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Summary

People change their surroundings, which is evident in urban areas with hardly anything

left untouched. These changes include increased imperviousness, less vegetation, and

more structures. Together they cause urban areas to experience higher air temperatures

than their surroundings. These temperatures exacerbate the heat stress experienced

by urban inhabitants. Strategies to mitigate this heat stress often rely on increasing

evapotranspiration to divert energy from heating the air. Evapotranspiration is part of

the energy and the water balance making both balances critical to the success of heat

mitigation measures. Yet, the energy balance is mostly studied in isolation (Chapter

1). Bridging these balances can progress our understanding of the dynamics of urban

climate.

This thesis aims to uncover how the water balance influences the energy balance focusing

on their shared flux, evapotranspiration. To fulfill this aim, this thesis employs observations

and model results from street to neighborhood scale from cities worldwide. The balances

are bridged by quantifying the water storage capacity and its recession rate together

governing water availability for evapotranspiration (Chapter 2); evaluating and improving

the water balance representation in urban land surface models and the water balance

impact on the model’s performance in simulating evapotranspiration (Chapter 3 and 4);

linking evapotranspiration at the neighborhood scale to the surface cover (Chapter 5);

and identifying the impact of changing surface cover in the source area of eddy-covariance

observations (Chapter 6).

In Chapter 2, a novel method is developed to quantify urban water storage using the

recession of evapotranspiration observed with the eddy-covariance technique. The eddy-

covariance observations provide evapotranspiration on the neighborhood level. Thus, this

method bypasses the need to measure every element contributing to the storage. During

dry periods, no water enters the storage, and evapotranspiration is the only flux leaving

it. The storage capacity can thus be estimated from the initial evapotranspiration and

the recession rate. The recession timescale corresponds to the period after which 37% of

the initial evapotranspiration is reached. The approach was applied in fourteen sites with

varying local climate zones and background climates. The recession timescale was found

to vary between 1.8–20.1 days corresponding to storage capacities between 1.3–28.4 mm.
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Given these values, the urban water storage capacity is at least five times smaller than in

natural environments.

Chapter 3 evaluates the water balance in 19 urban land surface models from the Urban-

PLUMBER project run for 20 sites. This evaluation is also used to study the influence

of the water balance on simulated heat exchange between the atmosphere and urban

land surface. Since observations for most of the water fluxes are unavailable, seven

indicators compose the urban water balance representation score, which reflects how well

the water balance is represented by examining the water balance closure, flux timing,

and magnitude. No model manages to reach a perfect score. The water balance remains

unclosed in 57% of the model-site combinations with a mismatch between the annual

total incoming fluxes (precipitation and irrigation) and the outgoing (all other) fluxes

higher than 3% of the outgoing fluxes. The models capture the timing of fluxes better

than their magnitude with runoff as the most poorly captured flux. The hypothesis

was that models with a higher score would outperform those with a lower score for the

turbulent heat fluxes, but, surprisingly, no relation was found. Yet, the results demonstrate

quantitative model evaluation without observations can guide model development. Models

could be improved by explicitly verifying the water balance closure and revising the runoff

parameterizations.

Chapter 4 takes the next step and deepens the surface runoff evaluation to unravel why

urban land surface models poorly capture surface runoff. The evaluation examines the same

models as the previous chapter omitting the model not separating surface and subsurface

runoff. Surface runoff is generated when rainfall exceeds the infiltration, saturation, or

interception capacity. Ten models do not include all these processes and seven do not

produce more surface runoff when the impervious fraction increases. Large (over 20 mm)

and intense (exceeding 50 mm h−1) rainfall events do not lead to surface runoff in all

models. For these events, models produce 43% less runoff on average than the curve

number method, which estimates the surface runoff per rainfall event based on the site

characteristics. The underestimation is higher for models missing one or more runoff

processes than for those including all. This suggests model performance would increase if

all runoff generation processes are represented.

In Chapter 5, the models make way for eddy-covariance observations from two sites in

Berlin to link evapotranspiration at the neighborhood scale to the patch-scale surface cover.

The heterogeneous urban surface is categorized into four cover types: impervious surfaces,

low vegetation, high vegetation, and open water. For the four types, the evapotranspiration

dynamics are estimated with patch-scale observations and conceptual models and scaled to

the neighborhood scale (bottom-up). The other way around, eddy-covariance observations

are attributed to the four surface cover types by solving a system of linear equations (top-

down). Both approaches need to know the surface cover composition in the source area of

the eddy-covariance system. The source area is referred to as the footprint and is modeled
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analytically. Vegetation is responsible for more evapotranspiration than proportional to

its surface fraction in the footprint. The contribution of impervious surfaces cannot be

neglected, even though it is less than their surface fraction in the footprint. Their low

contribution is the consequence of water availability limiting evapotranspiration within

hours after rainfall, while vegetation and open water sustain evapotranspiration for longer

periods.

Chapter 6 further focuses on the eddy-covariance observations in Berlin to quantify the

influence of the heterogeneous footprint on the observed fluxes. The footprint is influenced

by wind conditions, atmospheric stability, and the sensor location and height. The time-

dependence of the footprint is quantified keeping constant values for the evapotranspiration

per surface cover type scaled to the neighborhood scale with the analytically modeled

surface cover fractions in the footprint. The surface cover fractions are modeled according

to observed meteorological conditions. The footprint composition affects observed evap-

otranspiration as much due to variations in the meteorological conditions within a day

as in a year, even when the day has relatively constant meteorological conditions. While

analytically derived footprints reveal the temporal sensitivity of footprints, the spatial

sensitivity is beyond their capacity. The analytical model neglects the irregular urban

morphology. Large-eddy simulations resolve the urban flow field capturing the turbulent

transport of moisture incorporating the footprint, which enables virtually mimicking

eddy-covariance systems. With a grid of virtual eddy-covariance systems, it is possible to

quantify the effect of the sensor location. The virtual eddy-covariance systems de-correlate

within 280 m indicating how sensitive the observed fluxes are to the system’s specific

location and how non-representative eddy-covariance is for a neighborhood. In conclusion,

eddy-covariance observations should be interpreted considering the footprints, as these

footprints strongly vary in time and space.

Chapter 7 brings together all preceding chapters concluding that 1) evapotranspiration

is water-limited in urban areas, 2) urban land surface models fail to accurately capture

the water balance, 3) missing runoff processes in these models explain the runoff underes-

timation, 4) the surface cover is crucial to evapotranspiration dynamics, and 5) footprints

of eddy-covariance systems are highly variable in space and time.

When studying the urban climate, one faces the “urban challenge” due to heterogeneity

within urban environments, human activity in urban areas, and diversity among cities.

When modeling this challenging environment, urban climate models should be guided

by their purpose without employing resources only to reach higher spatial resolutions.

The development of these and other models would benefit from evaluations including

quantitative, logical checks next to a comparison with observations.

The urban challenge prevails when insights are translated towards application. Urban

climate exists within a dynamic and interconnected system studied by many scientific disci-

plines. Water embodies these dynamics and interconnections raising humidity, facilitating
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evaporative cooling, and keeping vegetation alive. Livable cities are created by changing

our surroundings keeping these dynamics and this interconnectedness in mind.



Samenvatting

Mensen veranderen hun omgeving, wat maar al te duidelijk is in stedelijke gebieden

waar praktisch niets onaangeroerd blijft. Deze veranderingen zijn onder andere meer

verhard oppervlakte, minder vegetatie en meer gebouwen. Samen veroorzaken zij hogere

temperaturen in de stad dan in het omliggende gebied. De hoge temperaturen verergeren

de hittestress die mensen in de stad ervaren. Strategieën om de hittestress te verminderen

zijn vaak gericht op het verhogen van de verdamping zodat deze energie de lucht niet kan

verhitten. Verdamping is onderdeel van zowel de energie- als de waterbalans wat beide

balansen cruciaal maakt voor het succes van hitte-bestrijdende maatregelen. Toch wordt

de energiebalans meestal afzonderlijk onderzocht (Hoofdstuk 1). Een brug tussen deze

balansen kan ons begrip van het stedelijk klimaat verbeteren.

Dit proefschrift heeft als doel te begrijpen hoe de waterbalans de energiebalans bëınvloedt

met een focus op hun gedeelde flux: verdamping. Om dit doel te behalen worden in dit

proefschrift zowel observaties als modellen gebruikt voor steden over de hele wereld van

straat- tot buurtschaal. De brug tussen de balansen wordt gebouwd door de stedelijke

wateropslagcapaciteit en de bijbehorende recessiesnelheid te kwantificeren samen bepalend

voor de waterbeschikbaarheid voor verdamping (Hoofdstuk 2); de waterbalansimplemen-

tatie in stedelijke landoppervlaktemodellen te evalueren en verbeteren en de impact van

de waterbalans te bepalen om de capaciteit van de modellen om verdamping te simuleren

(Hoofdstuk 3 en 4); de verdamping op buurtschaal te koppelen aan het landoppervlakte

(Hoofdstuk 5) en de impact van het veranderen van de samenstelling van het landopper-

vlakte in het brongebied van eddy-covariantie observaties in kaart te brengen (Hoofdstuk

6).

In Hoofdstuk 2 wordt een nieuwe methode ontwikkeld om de stedelijke wateropslagca-

paciteit te kwantificeren op basis van de afname van verdamping waargenomen met de

eddy-covariantie techniek. De eddy-covariantie observaties zijn op buurtschaal. Daarom is

het niet noodzakelijk om elk onderdeel van de wateropslag apart te meten. Tijdens droge

periodes wordt de wateropslag niet aangevuld en is verdamping de enige flux uit de opslag.

De opslagcapaciteit kan dus geschat worden aan de hand van de initiële verdamping en

de snelheid waarmee die afneemt. De recessietijdschaal beschrijft de tijd wanneer de ver-

damping op 37% van het originele niveau is. Deze methode is toegepast in veertien steden
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met verschillende stedelijke eigenschappen en achtergrondklimaten. De recessietijdschaal

bleek te variëren tussen 1.8–20.1 dagen met opslagcapaciteiten tussen 1.3–28.4 mm. Deze

getallen betekenen dat de stedelijke wateropslagcapaciteit minstens vijf keer kleiner is dan

die in natuurlijke omgevingen.

Hoofdstuk 3 evalueert de waterbalans in 19 stedelijke landoppervlaktemodellen van het

Urban-PLUMBER project toegepast op 20 locaties. Hiermee wordt ook gekeken wat de

invloed is van de waterbalans op de gesimuleerde warmte-uitwisseling tussen de atmosfeer

en het stedelijke landoppervlakte. Omdat observaties niet beschikbaar zijn voor de meeste

waterfluxen, vormen zeven indicatoren de stedelijke waterbalansimplementatiescore. Deze

score geeft aan hoe goed de waterbalans in de modellen is gerepresenteerd wordt door

de waterbalanssluiting en de fluxtiming en -grootte te beoordelen. Geen model haalt een

perfecte score. De waterbalans is niet gesloten in 57% van de model-locatiecombinaties met

een verschil tussen de jaarlijkse inkomende fluxen (neerslag en irrigatie) en de uitgaande

(alle andere) fluxen hoger dan 3% van de inkomende fluxen. De modellen zijn beter in het

beschrijven van de timing dan de grootte van de fluxen en afvoer is de slechtst beschreven

flux. De hypothese was dat modellen met een hogere waterbalansimplementatiescore beter

zouden presteren voor de turbulente warmtefluxen dan die met een lagere score, maar

hiertussen blijkt geen verband te zijn. Toch laten de resultaten zien dat kwantitatieve

modelevaluatie mogelijk is zonder observaties en tot modelverbeteringen kan leiden. De

modellen zouden verbeterd kunnen worden door expliciet te controleren of de waterbalans

sluit en de afvoerparameterisatie te herzien.

Hoofdstuk 4 zet de volgende stap en kijkt verder naar de oppervlakte-

afvoerparameterisatie om te diagnosticeren waarom stedelijke landoppervlaktemodellen de

oppervlakteafvoer niet accuraat beschrijven. De evaluatie beoordeelt dezelfde modellen

als het vorige hoofdstuk met uitzondering van het model dat geen onderscheid maakt

tussen oppervlakteafvoer en ondergrondse afvoer. Oppervlakteafvoer wordt gegenereerd als

neerslag de infiltratie-, verzadigings-, of interceptiecapaciteit overschrijdt. Tien modellen

bevatten niet al deze drie processen en zeven modellen genereren niet meer oppervlak-

teafvoer wanneer de verharde fractie toeneemt. Grote (meer dan 20 mm) of intense

(meer dan 50 mm u−1) regenbuien leiden niet in alle modellen tot oppervlakteafvoer.

Voor deze buien schatten de modellen de oppervlakteafvoer 43% lager in dan de zgn.

curve-nummermethode, die de verwachte oppervlakteafvoer schat aan de hand van de

eigenschappen van de omgeving. Deze onderschatting is hoger voor modellen die één of

meer afvoerprocessen missen dan voor de modellen die alle processen beschrijven. Dit

duidt aan dat de modelprestaties verbeterd kunnen worden door alle afvoerprocessen mee

te nemen.

In Hoofdstuk 5 maken de modellen plaats voor eddy-covariantie observaties van twee

locaties in Berlijn om de verdamping op buurtschaal te koppelen aan het landoppervlakte

op plotschaal. Het heterogene, stedelijke oppervlakte wordt in vier categorieën verdeeld:
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verharde oppervlaktes, lage vegetatie, hoge vegetatie en open water. Voor elk van de

vier categorieën wordt de verdampingsdynamiek geschat met observaties en conceptuele

modellen op plotschaal om hieruit vervolgens de buurtschaal te reconstrueren (van onder

naar boven). Andersom worden de eddy-covariantie observaties toegeschreven aan de

oppervlaktetypes door een lineair stelsel van vergelijkingen op te lossen (van boven naar

onder). Beide methodes gebruiken de oppervlaktesamenstelling in het brongebied van de

eddy-covariantie van om de plot- en buurtschalen te verbinden. Dit brongebied wordt

geschat met een analytisch model. Vegetatie is verantwoordelijk voor een groter aandeel

in de verdamping dan proportioneel is tot het aandeel in het brongebied. De bijdrage van

verharde oppervlaktes kan niet verwaarloosd worden, ondanks dat de bijdrage relatief laag

is ten opzichte van de aanwezigheid in het brongebied. De lage bijdrage van de verharde

oppervlaktes is een gevolg van de lage waterbeschikbaarheid die verdamping beperkt tot

binnen enkele uren na neerslag, terwijl vegetatie en open water voor langere tijd blijven

verdampen.

Hoofdstuk 6 gebruikt dezelfde eddy-covariantie observaties in Berlijn om de invloed

van het heterogene brongebied op de waargenomen fluxen te bepalen. Het brongebied

hangt af van de windcondities, de atmosferische stabiliteit en de sensorlocatie en -hoogte.

De tijdsafhankelijkheid van het brongebied wordt gekwantificeerd door dezelfde verdamp-

ingswaardes per oppervlaktetype te vertalen naar de buurtschaal op basis van analytisch

geschatte brongebieden. De brongebieden worden geschat op basis van meteorologische

observaties per halfuur. De wisselende samenstelling van het brongebied leidt binnen een

dag tot dezelfde variatie in verdampingsobservaties als in een jaar, zelfs als de weercondities

gedurende de dag relatief constant zijn. Hoewel de analytisch geschatte brongebieden de

tijdsafhankelijkheid van de observaties onthullen, ligt het bepalen van de ruimteafhanke-

lijkheid buiten de mogelijkheden van deze aanpak. De analytische beschrijvingen ver-

waarlozen de onregelmatige stedelijke vorm. Numerieke, atmosferische simulaties op hoge

resolutie beschrijven het stedelijke windpatroon en daarmee de totstandkoming van de

brongebieden, wat het mogelijk maakt eddy-covarianties virtueel na te bootsen. Met

een rooster van virtuele eddy-covariantie systemen is het mogelijk de invloed van de

sensorlocatie te bepalen. De virtuele eddy-covariantie systemen verliezen hun correlatie

binnen 280 m. Dit illustreert hoe specifiek eddy-covariantie metingen zijn voor de exacte

locatie van de sensor en hoe ze niet representatief zijn voor een hele buurt. Daarom moet

het brongebied meegenomen worden in de interpretatie van eddy-covariantie observaties,

aangezien deze brongebieden sterk afhankelijk zijn van tijd en plaats.

Hoofdstuk 7 brengt alle voorgaande hoofdstukken samen met de conclusies dat 1) ver-

damping in stedelijke gebieden in sterke mate beperkt wordt door waterbeschikbaarheid, 2)

stedelijke landoppervlaktemodellen de waterbalans niet accuraat beschrijven, 3) missende

afvoerprocessen in deze modellen leiden tot onderschattingen in de afvoer, 4) het landopper-

vlakte cruciaal is voor verdampingsdynamiek en 5) het brongebied van eddy-covariantie

systemen sterk variëren in tijd en ruimte.
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Wanneer men het stedelijk klimaat onderzoekt, wordt men geconfronteerd met de “stedelijke

uitdaging” die ontstaat door de heterogeniteit in stedelijke omgevingen, menselijke activiteit

in stedelijke gebieden en diversiteit tussen steden. Wanneer modellen worden ingezet

in deze uitdagende omgeving, zou het doel leidend moeten zijn voor hun toepassing

zonder dat middelen ingezet worden alleen om hogere ruimtelijke resolutie te bereiken.

De ontwikkeling van stedelijke en andere modellen zou ervan profiteren als kwantitatieve

controles op fysieke limieten en consistentie een prominente rol krijgen in modelevaluaties

naast een vergelijking met observaties.

De stedelijke uitdaging blijft bestaan als inzichten worden vertaald richting de praktijk.

Stedelijk klimaat is onderdeel van een dynamisch en verweven systeem dat door veel

wetenschappelijke disciplines wordt bestudeerd. Water symboliseert deze dynamiek en

deze verwevingen omdat het de luchtvochtigheid laat stijgen, koeling door verdamping

faciliteert en vegetatie in leven houdt. Leefbare steden worden gebouwd door onze omgeving

te veranderen bewust van deze dynamiek en verwevenheid.



List of symbols and abbreviations

α Albedo (-)

∆S Change in the water storage (mm d−1)

∆Ssoil Change in the soil moisture storage (mm d−1)

∆Sintercept Change in the intercepted water storage (mm d−1)
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Introduction



4 Introduction

1.1 Urbanization

Everywhere humans have settled, they have changed their surroundings. People built

houses to live, offices to work, stores to shop, and roads to get to all of these. Nowhere

are the changes as pronounced as in cities, where more people mean more change. The

changes entail more surfaces being sealed with human-made materials. At the same time,

the surface diversifies bringing about a heterogeneous mosaic. These changed, urban areas

are expanding worldwide providing a home for an increasing number of people (United

Nations, 2018). This expansion means more areas experience a skyrocketing population

density and this changes the Earth’s surface almost beyond recognition.

1.2 Surface energy balance

The changed, urban surface interacts differently with the atmosphere than a more natural

surface (Oke et al., 2017). To explain these differences, the surface energy balance is a

good starting point. Before jumping to the urban surface energy balance, let us examine

the natural situation. The natural and the urban balances are illustrated in Figure 1.1.

The radiation balance is directly linked to the energy balance, as the radiation balance

describes the available energy. The radiation balance and the general surface energy

balance read:

Q∗ = (1− α)SW↓ + ϵLW↓ − ϵσT 4
skin = QH +QE +∆Qs (1.1)

where Q∗ is the net radiation. Q∗ can be derived from the incoming and outgoing radiation

components using the surface albedo (α), downward shortwave radiation (SW↓), the surface

emissivity (ϵ), downward longwave radiation (LW↓), the Stefan Boltzmann constant (σ,

5.67·10−8 W m−2 K−4), and the surface skin temperature (Tskin). The derived Q∗ is

divided over the energy components being the sensible heat flux (QH), the latent heat flux

(QE), and the change in the stored heat (∆Qs). Normally, the advected heat flux is also

included. This flux is assumed to be minimal compared to the other heat fluxes and is

thus not addressed in this thesis. The difference with the urban energy balance may seem

minimal at first glance:

Q∗ +Qf = QH +QE +∆Qs (1.2)

where only the anthropogenic heat flux (Qf) is added. All terms in Eq. 1.1 and 1.2 are

expressed in W m−2. The fluxes on the right side of both equations are positive when

leaving the surface. The additional Qf is mainly important in areas with a high population

density, heavy traffic, or high energy consumption (Allen et al., 2011). In these areas, Qf

estimates are as high as 400 W m−2 (Ichinose et al., 1999). In most places, Qf is lower

and rarely rises above 30 W m−2 (Chow et al., 2014a; Bonifacio-Bautista et al., 2022).

Apart from this additional flux, the altered surface affects the fluxes occurring in urban
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Figure 1.1: Conceptual figure showing how the water and energy balance differ between

natural and urban areas. The storage is not visualized and the advected heat flux is omitted

from the energy balance.

and natural situations. The modified fluxes include both the radiation components and

the partitioning of Q∗ over the energy fluxes QH , QE, and ∆Qs.

The urban surface influences both incoming and outgoing radiation. Urban areas are

more polluted than their surroundings. The resulting high atmospheric concentration

of particulate matter may prevent shortwave radiation from reaching the surface (Oke

et al., 2017). From the shortwave radiation reaching the surface, less is reflected into the

atmosphere because of the low urban α. Street canyons trap radiation as it is not directly

reflected towards the atmosphere. Instead, the radiation interacts with multiple surfaces

before it is reflected out of the canyon. With each interaction, the urban fabric absorbs

part of the radiation leading to a lower α of the urban fabric. This α is further lowered

by the low α of the human-made materials and the canyon structure of the urban fabric.

The radiation trapping is also relevant for longwave radiation. The longwave radiation is

1
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further affected by the different ϵ of urban and natural materials. Long- and shortwave

radiation trapping is affected by the sky view factor, i.e. how much of sky the surface

can see. This determines how much shortwave radiation directly enters and how much

longwave radiation escapes the canyon. Altogether, the altered radiation components

result in a different Q∗.

Like the magnitude, the partitioning of Q∗ depends on the surface even though mostly

the same energy fluxes (QH , QE, and ∆Qs) are present in natural and urban settings.

The partitioning between QH and QE is often expressed in the Bowen ratio (β), defined

as QH over QE. In natural areas, QE is generally higher than QH meaning β is below 1.

Depending on the urban morphology and hydrometeorological conditions, β varies between

0.2 and 0.8. The lion’s share of QE comes from vegetation. Hence, the partitioning

in a natural environment depends on vegetation characteristics, such as the level of

stomatal control and its leaf area, and the weather conditions, mainly SW↓ and the water

availability.

In contrast to natural areas, QE is typically smaller than QH over urban surfaces resulting

in a β higher than 1. Impervious surfaces like concrete and asphalt limit QE as they seal

the surface. The remaining vegetation is still responsible for a large part of QE, while

impervious surfaces contribute to evaporation after rainfall. Less QE leaves more energy

for heating the atmosphere through QH .

Next to QH , energy not going to QE can be stored in the urban fabric (∆Qs). While

∆Qs is relatively small in natural landscapes, 17-58% of Q∗ may be stored in the city

as a result of the high heat capacities and thermal conductivities of building materials

(Grimmond and Oke, 1999). ∆Qs is positive during the day when energy is stored, which

reverses when the sun goes down. The release of stored heat prevents effective cooling in

the evening and night keeping temperatures high after the sun has set.

So far, the focus has been on the modified surface energy balance. Buildings in urban

areas also change the roughness of the surface and trap heat by preventing ventilation.

The lack of ventilation and the changed energy balance together are responsible for higher

air temperatures at pedestrian levels in the city than in its surroundings: the Urban Heat

Island (UHI; Oke, 1982).

The UHI is more than a theoretical difference between the city and its surroundings; it

affects the life and health of people in the city. The most severe impact is excess mortality

(Gasparrini and Armstrong, 2011; Huang et al., 2023), which is most profound during

heatwaves. The European heatwave in 2003 is a striking example with excess mortality

surpassing 80.000 in Europe (Robine et al., 2008) and 15.000 in France alone (Fouillet

et al., 2006; Laaidi et al., 2012). Although less extreme than increased mortality, heat

stress also leads to declining labor productivity. The high nighttime temperatures prevent

recovery from daytime heat and incite sleep deprivation. Sleep deprivation magnifies

the heat stress-related health issues (Thommen, 2005) and further harms productivity
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(Rosekind et al., 2010). The higher temperatures also increase energy consumption for

cooling (Santamouris et al., 2015; Li et al., 2019b).

Solution frameworks have been proposed to mitigate heat stress and improve the quality

of life in cities. The frameworks have varying names, such as low-impact development (Qin

et al., 2013), sponge cities (Gaines, 2016), and sustainable drainage systems (Zhou, 2014).

Despite the varying names, all frameworks revolve around the principle of increasing water

storage to reduce runoff and promote QE. To achieve this, measures are proposed that vary

from infiltration ponds to green roofs. In a broad sense, they often include nature-based

solutions and vegetation as a pivotal part of their strategy. The frameworks aim to divert

energy from QH to QE. However, models do not accurately reflect the cooling potential of

vegetation, especially during the health-deteriorating heat waves (Gao et al., 2024). To

formulate more effective plans, efforts to increase QE should not consider solely the energy

balance but also account for the water balance.

1.3 Water balance

With only the energy balance, the dynamics of QE cannot be understood. After all, QE

appears in the water balance as evaporation indicating water affects QE as well. Let us

compare the water balance in natural and urban areas that are both shown in Figure 1.1.

The general water balance reads:

P = R + ET +∆S (1.3)

where P is precipitation expressed in mm d−1. All terms are expressed in the same unit. R

is runoff, which can be separated into surface and subsurface flow. ET is evapotranspiration

and the water equivalent of QE. ∆S is the change in the water storage, which includes

intercepted water, open water, and subsurface moisture. Like with the energy balance,

only one extra flux gives the urban water balance:

P + I = R + ET +∆S (1.4)

where I, irrigation, is the extra flux. In addition, this flux may represent any anthropogenic

moisture input. Anthropogenic inputs could include subsurface flow from leaking pipes

(Price, 2011), and interbasin sewer and drinking water fluxes (Hopkins et al., 2014). I

describes only irrigation in this thesis.

As with the energy fluxes, the urban surface alters the partitioning of the water fluxes

(Oke et al., 2017). Impervious surfaces start to increase runoff when they cover as little as

10% of the surface (Oudin et al., 2018). This increase leads to larger runoff volumes and

shorter response times (Jacobson, 2011; McGrane, 2016). Higher runoff volumes leave less

water available for ET, while water availability is directly relevant to the effectiveness of

the earlier-mentioned solution strategies.

1
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On top of the link with the energy balance, the urban water balance is relevant on its

own. The larger runoff volumes and relatively short response times lead to urban flooding

(Mignot et al., 2019) and rapid transport of contaminants (Deletic and Maksimovic, 1998;

Huang et al., 2010). Flooding is a disaster that impacts people, the environment, and the

economy (Hammond et al., 2015). More people will be exposed to flooding with continued

urbanization, especially in vulnerable places like floodplains (Cao et al., 2022).

1.4 Evaporation

Evaporation is the bridge between the water and energy balance and the suggested road

towards cooler cities. All energy used for evaporation can after all no longer heat the air.

The connecting role warrants a more detailed description of the process. Evaporation is one

flux but consists of transpiration from vegetation and direct evaporation from intercepted

water, bare soil, and open water. Evaporation of water requires three drivers to be present.

Evaporation’s presence in the water and energy balance gives away the first two drivers.

Next to water and energy, evaporated water vapor has to be transported away from the

surface. Transport prevents the air close to the surface from saturating. The absence of

water, energy, or transport limits evaporation, or, in other words, their availability drives

evaporation. How these drivers affect evaporation depends on the surface cover.

How the relative importance of the drivers depends on the specific conditions is pictured

in Figure 1.2. The most intuitive example is probably that open water is completely

insensitive to water availability, as water is abundantly available. Open water also does not

respond directly to energy availability as solar radiation can penetrate the water surface

and this energy is stored in the water column. The lack of energy balance closure at the

surface makes open water respond strongly to transport availability. Peatland swamps are

very wet and in that way similar to open water. As a result, these swamps have the same

insensitivity to water availability. However, the soil and land vegetation make this surface

more responsive to energy availability.

The abundance of water makes open water and swamps uniquely insensitive to water

availability. How are vegetated, non-soaked surface covers different? Logically, water

availability becomes relevant. Yet, energy availability is the strongest driver of their

evaporation. From grasslands to croplands and forests, the vegetated surface covers shift

from following energy to following water availability.

Urban landscapes are peculiar as they may contain all the previously discussed surface

covers and impervious surfaces. As a result of the impervious surfaces, urban areas are

more quickly limited by water availability. Transport also plays an important role, while

energy availability explains much less evaporation variation.

Having discussed the drivers of evaporation, I want to make a short note on the termi-

nology around evaporation. So far, I have consistently called the water equivalent of QE
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evaporation rather than evapotranspiration (ET) except in the water balance (Eq. 1.1 and

1.4). In the remainder of this thesis, ET is used when evaporative fluxes are made up of

transpiration and at least one of interception, soil, and open-water evaporation. Fluxes not

including transpiration are called evaporation and fluxes solely consisting of transpiration

are, logically, called transpiration.
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Figure 1.2: The drivers of evapotranspiration for different surface cover types based on

observations from The Netherlands. The shading indicates which driver is dominant: blue for

water availability, yellow for energy availability, and red for transport availability. The figure

is adapted from Jansen et al., 2023.

1.5 Observing evaporation

The strategies to mitigate urban heat stress hinge on ET. To further the understanding of

ET, one may analyze observations of ET. Different techniques are available to measure ET

at a range of spatial and temporal scales. This section gives a concise overview starting

with techniques suitable for small spatial scales and gradually moving larger. At the

smallest scale, the available techniques are the evaporation pan and lysimeter.

Evaporation pans rely on measuring water loss from a pan filled with water (McMahon et

al., 2016). Evaporation is inferred by periodically measuring the water level and correcting

for precipitation. This makes the evaporation pan a straightforward and cheap observation

1
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method requiring limited additional data. The pan captures the effect of the available

energy and transport, but water availability is by definition not accounted for (Kahler and

Brutsaert, 2006). Another disadvantage is that the heat storage dynamics of a pan are

incomparable to larger water bodies with much more thermal inertia. Moreover, water

may leave the pan by wind instead of evaporation (Sumner and Jacobs, 2005; Masoner

and Stannard, 2010). This technique has occasionally been applied in urban areas (Ostos

and Luyando, 1998; Pearlmutter et al., 2009).

Lysimeters are in a way similar to evaporation pans. They track the water content of a

set volume (Payero and Irmak, 2008; Fank, 2011). Instead of a pan filled with open water,

lysimeters are cylinders filled with soil. Lysimeters vary in size, shape, and (vegetation)

cover. Two methods exist to keep track of the water in the cylinder. The first method

weighs the entire cylinder, while the other determines the residual of the in- and outgoing

water fluxes of the soil water balance (precipitation and drainage). Even though the soil is

disturbed during the installation of a lysimeter, the weighing version is regarded as one

of the best ways to measure ET on a small scale. In the urban context, lysimeters are

mainly applied to study small-scale interventions (Denich and Bradford, 2010; Ouédraogo

et al., 2022; Zhang et al., 2023).

More recently, Distributed Temperature Sensing (DTS) has been developed to measure

temperature along fiber-optic cables. These temperature observations allow the estimation

of turbulent heat fluxes including ET when they provide the dry and wet-bulb temperatures

in a vertical temperature profile (Euser et al., 2014; Schilperoort et al., 2018). These

observations can be achieved by installing two cables next to each other and wrapping one

in a wet cloth. The Bowen ratio can be calculated from the temperature and water vapor

gradients derived from the temperature profiles. In the end, the turbulent heat fluxes are

obtained by constraining the energy balance with this Bowen ratio. The design of the

cable configuration determines the exact scale of DTS observations. DTS has been applied

at scales starting at a few meters (Van Emmerik et al., 2013) up to several kilometers (Dai

et al., 2023), although observations have until now been limited to dry temperature at the

larger scales.

Ground- and satellite-based remote sensing utilize light to estimate ET at larger scales.

The ground-based remote-sensing technique is called scintillometry and consists of a

light-transmitting and a light-receiving device (Jacobs et al., 2015; Ward, 2017). The

transmitted beam is refracted by small optical variations caused by turbulent eddies

along its path. The detected variations in the beam thus characterize the turbulent

airflow in the atmosphere. The turbulence transports water vapour and energy, i.e. the

sensible and latent heat flux. Scintillometry allows to estimate both when the variations

in two wavelengths, optical and microwave, are observed simultaneously by the same or

two synchronized scintillometers. Given the path lengths of hundreds to thousands of
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meters, the fluxes represent area averages of several square kilometers (Hartogensis et al.,

2003).

Satellite-based remote sensing operates on a larger spatial scale enabling studies of ET on

a regional to global scale (Zhang et al., 2016). Similar to scintillometers, satellites measure

light rather than ET directly. However, they rely on passively sensing the radiation

reflected or emitted by the surface instead of measuring actively transmitted beams. Even

though this allows ET at vast scales, satellites cannot provide observations when clouds

block the visible and thermal spectrum. These spectra are needed for the different methods

that translate the satellite-observed radiation to ET. The methods take different starting

points. The earliest and still commonly used method is based on the energy balance. The

latent heat flux is estimated as the residual of the energy balance after the sensible heat

flux is calculated from the temperature derived from the infrared radiation measurement.

