of difference between UM parameters computed for both CALAMAR
products in space. The effect on such calibration process is more visible on the temporal

rainfall variations.
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Figure 2.32: DTM analysis in temporal analysis; the K(q,n) function obtained for the
three radar data (AR — 1D) at small scales for X band product (red line), CALAMAR adj.
data (blue line) and CALAMAR non adj. data (green line)

2.5.2.5 Spatial analysis time step by time step

The step by step analysis will be performed first in space and consists in computing the
UM parameters o« and C for each single radar image. The temporal evolution of these
parameters will be plotted and discussed with the help of other parameters (the fractal
dimension Dy, the maximum observable singularity v, as well as the rate of zero values).
In Figure 2.33, are plotted the temporal evolution of the rainfall intensity mean (cal-
culated within each single radar image) as well as the ratio of zero values observed in
space. From Figure 2.33, one can notice, the high difference observed between X band
and C band radar products in terms of zero values. In fact, CALAMAR field exhibits
high rate of zero values especially for the first half of the first event and the second half
of the second event. This difference is mainly related, as discussed previously, to the
methodology applied by CALAMAR for the treatment of ground clutters.

Figure 2.33 indicates that the rainfall means estimated on CALAMAR and X band

products are comparable. Slight difference is observed for the first event.
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Figure 2.33: Rate of zero values and the rainfall intensity mean calculated in space on
each single radar image.

The temporal variations of UM parameters o and C estimated in spatial analysis are

displayed in Figure 2.34. From this figure, the difference observed between C band and

X-band polarimetric radar data in terms of the spatial structure is visible. In fact, X-

band polarimetric radar data exhibits greater values of o and smaller values of C. This

difference is not related to the rate of zero values observed within CALAMAR data,

because the difference remains significant even during the last half of the first event

(during which the two products exhibit a comparable rate of zero values).
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Figure 2.34: Temporal evolution of UM parameters a and C; estimated in spatial analysis.
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Figure 2.35: The fractal dimension Dy and the maximum observable singularity 7, were
computed in space and their temporal variations are plotted here.

Figure 2.35 displays the temporal variation of the fractal dimension D; and the maxi-
mum observable singularity s computed in space. From these results it appears clearly

that the difference observed between the two radar products in terms of UM parameters
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is more related to their fractal dimension, so to their spatial structure. In fact, the frac-
tal dimension concept is used to characterize spatial patterns of the field which reflect
mainly on the structure identified within the data. Indeed, the difference observed be-
tween C band and X band data in terms of UM parameters reflects a profound difference

on their spatial structure.

2.5.2.6 Temporal analysis pixel by pixel
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Figure 2.36: Maps of universal multifractal parameters a and Cj, for the three radar
products and for the two rainfall events.

In temporal analysis, Figure 2.36 shows maps describing the spatial variability of both
a and C parameters calculated using the DTM analysis, red color indicates a higher
value while the blue one indicates a smaller value. This figure highlights the morphology

of each field and describes the structure of the rainfall field observed for the three radar

Alpha
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products involved in this work. Contrarily to the previous study (i,e the comparison
between Meteo France and CALAMAR radar products), maps obtained in Figure 2.36
indicate a significant difference between C band and X-band polarimetric radar field in
terms of rainfall temporal variability observed at small scales. In fact, higher values of
« are obtained for X-band polarimetric radar data and indicate a better representation
of the small scale rainfall variability than in the C band data. The difference is noticed
for the two rainfall events.

For the first event, it should be mentioned that both radar products exhibit the same
morphology with high variability observed within the new X band product. However, for
the second event, a clear difference is observed in the obtained morphology suggesting
that the two radars do not probably catch the same rainfall structure which can be
related to a difference in the elevation of the radar site or scanning strategy that should
be verified.

It appears also from Figure 2.36 that the adjustment process applied by CALAMAR
modifies slightly the morphology of the field, it actually increases the variability observed

with rainfall time series.

2.6 Intermediate conclusions on Chapter 2

This chapter is dedicated completely to the analysis of rainfall data. Various radar
products were involved as well as rain gauges data. The analysis was conducted in both
space and time and performed across spatio-temporal scales to enable a characterization
of the structure of rainfall fields as well as their morphology.

The developed methodology is fully based on the Universal Multifractal framework and
can be used to conduct an indepth analysis of radar data and to perform comparison
between radar products and point measurement data. This new methodology overcomes
some limitations of the classical radar - rain gauge comparison technique widely used
for QPE validation and radar data comparison but involves a very limited number of
radar pixels and does not provide any information about the rainfall structure.

For the first study, a comparison between CALAMAR and Meteo France products was
performed. The main goal is to identify the influence of raw data processing on the qual-
ity of the obtained rainfall measurement. In fact, both Meteo France and CALAMAR

products use the same raw data coming from a Meteo France C band radar located in
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Paris region. However they do not rely on the same QPE algorithms which has signif-
icant effect on their measurement quality. The comparison confirms a clear difference
between CALAMAR and Meteo France products in terms of UM parameters.

In spatial analysis, the scaling behavior was identified and confirmed in the Trace Mo-
ment analysis with a break observed at 8 km for all events and all radar products. The
obtained scaling moment function K(q) for small scales ([1 km-8 km]) comes out with
a great difference between the two products multifractality. Meteo France field exhibits
a multifractal behavior with « ranging between (1.11 and 1.9) while both CALAMAR
products exhibit almost a mono-fractal behavior with much lower values for «. This
was related to the high rate of zero values noticed for CALAMAR fields, due to the
methodology applied for the treatment of ground clutters. The DTM analysis gives a
better estimation of Universal Multifractal parameters o and C'; values obtained con-
firm the clear difference between the two products, and the fact that the variability of
precipitation is better represented in Meteo France product than in RHEA product. The
temporal evolution of UM parameters o and C7 confirms that the two products do not
yield the same parameters except during the period with the heaviest rainfall when the
structure of the two products becomes comparable.

In temporal analysis, the difference observed between the two products in term of o and
C values are less significant than what is observed in the spatial analysis.

The same comparison methodology was used for the analysis of the new X-band polari-
metric radar data and to perform a comparison between C band and X-band polarimetric
radar products in terms of rainfall spatio-temporal variability. Only two rainfall events
were selected for this study, further analysis will be conducted depending on the avail-
ability of X-band polarimetric radar data.

As a result of this comparison, both radar products exhibit a scaling behavior with a
clear break noticed in spatial analysis around 8 km for C band data and 2 km for the X
band product. In temporal analysis the break was noticed around 40 min and 27 min
respectively for C band and X band products. A clear difference was noticed in terms
of the rate of zero values. In fact, CALAMAR products exhibit greater rate of zero
values than the X band product, and this was related to GC identification and removal
technique.

The UM parameters o and Cj retrieved indicate that the X band product represent
better variability for small scale rainfall information. The structure of the two prod-

ucts become comparable when they represent the same fractal dimension Dy, which
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means that the structure of rainfall support was caught by the two radars. However, a
clear difference is observed in temporal analysis between X band and C band product,
the X band data shows clearly more variability of rainfall information. The developed
methodology was applied in the framework of this dissertation for the comparison of
radar products. However, it can also be applied for other radar data analysis, including
QPE validation or radar -rain gauge comparison. It has the advantage of providing
much more information about rainfall fields’ structure. Such information and details
would be very difficult to obtain with the help of the conventional methods largely used
until now, for which only a very limited number of radar pixels (only those containing
rain gauges) are involved into the comparison of the radar and rain gauge data.

Further extensions of the proposed methodology open new horizons for the rainfall data

merging.






Chapter 3

Hydrological modeling of urban

catchments

A significant part of this work was devoted to urban hydrology modeling and various
investigations were performed in the framework of RainGain project related to this topic.
Three complementary studies were conducted in the framework of this work with the aim
of providing answers to various questions related to the use of high resolution rainfall data
for modeling applications. (i) The first study analyze the ability of urban storm models
to integrate small scale rainfall information provided by X-band radars. A sensitivity
analysis of hydrological models to rainfall spatio-temporal variability was conducted
in this context. (ii) The second work concerns improvements and modifications that
should be implemented on urban storm models to increase their ability to integrate small
scale rainfall information. (iii) The last investigated point is about the implementation
strategies of gridded-based models, and how performance of such models can be improved
by analyzing scaling effects noticed on land use data used to describe urban catchments
behavior.
All these studies are based on the use of huge and complete data set prepared for the
needs of such investigations. Indeed, two urban storm models involving two different
modeling approaches will be used for all investigations carried out. Rainfall data include
point measurements data, C-band radar data and high resolution X-band data, some of
the data was made available in the framework of RainGain project.
Consequently, this chapter includes four sections devoted each to a specific modeling
study:

126
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e The first part includes basic introduction of urban hydrology modeling and the
water cycle processes in urban environment. It will be followed by the presenta-
tion of the two urban storm models used in this work. Their implementation for
Sucy-en-Brie case study and their validation using real flow measurements will be

discussed as well.

e In the second part, spatial scale issues in urban hydrology modeling will be inves-
tigated using fractal tools with the aim of highlighting scaling effects noticed on
urban catchments data. The effects of such dependency on gridded-based model

performance will be analyzed as well.

e The third part will be focusing on sensitivity of urban storm models to rain-
fall spatio-temporal variability with a deep analysis of both modeling approaches
capabilities to integrate small scale rainfall information and what improvements
should be implemented on urban storm models to increase their ability to take full

advantage of small scale rainfall data.

e Finally, first high resolution rainfall events provided by the newly installed ENPC
X-band dual polarization radar will be used to conduct first modeling analysis

using high resolution rainfall data.

3.1 Urban storm models

Nowadays, hydrological models are extensively used in urban water management, re-
search activities and decision-making, following advances noticed in recent few decades
in terms of computing capabilities, remote sensing devices and also the increased need to
understand the interaction between urban environments as a very complex system and
the movement of water in such areas. The growing threat on urban population caused
by water management issues especially flooding disasters and water resources pollution
has the effect of broadening the scope of application of models to real time use in order
to improve the understanding of natural processes or response to management questions.
In the meantime, modeling constitute the only way to get an idea about what happened
and indeed to enhance the given technical solution, given the difficulty for urban water

managers to get distributed measurements at all critical points of the catchment.
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Urban environments are very complex systems due to their extreme variability, the
interference between human activities and natural processes, but also the effect of the
ongoing urbanization process that changes the landscape and strongly influences the
hydrological behavior of urban catchments. Urban models are mainly used to simulate
the portion of the water cycle in urban environment. However these processes are just
very complex and not yet fully understood by the scientific community. There are also
some new processes specific for urban and semi-urban catchments that were neglected
or not taken into account in rural environments. “The circulation of rainwater within
urban areas has not yet been described in a detailed manner, as studies on this topic

often remain limited to the runoff on impervious surfaces” (Rodriguez et al. (2008)).

Many research works were carried out recently (Refsgaard and Knudsen (1996), Tech
University of Darmstadt and Ostrowski (2002), Salvadore et al. (2015), Hromadka (1987),
Daniel et al. (2011), Elliott and Trowsdale (2007), Sarma et al. (1973), Bloschl and Siva-
palan (1995)) to elaborate the state of the art of urban hydrological modeling, starting
from the complex task of listing and representing all urban processes that define the
water cycle in urban areas and determine the movement of pluvial water in urban areas.
They were also focusing on the understanding of different modeling approaches used in

urban hydrology. A brief overview of these works will be given in this section.

3.1.1 Water cycle in urban areas

The water cycle in urban areas includes all physical processes that govern the movement
of water in urban areas, from the moment it falls as precipitation to the moment it leaves
the catchment. In urban areas, main processes often considered in the water cycle, are the
precipitation, evapotranspiration, infiltration, depression storage, interception and the
drainage modeling. Evapotranspiration, depression storage, interception and infiltration
are usually grouped as losses because they represent the portion of precipitation that

does not participates to the runoff.

e Precipitation modeling:
Rainfall constitute the principal input for hydrological models, it is the driving
force behind all hydrological processes. Rainfall information is generally derived
from rain gauge networks in the form of point measurements, or weather radars in

a gridded format.



Chapter 3. Hydrological modeling of urban catchments 129

Most of hydrological models, can deal with both types of rainfall data. However,
the way they take into account the rainfall information varies according to the
modeling approach used. Semi-distributed models considered rainfall as homoge-
neous at the sub-catchment scale deleting thus the spatial variability that can be
effectively measured at small scales. Fully distributed models allow taking into
account the measured spatial variability of rainfall data. Spatio-temporal resolu-
tion needs for urban modeling is a subject of debate and exchange between the
scientific community and urban water managers. The debate is motivated by re-
cent advances noticed in rainfall measurement techniques especially radars that
are increasingly integrated in urban areas and much more oriented towards spe-
cific urban hydrology applications. This point was also of a big interest for this
work which contributed to this debate through several research works presented

in this chapter.

Rainfall that falls in urban areas can have many destinations. A first part will be
intercepted by the vegetation cover, another part will be stored by the depressions.
Some will infiltrate and a small part will return to the atmosphere by evaporation.
The remaining part called the rainfall excess or the effective rainfall will generate
the surface runoff. Indeed, the first step of any runoff calculation consists in the
estimation of the effective rainfall, which is defined as the rate of the gross rainfall
minus the rate of all losses. However the estimation of losses rate is often com-
plex, especially for urban environments and needs a huge and detailed information

describing all urban catchment components (soil, landscape, vegetation cover, ...).

e Evapotranspiration:
Evaporation quantifies the precipitated water that returns to the atmosphere due
to the effect of temperature. A precise estimation of the evapotranspiration rate
is highly complex and even impossible in urban areas because it requires a large
amount of information for its estimation. The process that occurs along the water-
air or soil-air interface depends on the vegetation density, season, soil characteris-
tics, and meteorological conditions. In urban hydrology, it is widely assumed that
the evapotranspiration rate is very small and can be justifiably neglected especially
during severe events. However, unlike the event-based models, continuous-based
events models should integrate an estimation of the evapotranspiration rate as the

period simulated is long enough so that the evapotranspiration becomes significant.
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e Infiltration:
Infiltration is the process of water movement into the subsurface under gravity or
capillary forces. The rate at which infiltration occurs may be affected by several

physical factors including hydraulic conductivity, capillary action and gravity.

The part of precipitation that finds its way to the ground is considered in urban
hydrology as a loss because it does not contribute to the surface runoff. Unlike rural
areas, the infiltration is decreasing in urban environments because of the increased
imperviousness of urban surfaces. In the meantime, the existence of dense drainage
network reduces the duration of stay of water at the surface, limiting thereby

infiltration.

Two approaches can be used in urban hydrology for the estimation of the infil-
tration rate that depends on the infiltration capability of the subsurface. One
physical approach based on detailed soil properties (e.g., hydraulic conductivity,
capillary tension and moisture content) and an hydrological approach based on
the use of a parametric lumped model to estimate infiltration rate. Several models
exist for infiltration estimation and modeling (Horton, Green-Ampt approaches),

see El-Kadi et al. (1983) for a review.

— Green-Ampt approach : the Green and Ampt relationship (Heber Green
and Ampt (1911)) is widely used in urban models because of its ease of
application and its robust estimation of the infiltration rate. In fact, the
empirical equation of Green and Ampt has physical significance because its
parameters have physical basis. Distributed and physically based models
often relay on this approach.

An additional advantage of the method is that its parameters have been
determined and verified for soil textural classification (Rawls et al. (1983)).
However, further investigations of the soil structure can be performed in order
to validate parameters estimation.

The general equation showing the Green and Ampt relationship can be ex-

pressed as (Li et al. (1976)):

Ho(1—S.).0,

f = K1+ =20 (3.1)
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where f is the infiltration rate (m/s), K} the effective hydraulic conductivity
(m/s), H. the capillary suction (m), . the effective soil porosity, S. the

effective soil saturation and F' the cumulative infiltrated water depth (m).

— Horton model : Horton model relies on a conceptual approach to simulate
the infiltration rate. It is widely used by semi-distributed and conceptual
models. The approach that was developed in 1933, indicates that if rainfall
exceeds the infiltration capacity of the soil, then the infiltration tends to

decrease exponentially.

fp:fc+(fo*fc)€_kt (3-2)

where f,, is the infiltration capacity or potential infiltration rate, f. the fi-
nal constant infiltration rate, f, the initial infiltration capacity and k a soil

parameter.

