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Abstract

Measuring, modeling and assessing evaporative fluxes over an integrated
lake-wetland system in Southern Quebec

Henrique Vieira

Evapotranspiration (ET) is the second largest component of the hydrological cycle globally and a
major factor in surface energy balance. Despite its importance, quantifying evapotranspiration
presents high uncertainties due to limitations in available data and modeling approaches. This
thesis provides — for the first time — a temporally high-resolution ET dataset (30 minutes) using
Eddy Covariance method for a lake-wetland duo in Southern Québec during 2020’s growing
season, during the Covid-19 pandemic lockdown. In addition, this thesis benchmarks the
performance of 40 existing ET models — the largest number of empirical ET models intercompared
to date — across different time scales, times of the day and times of the season. The benchmarking
effort uses a non-dominated sorting framework with multiple goodness-of-fit measures to rank
models. In general, the most non-falsified models in the marsh are Carpenter (aecrodynamic),
McMillan (aerodynamic), Kimberley-Penman (combination) and Stephens-Stewart (temperature-
hybrid). In the lake, Hamon’s (temperature) equation remains non-falsified across most scenarios.
Comparing continuous simulations in the two landscapes, the expected Nash-Sutcliffe Efficiency
of non-falsified models is consistently higher in the marsh across all timescales from half-hour to
one month and different times of the season. Considering different diurnal segments, the
performance of non-falsified models becomes comparable in daytime and strictly better in the lake
during nighttime. ET was better estimated during daytime and nighttime separately than full days.
Overestimation of ET was observed during local temperature peaks preceded by prolonged net
radiation peaks without precipitation, which potentially points at models’ inability to capture the
effect of stomata closure of the canopy during heatwaves. Capturing evapotranspiration in
wetlands and lakes requires more physically-based parameterizations to represent thermal and
biological dynamics at weekly and finer scales. This study also provides evidence for the necessity
of using multi-objective ranking to benchmark evapotranspiration and points at strategic directions
for future developments.
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Résumé

Mesure, modélisation et investigation des flux d’évaporation d’un lac et d’un
milieu humide au sud du Québec

Henrique Vieira

L'évapotranspiration (ET) est la deuxiéme plus importante composante du cycle hydrologique au
niveau mondial et un facteur majeur dans le bilan énergétique de surface. Malgré son importance,
la quantification de I'évapotranspiration présente de grandes incertitudes en raison des limitations
des données disponibles et des approches de modélisation. Ce mémoire fournit - pour la premiere
fois - un ensemble de données d'évapotranspiration a haute résolution temporelle (30 minutes)
utilisant la méthode de covariance des flux turbulents pour un duo lac et un milieu humide au sud
du Québec pendant la saison de croissance de 2020, durant la période de fermeture de la pandémie
Covid-19. De plus, cette recherche compare la performance de 40 modeles d'ET existants - le plus
grand nombre de modéles d'ET empiriques comparés dans une étude a ce jour - a différentes
échelles de temps, moments de la journée et périodes de la saison. Cette évaluation comparative
utilise un cadre de tri non dominé avec de multiples mesures de qualité d'ajustement pour classer
les modeles. En général, les modéles les plus non falsifiés dans le marais sont ceux de Carpenter
(aérodynamique), McMillan (aérodynamique), Kimberley-Penman (combinaison) et Stephens-
Stewart (température-hybride). Dans le lac, I'équation de Hamon (température) reste non falsifiée
dans la plupart des scénarios. En comparant les simulations continues dans les deux paysages,
l'efficacité attendue de Nash-Sutcliffe des modeles non falsifiés est systématiquement plus élevée
dans le marais a toutes les échelles de temps, de la demi-heure au mois, et a différents moments
de la saison. En considérant les différents segments diurnes, la performance des modé¢les non
falsifiés devient comparable en journée et strictement meilleure dans le lac pendant la nuit. L'ET
a ¢t¢ mieux estimée pendant le jour et la nuit séparément que pendant les journées complétes. Une
surestimation de I'ET a été observée lors de pics de température locaux précédés de pics de
rayonnement net prolongés sans précipitation, ce qui indique potentiellement l'incapacité des
modeles a capturer 1'effet de la fermeture des stomates de la canopée pendant les vagues de chaleur.
La capture de I'évapotranspiration dans les zones humides et les lacs nécessite des paramétrisations
mieux basées sur la physique pour représenter les dynamiques thermiques et biologiques a des
échelles hebdomadaires et plus fines. Cette étude fournit également des preuves de la nécessité
d'utiliser un classement multi-objectif pour évaluer I'évapotranspiration et indique des directions
stratégiques pour les développements futurs.

v



Acknowledgements

This work is supported by Natural Science and Engineering Research Council of Canada through
Discovery Grant, Canadian Foundation for Innovation through John Evans Leader’s Fund
extended to Dr. Ali Nazemi, as well as Concordia University Scholarships extended to Henrique
Vieira during his graduate studies.

I express my gratitude to Prof. Ali Nazemi for his continuous participation, guidance and
supervision throughout the research conducted in 2019-2021. I am thankful for the co-workers and
colleagues with whom I’ve shared numerous fruitful professional and personal experiences which
had a directly positive impact on this work: Shadi Hatami and Masoud Zaerpour, Samaneh Ashraf,
Romaric Desbrousses and Audrey Smith. I extend my gratitude to Prof. Elmira Hassanzadeh from
Polytechnique Montréal who has supported and encouraged my work, as well as to my colleagues
Ali Sharifinejad, Matheo Kaemo, Hamza Ousoukhman and Sarah Goulet. I am also thankful to my
previous professors and tutors who taught me in different water resources engineering classes,
namely Prof. Samuel Li, Dr. Atefeh Fazlollahi and Sho Harada.

The important field-based portion of this work has been a success thanks to a collaboration with
Josiane Pouliot from the City of Magog, Laura Patriganni from LAMRAC and Ariane Orjikh from
Memphremagog Conservation Inc, and many other from the City of Magog who are all committed
to supporting research towards environmental conservation. In addition, Prof. Oliver Sonnentag
and his team from Université de Montreal were instrumental in the implementation of Eddy
Covariance stations and processing routines, namely Gabriel Hould Gosselin and Gesa Meyer.
Finally, I thank Jiahong Li from Licor and Marc-Andre Brady from Campbell Scientific for their
continuous technical support.

Most of the academic work of this project was conducted in Montreal, which is the traditional land
of the Kanien’kehé:ka (Mohawk) First Nation, while field work took place in Magog, which is the
traditional territory of the Abenaki of the Wabanaki Confederacy.



Dedication

I dedicate this work to my grandfather, who has ignited the spark for the contemplation and
understanding of nature during my childhood; to my mother, who is a role model for working hard
towards improving livelihoods; to my father, who has always encouraged my progress; to all my
friends and family, with whom I have the privilege of sharing and discussing discoveries and
learned lessons; and to you, dear reader, hoping that it shall be useful for your own investigation
or project. Above all, I dedicate this work to water resources and nature, so that it may constitute
another step towards a more sustainable relationship between humans and our environment.

Vi



Statement of Contributions

The work related to this thesis was led by Henrique Vieira under supervision of Dr. Ali Nazemi
between June 2019 and February 2022. Henrique Vieira joined initially as a research assistant in
June 2019. During his time as the research assistant, Henrique Vieira was trained in Dr. Oliver
Sonnentag’s lab in Université de Montréal on the principles of the Eddy Covariance technique. He
officially started his MASc in September 2019.

The main content and materials presented in this thesis is taken from a submitted paper to the
Journal of Hydrology co-authored by Henrique Vieira, Dr. Ali Nazemi and Dr. Oliver Sonnentag,
where Henrique Vieira is the lead author of the submitted paper and is responsible for 100% of
data curing, mathematical modeling and numerical analyses that are the backbone of this work.
Henrique Vieira also led 100% of the writing of the first draft of the paper, which was reviewed,
edited, and commented with Dr. Ali Nazemi through multiple rounds of reviews from May to
December 2021. As a result of multiple rounds of revision, the paper has evolved tremendously
both in terms of content and the text, which was further consolidated with Dr. Oliver Sonnentag.
The paper accordingly was fine tuned according to Dr. Sonnentag’s comments on the Eddy
Covariance technique and submitted to the Journal of Hydrology as “Benchmarking empirical
models of evapotranspiration in a lake-wetland duo” on December 3™, 2021. The review process
is ongoing and a first revision was submitted on January 2022 — prior to the submission of this
thesis — for peer review after minor preliminary comments by the Journal of Hydrology’s editor
such as a title update to “Benchmarking empirical models of evapotranspiration in an integrated
lake-wetland system”. The detailed breakdown of responsibilities in creating this paper is:

Henrique Vieira: Conceptualization, Methodology, Investigation, Software, Data Curation,
Visualization, Validation, Formal analysis, Writing - Original Draft, Writing - Review & Editing.

Ali Nazemi: Conceptualization, Investigation, Methodology, Validation, Writing - Review &
Editing, Resources, Funding acquisition, Project administration, Supervision.

Oliver Sonnentag: Methodology, Validation, Writing - Review & Editing.

The rest of the materials in this thesis is the sole work of Henrique Vieira under Dr. Nazemi’s
guidance. Specific supervisory guidance on the remaining materials of the thesis included
restructuring the text, review comments and suggestions, along with multiple edits on the first draft
of the thesis, which was finalized by Henrique Vieira.

Henrique Vieira’s work has also resulted in one publicly available presentation at the American
Geophysical Union annual meeting in 2020 entitled “The Cooling and Heating Impacts of a Lake
and a Nearby Wetland Under Current and Changing Climate”, and another related to the
evapotranspiration part at the Canadian Water Resources Association conference in 2021. A
magazine article was also written by Henrique Vieira and Dr. Ali Nazemi in Memphremagog
Conservation Inc.’s annual newsletter which was intended for describing the project and informing
the local population about preliminary results in March 2020.

vii



TABLE OF CONTENTS

LSt OF FIUIS. .ottt e ettt ettt e ittt e e e iab e e e e sta e e e e e atbeeeeeansbaeeeennssaeeeennsaaeaeas ix
LSt OF TADIES .ottt sttt e Xi
LSt OF SYMDOIS......eiiiiieiiiiiee e ettt e et e e e et e e e e eebaeeeeentbeee e e ntbeeeeennneas xii
N 0113 (e 1o L (o1 0] O PSPPSR 1
1.1 Background and MOtIVALION ...........coceuiiiieiiiiiieeeriiiieeeeiieeeeeiie e e e eireeeeeesabeeeeesereeeeenes 1
1.2 Objectives and thesis 1ayout ............uviiiiiiiiiiiiiiee e e e 2
1.3  Understanding and Measuring Evapotranspiration...........ccc.eeeeeeeeeerreiiinireeeeeeeesssceeneeeenn 3
1.4  The Backbone and State of the Eddy Covariance Technique ............ccccevveveeiennicinnnnnnn. 5
1.5 Modeling EvapotranSpiration .............eeeeeeereeiiiuiriiieeeeeeeesssiirireeeeeeseesssnnnnseeeeeeesessnnnnnns 10

2 Generation of Evapotranspiration Data in a Lake-Wetland Duo.............cccceevvviiniinnnnnnnnn. 13
2.1  Case Study and Site DeSCIIPLION. .......uvviiiieeeieiiiiiiiieeeeeeeeeeerireeeeeeeeeesearrrreeeeeeeesnennnns 13
2.2 Generating Evapotranspiration Datasets ...........cccvveeiieeriiiiiiiiiiiiieeeeeesiiieeeee e e 18
2.2.] INSTUMENTALION ...eeiiiiiiiiiiiiiiiee ettt ettt e e ettt e e ettt e e e ettt e e e enbbeeeeeeaeeees 18
2.2.2 Setting up and applying Eddy Covariance procedure ............cccccvvveveeeeeeeneciiriieeeeeennn. 19
2.2.3 Eddy Covariance Evapotranspiration Dataset .............cccceeeeeeeiiiiiieieeeeeeeeeiiiiieeee e 21