A well-known algorithm of this type is SEBAL (Surface Energy Balance Algorithm for

Land), which includes empirical relations to account for hydrometeorological heterogeneity

(Bastiaanssen et al., 1998). This algorithm has been extended with for example automatic

calibration with surface-based ET observations (Allen et al., 2007). Other starting points

are the ET equations from Penman-Monteith and Priestley-Taylor. To estimate ET from

these equations, the necessary input variables and parameters are derived from satellite

products when possible and otherwise modeled (e.g. Mu et al., 2011). Therefore, the main

advantage of the Priestley-Taylor equation is its limited number of inputs (Miralles et al.,

2011). Finally, ET can be estimated with satellite remote sensing from other starting

points such as the water balance (Wan et al., 2015), the link between ET and carbon

(Yang et al., 2013), and empirical relations (Wang et al., 2007).

While progressing through the scales, I have omitted the one method essential for this

thesis: eddy covariance (EC). EC observations are at the neighborhood scale of more or

less 1 km2. Arguably, EC provides the most direct observation of the turbulent latent

and sensible heat fluxes by measuring temperature, humidity, wind speed, and direction

at a high frequency (e.g. 10 Hz) (Aubinet et al., 2012). The turbulent heat fluxes are

calculated as the covariance of the vertical wind (w) and the transported scalar, potential

air temperature (Ta) for the sensible and specific humidity (q) for the latent heat flux:

QE = ρaLvw′q′ (1.5)

QH = ρacpw′T ′
a (1.6)

where ρa is the air density. Multiplied with Lv, the latent heat of vaporization, ρa represents

the energy required to evaporate one cubic meter of water. Multiplied with cp, the specific

heat of dry air, ρa represents the energy required to heat one cubic meter of air by one

degree. w is the vertical wind speed and the primes indicate fluctuations from the mean

in time. The averaging period is typically 30 or 60 minutes. The EC system has to be

installed in the well-mixed layer to measure a representative flux. Practically this means

1
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sensors have to be installed above 2–5 times the average building height (Feigenwinter

et al., 2012).

Despite the elegance of almost directly measuring the turbulent heat fluxes, the EC

technique has limitations and drawbacks. Firstly, wet EC systems are unreliable; thus,

measurements performed during or shortly after rainfall must be discarded. Secondly, EC

systems fail to close the energy balance leaving part of the available energy (Q∗ and the

ground heat flux when negative) unexplained (Mauder and Foken, 2006; Franssen et al.,

2010). Thirdly, the EC observations require the right site. Selecting a suitable site for EC

in urban areas is especially challenging. Logistics and access often limit the options to

existing buildings high enough to reach the well-mixed layer, but they may distort the

airflow themselves (Feigenwinter et al., 2012).

An important attribute of EC observation is their source area or their footprint. The

footprint depends mainly on the wind speed and direction, atmospheric stability, and

measurement height (Rannik et al., 2012), as is depicted in Figure 1.3. As the wind

and atmospheric stability change continuously, footprints change as well. The dynamic

footprints of EC systems present both a challenge and an opportunity in the heterogeneous

urban landscape. As a result of the dynamic footprints and heterogeneous surface, the

observations reflect an ever-changing combination of surface covers hampering analysis.

At the same time, analytical functions and numerical models allow for footprint estimation

(Vesala et al., 2008b). These estimated footprints unlock the possibility of leveraging the

information contained in the footprint (Vulova et al., 2021).

1.6 Urban climate models

Evaporation observations represent one instrument to understand the urban system.

However, their availability is limited, especially in urban areas (Lipson et al., 2022b).

Moreover, these observations represent only their (direct) surroundings and not the city as

a whole. Models may partly fill this gap having no logistic constraints and thus allowing

for more flexibility. Apart from removing practical constraints, urban models provide the

means to forecast urban weather and warn early for urban heat which is crucial to help

mitigate the adverse health effects of heat mentioned earlier (Martinez et al., 2019). On

top of that, models can assist in building more resilient cities by testing how planned

changes to the urban fabric affect the micro-climate before they are implemented.

The existing models cover a wide range of complexity illustrated in Figure 1.4. The

geometry of a city may be simplified to a flat sheet on one extreme of the spectrum.

On the other side, every building could be described separately. Many processes can be

excluded or included with varying degrees of detail. These processes may be physical

processes such as turbulence or human activities such as irrigation. Below a synopsis of
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Figure 1.3: Illustration demonstrating the influence of wind speed and direction on the

footprint of EC observations for two contrasting wind speeds and two different wind directions.

The ellipses indicate the source area of the respective percentage of the observed flux. It is

not possible to draw the 100%-contour, as the footprints are probabilistic and the analytical

footprint functions are asymptotic.

the existing model types and their variations is given starting at 0- and building up to

3-dimensional models.

1.6.1 Urban land surface models

Urban land surface models (ULSMs) simulate the exchange of energy, water, and momen-

tum between the urban surface and the overlying atmosphere. They are forced with wind,

temperature, humidity, downward radiation, and precipitation from a reference height

above the urban canopy. A ULSM can be run independently, i.e. offline. Offline ULSMs

are useful for evaluating the schemes themselves and simulating the fluxes within the

urban canopy. Alternatively, ULSMs are coupled to an atmospheric model serving as the

lower boundary condition. Their significance in such online settings is increasing with

1
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Figure 1.4: Overview of the different urban model types with increasing levels of complexity

and examples of how detailed processes are potentially represented in the models. Above

the dashed line, different model types are shown with increasing geometric complexity from

top to bottom. The 3D models are Reynolds-Averaged Navier-Stokes (RANS), Large-Eddy

Simulations (LES), and Direct Numerical Simulations (DNS). Below the dashed line, the varied

complexity of specific processes is illustrated for irrigation and snow.
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the evolution of higher-resolution atmospheric models, as urban areas are more often the

dominant surface cover within a grid cell.

Many schemes have been developed to describe the exchanges between the urban surface

and the atmosphere in the past decades (Grimmond et al., 2011; Lipson et al., 2024). These

schemes are typically classified by how they represent urban geometry. In reality, these

schemes cover a continuous scale of complexity representing different physical processes at

different levels of detail.

Geometrically, the simplest ULSMs mimic the urban surface as a set of tiles and are called

slab models. Each tile represents a certain surface cover type (e.g. grassland, deciduous

forest, or bare soil). Impervious surfaces are represented by one tile only or by two tiles

distinguishing roads and roofs. Depending on the model, tiles interact and exchange

fluxes, or their fluxes are directly aggregated to an average flux. Slab models require

bulk surface parameters for each tile such as the surface albedo and the roughness length.

As ULSMs of this type consider no spatial dimensions, they do not capture the urban

canyon’s 2-dimensional effects like radiation trapping.

To evade this limitation, canyon models approximate the urban canyon as an infinite 2D

street. The second dimension captures the interaction between urban facets (road, roof,

wall). The radiation and energy balances are solved for each facet and their interaction is

thus resolved capturing radiation trapping. The extra dimension adds new parameters to

the model related to the canyon geometry such as building height and canyon width and

related to the roof, wall, and street facets such as albedo and heat capacity. Canyon models

can still include tiles next to the 2D canyon to account for the non-urban surfaces.

Although more detailed than slab models, canyon models also miss interactions. Canyon

models with one atmospheric layer in the canyon do not consider the vertical gradients of

wind, temperature, and humidity and their effect on turbulent transport. To resolve this,

multilayer canyon models divide the atmosphere. Another simplification violating reality

is the endless buildings, as nowhere in the world infinite buildings exist. Parameterizing

the effect of gaps in the buildings allows to relax this assumption without moving to three

full dimensions. The downsides are the higher computational burden, the increased need

for spatial information to estimate parameters (e.g. material properties), and the increased

need for observations to estimate the initial conditions.

Until here, I followed the convention of dividing models into geometric categories. However,

countless options exist within the slab, canyon, and block models to represent relevant

processes generally or in detail. A full overview of all processes and their options is

better suited in a reference book on urban climate modeling than this introduction. Yet,

the palette is sketched to foster understanding and appreciation for the variety found

in ULSMs. For this illustration, three examples are highlighted to demonstrate how

vegetation, hydrological processes, and anthropogenic fluxes may vary in complexity within

the geometric categories. The three examples are canyon vegetation, snow hydrology, and

1
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irrigation. Many more aspects are part of the ULSM pallette such as soil hydrology and

the anthropogenic heat flux, but are not detailed here.

As mentioned before, urban canyon models may employ separate tiles for the non-urban

vegetated surfaces. When on a separate tile, the vegetation does not interact with the

2D canyon. To capture this interaction, (part of) the vegetation can be included in the

canyon. Canyon vegetation consists of both low and high vegetation. Not all vegetation is

planted on the canyon floor. Green roofs and facades are suggested to combat heat stress

(see Sec. 1.2). For this reason, modelers have built these into ULSMs (Meili et al., 2020;

Wang et al., 2021).

Snow does not occur everywhere on our planet and models are developed in and for

regions without snow. Therefore, models exist without snow hydrology. When a model

accumulates snow, this can be on the urban surfaces, the vegetated surfaces, or both. The

accumulated snow layer is modeled with different levels of detail in heat transfer, snow

melt, and refreezing. Although not yet implemented, models could include human snow

management with road salt and snow removal.

Human behavior is mimicked for irrigation. The most straightforward implementation

is a prescribed irrigation flux. This prescribed flux is directly provided to the model but

may be based on another model or surveys. Another option is to model the irrigation

depending on the variables within the model (e.g. soil wetness).

1.6.2 Large-eddy simulations

When we add an extra dimension to canyon models, we enter the realm of urban 3D models.

Three different 3D model categories are distinguished by how much turbulence is resolved.

Direct Numerical Simulations (DNS) resolve all turbulent flow. To resolve all turbulence,

DNS needs to cover all turbulent scales from generation to dissipation. The resulting

downside is that the grid spacing has to be in the order of 1 mm. The corresponding

timescales are also very short creating a massive computational burden. Currently, DNS

can therefore not be applied in urban climate research. Instead of resolving all turbulence,

Reynolds-Averaged Navier-Stokes (RANS) models parameterize it completely. Numerical

Weather Prediction (NWP) and climate models belong in this category. While this

allows much larger domains, the effect of buildings on the airflow cannot be captured

properly.

Large-Eddy Simulations (LES) cover the middle ground between DNS and RANS. The net

effects of the smallest turbulent scales are parameterized, while larger turbulent motions are

resolved. This way turbulence is modeled at a much lower cost than DNS, but turbulence

is mostly explicitly resolved. For urban areas, LES explicitly simulates the majority of the

turbulent motions with a spatial resolution in the order of 1 meter. At these resolutions,

LES remain restricted to several kilometers and a few days. Yet, much more spatial
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detail is included than in ULSMs. In idealized simulations, the model domain is designed

to reveal the effect of certain parameters on the flow or study fundamental processes

through simple cases. Whereas for realistic simulations, unique buildings and urban

configurations can be added throughout the model domain. This requires information on

the building configuration and its properties (e.g. albedo and heat capacity) at the high

model resolution. The boundary conditions of the LES domain can be generated with an

NWP or academic weather model capable of simulating the large synoptic forcing.

1.7 Thesis objectives and overview

People in urban areas are exposed to more heat stress than the people living outside these

areas. Strategies to mitigate this heat stress seek to cool cities and one way they aim to

achieve this is promoting evaporation. Thus, water availability is critical for their success.

However, this link between water and energy has rarely been the focus of urban climate

studies. Thus, this thesis aims to unravel how the water balance affects the urban energy

balance by studying the bridge between these balances. To achieve this aim, all fluxes of

the water balance are studied with a combination of observations and models. The thesis

zooms to the neighborhood-scale fluxes and their smaller-scale constituents.

This thesis contributes to the grand challenges in urban climate research formulated by

the urban climate community. González et al. (2021) categorized grand challenges in

urban climate in four themes: a) urban climate modeling, b) observations of the urban

environment, c) cyber informatics and data management, and d) knowledge transfer and

applications. The first two themes have been introduced above as they are central to

the research in this thesis. In the next two paragraphs, I discuss the challenges related

to these categories that play a role in this thesis. While the third theme is beyond the

scope of this thesis, the thesis leverages the wealth of existing data from observations and

models. In this way, it may showcase how opportunistic data use benefits the impact of

existing data. The last theme summarizes the challenges of integrating the subdisciplines

studying the urban climate that prohibit the effective application of generated knowledge.

This describes what hampers the World Meteorological Organization (WMO) initiative

integrated urban hydrometeorological, climate, and environmental services to translate

science into services that will help to create and maintain safe, healthy, resilient, and

climate-friendly cities (Grimmond et al., 2020). I will reflect on the potential of this thesis

to contribute to this theme in the final chapter.

The themes of urban climate modeling and observations of the urban environment contain

the current scientific challenges and developments most relevant to this thesis. Within

urban climate modeling, the first challenge is presented by gaps in our understanding

of how the urban fabric influences turbulent transport responsible energy, water, and

momentum. These gaps hinder the cross-scale transfer of the physical fluxes and our

conceptual understanding. LES is suggested as a suitable technique to fill (a part of)

1
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these gaps. To correctly capture transport, the sources and dynamics of the transported

variable need to be understood. Therefore, the second challenge lies at the bottom of the

urban fabric. No answer is readily available as to how the surface should be represented.

The answer to this question is obscured by the third challenge: model evaluation. While

hampered by a lack of observations, model evaluations require purposeful metrics and

preferably benchmarks against which models are tested. Detailed high-resolution models

such as LES could substitute observations and serve as benchmarks. The last challenge

concerns all of the previous three, as the models need to consider processes from many

(sub)disciplines to allow predictions of high-impact events like floods and heat waves.

Current research often remains limited to one discipline’s processes.

Observations in the urban environment are challenged practically by logistical restraints.

These restraints include, for example, permission for sensor placement and securing often

costly sensors. Once installed and running sensors and their observations have to be

quality controlled. Urban settings present potential problems such as obstacles blocking

radiation or locally affecting wind patterns. All these challenges relate to performing

observations, which cannot be addressed when opportunistically using existing data like in

this thesis. Yet, reusing data is ideally suited to contribute to other challenges. Reusing

data urges us to explore the potential of existing public datasets, which often remain

unused. All these challenges would be more than enough, but I have saved the perhaps

most pressing challenge till the last. The key question of this challenge is what an urban

observation represents especially spatially. This spatial dependence is important given

the urban heterogeneity. Next to the spatial mosaic, changing meteorological conditions

induce temporal variations as was explained for the EC footprints earlier. How can we

meaningfully interpret such temperamental observations?

In their vision paper, Gao et al. (2024) make two broad recommendations overarching these

challenges. The first recommendation calls for knowledge to be generated on smaller spatial

scales, i.e. neighborhood and smaller. The other recommendation states that including the

nexus of urbanization, water, and energy in modeling has to mature beyond the current

early stage. This thesis aligns with both ideas, as the recommended spatial scales match

those studied here and the bridge between water and energy is a key interaction in the

described nexus.

Below I will narrate how these challenges and developments inspired the research questions.

Interwoven in this story is an outline of how these questions are answered in this thesis.

Urban water storage

Water availability has been stressed multiple times as crucial for the success of heat

mitigation strategies. Here, the water-energy balance link not only lies in the shared ET

but also in the water storage. The main water source is precipitation, but how much

precipitation can evaporate depends on its availability (long) after rainfall has seized. In
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the meantime, the water has to be stored to prevent it from being lost as runoff. The water

storage capacity determines how much water can be stored. Together with its depletion

rate, the capacity determines how much water is available longer after rainfall. Water

availability regulates energy partitioning, which is relevant as urbanization affects this

water availability.

Understanding the water storage dynamics is crucial for estimating the energy partitioning

between sensible and latent heat during dry periods. Therefore, the urban water storage

capacity and its depletion rate have not been quantified so far. Therefore, Chapter 2

aims to answer the following question:

What is the urban water storage capacity? How quickly does it empty through

evaporation?

Directly observing water storage is complex due to the fragmented character of the

urban fabric. Storage is scattered throughout the urban surface in, for example, soil

moisture, intercepted precipitation, and open water of any size. To circumvent the need

to measure all these individual storages, the water storage capacity can be estimated from

the neighborhood ET observed using the EC technique. ET is the only flux leaving or

entering the storage in the first days after rainfall. Therefore, the water storage capacity

can be estimated from how fast ET declines in this period.

Water balance in urban land surface models

Cities accommodate the majority of the world’s population, but their size is modest

compared to the entire globe. For a long time, their size was thus well below the grid

size of climate and weather models. As a result, these models could neglect the impact of

urban areas on the surface-atmosphere interaction. However, increasing computational

resources resulted in higher-resolution models. No longer can the urban effect be neglected

calling for the application of dedicated urban schemes for the urban grid cells. ULSMs

are ready to fill this vacancy. After a global intercomparison at the beginning of the

2010s, they have been improved by including more hydrological and vegetation processes.

A decade later, a new intercomparison project started to evaluate the improvements,

Urban-PLUMBER.

Both intercomparisons focused on the energy balance, as ULSMs are developed from a

meteorological perspective. On top of that, a lack of observations may explain why the

water balance representation in ULSMs has eluded evaluation. Next to the urban water

storage discussed in the previous section, other water fluxes have proven difficult to measure.

These fluxes are complex to measure for the same given area. ET observations with EC

have a time-varying footprint, which makes measuring runoff for the same area unfeasible.

Hence, previous model intercomparisons focused on the energy balance performance. This

motivates the following questions that are addressed in Chapter 3 and 4:

1
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How well does the water balance representation perform in current ULSMs?

What are the effects of the water balance representation on the model performance

for the surface energy balance?

How can the water balance representation in ULSMs be improved?

The answer to these questions, I examine the ULSMs that were part of the most recent

ULSM intercomparison: Urban-PLUMBER. Over half of the models in this project simulate

the entire water balance. These models are suitable to map the current status of the water

balance representation in ULSMs. Yet, the limited observation availability hampers a

straightforward evaluation with quantitative error metrics. A newly developed score is

presented in Chapter 3, which leverages indicators of a good water balance to evaluate

ULSMs in the absence of observations. Chapter 4 follows the guidance of the previous

chapter and demonstrates how the water balance representation can be improved.

Evapotranspiration from heterogeneous urban areas

Where ULSMs simulate the interaction between the surface and the atmosphere, EC

systems partly observe this interaction. These observations can help to unravel the link

between ET and the surface. Understanding this link is required for sustainable urban

water management. Only when water is properly managed, sufficient water is available is

for vegetation to mitigate the heat stress in urban areas. Water availability may become

limited more frequently for more urban areas as the climate changes.

Interpretation of EC observations is hampered by the constantly changing source area.

The source area of the observed ET changes dynamically because of changing wind and

atmospheric conditions. Combined with the heterogenous urban fabric, the dynamic

footprint leads to a non-constant composition of surface cover types. While this restricts

the direct interpretability of the observations, the changing surface composition presents

chances to study the effect of the surface cover. Using modeled footprints, studies have

been able to map CO2 sources in urban areas. In this endeavor, the interpretation is

aided by the contrasting characteristics of CO2 sources. While ET has spatially more

continuous sources, the same idea holds the potential to further our understanding of ET

at neighborhood scale. Therefore, Chapter 5 poses the question:

How can the heterogeneous surface cover be linked to neighborhood ET?

To answer this question, an observation-driven approach is taken to disentangle the

different sources of ET. The developed approach is applied in Berlin (Germany). This city

offers a uniquely rich set of observations including multiple EC systems at two sites. The

neighborhood-scale EC observations are linked to the surface cover through analytical

footprint modeling. The connection is made from the bottom up by scaling patch-scale

observations and conceptual models to the neighborhood scale. This scaling is proportional

to the surface fractions in the footprint. From the top down, the EC observations are
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distributed over the surfaces using a system of linear equations. In this system, each

equation describes the composition of the footprint and the resulting neighborhood ET.

Quantifying neighborhood ET and its components is critical for informed urban water

management.

The footprint composition changes constantly through the wind and atmospheric stability.

Next to these dynamic conditions, the placement of the EC system is critical given the

high surface variability at small scales. The placement of EC systems is often dictated

by logistic limitations, especially in cities. Many urban EC systems are installed on high

buildings and otherwise need a high tower structure to observe high enough to measure

a representative flux limiting the location options. This raises the question central to

Chapter 6:

To what extent are EC observations sensitive to sensor placement in an urban

setting?

The costs and logistics make it infeasible to install enough EC to study this question with

observations. Therefore, an LES domain is configured and simulated for one of the same

sites in Berlin as in the previous chapter. In this LES, a grid of virtual EC systems is

placed in a grid around the actual observation tower. By comparing the virtual and real

observations the ET in the LES can be examined. The grid shows how EC observations

vary over distances between 2 and 200 meters.

While chapters 2–6 aim to answer these questions, Chapter 7 discusses and synthesizes

their main conclusions highlighting the connections between the chapters. This final

chapter continues by reflecting on the lessons learned in the previous chapters interwoven

with perspectives for future research opportunities to advance our understanding of the

balances that bridge water and energy in the city and connect the disciplines of hydrology

and meteorology.

1
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Urban water storage
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Abstract

Water storage plays an important role in mitigating heat and flooding in urban areas.

Assessment of the water storage capacity of cities remains challenging due to the inherent

heterogeneity of the urban surface. Traditionally, effective storage has been estimated

from runoff. Here, we present a novel approach to estimate effective water storage capacity

from recession rates of observed evaporation during precipitation-free periods. We test

this approach for cities at neighborhood scale with eddy-covariance based latent heat flux

observations from fourteen contrasting sites with different local climate zones, vegetation

cover and characteristics, and climates. Based on analysis of 583 drydowns, we find storage

capacities to vary between 1.3–28.4 mm, corresponding to e-folding timescales of 1.8–20.1

days. This makes the urban storage capacity at least five times smaller than all the

observed values for natural ecosystems, reflecting an evaporation regime characterised by

extreme water limitation.
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2.1 Introduction

With a large and growing share of the world population living in cities (United Nations,

2018), the impact of weather-related risks magnified by climate change, such as heatwaves

and flooding (Wilby, 2007), also increases. In cities, air temperatures are typically higher

than in the rural surroundings due to the Urban Heat Island effect (UHI, Oke, 1982;

Santamouris, 2014; Oke et al., 2017). The UHI originates from the difference between the

rural and urban energy balances due to lower albedo, radiation trapping, less vegetation,

higher heat storage capacity and anthropogenic heat release (Oke, 1982). Because of its

positive effect on evaporative cooling that is complemented by shading, urban vegetation

is often given a central role in attempts to improve thermal comfort (Ennos, 2010). Indeed,

higher vegetation fractions are associated with lower urban air and canopy temperatures

(e.g. Gallo et al., 1993; Weng et al., 2004; Theeuwes et al., 2017), although in specific

situations vegetation can cause higher temperatures (Meili et al., 2021). Wei and Shu

(2020) showed that expanding the vegetation fraction as part of urban renewal can

improve thermal comfort. However, vegetation-mediated cooling strongly depends on

water availability for evapotranspiration (ET, Avissar, 1992; Manoli et al., 2020).

The generally low ET over urban areas also reflects a different water balance that makes

cities more prone to flooding. A high impervious surface fraction promotes stormwater

runoff, which can accumulate relatively fast (Arnold Jr and Gibbons, 1996; Fletcher

et al., 2013). Consequently, high runoff ratios decrease water availability for ET, and

thus indirectly contribute to the UHI (Taha, 1997; Zhao et al., 2014). Heavy rainfall in

cities can lead to flood volumes that are 2–9 times higher than in rural areas (Paul and

Meyer, 2001; Hamdi et al., 2011; Zhou et al., 2019), often causing considerable damage

(Tingsanchali, 2012). Solutions to problems related to the urban water and energy balance

have been proposed under various names such as Water Sensitive Urban Design (Wong,

2006), Low Impact Development (Qin et al., 2013), Sustainable Drainage Systems (Zhou,

2014), Sponge Cities (Gaines, 2016), and Nature Based Solutions (Somarakis et al., 2019).

All these concepts promote increasing infiltration and effective storage capacity, of which

the latter is crucial for their performance (Graham et al., 2004; Qin et al., 2013). Therefore,

methods to assess effective storage in cities at urban landscape scale are needed.

Estimation of the urban water storage capacity is challenged by the heterogeneity of sources

for ET (Sailor, 2011). Previous studies have mainly focused on ET from individual sources

(e.g. Gash et al., 2008; Starke et al., 2010; Pataki et al., 2011; Ramamurthy and Bou-Zeid,

2014), as well as on their combined behavior at street or neighborhood scale (e.g. Christen

and Vogt, 2004; Jacobs et al., 2015; Meili et al., 2020; Meili et al., 2021). In order to study

the ET on a neighborhood scale (order of hundreds of meters to 1–2 kilometers), flux

measurements through eddy covariance (EC) or scintillometry are becoming increasingly

popular. Due to relatively large footprints, urban EC measurements often reflect a myriad

of sources including impervious surfaces, vegetation, open water, and all other sources

2
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of ET. Hence, in this paper, an urban surface is defined as the entire urban landscape

found within the footprint, rather than impervious surface only. This is in line with many

studies on urban ET from an EC perspective, since the ET sources cannot be separated

(e.g. Coutts et al., 2007b; Vulova et al., 2021). In contrast, modeling-oriented studies are

able to make this separation and thus often use urban and impervious interchangeably

(e.g. Masson, 2000; Wouters et al., 2015). Examples of cities for which EC measurements

have been studied are Arnhem (Jacobs et al., 2015), Basel (Christen and Vogt, 2004),

Helsinki (Vesala et al., 2008a), Melbourne (Coutts et al., 2007b), Seoul (Hong et al.,

2019) and Singapore (Roth et al., 2017). Under water-limited conditions, ET observations

contain information on storage (Teuling et al., 2006). In one of the few studies directly

linking urban ET and storage, Wouters et al. (2015) applied this principle to validate a

new parametrization for the impervious contribution to urban water storage in Toulouse.

However, the link between ET and footprint-scale urban water storage remains largely

unexplored.

Recession analysis can be used to link eddy-covariance flux observations and storage

properties. From the 1970s, discharge recession analysis has been extensively used in

groundwater and hillslope hydrology (e.g. Brutsaert and Nieber, 1977; Kirchner, 2009;

Troch et al., 2013). Similarly, daily ET values can be linked to water storage during a

drydown, a period without precipitation creating water-limited conditions. Assuming

that the ET decay is exponential, the e-folding time, or the timescale over which ET

declines by 63%, reflects the available storage and resilience to droughts (Wetzel and

Chang, 1987; Salvucci, 2001; Saleem and Salvucci, 2002). Since the storage is inferred

directly from ET observations, this water storage is defined as the dynamic water storage

capacity available to the atmosphere for ET, which includes soil moisture, intercepted

precipitation, groundwater and open water varying from lakes to puddles. As a result of

plant-physiological processes, this storage is not necessarily constant (Dardanelli et al.,

2004). In studies using daily ET over natural ecosystems, Teuling et al. (2006) and Boese

et al. (2019) found timescales ranging from 15 days for short vegetation to 35 days for

forest ecosystems, and corresponding storage capacities of 30–200 mm, with most sites

in the range of 50–100 mm. A global-scale analysis of surface soil moisture recession by

McColl et al. (2017) found timescales ranging from 2 to 20 days. Although valuable insight

can be obtained from a comparison of urban and rural ET dynamics, recession analysis

has not yet been applied to urban ET.

This study extends the methodology developed by Teuling et al. (2006) to estimate

footprint-scale water storage capacity directly from EC observations of daily ET in cities

without modeling ET itself. The methodology is applied to a new, unique collection of

urban ET data containing cities in a range of climate conditions and with different urban

land cover and structure. This allows for a first assessment of urban storage capacity

across cities, an evaluation of how site characteristics (e.g. vegetation fraction) affect water

storage, and a comparison of urban water storage to that of natural ecosystems.
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2.2 Data and Methods

We analyze latent heat fluxes and auxiliary meteorological observations from eddy covari-

ance flux towers at fourteen sites in twelve cities to estimate water storage. Table 2.1 lists

a number of important site characteristics, including key references. In these references,

all observation sites and measurement details are fully described. The sites were selected

based on the length of the data record (minimum of a year), flux footprints representing

typical urban neighborhoods without other land covers, and the availability of observed

precipitation and latent heat fluxes. All sites are located in reasonably flat terrain. Most

sites were located in mid-latitude climates, except Mexico City with a subtropical climate,

Singapore with a tropical climate, and Helsinki, Lódź and Seoul with a continental climate.

Vegetation fractions in the associated footprints vary between 6–56%.

Observations were reported in averaging periods of 10–30 min depending on the measure-

ment protocol of each site. We used hourly averages to determine the timing of rainfall

and 24-hour averages for the recession analysis. For all sites, the quality control of the

observed heat fluxes was performed by individual researchers responsible for their ET flux

observation site. Although the exact methodology of the quality control differs per site,

all fluxes have been properly tested in accordance with procedures published in literature

(Aubinet et al., 2012).

During multi-day drydowns in urban areas without rainfall, runoff is typically minimal after

a steep peak shortly after rainfall (Walsh et al., 2005b; Fletcher et al., 2013). Therefore,

the evolution in landscape-scale dynamic storage (S) over the whole drydown can be

simplified as:

dS(t)

dt
= −ET(t) (2.1)

Under water-limitation, daily ET becomes a function of storage. For impervious surfaces

in cities, the storage dynamics have been described by a 2
3
-power function resulting in

depletion within a few hours of daytime (Masson, 2000; Ramamurthy and Bou-Zeid,

2014). ET from other sources will likely show different behavior (Granger and Hedstrom,

2011; Nordbo et al., 2011), with ET from (urban) vegetation behaving more as a linear

reservoir (Williams and Albertson, 2004; Dardanelli et al., 2004; Peters et al., 2011). Since

impervious surfaces are typically quickly depleted, open water is constant and vegetation

behaves more linear, we assume the flux footprint reflecting a mixture of different ET

sources to effectively behave as a linear reservoir:

ET(t) = f(S(t)) = cS(t) (2.2)

2
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ö
p
p
e
n
-

G
e
ig
e
r

clim
a
te

A
v
g
.

te
m
p
.

(d
e
g
C
)

A
n
n
.

p
re
c.

(m
m
)

L
C
Z

F
v

(%
)

z
s

z
H

(m
)

S
ta
rt

E
n
d

S
o
u
rce

A
m
sterd

am
52.37

4.89
C
fb

9.2
805

2
15

40
14

05-2018
10-2020

R
on

d
a
et

al.
(2017)

S
teen

eveld
et

al.
(2020)

A
rn
h
em

51.98
5.92

C
fb

9.4
778

2
12

23
11

05-2012
12-2016

J
acob

s
et

al.
(2015)

B
asel

(A
E
S
C
)

47.55
7.6

C
fb

10
778

2
27

39
17

06-2009
12-2020

L
ietzke

et
al.

(2015)

B
asel

(K
L
IN

)
47.56

7.58
C
fb

10
778

2
27

41
17

05-2004
12-2020

S
ch
m
u
tz

et
al.

(2016)

B
erlin

(R
O
T
H
)

13.32
52.46

C
fb

9.1
570

6
56

40
17

06-2018
09-2020

V
u
lova

et
al.

(2021)

B
erlin

(T
U
C
C
)

13.33
52.51

C
fb

9.1
570

5
31

56
20

07-2014
09-2020

J
in

et
al.

(2021)

V
u
lova

et
al.

(2021)

H
elsin

k
i

60.33
24.96

D
fb

5.1
650

6
54

31
20

01-2006
12-2018

V
esala

et
al.

(2008a)

K
arsisto

et
al.

(2016)

H
erak

lion
35.34

25.13
C
sa

17.8
464

3
12

27
11.3

N
ov
-16

M
ay
-21

S
tagak

is
et

al.
(2019)

(H
E
C
K
O
R
)

L
ód
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in which c = 1/λ is a proportionality constant. Combining Eq. 2.1 and Eq. 2.2 and solving

the differential equation leads to an exponential response of ET:

ET(t) = ET0exp

(
−t− t0

λ

)
(2.3)

where λ is the e-folding timescale, and ET0 the initial ET. With these parameters the

total dynamic storage volume S0 in mm that would be depleted during a complete dry

down (t → ∞) is given by:

S0 =

∫ ∞

t0

ET(t)dt = λET0 (2.4)

so that S0 can be estimated by fitting observed ET in time during a drydown, without

modeling the flux. Essentially, the storage capacity reflects the sum of water leaving

the system as ET. Because of this direct inference without an imposed model structure,

the shape of the fit has minimal influence on the results. To further tailor this concept

to urban environments, the anthropogenic moisture flux can be included. This flux can

contribute substantially to ET, in particular during long, dry periods (Grimmond and Oke,

1986; Moriwaki et al., 2008; Miao and Chen, 2014), and includes processes like transport,

heating, cooling (indoor), human metabolism and irrigation, which do not directly depend

on rainfall. Variation in the daily averages of these processes, except for irrigation, can

be expected to be negligible over the course of one drydown. Thus, to account for these

processes we added a constant base term to Equation 2.3. Since this yields parameters

in compliance with the requirements explained below for only one drydown, we conclude

that including this part of the anthropogenic moisture flux does not improve the physical

representation of the city. As mentioned earlier, irrigation cannot be expected to be

constant, while in some cities (e.g. Vancouver (Grimmond and Oke, 1986; Järvi et al.,

2011) and Melbourne (Barker et al., 2011)) its contribution to ET can be considerable

during long dry periods. We include two steps to prevent irrigation affecting the results.