The Horton model needs to be calibrated and all parameters f., k, and f,

must be evaluated using measured infiltration data.

e Interception:
Interception quantifies the amount of precipitation that adheres to the vegetation
until it evaporates or reaches the ground later. This phenomenon is significant at
the beginning of the rainfall event since the vegetation loses its ability to capture
raindrops. Interception rate is influenced by the characteristics of rainfall events,
the vegetation species and meteorological factors (temperature, relative humidity,

net radiation, and wind speed).

Several formulas are used in hydrology to estimate the interception as a function
of rainfall and vegetation characteristics (Chow (1964)), However, in urban en-
vironments, the interception is reduced and less significant in the water balance

because of the high imperviousness and low vegetation cover.

e Depression storage:
Depression storage or surface storage accounts for water that is trapped in small
depressions on the catchment surface and retained until it infiltrates or evaporates.
Depression storage depends mainly on catchment surface shape and slope. On
impervious urban surfaces, depression storage ranges from 0.2 mm (smooth asphalt

pavement) to 2.8 mm (an average value for small urban areas); on permeable
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surfaces, depression storage ranges from 0.5 mm (bare clay) to 15 mm (wooded
areas and open fields). A detailed listing of depression storage values for more
than 25 types of surfaces can be found in W. F. Geiger J. Marsalek W. J. Rawls
F. C. Zuidema (1987).

3.1.2 Urban modeling approaches

Hydrological models include often two basic components: (1) rainfall-runoff modeling to
estimate the effective precipitation or rainfall excess that will participates to the runoff
and (2) the routing modeling that simulates the transport of stormwater in urban water
infrastructures. Indeed, various modeling approaches were developed for urban hydrol-
ogy to simulate these components. They can be classified based on the nature of the
employed algorithms: empirical, conceptual or physically-based approaches. They can
also be classified based on their spatial resolution and how they represent the complexity
of urban hydrology processes (lumped models, semi-distributed and fully-distributed).
A recent (Salvadore et al. (2015)) review about urban hydrological modeling identifies
and lists 5 most used modeling approaches in urban hydrology; (1) the first category is
the lumped models. Lumped models consider the whole catchment as a single unit in
which all physical and hydrological information are assumed to be homogeneous, pro-
cesses are based usually on the Unit Hydrogram (UH) model which is defined based on
hydrological data available (rainfall and corresponding flow), such models are used espe-
cially for catchment where the lack of data does not allow to go further in the description

of the catchment.

The second category is the semi-distributed models using sub-catchments; sub-catchments
are areas where parameters describing the rainfall-runoff function are considered to be
uniform. Each sub-catchment outlet is connected to the drainage system and we can
distinguish two sub-categories based on how sub-catchments are defined. (2) In HRU
models (Hydrological Response Units) sub-catchments have same soil and land use type.
(3) In the other sub-category, the identification is based often on the same drainage area
concept which assumes based on the topography and/or the sewer network that all rain-
fall occurred in the area is routed to the same outlet point without worrying about the

land use distribution.
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(4) The fourth category is the fully distributed or grid-based models, which are consid-

ered to be more sensitive to the urban catchment variability and the scale issues.

(5) The last category is Urban Hydrological Element (UHE) models that are based on
the identification of an object or a unit of calculation small enough to represent the

urban heterogeneity and to be homogeneous (block of buildings, ...)

e Physically based models : Physically based models aim to describe as accu-
rately as possible the internal mechanisms of the urban water system based on the
best possible knowledge of the physical processes and using all existing physical
laws such as the conservation of mass, of energy and of momentum. In theory,
these models rely on real physical and measurable on site parameters and don’t
need thus to be calibrated. However, they are highly dependent of the model

spatio-temporal resolution.

Fully distributed and gridded-based models often rely on this approach. Indeed,
the spatial distribution of all urban catchment components (topography, land use,
sewer system, rainfall) are presented in a distributed manner using pixels for which
the spatial resolution can be adapted to the quality of the data available and the

expected goal.

e Conceptual models : Because of the high complexity of urban processes, con-
ceptual models rely on a simplification of the system behavior. They attempt to
integrate the complexity of processes by reproducing in a simple manner the phys-
ical concept of the system behavior. This type of models keeps the same physical
meaning but not the accurate description of all involved processes. Due to their
principal, conceptual models often use conceptual approaches involving no physical

parameters and need therefore to be carefully calibrated.

Semi-distributed models often rely on this conceptual approach. For these models,
the catchment is divided to several entities called sub-catchments. The architecture
of these models is based usually on two functions that describe the hydrological

response of the catchment:

— The production function used to estimate the effective rainfall Hyetograph

from the gross rainfall one by quantifying all urban water losses.
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— The routing function used to derive the hydrograph from the effective rainfall
by considering meteorological, physical and hydrological characteristics of the
catchment considered. It relies often either on the unit hydrograph model
that is based on the hypothesis of linear rainfall-runoff relationship, or on
the use of a cascade of linear reservoirs where the output of each reservoir is

considered as the input for the next one.

e Empirical models : Empirical models do not refer to urban water processes.
They attempt to establish a direct relationship between the input (rainfall) and
the output (overland flow, sewer flow) in order to reconstruct a series as closest as
possible to the observed one. They are most often based on a statistical approach

and can therefore be stochastic or probabilistic.

3.1.3 Multi-Hydro model

Multi-Hydro (3.1 Giangola-Murzyn (2013)) is a fully distributed and physically based
model developed at Ecole des Ponts ParisTech. It is an interacting core between four
open source software packages, each of them representing a portion of the water cycle in
urban environments. Multi-Hydro involves a modeling approach that consists in raster-
izing the urban domain at a specific spatial resolution chosen by the user, each pixel is
then affected by a unique land use class for which hydrological and physical properties

are specified.

Model
GIS data parameters

Rainfall module (MHRM) Surface module (MHSM)
Rainfall data from radar, gauges, ... Superficial infiltration and runoff

Interaction core
Soil module (MHGM) Drainage module (MHDM)

Vertical flow and soil saturation Discharge of sewer system

Outputs: maps, statistics and datasets

Resilience analysis and further
output data processing

Soil module Drainage module

Figure 3.1: Multi-Hydro model is an interacting core between four modules, each of them
representing a portion of the water cycle in urban environments. (C)Giangola-Murzyn (2013)
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The four modules that make up the core of Multi-Hydro are presented in the following

points:

e The surface component (MHSC) is based on the existing TREX model (Two-
dimensional Runoff, Erosion, and Export model) developed by Colorado State
University and used in Multi-Hydro only for rainfall-runoff modeling (England
et al. (2007), Velleux et al. (2008)). The integration of contaminants transport
and sedimentation is in progress. The surface module computes interception, stor-
age and infiltration occurred at each pixel according to its land use class, and
properties defined for this class. The net (effective) rainfall P, is then calculated
by subtracting the interception from the gross rainfall P, and overland flow can
occur after satisfying the depression storage threshold, it is governed by the con-
servation of mass (continuity) and of momentum equations. This flow depends on
the surface properties as well as the elevation, and computed using the diffusive
wave approximation of Saint-Venant equations. Multi-Hydro integrates also the

simulation of 1D channel flow.

e The rainfall module has been developed at Ecole des Ponts ParisTech, it is used to
manage different types of rainfall data (rain gauges, radar data,...) and to process
them in the correct input format needed for Multi-Hydro model. The module
performs also some data analysis and can be used for radar data downscaling. The
data analysis part relies on the Multifractal framework (Lovejoy and Schertzer
(1990), Schertzer and Lovejoy (1987b)) and has been widely validated at Gires
et al. (2012a).

e The Drainage module (MHDC) is based on the 1D SWMM (James et al. (2010))
model (Storm Water Management Model) developed by the US Environmental
Agency. It is widely used for urban drainage and modeling purposes. The flow
in the sewer network is given by a numerical solution of Saint-Venant equations.
This module requires a detailed description of the sewer network (nodes, pipes

characteristics, gullies, outlet...).

e The infiltration module relies on VS2DT model developed by the U.S. Geological
Survey and it is used to simulate the infiltration into the unsaturated subsurface

zone (Healy (1990), Lappala et al. (1987)). This module uses the infiltration depth
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calculated by the surface module as input, and simulates a 2D infiltration (vertical

and 1D horizontal) into the subsurface.

Multi-Hydro core ensures the connection, interaction and data exchange between these
four modules after each time loop. Indeed, the surface module outputs are used as
inputs for the soil and the drainage modules and in the same way the sewer overflow is
taking into account on the overland depth for the next step. Multi-Hydro produces a
large set of outputs that describe the catchment response. Indeed, the overland water
depth maps are available at each time step as well as the overland discharge flow and
the velocity profile at any point of the catchment. Saturation profile of the subsurface
zone and the sewer flow are also computed. The model provides also a detailed volume

balance at each time step.

3.1.3.1 Process modeling

The modeling approach involved in Multi-Hydro model, relies on the resolution of phys-
ical equations that describe the catchment behavior. Seven processes are simulated; (1)
precipitation, (2) interception and storage, (3) infiltration, (4) overland flow, (5) sewer

flow, (6) infiltration into the subsurface zone and (7) the sewer overflow.

e Precipitation : Multi-Hydro deals with three types of rainfall input; precipitation
can be considered as homogeneous for the whole catchment if only one rain gauge is
available or interpolation can be performed if more than one are used (for these two
cases, the user should specify the number of rain gauges used, their locations and
the corresponding rainfall intensity time series). The last choice is a gridded radar
rainfall data, for which the spatio-temporal resolution may be different from those
of the model. In this case, the rainfall module will process the data and do the
necessary conversion to get the corresponding grid at the correct spatial resolution.
Downscaling of radar data can also be performed to get a better resolution from
the classical (1 km?, 5 min) radar image. Whatever the type of selected inputs, a

single value of precipitation will be affected to each pixel at the end of this process.

e Interception : The volume of precipitation intercepted by the vegetation cover
is computed for each green pixel. In fact, the portion of gross rainfall held by the

vegetation cover depends on the interception depth (mm) set by the user. It is
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important to note that during rainfall events, the intercepted rainfall may reach
the land surface or return to the atmosphere by evaporation, these two processes

are neglected in Multi-Hydro model for single storm event modeling.

e Depression storage : It is a threshold set by the user for each land use class, it
indicates the depth (mm) of water that can be stored before the beginning of the

overland flow.

e Infiltration : Infiltration rate f(m/h) into the subsurface is computed at each
pixel using the Green and Ampt relationship (Equation 3.1) and according to
physical properties assigned for each land use (hydraulic conductivity Kp(m/s),
capillary suction H.(m) and the moisture deficit 6, ), all these parameters are set

by the user during the rasterazation phase.

The infiltration into the unsaturated subsurface zone is modeled using the fluid

mass conservation law and a non-linear form of the Darcy equation.

e Overland flow : The 2D overland flow can occur after satisfying the depression
storage threshold, it is governed by the conservation of mass (continuity) and
of momentum equations. This flow depends on the surface properties (Manning
roughness coefficient n(s.m_l/ 3) as well as the slope, and computed using the

diffusive wave approximation of Saint Venant equations.

e Sewer flow : In Multi-Hydro model, the whole sewer system is modeled, and the
sewer flow is computed using the dynamical wave approximation of the de Saint-

Venant equations.

e Sewer overflow : Overflow occurs usually during flooding events, it is a conse-
quence of the strong pressure on urban sewer networks. In fact, the amount of
water generated during a short period of time can exceed the capacity of the sewer
system and water exits the sewer network through gullies and reaches the surface.
This phenomenon is complex to take into account in urban storm models and is
neglected in most cases. However, the structure of Multi-Hydro model based on
the interaction and data exchange between the four modules after each time loop
simplifies the integration of this process. Indeed, after each time step, the sewer
module outputs indicate the amount of the overflowing water and this information

is taken into account in the initial water overland for the next step.
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3.1.3.2 Model implementation

Multi-Hydro is a gridded-based model that needs a detailed description of the catchment
behavior as well as the sewer network and the subsurface zone. The implementation

process is performed on two steps:

1. Data collection and validation : The first step of the model implementation
consists in data collection and validation. GIS data (Geographic Information Sys-
tem) describing the topography and the catchment land use must be collected at a
high resolution, available satellite images are often used to validate the land cover

data.

Information about the sewer network should also be available. Details about all
the system components are necessary for the drainage module. Such information
are usually available for urban areas and can be obtained from the local authority
in charge of the water management. Details about all pipes (geometry, length,
diameter as well as inlet and outlet nodes) should be carefully validated as well
as all the system nodes (coordinates and elevation). Identification of gullies is of
high importance because they ensure the connection between the surface and the
drainage modules. Finally, subsurface structure must be described as well if there
is a need to simulate the infiltration to the unsaturated subsurface zone. The
analysis of drilling data archived can help on building an acceptable description of

the subsurface area.

2. Rasterazation phase : Once all needed data are available and validated, a spe-
cial build in module MH-AssimTool (Multi-Hydro) can be used to perform the
rasterazation process and to build all inputs needed for Multi-Hydro model. Dur-
ing this phase, the user should specify the spatial-temporal resolution of the model,
and also physical properties set for various land cover classes. The module inte-
grates a database about classical land cover characteristics (road, house, grass,
forest, water, ...). The user can chose whether to use this database or to set up
new parameters. The rasterazation process can take a few minutes or a few hours
depending on the spatial resolution chosen and the catchment size. At the end
of this process, Multi-Hydro is implemented and ready to be used for modeling

applications. If all needed data is available and validated, the implementation of
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Multi-Hydro model is much more easier than similar urban storm models.

As a part of this work, a deep reflection was conducted about the implementation
approach involved in Multi-Hydro model. In fact, the original approach is based
on a priority order set by the user during the rasterazation process. This order
was defined in such a way to represent the catchment behavior observed on site
during rainfall events, especially the “preferential water path” concept that makes
that water circulates primarily in roads. Indeed, the priority order was chosen
in order to keep the continuity of roads whatever the spatial resolution of the
model is. Therefore, the obtained behavior exhibits usually a high rate of impervi-
ous surfaces which have important consequences on the model performance. This
implementation approach is challenging in terms of Multi-Hydro performance, be-
cause it imposes additional constraints and makes that high resolution modeling
(small pixel size) is the only way to get a better catchment behavior and to obtain
acceptable model performance. However performing such small scale modeling in-
vestigation is not an easy task, and depends highly on the quality of the data used

and it is also a very time consuming.

With priority order

Priority order
Gully
Route
Forest
House
Grass

Rasterization of the catchment at 10m

Without priority order

Figure 3.2: Comparison between the two implementation approaches. The original one is
based on a priority order whereas the new one is based on a predominant criterion.

A new implementation approach (Figure 3.2) was developed in the framework
of this work as a result of a lot of modeling investigations and a deep reflection
about the manner the rasterazation process should be conducted to have a good
representation of the heterogeneity of the catchment behavior. This new approach
relies on two steps and it is not based any more on any priority order except for
sewer inlet points that should be identified in priority because they ensure the

connection between the surface and the drainage modules:
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(a) The first step consists in rasterizing the land cover data using very small
pixel size (up to 20 cm). Such rasterizing can be performed using the built

in module MH-AssimTool or using a GIS software.

(b) The small scale land use distribution obtained in the first step will then
be used to obtain land use data for coarser pixel size by considering the
predominant land use observed within the small scale data. At 10 m pixel
size for example, the land use attributed to each pixel will be the majority
one observed within the 2500 (50 x 50 pixels) 20 cm small pixels included in
the 10 m pixel.

The new approach was applied in the framework of a MSc Thesis I supervised
(Elektra (2016)) for the small peri urban catchment of Perreux-sur-Marne (12.47
ha Figure 3.3) located in Val-de-Marne county. Rainfall data is derived from the
rain gauge located at the center of the catchment. Modeling results are analyzed
with respect to the observed flow measured by the flow sensor located at the
catchment outlet (Elektra (2016)). Only results related to two rainfall events are
presented here, please refer to Elektra (2016) for further details and analysis. The

data was collected in the framework of ANR Trafipollu project.
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Figure 3.3: Perreux-sur-Marne catchment (12.47 ha) located in Val-de-Marne county.
Rainfall data is derived from the rain gauge located at the center of the catchment. Sewer
Flow data are measured by the flow sensor located at the outlet (Elektra (2016)).