3 Benchmarking Empirical Models of Evapotranspiration in the Considered Lake-Wetland Duo
25

3.1  Empirical modelling of evapotranspiration.............cceeeeeuvrvieeeeeeeeesiiiiiiieeeeeeeeeeevnneeens 25
3.2 Benchmarking approach...........cccuviiiiiiiiiiiiiiiiiiiie e e 26
3.3 RESUILS it e ettt e e e ettt e e e e natbeeeeeaee 33
3.3.1 Skills of empirical models across a range of time scales ..........ccccceeeeveirviiieeeeeeenenns 33
3.3.2 Skills of empirical models across different diurnal segments ..............ccccvveeeeeeeennnnns 33
3.3.3 Skills of empirical models across different segments of the growing season .............. 34

34 DASCUSSION. c..etieeiiiitte ettt e ettt ettt e e ettt e e e ettt e e e e abb e e e e eanbbeeeeenbbeeesenbbeeeeenntbeeeeenes 39

I ©0) 1 1o] 13 3 T ) 1 BT UPPPRP 43
5 REIEIEICES ....eiieeiiiie ettt et e ettt e e ettt e e e ettt e e e et e e e e entaeeaeas 49
Appendix A — Stations’ GEOMEIIY ... ...eeiiiuiiieeiiiiieeeeiiitee et ee e ettt e e et e e e esibeeeeeenbeeeeesnnaeeeeas 61
Appendix B — The Cooling Function of Cherry River Marsh.........cccccccooiiiniiiniiiiniiiece 65

viii



LIST OF FIGURES

Figure 1. The components of land-atmospheric energy exchanges, which can also describe the
evaporative flux (Rn: net radiation, H: sensible heat flux, AE: latent heat flux, G: ground heat flux,
Q: heat Storage fIUX (W I ™). ...ooouieieeieeeeee ettt ettt eseneesenseseneeseneana 3

Figure 2. The position of the two Eddy Covariance stations in Lake Memphremagog and Cherry
River Marsh, located in Magog, Québec, Canada. ............ccccvveeeeriiiiieeiiiiiie et 13

Figure 3. Photos of lake (left) and marsh (right) stations on top and accessibility at the bottom. 14

Figure 4. Photo displaying an aerial overview of the Cherry River Marsh and Lake
MEMPRTICMAZOE. ..eeeeieeiiiiiiiiiiiee et e e e e e ettt e e e e e e e s setaeeeeeeeeeeesnsasaaeeeaeeeeessnnnsssreaeaeeeeans 15

Figure 5. Monthly seasonality of climatic variables available for Magog, Quebec (2001-2019). 17
Figure 6. Footprint climatology (a) in Lake Memphremagog and (b) Cherry River Marsh

represented by the contour lines of the 40%, 60% and 80% footprints. ...........ccceeveeriiiirnieennnnn. 17
Figure 7. Sample photos of station maintenance and data collection. .............ccceeerniiiiiinnnneen. 19
Figure 8. The computational procedure for Eddy Covariance ET flux calculation....................... 20

Figure 9. Daily evapotranspiration rate during the study period at the marsh and the lake sites. .22

Figure 10. Key microclimatic measurements made in the marsh (left column) and lake (right
column) during the study period, averaged at the daily time scale. Symbols are presented in the
LISt Of SYMDOLS. 1oeiiiiiieiieee et e e et e e e e e e st r e e e e e e e e e e ennraraaaaeeeaans 23

Figure 11. Anomalies in meteorological variables during the high evapotranspiration eventin late
JUNE N NG LAKE « e e e e e e et 24

Figure 12. Energy balance closure diagrams showing scatter plots of daily available energy values
versus daily turbulent fluxes. The percentage of monthly closure for each month is reported in
parenthesis. The line shows the expected closure during the data period...........ccccceeeeeeennnnnnnnn. 24

Figure 13. ET benchmarking computations methodology flowchart. ............ccccceovviiiiviiinnnnennn. 31

Figure 14. Results of non-dominated sorting for benchmarking the performance of ET models
across a range of time scales in the marsh illustrated by (a) the list of the non-falsified models at
each time scale, (b) the associated GoF envelopes along with expected performances shown in
solid lines, and (c) the independent monitoring of accuracy quantified by NSE and SMRD. ...... 35

Figure 15. The results of non-dominated sorting for benchmarking the performance of ET models
across a range of time scales in the lake illustrated by (a) the list of the non-falsified models at
each time scale, (b) the associated GoF envelopes along with expected performances shown in
solid lines, and (c) the independent monitoring of accuracy quantified by NSE and SMRD. ......36

Figure 16. Benchmarking non-dominated sorting results in the marsh and lake illustrated by (a)
the non-falsified models at each time of the day, (b) the associated GoF envelopes along with

X



expected performances shown in solid lines, and (c) the associated monitoring measures NSE and

Figure 17. Benchmarking non-dominated sorting results in the marsh and lake illustrated by (a) a
list of the non-falsified models at each month, (b) the associated GoF envelopes along with
expected performances shown in solid lines, and (¢) the associated monitoring measures NSE and

Figure 18. Comparison between performance of non-falsified models in the marsh and lake at
different (a) time scales, (b) times of the day and (c) times of the season. In each panel, the solid
line is the expected NSE by the non-falsified models, while the envelope represents the
corresponding inter-model range of NSE values. ..........coovvviiiiiiiiiiiiiiiiieeeeeeeee e 39

Figure 19. The envelope of errors in the non-dominated simulations of evapotranspiration in the
marsh (left) and in the lake (right) during full days at 0.5 hour, 1 hour, 6 hours, 24 hours, 7 days
and 14 days simulation steps, sorted from top to bottom respectively (Error =
ETmodelled-ETmeasured). In each panel, the solid line is the expected simulation by the non-
falsified models at the given location timescale. ............cooeeeiiiiiiiiieeieiiiieee e 41

Figure 20. Peak errors during the 3 heatwave events in the marsh during the study period, where
ET is overestimated after a prolonged period of high net radiation with no precipitation, leading to
NIGRET TEMPETALUTES. ....eeieeeeiiie ettt e et e e e et e e e et eeeeeenbaeeeeas 42

Figure 21. Half-hourly relative error of non-falsified models presented at a daily time scale during
daytime and nighttime in the marsh and lake between May and October. The solid line represents
the models' mean while the shaded area represents inter-model range...........cccceeeeeeecnivveeeeeeennnn. 42



LIST OF TABLES

Table 1: Software for implementing Eddy Covariance techniques for land-atmospheric flux
CALCULATION. ...ttt e ettt e et e ettt e e et e e et e e et e e e et eeeabeeennneeas 6

Table 2: Data available in Magog from Environment and Climate Change Canada.................... 16

Table 3: Description of Eddy Covariance Measurement Stations in Lake Memphremagog and the
Cherry RIVET IMAAISI .......ooiiiiiiiiiieicc ettt et e e e et e e e eabeeeeensneeaeas 18

Table 4: Summary of the 40 empirical evapotranspiration models and their meteorological
variables, namely air temperature (7), relative humidity (RH), wind speed (u), atmospheric
pressure (P), incoming and outgoing shortwave radiation (Rin s, Rout s), net radiation (R,), ground
heat flux (G) and extraterrestrial radiation (Ry). Models that are recommended for daily and larger
time scales are identified with an asterisk sign (*) after their reference. ..........cccccoeveiviieennnnnnn. 27

Table 5: The equations of aerodynamic evapotranspiration models used in this study................ 28

Table 6: The equations of temperature-hybrid evapotranspiration models used in this study......28

Table 7: The equations of combination evapotranspiration models used in this study ................ 29
Table 8: The equations of temperature-based evapotranspiration models used in this study ....... 30
Table 9: The equations of radiation-based evapotranspiration models used in this study............ 31

Table 10: Summary of Goodness of Fit measures, their formulation and purpose in this study ..32

Table 11: Summary of most dominant evapotranspiration models ............cccccceeeeeeiicciiiiieeeeennn. 44

xi



LIST OF SYMBOLS

Symbol Variable Units
T Air temperature °C
Taew Dew point temperature °C
Pa Air density kg m-3
Pw Water density m-3
A Air pressure kPa
Ca Specific heat capacity of air Jkg-1 K-1
Cw Specific heat capacity of water Jkg-1 K-1
as Surface albedo Unitless
I Annual heat index unitless
Cat Atmospheric conductance m s-1
Cean Canopy conductance m s-1
D Day length h
z Altitude m
y Latitude Decimal degrees
R, Extraterrestrial radiation W m-2
Rgin Incoming shortwave radiation W m-2
Ryout Outgoing shortwave radiation W m-2
Riin Incoming longwave radiation W m-2
Riout Outgoing longwave radiation W m-2
R, Net radiation W m-2
AE Latent heat flux W m-2
H Sensible heat flux W m-2
G Ground heat flux W m-2
0 Heat Storage W m-2
Ja Julian day of year Unitless
Ay Latent heat of vaporization MJ kg-1
y Psychrometric constant kPa °C!
A Temperature slope of saturation vapor pressure relation kPa °C!
a Priestley-Taylor coefficient Unitless
RH Relative humidity %
€y Vapor pressure of air kPa
e Vapor pressure at the surface kPa
e Saturation vapor pressure kPa
VPD Vapor pressure deficit kPa
P Absolute humidity (vapor density) gm-3
u Wind speed m s-1
P Precipitation mm
PET Potential Evapotranspiration mm day-1
ET Evapotranspiration mm day-1

xii



1 Introduction

1.1 Background and motivation

Evapotranspiration (ET) is the second largest component of the hydrological cycle, and often
accounts for more than half of the water budget at global and local scales (Dingman, 2015; Jansen
and Teuling, 2020; Pan et al., 2020). Scientific investigations on ET can be traced back to the late
18%/early 19" century (Dalton, 1802). There are multiple angles for societal and environmental
importance of ET, ranging from quantifying aridity (Ashraf et al., 2014; Metcalfe et al., 2019; Y.
Zhang et al., 2016) and determining water needed for agricultural activities (Ashraf et al., 2021;
Hassanzadeh et al., 2016; Liu et al., 2017; Nazemi and Wheater, 2015a), to quantifying the natural
loss from surface water reserves (Nazemi and Wheater, 2015b; Nazemi et al., 2002;
Zandmoghaddam et al., 2019), from hydrological modeling at the catchment and basin scales
(Karimi and Bastiaanssen, 2015; Minville et al., 2014; Seiller and Anctil, 2016), to closing water
and energy budgets at the regional to global scales (Allen et al., 2011; Trenberth and Asrar, 2014),
and from investigating land-atmosphere interactions (McColl, 2020; Seneviratne et al., 2006), to
addressing the impacts of climate change (Bourdeau-Goulet and Hassanzadeh, 2021; Li et al.,
2009; Wang and Dickinson, 2012). Despite an enormous relevance, ET remains a poorly captured
component of the hydrologic cycle (Minville et al., 2014). Due to this wide relevance, estimating
ET forms one of the grand challenges for the science and application of hydroclimatology
according to the World Climate Research Programme’s Global Water and Energy Exchanges
(Cuxart et al., 2019; Verhoef et al., 2020). Addressing this grand challenge consists of a solid step
forward for global research, but its benefits can be further magnified by simultaneously providing
solutions at a local scale.

Apart from global relevance, ET has also local importance to decision making. For instance recent
study in the City of Magog, where this research is conducted, the principal risks identified are
related to floods, droughts and heatwaves for example which are all influenced by ET (Co6té and
Pouliot, 2021). Indeed, evapotranspiration plays a crucial role also at smaller spatial scales due to
its influence on land-atmospheric interactions (dos Santos et al., 2020). In addition to the
abovementioned impacts to economic activity, evapotranspiration also plays an immediate role in
extreme precipitation events such as increasing the intensity of convective precipitation (Prein et
al., 2017). In the context of a changing climate, increases in temperature exacerbate downwind
convective precipitation by the intensified evapotranspiration rates in North America (Prein et al.,
2020), and Magog can be reasonably expected to be subjected to the same effects.