First we exclude irrigation by limiting drydowns to the first 10 days. This also reduces the

influence of the smaller signal-to-noise ratio in the tail of the drydown on ET0. Second we

require an R2 >0.3, in order to ensure a decreasing ET tendency reflecting storage as a

main control on ET dynamics. The results converge until R2 ≈ 0.3 (not shown), which

shows drydowns with a lower R2 are less reliable.

To estimate the parameters λ and ET0, we identified all periods without precipitation for

at least three continuous days, the minimum requirement for an exponential fit (Figure 2.1).

In order to preserve the information in ET during the first hours after rainfall (in case

of low λ), we start the 24-hour averaging bins directly after the rainfall event, regardless

of its magnitude. The bin-average is assigned to the middle of the day (e.g. the first

bin is assigned to 0.5 day since rainfall). We exclude hours with an average shortwave

2
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incoming radiation below 10 Wm−2 (i.e. nighttime), since nighttime ET tends to be low.

No gap-filling was applied, and only bins with at least 70% of data for daytime hours

were analyzed. For the longest time series (Basel (KLIN)), requiring 70% instead of 100%

increased the sample size by 48% respectively, while the median of the water storage

capacities only changed by 25%. Further lowering the threshold did not increase data

availability. Given the minimal effect on the results and potential to increase the sample

size, 70% provides more information especially regarding cities with a shorter measurement

period without compromising the results.
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Figure 2.1: Illustration of the recession analysis. 24-hour aggregated ET versus the number

of days following the last hour of precipitation for an example drydown from the Seoul data set

with the fitted recession curve. Note that the fit was obtained by a linear fit on log-transformed

data (see Data and Methods). In the figure, the parameters are indicated.

To allow for a variable timescale caused by a (seasonally) changing energy availability,

we estimate λ and ET0 for every individual drydown. The parameter estimates result

from linear fits (method of least squares) through the log-transformed ET observations

effectively applying Equation 2.3. In addition, the parameters are required to be physically

plausible meaning positive λ and ET0, but below 35 days (maximum found by Teuling

et al. (2006)) respectively 10 mmd−1. The maximum timescale prevents estimation of

timescales much longer than the maximum drydown duration and storage estimates based

on a limited dynamical range in ET. Given this filtering only excludes 10 cases, it does
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not influence our conclusions. Also, the average temperature during a drydown needs

to exceed 0◦C to exclude snow conditions, which is strict enough, confirmed by a check

against snow records. To quantify the uncertainty of the estimated parameters, we applied

bootstrapping using 5000 re-samples containing 90% of the estimates. The confidence

interval is defined as the 5th and 95th percentile of the median distribution from the

re-samples.

With λ and ET0 the storage capacity is calculated according to Equation 2.4 (shaded area

in Figure 2.1), as we assume the storage to be completely filled after every rainfall event.

This assumption is supported by the absence of a dependency between the parameters

and pre-drydown rainfall. Drydowns from all seasons are included and analyzed for a

seasonal effect, since the water storage available to the atmosphere may change due to for

example leaf phenology. Since it is not feasible to measure the water storage capacity in a

complete urban footprint, this methodology offers the most direct estimation of the urban

water storage. To investigate the possible impact of day-to-day variation or change in

energy availability on the results, we repeated the recession analysis based on evaporative

fraction (Gentine et al., 2007) multiplied by the average available energy over the drydown,

which we included in the supplementary information (Table A.2.1 and Figure A.2.1 and

A.2.2).

2.3 Results

In Figure 2.2, the individual drydowns (in grey) show a good resemblance of the char-

acteristic behaviour of the recession confirming the exponential behaviour. In general,

ET is quickly decaying within days after rainfall in all LCZ’s represented in our sample,

indicating urban ET is generally strongly limited by water availability even on the first day

after rainfall. As all cities respond approximately similarly, this confirms the qualitative,

decaying relation during a drydown. At some sites (e.g. Amsterdam), ET sometimes

rises after 6–7 days, which is most likely due to higher ET rates during the fewer events

of a duration longer than 6–7 days. The spread of the observations is higher than the

uncertainty, which is the result of a seasonal dependency. The uncertainty is visibly

higher in cities with shorter measurement periods, since shorter periods inevitably mean

smaller samples of drydowns. For Arnhem, Basel (both), Berlin (both), Helsinki, Lódź

and Vancouver, observations are available for more than two full years resulting in narrow

uncertainty bands. Conversely, the uncertainty bands for the sites with records shorter

than two years (Amsterdam, Melbourne, Mexico City, Seoul and Singapore) are as wide as

the range of observations. In some panels (e.g. Amsterdam and Helsinki), we observe two

groups of curves with distinct slopes, for which we found no explanation in seasonality,

energy availability, temperature and pre-drydown rainfall (amount and timing).
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Table 2.2: Summary of regression analysis. The indicated ranges for the parameters are the

5th and 95th percentile of the median distribution from the bootstrapping re-samples with in

brackets the median itself. (ET0: initial evapotranspiration, λ: e-folding timescale, t12 : half-life,

S0: effective, dynamic water storage capacity), R2: median goodness-of-fit.

City
Dry-

down
Days

ET0

(mm d−1)

λ

(day)

t1
2

(day)

S0

(mm)
R2

Amsterdam 15 61 0.9 – 1.8 (1.4) 3.4 – 16.4 (4.5) 2.4 – 11.3 (3.1) 5.0 – 17.0 (7.3) 0.66

Arnhem 46 183 0.7 – 1.0 (0.8) 2.5 – 4.2 (3.0) 1.8 – 2.9 (2.1) 2.3 – 3.8 (3.0) 0.72

Basel (AESC) 120 500 0.8 – 1.0 (0.9) 4.2 – 5.6 (5.1) 2.9 – 4.0 (3.5) 3.6 – 4.9 (4.4) 0.75

Basel (KLIN) 158 661 1.0 – 1.2 (1.1) 4.9 – 6.8 (5.9) 3.4 – 4.7 (4.1) 5.4 – 7.8 (6.5) 0.72

Berlin (ROTH) 7 33 0.4 – 0.9 (0.6) 4.8 – 11.0 (7.9) 3.3 – 7.6 (5.5) 1.3 – 9.9 (6.3) 0.67

Berlin (TUCC) 36 149 0.3 – 0.8 (0.5) 3.0 – 5.2 (3.7) 2.1 – 3.6 (2.6) 1.4 – 3.6 (3.0) 0.75

Helsinki 45 202 1.2 – 1.8 (1.6) 3.7 – 6.1 (4.4) 2.5 – 4.2 (3.1) 6.0 – 11.0 (8.5) 0.78

Heraklion 5 24 0.4 – 2.0 (0.5) 1.8 – 13.3 (6.5) 1.3 – 9.2 (4.5) 1.5 – 13.2 (2.8) 0.51

(HECKOR)

Lódź 57 261 0.9 – 1.6 (1.3) 4.0 – 5.4 (4.4) 2.8 – 3.7 (3.1) 3.8 – 6.9 (5.8) 0.66

Melbourne 2 9 1.6 – 2.1 (1.9) 2.6 – 13.2 (7.9) 1.8 – 9.2 (5.5) 5.5 – 21.3 (13.4) 0.69

(Preston)

Mexico City 8 49 0.7 – 1.5 (1.3) 5.5 – 16.5 (10.4) 3.8 – 11.5 (7.2) 5.8 – 21.9 (9.5) 0.65

Seoul 10 59 0.6 – 2.0 (1.3) 2.3 – 9.9 (6.5) 1.6 – 6.9 (4.5) 3.3 – 10.7 (6.1) 0.56

Singapore 7 40 1.3 – 1.6 (1.4) 4.6 – 20.1 (8.2) 3.2 – 14.0 (5.7) 7.7 – 28.4 (11.3) 0.81

Vancouver 67 308 1.2 – 1.4 (1.3) 6.5 – 8.9 (7.3) 4.5 – 6.2 (5.1) 7.1 – 9.5 (8.3) 0.54

In Table 2.2, an overview of the parameters is given for the 583 drydowns that complied

with all criteria. Of the total number of 1606 drydowns, 102 are excluded because of

potential snow conditions. All drydowns had a positive ET0, and only three exceeded 10

mmd−1. 671 additional drydowns did not meet the minimum R2 of 0.3. Finally, a negative

λ led to excluding 237 drydowns and λ above 35 days to 10 more. The remaining drydowns

have an R2 of 0.69 and yielded initial evapotranspiration between 0.3–2.1 mmd−1 and e-

folding timescales between 1.8–20.1 days with the majority below 10.4 days, corresponding

to half-lives of 1.3–14.0 and 7.2 days. The related storage capacities appear to be between

1.3–28.4 mm with the majority below 13.4 mm. As mentioned before, the length of the

measurement period determines the magnitude of the uncertainty, which for S0 varies from

1.2 mm in Basel (AESC) to 20.7 mm in Singapore.

For all sites, we find a considerable spread in the ET observations (Figure 2.2), which recurs

in the estimated S0 values. In Figure 2.3, S0 is plotted against the month of the drydown,

showing a very distinct seasonal dependency explaining why the spread in observations

exceeds the uncertainty. Both ET0 and λ, on which S0 is based, show similar behaviour

(not shown). Melbourne is shifted to fit the seasonality, as it is situated on the southern

hemisphere. We expect that the enhanced effective storage capacity in summer is caused

by increased vegetation activity. Since Singapore is close to the equator and its vegetation

is evergreen, it is not expected to show seasonal effect, which is confirmed in Figure

2.3. Any connection between S0 and the site characteristics in Table 2.1 and climatic

2
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variables among which precipitation regime is overshadowed by the seasonal dependency

covering the full range of S0 (Table 2.2), as we illustrate in Figure A.2.3 and A.2.4. It is

unfortunately not possible to eliminate the influence of this dependency by focusing on

one season due to the steep slope, and not by focusing on one month due to the low data

density. Only after omitting half of the cities based on the number of drydowns, a relation

between S0 and site characteristics is visible (Figure A.2.5).
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Figure 2.3: The seasonal dependency of the median S0 for the sites on the northern hemisphere

(Melbourne is included shifted by half a year) in blue and for Singapore as grey dots. The

uncertainty is determined similarly as in Figure 2.2.

2.4 Discussion

In contrast to the results presented here for urban areas, Teuling et al. (2006) found

timescales ranging from 15–35 days and storage varying between 30 and 150 mm for forests

and grassland following a similar methodology. When compared to the urban parameter

values (1.8–20.1 days and 1.3–28.4 mm), it is clear that both the timescales and storage

capacities are much higher in rural areas. McColl et al. (2017) have analyzed soil moisture

drydowns in a global study using satellite data with a resolution too coarse to explicitly

resolve individual cities, thus resembling rural values. Although their timescales with
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values from 2–20 days are closer to ours, it must be noted the temporal resolution is one

in every three days and their observations only regard the first few centimeters instead

of the root zone. Also, the satellite product in their research is known to underestimate

the timescales compared to in-situ observations (Rondinelli et al., 2015; Shellito et al.,

2016). When compared to storage values found for impervious surfaces by Wouters et al.

(2015) (1.1–1.5 mm), the values in this study are higher as a result of the footprint scale

analysis that includes natural in addition to impervious surfaces. Hence, the results show

that both λ and S0 are at least five times smaller in all cities than in natural ecosystems

indicating shorter timescales and lower storage capacities in urban areas regardless of their

climate and vegetation fraction.

Since our method is based on direct inference from observations, the footprint of obser-

vation determines the area for which the storage is estimated and the reliability of the

measurements is essential to the quality of our estimates. Since the fluxes are observed

at neighbourhood level, it is impossible to separate the (storage) source of ET. Further

research could distinguish the different storage reservoirs by applying additional techniques

like isotope analysis (Kuhlemann et al., 2021). The measurement reliability is ensured

by carefully selecting locations and applying quality control (Velasco and Roth, 2010;

Feigenwinter et al., 2012; Järvi et al., 2018). All sites have an observation height well

above the mean building height (see Table 2.1), and measure in the inertial sublayer.

This reduces the variability in flux measurements in response to the heterogeneity of the

monitored footprint, which is induced by the many, unevenly distributed surfaces with

different characteristics and water storage capacities in the urban landscape. The only

site in this research that includes a non-homogeneous footprint is Seoul. The observations

are filtered by wind direction to exclude a nearby forest. A relatively small variability

between our estimates for each site suggests the observations are accurate enough for our

application.

The methodology assumes that at the start of a drydown the storage capacity is completely

full. A partly empty storage capacity would lead to an underestimation of the capacity, as

less water is available for ET. We have compared the magnitude of the rain event before a

drydown with the resulting parameters and found no correlation. Since the storage can be

refilled by a series of events separated by dry days, we regressed the storage parameters

against the Antecedent Precipitation Index (API) (Fedora and Beschta, 1989). The API

takes into account rainfall occurring during preceding days (here limited to 20), but its

observed values show no correlations with the λ and S0. Therefore, the assumption of a

completely filled storage is tangible and no selection has been performed based on rainfall

event size. The evaporation directly after rainfall consists largely of interception ET from

various surfaces (e.g. Grimmond and Oke, 1991; Gerrits, 2010; Oke et al., 2017). By

calibrating an impervious-storage parameterization, (Wouters et al., 2015) estimated this

storage to be between 1 and 1.5 mm for a site in Toulouse with little vegetation cover

2
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(8%), suggesting interception ET is an important component of urban ET also in more

diverse and greener urban landscapes included in this study.

2.5 Conclusions

The timescales of ET recession observed through eddy covariance in urban environments

appear to be considerably shorter than in rural environments. This is related to the

storage capacity, which is also found to be lower. Based on 583 drydowns, we find recession

timescales of cities within 1.8–20.1 days with the majority below 10.4 days and storage

capacities between 1.3–28.4 mm with the majority below 13.4 mm. The timescales and

storage capacities are inferred for the entire footprint (including all ET sources) and do

not translate to impervious surfaces. All values found in urban areas are at least five times

smaller than found in rural areas. We were unable to analyze differences between cities to

vegetation fraction, local climate zone or climate for two reasons. Firstly, the seasonal

dependency in the storage capacities is as large as the total observed variation. Secondly,

the number of sites is limited, and half of them contain data records shorter than one

year. When provided with more data, the presented water storage capacity method has

the potential to establish robust empirical relations explaining the differences between

cities, in particular when complemented with soil moisture observations and/or Earth

observation.
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Abstract

Urban Land Surface Models (ULSMs) simulate energy and water exchanges between the

urban surface and atmosphere. However, earlier systematic ULSM comparison projects

assessed the energy balance but ignored the water balance which is coupled to the energy

balance. Here, we analyze the water balance representation in 19 ULSMs participating in

the Urban-PLUMBER project using results for 20 sites spread across a range of climates

and urban form characteristics. As observations for most water fluxes are unavailable,

we examine the water balance closure, flux timing, and magnitude with a score derived

from seven indicators expecting better scoring models to capture the latent heat flux

more accurately. We find that the water budget is only closed in 57% of the model-

site combinations assuming closure when annual total incoming fluxes (precipitation and

irrigation) fluxes are within 3% of the outgoing (all other) fluxes. Results show the timing is

better captured than magnitude. No ULSM has passed all water balance indicators for any

site. Models passing more indicators do not capture the latent heat flux more accurately

refuting our hypothesis. While output reporting inconsistencies may have negatively

affected model performance, our results indicate models could be improved by explicitly

verifying water balance closure and revising runoff parameterizations. By expanding

ULSM evaluation to the water balance and related to latent heat flux performance, we

demonstrate the benefits of evaluating processes with direct feedback mechanisms to the

processes of interest.
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3.1 Introduction

The impact of urbanization on the local climate and hydrology has sparked scientists’

interest and inspired research for centuries (e.g. Howard, 1833; Oke, 1982; Fletcher et al.,

2013; Hamdi et al., 2020). With the increasing population in cities (United Nations, 2018)

more people are impacted by increased heat stress and flooding (Heaviside et al., 2016;

Gasparrini et al., 2017; Zhou et al., 2019; Botzen et al., 2020). Spatial morphological

heterogeneity and human interactions make understanding the urban climate challenging

(Kotthaus and Grimmond, 2014b; Sun et al., 2018; Koopmans et al., 2020; Demuzere et al.,

2022), but weather and climate models need to include the effects of urban areas, as they

locally exacerbate extreme events (Oleson et al., 2008; Ronda et al., 2017; Hertwig et al.,

2020). Examples are increased flooding due to high impervious fractions (Zhou et al.,

2019) and increased heat stress during heat waves resulting from reduced evaporation

(Lemonsu et al., 2015; Li et al., 2019a). Therefore, models need to capture the impact of

urban areas on their climate.

Researchers have developed, evaluated, and improved Urban Land Surface Models (ULSMs)

simulating the interaction of the urban surface with the atmosphere. Coupled with a

numerical weather prediction or climate model, ULSMs serve as a lower boundary condition

and improve the model performance for urban environments (Tewari et al., 2007). ULSMs

make different simplifying assumptions regarding urban geometry: a single homogeneous,

impervious slab; multiple, individually homogeneous slabs; two-dimensional canyons; or

3D streets with individual buildings (Grimmond et al., 2009). These models also differ in

whether and how they include physical processes like anthropogenic heat, irrigation, and

snow processes (Lipson et al., 2024). To evaluate their performance, individual models are

compared with observations (e.g. Ross and Oke, 1988; Grimmond and Oke, 2002; Hamdi

and Schayes, 2007; Krayenhoff and Voogt, 2007; Porson et al., 2010). Although these

individual evaluations were sometimes based on the same observations (Grimmond et al.,

2009), the lack of a systematic approach prevented consistent comparison of the schemes.

To compare the wide variety of models, two successive comparison projects applied a

systematic approach. The first systematic comparison of ULSMs generally followed the

PILPS protocol (project for intercomparison of land surface parameterization schemes,

Henderson-Sellers et al. (1996)), hence PILPS-Urban (Grimmond et al., 2010; Grimmond

et al., 2011). Individual modelers received meteorological input and surface characteristics

to enable them to run their models. In total, 32 models completed simulations for a site

in Vancouver and one in Melbourne. Grimmond et al. (2011) concluded that increased

model complexity did not necessarily benefit model performance.

The second intercomparison, Urban-PLUMBER (Lipson et al., 2024), assesses 30 mod-

els initially at the PILPS-Urban Melbourne site and adopts benchmarks following the

PLUMBER project (Best et al., 2015). Benchmarks serve as a relative reference, to

which models are compared to assess whether a cohort performs better (or not) than the

3
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benchmark and if input information is utilized effectively. Urban-PLUMBER is extended

to the 20 sites presented by Lipson et al. (2022b) in the second phase (Lipson et al.,

2023). The Urban-PLUMBER models outperform the PILPS-Urban ones for the sensible

and latent heat flux. Some models representing two-dimensional canyons now perform

nearly as well as one and two-tile models after efforts to improve hydrology and vegetation

representation. However, models with complex urban geometry often still have relatively

simple hydrology and vegetation and perform less well overall suggesting the representation

of hydrology and vegetation requires more attention (Lipson et al., 2024).

Although PILPS-Urban and Urban-PLUMBER conclude vegetation and hydrology are

important for model performance, neither project evaluates the water balance explicitly.

The water balance satisfies the conservation of mass (Lavoisier, 1789) in the same way the

energy balance satisfies the conservation of energy (Châtelet, 1740). The conservation of

energy is forced in many ULSMs to prevent the energetic state of the model from drifting

and the consequential, long-term bias in the modeled surface fluxes (Grimmond et al.,

2010). Closure is achieved by either updating the surface temperatures based on the

residual energy or restricting the turbulent heat flows to the available energy (Grimmond

et al., 2010). Both PILPS-Urban and Urban-PLUMBER test whether models close the

energy balance, but have not verified the numerical closure of the water balance. Similar to

the energy balance, an unclosed water balance can result in model biases and consequential

drifting. These biases may in turn affect the energy balance, as the energy and water

balance are linked through evapotranspiration (ET), the mass counterpart of the latent

heat flux (QE). This direct link implies errors and/or biases in one balance will affect

the model’s skill for the other balance. Recently, Yu et al. (2022) showed the hydrology

in a coupled ULSM has the potential to improve the QE, humidity, and air temperature

with impacts up into the boundary layer (∼1 km). ET/QE has been amongst the most

challenging fluxes for ULSMs from the first assessment (Ross and Oke, 1988) until now

(Lipson et al., 2024). Given the link to the energy balance, we hypothesize closing the

water balance will improve model performance for the energy balance fluxes.

However, the water balance cannot be directly assessed because of a lack of observations

at the appropriate spatiotemporal scales at this time. While precipitation is measured

routinely in many urban locations with rain gauges and rain radars, runoff, irrigation, and

changes in water storage are not. QE (ET) observations from eddy-covariance systems have

substantial gaps introduced in the quality control process (Feigenwinter et al., 2012) that

rejects more data close to rain events (Grimmond, 2006b). Runoff is occasionally measured

in urban catchments (Berthier et al., 1999; Walsh et al., 2005a), but a challenge is posed by

the difference in the source area of observations for runoff and eddy-covariance techniques

(Grimmond and Oke, 1986; Grimmond and Oke, 1991; Hellsten et al., 2015). External

water use, often irrigation, further complicates the water balance in cities, as it mainly

occurs at the micro-scale (e.g. garden irrigation). This scale can only be inferred from

neighborhood piped water supply observations and water use surveys or estimated from
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weather, vegetation, and soil type (Grimmond and Oke, 1986; Mitchell et al., 2001; Zeisl

et al., 2018; Kokkonen et al., 2018). Tree roots penetrate (sewer) pipes causing damage

(Randrup et al., 2001) and simultaneously taking out water, which is an unobserved term.

Lastly, measuring the water storage change is logistically difficult, as this requires the

state of each individual element contributing to water storage in the city, such as soil

moisture, interception, groundwater, and surface water. Thus, a direct comparison of a

full set of water balance observations is extremely challenging and an alternative approach

is needed.

Here, we develop an alternative approach to evaluate the representation and dynamics

of the water balance in ULSMs. To examine the water balance closure, we propose an

UWBR (urban water balance representation) score. The score combines seven indicators

assessing: water balance closure (1 indicator), ET (2), water storage dynamics (2), and

surface runoff (2). The UWBR score is applied, given a lack of observations, to rank

models’ capability to accurately capture different aspects of the water balance. Assessing

the score of 19 Urban-PLUMBER ULSMs with a complete water balance representation

helps to identify model improvement possibilities. The water balance representation is

compared with the turbulent heat fluxes model skill since we expect a better water balance

representation should improve simulated latent heat fluxes.

3.2 Methods

3.2.1 Urban water balance representation (UWBR) score

The UWBR score is a linear sum of seven indicators of a good water balance, which

are assigned a value of 1 if a specified threshold is passed (Table 3.1), except the IS,m
indicator, for which both sub-metrics are assigned 0.5 if passed. No weights are assigned,

as these cannot be determined objectively. The UWBR score is compared with the model

performance for the latent heat flux assessed with metrics capturing different characteristics

(Willmott, 1982) that are not entirely independent:

• Absolute mean bias error (|MBE|) assesses the bias providing insight into how well

the quantities of the latent heat flux are modeled.

• Coefficient of determination (R2) captures the consistency of the timing as R2

decreases with a shift in a quasiperiodic signal like the latent heat flux.

• Normalized standard deviation (σnorm, σmodel divided by σobservations) compares the

variability, which is dominated by the daily cycle in the case of the latent heat flux.

• Systematic Mean Absolute Error (MAEs) indicates the average error. The systematic

error is separated from the unsystematic error similarly to the approach presented

3



44 Water balance in urban land surface models

by Willmott (1982) for the root mean square error. This separation allows us to

distinguish between systematic and random errors.

• Unsystematic Mean Absolute Error (MAEu) assesses how well the erratic behaviour

is captured.

Before the individual indicators are introduced, we define two ways to calculate water

storage from the model output based on either the water storage term (explicit) or the

other terms of the water balance combined (implicit). Assuming that the net change in

water stored in a ”catchment” or a model grid (∆S) can be derived from the difference

between the incoming and outgoing water fluxes, then the implicit water storage is:

∆S = P + I − (R + ET ) (3.1)

where P is precipitation, I irrigation, and R runoff. R represents both the surface (Rs) and

the subsurface (Rss) runoff. When ∆S is calculated from the fluxes on the right-hand side

of Eq. 3.1, we refer to this as the implicit water storage. The second approach determines

the net storage change (∆S) based on the modeled storage components following the

urban water balance (Grimmond and Oke, 1986). The storage components should account

for the water storage above and below ground, such as the interception, water bodies, and

groundwater. The components included depend on the model conceptualization. Here, we

refer to the storage represented in the model as the explicit water storage (∆Smodel):

∆Smodel = ∆Ssoil +∆Sintercept +∆Ssnow (3.2)

where ∆Ssoil is storage change in the soil moisture, ∆Sintercept storage change in the

interception storage, and ∆Ssnow storage change in the snow cover. Depending on the

model, ∆Ssoil considers soil moisture below the impervious and pervious fraction. In

the case a model does not consider soil moisture below the impervious fraction, ∆Ssoil

is adjusted accordingly. When we refer to annual timescales, the analysis is performed

on all time intervals of a year in the time series, i.e. a new annual period starts at every

timestep, after which a full year is modeled (e.g. NL-Amsterdam: 2018-05-01 19:00 -

2019-05-01 19:00, 2018-05-01 20:00 - 2019-05-01 20:00, etc.). Within this year, no gaps in

the model data allow all timesteps to be used. This method maximizes the use of available

data and eliminates the influence of choosing a specific annual period like the calendar or

hydrological year.

Water balance closure

Water balance closure assumes that all fluxes add up to zero for the time and space under

consideration (here ∼1 km2 and one year):

P + I − (R + ET +∆Smodel) = 0 (3.3)

where ∆S corresponds to the explicit water storage in the model (Eq. 3.2) to prevent

closure resulting from calculating the storage change based on the fluxes. Three models
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(8, 16, and 17) model groundwater interaction, which is not included in the model output.

We examine the annual water balance closure with the annual total fluxes. Closure should

also occur at every timestep, however, we were unable to undertake this more stringent

check because interception storage was modeled but mostly unreported by modelers (all

19 models modeled, only 3 reported). Assuming an interception storage capacity of over

0.5 and up to 3 mm (Klaassen et al., 1998; Wouters et al., 2015; Carlyle-Moses et al.,

2020), this storage can be filled in a single (half-)hourly timestep. At a single (half-)hourly

timestep, 0.5 mm is a non-negligible lack of closure but it is less critical at the annual

scale. Eq. 3.3 is normalized by annual precipitation plus irrigation to enable comparison

between sites with a range of precipitation regimes.

The water balance closure indicator (IA, Table 3.1) assesses if the total sum of all fluxes

(including storage) is less than 3% from P + I. The 3% threshold allows for non-closure

due to interception storage data not being provided in the model output, errors arising in

latent heat flux unit conversion, or numerical model errors. According to the literature,

interception storage amounts to 0.5-3 mm explaining a non-closure of up to 0.5% when it

is not provided (Klaassen et al., 1998; Wouters et al., 2015; Carlyle-Moses et al., 2020).

Converting the latent heat flux to ET can result in variations up to 2% depending on

temperature and snow effects (Bringfelt, 1986; Petrucci et al., 2010). Not all models

correct for these effects. To account for numerical model errors arising from discretization

and time stepping (MacKay et al., 2022), we allow deviations of up to 0.5%.

Evapotranspiration (ET)

The two ET indicators address the magnitude and timing. The non-randomly distributed

gaps in ET observations prevent direct comparison of total modeled ET (ETmodel) over

a model period. Thus, we use one of the Lipson et al. (2024) benchmark models. This

allows a total ET to be obtained without gaps. The Lipson et al. (2024) benchmark

model (ETbench) is derived using multivariate ordinary least squares regressions with a

K-means clustering approach. The K-means clustering approach is trained in-sample using

81 clusters on four variables: incoming shortwave radiation, air temperature, relative

humidity, and wind speed (KM4-IS-SWdown-Tair-RH-Wind in Lipson et al., 2024). To

reduce the hourly MBE, wind speed is omitted at both Helsinki sites. At all sites, the

MBE is below 1 W m−2 and at most sites below 0.1 W m−2 evaluated against available

data.

Therefore, ETbench is assumed to provide a reasonable estimate of the total ET flux over

the model run for the IET,m indicator (Table 3.1). We compare in QE units rather than ET

eliminating unit conversions and calculate the cumulative ET flux uncertainty from the

benchmark based on (1) the benchmark MBE multiplied by the run duration, and (2) lack

of energy balance closure associated with eddy-covariance observations (Franssen et al.,

2010; Foken et al., 2012; Mauder et al., 2020). The lack of energy closure is calculated by
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the net all-wave radiation minus the sum of the turbulent heat fluxes. The storage and

anthropogenic heat fluxes are not observed, which prevents constraining the turbulent

heat fluxes with energy balance closure. If a lack of closure occurs, the unexplained energy

over the whole model run is split between QE and the sensible heat flux (QH) according

to the Bowen ratio based on the benchmark fluxes (Twine et al., 2000; Hirschi et al., 2017;

Mauder et al., 2020):

QE,uncertainty =
1

1 + B
(Q∗ −QE −QH) with B = QH/QE (3.4)

where B is the Bowen ratio and Q∗ the net radiation. To this QE,uncertainty, the benchmark

uncertainty is added. The benchmark uncertainty is the MBE of the benchmark multiplied

by the run duration. A model run passes IET,m when ETmodel falls within the uncertainty

of ETbench.

The timing of modeled ET is assessed assuming exponential ET recession after rainfall

based on the recession timescale estimated following the Jongen et al. (2022) methodology.

This methodology considers only the first ten days to exclude the influence of longer dry

periods and irrigation. A daily-timescale analysis circumvents observational gaps. Model

and observations are assessed if they have the same distribution for the recession timescale

with a Kolmogorov-Smirnov test (Chakravarti et al., 1967). The IET,t indicator is assigned

a value of 1 when the p-value is below 0.05.

Water storage

Indicator IS,m evaluates the water storage by comparing the modeled explicit and implicit

water storage ranges (Section 3.2.1) over the analysis period with respect to the estimated

water storage capacity. According to the literature, soil water storage capacity is maximally

half the soil depth for all soil types (Saxton et al., 1986). The maximum is set as a storage

capacity that models should not exceed rather than a realistic value. As urban soils

are frequently disturbed making them spatially heterogeneous, reliable maps are rarely

available (Van de Vijver et al., 2020). As the modeled soil depth depends on the model

run, the soil water storage capacity is calculated for each separately. To account for

interception storage, 3 mm is added to the estimated water storage capacity based on

tree and impervious interception observations (Klaassen et al., 1998; Wouters et al., 2015;

Carlyle-Moses et al., 2020). The two models not including soil moisture do not pass the

first check of this indicator and are only evaluated based on the implicit water storage

(Table 3.2). Other models receive 0.5 score when either the modeled explicit or implicit

water storage range falls within the estimated water storage capacity (or 1 for both).

Indicator IS,t quantifies the internal temporal consistency between the change in explicit

(Eq. 3.2) and the implicit (Eq. 3.1), which should be indicating the same flux. The

coefficient of determination R2 (Willmott, 1982) is calculated using storage changes using

30-min (or 60-min) model output depending on the site forcing data. This metric equals 1

3
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if the timing between two fluxes is similar (R2 > 0.9) independent of the flux bias, unlike

other indicators (e.g. IA ). The two models without soil moisture output are assigned a

value of 0 for IS,t as their performance could not be evaluated.

Surface runoff (Rs)

Indicator IR,m assesses the Rs magnitude relating total event precipitation to Rs (Figure

3.1a). Without runoff observations, curve numbers (CN) are derived to evaluate modeled

total event Rs (Cronshey et al., 1985) based on the relation between the total event

precipitation (Pe) and the total event Rs (Re):

Re =
(Pe − 0.2S)2

Pe + 0.8S
with S =

1000

CN
− 10 (3.5)

where S is the potential maximum retention. To determine when precipitation events are

independent, the auto-correlation of precipitation events is examined. A dry period of

five hours (Figure A.3.1) is assumed across all sites, which is consistent with Wenzel Jr

and Voorhees (1981). This dry period is several hours longer than the expected runoff

response time preventing events from influencing each other (Morin et al., 2001; Berne

et al., 2004; Yao et al., 2016). To exclude snow events, the analysis includes only events

with a minimum air temperature above 0◦C. For each model run, ordinary least squares is

used with the Re and Pe data to estimate S (Figure 3.1b)from which the CN is derived

(Eq. 3.5). During this process, the variance and standard deviation of S are calculated

from the variance in the data points. The standard deviation of CN follows from this and

is used as the uncertainty estimate from the models.

For each site, the CN is estimated using a linear interpolation of a look-up table considering

the impervious fraction within the eddy-covariance footprint (Cronshey et al., 1985). Given

soil texture influences CN, sand fraction (Brakensiek and Rawls, 1983; Nachtergaele, 2001)

obtained from a global data set (OpenLandMap, (Hengl, 2018)) is used to constrain CN.

Given the uncertainty of urban soil maps, using sand fraction is a repeatable way to assign

the most uncertainty to the CN look-up tables, assuming a one-third change of CN from a

one-level change in soil texture in either direction. If the site CN, including its uncertainty,

overlaps with the model CN including its uncertainty, IR,m is assigned a value of 1.