Results obtained at different spatial scales in terms of land cover heterogeneity are
presented in Figure 3.4 for the case study of Perreux-sur-Marne. The coefficient of
imperviousness estimated for this case study is around 53% for both 10 m and 5

m scales while it is around 88% at 10 m scale when considering the priority order.



Chapter 3. Hydrological modeling of urban catchments 142

Soil occupation

Il Forest
[ Road
[ Grass
Il House
I Guly

Land use (original data)

—
Land use with priority order [10 m]
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|
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Figure 3.4: Multi-Hydro land cover data obtained for the Perreux-sur-Marne catchment

(only a part of the catchment is visible here) with and without considering the priority

order. One should notice the high coefficient if impervious areas (88%) obtained at 10 m

when considering the priority order. The new implementation approach allows a better
presentation of the catchment heterogeneity.

Results obtained with this new implementation approach are very interesting and
show clearly the benefit of taking into consideration the heterogeneity of the land
cover observed in urban environments. Modeling outputs obtained for the Perreux-
sur-Marne case study are presented in Figure 3.5 and Figure 3.6 for two rainfall
events. Those related to Sucy-en-Brie catchment will be presented later in this
work. From these results, one can notice the high improvement noticed in Multi-
Hydro performance when applying the new implementation approach. In fact,
modeling outputs obtained at 10 m scale with the new approach are even better
then those obtained at 5 m with the priority order. Nash indicator (NSE) is
improved for the 15/11/2014 event (Figure 3.5) from -1.76 at 10 m and -0.45 at 5
m when applying the priority order to 0.73 at 10 m and 0.85 at 5 m with the new
implementation approach. For the second event (Figure 3.6), NSE is improved

from -1.33 to 0.82 when applying the new approach at 10 m.
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15/11/2014 event
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Figure 3.5: The impact of the new implementation approach on Multi-Hydro performance
obtained at 10 m and 5 m scale for the 15/11/2014 event.

08/06/2014 event
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Figure 3.6: The impact of the new implementation approach on Multi-Hydro performance
obtained at 10 m and 5 m scale for the 08/06/2014 event.

Consequently, all modeling investigations conducted in this work for Sucy-en-Brie catch-

ment have been processed with this new implementation approach.

3.1.4 CANOE model

CANOE is a semi-distributed and conceptual model developed by INSA of Lyon and
SOGREAH (now ARTELIA) (Insa-Valor (1999)) and widely used in France by practi-
tioners of urban hydrology modeling and urban water management. It is best known for
its ease of use, its fast computation time but it is hard to set up and needs to be care-

fully calibrated. The County Council of Val-de-Marne, which is a partner in the model
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development, uses CANOE model as the primary model for all case studies, including

the Sucy-en-Brie one.

The modeling approach involved in CANOE model is based on the decomposition of
the urban catchment into several sub-catchments, each of them connected to the sewer
network at its outlet. The rainfall-runoff transformation is modeled using a production
function and a transfer one. The flow in the sewer is provided by Barre-Saint-Venant
equations (it is also possible to use Muskingum model for simple cases without down-
stream influence). The model takes into account a changing runoff coefficient based on
the rainfall intensity and allows the distinction between surfaces directly and indirectly
connected to the network. Unfortunately, this type of model does not take into consid-
eration the whole variability of physical properties since sub-catchments are considered
as homogeneous. The delimitation of CANOE sub-catchments can be done based on the
drainage system, the topography or according to the degree of imperviousness. Generally

CANOE takes into account three types of sub-catchment :

- Strict urban catchments : urbanized areas equipped with a sewer network. Impervious
area greater than 30%.

- Strict rural catchments : impervious areas is less than 5%.

- Mixed catchments : partially urbanized areas. Imperviousness coefficient is between 5

and 30%.
For each sub-catchment, three types of surfaces should be specified :

- Impervious surfaces directly connected to the network (S7), where the flow to the
network is fast (parking, road, roof,...).

- Impervious surfaces indirectly connected to the network (S2), where the flow is delayed
(roof, ...).

- Permeable surfaces (S53).

3.1.4.1 Process modeling

Various modeling options are available within CANOE model and can be used depending
on the characteristics of the catchment. The modeling calculation relies on two part

performed by two functions:
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1. The production function : defines the part of the precipitated rain that will

effectively reach the sub-catchment outlet. The result of this first transformation is

a net rainfall hyetograph. Net rainfall (Hp) is calculated as the difference between

the gross rainfall (Hp) and losses (P;) due to evaporation, vegetation retention,

storage in depressions and infiltration (Equation 3.3) :

Hp = Cgr.(Hp — F;) (3.3)

where Cpg is the runoff coefficient.

CANOE model propose two types of the runoff coefficient Cg :

(a)

Constant runoff coefficient model : it is the simplest and most classi-
cal modeling approach in urban hydrology. It consists in a runoff coefficient
Cr which is constant during the whole period of the rainfall event and inde-
pendent of the type of event. In this case, CRr is equal to the percentage of
impervious surfaces directly connected to the network. This model is suit-
able for highly urbanized and homogeneous sub-catchments. Initial losses are

considered null in this model (Hr = Cr.Hp).

CANOE standard model : the standard model is applied equally to the
three surface types (impervious surfaces directly connected to the sewer net-
work, those indirectly connected and permeable surfaces), and assumes a
different behavior depending on the precipitation rate.

The runoff coefficient Cg is defined as follow :

Cr = a.C8) + B.CS +7.CS3 (3.4)

where «, 8 and 7 represent the contribution of each type of surface (S1,S2
and S3) to the runoff and depend on the rainfall event type (low to medium
rain, heavy to very strong rain and exceptional rain). C'S1,CSs and C'S3 are
respectively the percentage of the three types of surface 51,52 and Ss.

In the standard model, o, 8 and vy coefficients as well as the criteria for the
distinction between the types of rainfall are general parameters of the project
that must be set by the user.

The initial constant losses P; are defined according to the slope of the sub-

catchment as follow :
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e For impervious surfaces :
— Pr = 2 mm, if the slope is < 1.5% .
— Pr = 0.5 +(3-S) mm, if slope is > 1.5% & < 3%.
— Pr = 0.5 mm if slope is > 3%

e For permeable surfaces :
— P; = 12 mm, if the slope is < 0.5% .
— Pr =2+ 4.(3-S) mm, if slope is > 0.5% & < 3%.
— P;r = 2 mm if slope is > 3%

(c) Horton model : Horton model (Section 3.1.1, Equation 3.2) is widely used
in urban hydrology for the estimation of the infiltration capacity of the soil, it
is known for providing a good approximation of infiltration curves in saturated
soil, or in a highly vegetated soil. However the obtained results are much less
interesting in case of a bare or dry soil where water/air interface issues are
more important (Insa-Valor (1999)). The main difficulty of this model is to
properly assess the three parameters fy, f. and k. They greatly vary with soil
physical characteristics (porosity) but also with its initial moisture content,
its plant cover, the size of raindrops, temperature, etc. They can be measured
in the laboratory or estimated from the literature, they can also be calibrated

using available measurements database.

2. The transfer function :

The transfer function aims to convert the net rainfall rate obtained to a flow rate at
the outlet of the sub-catchment (the entrance of the sewer system). This function
represents the transformation that the net rainfall hyetograph will undergo as it

passes across the catchment. Two models are available in CANOE model :

(a) Linear reservoir model :

Q. ()

5

Qs (®

Figure 3.7: Linear reservoir model
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The linear reservoir model is widely used in urban hydrology due to its sim-
plicity, its low number of parameters (only one parameter) and its good per-
formance in small catchment (up to 100 hectares). It is based on the combi-
nation of two equations; the continuity equation (Equation 3.5) and a storage
linear relationship that link the volume stored in the catchment Vi (m?) to

the Outflow Qs (m?/s) (Equation 3.6).
dVs/dt = Q.(t) — Qs(t) (3.5)

Vi(t) = K.Qu(t) (3.6)

This model can be represented by a single reservoir for which the law defining
the storage and the discharge varies linearly as a function of the water depth.
Indeed, the flow rate @), for a given time step ¢ (s) can be obtained from the

net rainfall Q. ; using :
At —At
Qs,t =€ K -Qs,tfl + (1 —e K )-Qe,t (37)

One of the major advantages of this model is that the catchment response
time parameter K can be estimated for each sub-catchment according to its
characteristics (area, slope, length of the water path and the imperviousness

coefficient).

For urban catchments, it can be calculated from (Insa-Valor (1999)) :
—0.0076 ~—0.512 ¢—0.401 1 —0.6
K =0.254A Cry 12870408, (3.8)

where K is the sub-catchment response time expressed in minutes, A is the
area in hectares, Cjp,, the imperviousness coefficient, S is the slope (m / m),

and L is the water path length (m).

Nash model : The model consists in a cascade of identical linear reser-
voirs discharging into each other. It is a two-parameters model (the lag time
parameter K and the number of reservoir n). The number n of reservoirs
depends mainly on the surface of the catchment and its imperviousness co-

efficient. The model is more interesting in the case of a slightly urbanized
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catchments or large areas (over 50 hectares) because it further delays the

output.

3. Hydraulic modeling : In CANOE model, the hydraulic simulation can be per-

formed in two manners, depending on the complexity of the sewer network:

(a)

Muskingum model : The Muskingum model is a non physical model based
on a storage equation relating the volume stored in the sewer to a linear
combination of the inflow and outflow. It represents the time shift and the
damping of the sewer network. This simplified models is hardly ever used
now, since the growth of the computer calculation speed allows to use sys-

tematically the Barre-Saint-Venant equations.

Barre-Saint-Venant equations : Flow calculations in the sewer pipes are
carried out using Barre-Saint-Venant equations; one reflects the conservation
of mass and the other one is a dynamic equation expressing conservation of
momentum also called the fundamental law of mechanics. Head losses in the
pipe are estimated using a roughness coefficient that depends on the nature
of the pipe. This coefficient is indicated in the model for each pipe (Manning
coefficient).

Barre-Saint-Venant equations are solved following the Preissmann scheme
using an implicit finite difference method with discretisation in space and
time. The values of the time and space steps can be set up by the user

(Insa-Valor (1999)).
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3.1.4.2 CANOE implementation

CANOE model

o Sewer node [58]
— Sewer pipe [51]
[ Sub-catchment [9]

Figure 3.8: CANOE model implemented for Sucy-en-Brie catchment. It consists of 9
sub-catchments and 51 sewer pipes

CANOE model was implemented for Sucy-en-Brie case study by the CD94 (County
Council of Val-de-Marne) and made available for this work. The catchment (Figure 3.8)
was divided to 9 sub-catchments with size ranging from 1 ha to 76 ha. Their imper-
viousness coefficient ranges between 30% and 60%. Only a part of the pluvial sewer
system is modeled, it consists of 58 nodes and 51 elements of pipe representing a total
length about 4 km and having a mean slope about 0.0116 m/m. Main characteristics of

each sub-catchment are presented in Table 3.1.
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Sub-catchment Area (ha) S (m/m) Cjyp CS1 Lagtime (min) P; (mm)

1 76.44 0.00225  35% 15% 37 2
2 43.88 0.03155  32% 15% 15 0.5
3 99.05 0.00756  30% 18% 27 2
4 24.79 0.00575  35% 15% 22 2
5 2.32 0.09253  35% 15% 4 0.5
6 3.74 0.00720  35% 15% 9 2
7 10.66 0.00279  60% 35% 12 2
8 13.07 0.00299  30% 15% 43 0
9 1.08 0.00055  40% 20% 38 2

Table 3.1: Main characteristics of sub-catchments considered in CANOE model. Ciy,p, P;
and S represent respectively the imperviousness coefficient, the initial losses for impervious
surfaces and the average slope.

In term of models used for the rainfall-runoff transformation, the second and the third
sub-catchments are considered as mixed areas (urban + rural) and therefore Horton
model was set up as the production function for these two sub-catchments with a con-
stant of time k = 1, initial infiltration rate fy = 40 mm/h, final infiltration rate f. = 10
mm/h and the initial losses P; is equal to 2 mm and 6 mm respectively for the second
and the third sub-catchment. The other sub-catchments are considered as urban areas
and modeled using the standard model as the production function. Parameters «, 5 and
~ of the runoff coefficient C'r used in the standard CANOE model ware calibrated using

real flow measurements and were set up as follow:

low rain (< 20 medium rain (< strong rain (> 22
mm) 22 mm) mm)

o & g a & g - & g

85 40 ) 90 80 20 95 90 40

Table 3.2: Parameters «, 5 and v of the runoff coefficient Cr set up for standard CANOE
model
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3.1.4.3 CANOE model refinement

One of the purposes of this work is to investigate improvements that should be im-
plemented on urban storm models in such a way to increase their ability to consider
the available small scale rainfall information measured by X-band radars. The current
CANOE model configuration presented above and used by the CD94 for modeling ap-
plications includes sub-catchments with large size. This choice is fully appropriate and
meets the CD94 requirements in terms of modeling; it is also coherent with the spatial
variability of the rainfall data available. In fact the CD94 engineers rely often on point
measurement rainfall data provided by rain gauges or on radar data provided by the
forecasting system CALAMAR which is 1 km? resolution. Indeed, the small size of the
catchment makes that it is only covered by 9 radar pixels (3*3 km?) which is so far from
presenting any spatial variability of rainfall structure.

However the use of high resolution rainfall data provided by the new ENPC X-band
polarimetric radar with this model configuration may have a very limited effect on the
model response since the latter considers the average of rainfall information over each
sub-catchment. This is why we decided to improve the CANOE model resolution and to
consider smaller sub-catchments. This choice was furthermore motivated by the avail-
ability of a large set of data including data describing the whole pluvial drainage system
and the land cover of Sucy-en-Brie catchment (Figure 3.9).

It is important to note that it was not within the scope of this work to improve the
performance of CANOE model that will be discussed during the validation step. The
main objective of this refinement process is to increase the ability of CANOE model to

take into account small scale rainfall information.
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o Sewer node [58]
— Sewer pipe [51]
[ Sub-catchment [9]
— The whole sewer system
B0 Impervious areas (road, building,...)

0 025 05 075 1Km
T

Figure 3.9: Data available for the refinement of CANOE model; the whole pluvial drainage
system and a detailed land cover were available

The refinement process was performed following three steps:

1. Delimitation of new sub-catchments was done based primarily on the sewer network
and the land use. Each new sub-catchment includes a part of the sewer network

which is connected to the sub-catchment outlet.

2. Characteristics of new sub-catchments (surface, outlet point, main water path,..)
were determined. The topography was used to estimate the mean slope whereas
the imperviousness coefficient was calculated using the land cover (Figure 3.9).
For simplification reasons, only roads are assumed to be directly connected to the
sewer network, roofs are indeed considered as indirectly connected to the sewer

system.

3. A calibration process was performed using a huge data set available to determine

new parameters. As a results «, 5 and 7y parameters were set up as follow:
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low rain (< 20 medium rain (< strong rain (> 22
mm) 22 mm) mm)

o & g a & g - & g

75 27 3 90 80 20 100 100 50

Table 3.3: Parameters a, 5 and v of the runoff coefficient Cg set up in the new CANOE-2

CANOE model [New configuration]

I Sewer node [210]
—— Sewer pipe [203]
D Sub-catchment [44]

Figure 3.10: The new configuration of CANOE model implemented for Sucy-en-Brie catch-
ment. It consists of 44 sub-catchments and 203 sewer pipes

The new CANOE model configuration consists of 44 sub-catchments instead of only
9. Their size ranges from 1 to 14 ha and 203 elements of pipe representing 9.7 km are
considered instead of only 53 pipes representing 4 km in the previous configuration. The
two CANOE model configurations will be used for various investigations performed in

the framework of this work, and will be denoted CANOE-1 and CANOE-2 respectively.

3.1.5 Validation of urban storm models

The validation of both CANOE and Multi-Hydro models was performed using real flow
measurements made available by the CD94. The aim of this part is to address the per-

formance of each model and to perform a first comparison between the two modeling
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approaches involved in this work. This validation step is also of extreme importance
especially for Multi-Hydro model since its modeling approach is not based on any cali-

bration protocol.
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3.1.5.1 Selected rainfall events
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Figure 3.11: Hyetograph and hydrograph for the 13 rainfall events selected to perform the
validation of Multi-Hydro and CANOE models

Figure 3.11 represents the 13 rainfall events occurred between 2010 and 2014 selected

for the validation of MutiHydro and CANOE models. Their main characteristics and
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details are given in Table 3.4. In this step, only rain gauge data coming from the Sucy
gauge was available. Radar data will be used later in this work to perform further mod-
eling analysis. The corresponding observed flow was sensed by the Sucy-171 flow sensor,
located upstream of the entrance to the retention basin. So only one point measurement
was available and no measurement campaign was carried out to collect distributed data

in various points of the sewer system.