Magog is located in the Saint-Frangois watershed at the downstream end of Lake Memphremagog.
The lake is split between American and Canadian waters, which creates international water
quantity and quality implications considered by the International Joint Commission (IJC, 2019).
The city is composed mainly of residential areas, while commercial and agricultural land is present
less than 2 kilometers away from the city center. It is an important tourist attraction in Québec due
to its beautiful landscapes, namely its proximity to Mont-Orford’s National Park and due to the
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lake’s presence, where tourists can engage in aquatic activities and fishing. In addition, it is situated
upstream of important cities in Québec, namely Sherbrooke and Drummondville along the St-
Francois River, and Trois-Rivieres and Québec City along the St-Lawrence River. Considering its
hydrological importance, coordinated efforts are required to ensure proper management of the
waters also flowing to these downstream cities. The present study stems from a collaboration with
local institutions who are working toward this objective, namely the City of Magog and the Cherry
River Marsh Association (LAMRAC).

1.2 Objectives and thesis layout

This research provides the first characterization of Eddy Covariance ET in the Cherry River Marsh
and Lake Memphremagog, which is a critical step to the advancement of characterizing land-
atmosphere interactions in this transboundary lake and its northern-end wetlands. In this study,
Eddy Covariance ET is used not only to provide high resolution measurements, but also
implemented to validate and benchmark existing ET models forced by the microclimate data in
the marsh and lake. The study period is the growing season of 2020.

The main objectives of this thesis are the following:

1. To generate and provide Eddy Covariance evapotranspiration datasets for the marsh and
lake according to best processing practices in the literature;

2. Benchmark existing evapotranspiration models in the marsh and the lake at different time
scales, times of the day and period within the growing season of 2020, when Covid-19
pandemic stroke the world, Canada and Québec;

The materials provided in the rest of this chapter presents an up-to-date literature review about
each of the two keys objectives. Further down in this thesis, Chapter 2 is dedicated to introducing
our case study and generating the high-resolution ET measurement datasets for the considered
lake-wetland duo. Chapter 2 of this thesis contains (2.1) a site description section associated with
the research location and its basic characteristics. It also contains (2.2) the detailed procedure
selected for generating ET datasets according to the literature review and the resulting
measurements which are used later.

Chapter 3 is dedicated to the second task of this thesis. It demonstrates the considered ET models
and presents the results of the benchmarking exercise. It investigates modelling of ET at different
time scales, times of the day and times of the year in the marsh and lake. In this effort, our research
pioneers the use of non-dominated sorting to simultaneously use multiple goodness of fit measures
to benchmark 40 ET models in a more systematic manner than using individual goodness of fit
measures separately. Compared to similar studies, it also considers the largest number of models
to ensure an adequate representation of existing literature. This benchmarking study and the results
presented there are currently under review at the Journal of Hydrology.

Chapter 4 presents the concluding remarks and main insights we have obtained through this
research effort. It reviews the initial gaps, presents our principal results and discussions related to
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the main investigations, and comments on the current state of knowledge and associated gaps.
Lastly, it also summarizes future directions for research in the local context of the City of Magog.

The measured data and processed results are publicly available on a GitHub repository
(https://github.com/vieirah1/Thes ET LakeMemphremagog).

1.3 Understanding and Measuring Evapotranspiration

ET is essentially the sum of the evaporation and transpiration fluxes. On the one hand, evaporation
is driven by free and forced convection, governed by available energy at the surface and air
turbulence. Surface characteristics such as albedo, roughness, and heat capacity, along with
environmental conditions such as wind speed can alter the surface energy balance (see Figure 1
below) and influence the amount of energy available for the evaporative component of the ET flux.
On the other hand, biological activities of living organisms, in particular photosynthesis and other
physiological functions of vegetation can regulate the transpiration segment of ET (Li et al., 2009;
Rasmussen et al., 1995; Sartori, 2000). Despite the nature and/or the cause of ET, whenever water
molecules leave the surface through ET, the latent heat is also lost (Liou and Kar, 2014). ET,
therefore, is a complex process caused by coupling of the water and energy balance and is affected
by surrounding physical and biological environments (Barry and Blanken, 2016; Oke, 1987).

Figure 1. The components of land-atmospheric energy exchanges, which can also describe the
evaporative flux (R, : net radiation, H: sensible heat flux, AE: latent heat flux, G: ground heat
flux, Q: heat storage flux (W m™).
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Difficulties in estimating ET stem from limitations in measuring and modeling the process across
different spatial and temporal scales. Measuring ET has been a longstanding challenge in
hydrology. Currently, different measurement techniques for ET are available but all are associated
with limitations and uncertainties across a range of landscape and/or scales. The simplest approach
to measure ET is through evaporation pans (Peterson et al., 1995). Despite being easy to use, pans
wholly ignore the transpiration flux and are unable to accurately reflect the impact of radiation and
heat exchanges. Pan measurements, therefore, need correction (Bedient et al., 2012). Lysimeters,
another widely-used measurement technique since the 1970s, are considered to provide the most
accurate measure of local ET (Dingman, 2015). However, lysimeters require a complex and costly
setup, and are only relevant locally (Jensen et al., 1990). The eddy covariance (EC) method can be
more representative of landscape-scale footprints of tens to hundreds of square meters. As EC is
representative of a larger footprint, it is well suitable for microclimatic studies (Karimi and
Bastiaanssen, 2015; Rosenberry et al., 2007); however, the method is relatively complex compared
to other techniques and also presents errors (Mauder and Foken, 2006; Stannard and Rosenberry,
1991).

Limitations in ET measurements propagate into the development of mathematical models, with
which ET is represented and quantified. A true physically-based representation of ET requires
coupling partial differential equations, describing energy and water exchanges at the interface
between sub-surface, surface and atmosphere (Chu et al., 2019; Hostetler and Bartlein, 1990; Liu
and Zhang, 2013; Roderick et al., 2007). In addition, because an important part of ET partitioning
is related to transpiration, a detailed representation of ET inevitably requires representing
biological processes (Wang and Dickinson, 2012; Wei et al., 2017), and this necessitates
representing some other physical phenomena such as the carbon and nutrient cycles (Lott and
Hunt, 2001; Rouse, 1998). As in most of cases, neither data supports nor the computational
algorithms and/or resources for such detailed representations are available, ET is often
parametrized in relation to some conceptual variables, such as Potential ET (hereafter PET) and/or
Reference ET (Allen et al., 2011; Penman, 1948; Thornthwaite, 1948). PET is defined as the
amount of ET when there is no moisture limitation in the surface (Guo et al., 2016). This definition
is very similar to the concept of atmospheric water demand, defined as the ET when soil and/or
plant surfaces reach to their holding capacity (Cuxart et al., 2019; Y. Zhang et al., 2016). The
agronomy community has heavily applied this definition and included new parameterizations to
account heterogeneity in soil, crop, and vegetation conditions in converting PET (or Reference
ET) to ET (Allen and Pereira, 1998; Djaman et al., 2015; Doorenbos and Pruitt, 1977).
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1.4 The Backbone and State of the Eddy Covariance Technique

Eddy Covariance is a modern methodology applied toward measuring evapotranspiration. The
Eddy Covariance technique has emerged and evolved in the past decades to be considered the
second most reliable measurement technique after lysimeters. While lysimeters might be the most
accurate technique to measure ET, they are representative of a small area. Eddy Covariance towers,
however, can be more representative of areas larger than 50m in length (Allen et al., 2011). Some
studies indicate statistically-derived accuracies of 10-20% (Mauder and Foken, 2006; Stannard
and Rosenberry, 1991). However, review papers after 2005 which investigate actual studies point
that closure errors of 20% are common and higher errors of 30% are also observed (Allen et al.,
2011; Wang and Dickinson, 2012). Eddy Covariance is useful not only for measuring water vapor
fluxes, but also for quantifying the fluxes of different gases, such as carbon dioxide and methane,
which makes it an ideal instrument to study land-atmosphere interactions in the context of a
changing climate (Gunawardhana et al., 2021). Several Eddy Covariance networks have been
established by the scientific community around the globe to facilitate communication of datasets
between different researchers and accelerate developments, such as FLUXNET (Wilson et al.,
2002), AmeriFlux (Novick et al., 2018), ChinaFLUX (Yuling, 2005). Considering their meso-scale
spatial coverage, they are ideal for measuring ET for marshes and lakes, and many studies have
done so (Blanken et al., 2000; Guo et al., 2019; Jansen and Teuling, 2020; Lott and Hunt, 2001;
Nordbo et al., 2011).

The Eddy Covariance technique consists essentially of using fast (10-Hz) measurements of water
vapor concentration and 3-D wind velocity to generate vertical evapotranspiration fluxes by
investigating the covariance of wind velocity and water vapor (Aubinet et al., 2012). In simple
words, by knowing the wind velocity and water vapor concentration, we can determine how much

water is moving upwards or downwards. More precisely, the equation Flux = p,w's’ illustrates
that evaporation fluxes are proportional to the covariance (overbar) of the instantaneous vertical
wind velocity (w’) and mixing ratio (s’) — see Burba (2013). Derivation of instantaneous variables
is carried through the use of Reynolds decomposition around variable means (Foken, 2017). Flux
calculations comprehend the basis of Eddy Covariance and are automatized in numerous existing
software and packages. The main software tools to make the flux calculation are summarized in
Table 1 — see Sigut (2017). In addition to designing the towards and maintaining the
instrumentation and data, the Eddy Covariance technique relies on extensive routines for pre-
processing, processing and post-processing to transform the measured data into research-approved
data. Most Eddy Covariance software execute the processing step, while pre-processing and post-
processing steps are more site-specific and are often programmed by researchers — this was the
case for this research endeavor as a custom MATLAB code was developed with initial support
from Université de Montréal’s researchers Oliver Sonnentag, Gesa Meyer and Gabriel Hould-
Gosselin. However, post-processing and pre-processing assisting software and packages are also
available (Sigut, 2017), but careful investigation of the techniques and assumptions used should
be carried to ensure they correspond to the landscape and instrumentation configuration. Some of
these include hesseflux, esmwfr, fluxpart, bigleaf and FluxnetLSM (see Sigut, 2017 for a complete
list and references to available options). Below, we review the many different methods proposed
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by the literature and discuss their advantages and disadvantages. In Section 2.2 , a more customized
discussion will present which methods were selected in this study, how and why they were applied.

Table 1: Software for implementing Eddy Covariance techniques for land-atmospheric flux

calculation
Eddy Covariance Developer
Software
EddyPro Licor
Max-Planck-Institut fii
EddySoft lax-Planc .nstltut ur
Biogeochemie
TK3 Zenodo
EddyUH University of Helsinki
EdiRe University of Edinburgh

1.4.1 Tower design and housekeeping

While we can observe heated debates in the literature about different processing techniques,
researchers unanimously agree on one fact: proper design of an Eddy Covariance setup and
housekeeping of the instrumentation and data are crucial. Detailed literature-derived guidelines
have inspired this study and some of the main ones are summarized below (Aubinet et al., 2012;
Burba, 2013):

1. Tower location and height should be selected as a function of the size and roughness of the
landscape, main wind directions and location availability. A general rule of thumb is to
consider 1 m of height for 100 m of landscape footprint and place it ideally at the center of
the landscape; if center placement is impossible such as in a lake, it should be placed at the
leeward (downwind) edge of the lake and wind direction filtering should be applied when
wind direction is not coming from the lake.

2. While a hygrometer and sonic anemometer are sufficient to compute fluxes, other
micrometeorological sensors are critical to improving corrections and inspecting punctual
events at the site location;

3. Open-path analyzers are ideal for hardly accessible stations thanks to their low power
consumption and long-term stability;

4. Frequent inspections, as well as expedient maintenance and calibration when required are
paramount to long-term success, but often overlooked.

6|Page



1.4.2 Eddy Covariance pre-processing

Pre-processing subroutines can be summarized as variable transformations and basic raw data
corrections. Different instruments may require different pre-processing steps before their outputs
can be used in flux computations, since slow data such as temperature and relative humidity can
be useful toward more precise corrections (Aubinet et al., 2012).

Open-path gas analysers such as krypton hygrometers output their signals in electric signals
measured in millivolts (mV). Consequently, they require a transformation to vapor density in g m”
3 according to the manufacturer’s calibration instructions before further processing.

In addition, as mentioned by Burba (2013), one of the most common mistakes by researchers is to
underestimate the importance of inspections and maintenance, which increases the likelihood of
data loss. However, even detailed maintenance plans are subject to data loss due to the
unpredictable nature of field work.