Indicator IR,t addresses the rainfall-Rs response times (Leopold, 1968). The lag time

is calculated as the difference between centroids of rainfall (Pcentroid) and Rs (Rcentroid)

for the same events as the CN calculations (Figure 3.1a). Long-tail rainfall events are

excluded when the Rcentroid comes before the Pcentroid. As eddy-covariance systems have a

footprint on the sub-square-kilometer scale (Feigenwinter et al., 2012), lag time is expected

to be much faster than 30-60 minutes (Morin et al., 2001; Berne et al., 2004; Yao et al.,

2016), which is the model output resolution (Lipson et al., 2024). Therefore, the mean

lag time needs to be less than one hour. The mean is preferred over the median to also

pinpoint models that occasionally have long lag times that would not affect the median.
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Figure 3.1: Illustration of surface runoff indicators (IR,m and IR,t) showing (a) lag time

between the precipitation centroid and surface runoff centroid for an illustrative event, and (b)

CN values (Eq. 3.5) derived from total event precipitation and surface runoff.

Lag times of intermittent precipitation-runoff events will only decrease, as storages are

already (partly) filled by earlier precipitation. Dry periods of less than five hours should

also have lag times of less than one hour.

3.2.2 Models

The present study anonymously analyzes the water balance outputs from 19 Urban-

PLUMBER ULSMs (Table 3.2). Other Urban-PLUMBER ULSMs did not submit the

necessary outputs to allow for a water balance assessment. The outputs are for 20 sites

covering a range of climates, impervious fractions, and observational periods (Table 3.3).

As two models did not run all sites, 377 runs are analyzed.

For each site, modelers were provided with the site characteristics and meteorological

forcing with 10-year spin-up data (Lipson et al., 2022b). The spin-up period required to

reach equilibrium varies per model, with some requiring many years to come to hydrological

equilibrium with the forcing meteorology (Yang et al., 1995; Best and Grimmond, 2016).

The 10 years of spin-up before the evaluation observations allowed the soil moisture stores

to equilibrate with local conditions prior to analysis. ERA5 reanalysis data (Hersbach

et al., 2020) are used to derive hourly forcing with bias-correction including diurnal and

seasonal effects for each site (Lipson et al., 2022b).

Depending on site data, evaluation is undertaken with 30- or 60-minute fluxes for periods

varying between 148 and 1827 days (average 912 days, Table 3.3). Similar to the Urban-

PLUMBER protocol, to minimize human errors, modelers received a preliminary analysis

3
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of the water balance to help identify major issues and were encouraged to update their

results. This eliminated unit errors, added missing variables, and removed inactive soil

moisture layers.

For this study, we harmonize the hydrological model output. If a model only provided QE

(unit: [W m−2]), it is converted to ET (unit: [mm d−1]) using latent heat of vaporization

accounting for air temperature (Bringfelt, 1986). When snow is present the latent heat of

fusion is added to the latent heat of vaporization to acquire the latent heat of sublimation

(Petrucci et al., 2010). In the forcing, precipitation is split into snowfall and rainfall. At

only 30% of the sites, snowfall amounts to more than 10% of the precipitation. It is added

as rainfall for one model without snow hydrology, while the two others do not account

for this input. Irrigation is simulated in two models. For all other models, irrigation is

assumed to be zero.

3.3 Results

The 19 ULSMs show a wide spread in the average yearly water fluxes at all 20 sites based

on all 377 model runs (Figure 3.2). Overall, the model spread (whiskers, Figure 3.2) is often

wider than the modeled ensemble mean flux (bars, Figure 3.2). Models show more variation

in ET than in runoff. Sites with higher annual water input have more variability in model

output fluxes, for example, the relatively high fluxes in KR-Jungnang and SG-TelokKurau

compared to the lower yearly fluxes in PL-Lipowa and US-WestPhoenix.

3.3.1 Water balance closure

Although the annual mean model ensemble almost closes the water balance at most sites

(Figure 3.2), most individual models do not close the water balance (Figure 3.3). Here,

closure is assumed when the sum of all fluxes (Eq. 3.3) is less than 3% of P+I. This occurs

in 57% of the model runs (IA, Figure 3.4). In 25% of the model runs, non-closure exceeds

10% of P+I. Closure is model-related as the bias is similar across sites for each model

(Figure 3.3). Five models close the water balance in all runs, whereas four models account

for 48% of unclosed model runs. Three models pass their internal water balance closure

check but do not always pass this closure check possibly due to unreported, modeled water

fluxes or inconsistencies in the way fluxes were reported. To assess the impact of model

run length, the analysis is repeated with sites with more than two years of observations

yielding similar results.

3.3.2 Evapotranspiration (ET)

Comparison of the modeled mean diurnal cycle of the ET (Figure 3.5) shows the highest

inter-model spread at the peak of the diurnal cycle, with a range of 10-600% of the

model ensemble-mean flux. Along three sites with contrasting precipitation regimes (US-
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Figure 3.2: Ensemble mean (bars) and full range (minimum to maximum, whiskers) of the

modeled annual water fluxes for all 20 sites ordered by increasing average annual precipitation.

Explicitly modeled storage flux (Eq. 3.2, brown) appears on the left if a net input and right if a

net loss. Values are means of all complete years in a data set (e.g. NL-Amsterdam: 2018-05-01

19:00 - 2019-05-01 19:00, 2018-05-01 20:00 - 2019-05-01 20:00, etc.). AU-Surreyhills has less

than a year of observations.
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Figure 3.3: Annual water balance closure (Eq. 3.3) per model (marker) at 20 sites (by

increasing average annual precipitation). Models with indicator IA = 1 (Table 3.1, horizontal

shading) are shown in more detail in the lower panel (b).

WestPhoenix, AU-Preston, and SG-TelokKurau), ET increases as expected at wetter sites.

At US-WestPhoenix, all models but one underestimate peak ET. This underestimation

likely results from the absence of irrigation in nearly all models, while irrigation is common

at US-WestPhoenix (Templeton et al., 2018). The one overestimating model does not

include irrigation. At the other two sites, around half the models underestimate ET (Figure

3.5). Although for these sites the model medians are better, the difficulty of capturing

the correct flux magnitude is evident, as IET,m is passed by only 26% of the model runs

(Figure 3.4). No model passes this indicator at more than half of the sites.

After different rainfall events, daily ET decreases with varying timescales in both the

observations and the models (Figure 3.6). The variation is higher amongst the modeled

than the observed drydowns. In contrast with the ET magnitude, the recession timescale
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Figure 3.4: Overview of the indicators of the urban water balance representation (UWBR)

score and constituent indicators (Table 3.1) over all sites. Means are corrected for missing

model runs.

shows no link with annual precipitation. IET,t shows the ET recession timescale is captured

correctly in 87% of the cases (Figure 3.4).

3.3.3 Water storage

Not all models have explicit water storage values (Eq. 3.2) that are equal to the implicit

values (Eq. 3.1, Figure 3.7), which is seen across all sites (not shown). However, the

explicit water storage should reflect the implicit storage, as the explicit storage change is

equal to the net of all water fluxes. For five models, the explicit storage change is equal to

the implicit storage change at all sites. Minor differences occur in six models and large

differences in six others. Two models have no differences at sites without snowfall (e.g.

AU-Preston) but large differences at sites with snowfall (e.g. CA-Sunset). As these models

do not account for the snowfall in the input we see an increasing difference between the

explicit and implicit water storage. The models with larger differences follow a seasonal

cycle likely caused by non-restricted implicit water storage combined with restricted explicit

water storage by soil storage capacity.
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Figure 3.5: Illustration of modeled and observed (dashed) mean diurnal cycle of ET at three

sites with contrasting annual precipitation increasing from left to right: (a) US-WestPhoenix,

(b) AU-Preston, and (c) SG-TelokKurau. Note that the observations are direct latent heat flux

observations from eddy-covariance systems and do not refer to ETbench. Local time is used for

all sites.

0 2 4 6 8 10

0

1

2

3

4

5

E
T
 
[
m
m
 
d

1

]

a)

US-WestPhoenix (P = 97 mm y

1

)

Models

Observations

0 2 4 6 8 10

Days since rain

0

1

2

3

4

5

b)

AU-Preston (P = 681 mm y

1

)

0 2 4 6 8 10

0

1

2

3

4

5

c)

SG-TelokKurau (P = 1280 mm y

1

)

Figure 3.6: As Figure 3.5, but modeled (grey) and observed (black) daily ET following

separate, individual rainfall events. Drydown events are selected based on their duration and

data availability (see Jongen et al., 2022). Note that the observations are direct latent heat

flux observations from eddy-covariance systems and do not refer to ETbench.
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Figure 3.7: Cumulative difference between the explicit (Eq. 3.2) and implicit water storage

(Eq. 3.1) at two representative sites for the entire model period for all models. Snowfall occurs

at CA-Sunset, but not at AU-Preston. Some models are not visible as they are close to zero.

The range of modeled water storage exceeds the estimated site water storage capacity

(IS,m) in 64% of cases (Figure 3.4). Models 1 and 5 have the lowest score for this indicator,

because they have an inconsistency between the inputs and outputs (Eq. 3.3) causing

non-closure of the water balance at nearly all sites. Three models never exceed the

estimated water storage capacity.

How explicit relates to implicit water storage is linked to the individual models given the

consistent results across sites (Figure 3.8). With magnitude represented by water balance

closure, we focus on the timing by assessing the explicit relative to the implicit water

storage (Figure 3.9a-c). Model runs can have comparable directions but different patterns,

e.g. model 11 (Figure 3.9a), comparable patterns but different magnitudes of change,

e.g. model 9 (Figure 3.9b), or virtually no differences (e.g. model 18, Figure 3.9c). The

explicit and implicit water storage changes (Figure 3.9d-f) emphasize the difference in

timing, which is why the indicator uses the R2 of these derivatives. Only five models have

virtually no differences and thus an R2 of 1 (Figure 3.4). Over half of the models have R2

greater than 0.9 indicating timing consistency (IS,t, Figure 3.4).

3.3.4 Surface runoff (Rs)

All models have surface runoff triggered by precipitation, but the precipitation event size

causing Rs events differs between models (Figure 3.10). The model rather than the site

seems to explain triggering event size despite the variation amongst sites in impervious

fractions and precipitation regimes. This suggests that surface runoff parameterization may

be critical. Thus, we find a large inter-model spread in the cumulative modeled Rs (Figure

3.2). One model is excluded as it does not output Rs separately from Rsub. Ten models

3
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Figure 3.8: Coefficient of determination (R2) between (half-)hourly explicit (Eq. 3.2) and

implicit water storage change (Eq. 3.1) by model and site. Green indicates the 0.9 IS,t threshold

(Table 3.1). Missing results are shown as white (i.e. cannot calculate explicit or implicit water

storage change). Figure 3.9 may aid interpretation of R2 values.

show the expected increase of cumulative Rs with increasing site impervious fraction

(p >0.05, Wald test (Wald, 1943)), whereas nine models do not (Figure A.3.2).

Only in 43 of the 337 model runs, the CN (curve number: Section 3.2.1) is captured

correctly, passing IR,m (Figure 3.4), so all other model runs have no overlap with the

site estimates (see Section 3.2.1). Three models capture the CN correctly for at least

half of their model runs and are responsible for 32 of the successful model runs. Most

models do not match event precipitation and Rs relation. Most models underestimate

the CN relative to the site estimate (Figure A.3.3). Underestimating the CN indicates a

model is overestimating surface interception and/or soil infiltration, reducing Rs (Equation

3.5).

One in four model runs accurately captures the fast Rs response in the lag time (Figure

3.4) with IR,t passed by 25% of the model runs. With very short lag times expected, only

overestimates are simulated. Most lag times averaged per model run are less than five

hours, but exceptionally they are over 100 hours. Average lag times per model run are

shown in Figure A.3.4.
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Figure 3.9: Illustration of (a-c) the hourly explicit (Eq. 3.2) and implicit water storage

(Eq. 3.1) and (d-f) their derivatives both for 475 days at AU-Preston for three models with

increasing coefficient of determination (R2) of the explicit and implicit water storage change

determined at (half-)hourly resolution.

3.3.5 Urban water balance representation (UWBR) score

Across all model runs, the mean UWBR score amounts to 3.3 out of the possible 7 (Figure

3.4). Although the overall pass rate across all indicators and models is 47%, pass rates

strongly vary per indicator. Notably, 87% passes IET,t, while only 11% passes IR,m. Pass

rates also differ among models from 28% to 72%. Only one model run passes all indicators,

while 10 model runs have a score of 6 out of 7. Model 19 accounts for five of these eleven

high-scoring runs. If a model closes the water balance (IA), it generally scores better on

both storage indicators. In contrast, models with a high passing percentage for one ET

indicator do not systematically score better for the other ET indicator. Overall, the ET

timing (IET,t) is captured better than its cumulative magnitude (IET,m). A similar pattern

is seen in the Rs indicators with the timing (IR,t) captured slightly better than magnitude

(IR,m).

Generally, pass rates per indicator show a dependence on the model (Figure 3.4). This

dependence is not found for sites (Figure A.3.5). There is no relation evident between

3
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Figure 3.10: Illustration of surface runoff triggered for different AU-Preston precipitation

events by three models (a) 13, (b) 5, and (c) 9. Note, the left-hand y-axis (surface runoff)

increases (a→c), whereas the right-hand side y-axis (precipitation) is the same for all.

UWBR score and model approach (e.g. built surface, soil hydrology, Table 3.2), but

the model is more influential than the site on UWBR score. As the Lipson et al. (2024)

classification (Table 3.2) was not developed with the water balance representation as its

original goal, further work would be needed to identify what model attributes are key to

better UWBR score.

3.3.6 Linking the water and energy balance

Surprisingly, models do not appear to capture any aspect of the latent heat flux more

accurately if their UWBR score is higher. The UWBR score does not significantly correlate

with better ranking on any of the four metrics evaluating the (half-)hourly modeled QE:

the R2, σnorm, MAEs, and MAEu (p >0.05, Wald test, Figure A.3.6). These correlations

remain absent if one of the indicators is omitted from the analysis. The lack of correlation

may be the result of the low number (11) of runs with a UWBR score higher than 5 (Figure

3.4) effectively reducing the UWBR score range. Given the lack of relations between the

UWBR score and QE metrics, the QE is not better captured in model runs that pass more

indicators of a realistic water balance representation, thus refuting our hypothesis that

the urban water balance skill positively impacts simulated energy fluxes.
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3.4 Discussion and conclusions

This study assesses the water balance representation in 19 ULSMs from the Urban-

PLUMBER project. It appears the water balance is not closed (within 3%) in 57% of the

model-site runs. The considerable spread in water fluxes is as wide as the absolute flux

magnitude at all sites. For both ET and Rs, the timing is captured better than the flux

magnitude. Modeled explicit water storage dynamics (Eq. 3.2) are inconsistent with the

implicit water storage (Eq. 3.1) in 44% of the models. Refuting our hypothesis, a better

water balance representation does not result in more accurate latent heat fluxes. However,

it is clear that the urban water balance is imperfectly incorporated into ULSMs and more

proper physically-based representations are required.

Five models close the water balance at all sites (Models 6, 13, 15, 18, and 19), while three

never reach closure (Models 1, 3, and 5). The other models close the water balance at some

sites. For several non-closing models, we identify the causes. One model implicitly assumes

an infinite source or sink of soil moisture by adapting the modeled soil moisture when it

exceeds hard-coded limits adding or removing water to remain within these limits (Model

11). Two other models do not fully couple all processes, such as runoff and evaporation

calculations occurring without water availability feedback between processes (Models 1 and

5). Such uncoupled processes may also explain inconsistent water storage dynamics. Three

models pass their internal water balance closure check but do not provide the modeled

groundwater flux in the model output (Models 8, 16, and 17). We call on the modeling

community to include all fluxes required to diagnose water balance closure in the model

output. Three models without a snow module disregarded all snowfall creating a mismatch

between real and modeled input (Model 2, 7, and 12). For one model, we suspect a very

shallow soil layer causes large numerical errors resulting in an unclosed water balance

(Model 4). Fortunately, model improvements should be able to eliminate these issues for

most models.

Evidence is found that the models would benefit from reevaluating their runoff parameter-

izations. The runoff volumes are poorly captured, resulting in IR,m having the poorest

overall pass rate (Figure 3.4). Runoff has not been evaluated in previous ULSM compar-

isons and suffers here from a lack of direct observations and small areas being modeled

(<1 km2). The lack of correlation between modeled cumulative Rs and the impervious

fraction is worrying given the well-documented relation (Shuster et al., 2005; Jacobson,

2011). However, many models use relatively simple approaches, such as a constant frac-

tion of rainfall that runs off independent of site characteristics, rainfall intensity, or soil

moisture state. Others use poorly constrained parameters, such as how much water is

routed between sub-grid tiles. Future work could help to constrain such parameters, while

the simple approaches could be improved relatively straightforwardly.

3
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Despite the lack of evidence showing a link between the UWBR score and QE performance,

the incomplete representation of the water balance may contribute to the poor latent heat

flux performance of the ULSMs. The design of the UWBR score may not be successful in

revealing an existing link between the UWBR score and QE performance, as the UWBR

score indicators assess the water balance based on physical realism and expectations derived

from the literature. While a higher UWBR score indicates a more physically consistent

water balance, it may still be an incorrect simulation. The opposite is also true, as, without

physical constraints, machine learning approaches show good results for QE (Vulova et al.,

2021). Apart from that, a potential link between the water balance representation and

the QE performance may be hidden by other elements affecting QE performance. These

elements could be other components of the model (e.g. the energy balance representation)

or human errors (e.g. erroneous parameters, assuming northern-hemisphere vegetation,

and results reported in wrong units). Yet, we do find a poor performance for QE consistent

with the literature showing QE is among the most challenging fluxes to model (Grimmond

et al., 2011; Lipson et al., 2024). As the energy and water balance are directly connected,

we hypothesize potential errors in the water balance are causing, and not being caused

by, the poor performance of QE, as the short runoff timescales in urban areas on a

neighborhood scale dictate the water availability for QE and not the other way around.

Hence, good model performance for the latent and sensible heat flux cannot be achieved

without properly representing both balances. Thus, we believe an improved representation

of the water balance will assist in latent heat flux simulation and other energy fluxes.

This first systematic analysis of urban water balance modeling is an opportunistic study

taking advantage of model outputs, model characterizations, and observations gathered

for the Urban PLUMBER project (Lipson et al., 2022b; Lipson et al., 2024). The Urban-

PLUMBER setup affects this study via (1) the diversity of model outputs linked to their

range of modeling approaches, and (2) a lack of observations for all the water balance

terms. Intentionally, a wide range of modeling approaches are analyzed with both default

parameters and provided parameters implemented by modelers (Lipson et al., 2024),

impacting the model results and performance. For example, numerical discretization of

soil layers can cause a flawed, reduced moisture drydown linked to irregular soil layer

depths that enhance evaporation (MacKay et al., 2022). Ongoing land surface model

developments to capture and link more processes increase both their scope and complexity,

but the number of differing aspects complicates a systematic analysis aiming to attribute

performance to certain aspects (Fisher and Koven, 2020; Blyth et al., 2021). To minimize

human error, Urban-PLUMBER allowed resubmission of model outputs after web-based

and manual checks. As these checks did not address the water balance, we provided an

additional basic analysis of the water balance results to catch other human errors with

encouragement to resubmit updated outputs. Unfortunately, resubmission reduces but does

not eliminate human errors. All differences other than the water balance representation

hinder the attribution of the model performance to the water balance concept as they



3.4 Discussion and conclusions 63

explain the large variety in model performance amongst models that capture the water

balance equally accurately. Ideally, these differences would be eliminated by developing a

multi-model framework in the future (Sadegh et al., 2019) and characterizing model types

based on water balance approaches. Such a characterization could allow for teasing out

more detailed strengths and weaknesses of water balance representations.

Lack of observations (e.g. runoff, soil moisture) prevents direct assessment for many water

balance terms. These observations are challenging as both energy and water balance

closure need to be considered, so observations need to cover a relatively large uniform area

that also constrains the natural and anthropogenic water flows (Grimmond and Oke, 1986;

Grimmond and Oke, 1991). A large uniform area is needed as eddy-covariance footprints

vary continuously (Grimmond and Oke, 1991; Feigenwinter et al., 2012), while catchment

boundaries are static. Hence, we develop a new alternative using quantitative indicators.

Each indicator addresses a water balance process and checks whether it complies with

physical limits, the model itself, or previous research. We refrain from weighting the

indicators to minimize the score subjectivity and prevent one indicator from controlling

the outcome. The systematic removal of one of the seven indicators allows us to confirm

the UWBR score is not driven by one indicator.

Here, we show ULSMs produce a wide range of water balance results but often do not

realistically represent important hydrological processes. Output reporting errors may

cause part of the low performance. Although our results are for offline ULSMs, we expect

the identified issues will persist in a coupled setting on any scale (e.g., with mesoscale

and global models). ULSMs could be improved by ensuring they close the water balance

and updating runoff parameterizations. Ideally, future energy-water–carbon studies will

try to gather both a wider range of observations but also modeled processes. This will

aid improvement of model processes and their feedbacks. However, the complexity of the

urban landscape (e.g. different definitions between eddy covariance footprints, and runoff

catchments) will require nested model runs and observations to ensure consistency of all.

We recommend routine assessment of water balance closure in ULSM development phase

applying the indicators of the UWBR score. In a broader context, both model evaluations

and comparisons should extend beyond the target variables of the model to all processes

that directly influence these variables. This will benefit the broader delivery of integrated

urban services (WMO, 2019) and facilitate urban resilience across time scales.
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Abstract

If rainfall runs off, this water will not cool urban areas by evaporating. With urban runoff

typically exceeding that of natural areas, it is a key flux in urban land surface models

impacting the simulated exchange of energy and water between surface and atmosphere.

Therefore, we explore the surface runoff parameterization in 18 Urban-PLUMBER models

to see whether and, if so, why they underestimate surface runoff. The three processes

responsible for surface runoff generation are excess water from infiltration, saturation,

and interception capacity. Ten models do not represent all processes, and seven do not

simulate more surface runoff with an increasing impervious fraction. Not all models

produce surface runoff during large (over 20 mm) or intense (exceeding 50 mm h−1) rainfall

events. Models produce 43% less surface runoff on average than the curve number method.

Models missing one or more runoff processes have greater surface runoff underestimates

than models including all. Model differences from curve number predictions are greater

during low, rather than high-intensity rainfall events. A better estimate of the surface

runoff will improve the estimated water availability in turn benefiting the simulation of

evaporation. These improvements would make the models more applicable to plan cooling

strategies for cities.



4.1 Introduction 67

4.1 Introduction

People living in urban areas are exposed to higher temperatures deteriorating sleep quality

and even increasing mortality (Sarangi et al., 2021; Fan et al., 2022; Ho et al., 2023).

While evaporation can cool urban areas by using on average roughly half of the available

energy (Trenberth et al., 2009; Qiu et al., 2023), urban areas are known to produce more

runoff than natural areas for a large part due to sealing by impervious surfaces (Leopold,

1968; Paul and Meyer, 2001; Shuster et al., 2005; Gurnell et al., 2007; Jacobson, 2011;

McGrane, 2016)leading to lower water availability for evaporation. Vegetation’s cooling

potential is low in dry conditions (Kraemer and Kabisch, 2022; Nimac et al., 2022). In the

future, the need for cooling and dry conditions will coincide more frequently, as compound

drought and heatwaves will occur more often (Mukherjee and Mishra, 2021). From an

analysis of evaporation recession over cities, Jongen et al. (2022) found that water storage

in cities is considerably lower. The low water storage capacity poses a challenge in tackling

heat stress amongst urban citizens, especially during these compound events. Solutions

like greening are suggested to minimize flooding and heat stress (Schifman et al., 2017).

To design effective solutions, it is crucial to understand how much water runs off since this

determines the amount of water that remains available for evaporative cooling.

Currently, models simulating land-atmosphere interaction in the urban environment

contain relatively simple runoff schemes. These urban land surface models (ULSMs) focus

on modeling the energy balance that affects the local urban climate and the overlying

atmosphere (Grimmond et al., 2011; Lipson et al., 2024), but runoff is relevant for these

models given the physical connection between the water and energy balance through

evaporation. Recently, a large set of 30 ULSMs was evaluated at 21 sites in the Urban-

PLUMBER project (Lipson et al., 2024). As part of this project, Jongen et al. (2024a)

evaluated the water balance based on indicators of a good water balance, as observations

of the water fluxes are unavailable. The indicators verify whether the water balance closes,

is consistent within the model, and water fluxes fall within the expected ranges. The

indicators show that ULSMs generally poorly capture runoff illustrated by the missing

relation between surface runoff and the impervious fraction in almost half of the ULSMs

in that study (Jongen et al., 2024a). At the same time, Oswald et al. (2023) already

urge to study the influence of urbanization on the water balance beyond the impervious

surfaces. The ULSMs not capturing this relation emphasize the need to improve these

models’ surface runoff parameterization. Therefore, we identify how ULSMs represent

runoff processes and how this could be improved.

Evaluating the surface runoff parameterization requires considering the runoff processes

at play. Traditionally, surface runoff in natural environments is believed to originate

from either infiltration excess (Horton, 1933) and saturation excess (Dunne and Black,

1970). Impervious surfaces produce surface runoff by preventing infiltration, which could

be seen as infiltration excess. At the same time, they provide small storage that quickly

4
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overflows, which could be seen as saturation excess. Therefore, we use a different term

to describe this combination: interception excess. The surface runoff from impervious

surfaces may partly drain to pervious areas where it is either buffered or causes additional

saturation excess (Hopkins et al., 2015). Moreover, pervious areas themselves are affected

by urbanization as soil layers are removed (Herrmann et al., 2018) and soils are compacted

(Shuster et al., 2015). These changes result in more surface runoff through infiltration

excess from urban than rural pervious surfaces. The increase in surface runoff is generated

due to the combination of interception, infiltration, or saturation excess (Stewart et al.,

2019). All three processes should therefore be considered in modeling. Yet, not all models

include all three processes in their conceptualization (McDonnell, 2013).

The surface runoff evaluation is hampered by lacking appropriate observations. Even

though runoff is occasionally measured in urban catchments (Berthier et al., 1999; Walsh

et al., 2005a), these observations do not reflect the spatial scales considered in ULSMs

(Grimmond and Oke, 1986; Grimmond et al., 2011; Lipson et al., 2024). When surface

runoff observations are not available, the Curve Number (CN) method is a widely applied

tool to estimate surface runoff based on the site characteristics (Cronshey et al., 1985;

NRCS, 2004a). As it relies on commonly available site characteristics, it is generally

applicable and CN look-up tables are based on observations for many sites. When the

impervious fraction is considered, the CN method is suitable for and often used in urban

areas (e.g. Bhaduri et al., 2000; Xu et al., 2020; Chin, 2022; Wu et al., 2024). Thus, the

CN method provides a reference against which ULSMs can be compared.

Here we examine the modeled surface runoff from 18 ULSMs from the Urban-PLUMBER

project (Lipson et al., 2024). These models contain a range of different parameterizations

for surface runoff. The paper aims to provide insight into how runoff processes are

captured in the current models and how this affects modeled surface runoff. Specifically,

we investigate the hypothesis that ULSMs underestimate surface runoff because their

parameterizations might not reflect runoff processes in urban environments. The study

starts by analyzing the effect of impervious fraction and precipitation characteristics using

model runs from 21 sites worldwide. Thereafter, we focus on two sites, one with a low

and one with a high impervious fraction, for one low and one high-intensity precipitation

event per site. For all four events, the total modeled event surface runoff is compared

with estimates based on the CN method. Based on the high-intensity event at the most

impervious site, we demonstrate the impact of including or excluding runoff processes

from the models.

4.2 Methods

The present study analyzes the surface runoff parameterization in 18 Urban-PLUMBER

USLMs outputting the surface runoff (Table 4.1). The models represent an area in

the order of magnitude of 1 km2. No observations were provided to the participating
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modelers preventing calibration. The model outputs cover 21 sites with a range of climates,

impervious fractions, and observational periods described in detail by Lipson et al. (2022b).

Depending on site data availability, surface runoff is evaluated at 30- or 60-minute resolution

for periods of 148 to 1827 days (average 912 and median 748 days). Most models calculate

the surface runoff at the forcing resolution without sub-timesteps, while a minority divides

the timestep into substeps for the calculations.

To start, the relation between site characteristics and surface runoff is considered across

sites with varying total precipitation given differences in observational periods and local

climate. This relation is examined over the whole model run based on the accumulated

surface runoff and precipitation. Water fluxes are expressed as ratios of the total inflow (e.g.

surface runoff ratio), defined by the left-hand side of the urban water balance (Grimmond

and Oke, 1986):

P + I = Rs +Rss + ET +∆S (4.1)

where P is precipitation, I irrigation, Rs surface and Rss subsurface runoff, and ∆S water

storage change. In this study, we focus on surface runoff in the models. As no rivers or

streams are present in these models, surface runoff is interpreted as overland flow leaving

the model domain.

While general metrics, such as the surface runoff ratio, help to compare model behavior,

analyzing specific events reveals more differences between models (Boer-Euser et al.,

2016). Surface runoff is studied at (half-)hourly timesteps to distinguish all three runoff

generation processes, infiltration, saturation, and interception excess. We select a long

low- and high-intensity precipitation event at two sites, one with a low and one with a

high impervious fraction. While long low-intensity rain is likely to trigger saturation and

interception excess, it is unlikely to trigger infiltration excess. Whereas, a high-intensity

precipitation event will generate surface runoff through all three processes. Differences in

prescribed impervious fractions assist in unraveling how models including infiltration and

interception runoff handle both. We select precipitation events without dry periods longer

than one hour with total precipitation, for the low-intensity events, exceeding 20 mm with

an average rate of maximally 2 mm h−1 and, for the high-intensity events, exceeding 50

mm with an average rate above 10 mm h−1. The selected events are described in Table

4.2.

To compare the modeled surface runoff with expected values without observations, we

estimate the expected total event surface runoff with the Curve Number (CN) method

(Cronshey et al., 1985). This widely applied method provides a robust surface runoff

estimation in response to a given rainfall event based on the CN of a site. The CN

summarizes the site characteristics relevant for runoff generation and can be found in

look-up tables that have been established based on numerous sites (Rawls et al., 1981).

CN-based surface runoff estimates do not reflect subsurface information beyond the soil

type meaning soil depth and bedrock permeability are ignored (Weedon et al., 2023).
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Table 4.2: Overview of the two low- and two high-intensity events at two sites, one with a low

and one with a high impervious fraction,. The CN is estimated according to NRCS (2004b).

The average precipitation rate is calculated considering timesteps with non-zero precipitation.

Site
Impervious

fraction [-]
CN [-]

Event

intensity

Tot.

precip. [mm]

Avg. precip.

rate [mm h−1]

US-Baltimore 0.31 58 Low 28 2.0

High 74 12.4

KR-Jungnang 0.96 97 Low 22 1.9

High 59 23.4

These factors determine how runoff is divided over surface and subsurface flow and how fast

(urban) catchments respond to rainfall (Weedon et al., 2015). In this study, CN look-up

table values are linearly interpolated using the impervious fraction giving composite CNs

(NRCS, 2004b). The water storage is assumed to be empty at the beginning of the event.

As the CNs cannot be calibrated, we test the sensitivity of the results by varying the CNs

within the CN uncertainty due to the soil composition given the impervious fraction. The

relation between total event surface runoff (Re) and CN is:

Re =
(Pe − 0.2S)2

Pe + 0.8S
with S =

1000

CN
− 10 assuming Ia = 0.2S (4.2)

where Pe is the total event precipitation, S the potential maximum retention, and Ia the

initial abstraction. The total surface runoff is compared with the surface runoff produced

by the models. The comparison expresses the difference between the modeled surface

runoff and CN estimate in percent of the CN estimate.

4.3 Results

With more surface runoff expected from impervious than pervious surfaces, models likely

underestimate surface runoff when impervious surfaces are not correctly captured. Most

models seem to correctly capture impervious surface runoff with surface runoff ratios rising

with the impervious fraction (Figure 4.1). This is consistent with the observations having

less evaporation at more impervious sites (Figure 4.1a). Two models generate surface

runoff ratios with an almost perfect correlation with the impervious fraction (0.95 and

0.98, Figure 4.1g,s) and a surface runoff ratio near zero at the site with the low impervious

fraction. This suggests these two models only generate surface runoff from impervious

surfaces. Whereas, seven models have no significant correlation between modeled surface

runoff ratios and impervious fraction (p >0.05, Wald (1943) test , Figure 4.1b,d,f,m,n,o,p).

Of these seven, four models produce little surface runoff regardless of impervious fraction

(Figure 4.1d,f,m,n). Two of these four models are not developed for urban areas, instead

representing the impervious areas as bare soil (Figure 4.1d/f).
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a)

Observations

Figure 4.1: Modeled average water balance partitioning (shading) for all 21 Urban- PLUMBER

sites sorted by impervious fraction for (a) observations and (b-s) the 18 models. Observations

are only available for evapotranspiration. The red lines show linear regression between surface

runoff and the impervious fraction. Significant correlations are indicated with an asterisk

(p >0.05, Wald (1943) test).

One model fails to partition all the incoming water (Figure 4.1n). This issue seems related

to the impervious scheme as the unexplained fraction increases with impervious fraction.

Rainfall intensity does not correlate significantly with the surface runoff ratio except

in two models (not shown). No significant correlation was visible with the two other

tested site characteristics (annual rainfall in mm and soil texture in % sand, not shown).

Misrepresented impervious surfaces seem to cause underestimation of surface runoff, as not
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all models produce the correlation between modeled surface runoff ratios and impervious

surfaces.
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Figure 4.2: Modeled surface runoff (one line per model) for (a,b) low- and (c,d) high-intensity

precipitation events (shading, Table 4.2) at sites with (a,c) low (US-Baltimore) and (b,d) high

(KR-Jungnang) impervious fractions.