Event Date Duration ez P Qobs

(mm/b) (mm) (m?/s)
1 12/07/2010 15h55° 24.0 14.2  0.7033
2 15/08,/2010 38h 40.8 54.6  0.8949
3 05/06/2011 8h25’ 60.0 21.8 3.1023
4 19/05/2012 6h50’ 31.2 7.6  2.1553
5 21/05/2012  17h55’ 9.6 19.2  0.7637
6 08/07/2012 8h 43.2 19.2  2.0707
7 28/05/2013 38h 14.4 10.4  0.3850
8  08/06/2014  4h5’ 216 114  0.6110
9 06/07/2014  57hY’ 14.4 272 1.1020
10 11/07/2014 13h5’ 7.2 19.8  1.0300
11 27/07/2014 12h5’ 38.4 19.8 1.0110
12 08/10/2014 19h 7.2 17.8  0.5130
13 12/12/2014 24h5’ 21.6 33.2  0.6720

Table 3.4: Main characteristics of the 13 rainfall events selected for the validation of Multi-

Hydro and CANOE models. I"™** (mm/h) is the maximum rainfall intensity, P is the total

rainfall depth (mm) and Q°% (m?/s) is the maximum observed flow at the outlet of the
drainage system.

It is important to note that no selection criterion was used for the selection of these
rainfall events. Moreover, no distinction between event types in terms of intensity or
spatial pattern was set in this work. The main aim was to perform a first validation
step, especially for MutiHydro model newly implemented and not calibrated as well as
the new configuration of CANOE model. Such validation is important and will allow

the use of both models to perform more modeling works and analysis.



Chapter 3. Hydrological modeling of urban catchments 157

3.1.5.2 Methodology

The validation of hydrological models has been a point of interest of various research
studies over the years (Khakbaz et al. (2012), Refsgaard (1997), Bennett et al. (2013),
Biondi et al. (2012)). Their aim was to investigate a universal strategy that can be
applied for the validation of urban models and to define parameters that can be used to
address performance of models with respect to flow measurements.

Biondi et al. (2012), Bennett et al. (2013) proposed both a validation protocol of hydro-
logical models, that relies first of all on a better knowledge of the modeling approach
involved. The use of a large input data with different characteristics is desired (i,e dif-
ferent rainfall events including low, medium and severe events. If available the use of
different rainfall sources (point measurements and radar gridded data) is advisable), the
identification of sources of uncertainties and finally the use of graphical techniques and
metric parameters to asses and discuss the model performance.

Generally, model evaluation is performed in two manners: (1) graphical techniques eval-
uation remain the first step in any validation process. They are based in most cases on
a graphic comparison of observed and simulated data. This allows a quick and efficient
inspection of the model results, a verification of the obtained temporal dynamic and the
identification of possible sources of errors. (2) Performance evaluation can be performed
using a set of parameters carefully identified based on the desired modeling goal. They
are often based on squared deviations to quantify performance from different points of
view: (i) the correlation coefficient is usually used to analyze the hydrodynamic of the
model, (ii) the coefficient of determination R? is used in urban hydrology to assess the
quality of the model fit with respect to observed data. (iii) Additional parameters are
used to quantify specific errors in simulated data (i,e errors in the peak flow ( dr) or
in the total volume (6V)). A review of these parameters can be found in (Biondi et al.

(2012), Bennett et al. (2013)).

As previously discussed, the quantification of uncertainties is of crucial interest in urban
hydrology and should be a part of any validation protocol. Several sources of uncertain-
ties were reported in the literature: they are related to the model formulation itself or
to the data used for the calibration and validation steps (Butts et al. (2004), Rochester
(2010), Surfleet and Tullos (2013), Bastola et al. (2011), Lee et al., Knoche et al. (2014),
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Li et al. (2010), Hossain et al. (2004), Stransky et al. (2007a), Wu et al. (2014), Villar-
ini and Krajewski (2010), Deletic et al. (2012), McMillan et al. (2012), Stransky et al.
(2007b)).

1. Uncertainty related to the model parameters : the estimation of hydrological model
parameters is the most important step during the model implementation. It is
a very complex and time consuming task, that may require huge investigations
whether on input data or on site for direct measurements. Uncertainty related
to model parameters can be estimated in the framework of a sensitivity analysis.
However, this uncertainty often remains and urban models usually rely on calibra-
tion protocol to minimize it.

Sensitivity of hydrological models to the fluctuation of their parameters depends
mainly on the modeling approach involved. In CANOE model, an estimation of
the ratio of each type of surface (permeable, impervious directly connected and
impervious indirectly connected to the sewer network) is of crucial interest because
the runoff coefficient (Equation 3.4) depends on such estimations. However, an ac-
curate estimation is impossible and Equation 3.4 parameters «, 8 and 7 should be
calibrated using real flow measurements.

For physical based model, the problem related to parameters estimation is different.
In fact, these models rely on physical equations that involve physical properties.
Such parameters were widely analyzed and defined for each type of soil (Rawls
et al. (1983)). In this work all physical parameters used in Multi-Hydro were esti-
mated from the literature and no real site measurements were done. Calibration is
not performed for Multi-Hydro model, for which the classical calibration approach
that consists in forcing the model to reproduce observed data as accurate as pos-
sible by changing its parameters cannot be applied here. In fact gridded based
model performance are highly dependent on the spatial scale of the model. So
taking into account the high scale dependency of urban catchment patterns can
improve the model performance. This point will be investigated in more details

later in this work.

2. Uncertainties related to rainfall : uncertainties related to rainfall were well dis-
cussed in the literature and many studies demonstrate that rainfall uncertainties

remain and propagate in the model outputs (Lee et al., Hossain et al. (2004),
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Stransky et al. (2007a,b)). Uncertainties due to rainfall can have two sources;
(1) uncertainties in rainfall measurements themselves and (2) uncertainties due to
the way the model consider rainfall information (sub-catchment based model usu-
ally consider an average of the rainfall information at the sub-catchment scale).
The first point was discussed in the previous chapter while the second one will
be investigated later in this chapter in the framework of a sensitivity analysis of
Multi-Hydro and CANOE models to rainfall spatio-temporal variability. Such in-
vestigations was already performed by Gires et al. (2015) using downscaled radar

data.

In this validation step, performance of urban storm models will be analyzed using four

parameters estimated based on observed Qs and modeled flow )04 time series :

e Nash criterion : Nash-Sutcliffe efficiency coefficient NSE (Equation 3.9) is the
most used parameters in urban hydrology to quantify performance of urban models.
It is also widely used for model validation and calibration. NSE measures how
well the model describes the variance in the observations in comparison with a
model that only uses the mean of the observed data. NSE values range from —oo
to +1. A value of 1 indicates a perfect model, while a value of zero indicates
performance no better than simply using the mean. A negative value indicates
even worse performance than using just the mean. The efficiency of Nash criterion
was discussed in the literature, and many attempts were conducted in order to

improve the NSE coefficient (Gupta et al. (2009)).

n t At 2
NSE: 1— ZthO( Otbs Cg_’!;bod)Q (39)
th()( obs obs>

e Correlation coefficient : The correlation coefficient r (Equation 3.10) measures
the strength and the direction of the linear relationship between the model output
and the observed data, r values range from -1 to 41, positive value of r indicates
that the two time series describe the same dynamic (they increase and decrease at
the same moment). A correlation greater than 0.8 is generally described as strong,

whereas a correlation less than 0.5 is generally described as weak.

r = Cor(Qmods Qobs) = €0V (Qmod: Qobs) (3.10)

Omod-Oobs
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e The Volume error (6V) and the relative peak flow error (ér) : The volume
error 6V (Equation 3.11) is used here to set the error between the simulated and the
observed flow in terms of the total volume. The relative error or (Equation 3.12)

will assess error observed in the peak flow between modeled and observed data.

SV = Z?:O Qvtnod — Z?:O Qf)bs

Zn 0 (3.11)
t=0 ¥ obs
maxr __ )ymax
mod obs
or = — (3.12)
obs
3.1.5.3 Results and discussions
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Figure 3.12: Performance analysis of Multi-Hydro, CANOE-1 and CANOE-2 models; the
correlation coefficient r was computed as well as NSE coefficient, the volume error §V and
the relative error in the peak flow dor.

In Figure 3.13 are compared modeled and observed data for the 13 rainfall events se-

lected (black line represents the observed flow while red, blue and green ones represent

Multi-Hydro, CANOE-1 and CANOE-2 modeled flow respectively).
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One can notice, that the observed flow dynamic is in general well reproduced by both
CANOE and Multi-Hydro models; peaks flow occur at the exact time except for E4, E6
and E10 events. Small and highly variable flow dynamic observed in the E2, E10 and
E13 events are reproduced in a good manner as well. However, results show that the
magnitude observed at the peak flow is not too accurate with respect to measurements,
especially in the case of CANOE-2 model. This is probably related to the calibration

issues of the new configuration.
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Figure 3.13: Simulated flows obtained are plotted as well as the corresponding obser-
vations; black line represent the observed flow while red, blue and green ones represent
Multi-Hydro, CANOE-1 and CANOE-2 modeled flow respectively

The underestimation of peaks flow observed in the E4, E6 and E10 events is certainly

due rainfall measurement issue. In fact, only point measurement data was involved in

this work which explain the difference observed here.
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The last observation that should be made, concerns the base flow observed in the mod-
eled data. In fact Multi-Hydro tends to decrease rapidly compared to CANOE model,
and its base flow is null while it is 0.0145 m3/s in case of CANOE model. This flow
corresponds to the leakage rate due to bad connections observed in the pluvial drainage
network (people connect their waste water system to the pluvial drainage network in-
stead of the sewer network) and it is not considered in Multi-Hydro model. This point
should be improved in future version of the model.

Figure 3.12 shows performance analysis of models with respect to flow measurements.
As expected, the correlation coefficient is higher except for the E10 event indicating that
the modeled flow dynamic is in a good agreement with the observed one. If we do not
consider the E10 event, r averages are 0.93, 0.93 and 0.94 respectively for Multi-Hydro,
CANOE-1 and CANOE-2 models.

NSE performance indicator shows a better performance for Multi-Hydro model, NSE
retrieved means are 0.65, 0.59 and 0.64 respectively for Multi-Hydro, CANOE-1 and
CANOE-2 models. However when not considering the E4, E6 and E10 events, NSE
means are improved to 0.73, 0.64 and 0.69 respectively. High values of NSE are ob-
served for the E3, E5 and the E13 events.

One can notice also the slight improvement noticed between CANOE-1 and CANOE-2
performance, but difficult to relate this improvement to the refinement of CANOE model
resolution. In fact the calibration protocol applied after the refinement process makes it
difficult to relate improvements on CANOE model performance to the improved model
spatial resolution.

In terms of the ability to reproduce the peak flows, the mean of |ér| is 21% for Multi-
Hydro and CANOE-1 models while it is 0.35 for CANOE-2 model. The new configura-
tion of CANOE model is clearly overestimating peaks flow between 0.10 and 0.70 noticed
for the E7 event whereas Multi-Hydro model underestimates peaks flow between 0.5 and
0.30 observed for the E9 event, and sometimes overestimates the peaks flow between 0.10
and 0.50.

In terms of the total volume error, the mean of |§V] is 0.23, 0.38 and 0.35 respectively
for Multi-Hydro, CANOE-1 and CANOE-2 models. A part of this volume error noticed
in Multi-Hydro model is due to the fact that leakage flows are not considered in the
current version of the model.

It is important to note that Multi-Hydro was implemented and validated in this work

at 10 m spatial scale. The configuration of the model at this scale shows an impervious
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coefficient about 37% which is coherent with what is estimated from the GIS data and
CANOE model. However Figure 3.14 shows a high sensitivity of the model response
to the spatial scale [100 m, 5 m]. Indeed, it will be important to analyze how the per-
formance of the model changes when changing the model spatial scale. This point will
be investigated in the next section from two points of view; (i) first of all, scale depen-
dency observed within input data will be highlighted using fractal tools, then (ii) huge
multi-scale modeling investigations will be performed and Multi-Hydro response will be
analyzed at various spatial scales ranging from 100 m to 5 m.
12/12/2014 event

— Observed data
Modeled data
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Figure 3.14: Sensitivity of Multi-Hydro model hydrological response to the spatial reso-
lution of the model [100 m, 5 m)]

3.2 Scale dependency in urban hydrology

The effect of scaling still remains a serious issue in urban hydrology especially for fully
distributed and gridded based models. The choice of an appropriate spatial resolution
is a crucial problem, and the obtained model performance depends highly on the chosen
implementation scale. The appropriate spatial resolution is obviously linked to the qual-
ity of data available, their spatial resolution and the modeling goal (Dehotin and Braud
(2008)). Very few works were reported in the literature Dehotin and Braud (2008),
Hardy et al. (1999), Ostrowski (2002) about scaling effects in urban hydrology, much
less are based on real modeling investigations of scaling effects on models performance.
The scale dependency observed in urban areas, is first of all due to the high hetero-
geneity observed in such areas, scaling effects are much more important in urban areas

than rural ones. They are the consequences of the high heterogeneity observed in all
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geophysical factors such as topography and land use. The impact of scale dependency
on modeling outputs depends mainly on the modeling approach involved. In fact, semi-
distributed models and in general conceptual based models are not affected by scaling
effects, parameters used in such models are usually calibrated and considered as uniform
at sub-catchment scale. On the contrary, fully distributed and physically based models
are based mainly on a full consideration of the catchment heterogeneity. Such models
show more flexibility on changing the implementation scale, depending on the availabil-
ity of the data and its quality.

In this work, we propose to investigate scaling issues in urban hydrology modeling. The
investigation will be performed in two steps: in the first part, fractal tools will be used
to characterize the scale dependency observed within GIS data used as input for urban
storm models. Then multi-scale modeling investigations will be carried out using Multi-
Hydro model to analyze the effect of this scale dependency on model performance. To
achieve this investigation, huge works were conducted to implement Multi-Hydro model

at a wide range of scales from 100 m to 5 m.

3.2.1 Demonstration of scaling of urban catchment

The first stage of this work is to investigate and identify the scale dependency in GIS
data used as input for urban modeling by computing its fractal dimension. In fact
the complexity of urban sewer systems and the extreme variability of urban land use
make that urban environments can be described with fractal geometry. Fractal tools
(Section 2.3.1) are widely used in several science domains including geology, medicine,
meteorology and finance. In hydrology, the fractal dimension concept has been used in
many studies in the past for the various purposes (Gires et al. (2014a), Mesev et al.
(1995), Use, Wu et al. (2013), Thibault and Crews (1995), Frankhauser (1998), Wu
and He (2009), Sagar (2004), Jiang et al. (2012), Gires et al. (2013), Radziejewski and
Kundzewicz (1997)).

In this work, the structure of the urban storm system, the distribution of impervious
land use pixels as well as the distribution of gully surface points will be analyzed using
fractal concept. Results of this fractal analysis will clearly highlight the scale dependency
of urban catchment patterns, it should also increase our understanding of how gridded

based urban storm models consider the high heterogeneity of urban catchments. Impacts
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of this scale dependency on urban storm models outputs will be investigated later as

well in the framework of a multi-scale modeling performance evaluation.

1. Fractal dimension of urban sewer network : Two areas have been selected to
perform the fractal analysis for the storm system. The purpose of these selection
is to minimize the effect of no data pixels by considering two well covered square
areas for which the size is a power of 2. Figure 3.15 shows the 2 m pixel size
original data available and the two selected zones. The small area is a 512 m size
(lp=512 m) and the bigger one is a 1024 m. In practice the data in these areas
will be presented using different pixel sizes [ starting from 2 m and multiplying

the size by 2 at each step.

Fracatl dimension of the sewer network Fractal dimension of the impervious areas

— Pluvial sewer network Il Impervious areas(houses, roads,...)
[J Area1:512m x 512m [ Area 1: 1024m x 1024m
[ Area 2: 1024m x 1024m [ Area 2: 1024m x 1024m

Figure 3.15: The original 2 m pixel size data used to perform the fractal analysis of the
sewer system and impervious areas, two well covered areas were selected.