1.4.3 Eddy Covariance processing

Processing subroutines consist of flux computation and corrections, footprint estimation, quality
control and filtering. Quality control is critical in the process of developing an ET Eddy Covariance
dataset, because the data might be unreliable for many reasons related to instrument malfunction,
such as electric issues, raindrops on the hygrometer and damage to the sensors (Aubinet et al.,
2012). The processing procedure consists of several steps, executed using EddyPro (LI-COR Inc.,
2019).

First, wind filtering is applied at the lake to remove wind from the city to ensure the evaporation
signal comes only from the lake. This procedure consists simply of filtering data according to wind
direction.

Second, a coordinate rotation, in this case double rotation, is used to correct small shifts in
instrumentation angles and to ensure that the coordinate of sonic anemometer is in line with the
ground (Gan and Liu, 2020; Wilczak et al., 2001). Although initially sensors are placed parallel to
the ground and precisely levelled, small shifts can occur. Therefore, automatic routines have been
developed to correct any levelling errors to ensure flux calculations are done with respect to the
landscape’s coordinate system. The two main coordinate rotation methods are the double rotation
and planar-fit methods (Foken, 2017). The first method is the best in flat terrain (Kaimal et al.,
1994), while the latter should be favored over sloped terrain (Wilczak et al., 2001).

As sonic wind speed and water vapor cannot be measured at the same point, third, an algorithm is
needed to shift the time series before averaging fluxes (Burba, 2013; Fan et al., 1990; Paul-
Limoges et al., 2020). This procedure is called time lag compensation and accounts for the lag
time associated with the spatial separation between the sonic anemometer and gas analyzer. It is
more important in closed-path systems where this distance can be of several meters, in comparison
with open-path systems whose separation are only of a few centimeters. Even in open-path
systems, time lag must be always compensated. Two main methods are used: constant time lags
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and covariance maximization (Aubinet et al., 2012). The former can be used directly in closed-
path systems where the flowrate is known and allows calculation of the time lag directly. The latter
searches for the time lag which maximizes the covariance between water vapor concentration and
vertical wind speed (Fan et al., 1990).

Fourth, 10-Hz sonic wind speeds and water vapor measurements are averaged into half-hourly
fluxes by using the block averaging technique (Aubinet et al., 2012). Flux calculations require
averaging fluxes, which can be done using block average, linear detrending or autoregressive
filtering. This step was heavily debated in the literature because although linear detrending and
autoregressive filtering reduced random error, they are theoretically incompatible with the
derivation of flux equations, so block averaging is recommended (Finnigan et al., 2003; Foken,
2017; Pilegaard et al., 2003). However, Eddy Covariance averaging causes loss of high-frequency
and low-frequency physically plausible data; therefore, computed fluxes must be corrected
(Aubinet et al., 2012) according to best practices established by Moncrieff in 2004 and 1997
respectively which are applied through EddyPro (Foken, 2017; Moncrieff et al., 2004, 1997).

At this stage, the computed EC fluxes may capture some error due to fluctuations in water vapor
density caused by changes in temperature and relative humidity (Webb et al., 1980). To account
for this error and to correct it, fifth, we use the Webb, Pearman and Leuning (WPL) corrections
(see Gunawardhana et al., 2021; Lee et al., 2004). The Webb, Pearman and Leuning (WPL)
correction is the most important correction, since it addresses false fluctuations in water vapor
concentrations (Webb et al., 1980). If uncorrected, the measured water vapor density would reflect
not only the actual evapotranspiration fluxes, but also incorrectly account for changes in
temperature and relative humidity.

Finally, based on statistical characteristics of spikes and drop-outs, unrealistic fluxes are removed
as outliers (Vickers and Mahrt, 1997). Spikes in data are often eliminated by determining if each
data point is within physically plausible limits (absolute limits), or very different from than the
mean of a selected moving window in terms of standard deviations (Schmid et al., 2000). Other
procedures exist to identify spikes using point-to-point autocorrelation (Hojstrup, 1993), or the
difference between consecutive points (Clement, 2004), but these have a larger tendency to remove
physically plausible data accidentally (Aubinet et al., 2012). In this situation, variable moving
windows imply a design choice has to be made about the window’s length. While Schmid (2020)
used 15-min windows, smaller windows of 5-min are more conservative and often used
(Gunawardhana et al., 2021; Nordbo et al., 2011; Vickers and Mahrt, 1997). When spikes occur
for more than a certain number of time steps, they are considered discontinuities or drop-outs
which usually occur due to data recording issues. Under atmospherically stable conditions, data
amplitude may be too small to capture fluctuations and unreliable amplitude resolution are
automatically identified by inspecting the frequency distribution of moving windows. Spike
detection sometimes misses medium-duration spikes, so an additional flag is created by
investigating the skewness and kurtosis of the data; records are flagged as soft or hard flags if
outside physically plausible ranges. Using Vickers and Mahrt’s method, a flag is also added to
inform about the quality of the time lag optimization (Vickers and Mahrt, 1997).
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Best practice in Quality Assessment and Quality Control (QA/QC) for Eddy Covariance currently
involves a two-step process. The first includes statistical methods that investigate the data for
absolute limits, spikes, amplitude resolution, drop-outs, skewness & kurtosis and time lags
(Nordbo et al., 2011; Vickers and Mahrt, 1997), while the second evaluates the appropriateness of
turbulence conditions for Eddy Covariance (Foken et al., 2004; Ma et al., 2015). Both data analyses
have the potential of identifying unreliable data, such that gap-filling these removed time steps
during postprocessing will result in a more realistic dataset.

1.4.4 Eddy Covariance post processing

Measuring ET using EC includes implementing standard procedures during post-processing as
well (Gunawardhana et al., 2021; Paul-Limoges et al., 2020). The post-processing procedure
consists of 4 steps, mainly to filter poor-quality fluxes and fill data gaps. For these we use
Reichstein’s framework (2005) and friction velocity thresholds recommended by Alavi et al.
(2006) — see also Zhou and Zhou (2009) for details.

First, fluxes are removed if the turbulence conditions represented by friction velocity are not
sufficient for fluxes to be plausible (Alavi et al., 2006). Foken et al. propose using steady state
tests and turbulence tests to verify the respect of Eddy Covariance turbulent conditions (2004). In
the steady state test, the covariance of different smaller bins is compared with that of a whole 30-
min interval, and flagged for removal if the percent difference is more than 30%. This method has
been evaluated, approved and used in several studies (Foken and Wichura, 1996; Gunawardhana
et al., 2021; Gurjanov et al., 1984; Paul-Limoges et al., 2020).

Second, de-spiking procedures during processing of instantaneous data are bound to leave some
physically unrealistic spikes in the averaged fluxes time series. Therefore, an additional de-spiking
procedure should be applied during post-processing to filter out unrealistic fluxes at the averaged
time scale (Papale et al., 2006; W. Zhang et al., 2016). Papale’s de-spiking procedure is similar to
Vickers and Mahrt’s (1997) statistical method described above and is widely recommended
(Aubinet et al., 2012; W. Zhang et al., 2016).

Third, water droplets on the hygrometer and sonic anemometer distort measurements both
according to the literature and manufacturer’s technical sheets (Aubinet et al., 2012). Therefore,
fluxes must be removed during 30-min periods with precipitation.

Finally, gaps are created due to the different filters mentioned above and must be filled using
appropriate techniques. Gap-filling methods can be categorized as empirical or functional (Aubinet
et al., 2012). Empirical methods use nearby existing data to fill gaps, while functional methods
develop functions to estimate values in gaps. Mean diurnal variation (empirical) is the simplest
technique, which replaces missing values by the mean of adjacent days at the same time of the
day; although simple, it also presents the worse performance. Look-up tables (empirical) attempt
to replace missing fluxes by existing fluxes in nearby days with similar meteorological conditions.
Studies have implemented this in different ways, such as creating four tables per year and air
temperature to select fluxes in similar conditions (Falge et al., 2001). Other more statistical
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(functional) methods such as regressions, artificial neural networks are available, but require gap-
filled raw datasets to begin with and add therefore a layer of uncertainty (Aubinet et al., 2012). In
2005, a method has been proposed that combines empirical look-up tables with a more physically
sound approach (Gunawardhana et al., 2021; Reichstein et al., 2005). Reichstein’s (2005) method
fills data gap by searching for nearest data points with similar micrometeorological conditions to
the missing data point from which to sample the expected flux and fill the gap. Assuming that
fluxes will be similar in nearer time steps and that the more auxiliary data is available, the higher
the confidence in their generation of similar fluxes, Reichstein et al. gap-fill fluxes through a
systematic framework. It considers net radiation, air temperature, vapor pressure deficit and latent
heat flux. Starting with all variables, it attempts to gap-fill based on the smallest time window
around the missing data point (7 days) and if successful, signals the highest filling quality. If it
fails, the number of variables is decreased and the width of the time window is increased; in doing
so, gaps can still be filled but the filling quality drops (Reichstein et al., 2005).

1.5 Modeling Evapotranspiration

The formulation of PET is often based on empirical models, informed by meteorological variables.
The advent of empirical models for representing PET/ET can be traced back to the 19% century
(Fitzgerald, 1886). Comprehensive reviews of empirical modelling of ET are already available
elsewhere (Drexler et al., 2004; Shuttleworth, 2007; Sartori, 2000). In brief, empirical models for
PET/ET can be classified into four general categories, namely aerodynamic (mass-transfer),
temperature-based, radiation-based, and combination models, each following a set of assumptions
to reduce complexity and to allow parameterizations using commonly measured meteorological
variables. Aerodynamic models are the oldest type and relate ET to wind speed and vapor pressure
deficit (Carpenter, 1888; Dalton, 1802; Fitzgerald, 1886). They do not take into account changes
in surface and canopy resistances, nor net radiation or heat storage. In vegetated surfaces this is
not the case, as the turbulent fluxes are directly coupled with radiation; and, due to the lack of
thermal inertia, simple radiation-based models can well capture ET (Guo et al., 2016; Priestley and
Taylor, 1972). Temperature-based models can be seen as proxies of radiation-based models.
Similarly, they do not explicitly account for heat storage and usually better correlate with observed
ET at larger time scales (M. Valipour, 2015). Combination equations emerged in the attempt of
combining radiative and aerodynamic forcing together (Penman, 1948) and later expanded to
account for the presence of vegetation (Monteith, 1965).

While calculation of ET based on PET can be limited in landscapes with moisture deficit, it
provides a basis for calculation of ET when water limitation is removed; as ET, at least
theoretically, would be equal to PET. This assumption has been widely used in the literature
particularly in some real-world applications relevant to water resources planning and management,
e.g. for calculating irrigation demand, assuming that soil needs to reach field capacity (Harding
and Snyder, 2012a, 2012b; Lobell et al., 2006; Nakayama and Shankman, 2013), as well as
calculating evaporative losses from open water environments, such as reservoirs and lakes
(Hassanzadeh et al., 2017; Nazemi et al., 2020), and surrounding aquatic environments that can be
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considered water unlimited (e.g. wetlands; see Lott and Hunt, 2001; Roulet and Woo, 1986). Such
representations of ET have been also used in the context of land-atmospheric interactions and
assessing the thermal impacts of lakes and wetlands (Emilsson and Sang, 2017).

Although the definition of PET justifies its application for quantifying ET flux from waterbodies,
it might deviate from physical realism. In lakes, for example, there is an ideal setting for wind to
drive ET (Blanken et al., 2000), however there can be a high heat storage, significantly changing
the pattern of ET depending on the volume and the depth of the lake (Harwell, 2012; Tasumi,
2005). The importance of heat storage and how it should be represented is noted as one of the
grand challenges for calculating ET in open-water conditions (Cuxart et al., 2019). In vegetated
waterbodies such as wetlands, transpiration can play a major role, increasing total ET flux
proportionally to incoming radiation and biomass growth, up to a limit governed by vegetation’s
self-preservation responses to extreme heat (Collatz et al., 1991). In addition, vegetation shelters
the wet surface from the wind, reducing the influence of forced convection (Barry and Blanken,
2016; Drexler et al., 2004).