Next, we consider specific events expected to produce surface runoff to assess the model

response to different rainfall intensities at sites with different impervious fractions (Figure

4.2). In this analysis, it is important to consider that some models calculate the runoff

at shorter intervals than the model output of 30 or 60 minutes, while others only have

one model timestep in this period. The latter acts to make the effective rainfall intensity

greater as peaks are not averaged out (Grimmond and Oke, 1991). Modeled surface runoff

closely mimics rainfall dynamics in most models during all four events. However, the

amount of modeled surface runoff differs among the ULSMs ranging from no surface runoff

to almost all precipitation for the low-intensity event at the less impervious site (Figure

4
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4.2a). At the more impervious site, model results are more clustered with six models

yielding no or negligible surface runoff and twelve following the rainfall intensity pattern

(Figure 4.2b). During the high-intensity events, modeled surface runoff directly responds

to rainfall in all but two models, yet the peak surface runoff rates differ by a factor of four

(Figure 4.2c-d). Surprisingly, at the more impervious site modeled surface runoff is zero

for some models during two hours with precipitation rates above 10 mm h−1 despite an

impervious fraction of 0.96. These four events produce a large range of surface runoff and

many models fail to produce surface runoff when expected.

To evaluate their realism, the ULSMs are compared to CN surface runoff estimates. The

CN estimates are based on total precipitation during the event and do thus not predict

runoff dependent on rainfall intensity. Generally, the ULSMs yield lower event surface

runoff for all four events than the CN method (Figure 4.3) with an average underestimation

of 44%. The underestimation is higher at the less impervious site (53%, cf. more 34%)

and lower during high-intensity events (32%, cf. low 55%).

For low-intensity events, the major difference is whether any surface runoff is generated.

For high-intensity events, surface runoff is generated by all models, but the totals vary

widely. One model without modeled irrigation even produces more surface runoff than the

total rainfall. Five models predict relatively low surface runoff for the high-intensity event

at the more impervious site. These models also showed no correlation between impervious

fraction and modeled surface runoff ratio. Models including all runoff processes are closer

to the CN method estimates (35% lower) than models missing processes (50% lower). The

results are not sensitive to the exact CN assigned to the sites (US-Baltimore=58 and

KR-Jungnang=97). To assess the sensitivity of the results to the estimated CN, the CN

range based on site impervious fractions is from 46 to 86 for US-Baltimore, and 92 and 98

for KR-Jungnang. Using these CN ranges, the average underestimation changes minimally

varying between 40% and 46%. The comparison with the CN method suggests ULSMs

underestimate surface runoff.
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Figure 4.3: Comparison of modeled surface runoff with the corresponding Curve Number

reference (dashed line) for (a,b) low- and (c,d) high-intensity precipitation events (Table 4.2)

at sites with (a,c) low (US-Baltimore) and (b,d) high (KR-Jungnang) impervious fractions

with total event precipitation (solid line). Models are sorted by the number of runoff processes

included (increasing from left to right).

To reveal the effect of the runoff processes, we examine the differences between models

that include or exclude infiltration, saturation, and interception excess. Missing runoff

processes cause unlikely hydrographs with delayed or low surface runoff peaks (Figure

4.4). Models missing infiltration excess do not show very distinct behavior, as the site

is mainly impervious. However, one model includes neither infiltration nor interception

excess, only generating surface runoff through saturation excess. Consequently, this model

has a delay before surface runoff starts even with precipitation rates of more than 50

mm h−1. All models missing saturation excess simulate lower peak surface runoff than

4
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Figure 4.4: Dependence of modeled surface runoff response to model runoff parameterization

illustrated with high-intensity precipitation at a highly impervious site (0.96, KR-Jungnang)

for 18 Urban-PLUMBER models including (a) infiltration, (c) saturation, and (e) interception

excess; and missing (b) infiltration, (d) saturation, and (f) interception excess. The indicated

time since start corresponds with Figure 4.2. The number of models is indicated in each panel.

models with saturation excess (except the model with only saturation excess). The three

models missing interception excess produce less and delayed surface runoff, as they do not

account for imperviousness. The models missing runoff processes illustrate all processes

are necessary to capture surface runoff. Missing interception causes delayed surface runoff

and missing saturation causes lower peak surface runoff.

4.4 Discussion and conclusions

By examining the surface runoff parameterization of 18 Urban-PLUMBER ULSMs, we

find not all surface runoff generation processes are currently included. Our findings suggest

most ULSMs underestimate surface runoff. Compared to the Curve Number (CN) method,

models produce 44% less surface runoff on average. The underestimation is higher at less

impervious sites and during low-intensity rainfall. Models including infiltration, saturation,

and interception excess generate higher surface runoff ratios and surface runoff peaks
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indicating the underestimation may result from the missing runoff processes. Additionally,

seven models fail to capture the increase in surface runoff due to higher impervious fractions.

In these models, we suspect the impervious surface parameterization is inadequate.

Two factors relevant to surface runoff have not been analyzed, as none of the 18 models

consider them. First, the slope of the topography is a key factor in surface runoff generation

(Hudson, 1985). Even a gentle slope increases surface runoff; a slope of 1% can double

surface runoff while a slope of 2.5% can triple surface runoff (Haggard et al., 2005).

While topography from grid cell to grid cell is part of numerical weather prediction and

climate models, the influence of sub-grid topography is parameterized for other processes

like radiation (Helbig and Löwe, 2012) and drag (Sützl et al., 2021) but not for runoff.

Inspiration to include the sub-grid slope effect could be gained from TOPURBAN (Valeo

and Moin, 2000), a variable source area model adapted for the urban environment based on

TOPMODEL (Beven et al., 1995). TOPURBAN uses the topographic index combining the

slope with the upstream drainage area. The TOPURBAN approach includes subgrid-slope

effects but is likely to change the subsurface more strongly than the surface runoff.

Second, most models do not separate drainage and piped water flows from surface runoff.

At most, they provide a first-order estimate. The separation did not affect this project,

as in Urban-PLUMBER the models were run standalone and not spatially distributed or

coupled to atmospheric models. Surface runoff is partly routed to drainage and streamflow.

In this paper, we focus on runoff generation making it less relevant whether water leaves

the model as surface runoff, streamflow, or drainage. When these models are spatially

distributed or coupled to atmospheric models, it would be useful to separate these fluxes.

For this separation, crucial information is the connectivity of impervious surfaces to

streams and drainage systems (Baruch et al., 2018).

The surface runoff and evaporation shown here are calculated at the temporal model

resolution without sub-timestep calculations in most evaluated models. This lack of

sub-timestep calculations means the models in this study calculate the surface runoff

at relatively long (half-)hourly timesteps. Long timesteps and the loss of detail in the

rainfall intensities change the direct model runoff response to rainfall having prolonged

effects through the moisture conditions during dry periods (Ward et al., 2018). Moreover,

the long timesteps make the models sensitive to the order of the runoff and evaporation

parameterizations. Sub-timesteps have been introduced to resolve this issue but are not

implemented in most of the included models. They could be included without rigorously

changing the modeling concepts, also allowing the use of forcings with a higher time

resolution.

Currently, ULSMs miss runoff generation processes leading to underestimation of sur-

face runoff. Additionally, seven models do not have a significant correlation between

impervious fraction and surface runoff ratio according to the Wald (1943) test (p >0.05).

Improvements could be made by at least including all three runoff generation processes

4
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and potentially extending the models to account for slope and drainage. By improving

the surface runoff parameterization, the models will in turn better capture the water

available for evapotranspiration. As evapotranspiration from vegetation is a strategy to

lower temperature in overheated cities, the ULSMs will be better suited to predict the

achieved benefits from vegetation toward more livable and resilient cities.
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Abstract

Evapotranspiration (ET) is a key process in the hydrological cycle that can help mitigate

urban heat. ET depends on the surface cover, as the surface affects the partitioning of

precipitation between runoff and evapotranspiration. In urban neighborhoods, this surface

cover is highly heterogeneous. The resulting neighborhood-scale ET can be observed with

eddy-covariance systems. However, these observations represent the signal from wind-

and stability-dependent footprints resulting in a continuously changing contribution of

surface cover types to the observation. This continuous change prevents quantifying the

contribution of the surface cover types to neighborhood ET and their hourly dynamics.

Here, we disentangle this neighborhood-scale ET at two sites in Berlin attributing the

patch-scale ET dynamics to the four major surface cover types in the footprint: impervious

surfaces, low vegetation, high vegetation, and open water. From the bottom-up, we

reconstruct neighborhood ET based on patch-scale observations and conceptual models.

Alternatively, we start top-down and attribute neighborhood ET to the surface cover

types solving a system of equations for three eddy-covariance systems. Although data

requirements for the bottom-up approach are met more frequently, both approaches

indicate that vegetation is responsible for more ET than proportional to its surface

fraction in the footprint related to the large evaporating surface compared to the ground

surface. Evaporation from impervious surfaces cannot be neglected, although it is less than

from vegetation due to limited water availability. The limited water availability causes

impervious surfaces to cease evaporation hours after rainfall, while vegetation and open

water sustain ET for extended periods.
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5.1 Introduction

How precipitation is partitioned between runoff and evapotranspiration (ET) plays an

important role in the urban climate and is governed by the surface cover composition (Paul

and Meyer, 2001; Oke et al., 2017). In cities, the abundant impervious surfaces prevent

infiltration and promote surface runoff leaving less water available for ET than pervious

areas (Fletcher et al., 2013; McGrane, 2016; Jongen et al., 2022). On the other hand, urban

vegetation has the opposite effect increasing ET (Peters et al., 2011; Gunawardena et al.,

2017). While all vegetation favors ET compared to impervious surfaces, an isotope-based

study revealed the vegetation type also affects infiltration and ET patterns (Kuhlemann

et al., 2021). The composition of the surface cover thus controls the water partitioning

and consequently ET dynamics.

Promoting green surface covers by planting vegetation over impervious surfaces can increase

ET using more of the available energy (Wang and Shu, 2020). Like vegetation, open

water is suggested to potentially cool its surroundings by evaporation when implemented

appropriately (Solcerova et al., 2019; Jacobs et al., 2020), although warming can also

occur due to the high thermal inertia (Theeuwes et al., 2013; Steeneveld et al., 2014). The

energy needed for the additional ET cannot heat the air, which thus reduces temperatures

and mitigates heat stress and the associated health risks (Oke, 1982; Heaviside et al.,

2017; Ward and Grimmond, 2017). However, how ET at the patch level (∼ 101 − 102

m of a single surface cover type, ETpatch) translates to the neighborhood scale (∼ 103

m, ETneighborhood) is largely unknown until now. As ET is both an energy and water

balance flux, we need to quantify how surface cover impacts the partitioning of incoming

water fluxes (Bonneau et al., 2018) and how this affects the partitioning on the larger,

neighborhood scale. Ultimately, the neighborhood scale is where the effect of the surface

cover types on ET needs to be understood. In time, this understanding will support the

management of the cooling benefits and urban water demands.

At the neighborhood scale, eddy-covariance (EC) systems observe the ET of the combined

surface cover types in the footprint at a given moment (Feigenwinter et al., 2012). Even

though the heterogeneous urban surface results in spatially variable ET (Qin et al., 2022),

the observed ET represents the weighted average flux in the footprint, as the EC systems

are typically installed at a height where the heterogeneous surface flux sources are blended

(Oke et al., 2017). The footprint varies temporally depending on the observation height,

wind speed/direction, and atmospheric stability (Kljun et al., 2015). Previous research

demonstrated it is possible to upscale ETpatch observations to the neighborhood-scale

EC observations weighed by the contribution of a surface cover type to the footprint

climatology at a relatively homogeneous urban site (Peters et al., 2011). However, hour-

to-hour variation in the footprint contains useful information to quantify the timing of

cooling benefits from ET. This time-dependent surface information has been applied to

improve the model performance of urban ETneighborhood machine learning models (Vulova

5
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et al., 2021). Thus, for heterogeneous urban sites, the footprint is crucial information to

disentangle ETneighborhood and attribute it to the different surface cover types.

EC footprints can be estimated with a variety of models. Large-eddy simulations (LES)

or Lagrangian stochastic particle dispersion models (LPD) fully model the airflow to find

the source area (LES: Leclerc et al., 1997; Wang and Davis, 2008; LPD: Kljun et al., 2002;

Hsieh et al., 2003; LES and LPD combined: Hellsten et al., 2015; Auvinen et al., 2017).

These models are both labor-intensive and computationally expensive, which limits their

applicability to relatively short-duration case studies (Vesala et al., 2008b). To analyze

longer time series, faster footprint models have been developed with an analytical approach

relying on the surface-layer theory e.g. Schuepp et al., 1990; Schmid and Oke, 1990;

Kormann and Meixner, 2001. Their validity is restricted to certain turbulence intensities

or stratifications. More recently, Kljun et al. (2015) developed a two-dimensional footprint

parameterization that takes away these limitations. Their model yields robust results for

most boundary layer conditions at any observation height within the surface layer. This

model enables the identification of the flux’s source area for a long time series with a wide

range of atmospheric conditions. Therefore, this model is suitable to study the influence

of the changing footprints on ETneighborhood.

To study the influence of surface cover on ETneighborhood, Peters et al. (2011) have described

the seasonal patterns in urban ETpatch from major plant-functional types (trees and turf

grass). Vegetation and open water were observed with EC systems and sap flow sensors,

while impervious surface evaporation was assumed negligible. The two vegetation types

explain the majority of ETneighborhood variation. They also found that the surface fraction

of a vegetation type is the most important factor determining its contribution to total

ETneighborhood underlining the importance of the EC footprint. Other studies challenge

their assumption that impervious surface evaporation can be neglected (Ramamurthy

and Bou-Zeid, 2014; Chen et al., 2023). Below, we will test the assumption by including

evaporation from impervious surfaces. Moreover, while their analysis is focused on the

seasonal timescale, we will consider the hourly timescale. The hourly ET dynamics play a

key role in the urban climate experienced by urban citizens. As a verification, Peters et al.

(2011) compared the sum of their observed ETpatch against EC observations, in essence

reconstructing the ETneighborhood signal from the bottom up.

While the evaporation dynamics from a single surface cover type has been investigated

previously, few studies have addressed these issues across a range of surface cover types.

These studies show that surface cover types have very different evaporation dynamics.

Four main surface cover types can be distinguished: impervious surface, low vegetation,

high vegetation, and open water. Impervious surfaces only evaporate when wet directly

after rainfall resulting in highly dynamic evaporation (Wouters et al., 2015). In contrast,

vegetation can draw water from the soil sustaining ET long after rainfall (Teuling et al.,

2006; Boese et al., 2019). Amongst vegetation, differences are seen with higher average ET



5.1 Introduction 85

for higher vegetation with its higher leaf area density than for lower vegetation (Gillefalk

et al., 2021; Kuhlemann et al., 2021; Gillefalk et al., 2022). Sufficiently deep open water

has more constant evaporation given the abundant water and high heat storage capacity

that can provide energy in the absence of solar radiation (Jansen et al., 2022). The term

ET is used for vegetation because it contains the signals from transpiration, interception,

and soil evaporation, and for EC-observed ET because it contains the combined signal of

the present surface cover types including evaporation, transpiration, and anthropogenic

fluxes (e.g. combustion and human metabolism). Over impervious and open water surfaces,

only evaporation occurs so the term evaporation is used. We hypothesize these behaviors

are combined at the neighborhood scale, as observed with EC, dependent on their relative

contribution to the surface.

Very few cities have observations of all relevant hydrometeorological states and fluxes

across a range of surface cover types. Berlin is a notable exception. In Berlin, mete-

orological observations are performed as part of two observatories: the Urban Climate

Observatory operated by the Chair of Climatology at the Technische Universität Berlin

(https://uco.berlin/en, Scherer et al., 2019) and the Steglitz Urban Ecohydrological Ob-

servatory from the IGB Leibniz-Institute of Freshwater Ecology and Inland Fisheries

(Kuhlemann et al., 2020; Kuhlemann et al., 2021). Additionally, campaigns have added

to this observation infrastructure, for example, with drone-based observations (Vulova

et al., 2019) or with ground-based remote sensing (Zeeman et al., 2023). The elaborate

observation infrastructure has resulted in numerous studies focusing on Berlin (e.g. Meier

and Scherer, 2012; Fenner et al., 2014; Fenner et al., 2023), of which many focused on ET.

A modeling study applied a physics-based model to study hourly ET (Duarte Rocha et al.,

2022), which after validation was combined with remotely-sensed vegetation characteristics

to map ET for all of Berlin (Rocha et al., 2022). Vulova et al. (2021) achieved similar

modeling skill with machine learning trained on meteorological and remote sensing data.

Because of the research infrastructure and the extensive literature, Berlin offers a unique

setting to study the link between the surface cover and ET.

In this study, we aim to estimate the ET contribution of different surface cover types

in the footprint profiting from the diverse observations in Berlin. With this, we will

show how the footprint varies over time, how ET behaves for each surface cover type,

the relation between the surface cover and neighborhood ET, and the contribution of

each surface cover type to neighborhood ET. In this paper, the ET contribution is always

weighted by the footprint. To study the contribution of each surface cover type to ET,

we take both a bottom-up and a top-down approach to attribute the EC-observed ET

to the four dominant surface cover types. For the bottom-up approach, we reconstruct

the EC signal by summing the estimated ET contribution of each surface cover type

weighed by its contribution to the footprint. In this approach, the ET contribution of each

type is estimated with conceptual models and small-scale observations. These patch-scale

models and observations can be verified with the EC observations, as the EC footprint is
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modeled for every observation. The top-down approach is based on a system of equations,

in which each equation describes the surface cover composition of one EC system and

its resulting flux. The resulting flux can be attributed to the surface cover types by

solving the system of equations. We aim to reveal how the surface cover type influences

neighborhood ET behavior and to indicate how altering surface cover may affect urban

climate. Understanding the relationship between urban surface cover and ET can inform

future climate-resilient urban design.

5.2 Study sites

This study examines observations from the capital and largest city of Germany, Berlin,

which has a population of 3.7 million spread over 891 km2 (Amt für Statistik Berlin-

Brandenburg, 2019). Situated in the east of Germany, the climate is temperate oceanic

(Cfb) (Kottek et al., 2006). The closest weather station from the German Weather Service

(DWD, Berlin-Tempelhof) recorded a long-term (1991-2020) mean annual rainfall of 585

mm and mean air temperature of 10.2 ◦C (DWD, 2021). Here, we study the warm months

(April until October) of the relatively dry year of 2019 with 492 mm of precipitation, in

which an intense observation campaign was organized (Vulova et al., 2019). The warm

months are studied as most ET occurs during this time.

Two sites in Berlin are studied here: a suburban one and one close to the city center. The

first, suburban site is an urban research garden located in the southwest of the city at the

Rothenburgstraße (ROTH, 52.457◦N, 13.315◦E, Figure 5.1a, (Vulova et al., 2021)). This

site is an ICOS (Integrated Carbon Observation System) Associated Ecosystem Station

(DE-BeR). The ROTH tower is located in a fairly green and residential neighborhood, with

its surroundings within 1 km consisting of 47% impervious surface, 19% low vegetation,

34% high vegetation, and no open water (see Sec. 5.3.1). High vegetation is defined as

exceeding 0.5 m.

The ROTH tower is mainly surrounded by local climate zones 6 (“Open low-rise”), 2

(“Compact midrise”), and 5 (“Open midrise”). Furthermore, the mean building height,

vegetation height, and sky view factor (SVF) are 14 m, 7.6 m, and 0.91, respectively,

within 1 km of the ROTH tower. The research garden within which the tower is situated

consists mainly of grassland (16%), shrub (7%), trees (39%), and semi-permeable or sealed

surfaces (16%) (Kuhlemann et al., 2021). The low vegetation is mostly meadow which

is mowed 1-2 times per year, with nearly no bare soil in the source area. Most trees at

the ROTH site are deciduous and broadleaved, with key species being Acer platanoides,

A. pseudoplatanus, A. campestre, Fagus sylvatica, Populus nigra, Platanus acerifolia,

Platanus x hybrida, Quercus robur, and Tilia spp. (Meier and Scherer, 2012; Gillefalk

et al., 2021). However, evergreen needleleaf conifers are also present in the area (e.g. Taxus

baccata, Pinus sylvestris, Abies procera), as well as a deciduous conifer species (Larix
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decidua). For a more detailed description of the vegetation, we refer to Meier and Scherer

(2012), Gillefalk et al. (2021), and Kuhlemann et al. (2021).

At ROTH, a 40-meter tower holds three EC systems (IRGASON, Campbell Scientific) at

2, 30, and 40 meters. For all EC systems in this study, the resolution is 30 minutes. The

observations are quality controlled according to the literature and only high-quality data

(flag 0) is used (Foken et al., 2004). Additionally, sap flow was observed at six trees with

FLGS-TDP XM1000 sap velocity logger systems (Dynamax Inc, Houston, USA), and soil

moisture content was measured in two locations below high vegetation at three depths:

10-15, 40-50, and 90-100 cm (CS650 reflectometers, Campbell Scientific) (Kuhlemann et al.,

2020). Finally, the leaf area index was measured monthly over three transects through

high vegetation (LAI-2200, LI-COR, Lincoln, USA) (Vulova et al., 2019). Along each

transect, leaf area index measurements were conducted at 1-meter intervals to capture the

canopy variability, while walking in the same direction each time for standardization. A

tripod on a balcony served as a reference for the above-canopy light conditions measuring

every 10 seconds.

The second site is close to the city center at the TU Berlin Campus Charlottenburg

(TUCC, 52.512◦N, 13.328◦E, Figure 5.1b, (Vulova et al., 2019; Jin et al., 2021)). Its

surroundings within 1 km are more impervious than at ROTH: 62% impervious surface,

8% low vegetation, 26% high vegetation, and 3% open water (see Sec. 5.3.1). The TUCC

site is in a central built-up area mainly occupied by commercial and university buildings

beside the nearby Tiergarten Park. It is dominated by local climate zones 2 (“Compact

midrise”) and 5 (“Open midrise”). Around the TUCC tower (1-km radius), the mean

building height, vegetation height, and SVF are 17.4 m, 9.7 m, and 0.87, respectively. Low

vegetation in the TUCC site mainly comprises turfgrasses, with minimal bare soil in the

area. Most trees in the TUCC area are also broadleaved and deciduous with the main

tree species being Tilia and Acer spp. Irrigation occasionally occurs at both sites (more

frequently in ROTH than TUCC) but only during very dry conditions. On the roof of

TU Berlin (building height 46 m), observations are made with a ceilometer (Lufft CHM

15k) and an EC system (IRGASON, Campbell Scientific). The EC system is attached to

a 10-meter tower reaching 56 meters above ground level.

5.3 Methods

5.3.1 Surface cover classification

The surface cover needs to be classified to link the surface in the EC footprint to the

neighborhood-scale ET observed with the EC system. Given the surface fraction in the

footprint covered by each surface cover type, the ET can be reconstructed from the

evaporation dynamics of the different surface cover types (bottom-up, Figure 5.2a) or

attributed to the surface cover types by linear decomposition (top-down, Figure 5.2b).
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Figure 5.1: Map of Berlin indicating the location of the (a,c) ROTH and (b,d) TUCC study

sites with their surroundings classified in the four surface cover types distinguished in this

study with the 1-km radius (dashed black line) around the EC towers (red dots). Panel b and

d are zoomed in around the EC towers to show the effect of resampling the 1-m resolution to

visualize the full maps (a,b). The coordinate reference system is WGS 84 UTM/33N EPSG:

32633.
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For this study, we classify the surface into four different surface cover types: impervious

surface, low vegetation, high vegetation, and open water. For this purpose, we combine

information from four geospatial datasets from Berlin Open Data and the Berlin Digital

Environmental Atlas:

• Building height : raster dataset at a 1-meter spatial resolution of all buildings in

Berlin (Senate Department for Urban Development, Building and Housing, 2012)

• Vegetation height : raster dataset at a 1-meter spatial resolution of all vegetation in-

cluding trees, bushes, and grass in Berlin (Senate Department for Urban Development,

Building and Housing, 2012)

• Biotope types : vector dataset describing the biotope type of all vegetation in Berlin

according to the 7483 biotope types described by Zimmermann et al. (2015) (Senate

Department for Urban Development, Building and Housing, 2013)

• Streets : vector dataset with all road segments in Berlin (Senate Department for the

Environment, Mobility, Consumer and Climate Protection Berlin, 2014)

Around each EC tower, we classified the surface cover within a buffer of 0.025 degrees

latitude and 0.05 degrees longitude in both directions, equivalent to 2.8 and 3.4 kilometers.

In total, this gives an area of 5.6 by 6.8 kilometers. We selected this buffer, as for 90%

of the footprints this area includes the entire footprint calculated in this study (see Sec.

5.3.2). For only 0.5% of the time, the buffer contains less than 80% of the footprint. All

datasets are clipped to this area. Vector datasets are resampled to rasters at a 1-meter

resolution to ensure compatibility with the raster datasets.

At the start of the classification, all described vegetated land biotopes are assigned to

vegetation and all water biotopes to open water. The impervious surface is determined

based on all areas in the street data and all areas that have an assigned building height.

The vegetation is split into low and high vegetation depending on the height with a

threshold of 0.5 meters following Kuhlemann et al. (2021). The exact threshold has

minimal influence as only a negligible part of the vegetation has a height between 0.3 and

1.0 meters.

5.3.2 Footprint modeling

Footprints were calculated to determine the source area of the turbulent fluxes for all

timesteps. We selected the flux footprint model from Kljun et al. (2015), which is frequently

applied in urban environments e.g. Stagakis et al., 2019; Nicolini et al., 2022; Karl et al.,

2023. This footprint model provides two-dimensional grids outlining the footprints and

quantifying the relative weight of each pixel in the footprint. The model requires the

measurement height, friction velocity, boundary-layer height, Obukhov length, horizontal

wind direction, and mean and standard deviation of the horizontal wind speed. For all

wind variables, EC observations are used, while the boundary-layer height is derived from
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b)a)

Figure 5.2: Conceptual drawing of the bottom-up (a) and top-down (b) approach. The

arrows start at the data sources and end at the results of the approaches. Footprints determine

the contribution for each surface cover type (not shown).

ceilometer observations at the TUCC site. The Obukhov length in m (L) is calculated

according to:

L = − u3
∗θ̄v

κg(w′θ′v)s
(5.1)

where u∗ the surface friction velocity in m s−1, θ̄v the mean virtual potential temperature

in K, κ the von Kármán constant of 0.4, g the gravitational acceleration of 9.81 m s−2,

and (w′θ′v)s the kinematic virtual potential temperature flux in K m s−1 at the observation

height.

As the model results in contours per 10% and the 100%-contribution contour is infinite,

the resulting footprint grids are limited to the 90%-contribution contour. Part of the

footprint is not taken into account when the footprint extends beyond the classified area

(Section 5.3.1). This last step had minimal influence, as the classified area is considerably

larger than the typically considered representative area within a radius of either 0.5 or 1

kilometer (Lipson et al., 2022b). In the end, the contribution of each surface cover type to

the footprint is calculated taking into account the relative weight of each pixel resulting

from the footprint model.

5.3.3 Bottom-up

The bottom-up approach attributes ET to the different surface cover types by determining

evaporation dynamics for each type (Figure 5.2a). Therefore, it is hypothesized that EC
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observations can be accurately reconstructed by considering the ET dynamics of the surface

cover types and their respective contributions to the footprint area (see Sec. 5.3.4, Eq. 5.5).

For the impervious surfaces, open water, and high vegetation interception, evaporation

dynamics are estimated based on conceptual models. For the low vegetation and the high

vegetation transpiration, observations capture the dynamics. We assume the evaporation

dynamics per surface cover type to be similar for ROTH and TUCC, as previous research

found their forcing is comparable and can be used interchangeably to predict ET with

the same accuracy (Duarte Rocha et al., 2022). Negative ET observations are omitted, as

the conceptual models are not capable of predicting negative fluxes. This filter has a very

limited impact on the results, as it excludes only 384 of the 17780 30-minute time intervals.

The results are evaluated against EC-observed ETneighborhood at two timescales, midday and

daily, as these consider different aspects of ET. Midday is defined from 11:00 until 15:00

local (10:00-14:00 UTC) time with every half hour considered separately. During these

hours, incoming shortwave radiation driving ET is highest. Considering multiple hours

minimizes the sampling noise due to the stochastic nature of turbulence even at half-hourly

timescales. The daily timescale is relevant for water resources management.

Impervious surface

Evaporation from impervious surfaces is modeled according to Wouters et al. (2015). Their

parameterization includes two processes to mimic the water on an impervious surface:

rainfall and evaporation. The impervious surface is characterized by the maximum water

storage depth (dm) in mm m−2 and the maximum wet/evaporative fraction (δm). These

parameters were determined for Berlin based on 3D-LIDAR scans and found to be 1.03

mm m−2 and 13.53% (Haacke, 2022). The evaporative fraction decreases following a

power law with an exponent of −2
3
depending on the water storage, which follows from

the assumption that interception storage capacity linearly depends on the storage depth.

Water gain from rainfall is reduced in efficiency when closer to the maximum water storage

capacity described by:

d(t+∆t) = dm

(
1− ln(1− (1− e(1−

d(t)
dm

))e−
r0∆t
dm )

)
(5.2)

where, d is the water storage depth in mm, t time in s, ∆t length of the time step in s,

and r0 the rainfall intensity in mm s−1. The formulation assumes constant rainfall during

a time step. The evaporation is described by:

d(t+∆t) =

(
d(t)

1
3 − δmEp∆t

3d
2
3
m

)3

(5.3)

where Ep is the potential evaporation. The Ep is calculated according to Penman (1956),

further described in Eq. 5.4 and the open water section. Eq. 5.2 and 5.3 are calculated
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consecutively for each timestep to get the new water height. The meteorological forcing

has a resolution of 30 minutes, but the conceptual model is run numerically at a 30-second

time step to ensure a numerically robust solution with linearly interpolated meteorological

forcing.

High vegetation

The ET from high vegetation consists of transpiration and evaporation of water intercepted

by the canopy. The transpiration is derived from observations of the soil moisture content

and sap flow as described in Kuhlemann et al. (2021). Soil moisture content observations

are used from both the “Trees” and “Shrubs” plots for the transpiration estimation from

high vegetation. The soil moisture content reflects the evaporated water volume, but root

water uptake does not correlate directly with transpiration apparent from the lag between

the two. Therefore, we scale daily soil moisture loss with hourly sap flow observations. This

method takes advantage of the correctly timed temporal variation in sap flow observations

and the accurate water volume estimate of the soil moisture content observations. Soil

moisture loss due to drainage is assumed to be negligible, as the deepest soil moisture

observations at 95 cm depth showed no soil moisture loss indicating a drainage flux.

Furthermore, soil moisture loss in the lowest layer of observations is not added to the

evaporation.

The canopy interception and its evaporation are modeled with the Rutter model that

allows for sub-daily resolution (Rutter et al., 1975; Valente et al., 1997). The model

partitions rainfall between evaporation from the canopy and trunk, throughfall, and stem

flow. Two storages are part of the model: the canopy and the trunk. Both storages

evaporate at the potential rate calculated according to the Penman (1956) equation (Eq.

5.4) described in the open water section. Canopy storage capacity depends on the tree

species ranging between 0.1 and 3 mm (e.g. Aston, 1979; Klaassen et al., 1998; Baptista

et al., 2018; Ramı́rez et al., 2018), although in exceptional tropical canopies capacities up

to 8 mm have been observed (Herwitz, 1985). We assume the canopy storage capacity is

linearly related to the leaf area index with a storage of 0.2 mm per unit leaf area (Huang

et al., 2017). Leaf area index observations at monthly intervals are interpolated with a

univariate spline with four degrees of freedom. The modeled interception appears to be

relatively insensitive to the other parameters set at 0.2 mm for the trunk water storage

capacity, 0.015 for the fraction of exceedance of the canopy storage capacity partitioned to

stem flow instead of throughfall, and 0.02 for the fraction of evaporation from the stem

flow. All of these parameters concern the stem flow, which, on average, accounts for only

2% of the precipitation exceeding the canopy storage capacity (Rutter et al., 1975). The

modeled interception evaporation is added to the transpiration to obtain the ET from the

high vegetation.
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An alternative for both vegetation types would be to model the ETpatch with the Penman-

Monteith equation (Monteith, 1965). Grimmond and Oke (1991) have adapted this equation

to urban environments and included the effect of water limitation. As a preliminary analysis,

the adapted Penman-Monteith equation was used to represent vegetation in the bottom-up

approach. This analysis showed that the adapted Penman-Monteith equation overestimates

ETpatch. The estimate is twice as high as the precipitation in the same period.

Low vegetation

Low vegetation is directly represented by an EC system installed at 2 meters directly

above the grass at ROTH. In their similar study, Peters et al. (2011) installed an EC

system close to the surface of a golf court to estimate the ET from low vegetation. Within

a forest, a comparable low EC set-up helped to differentiate the ET components in an

environment with more obstacles (Paul-Limoges et al., 2020).

The quality-controlled ET is a direct observation of the low vegetation dynamics when

the wind comes from between east (90◦) and southwest (230◦). Fluxes were considered

when suitable for process-focused studies and general analysis (quality flag ”0” and ”1”

according to Foken et al. (2004)).

Open water

Open water evaporation is estimated with a parameterization of the Penman (1956)

equation (De Bruin, 1979):

Ep = 37 + 40u2m(es,2m − e40m) (5.4)

where u2m is the mean wind speed at 2 meters (m s−1), es,2m the saturated vapor pressure

at 2 meters (Pa), and e40m the vapor pressure at 40 meters (Pa). Eq. 5.4 approximates the

evaporation from an infinitely thin water layer ignoring heat storage in the water column.