Figure 3.16 gives results obtained when plotting in a log-log plot the number of
pixel N, needed at a given resolution A to cover the storm network data as a
function of A. Results show a clear respect of the Equation 2.11 at two ranges of
scale; indeed two scaling regimes should be considered with a clear break noticed at
~ 64 m. For small scales [2 m, 64 m], the fractal dimension Dy is almost equal to 1
indicating the linear behavior of the sewer pipes structure observed at small scales.
For large scales | > 64 m the fractal dimension Dy is higher than 1.8 (1.82 for area 1

and 1.88 for area 2) suggesting that the pluvial network structure occupies almost
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the whole 2D space. Thus it becomes difficult at large scales to identify the whole
sewer structure (pipes, nodes,...). These results confirm similar conclusions of
a multi-catchment work performed in the framework of RainGain project about
fractal analysis of environments data of 5 pilot sites located in Europe. The break
at 64 m was related according to this study to the distance between two roads in

urban areas.

Sewer system: area 1 (512m x 512m) Sewer system: area 2 (1024m x 1024m)
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Figure 3.16: Fractal analysis of the sewer structure. Two ranges of scale are identified on
both areas; Dy is equal to 1 at small scales [2 m, 64 m| and 1.8 for large scales | > 64 m

2. Fractal dimension of impervious areas :

Impervious areas: area 1 (1024m x 1024m) Impervious areas: area 2 (1024m x 1024m)
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Figure 3.17: Fractal analysis of the impervious data. one unique scaling regime is identified
at the whole range of scale available [2 m, 1024 m]; D is greater than 1.8 for both areas.
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For impervious data (Figure 3.15), two 1024 m size square areas were selected to

perform the fractal analysis. Figure 3.17 shows results obtained. Indeed, both

areas exhibit a clear and unique scaling regime at the whole range of scale avail-

able [2 m, 1024 m]. The fractal dimension D; computed is greater than 1.82

(1.82 for Area 1 and 1.85 for Area 2) which is coherent with what was found for

similar urban areas in Europe. Results obtained here are of extreme importance,

they show clearly the high scale dependence of urban catchment patterns, such

dependency will have significant effects on the catchment behavior and modeling

outputs. Indeed, the imperviousness coefficient Cjy,;, of the catchment (defined as

the ratio between impervious surface and the total surface) depends highly on the

spatial scale at which the model is implemented indicating that the model output

will shows high scale dependency as well.

3. Fractal dimension of gully network

Fractal dimension of gullies network
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Figure 3.18: Fractal analysis of storm sewer inlet points network.

A significant advantage of gridded based model is their ability to consider the

whole available sewer network, instead of only modeling a part as it is done by

semi-distributed models. In the case of Multi-Hydro model, inlet points are the

only connection available between the surface and the drainage module. So keeping

the distribution of all these points whatever the spatial scale of the model is very

important but unfortunately not possible due to the dense gully network available.

In fact, the number of inlet points considered decreases as shown in Figure 3.18.

Indeed, 292 gullies are considered at 2 m resolution while only 272 at 8 m. The
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number decreases to 199 at 25 m and to only 113 when using 100 m pixel size.
This change my have significant impacts on the hydrological response of the model

and should be taken into consideration during modeling investigations.

4. Effect on the urban catchment behavior : Previous results show that the ur-
ban catchment configuration considered by gridded based models depends highly
on the scale at which the model is implemented. In fact, spatial patterns observed
in the land cover are quickly changed once we change the observation scale. The
impervious coefficient Cj,,;, which is widely used in urban hydrology to address hy-
drological behavior of urban catchments is indeed changing as well. In Figure 3.19
are displayed the distribution of four important land cover classes (Forest, road,
grass and house) considered in Multi-Hydro model, as well as the variation of the
impervious coefficient Cj,,;, as function of the model spatial scale. Several key
information emerge from this graph. The first one is that the impervious coeffi-
cient is highly sensitive to the model spatial resolution, three ranges of scale can
therefore be clearly identified; large scales [100 m, 30 m] at which the impervi-
ous coefficient decreases significantly from 55% observed in 100 m to its minimum
value of 27% at 30 m, this is due to a huge redistribution of land cover classes. At
medium scales [30 m, 10 m], the impervious coefficient increases from 27% to 37%
estimated at 10 m. The second important remark is that for small scales [10 m, 5
m|, we observe what can be considered as the final configuration of the catchment,
the most accurate and closer to the reality on the ground, the impervious coeffi-
cient remains stable around 38% which may suggests that the model response will

be stable as well at this range of scale.
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Figure 3.19: Scale dependency observed in the imperviousness coefficient Cjy,yp, the dis-
tribution of impervious surfaces remain stable for small scales [10 m, 5 m], the white color
corresponds to ”"gully”.

In order to carry out the multi-scale modeling analysis, Multi-Hydro model was im-
plemented at 17 spatial scales ranging from 100 m to 5 m. Fractal analysis presented
above shows that all input data used for urban models is highly sensitive to the model

resolution.

3.2.2 Study of sensitivity of urban storm models to spatial variability

of the catchment

3.2.2.1 Selected rainfall events

8 rainfall events (Figure 3.20) that occurred between 2010 and 2014 were selected from
the data set used for the validation part (see 3.1.5.1. Please note that only events for
which the model shows better performance were selected here.), their main characteris-
tics are summarized in Table 3.5. To avoid the effect of rainfall variability, the choice
was made to use only uniform rainfall information provided by rain gauge. The cor-
responding flow measurement sensed by the flow sensor located upstream the entrance
of the retention basin was available as well. Rain gauge data is coming from a tipping
bucket rain gauge located at the center of the catchment, the data was available with 5

min time resolution.
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Total depth

Event Date Duration Imax (mm/h)

(mm)
El 12/06/2010 22:00 - 07:00 (+1) 19.2 16
E2 12/07/2010 06:00 - 14:00 24 14.2
E3 16/07/2011 19:00 - 05:00 (+1) 9.6 38.6
E4 05/08/2011 07:00 - 19:00 9.6 21.2
Eb5 21/05/2012 11:00 - 04:00 (+1) 43.2 19.2
E6 08/07/2012 01:00 - 09:00 21.6 11.6
E7 08/10/2014 06:00 - 15:00 21.6 33.2
E8 12/12/2014 18:00 - 18:00 (+1) 14.4 38.6

Table 3.5: Main characteristics of the 8 rainfall events selected to perform the scale de-
pendency investigations
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Figure 3.20: Rainfall data and the corresponding flow measurement available for the 8
rainfall events selected to perform the multi-scale modeling investigation.

3.2.2.2 Methodology

The fractal analysis of Multi-Hydro input data presented above, demonstrates how the

catchment patterns are dependent on the spatial scale. The model response is therefore
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expected to be so.

To address the sensitivity of Multi-Hydro modeling outputs to its spatial scale, the model
was implemented at 17 spatial scales ranging from 100 m to 5 m and intensive modeling
work was carried out. Results were analyzed with respect to real flow measurements

from different points of view using performance indicators presented in Section 3.1.5.2

e Hydrodynamic evaluation : it is interesting in a first place to investigate the
dynamic of the model and how it can be affected and modified when we change
the implementation scale. In fact it is clear from previous results that the distri-
bution of impervious and permeable surfaces is significantly changing every time
we change the observed spatial scale leading to an over - or underestimation of
water volumes.

The correlation coefficient r (Equation 3.10) defined in Section 3.1.5.2 will be used
to set this dynamic.

As reported in Bennett et al. (2013), spectral analysis is one of the techniques
that can be used in urban hydrology to compare the dynamic of modeled and
observed data in the frequency domain. Indeed, the power spectrum of simulated
flow Qs time series will be computed as well and compared to the power spectrum

of observed flow.

e Qualitative evaluation : the model performance and accuracy obtained at each
spatial scale will be discussed with respect to observations. Indeed, two parameters
will be used to achieve this analysis; (1) Nash coefficient (NSE) (Equation 3.9)
will be used to set the efficiency of the model at each spatial scale. (2) We used the
coefficient of regression 3 (Equation 3.13) to distinguish spatial scales for which the
model overestimates and those for which the model underestimates the observed
flow, 8 values range between —oco and +o00, a value of § = 1 indicates a perfect
match between the observed and simulated flows, if § < 1, then the model is
underestimating the observed flow, otherwise it is overestimating the observed

flow.

cov (Qs ’ Qobs)

IB - UCLT(Qobs)

(3.13)

e Peak flow analysis : A special focus will be given to peak flows and how they
are affected by changes on the model spatial scale. The relative error observed at

the peak flow dr (Equation 3.12) will be used for this purpose.
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All these parameters will be analyzed and results discussed in the next section, the
analysis will help us to identify spatial resolutions for which the model shows good

performance with respect to measurements.

3.2.2.3 Results and discussions

1. General discussions : For each of the 8 selected rainfall event, 17 simulations
were carried out and the corresponding simulated flow time series were retrieved
at the pipe located immediately at the upstream of the retention basin, the same
point where the observed flow was sensed. Figure 3.21 represents all simulated
flows Qs obtained with Multi-Hydro model at 17 spatial scales involved. The first
remark to be noticed from these results is the high sensitivity of the modeling
output to the spatial scale of the model, two basic statistics parameters were used
to analyze this sensitivity; the mean flow and the range of modeled flow defined as
the difference between the maximum and the minimum obtained flow (@) were
computed. Considering these results, we can analyze three ranges of scale; large
scales [100 m, 40 m] for which the model overestimates greatly the observed flow
(for 100 m and 40 m, the mean flow (Qs ) is respectively 234% and 34% higher
than the mean observed flow, the range is 281% and 44% respectively higher
than what is observed). This result is expected given the distribution of urban
surfaces noticed at this range of scale. at medium scales [30 m, 15 m], the model
output variability is less important, the mean flow is very close to the observed one
(between -2% and +8%), the range remains greater than the observed one (6% to
39% higher), high performance according to these two parameters are obtained at
15 m scale. For small scales [10 m, 5 m]|, the mean %Bias noticed for the mean
flow remains stable between -11% and 23%, whereas the range mean %Bias still

important (between 16% and 55%).
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Figure 3.21: Multi-scale modeling outputs compared with observed flow, one can notice

the high sensitivity of Multi-Hydro response to the spatial scale of the model.
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All Boxes presented in the following sections were processed as follow:
— 100%
— 80%

— 50%

— 20%

— 0%

2. Hydrodynamic evaluation :
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Figure 3.22: Results of model hydrodynamic evaluations; the correlation coefficient r was
retrieved for each modeling outputs with respect to real measurements

The hydrodynamic evaluation of modeling outputs is based on the estimation of
the correlation indicator r between modeled and observed data. Figure 3.22 shows
results obtained. From Figure 3.22, one can notice the high performance of Multi-
Hydro model to reproduce the observed flow dynamic at any spatial scale. In
fact, Nash values range between (.85 and 0.98 with an average between 0.94 and
0.98 indicating high correlation between modeled and observed data. This trend
was also noticed from the graphical comparison (Figure 3.21) between modeling
outputs and observed data.

The ability of Multi-Hydro model to reproduce such results demonstrates one
of the advantages of physical-based models to reflect correctly the observed flow
dynamic. It also indicates that physical parameters used for the implementation
of the model are ”corrects”. The overestimation of the volume is due in fact to an
overestimation of impervious areas observed at large scales.

Same conclusions were retrieved from the power spectra analysis of observed and

simulated data. In Figure 3.23 are plotted in a log log plot, the power energy
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spectrum of modeled and observed data as function of the time frequency. Results

confirm the ability of Multi-Hydro model to reproduce the observed flow dynamic

even

at large scales.
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Figure 3.23: Power spectra analysis of modeling outputs; the power energy spectrum of
modeled and observed data is plotted in a log log plot as function of the time frequency

3. Performance evaluation :
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Figure 3.24: Performance indicators NSE, 8 and ér estimated from Multi-Hydro modeling
outputs obtained at the 17 spatial scales with respect to observed data.
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The multi-scale performance evaluation of Multi-Hydro model outputs is per-
formed using three statistics presented earlier in this work; Nash-Sutcliffe effi-
ciency NSE, the coefficient of regression 8 and the relative error at the peak flow
or. Obtained results are summarized in Figure 3.24. One can notice the high scale
dependency of the obtained model performance. In fact all parameters adopt the
same trends indicating lower performance at large scales and high performance
retrieved at small scales. Model performances are indeed improved as the model
resolution increases. From these results, the three ranges of scale previously iden-
tified during the fractal analysis (Figure 3.19) are also recognized in Figure 3.24.

Consequently, performance evaluation will be analyzed at these three ranges of

scale.
Range of scale Performance indicators (min/max/mean)
Correlation NSE 15} or
[100 m - 40 m] 0.83/0.99 -13.92/0.92 0.62/4.07 -0.36/3.69
/0.93 /-2.36 /1.99 /1.09
30 m - 15 m) 0.81/0.98 0.63/0.91 0.54/1.25 -0.31/0.51
/0.94 /0.79 /0.89 /0.17
[10 m - 5 m] 0.82/0.98 0.44/0.91 0.59/1.60 -0.39/0.61
/0.93 /0.72 /1.06 /0.19

Table 3.6: Min/Max/Mean of performance indicators ( Correlation, NSE,  and 0r) calcu-
lated at three ranges of scale ([100 m - 40 m], [30 m - 15 m], [10 m - 5 m])

In Table 3.6 are summarized basic statistics (minimum, maximum and the average)
of performance indicators Correlation, NSE, 8 and dr calculated at three ranges

of scale [100 m - 40 m], [30 m - 15 m] and [10 m - 5 m].

e At large scales [100 m - 40 m] : the impervious coefficient Cjp,, of the
catchment is very high, it ranges from 45% at 100 m to 30% at 40 m. The
model flow obtained at this range of scale exhibits similar dynamic as observed
flow. However performance indicators show very weak performances of the
model at this range of scale; NSE values range from -13.92 observed at 100
m scale to 0.92 observed at 40 m scale, 8 indicator indicates that the model

is highly overestimating observed flow, its values range from 4.07 observed at
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100 m scale to a minimum value of 0.62 noticed at 40 m, the average at this
range of scale is around 2. In terms of the peak flow analysis, the relative
error indicator (07) shows clear overestimation of the peak flow at this range
of scale up to 369%.

All statistic indicators suggest very weak performances of the model at large
scales [100 m - 40 m]. In fact, the catchment behavior at this range of scales
exhibit high impervious coefficient which means that infiltration is limited

and water is routed in majority to the sewer system.

e At medium scales [30 m - 15 m] : the model shows its better perfor-
mances, NSE values range between 0.63 and 0.91, with an average around
0.79 demonstrating high performance of Multi-Hydro model. The /3 indica-
tor takes values between 0.54 and 1.25, its mean is around 0.89 suggesting
a good fit between modeled and observed data. The relative error indicator
(6r) ranges from -0.31 to 0.51, its mean value is around 0.17. The model
still indeed overestimating the peak flow by 17% on average. However, the
overestimation of peak flow was already noticed during the validation step of

Multi-Hydro model, it was estimated around 21%.

e At small scales [10 m - 5 m] : the model performances are just unclear
even if they do not vary too much, trends observed at large and medium scales
are changed. In fact, Table 3.6 indicates that NSE values range between 0.44
and 0.91, its mean value is around 0.72 demonstrating high performance of
Multi-Hydro model. The S indicator takes values between 0.59 and 1.6, its
mean is around 1.06. The relative error indicator (dr) ranges from -0.39 to
0.61, its mean value is around 0.19. Indeed, slight fluctuations of the model
performance are observed at this range of scale and no improvement noticed
in the model performance. The model loses even its performance for some
rainfall events. These fluctuations observed at this range of scale highlight
some specific issues that only take place at this range of scale and influence

the model performance.

From the performance evaluation performed here, results noticed at medium scales
are surprising because the impervious coefficient is between 27% and 35% noticed
at 15 m. However, high performance were retrieved at 15 m scale and were expected

to remain stable at small scales as well but starting from 10 m, other issues occur
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and changes the model performance. The quality of GIS data is clearly identified
as the major problem that only takes place at small scales and leads to fluctuations

observed in the model performance at this range of scale.