So far, several studies have attempted to benchmark the skills of empirical equations (Rosenberry
et al., 2007, 2004; Winter et al., 1995). These attempts are often carried on the basis of a single
Goodness-of-fit measure (GoF), which is inherently limited to the definition of the measure
chosen. It is, therefore, suggested that no GoF should be used alone (Jia et al., 2021; Legates and
McCabe Jr, 1999), and the definition of skills can be dependent to the scale and the time episode
in which the observed information are available (Jansen and Teuling, 2020; Li et al., 2009; Tanny
et al., 2008; Wang and Dickinson, 2012). However, even when several GoFs across different
temporal and spatial scales are considered, they are often investigated independently (Singh and
Xu, 1997), or are taken into account using combinatory indices, e.g. index of agreement (Legates
and McCabe Jr, 1999). Although combinatory indices may result in finding a model that minimizes
the error regarding several error measure (dos Santos et al., 2020; Willmott et al., 1985), they
ignore the trade-offs between different GoFs (Bormann et al., 2011).
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2 Generation of Evapotranspiration Data in a
Lake-Wetland Duo

2.1 Case Study and Site Description

We consider an integrated wetland-lake system in southern Québec, namely Marais de la Riviére-
aux-Cerises (in English: the Cherry River Marsh, a 1.4 km? freshwater wetland) and Lac
Memphrémagog (in English: Lake Memphremagog, a 110 km? glacial lake). While Lake
Memphremagog is an international lake shared between Canada and US, we measure evaporation
in two nearby EC stations within the City of Magog, Québec, Canada in the north end of the lake
— see Figure 2 (lake station: 45°16'03.2"N 72°09'41.6"W; marsh station: 45°16'55.8"N
72°09'58.2"W). The two stations are under the same local climate, allowing the local differences
in ET fluxes emitted from the two landscapes. The lake has been regulated since 1920 through the
construction of a hydroelectric dam, caused water levels to increase and penetrate into the Cherry
River Marsh. Today, the lake supplies water to over 170,000 people, and powers up the Centrale
Memphremagog, a 1.9 MW hydropower station (Ville de Magog, 2021).

" Yl \ P o

Memphremagog
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Figure 2. The position of the two Eddy Covariance stations in Lake Memphremagog and Cherry
River Marsh, located in Magog, Québec, Canada.
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Figure 3 provides a visual description of both stations and their accessibility paths, while their
detailed geometry can be consulted in the plans and profiles provided in Appendix A. Both of our
stations and their locations have been carefully designed to ensure a representative footprint
according to main wind directions and the landscape of the two sites as described below in detail.
The two stations are under the same local climate, allowing the local differences in ET fluxes
emitted from the two landscapes to be observed (Barry and Blanken, 2016). The duo is situated in
a humid continental climate (Koppen and Geiger, 1936; Peel et al., 2007), and have annual mean
temperature and annual precipitation of 5.6 °C and 1142.3 mm, respectively (ECCC, 2020).

Figure 3. Photos of lake (left) and marsh (right) stations on top and accessibility at the bottom.

Lake Memphremagog is a glacial lake with a maximum depth of 106 m and an approximate surface
of 110 km?. A dam was constructed at the outlet of the lake in 1920, since when it has been formally
regulated and used for hydroelectric power generation by Dominion Textile Ltd. Following
construction of the dam, water levels have increased, causing property damage (Anderson-Nichols
& Company, Inc., 1978), but also the expansion of the Cherry River Marsh. Today, over 170 000
people are served by the lake’s surface waters which extend their services as far as Sherbrooke
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situated 27 km away (Ville de Magog, 2021), and powers the Centrale Memphremagog which is
a 1.9 MW station. Figure 4 below displays a drone photo showing the lake extending into the
horizon and the marsh directly below the drone.

Figure 4. Photo displaying an aerial overview of the Cherry River Marsh and Lake
Memphremagog.

The Cherry River Marsh has an area of approximately 1.4 km?, where we can most often find
bushes such as sweet gale (7irica gale) and rosy meadowsweet (Spiraea tomentosa), and cattails
(Typha Latifolia) (Marie-Victorin, 1964), but also other less abundant but diverse species with
short seasonal maximum canopy heights under 1 m. It is a biodiversity hotspot, where we can find
over 27 species of fish, 26 species of mammals, 12 species of amphibians, 4 species of reptiles, 63
species of invertebrates and 400 species of flowers (LAMRAC, 2021). As a wetland, it provides
many ecosystem services including temperature regulation (Bolund and Hunhammar, 1999; Vieira
and Nazemi, 2020). Some of the main activities practiced in the marsh by the community and
tourists are hiking, bird watching, aquatic sports such as kayaking and guided tours offered by the
Cherry River Marsh Association. Although this institution provides services to the community, its
main objective is to ensure the conservation of the marsh, which until 1970 had zones which were
informally used as garbage dumping grounds, but has been cleaned and now adds environmental
and social value to the region.
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An overview of the study area’s climate is pertinent to shed light on microclimatological of our
sites. Although both stations are subject to different microclimates due to landcover differences
(i.e. the marsh and the lake), they are under the same local climate (Barry and Blanken, 2016).
Two meteorological stations in Magog have allowed the preparation of this climatological portrait.
Station Magog from Environment and Climate Change Canada (ECCC) contains daily data from
1948 to 2019 (ECCC, 2020) and Station Lac Memphremagog, from 2001-2019. Precipitation
measurements are available from 1948, while temperature maxima, minima, mean and ranges start
in 1949. Upon inspection, the data is complete, with the exception of a few episodes of missing
data, notably mean temperatures, which are estimated from the average of maxima and minima.
Table 2 summarizes data availability in both stations. Seasonality has been computed by averaging
values for each month over the data availability period and is presented in Figure 5 for each
variable. We can observe that temperature usually peaks in July, which is consistent with the well -
known effect of solar radiation heating the air at the surface of the Earth in the northern
hemisphere. Precipitation slightly follows temperature patterns, as expected due to increased
consequent evapotranspiration. Relative humidity, on the other hand, peaks during the winter and
reaches its lowest point in April, which corresponds to the melting of snow. Wind speed is also
highest during the winter, and reaches its lowest during the Fall, in September. These variables are
all directly related to estimation of evapotranspiration, as will be discussed later in detail.

Table 2: Data available in Magog from Environment and Climate Change Canada.

Station
Station Station Magog Memphremagog
Variable (daily) (hourly)
Temperature 1949-2019 2001-2019
Precipitation 1948-2019 2001-2019
Relative
humidity N/A 2001-2019
Wind speed N/A 2001-2019

The footprint of the sites is determined based on the parameterization proposed by Kljun et al.
(2015), which uses a Lagrangian stochastic particle dispersion model (see also the early work of
Kljun et al., 2004). The fetches of the 40%, 60% and 80% footprints in the marsh reach respectively
to 26 m, 45 m and 109 m. In the lake site these values are 95 m, 167 m and 390 m (see Figure 6).
In the marsh, the dominant wind direction is east, while southeast and northeast winds are not
uncommon. The main wind direction in the lake is southeast, but occasional western winds must
be filtered due to the station’s location at the edge of the lake.
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Figure 5. Monthly seasonality of climatic variables available for Magog, Quebec (2001-2019).
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Figure 6. Footprint climatology (a) in Lake Memphremagog and (b) Cherry River Marsh
represented by the contour lines of the 40%, 60% and 80% footprints.
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2.2 Generating Evapotranspiration Datasets
2.2.1 Instrumentation

This research was possible through the acquisition and continuous maintenance of two full Eddy
Covariance meteorological stations. Table 3 below summarizes the different sensors functioning
at the marsh and lake stations. The data from all sensors was recorded in both stations on CR6
dataloggers also from Campbell Scientific. Data is collected and stored on 16 GB weather-resistant
SD-cards which can endure extreme cold climate. Both stations data can then be accessed remotely
for inspections. Regular site visits are required to collect the cards. The marsh station is powered
by a solar panel, while the lake station benefits from the proximity to the city’s power grid and did
not require solar panels. For that reason, the krypton hygrometer is an open-path analyser which
consumes less electricity than closed-path analysers, in addition to requiring less corrections
during processing. The instrumentation can be broadly categorized in two main types with respect
to the frequency of the data acquisition. As we can notice in Table 3, the hygrometer and sonic
anemometer collect data every 0.1 seconds (i.e. fast data), while the rest of the instrumentation
collects data every half-hour (i.e. slow data). The former category is the primary data source used
for Eddy Covariance, while the slow data is used as data support in the processing of EC results
or in additional analysis. The design and location selection of the stations were carried according
to established criteria in the literature with regards to footprint requirements (Aubinet et al., 2012),
and in collaboration with researchers from Dr. Oliver Sonnentag’s lab.

The collected data and processed results are publicly available on a GitHub repository
(https://github.com/vieirah1/Thes ET LakeMemphremagog).

Table 3: Description of Eddy Covariance Measurement Stations in Lake Memphremagog and the
Cherry River Marsh

Manufacturer Measurement Marsh

Instrument (model) Measured variable Frequency (height) Lake (height)
Sonic Campbell Scientific . .
Anemometer (CSAT-3B) 3-D wind velocity 10 Hz Yes (2.95 m) Yes (5.65 m)
Krypton Campbell Scientific Water vapor
Hygrometer (KH20) concentration 10 Hz Yes (2.95m) Yes (5.65m)
T-RH probe Rotronic (HC2S3) Air temperature, relative 30-min Yes Yes
humidity
. Kipp & Zonen . .
Net radiometer (CNR4) Net radiation components 30-min Yes Yes
Water level Campbell Scientific Distance to surface 30-min Yes Yes
sensor (SR50)
Rain gauge Camplzcj}lll?f:)l entific Precipitation 30-min Yes Yes
Barometer Vaisala (CS106) Air pressure 30-min Yes Yes
Soil heat flux Hukseflux Ground heat flux, soil 30-min Yes No
plates (HFPO1SCI15) temperature and moisture )
Water s Yes (every 0.3
temperature Onset (HOBO TidbiT Water temperature 30-min No m up to depth
v2 Temp)
Sensors of 2.5 m)
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Besides Eddy Covariance stations, a few additional instruments were used to collect data. Water
temperatures were measured in the lake by attaching sensors TidbiT® v2 Temp (manufactured by
Onset) to chains attached to navigational buoys in Lake Memphremagog.

2.2.2 Setting up and applying Eddy Covariance procedure

Data collection is associated with multiple challenges, such as power issues and instrumental
faults. As recommended in the literature (Aubinet et al., 2012), regular monitoring and
maintenance were critical to identify any issues early on and minimize data loss. The reader may
walk through all major actions executed in this project from data acquisition to post-processed
results by referring to the flowchart in Figure 8. A rigorous 3-step data validation approach is
adopted to ensure the quality of the resulting datasets. A set of established routines are
implemented as recommended by the state-of-the-art Eddy Covariance literature to systematically
flag and, as applicable, remove unsuitable data points.

It is important to identify periods when the data might be unreliable and to ensure long-term
functioning of the stations. Maintenance procedures were determined according to the factory
instruction for each instrument and carried mainly by the author for routine tasks, and by Campbell
Scientific technicians for specialized tasks such as replacing, repairing or calibrating sensors.
Figure 7 displays sample photos of instrument maintenance site visits. Site visits also included at
a brief inspection and photographic report inspired by common practices in the construction
industry. These focused on ensuring minimal to no distortion to collected data due to
environmental threats such as: structural damage, structure degradation, sensor obstruction, etc.

\

Figure 7. Sample photos of station maintenance and data collection.

We measure ET using EC by implementing the established methods and computer codes for

processing, correcting and post-processing (Gunawardhana et al., 2021; Paul-Limoges et al.,
2020).
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In Chapter 2, we have discussed in depth the different corrections required, the pros and cons of
different techniques in the literature, as well as why and how they are implemented. Therefore, the
present section focuses only on justifying the specific methods selected for use in this study.