The lack of water temperature observations prevented the use of equations that capture

the effect of the heat storage in water on ET (Jansen and Teuling, 2020). Open water is

assumed to evaporate at the potential rate. In the case of a negative Ep, evaporation is

set to 0.

5.3.4 Top-down

The top-down approach takes the neighborhood-scale EC observations and attributes the

flux to the different surface cover types by solving a system of equations (Figure 5.2b).

The system consists of three equations related to three EC systems (ROTH: 40 and 30

m; TUCC 56 m). Each equation describes how the ETpatch from the surface cover types

is combined according to the footprint to yield the EC observation of one system. The

evaporation for the three surface cover types results in three unknowns, as the evaporation

per surface cover type is assumed similar for all EC systems. Open water is not considered
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as it covers the least area and only three EC systems are suitable for the analysis. To filter

out any timesteps affected by open water, we remove all timesteps with more than 5%

open water in the footprint of any of the EC systems. The linear system can be solved, as

it has an equal number of equations and unknowns.

fim,1Eim + flv,1ETlv + fhv,1EThv + fow,1Eow = ETEC,1 (5.5)

fim,2Eim + flv,2ETlv + fhv,2EThv + fow,2Eow = ETEC,2 (5.6)

fim,3Eim + flv,3ETlv + fhv,3EThv + fow,3Eow = ETEC,3 (5.7)

where f is the footprint-weighted fraction with the subscripts describing the impervious

surface (im), low vegetation (lv), high vegetation (hv), and open water (ow). The numbers

indicate the different EC systems. The evaporation from each surface can be determined

given the footprint-weighted fractions derived from the footprints and the EC observations.

We exclude solutions with estimated evaporation below 0 mm d−1 for one of the surface

cover types, as these solutions likely have negative evaporation rates for one surface cover

type that are balanced by positive evaporation rates for another type.
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Figure 5.3: Probability density of the time-dependent footprint-weighted surface fractions

in the EC footprint calculated according to Kljun et al. (2015) over the study period (April-

October 2019). The dashed vertical lines indicate the average surface cover fraction within a

1-km radius of the EC (see Figure 5.1).
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5.4 Results

5.4.1 Footprint variation

A high variation in footprint composition highlights the heterogeneity of the urban surface

(Figure 5.3). The wide, non-normal distributions cause the footprint-weighted surface

fractions in the footprint to differ substantially from the surface cover fractions within a

1-km radius of the EC system (vertical lines) at most times. The 1-km radius estimation

and the footprint-weighted fraction are only similar for open water, as this covers a limited

surface. For the impervious surface and high vegetation at ROTH, the bi-modality of the

distribution demonstrates that a single value will not be able to capture the footprint-

weighted surface fractions. Additionally, footprint-weighted surface cover fractions can

vary within a wide range as seen at TUCC where the footprint-weighted impervious surface

fraction varies from 0.2 up to 0.8. The high variation necessitates that the time-dependent

footprint composition is considered to understand ET dynamics.

5.4.2 Surface cover composition impact on evapotranspiration

Combining the footprint variation from both sites with the EC-observed ETneighborhood

reveals the influence of the surface cover composition on ET (Figure 5.4). We find lower

ET values with more impervious surface and higher ET values with more vegetation (high

and low). Open water shows a less clear relation between its surface fraction and ET, as

the range in open water fraction in the footprint is minimal given the limited open water

in the proximity of the EC systems (Fig. 5.1). Although the surface cover is relevant, the

variation in the ET indicates meteorological conditions affect ET as well, illustrated by

the ordering of the points by available energy quantified as the net radiation. While the

surface cover composition in the footprint varies at one site, the two sites together reveal

an evident influence of the surface on ET.

5.4.3 Evapotranspiration attribution to the surface cover

EC-observed ETneighborhood is approximated by ETneighborhood reconstructed by a weighted

average of surface cover type evaporation dynamics (Figure 5.5 and Table 5.1). The

negative mean bias error indicates an underestimation of total ET. The data gaps due to

quality control of the 2-m EC system explain why the number of evaluated data points is

lower than the duration of the study period. In one ROTH case, ET is highly overestimated

when a rainfall event coincides with a high impervious fraction in the footprint and high

potential evaporation (Figure 5.5a), for which the conceptual model for impervious surfaces

is responsible.

Impervious surfaces contribute proportionally less to ET than their footprint-weighted

surface fraction according to the bottom-up approach (Figure 5.6a). In contrast, high

vegetation contributes significantly more. The relative ET contribution of low vegetation
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Figure 5.4: Relation of the EC-observed ETneighborhood and the footprint-weighted surface

cover fraction for each surface cover type (a: impervious surface, b: low vegetation, c: high

vegetation, d: open water) with the color indicating the net radiation. The probability density

curves (right axis) describe the footprint compositions for both ROTH (solid) and TUCC

(dashed). The correlation is given in the top right of each panel.

Table 5.1: Overview of the performance of the bottom-up approach compared with EC ET

observations per 30 minutes as shown in Figure 5.5.

Rothenburgstraße TU Berlin campus

Midday Daily Midday Daily

Figure 5.5 panel a b c d

Data points [-] 609 100 152 30

Observed mean ET [mm d−1] 3.8 3.0 1.7 1.1

Modeled mean ET [mm d−1] 2.3 1.9 1.4 1.0

Mean bias error [mm d−1] -1.5 -1.2 -0.3 -0.1

Mean absolute error [mm d−1] 1.8 1.2 0.8 0.6

Pearson’s r [-] 0.51 0.71 0.38 0.57
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Figure 5.5: Comparison of the ET observed with EC against the ET reconstructed with

small-scale observations and conceptual models at (a-b) Rothenburgstraße (40 m only) and

(c-d) TU Berlin campus for (a,c) midday hours per half hour and (b,d) daily means. Midday

hours are between 11:00 and 15:00 local time (10:00-14:00 UTC). Table 5.1 gives an overview

of the statistics.
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Figure 5.6: Relative contribution of the surface cover types to the EC footprint (verti-

cal/horizontal hatch) and ETneighborhood (diagonal hatch, calculated as f ETpatch) for all

available 30-minute intervals. Surface cover fractions differ between the two methods at the

same site at different times and thus footprints are included in the analysis due to data

availability.

varies depending on whether the remaining surface fraction in the footprint is dominantly

high vegetation or impervious surface, as ETpatch from low vegetation is higher than

from high vegetation than from impervious surface. Despite open water covering only a

small part of the surface, the TUCC results indicate that the ETneighborhood fraction can

exceed the footprint-weighted surface fraction. The relative contributions are constant

throughout the months, although exact values vary mostly around 0.02 with exceptions

up to 0.13. Throughout the study period, the footprint-weighted surface fraction has the

same qualitative relation to ET contribution.

The top-down approach yields mostly similar relative contributions to the surface cover

and ET as the bottom-up approach (Figure 5.6b). However, the ETneighborhood fractions are

more similar to the surface fractions than the bottom-up approach indicates. Unfortunately,

the open water surfaces could not be considered, as only three EC systems had observations

for sufficient timesteps. Still, data gaps cause the top-down approach to yield results for

10652 timesteps. Subsequently, 9860 timesteps are excluded from the analysis as negative

evaporation rates artificially enhanced the evaporation from the other surfaces. This

artificial enhancement is an artifact of the linear system of equations (Eq. 5.5). Next to

the ETneighborhood fractions, the footprint-weighted surface fractions differ slightly from

the bottom-up approach because different timesteps are considered. Over the months,

relative ET contributions are less constant than the bottom-up approach typically differing

about 0.15 and maximally 0.28. Unlike the bottom-up approach, no direct comparison
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with observations can be made, as the method gets the EC observations as input, and no

observations are available at the patch scale.

5.4.4 Evaporation dynamics per surface cover type

The distinct evaporation dynamics of each surface cover type are visible when zooming

in on one drydown (Figure 5.7). These dynamics can be derived from the bottom-up

approach given its good performance and the high number of timesteps with attributed

fluxes. The impervious surface has a unique pattern with a sharp peak after rainfall and

no evaporation once the surface has dried. Meanwhile, the other three surface cover types

all show a daily cycle. Low vegetation and open water show comparable changes over time

without a response to the time since the last precipitation but following energy availability

and transport efficiency. On the other hand, high vegetation limits ET within days after

rainfall. These responses are seen in all other dyrdowns except for the last drydowns

during the warm season (see Figure A.5.1). At this time, the soil moisture is more depleted

triggering low vegetation to limit ET, while open water maintains the same response.

5.5 Discussion

5.5.1 Surface cover type contributions to evapotranspiration

Our study revealed that the four distinct surface cover types do not contribute to ET

proportional to their footprint-weighted surface fraction. To disentangle these contributions,

the ET was attributed to the surface cover types with both a bottom-up and top-down

approach. Both approaches find similar ET contributions compared to the footprint-

weighted surface fraction; impervious surfaces evaporate less than their footprint-weighted

surface fraction, while high vegetation and open water evaporate more. The higher ET

values for the (high) vegetation are likely explained by the high leaf area (Liu et al., 2016;

Bian et al., 2019), which effectively increases the evaporating surface over the same ground

surface. The low ET values for the impervious surface are likely linked to the low water

availability (Jongen et al., 2022; Jansen et al., 2023).

For high vegetation, an isotope-evaluated model study found similar ratios between average

surface fraction (∼30%) and ET contribution (∼80%) at ROTH (Gillefalk et al., 2022).

From this ET, evaporation of interception accounts for 17% of the total precipitation

over the study period from April to October. This is comparable to some studies finding

values between 14-27% (Bryant et al., 2005; Xiao and McPherson, 2011), while others

show higher interception evaporation between 45 and 77% (Asadian and Weiler, 2009;

Anys and Weiler, 2024) or lower between 5-6% (Paul-Limoges et al., 2020). Although our

interception evaporation is lower than most observed values, together with transpiration,

it exceeds the precipitation during the study period. Soil moisture reserves supply the

additional water.
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Figure 5.7: Illustration of ET dynamics during a drydown starting 30 minutes after rainfall

ceased determined with the bottom-up approach for the four surface cover types (a: impervious

surface, b: low vegetation, c: high vegetation, d: open water). This drydown occurred between

21-07-2019 and 29-07-2019. The gaps in the low vegetation time series are explained by the

quality control of the 2-m EC measuring low vegetation.

The found ET contributions are largely in line with findings by Peters et al. (2011), who

did a similar exercise for a more homogeneous neighborhood. Still, we challenge their

assumption that the impervious surface did not contribute anything to ET, as we find

7% (18% top-down) of ET may come from impervious surfaces in a suburban setting

(ROTH, 36/39% impervious in footprint). In the more impervious city center (TUCC,

68/73% impervious in the footprint), we find a contribution of 20% (54% top-down).

Ramamurthy and Bou-Zeid (2014) and Chen et al. (2023) found ET from impervious

surfaces contributed between 11 and 18%.
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5.5.2 Evaporation dynamics per surface cover type

Apart from the different ET contributions compared to the surface fraction, evaporation

evolves differently for each surface cover type after rainfall. In line with Ramamurthy and

Bou-Zeid (2014), we find impervious surfaces evaporate all water quickly after rainfall. In

contrast, open water sustains evaporation for a longer time. The open water evaporation

shows a strong diurnal trend reaching zero during the night, which is incorrect according

to the literature. The effect of heat storage could not be considered due to missing

water temperature observations. Previous research shows the large heat capacity of water

dampens the diurnal trend preventing it from going down to zero (Jansen et al., 2023). In

this study, the diurnal trend results from the Penman equation (Jansen and Teuling, 2020),

which was applied given the unavailability of water temperatures. High and low vegetation

show different behavior from each other with the high vegetation having a higher initial

ET. While high vegetation decreases peak ET within days after the last precipitation,

low vegetation sustains high ET rates until soil moisture availability is limiting. This soil

moisture limitation only occurred towards the end of the summer, even though our study

year 2019 was relatively dry. The same responses were found in other studies (Teuling

et al., 2010; Van Dijke et al., 2023). High vegetation has a stronger stomatal control that

enables it to limit transpiration with sufficient available moisture, while low vegetation

has lower stomatal control that causes it to limit transpiration less than high vegetation

until it lacks water. In the urban setting, low vegetation is also frequently shaded possibly

removing the necessity to limit transpiration.

5.5.3 Bottom-op versus top-down approach

Even though the ET contribution was similar for the bottom-up and the top-down approach,

these methodologies also showed two interesting differences. Given these two differences, we

think the bottom-up approach has the most potential to contribute to our understanding

of the link between patch- and neighborhood-scale ET. The first difference is the need

for observations from multiple EC systems simultaneously. Every EC system has gaps in

the observations that do not overlap with the other EC systems’ gaps. The gaps result

from the quality control and are numerous because of the challenging urban environment

(Feigenwinter et al., 2012; Oke et al., 2017). The top-down approach requires as many EC

systems as surface cover types. In the present study, this was circumvented by excluding

open water. Because a fourth EC system was unnecessary, the number of timesteps with a

successful outcome rose from 44 to 792. This is comparable with the 751 for bottom-up,

for which the availability is mainly limited by the low 2-m EC system with data for only

17% of the time. The maximum number is given by the study period of 244 days equal to

11,712 half hours, of which 2,196 are during the midday hours. While data availability

is a challenge for both approaches, the top-down approach relies more heavily on EC

observations leading to more overlapping data gaps.
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The second difference is that the bottom-up approach is confined by patch-scale observations

and models, while the top-down approach is not. The confined bottom-up approach provides

insight into the ET contributions of the surface cover types but still has a mismatch with

the observed ET. Also using a bottom-up approach, Salmond et al. (2012) reconstructed

the neighborhood-scale sensible heat flux observed with an EC system with smaller-scale

observations from two scintellometers. They found a mismatch of 25%, which can partly be

explained by three reasons that also apply here. Firstly, even when EC systems are installed

directly next to each other, the observations differ, up to 15% in the case of ET (Mauder

et al., 2006; Mauder et al., 2013). These differences are partly due to large turbulent

structures that are not resolved at (sub-)hourly timescales. This makes time-averaged EC

observations not by definition representative of the spatial average over heterogeneous

surfaces. As these structures may resolve at daily timescales, it may explain the better

performance of the bottom-up approach at the daily timescale. Secondly, the footprints

are calculated with an analytical model that does not account for surface heterogeneity

and 3-dimensional surfaces (more in Section 5.5.4). Lastly, the patch-scale observations are

not necessarily representative of the whole neighborhood scale. In our case, for example,

sap flow was measured at six trees that cannot capture the diversity of the trees in the

EC footprint. Another example is the low vegetation that experiences shading depending

on the location within the urban canyon.

Still, the bottom-up approach yields errors comparable to urban land surface models from

a decade ago and only slightly higher than more recent models (Grimmond et al., 2011;

Lipson et al., 2024). These urban land surface models share our assumption that the

neighborhood flux is the sum of ETpatch from the separate surface cover types. They do not

incorporate dynamic footprint information in the forcing but use the direct surroundings

or an average footprint (Lipson et al., 2024). As our approach reduces complexity and

requires fewer inputs, we demonstrate the relevance of these footprints in scaling patch

fluxes to the neighborhood level. The added complexity of urban land surface models

allows for prediction and scenario studies, which our approach would not be suitable

for. Still, the found agreement underscores the potential for utilizing surface-specific

contributions to decipher ET dynamics.

In contrast, the top-down approach yields highly unlikely results as the linear system

follows is not confined by patch-scale observations. The linear system counteracted high

negative fluxes with high positive fluxes giving results as extreme as -2.0×1017 and 1.1×106

mm d−1. These effects were omitted from the analysis by excluding negative fluxes, which

omitted the high fluxes as well due to the linear relations in the equations. Due to these

direct links, the ET contributions contain the errors from the EC observations. However,

these random errors will cancel out against each other, as we only look at aggregated

results from the top-down results.
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5.5.4 Footprint variability and modeling

Given these differences in evaporation behavior between surface cover types, the surface

composition in the footprint influences the EC observations. This changing footprint has to

be accounted for to understand ET dynamics, as the footprint contribution of a particular

surface cover type may vary as much as 50%. Previously, the relevance of footprints for

ET was illustrated by the improved performance when the footprint-weighed surface cover

fraction was supplied to machine learning models in addition to meteorological observations

(Vulova et al., 2021; Vulova et al., 2023). This is the first process-based study that reveals

how ET dynamics differ from hour to hour per surface cover type. For other fluxes, such

as CO2, footprint modeling has also been shown to help understand flux dynamics (e.g.

Velasco et al., 2009; Conte and Contini, 2019; Wu et al., 2022).

CO2 sources including directly from humans have been identified and quantified by looking

at the relation between the CO2 flux and the surface cover composition equivalent to Figure

5.4. One example is Menzer and McFadden (2017) who study the relative importance of

vegetation and anthropogenic fluxes of CO2. Another example is Stagakis et al. (2019)

who find that traffic is an important CO2 source and human respiration accounts for 19%

of the CO2 flux. Human respiration and perspiration are unlikely to affect our results.

In the center of Beijing, the water fluxes from these processes are so small they would

account for only 3% of ET in Berlin (Liu et al., 2022). Given the lower population density

of our sites, human respiration and perspiration are even lower. Thus, these small water

fluxes from these sources are much smaller than ET and do not influence the results.

Footprint modeling is the key that connects the surface to the ET in this study. The key

is however limited by the simplifications of the footprint model. Here, we applied the

analytical model by Kljun et al. (2015), which generates perfectly symmetrical footprints.

The model does not account for the complexity and heterogeneity of the urban morphology.

More detailed footprint modeling would provide footprints depending on urban morphology,

but this would also require more computational resources and thus limit the length of the

period that can be studied.

5.5.5 Generalizability

Here, we studied ET in one city during the warm months of a single year, 2019, which was

a relatively dry year in Berlin. While the climate and year-to-year variability may affect

some aspects of the ET dynamics, others are likely to be more constant. The main aspect

we expect to be relatively constant is the evolution of ET over a drydown. The impervious

surface will evaporate with a short intense peak, open water will evaporate more constantly,

and vegetation will respond to soil moisture. While open water contributes little to the

surface cover, we included this surface cover type in our analysis. It cannot be assigned

to any of the other surface cover types and its inclusion improves the transferability of

our methodology. The general patterns may be the same, but the dynamics are altered
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by site characteristics such as plant species, building materials, and water depth. The

urban morphology is another relevant site characteristic that affects the incoming energy

by providing more or less shading related to the height-width ratio. Still, we anticipate

these effects to be smaller than the differences between the four surface cover types. Apart

from site characteristics, weather conditions control how much each of the surface cover

types contributes to the ET (Jansen et al., 2023). The weather conditions determine

the water availability (number and length of drydowns), energy availability (radiation

and temperature), and exchange efficiency (wind and vapor pressure deficit). These

conditions will lead to changed ET dynamics dependent on the season, the climate, and

the year-to-year variability.

The unique 2019 dataset from Berlin allowed us to reconstruct the ET signal from EC

systems. Although relatively common observations are required for the conceptual models

of the open water and impervious surfaces, the data needed to estimate the evaporation

dynamics of both vegetated surfaces is more specialized. These observations included

low-level EC observations, tree sap flow, and multiple, continuous soil moisture sensors.

In most cities, this will not be available. Instead, the vegetated surfaces could be modeled

with the Penman-Monteith equation (Monteith, 1965). However, our preliminary analysis

showed a severe overestimation of ET from vegetation. Without further adaptation,

ETneighborhood cannot be reconstructed with the Penman-Monteith equation using less

specialized observations.

5.6 Conclusion

This study explores the link of neighborhood-scale ET to the surface cover at two sites

in Berlin to estimate the contribution of each surface cover type to ET. This link is

made starting from the ET dynamic from the surface cover types reconstructing the

neighborhood-scale flux (bottom-up) and from four neighborhood-scale fluxes partitioned

over the surface cover types through a linear system of equations (top-down). The bottom-

up approach demonstrates that patch-scale dynamics can reconstruct the neighborhood

scale when the EC footprint is considered.

Impervious surfaces contribute substantially to ET after rainfall mounting up on long

timescales and are thus not negligible as assumed in earlier studies. That is why they

should also not be ignored in urban water management. In line with previous studies, we

find most ET originates from vegetation with especially high vegetation evaporating dis-

proportionately more than its footprint-weighted surface fraction. While both approaches

support these conclusions, the bottom-up approach proved to be more successful than the

top-down approach in linking the surface cover types at the patch scale to the observations

at the neighborhood scale due to its lower EC data requirement.
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We stress the importance of time-dependent EC footprints to understand ET dynamics.

Based on these dynamics, urban land surface models and their evaluation could be improved

by accounting for the changing footprint. With footprint information, parameters could

be dependent on the situation in the current source area. In this way, the models would

more directly represent what the EC system observes making for a more fair and better

evaluation.

Understanding ET is crucial in urban water management, for example, to determine

appropriate vegetation species and irrigation requirements. At the same time, ET plays a

role in the energy balance and can contribute to the mitigation of heat stress. Therefore,

the gained insights can support design decisions in city landscapes and urban water

management to improve the living environment of urban inhabitants.
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Abstract

Vegetation is suggested to mitigate urban heat by shading and increasing evapotranspiration

(ET). Understanding ET is crucial for effective urban water resources management and

optimized cooling from vegetation. The most direct method to observe and study ET

over larger areas is eddy-covariance (EC). EC systems measure the ET from a time-

dependent source area called the footprint. The footprint depends on the meteorological

conditions including wind conditions and atmospheric stability, and the sensor location

and height. Although the time-dependent footprint can be modeled analytically, these

analytical footprint descriptions neglect the heterogeneous urban flow field. The Large-Eddy

Simulations (LES) technique explicitly resolves turbulent transport incorporating footprint

dynamics in the modeled ET. Here we explore the temporal and spatial sensitivity of EC

observations to the footprint at two sites in Berlin. For this purpose, we apply analytically

derived footprints to analyze the footprints over a longer time and LES to capture the

detailed footprints. The LES results show realistic ET rates while differences with the

observations seem to be driven by the mesoscale forcing. Our findings suggest that within

a day the footprint’s time dependency causes as much variation in observed ET as within a

year, even when the day has relatively constant meteorological conditions. Spatially, virtual

EC systems in the LES are decorrelated within 280 m demonstrating how EC observations

capture their specific location. Our study shows the urgency of considering footprints

when analyzing instantaneous ET observations from EC systems and the ineffectiveness of

representing an EC system as measuring its average surroundings.
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6.1 Introduction

An ever-increasing number of urban inhabitants face heat stress due to a combination

of continued urbanization (United Nations, 2018), climate change (Oleson et al., 2015),

and water scarcity (Liu and Jensen, 2018). Vegetation is often suggested as an effective

measure to combat heat stress (Wong et al., 2021), as it provides shading and consumes

energy through evapotranspiration (ET) that would otherwise heat the urban surface and

air (Qiu et al., 2013). The cooling potential of vegetation hinges on the water available

for ET (Kraemer and Kabisch, 2022; Nimac et al., 2022). Thus, urban water resources

must be managed to optimize the effectiveness of the vegetation and its impact on urban

climate.

Understanding ET dynamics is key for water management. ET is a key flux in the

urban water balance and equals 19-87% of precipitation according to observations from 20

cities around the world (Lipson et al., 2022a). ET can be nearly directly observed with

eddy-covariance (EC) systems at the neighborhood level (Burba and Anderson, 2010). To

observe ET, EC systems measure the vertical wind speed and the specific humidity at

high frequency in the order of 10 Hz. The turbulent moisture transport, ET, is estimated

from the covariance of these variables. Many studies have exploited EC observations to

improve our understanding of urban ET dynamics (Ward et al., 2013; Liu et al., 2017;

Jongen et al., 2022). However, EC systems measure moisture from a source area, i.e. the

footprint, that continuously changes depending on atmospheric conditions such as wind

speed, wind direction, and atmospheric stability (Mauder et al., 2021). The dynamic

footprint hampers linking the observed ET to the surface in heterogeneous urban settings.

Yet, other studies have shown that considering the footprint opens doors to new analyses

(Peters et al., 2011; Vulova et al., 2021; Jongen et al., 2024b).

All these studies share a common approach: they estimate the EC footprint using an

analytical algorithm. These algorithms parameterize the contribution of the source area

to the total flux (Vesala et al., 2008b). The algorithms for footprint estimation have been

continuously developed improving their computational efficiency and expanding the range

of atmospheric conditions, in which they can be applied (Kljun et al., 2004; Kormann and

Meixner, 2001; Kljun et al., 2015). The recent models allow footprints to be estimated for

entire years, as the previously mentioned studies capitalize on.

Large-Eddy Simulations (LES) is a numerical modeling technique that resolves dynamically

important large-scale turbulent eddies and only parameterizes small-scale, sub-grid scale

eddies. Thus, LES captures turbulent transport and can mimic EC observations opening

the door to study EC without observational constraints such as equipment costs, site

selection, and access (Kanda et al., 2004). LES is one of the other methodologies allowing

footprint estimation (Vesala et al., 2008b). Because LES resolves most turbulence, it

captures the footprint in greater detail than analytical descriptions (Hellsten et al., 2015;
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Auvinen et al., 2017). Auvinen et al. (2017) demonstrate that the symmetry of analytical

footprint models is not valid in urban areas and that the near-field contribution is higher

than predicted with analytical models. As a result, the surface composition of the footprint

is substantially changed. Apart from these insights, they demonstrate the computational

costs, as their method requires a steady-state simulation lasting 4.5 modeled hours for one

footprint. While this makes explicitly modeling footprints for longer periods unfeasible,

LES implicitly simulates these footprints by resolving the turbulent transport.

Comparing LES with observations requires EC observations, but few cities worldwide host

an EC system. In Berlin, however, they have been installed at two sites (Jin et al., 2021;

Vulova et al., 2019; Vulova et al., 2021). The first site is a residential neighborhood, where

a 40-meter tower is equipped with EC systems at multiple heights. The other site is close

to the city center where the EC system is placed on top of a building. These sites together

allow us to study the effect of footprints in two contrasting neighborhoods as described in

more detail below.

The objectives of this paper are 1) to evaluate the capacity of LES to simulate the

turbulent transport of water vapor and 2) to assess the importance of the temporal and

spatial footprint dynamics for EC observations. We see how much footprint variations

over different periods affect EC observations for the temporal dynamics. For the spatial

dynamics, we determine the distance at which EC observations become independent.

Therefore, we start by analyzing the influence of the footprint on the observed evaporation

using analytical footprints to assess how dynamics of the footprint over time. Subsequently,

these analytical footprints inform the design of the LES domain. With LES, we model the

turbulent transport of water vapor. In the introduction, we referred to this transport as

ET, but from here onwards we will use the energy equivalent: the latent heat flux (QE).

The simulated QE is compared against observations from three EC systems at two sites.

Finally, a grid of virtual EC systems is extracted from the LES to reveal the effect of the

sensor placement on the footprint.

6.2 Data and Methods

6.2.1 Study sites and case study

The case study presented here focuses on the turbulent transport of water vapor during

one day at two sites in Berlin. Berlin is the German capital located in the eastern

part of the country boasting 3.7 million people spread over 891 km2 (Amt für Statistik

Berlin-Brandenburg, 2019). The temperate oceanic climate (Cfb) results in a long-term

(1991-2020) mean annual rainfall of 585 mm and mean air temperature of 10.2 ◦C (Kottek

et al., 2006; DWD, 2021). Within this city, two sites host EC systems: one in the suburbs

and one on the TU Berlin campus close to the city center.
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The suburban research garden is located in Steglitz at the Rothenburgstraße (ROTH,

52.457◦N, 13.315◦E, (Vulova et al., 2021)). A residential neighborhood surrounds the

site consisting within 1 km of 47% impervious surface, 19% vegetation below 0.5 m, 34%

vegetation above 0.5 m, and no open water (Jongen et al., 2024b). This results form a

mix of local climate zones 6 (“Open low-rise”), 2 (“Compact midrise”), and 5 (“Open

midrise”). The mean building and vegetation heights are 14 and 7.6 m respectively with

a Sky View Factor (SVF) of 0.91. The EC systems are mounted on a 40-m standalone

tower at 30 and 40 m (IRGASON, Campbell Scientific), which are registered as an ICOS

(Integrated Carbon Observation System) Associated Ecosystem Station (DE-BeR).

The second site, TU Berlin Campus Charlottenburg, is situated close to the city center

(TUCC, 52.512◦N, 13.328◦E, (Vulova et al., 2019; Jin et al., 2021)). Commercial and

university buildings dominate the neighborhood, which are interrupted by the Tiergarten

Park and the Spree River. Compared to ROTH, the surroundings are more densely built

with slightly higher buildings and vegetation (mean 17.4 m and 9.7 m) and lower SVF

(0.87) best described by local climate zones 2 (“Compact midrise”) and 5 (“Open midrise”).

The EC system (IRGASON, Campbell Scientific) is mounted on a 10-m tower placed on

the roof of the 46-m TU Berlin building. Within 1 km of the building, the surface consists

of 62% impervious surface, 8% low vegetation, 26% high vegetation, and 3% open water

(Jongen et al., 2024b).

At these sites, an intensive observation campaign was organized during 2019, a relatively

dry year with 492 mm of precipitation (Vulova et al., 2019). From this year, we searched

for a day with no precipitation or clouds. The modeled area had to cover the footprint of

the EC systems. Smaller footprints would thus require a smaller model domain. Therefore,

the wind speed had to be low, while the atmosphere had to be convective. Moreover, the

wind direction had to be relatively constant in time, so the domain had to be extended

in only one direction. The day best fulfilling the requirement of this study was 29 June

2019. This day was a relatively warm, cloud-free day. The simulation period was chosen

to include the moments with the highest ET and lasted from 9:00 until 18:00 local time.

During this period, observations at 40 m indicated the average temperature was 27 ◦C,

the average relative humidity 31 %, and the average wind speed 1.7 m s−1. At 2 m, the

average temperature was 27 ◦C, the average relative humidity 30 %, and the average wind

speed 0.6 m s−1. The average wind direction was easterly and varied between 204 and

326◦.

For the selected day, the footprints were estimated for every half-hour according to Kljun

et al. (2015). The average footprint served as a basis to define the required domain size.

We aimed to include at least 80% of the footprint for all timesteps.

Before diving into LES, we use analytically estimated footprints to illustrate how sensitive

QE is to the changing footprint. Because of the computational efficiency, the footprints

can be derived for a full year (2019). The surface composition within these footprints is

6
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Table 6.1: Details of the nested model domain configuration.

Domain size in direction

Domain Model X Y Z
Horizontal

grid spacing

Vertical

grid spacing

W1 WRF 1527 km 1495 km 20705 m 15 km 58-358 m, 61 layers

W2 WRF 307 km 305 km 20705 m 3 km 58-358 m, 61 layers

W3 WRF 104 km 104 km 20705 m 1 km 58-358 m, 61 layers

P1/3 PALM 6144 m 6144 m 3072 m 16 m
16 m, 1.05 stretch

after 640 m (max 32 m)

P2/4 PALM 1152 m 1152 m 576 m 2 m 2 m

derived following Jongen et al. (2024b) distinguishing four surface cover types: impervious

surfaces, high vegetation, low vegetation, and open water. While the footprint is dynamic

in this analysis, the QE per surface cover type is kept constant at the value of 10:00 local

time on 29 June 2019. This reveals the effect of the footprint on observed ET without

showing the influence of ET dynamics. The same QE per surface cover type is multiplied

by the footprint fraction of the surface cover types for every timestep to yield the fictive

ET observed with EC. In the end, the distribution of the EC QE is determined for the

footprints of 29 June 2019, of every 10:00 of the year, and of the entire year.

6.2.2 Model configuration

To simulate 29 June 2019, a model configuration was designed to resemble the real urban

area and forcing (Figure 6.1 and Table 6.1). The first three nesting levels (W1-3) use the

mesoscale Weather Research and Forecasting (WRF) model version 4.1.4 (Powers et al.,

2017) to downscale the ECMWF operational reanalysis data (Muñoz-Sabater et al., 2021)

to a resolution suitable for LES. The smallest WRF domain provides atmospheric initial

conditions and forcing representative for the modeled day. Below the WRF domains,

two LES nesting levels exist using PALM 23.04rc (P1-4) (Maronga et al., 2020). P1

(ROTH) and P3 (TUCC) are the parent domains to the nested domains P2 (ROTH)

and P4 (TUCC). We will shortly introduce both modelsand discuss the details of the

configuration.

To drive the PALM model simulations, the mesoscale WRF model version 4.1.4 (Powers

et al., 2017) was employed to generate the meteorological boundary conditions. The

ECMWF operational reanalysis drives the largest WRF domain (W1) with a grid spacing

of 15 km. The reanalysis is at a 0.25-degree spatial resolution and is provided at the start

and every 6 h at the model boundaries. Within the parent domain, we have 2 nested

domains (W2/W3) with a resolution of 3 and 1 km respectively. The domains contain

100x100, 101x101, and 103x103 grid cells. All domains use 61 vertical model levels, and

a time step of 90 sec in the outer domain. The model runs for 30 hours starting on 28

June 2019 at 8:00 local time. The physical parameterizations that have been employed are
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Figure 6.1: WRF and PALM model configuration with the a) the WRF domains, b) the

PALM domains, c) the ROTH PALM child domain with example footprints, d) the ROTH

PALM child domain zoomed around the EC tower, e) the TUCC PALM child domain, and f)

the TUCC PALM child domain zoomed around the EC tower showing the 40-m and 200-m

grids of virtual ECs. Half of the virtual EC towers in the smaller grid are omitted for clarity.
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WSM3 for the microphysics, the Grell-Freitas ensemble scheme for the deep convection

(only outer domain), RRTMG radiation scheme for long- and shortwave radiation, and the

MYNN boundary-layer and surface-layers schemes, and the NOAH land surface scheme.