4. Specific modeling issues at small scales : we found it important here to
discuss performance of the model in a global framework, especially by taking into
consideration some serious problems that one may face when performing high
resolution modeling. In fact, as shown in Figure 3.24, previous results show that
the model performances are indeed increasing with the spatial scale of the model
decreasing, this is due to a better representation of the catchment behavior and
the consideration of small scale heterogeneity. However 3 ranges of scales were
clearly identified from previous results. At large scales [100 m, 40 m], the model
shows a fast computation time (up to few minutes) but lower performances (the
model reproduces the same flow dynamic, but the volume is overestimated up to
234%). At medium scales [30 m, 15 m]|, the model exhibits high performance
(Table 3.6) and fast computation time. At small scales [10 m, 5 m] the urban
catchment configuration remains unchanged (the impervious coefficient remains
around 37%). However model performances at this range of scales are just unclear
and some fluctuations of these performances are noticed). Such fluctuations are
in fact related to some serious problems that only take place at small scales and

should be considered when implementing urban storm models:

(a) GIS data quality : urban hydrological models in general and fully-distributed
ones in particular are highly demanding on distributed data for their imple-
mentation. A detailed description of the land use occupation is essential as
well as distributed topography data. Such data are usually available and can
be provided by GIS services. However, its quality is a big issue especially
when used to perform high resolution modeling. T'wo main issues should be
detailed here:

- The spatial resolution of the topography data : the topography is the main
driving force for surface water movements and the accuracy of this data has a
lot of influence on gridded based models outputs. In our case, the topography
data was available at 25 m resolution and interpolation was performed to ob-
tain distributed data at small scales. However, the quality of obtained data

below the 25 pixel grid is not fully reliable. The problem is even more striking
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in small scale up to 2 m (not included in this work), where the movements of
water in the surface were very limited.

- Land use occupation description: the description of the land use is also of
extreme importance in urban hydrology and specifically for fully-distributed
models. In fact, physical properties defined for each pixel depend exclusively
on its land use. Such data are usually available especially after huge improve-
ments noticed in the availability of satellite images and new technologies used
in this field. However, one commonly and often faced issue of this data is the
portion of unknown data, indicating unidentified land use occupation. This is
not related to the data resolution, but depends on the processing of satellite
images obtained. For the case of Sucy-en-Brie catchment, land use occupa-
tion data was available at very good resolution (25 cm), but the portion of
unidentified data was about 20% and was filled in most cases by grass.

At large scales, the problem specific to "no data” pixels has no influence
because large pixels size usually include a portion of a road, house,.... But
at small scales, the catchment behavior will be affected by the land use at-
tributed to these no data pixels, and the model response will not be the same
if the unidentified areas were filled by grass or by impervious soil.
Fluctuation of the model performances observed at very small scales can be
in fact related to this two issues that should be therefore considered when

implementing hydrological models.

Numerical instabilities : Fluctuation of the model performance noticed
at small scales can also be the consequence of numerical instabilities. In fact,
the numerical scheme used in Multi-Hydro model for the surface modeling
calculations is sensitive to small scale variation and have effect on the model

response. Further works should be conducted to quantify these instabilities.

Computation time : it is important in urban hydrology to consider the
computation time needed for a given model to simulate a given rainfall pe-
riod. It is in fact one of the first criteria considered by urban water managers
for the choice of urban storm models. Fast computation time is even crucial
in case of models involved in real-time management processes. For fully-

distributed models, the computation time depends on two factors; the size of
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the catchment and the resolution of the model.

For the case of Sucy-en-Brie catchment, Multi-Hydro model shows fast com-
putation time at large scales up to 10 m (few minutes), and huge computation
time is needed at very small scales [5 m, 2 m| (several hours). This is due
to the huge number and size of the model outputs kept saved for research
needs. Improvements should be implemented in the model structure in order

to enhance the model performance from this point of view.
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Figure 3.25: Model performance versus model implementation scale. Three ranges of scale
are reported here. Specific attention should be devoted to small scale urban modeling needs
in terms of data quality and computation time.

Figure 3.25 summarized main conclusions of this scale dependency investigation. In
fact, fractal analysis of environment data used as input for urban storm models demon-
strates the high scale dependency observed in such data. Urban catchment geophysical
data appear to be modified every time the implementation scale changed. The effect
of such scale dependency on gridded based models performance was investigated in the
framework of a multi-scale modeling investigation performed using Multi-Hydro model
at 17 spatial scales. Results show huge scale dependency of the models performance.
Performance Multi-Hydro model increases as the model resolution increases. High per-
formance are retrieved at starting from 30 m scale. ” Good model” response with respect
to flow measurements is obtained at 15 m scale. However some special issues related to

data quality and resolution affect the model performance at very small scales. These
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issues as well as model needs in terms of computation capabilities should be considered
when performing high resolution modeling.

At the same time, analysis performed here demonstrates the difficulty to apply the clas-
sical calibration approach in the case of gridded based models. In fact, such approach,
based on forcing the model to give a better performance by changing its parameters,
cannot be applied for gridded based models because of this high scale dependency. A
better consideration of such scale dependency allows to define an optimum scale, at
which the model gives better performance with respect to measurements. It can be seen

as a new approach of gridded based models calibration.

3.2.3 Sensitivity of urban storm models to rainfall spatio-temporal

variability

One of the purposes of this work is to investigate the real needs for small scale rainfall
information for modeling applications. Most of former research carried out in this direc-
tion (ten Veldhuis et al. (2014), Emmanuel et al. (2011), Bruni et al. (2012), Schilling
(1991a), Gires et al. (2011a, 2013), Einfalt et al. (2004), Schilling (1991b), Berne et al.
(2004), Bruni et al. (2015), Gires et al. (2015)), with often a hypothetical X-band po-
larimetric radar data, remains inconclusive about the advantage of such detailed rainfall
information for modeling applications. Furthermore, most of these works involve only
conceptually based models, originally designed for input of a uniform rainfall on sub-
catchment or even catchment scales.

Berne et al. (2004), estimated the required space-time resolution of rainfall as a function
of the surface of the catchments based on quantitative investigations of the space-time
scales of urban catchments and rainfall structures. Recommendations coming out from
this work, quantify the need for 1000 ha urban catchment about 5 min and 3 km spatio-
temporal resolution. For small urban catchment, of the order of 100 ha, the needs in
terms of rainfall spatio-temporal resolution are 3 min and 2 km. Bruni et al. (2015)
investigated the sensitivity of urban hydrodynamic modeling to rainfall spatial and tem-
poral resolution. Rainfall spatio-temporal resolutions used in this work were obtained
by upscaling the original data in space between up to 2000 m and in time up to 10 min.
The impact of rainfall spatio-temporal resolutions was analyzed on the modeling out-
puts of a semi-distributed sub-catchment based model. Main results show that model

sensitivity to temporal resolution of rainfall was low compared to spatial resolution. The
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impact was more pronounced at the peak flow of modeling outputs and finally. Gires
et al. (2012a) investigated the impact on unmeasured small scale rainfall variability on
urban flow using synthetic X-band polarimetric radar data obtained by downscaling the
classical 1 km? - 5 min C band radar data. Two rainfall events types were involved: a
convective and stratiform one. Gires et al. (2012a) results show a change in observed
peak flow of modeling outputs between 3% and 20% when considering small scale rainfall
data. Gires et al. (2015) conducted a complementary work about impact of small scale
rainfall variability for two urban storm model outputs using synthetic X-band polari-
metric radar data generated through downscaling of the classical 1 km? - 5 min C band
radar data. Main result indicate that both fully and semi distributed models show an
impact to small scale rainfall information. The fully distributed model was found to be
more sensitive than the semi-distributed model.

We did participate in the framework of RainGain project, on an international work
(Ochoa-Rodriguez et al.) involving seven case studies from four European countries.
The aim of this work was to identify urban modeling needs in terms of rainfall spatio-
temporal resolution. To achieve this work, 9 high resolution X band rainfall events were
available at 100 m - 1 min space time scales. 16 spatio-temporal combinations up to 3
km and 10 min were retrieved from the original data. In fact coarser spatial resolutions
were obtained by averaging the 100 m radar grid to 500 m, 1 km and 3 km radar grids.
Coarser temporal resolutions were obtained by sampling the data at the desired rainfall
resolution (3 min, 5 min and 10 min). Results obtained from this work are presented

below:

e The impact of rainfall input resolution on hydraulic outputs was shown to decrease
significantly as catchment drainage area increases. In an other way, small urban

catchment show much more needs for small scale rainfall information.

e Urban storm models appear to be more sensitive to the temporal variability of rain-
fall than its spatial variability: this finding was related to the sampling method-
ology used for the selection of coarser temporal resolution. In fact, according to
Ochoa-Rodriguez et al., when averaging the spatio-temporal rainfall information,

models show comparable sensitivity to spatial and temporal variability of rainfall.

e One of the findings of Ochoa-Rodriguez et al., is the definition of urban model-

ing needs in terms of rainfall spatio-temporal resolution. In fact, for very small
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drainage areas, below 1 ha, rainfall input resolutions of 100 m are required. For
drainage areas between 1 ha and 100 ha, a spatial resolution of 500 m appears to
be sufficient; for these areas, no significant improvement is observed when using
finer spatial resolution rainfall estimates and acceptable hydraulic performance is
still obtained for rainfall estimates at 1 km/1 min resolution. For drainage areas

larger than 100 ha rainfall input spatial resolutions of 1 km appear to be sufficient.

e According to Ochoa-Rodriguez et al., a big part of the impact of rainfall input
resolution on urban runoff estimates can be explained by the spatial-temporal

characteristics of the storm events.

Further analysis were performed in the framework of this thesis in the case study catch-
ment using the same rainfall data set as (Ochoa-Rodriguez et al.), made available in
the framework of RainGain project. This work is presented here as a complementary
study to Ochoa-Rodriguez et al. and aims to investigate some relevant questions raised
by various studies performed in this direction. Both works allow to increase our under-

standing of how urban storm models deal with the small scale rainfall variability.

3.2.3.1 Scope of this work

The investigation performed in this work about the sensitivity of urban storm models to
rainfall spatio-temporal resolution is of extreme importance. In fact, various scientific
questions do exist about the real need for high resolution rainfall data for modeling
applications, and improvements that should be implemented on urban storm models
in order to increase their ability to integrate the detailed knowledge about the rainfall
structure.

The scope of this work, is to carry out several modeling investigations on the sensitivity
of urban storm models to rainfall variability and to quantify the gain in terms of perfor-
mance related to the knowledge of the small scale rainfall structures. Investigations will
be performed using two different modeling approaches implemented at various spatial
scales.

The purpose of this investigation is to increase our knowledge about urban storm models

needs in terms of rainfall spatio-temporal resolution from five perspectives:
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e The relationship that may be retrieved between storm models sensitivity to rainfall
variability and the modeling approach involved will be investigated through the
comparison between Multi-Hydro and CANOE models. In fact, semi-distributed
models are known for considering an average of the rainfall information at each
sub-catchment scale whereas fully-distributed models consider distributed rainfall

data at the scale of their pixel size.

e The effect of urban storm models spatial resolution on their ability to take into
account the rainfall structure is a part of our interest. The purpose is to inspect
whether or not improvements of urban storm models resolution can increase their
ability to integrate the small scale rainfall information. To facilitate the investi-
gation of this issue, huge works were performed in the framework of this thesis to

implement CANOE and Multi-Hydro models at various spatial scales.

e The possible relationship between the catchment size and the sensitivity of urban
storm models to rainfall spatio-temporal variability will be explored as well. In
another way it will of be benefit to understand whether or not the need for small

scale rainfall information increases with the size of the catchment decreasing.

e A distinction between the impact of rainfall temporal and spatial variability on
urban storm models outputs will be performed here. The purpose is to confirm
results coming out from new research works done related to this topic for which
urban storm models are more sensitive to temporal variability rather than the

spatial one.
e Finally, the dependence between storms characteristics and the impact of their

rainfall spatio-temporal resolution on modeling outputs should be clarified.

A huge data set was available for the needs of this work, and a specific methodology was

applied in order to investigate responses to various questions presented above.
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3.2.3.2 Rainfall data
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Figure 3.26: Total rainfall depth maps of the 10 selected rainfall events (6 km x 6 km) com-

ing from the X-band weather radar located in the CESAR observatory of the Netherlands

and used for the sensitivity analysis of urban hydrological models to rainfall spatio-temporal
resolutions (Ochoa-Rodriguez et al.).

10 high resolution rainfall events (were made available in the framework of RainGain
project and were selected to perform a multi-catchment investigation on the impact of
rainfall spatio-temporal resolution (Ochoa-Rodriguez et al.). Same rainfall events were
used here in this work. They were obtained by a dual-polarimetric X-band weather
radar, located in the CESAR observatory of the Netherlands. The original available

resolution is 100 m by 100 m grid and 1 min in time. 36 km? radar grid was available.
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Readers should refer to (Ochoa-Rodriguez et al.) for further information about the data

processing.
D spatio-temporal
resolution
Ref 100 m - 1 min
1 100 m - 3 min
2 100 m - 5 min
3 100 m - 10 min
4 500 m - 1 min
b 500 m - 3 min
6 500 m - 5 min
7 500 m - 10 min
8 1000 m - 1 min
9 1000 m - 3 min
10 1000 m - 5 min
11 1000 m - 10 min

Table 3.7: 11 spatio-temporal combinations were selected by averaging the Ref data in
space and time. The coarser resolution is 1000 m - 10 min

11 spatio-temporal combinations (see Table 3.7) were selected for this study. Coarser
spatio-temporal resolutions rainfall data were obtained exclusively by averaging the 100
m, 1 min rainfall data to the needed spatio-temporal resolution (s,t) where s takes value
in {100 m, 500 m, 1 km}, t takes value in {1 min, 3 min, 5 min, 10 min}. Given the
small size of Sucy-en-Brie catchment (2.45 km?), the 3 km? radar grid was not used
here, because it does not represents any spatial variability at the scale of the catchment.
This is the main difference between data used here and that one used in Ochoa-Rodriguez
et al.. In fact, in Ochoa-Rodriguez et al., coarser spatial resolutions were obtained by
averaging the original data in space whereas coarser temporal resolution were obtained
by sampling the data at the desired rainfall resolution in such way to replicate the radar
scanning strategies ( Ochoa-Rodriguez et al.). However, some of Ochoa-Rodriguez et al.
results, especially the high sensitivity of urban storm models to temporal variability of

rainfall was explained by the sampling methodology used for the selection of coarser
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temporal resolutions.

3.2.3.3 Methodology

The methodology applied in this work is similar to that one conducted in Ochoa-
Rodriguez et al. and consists in performing various simulations using the 11 spatio-
temporal rainfall combinations. The modeled flow was retrieved at four point locations
in the sewer system, corresponding to four sub-catchments for which the drainage area
size ranges from 44 ha to 215 ha (Figure 3.27). All simulations were performed at 1 min

model time step.

/T Sub-catchment - 1 : 215 ha m\ Sub-catchment - 2 : 135 ha
| ] ,

< R

M\_ <& ‘/\/ZL

m Sub-catchment - 3 : 76 ha ‘1 Sub-catchment - 4 : 44 ha
A_i ./ \ j ~

“x/ C_A2
-

Figure 3.27: Modeled flow is retrieved at four point locations in the sewer system (green
pints) corresponding to four drainage areas with size ranging from 44 ha to 215 ha

The impact of rainfall spatio-temporal variability on modeling outputs is quantified using
three statistic parameters. They were estimated between the obtained modeled flow Q¢
and the reference modeling output Q¢ ( modeled flow obtained for the reference rainfall

data (100 m, 1 min) was considered as the reference one Q,¢y).

e Regression coefficient 8 (Equation 3.13) is used to quantify the agreement
between modeled flow @, and the reference flow Q,.s time series. 3 ~ 1 indi-

cates good agreement between Q,; and Q.r; f < 1 indicates that the model is
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underestimating in the mean the Reference flow (Q.r) and 5 > 1 indicates an

overestimation of (Qpef).

e Nash-Sutcliffe efficiency NSE (Equation 3.9) will be used in this work to
quantify the impact of the rainfall spatio-temporal variability on the model per-

formance.

e The relative error at the peak flow §r (Equation 3.12) will be used to analyze
the impact of rainfall spatio-temporal variability on the modeled peak flow. dr ~ 0
will indicates no impact on the modeled flow whereas dr < 0 or dr > 0 indicate

respectively an underestimation or overestimation of the Ref peak flow.