Pre-processing routines were developed using MATLAB by Mathworks and Loggernet (Campbell
Scientific Inc., 2007) to prepare all the data for processing with EddyPro. Automatic routines are
critical in Eddy Covariance processing due to the large volume of data processed. Considering that
fast measurements are obtained 10 times per second, one year of data results in 315 million lines
of data per year; therefore, renaming files, converting data units and even other simple tasks are
only feasible with automation. Specific formatting of the data was required for input into EddyPro.
In addition, preliminary corrections were required such as day time savings time shifting and wind
direction corrections.
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Figure 8. The computational procedure for Eddy Covariance ET flux calculation.
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Data processing and corrections were carried using the software EddyPro (LI-COR Inc., 2019).
The processing procedure consists of (1) wind filtering to remove wind from the city. (2)
Correcting small shifts in instrumentation angles using double rotation approach (Gan and Liu,
2020; Wilczak et al., 2001). The double rotation method is used because of the combination of its
simplicity and general dominance over other models (Gan and Liu, 2020; Heinesch et al., 2007;
Wilczak et al., 2001). It is only inferior to the planar fit measure in complex terrains, but the
topography of the marsh and upwind of the lake station (water) is homogeneous (Aubinet et al.,
2012; Heinesch et al., 2007). (3) Accounting for the fact that sonic wind speed and water vapor
cannot be measured at the same point using the automatic time lag optimization (Burba, 2013; Fan
et al., 1990; Paul-Limoges et al., 2020). This method combines the benefits of a constant time lag
and applying covariance maximization (Fan et al., 1990; Paul-Limoges et al., 2020). (4) computing
half-hourly fluxes using block averaging (Aubinet et al., 2012); (5) correcting fluctuations in water
vapor density using widely used Webb, Pearman and Leuning technique (WPL; Gunawardhana et
al., 2021; Lee et al., 2004; Webb et al., 1980); and (6) applying high- and low-pas filters to
attenuate computed fluxes (Moncrieff et al., 2004, 1997). Finally, (7) removing of spikes and drop-
outs based on statistical characteristics of half-hourly fluxes (Vickers and Mahrt, 1997). Quality
assessment and control is carried according to Vickers and Mahrt (1997), and for turbulence
conditions according to Foken et al. (2004) as explained in the literature review and summarized
in Figure 8.

Data post-processing was carried using the software MATLAB by Mathworks. The post-
processing procedure consists of 4 steps, mainly to filter poor-quality fluxes and fill data gaps. In
brief, our standard post-processing includes (1) removal of fluxes in which turbulence conditions,
represented by friction velocity, are not sufficient for fluxes to be plausible (Alavi et al., 2006);
(2) removal of spikes from half-hourly fluxes (Papale et al., 2006; W. Zhang et al., 2016); (3)
removal of fluxes when precipitation takes place (Aubinet et al., 2012); and finally (4) gap filling
using the nearest data points with similar micrometeorological conditions Reichstein’s (2005).

2.2.3 Eddy Covariance Evapotranspiration Dataset

Complete data from our EC stations is available between May 1% to September 30*, 2020. The
daily-averaged ET measurements at the two sites are presented in Figure 9. The total ET in the
marsh and lake during the whole growing season of 2020 are 330 mm (63 mm, 74 mm, 92 mm,
60 mm and 43 mm from May to September, respectively) and 450 mm (52 mm, 94 mm, 102 mm,
116 mm and 88 mm from May to September, respectively). Based on the measured signals, nearly
90% of seasonal ET in the marsh occurs during daytime, while in the lake this proportion is around
66%, reflecting a higher nighttime ET in the lake (Wang et al., 2014). ET magnitudes reach their
maximum in the marsh and the lake around July and August, respectively.
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Figure 9. Daily evapotranspiration rate during the study period at the marsh and the lake sites.

Large yet physically-plausible ET spikes are observed in late June in the lake. It has been shown
that a large proportion of seasonal evaporation in lakes can happen during short events of high
latent heat pulses (Blanken et al., 2000; Liu et al., 2011). For the particular event, high wind speeds,
net radiation and air temperature, along with low relative humidity, made an ideal condition for

high ET at the lake —see measurements in Figure 10 and anomalies in Figure 11 (Anomaly = %).

The anomalies displayed in Figure 11 are calculated with respect to the entire growing seaon. We
observe that prolonged high values in temperature and net radiation provided a higher free
evaporation potential, while the high wind event around June 25 created a strong forced
evapotranspiration. This cannot happen in the marsh as the vegetation cover is in its maximum
height and shields the surface from the wind.

The accuracy of ET measurements using EC method can be assessed through examining closure
of the surface energy balance (Allen et al., 2011; Y. Zhang et al., 2016). This is through checking
the balance between available energy (R,, — G for the marsh; R,, — Q for the case of the lake) and
the turbulent fluxes (LE + H). In reality, this closure is rarely fully satisfied due to multiple sources
of errors and unaccounted sources/sinks of heat (Aubinet et al., 2012). In particular, ground heat
flux and/or heat storage can account up to 50% misclosure in energy balance (Foken, 2008; Wang
and Dickinson, 2012). In our setup at the marsh, ground heat flux is measured directly using an
integrated temperature, moisture and heat sensor. Heat storage in the lake is calculated through the
method presented in Blanken et al. (2000), and the water temperature data available for September
2020. Temperature is measured using a series of temperature sensors placed over a chain, and
spaced at approximately 0.3 m from the water surface to the depth of 2.5 m. Figure 12 shows
energy closure at both sites on a daily time scale (Blanken et al., 2000), revealing a closure of 95%
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at the lake site and month September. In the marsh the daily closure varies between 41% to 58%
in different months, with the expected value of 47% over the whole growing season. While this
include large energy imbalance, both FLUXNET (Wilson et al., 2002) and ChinaFLUX (Yuling,
2005) include sites with similar closure ratios. In our case, poor closure in the marsh might be
caused by underestimation of ground heat flux due to the absence of solid soil layer, which causes
large errors in measuring the stored and emitted heat from the wetland surface (Lee et al., 2004;
Foken, 2008).
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Figure 10. Key microclimatic measurements made in the marsh (left column) and lake (right
column) during the study period, averaged at the daily time scale. Symbols are presented in the
List of Symbols.

23|Page



-2 : : : : -2 . : : :
Jun 13 Jun 16 Jun 19 Jun 22 Jun 25 Jun 28 Jun 13 Jun 16 Jun 19 Jun 22 Jun 25 Jun 28

2020 2020
2 T 2
> 17 > 1t |
© g I g
= g 0 x o Of ]
[ C
< -1}, < -1t 1
-2 : : : : -2 : : : :
Jun 13 Jun 16 Jun 19 Jun 22 Jun 25 Jun 28 Jun 13 Jun 16 Jun 19 Jun 22 Jun 25 Jun 28
2020 2020
2 3
> 17 > 27
- £ :
x §0 a 51
[ C
< -1 < Ot
-2 : : : : -1 : : . :
Jun 13 Jun 16 Jun 19 Jun 22 Jun 25 Jun 28 Jun 13 Jun 16 Jun 19 Jun 22 Jun 25 Jun 28
2020 2020
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Figure 12. Energy balance closure diagrams showing scatter plots of daily available energy
values versus daily turbulent fluxes. The percentage of monthly closure for each month is
reported in parenthesis. The line shows the expected closure during the data period.
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3 Benchmarking Empirical Models of
Evapotranspiration in the Considered
Lake-Wetland Duo

By putting in perspective current state of knowledge, the aim here is to understand the skill of
empirical PET/ET models in representing the ET fluxes from wetlands and lake. To the best of our
knowledge, the most comprehensive intercomparison study is limited to 24 models (Seiller and
Anctil, 2016). Here we increase the number of models to 40 and cover empirical equations
suggested from Fitzgerald (1886) to McColl (2020) in the time span of 135 years.

3.1 Empirical modelling of evapotranspiration

Our benchmarking study includes 40 empirical ET models, developed in the time span of 135
years. The models are handpicked from all categories of empirical models noted in Section 1 and
contain 10 Aerodynamic (A), 8 Combination (C), 8 Temperature-based (T), 6 Temperature hybrid
(T+), and 8 Radiation-based (R) models (Table 4). Each model M is identified by two indices as
M,Tlaneber, in which Type identifies the model category and the number is the nominator of the

model in its own category. Table 4 lists these models, their sources and input meteorological
variables.

Type
Mnumber’

and the number is the nominator of the model in its own category. Note that ET models are placed
in each category based on their conceptualization, and the way input variables are utilized (Seiller
and Anctil, 2016). For example, De Bruin’s equation (M{) is considered a combination equation,
due to its derivation from Priestley Taylor’s equation and inclusion of a radiation coefficient (de
Bruin, 1978; Priestley and Taylor, 1972). Also, a temperature-hybrid category is created to
distinguish temperature-based equations with and without other supporting meteorological
variables such as incoming radiation. 90% of these equations provide an estimate for PET, except
for MS, ME, ME, and M§, which compute actual ET. The formulations of these equations are
provided in Tables 5 to 9 and are slightly modified to harmonize the units. Thornthwaite’s
equation, M}, requires long-term records to establish monthly averages (Thornthwaite, 1948), for
which we use temperature records from 2001 to 2020 from Environment and Climate Change
Canada’s climate station at Lake Memphremagog (Climate ID: 702CFGG).

Each model M is identified by two indices as in which Type identifies the model category

We test the skills of these models in representing ET from a wetland-lake duo, in which ET is
measured using an entirely consistent EC approach and instrumentation during growing season
2020, when Covid-19 pandemic hit Québec, Canada and the world.
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3.2 Benchmarking approach

We shift the benchmarking approach from single- to multi-objective assessment by implementing
a non-dominated sorting algorithm. This allows using multiple GoFs simultaneously and
identifying several non-falsified ET models as parallel modeling hypotheses. We repeat our
benchmarking across a range of scales as well as diurnal and seasonal segments to reveal how the
skill of empirical ET models alters across scales and/or daily to seasonal cycles.

Our benchmarking is based on assessing the skills of empirical ET models against multiple GoFs.
The simplest approach to implement multiple GoFs is to assign a corresponding weight to each
GoF based on their importance to the problem in hand (which may be subjective), and to combine
them through a mathematical operator into a combined GoF (Nazemi et al., 2002).

Although this approach transforms the multi-objective problem into a quasi-single objective
ranking, it fails to accurately represent dominance (Cheng et al., 2018; Wang et al., 2017).
Accordingly, in line with the state-of-the-art (see e.g. Bao et al., 2017; Herman et al., 2018), we
consider assessing multiple GoFs using a multi-objective ranking. In this approach, a model
dominates another, if and only if it performs better considering all GoFs. This consideration
requires implementation of non-dominated sorting (or Pareto ranking) methods (Ghiasi et al.,
2011; Nazemi et al., 2006, 2008), and inherently allows the existence of several models at the same
front (or dominance level). Here, we consider a fast non-dominated sorting algorithm, which
considers the idea of Pareto comparison with a pruning scheme and is used in the context of
Nondominated Sort Genetic Algorithm II (NSGA-II; Deb et al., 2002). In brief, the algorithm uses
a sequential approach to rank models. First, all ET models are used to determine Pareto front of
non-dominated (or non-falsified). The algorithm then removes the Pareto front and repeats the
multi-objective ranking to identify the second front and so on until all models are ranked.

We consider four GoFs, namely the Root Mean Square Error (RMSE), Mean Absolute Error
(MAE), Mean Error (ME) and index of agreement (d) for multi-objective ranking. These GoFs
have been frequently used in intercomparison studies (Bormann et al., 2011; Herman et al., 2018;
Legates and McCabe Jr, 1999; Willmott et al., 1985). The experimentation methodology can be
clearly followed up to this point in the flowchart presented below in Figure 13. We also use two
other GoFs to independently monitor the uncertainty and skills of the first-rank models. To
evaluate the uncertainty, we measure the expected range of non-falsified simulations of ET per
day, termed here as Standardized Mean Range per Day (SMRD). A large (small) SMRD indicates
low (high) agreement between non-falsified models, and therefore high (low) uncertainty. We also
use Nash Sutcliffe coefficient of Efficiency (NSE) to independently evaluate the skills of non-
falsified models. NSE values have the upper bound of 1, indicating a perfect fit and a critical value
of 0, below which the simulated values are practically useless as they are not even as informative
as long-term average of the observed signal. Table 10 summarizes the formulation of the GoFs
used, in which ET,,,4; and ET,;,, are the modelled and observed ET signals, N is the number of
data points and At is the simulation timestep per day.
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Table 4: Summary of the 40 empirical evapotranspiration models and their meteorological
variables, namely air temperature (7), relative humidity (RH), wind speed (u), atmospheric
pressure (P), incoming and outgoing shortwave radiation (R}, , R$,; ), net radiation (R,), ground
heat flux (G) and extraterrestrial radiation (Ry). Models that are recommended for daily and larger

time scales are identified with an asterisk sign (*) after their reference.