Output was stored every 30 minutes.

For the LES domains, we use PALM 23.04rc including PALM-4U components making

it suitable for the urban environment (Maronga et al., 2015; Maronga et al., 2020).

PALM is designed to run on highly parallel computers like the cluster used for this

study, Snellius, the Dutch national supercomputer. The PALM model is based on the

non-hydrostatic, incompressible Boussinesq equations with prognostic equations for the

three wind components, the potential temperature, total water content, the subgrid-scale

kinetic energy, and a scalar. Subgrid scale turbulence is parameterized with a 1.5-order

Deardorff (1980) turbulence closure model. Small subgrid structures (e.g. chimneys,

balconies, edges) are represented with a roughness length of 0.05 m (Letzel et al., 2012).

The Cartesian topography in PALM enables explicitly resolving solid obstacles such as

buildings and orography. PALM includes an array of modules. In our configuration, the

following schemes are active the radiation model, land surface model, urban surface model,

plant canopy model, and offline and self-nesting. The offline nesting allows WRF to force

PALM, while the self-nesting supports multiple PALM domains to be linked.

From the smallest WRF domain, W3, one PALM dynamic driver is created using the

WRF4PALM Python packag for each site (Lin et al., 2021). The dynamic driver is

only connected to the PALM parent domain, while the PALM child domain is one-way

connected to the parent domain. The PALM parent domains (P1/3) have a horizontal

resolution of 16 m and the child domains of 2 m. For each site, two PALM static drivers

are created according to the methodology described by Heldens et al. (2020), as the parent

and child PALM domain have their own static drivers. The PALM child domains are

1152x1152x576 m with a 2-m resolution and are extended towards the wind origin rather

than centered around the EC system. Therefore, the EC systems are located at 800,576 m

capturing more of the footprint and minimizing effects from the domain edge. The child

domains are centered within the parent domains that are 6614x6614x3072 m with a 16-m

resolution. In the z-direction, the grid cells are stretched by a factor of 1.05 after 640 m to

a maximum of 32 m. The PALM simulations last from 8:00 until 18:00 local time with the

first hour omitted from the analysis to account for the spin-up effects.

Within both PALM child domains, wind speed and specific humidity are output at high

frequency in two grids around the EC systems, a larger 200-m and a smaller 40-m grid

(Figure 6.1d/f). The first grid has a virtual EC every twenty meters in a square of two

hundred meters totaling 441 virtual towers. The second grid has a tower every two meters

in a square of forty meters also totaling 441 virtual towers. The output frequency coincides

with the variable timestep in PALM, which is typically 0.20 s for ROTH and 0.19 s for
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TUCC. QE can be calculated from this high-frequency LES output according to:

QE = ρaLvw′q′ (6.1)

where ρa is the air density, Lv the latent heat of vaporization (2.5 ·106 J kg−1). The primes

indicate the deviation from the temporal mean calculated per 30 minutes in this study.

This follows the same principle as EC observations. Like the virtual ECs from the LES, the

EC observations are processed at 30-min resolution and are quality controlled according

to the literature (Foken et al., 2004). Our results are less sensitive to the turbulence

realization due to the spatial extent of the grid and the number of virtual ECs allowing us

to focus on the footprints.

The grids are used to study the effect of the sensor placement on the QE observations.

The inter-grid differences are leveraged to show how the measured QE varies with distance.

Each virtual EC will have a slightly different footprint depending on its location. From a

certain distance separating two virtual ECs, the variation in QE will no longer increase

and the observations become independent. A variogram describes the variation with the

semivariance against the distance between the observations. The range is the distance after

which the semivariance no longer increases and two observations contain no information

about each other. To find the range we fit a spherical variogram (Oliver, 2009) through

the semivariances found in the virtual EC grids. The range is estimated for every half

hour. When EC sensors are placed further apart than this distance, their observations

would be independent.

6.3 Results

Only the variation in the EC footprint causes observed ET to vary 50 W m−2 within the

day of the case study (Figure 6.2a). Surprisingly, the ET variation related to the footprint

does not increase when all footprints from 10:00 local time from a year or even a full year

are considered (Figure 6.2b/c). At both sites, the sensitivity follows a similar distribution

regardless of how many footprints are considered. Therefore, our case study may capture

most of the footprint influence on ET despite lasting only a single day

Before analyzing the PALM simulation, we compare the observations and model results

from WRF and PALM at the ROTH 40-m EC system (Figure 6.3). Differences between

PALM and the observations appear to be driven by the WRF forcing (Figure 6.3a/b).

The air temperature in the PALM and WRF results is nearly identical and is around 3 ◦C

lower than the observations during the analysis period (Figure 6.3a). The 40-m wind speed

is higher than the observations by on average 1.3 m s−1 in WRF and 1.6 m s−1 in PALM

(Figure 6.3b). The average wind speed in PALM is higher than in WRF as the wind speed

does not drop in the afternoon in PALM. By staying high PALM follows a similar pattern

as the observations with a positive bias. The tendency of the wind direction is the same in
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Figure 6.2: Sensitivity of ET to the changing footprint estimated by taking the varying

surface cover fractions in the analytically estimated footprint (Kljun et al., 2015) while keeping

the ET flux per surface cover constant. For this calculation, the ET fluxes per surface cover are

used derived by (Jongen et al., 2024b) for 10:00 local time on 29 June 2019. The considered

footprints include all footprints during a) 29 June 2019, b) 10:00 local time every day of 2019,

and c) every half-hour in 2019.

the models as in the observations with different fluctuations around the tendency (Figure

6.3c). The results at TUCC are comparable to those at ROTH (Figure A.6.1).

The comparison of QE reveals the effect of the coarser resolution of W3 compared to P2

and P4 when the validation at ROTH (Figure 6.3d) is compared with TUCC (Figure

A.6.1d). On the one hand, the WRF results show an almost ideal daily cycle at ROTH

and a constant zero at TUCC, as WRF represents the EC footprint with one grid cell with

one surface cover. On the other hand, QE is much more dynamic in the PALM results, as

the changing footprint is captured by resolving the turbulent motions with grid cells of 2

m.

To assess the modeled turbulence characteristics, we concentrate on a 30-minute period and

compare the high-frequency observations and model results (Figure 6.4). The instantaneous

values should not be compared, as the model output is only one realization of the chaotic

character of turbulence. The variation in vertical wind speed is similar in the observations

(σw = 0.67 m s−1) and PALM results ((σw = 0.99 m s−1), Figure 6.4a). The high-frequency
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Figure 6.3: Comparison of the observations (solid black line) with the WRF (W3, dotted

blue line) and PALM (P2, dashed red line) model results at the location of the 40-m ROTH

EC system for a) air temperature, b) wind speed, c) wind direction, and d) latent heat flux.

The shading indicates the analysis period, while the hatch indicates the PALM spinup.

signals depicted in Figures 6.4a and b look very similar, as the mean vertical wind speed

is 0.21 m s−1 for the observations and 0.04 m s−1 for PALM. More fluctuations are visible

in the observations given the higher temporal resolution of the observations (10 Hz) than

of the PALM output (on average 5 Hz).

The specific humidity in PALM is 3.7 g kg−1 higher than in the observations (Figure

6.4c). While the observations show a large negative deviation after 10:10 (Figure 6.4d),

the variation over the entire 30 minutes appears comparable (observations: σ = 0.14 g

kg−1, PALM: σ = 0.19 g kg−1). Looking at the product of the deviations, we see lower

and higher moisture exchange alternating in both observations and PALM resulting in a

QE of 64 W m−2 in the observations and 60 W m−2 in PALM (Figure 6.4e).

The QE dynamics per surface cover look alike at both sites but differ from the dynamics

derived from observations and conceptual models by Jongen et al. (2024b). PALM has

higher QE for low vegetation than the derived values and lower QE for high vegetation.

The PALM results are averaged for the entire modeled domain, while the observations

are performed and conceptual models are given parameter values at the research garden

at ROTH. The low vegetation at ROTH is often shaded, which may explain the lower

QE.
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Figure 6.4: Comparison of the observations (solid black line) with the PALM model results

(P2, dashed red line) at a high temporal resolution for a) vertical wind speed, b) vertical wind

speed deviations from the mean vertical wind speed, c) specific humidity, d) specific humidity

deviations from the mean specific humidity, and e) latent heat flux at the 40-m EC at ROTH.

The observations are at 10 Hz and the PALM output is on average at 5 Hz. The high-frequency

output from the EC system is not quality-controlled.
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Figure 6.5: Time series of the surface latent heat flux per surface cover in the ROTH

and TUCC PALM simulations (P2/4, dashed and dotted lines) with estimates derived from

observations and conceptual models (solid lines, from Jongen et al. (2024b)). The PALM values

are averaged over the entire simulated domain. Details on the observations are given in Jongen

et al. (2024b). The crosses indicate high-quality EC observations (flag 0, Foken et al., 2004).

Both model results from both PALM domains and the observations indicate no QE from

impervious surfaces, as the last precipitation was 9 days before the simulations. Open

water shows very different dynamics with negative fluxes in the PALM simulations. The

negative QE is likely the consequence of moisture condensation from warm air over colder

open water (by default 283 K in PALM). Even though this differs substantially from the

estimates from Jongen et al. (2024b), it hardly affects the results due to the minimal

presence of open water at both sites especially in the footprint given the easterly wind

direction.

Overall, QE is lower at the more impervious TUCC site than at the suburban ROTH site

(Figure 6.6a). The observations do not differ substantially between the 40-m and 30-m

EC systems at ROTH and the model results are also comparable. The modeled values

deviate from the observations, which is at least partly due to the difference in QE values

at the surface shown in Figure 6.5. The surface cover is modeled the same in the whole

PALM domain suggesting the footprint causes the virtual ECs to show a large variation in
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Figure 6.6: Time series of QE from the EC observations (crosses) and the virtual EC grids

in PALM (boxplots) for a) the 200-m grids at all three EC systems (ROTH: 40 m and 30 m;

TUCC: 56 m) and b) for the 200-m and 40-m grid at the 40-m ROTH EC during 29 June 2019.

The boxplots indicate the distribution of QE within the virtual EC grids.

QE. Yet, PALM produces mostly realistic QE values. Two moments stand out as PALM

produces unlikely QE values. At 12:00 and 12:30 local time, the modeled QE is unusually

low at TUCC. At 13:30, the QE distribution is wider than at the other times at both

the 40-m and 30-m levels at ROTH. A humidity budget analysis could not explain these

phenomena.

Virtual ECs simulate a narrower distribution of QE values when situated closer together

(Figure 6.6b). While both grids are centered around the EC system, the narrower distri-

bution from the 40-m grid is not necessarily closer to the observations than the 200-m

grid. From here onwards, the virtual ECs are compared with each other rather than with

observations to focus on the effect of the footprint instead of the differences in surface

QE.
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Figure 6.7: Spherical variograms of the QE from the 200-m virtual EC grids derived for every

30 minutes at a) ROTH and b) TUCC. The black lines are the spherical variograms fitter per

30-min period. The range of the spherical variograms is the distance beyond which the EC

observations become independent. Panel c shows the range distribution at both sites where

the width of the plot depicts the number of half hours with that range.

The virtual EC grid shows the variation in simulated QE increases until virtual ECs are

between 125 and 283 m apart (Figure 6.7). The variograms vary over time and are likely

dependent on the dominant eddy size that is being sampled. The range coincides with the

maximum distance in the grid (283 m, diagonal in 200-m grid) for half the time (10 and 8

of the 18 timesteps for ROTH and TUCC respectively). The remainder of the time the

range lays within the grid. Virtual ECs further apart contain no additional information

about each other compared to the mean. The footprint of the virtual EC is different

enough to become an independent observation.
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6.4 Discussion

Here, we have modeled footprints explicitly with an analytical model and implicitly with

LES 1) to assess the importance of the temporal and spatial footprint dynamics and 2)

to assess the capacity of LES to simulate the turbulent transport of water vapor. The

analytically modeled footprints show that observed QE is affected by the footprint variation

found in a day as in a year. Therefore, we recommend that footprints always be considered

when interpreting EC observations. With the implicit footprints, the LES is capable of

producing realistic QE values but fails to closely mimic the observations. The mismatch

starts at the surface boundary conditions and in the mesoscale model and propagates

through the nested domains. By comparing virtual ECs in a grid, the range over which

two EC systems would become independent is determined yielding values below 283 m

half of the time. Below, we discuss the PALM results in more detail.

The PALM results show LES is able to simulate realistic QE time series, but it is unable

to closely mimic observations. To a large extent, the lateral boundary conditions are

responsible for the mismatch between PALM and observations, as the PALM simulations

follow WRF closely. Moreover, the land surface model may not reflect the actual surface

QE introducing errors regardless of the footprint. Idealized simulations could address part

of these issues, but only when they are built heterogeneously and not with the typical

repeated arrays. The repeated arrays would not allow for capturing the influence of the

footprint, as the surface is homogenous and in that setting the EC method is insensitive

to the footprint.

While the temporal footprint dynamics are relevant for interpreting and analyzing existing

EC systems, the spatial variation in the footprints calls for rethinking sensor placements.

Footprint descriptions are irrelevant for data interpretation when they merely use the

average footprint climatology or even the surroundings within 1 km. Our results show that

shifting an EC system 283 m creates independent observations for half the time, while the

average surroundings would not change as much. Additionally, the similarity between the

40-m and 30-m EC systems at ROTH suggests standalone towers may not require to be as

high as is currently assumed. LES may be suitable to test the required height and ideal

location of an EC tower.

Our study shows that QE observations highly depend on the EC footprint. However, the

quantification of the dependence is site- and even event-specific. The consistency of the

temporal sensitivity between the sites seems to suggest that footprints in urban areas are

as important over a day as over a year even during days with relatively constant conditions.

The site-specificness lies mainly in spatial sensitivity and stems from the configuration of

the urban fabric. This is apparent in the comparison between the ROTH and TUCC sites,

where TUCC has lower ranges in the variogram than ROTH. Their sensitivities to the
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temporal and spatial variation in the footprint stress the necessity of interpreting the QE

observations considering the footprint.

In our LES results, the footprint is implicitly modeled by simulating the turbulent transport

between the surface and the virtual EC sensors. Yet, this footprint is not explicitly present

in the output. For this reason, we could not test whether the model domains captured

most of the footprint, as predicted based on the analytical footprints. Moreover, the

meteorological conditions differed between the observations used for the analytically

estimated footprint and the PALM model results determining the implicit footprint.

The implicitness of the footprints prevents a comparison of analytical and LES-derived

footprints. An explicit LES-derived footprint analysis could provide insight into the

temporal dynamics. In the future, the method developed by Auvinen et al. (2017) may be

further developed to allow this. To evade the high computational demand of this method,

new algorithms would have to be developed circumventing the need for forward Lagrangian

modeling. These methods exist but currently can only work on small grids, as all complete

flow fields need to be saved. Yet, they show backward and forward Langragrian yields the

same results (Cai and Leclerc, 2007). Efforts to reconstruct neighborhood scale fluxes like

by Salmond et al. (2012) may also benefit from LES-derived footprints minimizing the

uncertainty in the footprint.

6.5 Conclusion

This study highlights the critical role of considering footprint variability when analyzing

eddy-covariance observations of the latent heat flux (QE) in urban environments. While

analytical footprint models are computationally efficient, they do not capture the complexity

of urban flow fields. For a case study of two sites in Berlin, we show that Large-Eddy

Simulations (LES) can capture these complex urban footprints for a case study, but

struggle to capture exact QE values from real scenarios and currently do not explicitly

output the footprints. The results demonstrate that QE observations are sensitive to the

dynamic footprints that change in response to the meteorological conditions. Surprisingly,

QE observations are affected as much by the footprint variation in a day as in a year.

Moreover, LES model results show that EC flux observations EC observations become

decorrelated within 283 meters indicating how specific the observations are to the sensor

location rather than the neighborhood. These findings emphasize the need for a careful

approach when interpreting EC data in heterogeneous urban areas. Incorporating the

time-dependent footprint in EC analyses may lead to a better understanding of QE. When

QE is better understood, water requirements of neighborhoods can be estimated better

including the effects of planned changes. Ultimately these estimates facilitate more efficient

urban water resources management.
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7.1 Introduction

The preceding chapters aim to unravel the influence of the water balance on the urban

energy balance and indirectly the urban climate. Now is the time to draw up the balance

sheet. This thesis’ aim is founded on the idea that the energy and water balances are

irrefutably linked through a shared flux. While it is the same flux, it can be called QE, ET,

or evaporation. The physical link between the balances is undeniable, but its effects prove

to be disguised and difficult to indicate. To lift the veil, seven research questions have

been formulated around three topics: urban water storage, the water balance in ULSMs,

and the link between surface cover and ET.

In the preceding chapters, these topics are addressed by combining observations and models

on scales between the patch and neighborhood levels (Figure 7.1). First, Chapter 2 assesses

the water storage simultaneously quantifying the limited water storage capacity and the

recession rate of ET after rainfall for 14 cities. In Chapter 3, the water balance is evaluated

in 19 ULSMs from the Urban-PLUMBER project at 20 urban sites without observations.

This evaluation demonstrates the potential for ULSM improvement, especially regarding

water closure and surface runoff. Building on this evaluation, Chapter 4 focuses on the

surface runoff in the same ULSMs showing that all three runoff mechanisms should be

included: infiltration, saturation, and interception runoff. Switching from multiple cities to

one, the following two chapters study the link between the surface and ET in Berlin. Where

Chapter 5 unlocks the link between patch- and neighborhood-scale in both directions using

EC footprints as the key, Chapter 6 explores the opportunities to refine our knowledge of

the temporal and spatial variability in these footprints with large-eddy simulations.

This final chapter aims to bring these chapters together beginning with a discussion of

their main findings, in which the research questions introduced in the first chapter are

answered. This discussion is followed by a reflection on three broader themes overarching

the preceding chapters. The first theme returning in all chapters is the challenge of

studying the urban environment. I describe the factors contributing to this challenge and

illustrate these with a case study. The second theme is urban climate modeling including

but also beyond land surface modeling. Here, I reflect on the current state of urban

modeling and how this could develop in the future. The third theme is the connection

between water and thermal comfort. In all preceding chapters, this connection has been

made through cooling by ET, but now the stage is given to other pathways that link water

and thermal comfort. After these themes, I present how these findings and urban climate

research, in general, could be employed towards application and what is needed to make

fundamental knowledge applicable.



7.1 Introduction 129

# 
Ti

tl
e:

 H
um

an
Er

ro
rC

or
re

ct
or

""
"C

or
re

ct
s 

th
e 

hu
ma

n 
er

ro
rs

 k
no

wn
 t

o 
be

 i
n 

th
e 

Ur
ba

n-
PL

UM
BE

R 
mo

de
l 

re
su

lt
s"

""

de
f 

Hu
ma

nE
rr

or
Co

rr
ec

to
r(

Mo
d,

 S
oi

lL
ay

er
s)

: 
  

  
  

#t
im

e 
er

ro
rs

  
  

if
 M

od
.m

od
el

==
'x

xx
':

  
  

  
  

Mo
d[

't
im

e'
] 

= 
Mo

d.
ti

me
.d

t.
ro

un
d(

fr
eq

='
30

T'
)

  
  

#s
no

w 
er

ro
rs

  
  

if
 M

od
.m

od
el

==
'x

xx
':

  
  

  
  

Mo
d[

'S
no

wf
']

=x
r.

fu
ll

_l
ik

e(
Mo

d.
Sn

ow
f,

 f
il

l_
va

lu
e=

0)
  

  
  

  
#i

rr
ig

at
io

n 
er

ro
rs

  
  

if
 M

od
.m

od
el

==
'x

xx
':

  
  

  
  

ma
sk

 =
 (

Mo
d[

'Q
ir

ri
g'

]<
=M

od
['

Qs
b'

])
&(

Mo
d[

'Q
ir

ri
g'

]!
=0

)
  

  
  

  
Mo

d[
'Q

sb
']

 =
xr

.w
he

re
(m

as
k,

 M
od

['
Qs

b'
]-

Mo
d[

'Q
ir

ri
g'

],
 M

od
['

Qs
b'

])
  

  
  

  
Mo

d[
'Q

ir
ri

g'
] 

=x
r.

wh
er

e(
ma

sk
, 

0,
 M

od
['

Qi
rr

ig
']

)
  

  
  

  
ma

sk
 =

 (
Mo

d[
'Q

sb
']

<=
Mo

d[
'Q

ir
ri

g'
])

&(
Mo

d[
'Q

sb
']

!=
0)

  
  

  
  

Mo
d[

'Q
ir

ri
g'

] 
=x

r.
wh

er
e(

ma
sk

, 
Mo

d[
'Q

ir
ri

g'
]-

Mo
d[

'Q
sb

']
, 

Mo
d[

'Q
ir

ri
g'

])
  

  
  

  
Mo

d[
'Q

sb
']

 =
xr

.w
he

re
(m

as
k,

 0
, 

Mo
d[

'Q
sb

']
)

  
  

  
  

  
  

#l
at

en
t 

he
at

 e
rr

or
s

  
  

if
 M

od
.m

od
el

 i
n 

['
xx

x'
, 

'x
xx

']
:

  
  

  
  

L 
= 

Ca
lc

ul
at

eL
at

en
tH

ea
t(

Mo
d)

  
  

  
  

Mo
d[

'Q
le

']
=M

od
['

Ev
ap

']
*L

*1
00

0
  

  
if

 (
Mo

d.
mo

de
l=

='
xx

x'
):

  
  

  
  

if
(M

od
.s

it
e=

='
AU

-P
re

st
on

')
:

  
  

  
  

  
  

Mo
d[

'Q
le

']
.l

oc
['

20
03

-0
8-

24
 3

:0
0'

:'
20

03
-0

8-
24

 7
:0

0'
] 

= 
0

  
  

  
  

U
rb

an
 w

at
er

 s
to

ra
ge

 c
ap

ac
ity

 
is

 s
m

al
l a

nd
 d

ep
le

te
s 

qu
ic

kl
y 

(C
h.

 2
). 

Su
rf

ac
e 

co
ve

r c
om

po
si

tio
n 

of
 E

C 
fo

ot
pr

in
ts

 
is

 h
ig

hl
y 

va
ria

bl
e 

in
 s

pa
ce

 a
nd

 ti
m

e 
(C

h.
 6

).

U
rb

an
 la

nd
 s

ur
fa

ce
 m

od
el

s 
in

co
m

pl
et

el
y 

re
pr

es
en

t t
he

 w
at

er
 b

al
an

ce
 (C

h.
 3

). 

U
rb

an
 la

nd
 s

ur
fa

ce
 m

od
el

s 
un

de
re

st
im

at
e 

su
rf

ac
e 

ru
no

� 
(C

h.
 4

).

EC
 fo

ot
pr

in
ts

 li
nk

 E
T 

ob
se

rv
at

io
ns

to
 th

e 
su

rf
ac

e 
co

ve
r (

Ch
. 5

).

F
ig
u
re

7
.1
:
G
ra
p
h
ic
al

ab
st
ra
ct

su
m
m
ar
iz
in
g
th
e
m
ai
n
fi
n
d
in
gs

of
th
is

th
es
is
.

7



130 Synthesis

7.2 Main findings

7.2.1 Water limitation

The first main research question addresses the limited knowledge about urban water

storage. The urban water balance shows precipitation or irrigation can instantaneously

support ET. At times without precipitation or irrigation, water storage enables ET thereby

ensuring ET’s cooling function in dry periods. Despite the importance of water storage to

endure these dry periods, its capacity had not been quantified in urban areas. The first

logical question is thus: What is the urban water storage capacity? Only the capacity does

not reveal how long ET can be sustained leading to the question How quickly does the

storage empty through evaporation?

Chapter 2 answers these questions by analyzing the ET recession during dry periods

shortly after rainfall at 14 urban sites worldwide. The water storage capacities available

for ET were found to be between 1.3 and 28.4 mm being mostly lower than 13.4 mm.

Seasonally, this water storage capacity changes with higher values during summer plausibly

due to higher vegetation activity. The water storages empty quickly reaching 37% of the

initial ET between 1.8 to 20.1 days, but in most cases within 10.4 days.

All 14 urban sites had less water storage capacity and shorter timescales of ET recession

than natural areas. Yet, values vary substantially between sites with medians from

2.8 to 13.4 mm. No relation is found between the water storage capacity and the site

characteristics related to both the urban form and the meteorological conditions. Chapter

2 describes two reasons for the missing relations. First, seasonal dependency may disguise

the relations with site characteristics. Second, even though the gathered urban flux dataset

is unique in the number of sites and observed years, urban areas vary so widely that 14

sites are insufficient to unravel the role of separate site characteristics. One additional

reason arises from Chapter 5, but I will build some suspense and reveal this in Section 7.2.3

where the story revolves around the connection between the surface and the fluxes.

The low water storage capacity and quick ET decline showcase urban areas as water-limited

environments. While intercity differences remain unexplained in Chapter 2, the results in

Chapter 5 imply surface cover is relevant. The ET dynamics and related water storage

are studied by attributing ET to four common surface cover types in urban areas. After

rainfall, ET declines at a different pace for each surface cover type. A rapid decline is

seen for impervious surfaces implying a low water storage capacity, which can explain why

urban areas have lower water storage capacities than natural areas. Vegetation shows

slower recession, where faster recession is seen for high than low vegetation. The rapid ET

decline from impervious surfaces demonstrates water limitation is related to urbanization,

as impervious surfaces are a signature trait of urban areas.
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7.2.2 Water balance in urban land surface models

Urban areas expand and numerical weather and climate models reach finer grid spacing.

Together these developments increase the need to include the interaction between the

urban surface and the overlying atmosphere in modeling. ULSMs fulfill this need. In

the meantime, their evaluation has traditionally focused on the energy balance, which

contains the main target variables of these models. The directly linked water balance

has not been evaluated, leaving the question: How well does the water balance perform

in current ULSMs? Here, I will focus on ULSMs used standalone, i.e. offline, as in the

previous chapters. The implications for online runs will be discussed in Section 7.3.2 from

a broader (urban) climate modeling perspective.

Chapter 5 reveals the water balance has serious shortcomings in nearly all ULSMs. The

water balance was found unclosed in over half of the examined model runs. The non-closure

can be explained in multiple models by internal consistency between the modeled water

storage and the water fluxes. Other models disregard snow, have numerically unstable thin

soil layers, miss a water availability feedback between runoff and ET, or include infinite soil

moisture sources or sinks. Apart from closure, models struggle to capture the magnitude

and timing of ET. This is in line with previous studies, as ET is part of the energy balance

and has been shown to be the most difficult energy flux in previous evaluations. These

evaluations did not consider runoff, but this thesis shows ULSMs capture the magnitude

and timing of runoff less well than those of ET.

While no ULSM passes all checks of a good water balance, some include a more complete

and accurate water balance than others. As ULSMs are built with mainly the energy

balance in mind, this provides the ideal opportunity to answer the question: What are

the effects of the water balance representation on the model performance for the surface

energy balance? Surprisingly, a better water balance could not be shown to improve the

performance in the energy balance and even the shared latent heat flux. However, the

absence of evidence is not evidence of absence. The start of this thesis introduces the

three drivers of ET, of which water is only one. Models also (mis)represent the other two

drivers, energy and transport. For example, airflow parameterizations struggle to capture

the heterogeneity in building geometry (Li et al., 2020; Lu et al., 2024). When a poor

airflow representation yields flawed estimations for the ET driver transport, a good water

balance will not save the model’s performance. This illustrates the challenge of isolating

the effect of one model component.

While model evaluation may teach us how well models perform, a logical next step is to

aim to increase this performance. Hence, I posed the next question in the introduction:

How can the water balance representation be improved? While current ULSMs show

clear deficiencies in the water balance, the identified non-closure problems can be fixed.

For runoff, the evaluation yields no direct potential pathways for model improvements.

Therefore, Chapter 4 zooms further into the runoff parameterizations to expose the causes

7
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of the poor runoff performance. Three runoff generation processes are crucial to accurately

simulate urban runoff: infiltration, saturation, and interception excess. While the first

two are well known, the last is specific to urban areas and describes the excess of the

small storage of impervious surfaces. These surfaces cannot saturate and allow very

minimal infiltration. Their small storage capacity plays a role in the low water storage

capacities found in Chapter 2 and is indicated by the quick ET recession in Chapter 5.

Current ULSMs frequently miss one or more runoff generation processes leading to an

underestimation of surface runoff. The inclusion of these processes in new model versions

will likely lead to improved model results.

The water balance evaluation exposed shortcomings in ULSMs described above that may

explain some results from Chapter 6. In this chapter, a land surface model provides the

surface ET as boundary conditions to the LES. The modeled ET deviates from the ET

derived from small-scale observations and conceptual models in Chapter 5. The land

surface model in the LES is based on HTESSEL, a predecessor of CHTESSEL (Balsamo

et al., 2009). The latter is part of the water balance model evaluation discussed above and

thus the shortcomings found in the water balance evaluation may affect its performance.

This land surface model is now developed independently from the original ULSM as part

of the LES. Therefore, awareness of the water balance issues in ULSMs would be beneficial

for the wider modeling community.

7.2.3 Surface cover, evapotranspiration, and eddy-covariance footprints

Understanding the effect of the surface on ET is critical for urban water management.

In urban settings, the neighborhood ET is a composite flux from the heterogeneous

surface. Where ULSMs simulate the surface-atmosphere interaction with a constant

surface composition, the surface influencing the observations is dynamic for EC observations.

Accounting for the changing surface compositions in the footprint is essential to interpret

the ET observations and link them to the surface, which leads to the question: How can

the heterogeneous surface be linked to neighborhood ET?

In Chapter 5, this link is made in two directions. One starts at the surface using observations

and conceptual models for each surface cover type to reconstruct the neighborhood ET

(bottom-up). The other begins with the observed neighborhood ET using a linear system

of equations to decompose these observations into the contributions from different surface

cover types (top-down). Both methods find the same relative differences between the

surface cover fraction in the footprint and ET contribution. ET contribution is relatively

low for impervious surfaces and relatively high for vegetation and open water compared

to its footprint fraction. The patch-scale observations and models from the bottom-up

method results also unveil the temporal dynamics of ET separated by surface cover type,

where the contrasting drydowns show the role of water. Earlier I discussed the implications

of these results for the water storage capacity.
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For both methods, analytically modeled EC footprints are the key to connecting the

patch to the neighborhood scale by providing the surface cover composition for each

moment. The analytical footprint model reveals the surface cover composition is far from

constant. A striking example is the impervious surface covering between 25 and 85% of

the footprint at one of the Berlin sites. While the values are only valid for this specific

spatial configuration, the site is not an extreme example of urban heterogeneity. Chapter

6 reiterates the temporal volatility of ET observations by showing they are as sensitive to

footprint changes within a day as those within a year.

The high temporal variability of the footprint composition results from the spatial surface

heterogeneity. This temporal variation is found with an EC system installed in one

place. As the variation relates to the surface configuration, this gives rise to the last

question raised in the introduction: To what extent are EC observations sensitive to sensor

placement in an urban setting? The LES in Chapter 6 mimic EC observations successfully.

Therefore, the LES can be used to substitute observations and a dense virtual EC network

is installed that would be impossible in the real world. This network demonstrates that

EC systems placed 280 m apart provide independent observations for half the time at the

studied Berlin sites. An EC system can thus not reliably represent a certain neighborhood

as summarized in local climate zones.

By now, I have not answered the question left unanswered earlier. Why could I not explain

the variation in water storage capacities across the sites in Chapter 2? Two options were

given before, but one last option remains. This option may have been clear after reading

Chapters 5 and 6, but there is no escape after this section. As the changing footprint is not

considered in the surface descriptions in Chapter 2, the footprint dynamics may explain why

the storage differences cannot be explained. Unfortunately, estimating footprint-weighted

surface descriptions is not always possible. Even the relatively simple analytical footprint

models require meteorological variables that are not readily available everywhere like the

boundary-layer and roughness height. Moreover, detailed surface cover classification maps

are needed to translate the footprint into surface cover contributions.

All of the above supports the statement that considering the EC footprints is crucial for

improving our ET understanding. The high temporal and spatial variability shows that

the surface represented by EC observations is specific to the exact moment and location.

Their variability makes it important to consider the footprints, especially combined with

the surface cover types’ contrasting ET dynamics.

7
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7.3 Perspectives and future directions

7.3.1 The urban challenge

While the same physical laws apply to urban areas as to any other area, concepts and

models cannot always be directly transferred. Hence, urban versions of land surface models

exist to capture the unique urban features. These features set urban areas apart and

force us to reconsider our understanding of the surface-atmosphere interaction. These

features are the heterogeneity within the city and the presence of human activity (Figure

7.2). On top of that, the diversity among cities hampers knowledge transfer between cities.

Together they create the urban challenge.

Heterogeneity

Urban heterogeneity sparks an interwoven network of interactions. All these interactions

create variations and complicate performing representative observations. Consequently,

urban measurements cannot possibly fulfill WMO standards (WMO, 2023), and no official

observation stations are situated in cities. Related to this is the bias of (flux) observation

availability towards natural systems (Jansen et al., 2023). As stressed previously in this

thesis, footprints are essential to get the most out of the rare EC flux observations of the

heterogeneous urban mosaic. Their dynamics and impact on the observations provide

insight into the influence of urban heterogeneity.