Results will be presented and analyzed following five steps in order to investigate the

impact of rainfall spatio-temporal variability from different perspectives.

3.2.3.4 Results and discussions

All boxplots presented in the following sections were processed as in Section 3.2.2.3.

1. Comparison between semi-distributed and fully distributed models sen-
sitivity to rainfall variability : a comparison between semi-distributed and
fully-distributed models sensitivity to rainfall spatio-temporal resolution is pre-
sented here. This comparison will allow a better understanding of how different
modeling approaches deal with the spatio-temporal variability and to identify the
needs for high resolution rainfall information. Several works investigated this ques-
tion. Gires et al. (2015) conducted a comparison between two urban storm models
using downscaled C-band radar data generated through a Multifractal process.
Their results indicate that the fully-distributed model is more sensitive to small

scale rainfall information than the semi-distributed one.
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Figure 3.28: Boxplots, representing performance indicators retrieved for Multi-Hydro
(black ones) model and CANOE -1 (blue ones) versus the 12 available spatio-temporal
resolutions.

In Figure 3.28, are presented in boxplots parameters indicators retrieved for both
Multi-Hydro (black ones) and CANOE-1 (blue ones) models for the 11 rainfall
spatio-temporal resolutions. Three important remarks should be made here; (i)
general trends demonstrate that urban storm models regardless of their model-
ing approaches are clearly losing performance when considering coarser spatio-
temporal resolutions. They are in fact underestimating Q¢ up to 30%. § values
decrease to 0.8 when considering the 1 km radar grid. NSE shows a decrease in
the model performance up to 20%, whereas dr indicates that urban storm models
are clearly underestimating the peak flow up to 40%. The underestimation noticed
in modeling outputs (),; when considering coarser spatio-temporal resolutions is
due to the fact that averaging rainfall data decreases the rainfall intensity and
leads to an underestimation of Qy.s. (ii) The impact of considering coarser spatio-
temporal resolutions is more pronounced in the peak flow. In fact, peaks flow are
underestimated up to 40% reflecting the fact that peak rainfall intensity are more

affected when averaging the small scale rainfall information. The same remark was



Chapter 3. Hydrological modeling of urban catchments 192

made in Bruni et al. (2015), Gires et al. (2015).

(iii) Figure 3.28 demonstrates that the impact of rainfall spatio-temporal resolution
depends also on the modeling approach involved. In fact, gridded based models
are clearly more sensitive to small scale rainfall information than sub-catchments
based models that tend to reduce the effect of rainfall variability by considering an
average of rainfall information at the sub-catchment scale. Discussions about the
effect of improvement of semi-distributed models resolution on their sensitivity to
small scale rainfall data will be discussed later in this work.

An important remark emerges also from the comparison between semi-distributed
and gridded based models sensitivity. It reflects a huge difference in terms of their
ability to integrate the small scale rainfall information. In fact, from Figure 3.28,
one can notice that the impact of rainfall variability on the semi-distributed mod-
eling outputs is more pronounced during the transition from 100 m radar grid to
the 500 m one. After that, CANOE-1 model loses clearly its sensitivity for both
the temporal and the spatial rainfall variability, the impact on CANOE-1 model-
ing outputs when considering the 1 km -1 min radar data instead of the 500 m -
1 min is not significant. Same remark can be made about the impact of temporal
variability when considering the 500 m and the 1 km radar grid. On the contrary,
Multi-Hydro model continues to show a decrease on its performance every time
the spatial and temporal resolution of rainfall changes. In fact, the impact of
Multi-Hydro modeling outputs when considering the 500 m - 10 min radar data
instead of the 500 m - 1 min one is about 20% and the impact of rainfall variability
observed on modeling outputs when considering the 1 km radar grid instead of the
500 m is more than 10%. So the semi-distributed model shows much more sensi-
tivity to fine scale rainfall data below the 500 m grid, its sensitivity to temporal
variability observed within large spatial scales is negligible. On the contrary, the
fully distributed model shows a better sensitivity to the spatio-temporal variability

observed below the classical 1 km? radar grid.

2. Sensitivity versus the model spatial resolution : a special focus was made
in this work on the investigation of what will be the effect of improving urban storm
models spatial resolution on their sensitivity to small scale rainfall variability. To
achieve this goal, Multi-Hydro model was implemented at various spatial scales

and the spatial resolution of CANOE model was improved as well by considering
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smaller sub-catchments. The impact of such improvements on the urban models
ability to consider small scale rainfall information will be analyzed in two steps;
(i) a comparison between the two CANOE model configurations will be performed
below and (ii) the sensitivity of Multi-Hydro model will be investigated at various
spatial scales (100 m, 50 m and 10 m). Conclusions expected from this work should
indicate enhancements to be made on urban storm models in order to increase their

ability to integrate the small scale rainfall information.
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Figure 3.29: Impact of rainfall spatio-temporal resolution on modeling outputs of CANOE-
1 (blue) and CANOE-2 (red) models

In Figure 3.29, are compared statistic parameters obtained for CANOE-1
and CANOE-2 models. Two significant changes were observed on the be-
havior of CANOE model. Indeed, an improvement of the model sensitivity
to small scale rainfall variability is noticed, the impact of using the 1 km
radar grid instead of the 500 m is more significant when considering smaller
sub-catchments. The sensitivity to rainfall temporal variability was improved
as well. Nevertheless, CANOE-1 still more sensitive to the transition from

the 100 m radar grid to the 500 m one. However, there are some few rainfall
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events for which the improved configuration is more sensitive to the spatio-

temporal variability indicating that considering smaller sub-catchments in-

creases specifically the impact of convective rainfall events (more localized

storms with high spatial heterogeneity,...)

while the impact of stratiform

events remains unchanged. This point should be investigated later in this

work.

o Fully-distributed model:

Multi-Hydro spatial scale

Multi-Hydro — 10 m

Multi-Hydro — 50 m

Ny,
>

Multi-Hydro — 100 m

-

©

©

B

0.7

';'TT”T?TT”

TEL RV ARy

Multi-Hydro - 10 m

Multi-Hydro — 50 m

Multi-Hydro — 100 m

%1_I.T*TTTTI MTTYTTTTTTT TR
LOZ!T{UT!)’{’I”Y“XX QT “v'_inFO-Tn%T v?iu‘rl—.?y;o_TTnT,vT

234567 89101112

23456789 101112
Rainfall spatio — temporal combinations

2 34567 89 101112

Figure 3.30: Impact of rainfall spatio-temporal resolution on modeling outputs versus
model spatial resolution investigated here for three spatial scales of Multi-Hydro model; 100

m, 50 m and 10 m

In Figure 3.30 are displayed in boxplots performance statistics 5, NSE and ér

that indicate the impact of rainfall spatio-temporal variability on modeling

outputs obtained using the gridded based model implemented at three spa-

tial scales (100 m, 50 m and 10 m). As one may notice, the impact of small

scale rainfall information depends significantly on the model resolution. It

is clear that the ability of the model to integrate such information increases

with model scale decreasing. This can be related to a better consideration

of the spatial heterogeneity of the urban catchment especially the land use

occupation. This result confirms the need to integrate a detailed description
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of the catchment characteristics. So considering small size pixels increases
the model sensitivity up to 20%. It may be noticed as well that improving
the model resolution increases much more its sensitivity to spatial variabil-
ity of rainfall rather than the temporal variability for which the model still

responding partially even at large scales.

Sensitivity versus the size of the catchment
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Figure 3.31: Impact of rainfall spatio-temporal variability on modeling outputs observed
for four catchment size ranging from 44 ha to 215 ha. Only the relative error at the peak
flow is presented here for both Multi-Hydro (black) and CANOE-1 models (blue).

In Figure 3.31 are presented in Boxplots, impacts of rainfall small scale vari-
ability on modeling performance analyzed at four sub-catchments with size
ranging from 44 ha to 215 ha. From results obtained it is difficult to retrieve
a possible impact of the catchment size on the need for small scale rainfall
information. In fact, for CANOE model, the sensitivity appears to increase
as the catchment size decreases. At large catchment size (the 215 ha sub-
catchment) the model shows no spatio-temporal sensitivity of rainfall beyond
the 500 m spatial scale. The impact of small scale rainfall information is more
pronounced for small sub-catchments (using the 1 km -1 min radar data in-

stead of the 500 m - 1 min decreases performance observed at the outlet of a
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76 ha sub-catchment up to 10%, whereas no change in the model performance
is noticed for the large catchment). This result is related to the modeling ap-
proach involving in CANOE model based on a uniform rainfall information
within sub-catchments. For large sub-catchments, the model averages more
radar pixels than for small sub-catchments, it deletes thus furthermore the
spatio-temporal variability observed within the data.

For Multi-Hydro model, the modeling approach is different and the model
integrates directly the rainfall information available at each pixel size. From
Figure 3.31, the behavior of the model is not obvious. In fact, for the 44 ha
sub-catchment, the model shows more sensitivity to temporal variability of
rainfall especially when considering the 10 min radar grid. The sensitivity for
spatio-temporal variability is noticed for the large sub-catchment where the
impact of considering the 1 km radar grid instead of the 500 m one is more

clear, more sensitivity to small scale temporal variability is noticed as well.

Sensitivity versus the rainfall characteristics
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Figure 3.32: Boxplots of performance indicators 8, NSE and §r versus storm event ID

Characteristics of rainfall events involved in this work were estimated in

Ochoa-Rodriguez et al. in terms of the maximum singularity s observed
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within the radar field. -, is calculated in the framework of a multifractal
analysis of radar data (Schertzer and Lovejoy (1987b, 1997)). Values of the
maximum singularity v observed at small scales range between 0.33 and 0.92.
The maximum of s is noticed for the 23/06/2013 (8) rainfall event.

In Figure 3.32 are displayed performance indicators 5, NSE and dr retrieved
for Multi-Hydro (black ones), CANOE-1(blue ones) and CANOE-2(red ones)
models versus the storm ID. One should notice the clear dependency noticed
in Figure 3.32 between the impact of rainfall spatio-temporal variability and
storm characteristics. In fact, the magnitude of variations in the response of
hydrological models vary significantly from one event to an other depending
on the spatio-temporal variability observed within the original data. High
sensitivity is noticed for the 23/06/2013 rainfall event for which 7, exhibits
it high value.

For this event, Multi-Hydro shows a high ability to integrate the small scale
rainfall information than CANOE model. Improving the CANOE model
configuration by considering smaller sub-catchments improves clearly the ob-
tained sensitivity for such event. Indeed, for more localized rainfall storms ur-
ban storm models shows high sensitivity to the change in the spatio-temporal
scale of the rainfall information. The impact of uniform storm events is very
limited. This results indicates clearly that the need for high resolution rainfall
information is more crucial for convective and localized rainfall cells, often

behind major flooding disasters.

3. Spatial sensitivity versus temporal sensitivity
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Figure 3.33: Comparison between small scale temporal and spatial variability impact on
the peak flow of modeling outputs investigated for the 215 ha catchment

In Figure 3.33 are compared, the impact of temporal and spatial rainfall variability
on the peak flow modeling outputs. Ochoa-Rodriguez et al. demonstrated that
urban models are more sensitive to the temporal variability of rainfall than the
spatial variability. This result was related to the sampling methodology used for
the selection of coarser temporal resolution. In fact in Ochoa-Rodriguez et al.,
coarser spatial resolutions were obtained by averaging the original data in space
whereas coarser temporal resolution were obtained by sampling the data at the de-
sired rainfall resolution in such way to replicate the radar scanning strategies. This
has consequences on the sensitivity of urban storm models, which confirmed in the
framework of this thesis by considering exclusively the average of rainfall spatio-
temporal information for the selection of coarser resolutions. From Figure 3.33, it
appears that urban storm models are sensitive to both the spatial and the temporal
variability, the impact of spatial rainfall variability appears to be more important
than the impact of temporal variability. For small sub-catchment, the impact of
temporal variability is more pronounced whereas large sub-catchments are more
sensitive to the spatial variability of rainfall. One should also notice, that sensi-
tivity of both models increases much more when considering the spatio-temporal

variability instead of only considering the spatial or the temporal one.
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The modeling work performed in this thesis about the sensitivity of urban storm models
to small scale rainfall variability allows a better understanding of their needs in terms
of rainfall spatio-temporal resolution. Results coming out from this work show that
considering the small scale rainfall variability improves models performance up to 20%
compared with the classical 1 km? - 10 min radar data. They are indeed in contradiction
with Berne et al. (2004) recommendations especially for small catchment size. In fact,
Berne et al. (2004) suggests that 3 min 2 km radar data is sufficient for small catchment
size of order of 100 ha. However, modeling works performed in this thesis show that
urban storm models still needs for small scale rainfall data below the 1 km radar grid.
Results confirm also that urban models are more sensitive to spatial rainfall variability
than the temporal variability. The high sensitivity to temporal variability observed
in Ochoa-Rodriguez et al. is indeed due to the sampling methodology applied for the
selection of temporal coarser resolutions.

Several conclusions can be made based on this work:

e All urban storm models exhibit a sensitivity to small scale scale rainfall variability.
Their sensitivity depends upon on the modeling approach involved, on their spatial
resolution and on the characteristics of storm events. Decrease noticed in models

performance is estimated up to 20%.

e Fully-distributed models seem to be more sensitive to the spatio-temporal variabil-
ity of rainfall information observed below the 1 km - 10 min radar data. In fact,
their modeling approach allows a direct consideration of the rainfall variability at

the scale of their pixel size.

e Taking into account the heterogeneity of geophysical data (land use distribution)
with model higher space resolution increases the impact of small scale rainfall

variability on gridded model performance.

e High dependency between the impact of rainfall variability on model performance
and spatial characteristics of the storms is observed. In fact, localized storm events
have more impact on models performance because of the high variability of their

rainfall structures.

e Improvement of semi-distributed models resolution by considering smaller sub-

catchment increases their ability to integrate the small scale rainfall variability,
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especially for convective rainfall events (localized storm with high heterogeneity in

space).

3.3 First applications with X-band polarimetric radar of

Ecole des Ponts

The new ENPC X-band polarimetric radar was installed in later 2014 and inaugurated in
June 2015. First rainfall events available were retrieved and will be used here to perform
some modeling work and comparison between urban storm models. Unfortunately, only
two storm events were selected and further analysis will be carried out based on future
data available from the radar.

It is important to note that the radar is currently devoted fully for research activities and
not yet operational. A lot of testing was carried out and will continue to be performed
to define the scan strategy, and to investigate all processing options included within
the SELEX software. Discussions are also going on with various local partners (local
authorities, urban water managers and stakeholders) to build a platform around the
radar, which will help to exchange knowledge about the use of high resolution X-band
polarimetric radar data, and to implement new research output in local pilot sites in Paris
region. A lot of research work should also be conducted to improve the processing chain
and to develop new QPF products based on the use of small scale rainfall information.
In addition to selected X-band polarimetric radar data, rain gauge data were available
as well as flow measurements and both CALAMAR adjusted (CALAMAR adj.) and non
adjusted (CALAMAR non adj.) radar data. modeling outputs obtained when using all

these types of rainfall information will be compared with respect to flow measurements.

3.3.1 Rainfall data available

Two rainfall events presented in Section 2.5.2.1 were used in this part. Figure 3.34 shows

the total rainfall depth maps computed over the study catchment.
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Figure 3.34: Total rainfall depth maps computed on the radar pixels used for modeling
applications (4*4 km? C band data and 16*16 X-band data).

From Figure 3.34, one can notice the small scale rainfall variability observed at the
scale of Sucy-en-Brie catchment within the X-band polarimetric radar data with respect
to the classical 1 km? C-band gird. In fact a small and localized rainfall cell can be
identified in the X-band map related to the 12/09/2015 event with a total rainfall depth
around 25 mm and a maximum rainfall intensity around 143 mm/h.

One can also notice, that CALAMAR non adjusted data shows the lower cumulative
rainfall depth (the maximum depth noticed in CALAMAR non adjusted map is 9 mm for
the first event and 11 mm for the second event). The radar-rain gauge adjustment process
performed by CALAMAR system improves the cumulative rainfall depth ( 12 mm and
13 mm for the first and the second rainfall events respectively). X-band polarimetric
radar maps exhibit higher cumulative depth value (the maximum observed is around 25
mm for the first event and 20 mm for the second event).