L. Meteorological
Category Reference Abbreviation Variables
Brutsaert and Yu (1968) M T, RH, u
Carpenter (1888) M4 T, RH, u
Einsenlohr (1966) M4 T, RH, u
Fitzgerald (1966) M2 T,RH, u
. Marciano and Harbeck (1952 ME T, RH, u
Aerodynamic models (A) McMillan (197 1)( ) le T RH u
Meyer (1915) M4 T, RH, u
Rohwer (1931) M T. RH, u, P
WMO US (Gangopadhyaya, 1966) Mg T, RH, u
WMO USSR (Gangopadhyaya, 1966) M{, T, RH, u
De Bruin (1978) M¢ T,RH u
Doorenbos-Pruitt (1977) M§ T, RH, u, P, R},
Kimberley-Penman (Wright, 1982) M§ T, RH, u, P, R,
c
Combination models (C) Koerselms:ﬂa;cl 1(3169138; n (1988) %Zﬁ ; 25 Z Ilz 2:
McColl (2020) M¢ T, RH, u, P, RS, R,
Penman (1948) M§ T.RH u, P, R, G
Penman-Monteith (1965) M§ T, RH, u, P, R;,, R,
Hamon (1963) MT T
Hargreaves-Samani (1985)* M¥ T
Hydro-québec (Bisson, 1983)* Mt T
Temperature-based Kharrufa (1985) MF T
models (T) Linacre (1977) VA T. RH
Papadakis (1965) ME T
Romanenko (1961) MT T, RH
Thornthwaite (1948) ME T
Jensen-Haise (1963) M+ T, R},
McGuinness-Bordne (1972) MI+ T, Ry
Temperature-hybrid Oudin (2005) MI+ T. Ry
models (T+) Rouse (1998) MIt T, R,
Stephens-Stewart (1963) MI* T, R},
Turc (1955) MI+ T, RH, RS,, Ry
Abtew 1 (1996) MF RS,
Abtew 2 (1996)* MR T, RS,
Abtew 3 (1996)* MR T, RS,
Radiation-based models De Bruin-Keijman (1978) ME T,P,R, G
(R) Makkink (1957) MF T, RS,
Priban net radiation (1985) ME T, R,
Piiban relative humidity (1985) MR T, RH, R,
Priestley & Taylor (1972) ME R., G
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Table 5: The equations of aerodynamic evapotranspiration models used in this study

Model Equation

MZ PET = 180(1.35 * 10% + 1.54 = 10 * w)(e;, — e,)
M3 PET =33.27(e; —ey)(1+ 4.66 x 1075 u)
M4 PET =1.023 u(e; —ey)
M2 PET = 160.43(e;; — e,)(1 + 0.0208u)
mZ PET = 1.0057 u(e; — e,)

i 0.8640 .
M? PET = (4.0 + 2.44 w) (el — ey)

v

M4 PET = 12.49(1 + 0.00415w) (e — e,)
M4 PET = 6.630 * (1.465 — 0.06304)(0.44 + 0.0022u) (e — ;)
Mg PET =1.31x*u(e; —ey)
M5, PET =13« (14 0.72u)(e} —e,)

Table 6: The equations of temperature-hybrid evapotranspiration models used in this study

Model Equation
T+ 9 -2
M] PET = (0.014 (g T, + 32) - 0.37) * Qg * 3.523 10
I+ PET = 1000 » X0B6HRT + 5
= *
g Avpw 68
0.0864R,(T + 5
MI+ PET =10 o(T +5)
Ay Pw
MmI* PET = 86.4%10° (0.59 R,, + 1.083T)(p,,1,) !
9 8.486Ry;
mI+ PET = (0.0082(=T, + 32) — 0.19) * ————
5 AvPw
T,
1000 (TaTaw) (0.0864(Rgin — Rsout) + 24)
PET =
mI* Aypw 1.3 "
50 — RH
c=1+ 70 for RH < 50%;c =1 for RH = 50%
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Table 7: The equations of combination evapotranspiration models used in this study

Model Equation
864 a y
¢ PET = 2.9 4+ 2.1u) (e} —
Ml pwlv(a_l)A'l'y( 9+ u)(ea ea)
Lp,
PET = 0.0864K, * -“——— 0.3;
MC A +Y
2
K, = 1.066 0.13kH + 0.045 0.0zkH 0.00315 (RH)Z 0.0011u?
a= < ST 100 A
PET ! (—A 0.0864R +262—A (e} ) K)
= — . * - *
L\a+y n Aty ‘CaTCl*lp
M'g 2 2
Ip — 173 Ip — 243
K, =04+ 0.14exp | — (T) + 0.605 + 0.345exp | — (T) * U
A \
ye T *Rp +10y(37 + 4u)(es —ey)
4 ET = 0.73 % =2 +0.16
A+y
C — A * -1
M ET =085 ( =+ Ry + 10y(3.7 + 4u)(e; —ey) |(A+y)"* +0.18
v
ET = 86.4(A,p,,) " [461T?% A, c, pg Car W, *
_ CcanCat pa/lvo-6228a
23 107°0.622¢;  Cean xp 106, =6 Fe.T 4
M¢ Cq 461%T?A Ceqn + Co 461T*? PaCaCat
o A1076 CoanCar 0.622e,
Ccan + Cat A
M¢ PET =2"1(A+y)"*(0.0864AR, + 2.62y(e; — e,)(1 + 0.537u))
_ 0.0864AR,, + 86400 ¢, po Cqeel [1 — RH]
M§ - Cat
pw/lv<A+y*(1+@)
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Table 8: The equations of temperature-based evapotranspiration models used in this study

Model Equation
e*
MT PET =29.8D * ————
L 98D o732
M3 0.1987R, os
PET = 0.0023 (—) (T — Tornin) S (T + 17.8)
AvPy
9
MI PET = 0.02978 (Typax — Trmin) €Xp (0.019(§ (Trax + Trmin) + 64)
My PET =034+ (100 *L) «T13
* ' 365 * 12
k(T + 0.0062)(100 — y)™1 + 15(T — Tyen)
, PET =
where k.. = 500 and k,,qr-sn, = 700
T PET = 0.1844 (€fhax — €nin_2)
where e,,;,_,: saturation vapor pressure at Tp,;,, — 2°C
T\? e
M7 PET =45 (1 + —) (1 — —“)
25 es
per =16+ () (22}
= * —_— —_—
360/ \ I
12
Mg Tmo 1.514

I = Z ( c ) , Timo: mean monthly temperature

n=1

K =0.49239 + 1.792 10721 — 0.771107*12 + 6.75 107713

30| Page



Table 9: The equations of radiation-based evapotranspiration models used in this study

Model Equation
R.:
MR PET = 0.0449 ——
Ay
M PET — 0.012(2.064Rgi,, + 50) Tax
Tax + 15
RyinT,
MZE PET =0.00154 —"*
Ay
111 (2 4 0.0864(R, — G) | + 10.3
MF 11| 355 +0. n .
PET = 1000
Pwhv
A Ry;
MR PET = (52.6 = )— 0.12
5 Aty A,py 106
ME PET = (—4.66 + 0.0306 R,, ) * 30.571
MR PET = 0.00107 R, (1 — RH)?938
0.0864(R, — G) A
ME PET = 1000«
8 B+ 1) Appw
ET BENCHMARKING FLOWCHART
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Figure 13. ET benchmarking computations methodology flowchart.
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Our benchmarking focuses on assessing the combined effects of land cover (vegetated vs. open-
water), timescale (half-hourly to monthly) as well as the diurnal (daytime vs. nighttime vs. full
day) and seasonal segments (beginning vs. middle vs. end of the growing season) on the skills of
empirical ET models. This benchmarking exercise is executed through three independent
experiments that are applied in the two sites. Our first experiment focuses on the effect of timescale
in determining the skill of ET models. It is known that the dependence of ET on meteorological
variables (e.g., net radiation) changes across time scales (Jansen and Teuling, 2020; Rimmer et al.,
2009). Consequently, it is important to investigate the range of timescales in which different
models are relevant. Our second experiment is performed solely at the half-hourly timescale — the
finest timescale in which observed ET is available — but considers ET signals at different diurnal
segments, i.e. daytime and nighttime. This is to address the skills of empirical ET models in
capturing observed signal when there are major changes in incoming shortwave radiation and
photosynthetic activities in the course of day (Aubinet et al., 2012; Wang and Dickinson, 2012).
Finally, our third experiment looks at how the efficiency of ET models can vary across different
segments of the growing season. For instance, albedo changes in the marsh during the growing
season (and hence the ratio of transpiration to the total ET), along with the heat storage in the lake
(see Drexler et al., 2004; van Emmerik et al., 2013). It is still unclear how empirical models can
capture the seasonal trajectory of ET in response to an evolving environment during the growing
season. This experiment is performed at a daily timescale and considers months of May, July and
September as the representative of the beginning, middle and the end of the growing season.

Table 10: Summary of Goodness of Fit measures, their formulation and purpose in this study

Goodness of Fit .
Measure Equation Purpose
Mean absolute error SN (ET moa — ETopsl) Multiobjective
(MAE) N ranking
Mean error (ME) YN ((ETpmoa — ETps) Multiobjective
N ranking
Root mean square YN (ETmoa — ETobs)Z Multiob]:ective
error (RMSE) N ranking
N 2
Index of agreement 1 ( i=1(ETmoa — ET ops) ) Multiobjective
d - —— 12 rankin
( ) Zliv=1(|ETmod _ETobsl - |ETobs _ETobsl) £
Standardized Mean N «  _ pa Independent
Range per Day i=1(ETmax — ETmin ) proxy of
(SMRD) NAt uncertainty
N 2
Nash Sutcliffe (Zi=1(E Timoa — ETobs) ) Independent
Efficiency (NSE) - proxy of skill

— 2
Z?,:1(ETobs - ETobs)
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3.3 Results

3.3.1 Skills of empirical models across a range of time scales

The focus here is on identifying non-falsified ET models in the marsh and the lake sites across a
range of timescales, extended from half-hourly to monthly. Figure 14 summarizes the results in
the marsh. In panel (a), the non-falsified models across different timescales are shown, revealing
that there is no timescale in which a single ET model can dominate over all other models. At the
finest timescale, there is at least one model from each category among non-falsified models. From
1- to 6-hour, the non-falsified models mainly include aerodynamic and combination models. This
indicates the importance of radiative and wind forcing in driving ET at the marsh site across finer
timescales. The most versatile aerodynamic models in the marsh at timescales smaller than 12-
hour are M3 (time scales smaller or equal to 3-hour) and MZ (all time scales except 3-hour).
Combination methods are also seen in timescales finer than 12-hour, where the model M¥ is the
most versatile model across these timescales.

The most versatile aerodynamic models in the marsh at timescales smaller than 12-hour are
M3 (time scales smaller or equal to 3-hour) and MZ (all time scales except 3-hour). Combination
methods are also seen in timescales finer than 12-hour, where the model M$ is the most versatile
model across these timescales. At time scales coarser than 12-hour, RMSE, MAE and SMRD are
generally improved; inter-modal variability decreases; and, the non-falsified models are dominated
by aerodynamic and temperature-hybrid models, except at the biweekly timescale. The most
versatile models across coarser timescales are M4 and MI*. This indicates a critical range — in this
case between 12-hour to weekly, in which the skill in representing ET declines with the shift from
aerodynamic to temperature-hybrid models. However, it should be noted that ME shows a
conflicting pattern, indicating the importance of adopting a multi-objective sorting for
benchmarking modeling performance. Figure 15 shows the benchmarking analysis for the lake.
Similarly, no single ET model can dominate over all other models in any of the considered
timescales. While ET at finer scales is best captured by aerodynamic models, temperature-based
and radiation models dominate at coarser timescales. The most versatile aerodynamic models in
the lake and at the finer time scales include M&, M4 and M£. Similar to the marsh, as the timescale
gets coarser, RMSE, MAE and SMRD values decrease. This trend is also observed in NSE and d
with more gradual improvement over time. There are few models that are shared in both lake and
the marsh (e.g. M4 and MZ in daily and sub-daily timescales. Differences can be also witnessed
between the two sites, e.g. MI* performs better at timescales coarser than 12-hour in the marsh,
but at finer timescales in the lake. However, in scales finer than weekly, non-falsified models
provide negative NSE, indicating poor simulations at the lake.