While footprint dynamics reveal the effect of heterogeneity, their changes prevent the full

water balance from being observed for the same area. Essentially, the footprint shifts

the boundaries of the observed “catchment”. For what catchment ET is observed, thus

changes through time. At the same time, runoff has a different catchment altogether.

This is not determined by the EC sensor placement and the meteorological conditions

but rather by the topography and human interventions. These interventions may be

canals, water pumps, or flow obstructions. Further below, the human contribution to the

urban challenge will be discussed later more completely. In addition to these changing

and non-matching catchments, the drinking water supply ignores natural water divides as

water is imported from other catchments to fulfill the water demand (Deines et al., 2016).

In conclusion, observing the urban water balance is an elusive undertaking in real urban

areas.

Scale models may allow a more comprehensive observation set of the water balance. They

have been applied extensively to study atmospheric aerodynamics and thermodynamics

(Kanda, 2009; Lirola et al., 2017; Zhao et al., 2023). A recent study shows the tree effect on

thermal comfort with significant heat stress reduction during the day (Demotes-Mainard

et al., 2022). While the trees were irrigated, the water fluxes were not observed. However,

the study shows the potential of scale models to observe the urban water balance.
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Figure 7.2: A bird’s eye view of two cities illustrates the urban challenge depicting the

heterogeneity within and differences between urban areas. Moreover, every bit of the surface

has been changed by humans. The upper panel shows New York City, the United States of

America, and the lower Berat, Albania. Pictures taken by the author.
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As the failure to adhere to WMO standards suggests, the perfect representative site does

not exist in the city. Yet, the consequence does not have to be that no observations are

performed. Rather than pursuing this fairy tale site, good metadata helps to interpret

and benefit from data from available sites. Metadata protocols have been established to

improve the metadata quality (Muller et al., 2013) and should be adopted by existing and

new urban observation networks.

While standardized metadata helps to interpret the existing observations, it does not

overcome the observations’ limited representativity. Observations from more sites are

required to capture the heterogeneity within cities. Logistics often limit the availability of

potential sites. Mobile, remotely sensed, and crowd-sourced observations are three ways

to circumvent the logistical limitations. Mobile observations are installed on a vehicle

and may cover entire neighborhoods or cities. Different vehicles may be used such as

cars (Belušić et al., 2014) or (cargo) bikes (Heusinkveld et al., 2010). Remotely sensed

observations can cover larger areas using platforms such as drones (Feng et al., 2022) or

satellites (Logan et al., 2020) for the sensors.

Crowd-sourcing can harvest observations from a variety of data sources. The data source

most closely resembling standard meteorological observations is personal weather stations

already installed by citizens. Personal weather stations can provide meteorological variables

like air temperature (Meier et al., 2017), precipitation (De Vos et al., 2017), and wind

(Droste et al., 2020). Other opportunistic data sources combine mobile and crowd-sourced

observations and can help increase the observation density. Examples are the cellphones

(Song et al., 2021) and cars (Marquès et al., 2022). Crowd-sourced observations are

typically concentrated in cities because of the presence of people.

Human activity

While people enable crowd-sourcing, the same people also affect the urban climate. Two

clear examples are the fluxes introduced in the energy and water balance. In the energy

balance, its name reveals the culprit of the anthropogenic heat flux. The flux has many

sources all releasing heat while using energy. These sources are related to among others

building heating and transportation. Heating sources are more prevalent in winter. Trans-

port sources are non-stationary and peak during rush hours. In short, the anthropogenic

heat flux is spatially and temporally variable. Direct observations are challenging, but the

flux can be estimated top-down from energy use at large scales (neighborhood and larger),

bottom-up from estimating each source, and as the energy balance residual (Sailor et al.,

2015). The first cannot capture spatial details and the last requires long time series to

validate the assumption that heat storage can be neglected. The multitude of and diversity

in sources contribute to the urban challenge.

In the water balance, humans introduce the anthropogenic moisture flux. While the flux is

commonly called irrigation, moisture is also released during combustion and metabolism.
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Except for irrigation, the sources coincide with those of the anthropogenic heat flux with

the same temporal and spatial patterns. Yet, the moisture flux expressed in W m−2 is

smaller than its sensible heat counterpart (Narumi et al., 2009; Demirel, 2012). It has also

been studied less extensively. As such, the moisture flux is not part of global inventories

of the anthropogenic heat flux (Jin et al., 2019). While this part of the anthropogenic

moisture flux may be small, irrigation may contribute as much as precipitation depending

on background climate and water availability (Grimmond and Oke, 1986). Urban irrigation

occurs mainly at the microscale limiting insight into this flux to estimations (Grimmond and

Oke, 1986; Mitchell et al., 2001; Zeisl et al., 2018; Kokkonen et al., 2018). Irrigation adds

to the intricacies of urban climate due to a combination of uncertainty and a potentially

significant contribution to the water balance.

These “new” fluxes do not adhere to the same rules as the other fluxes, because they

are driven by human behavior instead of physics. As was mentioned earlier, human

intervention allows water to be imported artificially and the same is true for energy. For

example, water is imported as drinking water transported from another catchment and

used for garden irrigation. For energy, an example is fossil fuel transported to the city and

combusted there releasing heat into the atmosphere.

Next to the newly introduced fluxes, people change the surface affecting the existing fluxes.

On the scale of kilometers, urbanization transforms vast areas drastically. Such surface

cover change will change the drivers and dynamics of the turbulent heat fluxes (Jansen

et al., 2023). On a much smaller scale, people continuously change their surroundings.

Examples are a tree planted in a garden or solar panels installed on the roof. While these

changes may not noticeably change local scale fluxes, they may alter the microclimate of

their direct surroundings further adding to the complexity of the urban climate.

Diversity

Urban areas vary within one city (heterogeneity), but they also vary among each other in

many ways. Lipson et al. (2022b) show urbanization leads to impervious cover from nearly

none to nearly complete. In their dataset, cities are spread over different climates with

varying mean air temperatures and precipitation. Yet, more observations are available

at the Northern Hemisphere temperate or continental locations than for other regions

and climates (Grimmond, 2006a; Lipson et al., 2022b). Impervious fraction, background

temperature, and precipitation are just three factors that can differ between cities.

Many more city characteristics than the impervious fraction change how cities affect

their climate. In their metadata protocol, (Muller et al., 2013) describe the minimum

metadata needed to describe urban measuring networks properly. This list outlines more

characteristics relevant to urban climate including but not limited to the geographic

setting, the geometry of surrounding buildings, and vegetation characteristics. Additional

differences are found in building materials with different albedo, heat capacity, and heat
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conductance. Many building materials are used around the world and which one is common

in a particular city is often subject to local availability (Varghese, 2015). Additionally,

culture and history create a city’s unique identity and affect its architecture (Graham,

2012). All these variations play into the mix of interactions in cities that are heterogeneous

within themselves. Hence, equations, concepts, and rules of thumb cannot be transferred

to cities globally without considering these variations.

To capture the full diversity of cities, the field of urban climate has to pursue sites in the

undersampled spectrum of all characteristics. These studies should include observations

considering the challenges and opportunities described above and models.

Facing the challenge

To illustrate the challenge, I will describe an attempt to close the water balance in the

city center of Amsterdam, the Netherlands. Despite the high data availability in the

Netherlands, no comprehensive dataset exists that contains all the fluxes in the water

balance. So, each one has to be examined on its own, starting with the input fluxes:

precipitation and irrigation. For precipitation, the high data availability proves true, as

multiple rain gauges are operated in the vicinity of Amsterdam. The spatial variability can

even be examined in detail with radar observations. However, observation standards mean

no rain gauges are operated within the city boundaries of Amsterdam itself. Irrigation is

not directly observed, but piped water input can give an indication. As far as this human

water input is measured, water use data are owned by commercial parties. Moreover,

sharing this data raises privacy concerns. As in many cases, data is only retrievable when

aggregated. In the case of Amsterdam, monthly data is available at the municipality scale.

When examining the output fluxes, more and more the urban challenge presents itself.

Amsterdam is equipped with an eddy-covariance system, but its dynamic footprint in the

heterogeneous city center creates a spatial mismatch with the other datasets. Runoff to and

through the canals is not observed but may be estimated with model simulations. Again,

this represents another spatial extent. Sewage is equivalent to a black hole swallowing

water without a tally. Water is stored in the groundwater and the canals. Water levels

are recorded for both. While the open water levels can be interpolated easily, the urban

heterogeneity and especially manmade obstacles make the groundwater level an irregular

and discontinuous plane.

As the patchwork of datasets makes clear, this attempt to close the water balance is faced

with the heterogeneity and human activity part of the challenge. Our focus on one city

has spared this attempt from the diversity among cities. Still, most acquired datasets

are unique to Amsterdam or otherwise the Netherlands and the approach would have to

be adapted before it can be applied in another city. Yet, the water balance puzzle can

be put together opportunistically taking advantage of the available datasets. However,

the urban challenge makes our puzzle miss pieces while others are faded. These missing
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and faded pieces muddle the final balance of this endeavor. As a result, over 70% of the

precipitation and irrigation neither leaves nor is stored in the city center according to the

available observations of runoff, ET, and water storage (Van Hal, 2023).

7.3.2 Urban climate modeling

Computational resources continue to grow, paving the way for new possibilities in modeling.

A possibility particularly interesting for urban areas is increasing the spatial resolution. At

a higher resolution, models capture more of the heterogeneity and processes. However, the

costs of these computational resources warrant they are deployed purposefully. Operational

numerical weather prediction is moving towards hectometer scales. During the 2024

Olympics in Paris, for instance, multiple institutes ran numerical weather prediction

models at 100-m resolution in a temporary operational test setting (WMO, 2024). While

possible in test and research settings (e.g. Ronda et al., 2017; Belair et al., 2018; Lean et al.,

2019), models will have to be further developed to reach the sub-kilometer/hectometer

scale operationally (Lean et al., 2024). After summarizing the benefits and unanswered

questions of this sub-kilometer scale, I put this in the context of LES and climate models.

The last part of this section focuses on the (development of) ULSMs lying below all these

models and general model evaluation insights.

Increasing model resolution benefits the simulations in multiple ways, of which three

important ones are described here. First, the higher spatial resolution can better describe

the surface heterogeneity. With this better description, the temperature could be separately

predicted for neighborhoods. Much more of the variation and heterogeneity is captured.

Second, the more detailed orography helps capture small peak features in wind and

precipitation. Third, the higher resolution moves convection from parameterized to

resolved eliminating the need for the parameterizations.

Despite these advantages, higher spatial resolution not only increases the computational

costs. Conceptually questions remain unanswered. When more of the surface heterogeneity

is captured, urban characteristics can no longer be assumed homogenous within a grid

cell, and concepts like local climate zones (Stewart and Oke, 2012) fail to describe the

high variation. To properly describe the variation, high-detail datasets are required that

may not always be available and without these datasets no additional surface details can

be provided to the model. Additionally, the high variation between grid cells will also

lead to advection becoming more important. Moreover, the discussed spatial scales are in

the so-called turbulent grey zone, where the dominant turbulent length scales are similar

to the spatial resolution and eddies are partially resolved (Honnert et al., 2020). This

violates the assumptions of numerical weather prediction models with courser grids that

separate the resolved large-scale dynamics from the parameterized turbulence. However,

the hectometer scale models are not large-eddy simulations either that resolve the larger

eddies and parameterize only the small-scale turbulence.

7



140 Synthesis

Numerical weather prediction falls between the spatial detail of climate models and LES.

Global climate simulations run for much longer timescales than weather models. While

spatial resolution is increasing, sub-kilometer resolutions are not feasible at the current

state-of-the-art (Mauritsen et al., 2022). While these simulations will resolve larger

metropolitan areas, the heterogeneity within the city cannot be captured. On the other

end of the spectrum, LES offers spatial resolutions that drop below a meter for domains

of a few square kilometers. This potential cannot yet be harvested operationally. In LES,

the boundary conditions are an important limitation to represent real scenarios and in

extension thereof operational applications, as seen in Chapter 6.

The different applications highlight the trade-off between temporal and spatial details and

temporal and spatial extent. For each application, the drawbacks and additional costs urge

considering the inherent value of increasing resolution. Details may be relevant for one

purpose like renovating a street but irrelevant for another like a weather forecast. A higher

resolution through switching model types or increasing the resolution is not necessarily

required, justifiable, or beneficial. Now the availability of computational resources is less

often the limiting factor, we should look critically at the environmental and economic

costs of running intensive simulations (Silva et al., 2024). What model is most suitable,

depends on the goal of the simulation. Who would check the details of an operational LES

forecast that predicts the temperature at every meter in a street? On the other hand, how

can urban climate be incorporated into the layout of the same street when it is simulated

in blocks of 100 m?

Hectometer scale operational forecasts are not here now. Yet, urban climate modeling

is entering the operational realm in the form of ULSMs. This year, 2024, ECMWF will

include a ULSM based on CHTESSEL in its operational setup (McNorton et al., 2021;

McNorton and Balsamo, 2023). With their increasing use in an online and even operational

setting, it is worthwhile to consider the implications of the shortcomings found in ULSM

water balance representations in Chapter 3 and 4.

When linked to a spatially distributed meteorological model, the water balance closure

issues uncovered in Chapter 3 will be passed on to other grid cells creating or removing

water and may cause the model to drift. Furthermore, water storage inconsistencies

will result in untrustworthy ET during longer dry periods. Last, the unreliable runoff

simulations are more relevant in a coupled setting, as the runoff generated in one cell

will be input for its neighbor impacting the model simulation beyond one cell. Therefore,

ULSMs cannot afford to overlook the water balance any longer.

When summarizing the main findings earlier, I discussed possible improvements to the

water balance representation in ULSMs. The increasing resolution of numerical weather

prediction models makes ULSMs increasingly relevant as part of weather and climate

modeling. How can these models be further developed? Here, I will present possibilities

available to improve ULSMs beyond the water balance presented earlier.
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The first possibility is a new evaluation strategy considering the time-dependent footprints

of the EC observations. Now the models are provided with the surface properties in the

average footprint or even the average of the surroundings within a certain radius. The

EC observations, however, represent the surface cover from a dynamic footprint, which

is relevant even within a day as shown in Chapter 5. Given the variation observed in

that chapter, a lot of understanding is lost by evaluating a model prescribed with average

surface characteristics with observations with a dynamic footprint composition.

These evaluations could be improved by accounting for the dynamic footprint of eddy-

covariance. Many ULSMs follow the tiling approach with one tile representing a certain

surface cover type. The tiles are combined based on the averaged surface properties rather

than the surface properties of the footprint at that moment. As the tiles are often modeled

separately, they can be combined based on the relevant footprint. This is similar to

an observation operator used in for example land surface temperature evaluation with

satellites in urban areas (Yang et al., 2020) or rainfall evaluation with radar (Ryzhkov

et al., 2011). Observation operators ensure the modeled variable resembles the observed

variable more closely.

A side note on footprint modeling is warranted by their importance for observation

interpretation. Currently, no analytical footprint model exists dedicated to urban surfaces.

Idealized LES could inform how the footprint changes due to the building characteristics

and the urban plan. Very few studies have estimated footprints in idealized urban settings.

In the end, the idealized simulations will have to be compared with realistic ones. Auvinen

et al., 2017 expose the challenges with footprint modeling over realistic urban canopies.

These challenges stem from the combination of highly variable flows and knowing the

observed location rather than the source of ET. While these challenges limited them

to modeling a single footprint, their analysis shows that the surface cover composition

is significantly different between the analytical and numerical approach. The urban

roughness is not properly represented in the current analytical models and turbulence

cannot smoothen out the preferential flow paths in urban canyons.

Next to considering footprints during evaluation, urban heterogeneity may be captured

more comprehensively in ULSMs. While edge effects occur at the interface of different

surface covers, the urban mosaic is now mostly summarized by surface fractions regardless

of spatial organization. The omnipresence of edges in a mosaic warrants caution with

the assumption that their effect is negligible. To set the scene, 20% of the world’s

forests are within 100 m of their boundary (Haddad et al., 2015). In urbanized regions

like the northeastern United States, 11% of the forest is within only 30 m of a road or

building (Smith et al., 2018). Changes are visible in the soil conditions including moisture,

temperature, and composition. These changes cohere with changes in growth and carbon

uptake of vegetation (Reinmann and Hutyra, 2017). All these changes will affect the
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urban climate for example higher soil moisture increasing ET and more vegetation growth

increasing shading.

Currently, most edge effects are not represented in ULSMs. Notable exceptions are urban

canyon models that have 2D interactions within the street canyon. This exception also

demonstrates the benefits of including edge effects, as models with vegetation in the

street canyon outperform those without (Lipson et al., 2024). Yet, these models represent

non-urban surfaces separately from the urban canyon following a tile approach, while these

share edges with the urban canyons.

While canyon models explicitly represent the edges within the canyon, examples exist

where an edge effect of the water balance is represented more conceptually. The effect in

question is the buffering of high runoff volumes from impervious surfaces by the pervious

area (Hopkins et al., 2015). By no means all ULSMs include this buffering, but two models

sketch how (in)completely this is considered. The first model has a fudge factor, which

describes the fraction of water exceeding the storage capacity per surface cover tile that

is redivided over all tiles (Meili et al., 2020). The second model also redistributes the

runoff exceeding the storage capacity, but rather than one fudge factor a parameter is

defined for each tile combination (Järvi et al., 2011). In both cases, the edge length and

the spatial configuration is ignored while this will determine the extent of the interaction.

So, improvements are possible even for included edge processes.

After sketching these pathways for ULSM development, I will finish my reflection on

modeling by zooming out and considering the lessons learned that apply to model evaluation

in general. These lessons are based on the model evaluation in Chapter 3 and 4. This

evaluation was conducted with data gathered by but independently from the main Urban-

PLUMBER project. This thesis has a novel focus on the water balance, which revealed

new possibilities for model improvement. ULSMs have more model components that have

received little or no attention in model evaluation such as the seasonal vegetation changes

and human heat fluxes. The Urban-PLUMBER data set provides an opportunity to assess

these components as well. Model evaluation projects should aim for such spin-offs that

reuse their efforts and provide insights into otherwise unstudied model components.

Model components remain unevaluated when no observations are available. Chapter 3

demonstrates that the absence of observations is not inevitably the end of quantitative

evaluation. Logical checks allow diagnosing model errors due to internal model inconsisten-

cies, misconceptualization, and human error. These logical checks should be deliberately

designed to confirm whether the model results adhere to physical laws like the conservation

of mass and fall within the expected magnitude. This strategy may even be applied along-

side observation-based evaluation, as this evaluation will be affected by the uncertainty

inherent to observations (Aerts et al., 2023). When using observations, error metrics

should be chosen thoughtfully. Error metrics capture specific behavior depending on the

evaluated variable. An example is the normalized standard deviation for the turbulent heat
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fluxes in Chapter 3 and Lipson et al. (2024). This metric shows how well the amplitude of

the daily cycle is mimicked, as most variation is within the daily cycle. In the end, specific

metrics pinpoint more precisely where and how models go wrong, whether these metrics

are based on observations or not.

As models are built and run by people, human errors can be made throughout the modeling

process. Additional mistakes may be made during post-processing and in communication

with others. As model intercomparisons aim to understand model rather than modeler

performance, these human errors cloud the sought-after relations between model and

performance. Recently, model intercomparisons have begun to include a step, in which

the results are subjected to simple checks such as the sign and magnitude of the modeled

variables (Menard et al., 2020; Lipson et al., 2024). When models fail these checks, the

modelers are offered the chance to correct their mistakes. In this process, observations are

not shared and no calibration is possible. While this process will reduce human error in the

modeling and post-processing, fully eliminating human error is unattainable. Inherently, a

model comparison also compares the participating modelers (Clarke, 2008). A modeler

rather than a model intercomparison study could shed light on the influence of modelers

on the model results. Apart from modelers, models differ in many more ways, which

hampers the attribution of errors to certain conceptual choices. To circumvent this maze

of differences, one could build a single modeling framework with multiple options for

concepts and implementations. In such a framework, individual choices can be tested and

their effects isolated.

7.3.3 Water and thermal comfort

Throughout this thesis, water and thermal comfort are linked through the cooling potential

of ET regulated by water availability and limitation. Yet, humidity also plays a role in

human thermal comfort (Sobolewski et al., 2021). Intuitively we know that a hot and dry

place is more manageable than a hot and humid place. While the urban heat island is

arguably the most studied phenomenon in urban climate (Stewart, 2011; Kim and Brown,

2021), the urban moisture island has received less attention. For a first impression, I

assessed the urban moisture island for observational networks in five cities: Amsterdam

(The Netherlands), Ghent (Belgium), Novi Sad (Serbia), Phoenix (The United States

of America), and Sydney (Australia). The first results suggest that perhaps the lack of

consistency between the cities explains why not much has been written about this topic

yet.

All networks show the classical urban heat island with the highest values at night and

lower, sometimes negative, values during the day (Figure 7.3). Shifting the focus from

air temperature to specific humidity, the similarity in the patterns disappears and every

city has a distinct fingerprint. In Amsterdam, the urban area is more humid during the

day and slightly less moist at night, while Novi Sad mirrors this pattern. Ghent is always
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Figure 7.3: Average daily trend in summer of the difference between air temperature (first

column), specific humidity (second column), and relative humidity (third column) at multiple

urban sites and a rural reference site in Amsterdam (Ronda et al., 2017), Ghent (Caluwaerts

et al., 2020), Novi Sad (Šećerov et al., 2019), Phoenix (AZMet, 2024), and Sydney (Ulpiani

et al., 2022). Each grey line represents one observation location with the median in red. The

temperature in the box is the mean temperature during the observed period. Summer is

defined as JJA for the northern hemisphere and DJF for the southern hemisphere.

drier than its surroundings and Phoenix always wetter. In Sydney, the variation is higher

between the urban stations than with the rural reference. Despite the differences in specific

humidity, the relative humidity is more comparable amongst cities with larger differences

at night and close to no difference during the day. Here, Phoenix is the odd one out
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with constantly higher relative humidity. Some of these patterns may be easier to explain

than others, but a comprehensive concept explaining urban moisture dynamics is not yet

available.

During the day another factor is relevant for thermal comfort. Shading influences thermal

comfort more strongly than air temperature and humidity within an urban canyon. Water

may seem of little relevance for shade. However, when trees experience water stress during

a drought, trees may start shedding their leaves (Tyree et al., 1993). The shed leaves

reduce the shading for the remainder of the growing season. More extremely, prolonged

water stress may induce tree mortality (Allen et al., 2015; McDowell et al., 2018; Brodribb

et al., 2020). When a tree dies, its shading effects are lost not only for that growing

season but also for the years after. A new tree will potentially require decades to regrow

to the size of the original tree. Therefore, ET estimations are essential for urban water

management to prevent water stress and watering trees should not lightly be put low on

the priority list during a water shortage.

Humidity’s role in thermal comfort and water stress leading to leaf shedding and tree

mortality shows that the effect of the urban water balance on thermal comfort is not

merely through ET. These other links cannot be ignored when choices are made regarding

water management. Humidity-dependent thermal comfort may cancel (a part of) the

cooling effects from ET, while increased tree mortality may deprive a neighborhood of

proper shading for years or even decades. Urban water management is troubled by the

complexity of the urban challenge. This complexity has no beginning or end. The circle is

closed by humidity’s negative feedback on ET.

7.4 Towards application

The title of this section starts with the word towards, because more steps are to be

taken before application can be fully achieved for two reasons. The first is the number of

disciplines relevant to the functioning of a city beyond the urban climate field. The second

is the urban challenge discussed elaborately only in Section 7.3.1. Cities are built across

the world. Their characteristics reflect different locations, climates, and cultures, creating

a rich palette. Within these cities, even more hues and shades differentiate neighborhoods.

These contrasting situations cause dissimilar responses to measures to mitigate heat stress.

Acknowledging these challenges, I will sketch how urban climate research could be applied

and become more applicable, and what hurdles currently prevent this. Here, I focus on

how the urban climate field can start hurdling instead of how it could await developments

in other fields to remove the hurdles.

To start, I will revisit the main findings of this thesis and how they could be applied. ET

in cities was found to be water-limited due to low water storage capacities. How quickly

ET declines after rainfall depends strongly on the surface cover. While these conclusions
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are valuable lessons that may inform choices in the future, the findings concerning ULSMs

are not as easily transferred to practice. They point out how ULSMs could be improved,

but these models are not built to show the impact of changes made to the urban area.

ULSMs are built with research and numerical weather forecasting in mind, yet ULSMs

have the potential to predict the effect of changes to the urban environment. At this

moment, they are not tailored for this purpose. Their parameters limit the characteristics,

of which the impact can be determined, and their output is not translated to variables

directly relevant to the people living in cities.

ULSMs are not a one-off when it comes to refraining from taking the next step towards

application. First, not a single scale is sufficient to understand the impact of changes

on urban climate. Scale-connecting studies will help to map intervention effects across

scales. Chapter 5 and 6 are examples that show how the effect of surface changes on the

neighborhood ET can be estimated. Second, mitigation measures and their effects remain

specific to their circumstances. Intervention outcomes are ambiguous and hard to isolate.

Whether a net positive or negative effect is reached depends on the exact urban setting.

This holds for green and blue infrastructure, which are common strategies to cool cities.

Trees can cool through ET and shading but may heat their surrounding by preventing

ventilation (Meili et al., 2021). Water bodies cool through evaporation but absorb most

incoming radiation and can store this energy due to a high heat capacity (Gunawardena

et al., 2017). Third, two-way communication has to be facilitated between science and

practice. On one hand, research findings should be made accessible without jargon. On

the other hand, the right questions need to be formulated and answered to make urban

climate research applicable. Variables helpful for understanding are not always the same

as the ones that are relevant for people. While studying the surface temperature can

benefit our fundamental understanding, one may question its relevance for a pedestrian

compared to air temperature or even more comprehensive thermal comfort.

A fourth factor is that scientific disciplines tend to study the urban climate only from

their perspective (González et al., 2021). This thesis puts the spotlight on the connection

between the water and energy balance and in doing so it bridges the disciplines of hydrology

and meteorology. Combining knowledge and concepts from both fields opened the door to

new methods and synergies, such as ULSM evaluation using the curve number method.

Bridging disciplines is thus not only possible but also helpful.

Yet, two disciplines are a step in a journey. Many other disciplines are connected to

urban climate. Connections may present themselves in several ways. Urban climate may

have implications beyond human thermal comfort, such as the required hardiness of trees

(Lanza and Stone Jr, 2016) or freeze-thaw damage to buildings and monuments (Guilbert

et al., 2019). These disciplines interact with urban climate. As explained earlier, water

and thermal comfort are connected manifold. Urban greenery can help to cool urban

areas (Norton et al., 2015) and may increase happiness at the same time (Syamili et al.,
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2023). Also, social factors matter too as cooling is not distributed fairly across the urban

demographic (Rocha et al., 2024). Within a city, all these fields have to be balanced.

Therefore, their knowledge has to be connected and made accessible to ensure comfortable

and well-functioning cities. This requires a dedicated effort to integrate urban climate

insights with themselves and the related fields.

Change inevitably follows human settlement and this change continues during their

presence. All these changes enable us to live close together in cities. Simultaneously, they

affect the urban climate, in which water plays a key role. Whenever we change our (urban)

environment, its climate should be considered to improve the quality of life.
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A.2 Additional table and figures Chapter 2

Table A.2.1: Same as Table 2.1, but with results from the analysis with ET corrected for the

amount of available solar energy.

City Drydowns Days ET0 (mm d−1) λ (day) t1
2
(day) S0 (mm) R2

Amsterdam 16 61 0.6 – 2.1 (1.5) 2.8 – 7.6 (5.2) 1.9 – 5.2 (3.6) 3.9 – 14.8 (6.6) 0.60

Arnhem 39 148 0.9 – 1.3 (1.1) 1.6 – 2.9 (2.2) 1.1 – 2.0 (1.6) 2.1 – 3.2 (2.6) 0.80

Basel (AESC) 109 445 0.9 – 1.2 (1.1) 4.1 – 5.2 (4.7) 2.8 – 3.6 (3.3) 3.9 – 5.4 (4.7) 0.75

Basel (KLIN) 150 623 1.2 – 1.4 (1.3) 5.5 – 7.2 (6.3) 3.8 – 5.0 (4.4) 6.4 – 9.3 (7.4) 0.66

Berlin (ROTH) 9 36 0.6 – 1.9 (0.8) 4.8 – 13.7 (11.9) 3.3 – 9.5 (8.2) 4.2 – 22.1 (11.5) 0.79

Berlin (TUCC) 30 122 0.4 – 0.9 (0.6) 2.4 – 4.0 (2.8) 1.7 – 2.8 (2.0) 1.2 – 3.1 (1.8) 0.68

Helsinki 41 177 1.7 – 2.0 (1.8) 3.4 – 7.8 (5.0) 2.4 – 5.0 (3.5) 6.6 – 11.9 (8.6) 0.80

Heraklion (HECKOR) 3 13 0.9 – 3.4 (2.9) 0.8 – 5.0 (1.7) 0.6 – 3.5 (1.2) 1.5 – 14.3 (2.9) 0.86

Lodz 55 249 1.3 – 1.8 (1.6) 3.2 – 4.8 (3.9) 2.2 – 3.3 (2.7) 4.2 – 7.6 (5.5) 0.70

Melbourne 2 9 0.7 – 1.8 (1.2) 1.6 – 10.2 (5.9) 1.1 – 7.1 (4.1) 1.1 – 17.9 (9.5) 0.65

Mexico City 9 52 0.8 – 1.5 (1.4) 4.8 – 14.6 (9.5) 3.3 – 10.1 (6.6) 5.6 – 19.1 (11.4) 0.60

Seoul 7 39 1.1 – 2.7 (1.7) 1.7 – 8.2 (4.3) 1.2 – 5.7 (3.0) 5.5 – 9.7 (8.9) 0.53

Singapore 8 43 1.3 – 1.6 (1.4) 6.2 – 17.7 (8.8) 4.3 – 12.3 (6.1) 9.3 – 24.6 (12.5) 0.76

Vancouver 61 282 1.3 – 1.7 (1.4) 4.9 – 7.8 (6.1) 3.4 – 5.4 (4.2) 6.7 – 10.0 (7.7) 0.60
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Figure A.2.2: Same as Figure 2.3, but with results from the analysis with ET corrected

for the amount of available solar energy. This correction is performed by multiplying the

evaporative fraction by the average available energy over the drydown.

A
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Figure A.2.3: Estimated model parameters (left column: ET0, middle column: λ, right

column: S0) as function of climatological and urban form site characteristics from top to bottom

the vegetation fraction, local climate zone, Köppen-Geiger climate, yearly mean temperature

and mean annual precipitation.
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Figure A.2.4: Estimated model parameters as function of climatological and urban form site

characteristics. The size of the dots indicates the number of drydowns. Between brackets the

correlation coefficient is displayed based on a weighted linear regression (based on the number

of drydowns per city) for the quantitative site characteristics.

A
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Figure A.2.5: Boxplots of estimated model parameters as function of vegetation fraction.

Only locations with at least 20 drydowns are taken into account.
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Figure A.3.1: Auto-correlation of (half-)hourly precipitation for all sites to determine separate

events with the threshold of 5 hours (vertical line).
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Figure A.3.2: Relation between the site impervious fraction and runoff ratio per model run

(R/P) for each model (marker).
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Figure A.3.3: Curve numbers estimated from modeled runoff for each model run and from

curve number reference tables in Croshney et al. (1985), see methods section.

A
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Figure A.3.4: Average lag times (hours) for all model runs at each site. Note that the color

scale is logarithmic.
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Figure A.3.5: As Figure 3.4, but are averaged per site.

A
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Figure A.3.6: Relation between the urban water balance representation (UWBR) score

(0.5) classes and five error metrics for the (half-)hourly modeled QE : (a) R
2, (b) normalized

standard deviation, (c) systematic, (d) unsystematic MAE, and (e) absolute MBE. The number

of model runs per class is given above the box. Whiskers indicate the minimum and maximum

values. A Wald (1943) test indicates a significant correlation (*). Arrows indicate the direction

of better model performance.
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A.5 Additional figure Chapter 5

Figure A.5.1: As Figure 5.7, but for one of the last drydowns of the warm season. This

drydown occurred between 27-08-2019 and 03-09-2019.
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A.6 Additional figure Chapter 6
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Figure A.6.1: As Figure 6.3, but at the 56-m EC system at TUCC using the P4 PALM

domain.
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and H. Savenije (2018). “Using distributed temperature sensing for Bowen ratio evaporation

measurements”. Hydrology and Earth System Sciences 22 (1), 819–830.

Schmid, H. and T. Oke (1990). “A model to estimate the source area contributing to turbulent

exchange in the surface layer over patchy terrain”. Quarterly Journal of the Royal Meteorological

Society 116 (494), 965–988.

Schmutz, M., R. Vogt, C. Feigenwinter, and E. Parlow (2016). “Ten years of eddy covariance

measurements in Basel, Switzerland: Seasonal and interannual variabilities of urban CO2 mole

fraction and flux”. Journal of Geophysical Research: Atmospheres 121 (14), 8649–8667.

Schuepp, P., M. Leclerc, J. MacPherson, and R. Desjardins (1990). “Footprint prediction of

scalar fluxes from analytical solutions of the diffusion equation”. Boundary-Layer Meteorology

50 (1-4), 355–373.

Schulz, J.-P. and G. Vogel (2020). “Improving the processes in the land surface scheme TERRA:

Bare soil evaporation and skin temperature”. Atmosphere 11 (5), 513.
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