In Figure 3.35, are displayed the cumulative rainfall depth calculated using rain gauge
data (black line) and the corresponding pixel in the X-band polarimetric radar image
(red line), CALAMAR adjusted data (blue line) and CALAMAR non adjusted data
(green one). Figure 3.35 confirms that the new ENPC X-band product is overestimating
rainfall with respect to point measurements and CALAMAR data. The non adjusted
CALAMAR product underestimates clearly the rainfall depth. Figure 3.35 indicates
also that the calibration process performed in real time by CALAMAR system improves
the quality of CALAMAR data.

R {mm)

R {mm)
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Figure 3.35: Cumulative rainfall depth plot estimated in the rain gauge and the corre-
sponding radar pixel for the first event (a) and the second event (b)

Modeling work will be performed using all available rainfall data and modeling outputs
will be analyzed with respect to flow measurements. The three urban storm models
available (Multi-Hydro, CANOE-1 and CANOE-2) are used for this work.

Figure 3.36 shows flow measurements available for the two selected events.
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Figure 3.36: Hyetograph and hydrograph recorder for; (a) 12/09/2015 and (b) 16/09/2015
events
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3.3.2 Modeling analysis
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Figure 3.37: Modeling outputs obtained by Multi-Hydro (green line), CANOE-1 (red line)

and CANOE-2 (blue line) models when using only rain gauge data for the 12/09/2015 event

(a) and the 16/09/2015 event (b). The corresponding observed flows are plotted in black
line.

In Figure 3.37 are displayed modeling outputs obtained for the 12/09/2015 event (a)
and the 16/09/2015 event (b) when using rain gauge information. Multi-Hydro outputs
are presented with green line while CANOE-1 and CANOE-2 are presented by red and
blue lines respectively. From Figure 3.37 it appears clearly that the three storm models
shows good performance especially for the second event, NSE performance indicator is
around 0.86 for CANOE-1, 0.89 for CANOE-2 and 0.91 for Multi-Hydro model. For the
first event, modeled outputs are overestimating the observed flow, it appears that rain

gauge data overestimates the rainfall rate.
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Figure 3.38: Modeling outputs obtained for the 12/09/2015 event, when using X-band

polarimetric radar data ( red line), CALAMAR adjusted data (blue line) and CALAMAR

non adjusted data (green line). Multi-Hydro outputs are presented in figure (a) figures (b)
and (c) represent CANOE-1 and CANOE-2 modeling outputs respectively.

In Figure 3.38 are presented models outputs obtained for the 12/09/2015 event, when
using X-band polarimetric radar data ( red line), CALAMAR adjusted data (blue line)
and CALAMAR non adjusted data (green line). Multi-Hydro outputs are presented
in figure (a) figures (b) and (c) represent CANOE-1 and CANOE-2 modeling outputs
respectively. From Figure 3.38 one can notice important difference on modeling outputs
obtained when using radar data. The overestimation of rainfall rate observed within
the X-band polarimetric radar data is also observed here. For all urban storm models,
obtained modeled flows show an overestimation of modeled flow with respect to observed
data. A first peak flow is clearly observed in CANOE-1 and Multi-Hydro outputs but
less pronounced in CANOE-2 model output, this is related to the sensitivity of urban

storm models to rainfall variability observed within the new ENPC X-band polarimetric
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radar data. The obtained modeling response obtained for CALAMAR adjusted data

and X-band data is quite similar especially for Multi-Hydro and CANOE-2 models,

the response obtained when using non adjusted CALAMAR data is much more lower.

Results obtained for the second event are presented in Figure 3.39. It appears that the

modeled flow obtained when X-band data is overestimating the observed flow. Modeled

flow obtained when using CALAMAR non adjusted data underestimate the observed

flow, the rain gauge-radar adjustment process improve obtained results.
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Figure 3.39: Modeling outputs obtained for the 16/09/2015 event, when using X-band

polarimetric radar data ( red line), CALAMAR adjusted data (blue line) and CALAMAR

non adjusted data (green line). Multi-Hydro outputs are presented in figure (a) figures (b)
and (c) represent CANOE-1 and CANOE-2 modeling outputs respectively.

00:00

The overestimation noticed in X-band polarimetric radar data is due to the fact that

the Z — R and Ky, parameters were not validated, they were just determined based on

the literature. Various test and comparison with other radar products and rain gauges

should be conducted to identify the correct parameters.
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3.4 Intermediate conclusions on Chapter 3

This chapter was entirely devoted to hydrological modeling of urban catchments. Various
investigations were performed in the framework of this thesis to understand the use
of urban storm models with small scale rainfall information from several perspectives.

Considerable works achieved in this thesis concern three axes:

1. The first part of our modeling investigations, concerns the implementation of urban
storm models and their validation for the case study catchment of Sucy-en-Brie.
Huge efforts were made in this direction to improve some aspects of urban hy-
drological models used in this thesis. Indeed, the approach used until now for
the implementation of Multi-Hydro model was totally improved following a deep
reflection and modeling investigations of the model performance and the way it
takes into consideration the high heterogeneity of urban catchment. Results com-
ing out from this work are huge and show a considerable improvement of the model
performance. They changed significantly our understanding about the model func-
tionality and raised several questions about the scale dependency of Multi-Hydro
model performance. In addition to that, the semi-distributed CANOE model was
improved as well in terms of its spatial resolution. The new model configuration
includes smaller sub-catchments (44 sub-catchments instead of only 9 with the
original configuration of the model). Such improvement was crucial and highly
required not to improve the model performance but to understand the effect of
such modification on the ability of the model to consider the small scale rainfall

information.

2. The second point investigated in this thesis is the scale dependency on urban hy-
drology and its effects on gridded based models performance. Fractal tools were
used in the first stage to highlight the scale dependency observed in geophysical
data used as input for models implementation. The effect of such scale depen-
dency on gridded based models performance was investigated in the framework
of a multi-scale modeling investigation performed using Multi-Hydro model at 17
spatial scales. Results show huge scale dependency of the models performance. In-
deed, performance of the model increases as the model resolution increases. High
performance are retrieved starting from 30 m scale. Perfect model response with

respect to flow measurements is obtained at 15 m scale. However some special
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issues related to data quality and resolution affect the model performance at very
small scales [10 m - 5 m] and should be considered when performing high resolution

modeling.

3. Finally, a special focus was made on the investigation of urban models needs in
terms on rainfall spatio-temporal resolution. This investigation was performed
using two urban storm models involving two distinct modeling approaches. This
allows a better understanding of their needs in terms of rainfall spatio-temporal
variability. Results coming out from this work show that considering the small
scale rainfall variability improves models performance up to 20% compared with
the classical 1 km? - 10 min radar data. They are indeed in contradiction with
Berne et al. (2004) recommendations especially for small catchment size. In fact,
modeling works performed in this thesis show that urban storm models still needs
for small scale rainfall data below the 1 km radar grid. Several conclusions can be

made based on this work:

e All urban storm models show a sensitivity to small scale scale rainfall variabil-
ity. Their sensitivity depends upon on the modeling approach involved, on
their spatial resolution and on the characteristics of storm events. Decrease

noticed in models performance is estimated up to 20%.

e Fully-distributed models appear to be more sensitive to the spatio-temporal
variability of rainfall information observed below the 1 km - 10 min radar
data. In fact, their modeling approach allows a direct consideration of the

rainfall variability at the scale of their pixel size.

e Considering the heterogeneity of urban catchments geophysical data (land
use distribution) increases the impact of small scale rainfall variability on
gridded based models performance. In fact, the impact of rainfall variability

increases as the spatial resolution of the model increases.

e High dependency between the impact of rainfall variability on models per-
formance and spatial characteristics of the storms is retrieved here. In fact,
localized storm events have more impact on models performance because of

the high variability of their rainfall structures.
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e Improvement of semi-distributed models resolution by considering smaller
sub-catchment increases their ability to integrate the small scale rainfall vari-
ability, especially for convective rainfall events (localized storm with high

heterogeneity in space).

All modeling works performed in this thesis represent an important step to meet the
main goal of the thesis, which is to set up a new and reliable management tool based
entirely on the use of High resolution rainfall data combined with powerful storm models
that can take the whole advantages of small scale rainfall information. Such management

tool should help to better manage urban flooding risk.






Conclusions and perspectives

In this dissertation we discussed the use of radar data for predictive management in
urban hydrology. The relevant example of Sucy-en-Brie retention basin gives a sheer
illustration of how complex and adverse could be various aspects of flood risk manage-
ment. It pinpoints the specific needs of predictive management in terms of rainfall data

reliability and quality.

The County Council of Val-de-Marne currently uses the forecasting system CALAMAR
as a decision tool for the predictive management. It is a forecasting system combined
with a warning system, both using single-polarization radar data, provided by Meteo-
France radar network and processed with the help of the conventional Z-R relation. The
results of this system were not considered as fully satisfactory due to a high rate of
false early warnings. The predictive management had thus become difficult and was
finally abandoned. The reliability of the warning system was brought into question, as
well as the quality of the radar rainfall estimates, compared to those provided by local
rain gauges. Therefore, a significant part of this dissertation has been devoted to the
development of a new methodology for more meaningful comparison of radar rainfall

products.

The comparison methodology of this dissertation has been developed in the framework of
multifractals, more precisely of Universal Multifractals (UM) that have been somewhat
extensively used in precipitation research. A few UM parameters, which have a strong
physical meaning, enable us to proceed to an in-depth morphological comparison of the
precipitation fields provided by different retrieval algorithms and/or by different mea-
surements. This overcomes limitations of the classical radar - rain gauge comparison
techniques widely used for Quantitative Precipitation Estimates (QPE) that unfortu-
nately involve a very limited number of radar pixels and depends on the rain gauge

network density.

A comparison between CALAMAR and Meteo-France products was thus performed and
presented in this dissertation. The main goal was to identify the impacts of slightly dis-
tinct retrieval algorithms applied to the same radar data, provided in both cases by
the Meteo France C band radar located in Trappes, located southwest of Paris. This

comparison confirms a clear difference between CALAMAR and Meteo France products
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in terms of Universal Multifractal parameters o and C7.

In the spatial analysis, a scaling behavior was identified by a spectral analysis and con-
firmed by the Trace Moment analysis, as well as a scaling break observed at 8 km for all
events and all radar products. The respective estimates of the scaling moment function
K (q) for small scales ([1 km-8 km]) point out a large difference of multifractality between
the two products. Indeed, the Meteo France field exhibits a multifractal behavior with «
ranging between 1.11 and 1.9 while both CALAMAR products exhibit almost a fractal
behavior with much lower values for «. We showed that a large part of this difference is
due to the high rate of zero values of the CALAMAR fields, mainly due to the ground
clutter removal method. The DTM analysis, which provides more direct estimates of
the UM parameters o and C7, confirms a clear difference between the two products: the
variability of precipitation seems to be better represented in the Meteo France product
than by CALAMAR. The temporal evolution of UM parameters « and C; indicates that
the two products do not yield the same parameters except during the heaviest rainfall
period, when their structure becomes comparable. In temporal analysis, the difference
observed between the two products in terms of a and C; values are less significant than

what is observed in the spatial analysis.

The same methodology was used to analyse the X-band polarimetric radar data recently
acquired by Ecole des Ponts ParisTech and installed on the Bienveniie of the Descartes
campus. building, and to compare them with the Meteo-France C band radar, with
both the Meteo-France radar product and CALAMAR one. We selected two rainfall
events that were also analysed on the Biévre river basin. As a result of this comparison,
both radar products exhibit a scaling behavior with a clear break noticed in spatial
analysis around 8 km for C band data and 2 km for the X band product. the temporal
analyses point out a break around 40 min and 27 min respectively for C band and X
band products. A clear difference was noticed in terms of the rate of zero values. In
fact, CALAMAR product still exhibits the highest rate of zero values and, as mentioned

above, this is related to the ground clutter identification and removal technique.

The retrieved UM parameters o and C] indicate that the X band product displays a
higher small scale variability. The structure of the two products become comparable

only when they have the same fractal dimension Dy, which means that both radars
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identify the same rainfall support. However, a clear difference is observed in temporal
analysis between X band and C band products, the X band product clearly displays a

higher small scale variability.

The developed methodology was applied in the framework of this dissertation for the
comparison of radar products. However, it can also be applied for other rainfall data
analysis, including QPE validation or radar-rain gauge comparison. It has the advantage
of providing much more information about rainfall fields’ structure. Such information
and details would be very difficult to obtain by the conventional methods that are widely
used for radar-rain gauge comparison until now but involve only a very limited number

of radar pixels (those containing rain gauges).

An important goal of this dissertation is to estimate how high resolution rainfall data
can improve urban storm model performance, i.e. how important is small scale rain-
fall information for urban hydrology. Various investigations reported in the literature
are rather inconclusive on this issue, because they rely on conceptually based models,
originally designed for input of a uniform rainfall over sub-catchment or even catchment

scales.

1. The first part of our modeling investigations, concerns the implementation of urban
storm models and their validation for the case study catchment of Sucy-en-Brie. To
adequately deal with the small scale variability, we proceeded to several improve-
ments of the urban hydrological models used in this thesis. The fully distributed
model Multi-Hydro, developed by HM&Co, was adapted to run much more effi-
ciently and be able to deal with larger resolutions. The space resolution of the
semi-distributed CANOE model greatly improved with 44 sub-catchments instead

of only 9 in the original configuration of the model.

2. The second investigated item is the scale dependency of urban hydrology variables
and its effects on gridded model performance using Multi-Hydro model at 17 dif-
ferent space scales. Fractal tools were then used to highlight the scale dependency
of the input geophysical data. Finally, the data assimilation was adapted to re-
duce this scale dependency, e.g. rather acceptable results were obtained with 30
m resolution simulations and quasi-perfect ones at 15m, in comparison with 5 m

resolution runs.
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3. Finally, we focus our investigation on the urban model needs in terms of rainfall
spatio-temporal resolution with the help of both Multi-Hydro and CANOE. We
have shown that high resolution data (100m, 1 min) improve model performance
up to 20% compared to the classical 1 km? - 10 min radar data. Several conclusions

can be made based on this work:

e All urban storm models exhibit a sensitivity to small scale scale rainfall vari-
ability. Their sensitivity depends upon the modeling approach involved, on
their spatial resolution and on the characteristics of storm events. Decrease

noticed in models performance is estimated up to 20%.

e Fully-distributed models seem to be more sensitive to the spatio-temporal
variability of rainfall information observed bellow the 1 km - 10 min radar
data. In fact, their modeling approach allows a direct consideration of the

rainfall variability at the scale of their pixel size.

e Taking into account the heterogeneity of geophysical data (land use distribu-
tion) with model higher space resolution increases the impact of small scale

rainfall variability on gridded model performance.

e High dependency between the impact of rainfall variability on model perfor-
mance and spatial characteristics of the storms is observed. In fact, localized
storm events have more impact on models performance because of the high

variability of their rainfall structures.

e Improvement of semi-distributed models resolution by considering smaller
sub-catchment increases their ability to integrate the small scale rainfall vari-
ability, especially for convective rainfall events (localized storm with high

heterogeneity in space).

As prospects, various tests and further analyses of the X-band polarimetric radar data
should be conducted to confirm our insights on the small scale rainfall behaviour and
implications. The developed methodology will be used to perform comparison between
X band and other radar products available in the Paris region. It can also be used
for the data validation with point measurements data. Further extensions of the pro-
posed methodology should open new horizons for rainfall data merging and to predefine
the conditions when the optimization may worsen the quality of rainfall estimates. An

in-depth analysis should be performed to analyse improvements provided by the dual
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polarisation and Doppler capabilities on the accuracy of rainfall measurements. We hope
that the modeling developments performed in this dissertation represent a major step
towards a new and reliable flood management. It will be designed to take the advantage
of high resolution rainfall data at their full extent with the help of innovative urban hy-
drological models. in relation to the issue of management of Sucy-en-Brie retention basin,
the research are going to continue in order to improve the process of managing both by
using the new X-band radar that provides better data quality at high spatio-temporal
resolution and by continuing the development of the high-resolution Multi-Hydro model.
This should improve both the real-time management but also the replay of critical situa-
tion mode. In real time management mode, several solutions for the development of the
forecasting model will be investigated (forecast based on the identification of rain cell
and the extrapolation of their movement, ensemble forecast, multifractals forecast).In
the replay mode, Multi-Hydro model will be used to replay critical situations in order

to improve optimization scenarios (planning, optimization, resiliency).
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