3.3.2 Skills of empirical models across different diurnal segments

As the incoming radiation is absent during nighttime, the mechanisms that drive ET, and
accordingly the nature and skills of non-falsified models, can alter during different time of day. In
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order to better investigate this, we use the non-dominating sort algorithm to rank half-hourly ET
models during daytime, nighttime and a full day, separately.

Figure 16 summarizes the findings of this experiment in the lake and marsh. In the marsh, there
are at least six non-falsified models during each segment of a day. During the daytime and full
day, the first-rank models include all categories. In the nighttime though, the non-falsified models
are mainly limited to aerodynamic models as well as several combination equations, in response
to the absence of incoming radiation during the nighttime. In the lake, nine models are non-falsified
during the full day, containing all categories except radiation-based models. During the daytime
and nighttime though, the number of non-falsified models extensively declines. During the
daytime, there are only three non-falsified models that are either temperature-based or temperature
hybrid. In the nighttime, one temperature-based model dominates all other options.

The behaviour of GoFs during different time of day are also different. In the marsh the value of
RMSE and MAE are improved moving from full day to daytime to nighttime, whereas this is not
the case for other GoFs. In the lake though, the expected skill along with the range of uncertainty
in GoFs is strictly improved moving from full day to daytime to nighttime.

It is worthwhile to note that although in both the lake and the marsh, there is an ET model that is
non-falsified in the three diurnal segments, the non-falsified model is different in the lake (MT)
and the marsh (M#), indicating that a unique empirical model that can be relevant to both lake and
marsh during the whole day cannot be found.

3.3.3 Skills of empirical models across different segments of the growing season

As the growing season continues, vegetation evolves in the marsh and heat storage increases in the
lake. As a result, the performance of empirical models may change; and thus non-falsified models
during different segments of the growing season. To address this, we consider assessing the skill
of non-falsified models in simulating daily ET signal in the beginning, middle and the end of the
growing season, represented by the months May, July and September, respectively (Figure 17).
First and foremost, the expected ME values in both sites and in all months are above zero,
indicating that the ET is overestimated by all non-falsified models. In both landscapes, there is no
ET model that remains non-falsified during all segments of the growing season. In the marsh,
aerodynamic models are only present in May, when vegetation is still in its early stage, and canopy
resistance is low, allowing wind to have more impacts on ET. As the growing season continues,
however, temperature-based and temperature hybrid models become more skillful.

In the lake, there is an absolute dominance in months May and September by M# and MR,
respectively, meaning that there is one ET model that can dominate all other modeling options. In
month July, however, there is at least one model from each category that is not falsified. The larger
number of non-falsified models in July is also associated with a wider range of GoFs and a SMRD
of nearly 2 mm/day. Considering that the total ET is 100 mm, this uncertainty is quite considerable
and can include around 60% of the total monthly ET flux. In the marsh, in contrary, the best
modeling performance is observed in the month July, when the monthly ET is the maximum. In
the lake though the skill is improved in the month September when thermal storage is declining.
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Figure 14. Results of non-dominated sorting for benchmarking the performance of ET models
across a range of time scales in the marsh illustrated by (a) the list of the non-falsified models at
each time scale, (b) the associated GoF envelopes along with expected performances shown in
solid lines, and (c) the independent monitoring of accuracy quantified by NSE and SMRD.
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Figure 15. The results of non-dominated sorting for benchmarking the performance of ET models
across a range of time scales in the lake illustrated by (a) the list of the non-falsified models at each
time scale, (b) the associated GoF envelopes along with expected performances shown in solid lines,

and (c) the independent monitoring of accuracy quantified by NSE and SMRD.
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Figure 17. Benchmarking non-dominated sorting results in the marsh and lake illustrated by (a)
a list of the non-falsified models at each month, (b) the associated GoF envelopes along with
expected performances shown in solid lines, and (c) the associated monitoring measures NSE

and SMRD.
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Figure 18. Comparison between performance of non-falsified models in the marsh and lake at
different (a) time scales, (b) times of the day and (c) times of the season. In each panel, the solid
line is the expected NSE by the non-falsified models, while the envelope represents the
corresponding inter-model range of NSE values.

3.4 Discussion

Our study is indeed not the only benchmarking study available in the literature on lakes and
wetlands. Thanks to so many pioneering works with which we can verify our finding. For instance,
at the marsh site and at coarser times scales, our results are consistent with the previous findings
on the role of wind speed and net radiation in driving ET (Jansen and Teuling, 2020; Priestley and
Taylor, 1972; Sun and Song, 2008). Note that net radiation has a direct influence on surface
temperature when heat storage is small; therefore, temperature becomes a proxy for ET. However,
models solely based on temperature or radiation do not perform well as wind is an important driver
of ET in waterbodies. Decreasing inter-model variability and improving RMSE at coarser
timescales is also indicated in the literature (Jansen and Teuling, 2020; Liou and Kar, 2014).

At the like site due to the large heat storage and thermal inertia, the response to changes in net
radiation (or its proxy air temperature) is not quick; however, extended fetches provide an ideal
setting for wind to become the dominant driver of ET, which lead to several aerodynamic models
being consistently dominant in many sub-daily timescales. This is in agreement with earlier studies
(Jansen and Teuling, 2020; Pfibaii and Ondok, 1985; Rosenberry et al., 2007). Having said that, it
should be noted the simulation performance is extremely poor in the lake at time scales finer than
weekly. This points at the importance of thermal inertia in driving ET at the lake.

Using the results provided in Section 4, we can intercompare the skills of empirical models in the
marsh and the lake. Figure 18 shows this analysis. The base results related to this intercomparison
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are already presented in Figure 14 to Figure 17. Up to 12-hour, the non-falsified ET models are
strictly more skillfull in the marsh than the lake, meaning that the lowest performance of the non-
falsified models in the marsh is higher than the best performance of those in the lake. The expected
NSE of non-falsified models are also higher in the marsh across all timescales considered.
Similarly considering different periods of the growing season, again the skills of non-falsified
models are strictly higher in the marsh compared to the lake. Considering different diurnal
segments, modelling performance is again strictly higher in the marsh considering full days.
During daytime and nighttime individually, however, the skill of non-falsified models becomes
comparable and even strictly better than the performance of non-falsified models in the marsh.
This might be due to different thermal behavior of the lake as it switches between day and night
from being the sink to the source of heat (Gan and Liu, 2020; Nordbo et al., 2011). This may
prevent simple empirical models to consistently capture ET with the same skill during full days.

To have a better understanding of errors and corresponding microclimatic conditions, we look
directly at the error signal, considering Error = ETgmuiateda — ETmeasureqa- Figure 19 shows the
timeseries of the error of the first-rank models at half-hourly to biweekly timescales in the marsh
(left) and the lake (right). These error envelopes correspond to the non-falsified models presented
in Figure 14 and Figure 15 for the marsh and the lake, respectively. As it is clear, errors are higher
and more variable at finer timescales. Error envelopes are generally wider in the lake than in the
marsh, except in weekly and biweekly timescales. Magnitudes of error are also higher in the lake,
where ET is overestimated in the beginning and underestimated in the end of the season. Large
errors in lake were also witnessed in Section 4 by expected NSE values being negative up to
weekly timescale, which can be attributed to the lake’s heat storage (Gan and Liu, 2020). Large
errors in the marsh are observed in late May as well as mid- June and mid-August, coinciding with
high temperature peaks, prolonged periods with high net radiation and no precipitation — see Figure
20. In such condition, energy needed for ET is available; however, the non-falsified ET models
overestimate the observed ET by up to 4 mm/day. This may be due to the stomata closure,
preventing excessive drying of plants (Collatz et al., 1991), not considered explicitly in ET models.

To have a better look at the skills of ET models across times of the day, we also analyze the relative
error signal for non-falsified models during daytime and nighttime — see Figure 21, showing higher
uncertainty in estimating ET signal in the marsh than the lake in both times of a day. A closer look
at the error and uncertainty in ET signal in the marsh reveals poor skills coincide with high net
radiation during time (overestimation) and windy nights (underestimation), respectively. Also as
noted in Figure 18, the skill of non-falsified ET models during nighttime is strictly lower in the
marsh than the lake. Comparable or even better modeling skills in the lake during daytime and
nighttime, but strictly poorer skills during the full day, can show the trade-off in skills of empirical
ET models between days and night and the fact that considered models are not able the capture the
diurnal cycle of ET in the lake. This is another line of evidence for the limitations in the empirical
ET models to capture ET signals from open water.
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Figure 20. Peak errors during the 3 heatwave events in the marsh during the study period, where
ET is overestimated after a prolonged period of high net radiation with no precipitation, leading
to higher temperatures.
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4 Conclusion

Despite impacting a wide range of environmental and societal activities, quantifying ET is one of
the grand challenges in the field on hydrology and hydroclimatology (Trenberth and Asrar, 2014).
A truly physically-based model for ET requires coupling water, energy and carbon budgets,
resulting into formation of complex models that often cannot be handled in practice. As a result,
ET is still quantified mainly in relation to some conceptual variables such as PET that can be
estimated using empirical equations derived from commonly measured meteorological variables.
By putting earlier reviews and intercomparison studies in perspective (e.g., Rosenberry et al., 2007,
2004; Seiller and Anctil, 2016; Singh and Xu, 1997; Winter et al., 1995), we consider 40 empirical
models to make the most comprehensive benchmarking study of empirical ET models in a lake-
wetland due, located in Magog in Estrie region of Québec, in which not only the theoretical
foundation for applying such models (i.e. unlimited water availability) is satisfied; but also, ET is
measured using a fully consistent EC approach. We use a multi-objective ranking algorithm as a
basis of our benchmarking and pursue this exercise through three experiments that assess the
performance of considered models across a range of timescales, time of day and seasonal segments.

Our findings shed light on the complexities associated with modeling ET using empirical models
in lakes and wetland. We show that in majority of comparison cases, there is no single ET model
that can dominate over all other models. Having said that, some general patterns can be seen. For
instance, in the marsh site and from 1- to 6-hour, the non-falsified models mainly include
aerodynamic and combination models, indicating the importance of radiative and wind forcing in
driving ET. At longer time scales, the non-falsified models mainly consist of aerodynamic and
temperature-hybrid models. In the lake and at finer scales, ET is best captured by aerodynamic
models, whereas temperature-based and radiation models dominate other model types in coarser
timescales. In both sites, error envelops are wider and more variant at finer timescales; and inter-
model variability decreases by moving from finer to coarser timescales. In the marsh, we have
observed that the most versatile models across time scales were M3, Carpenter (1888), MZ,
McMillan (1971), M$, Kimberley-Penman (Wright, 1982) and MI*, Stephens-Stewart (1963). In
the lake, sub-daily time scales are often dominated by aerodynamic models, while supra-daily time
scales are dominated by temperature- and radiation-based models; overall, MT, Hamon’s (1963)
equation was the most versatile, being always dominant except at the 2-week time scale. While
the exact dominant models can be consulted for each time scale, time of the day and time of the
growing season in Chapter 3, Table 11 below summarizes for each site the models which were the
most often dominant.
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Table 11: Summary of most dominant evapotranspiration models

0.5h—- 12h- 1-week -

Landscape Model Fullday Daytime Nighttime
12h 3-day 1-month
McMillan (M2) v v v v v
Marsh
Kimberly-Penman (M) v v v
Lake Hamon (M7) v v v v v v

As far as the comparison between the skills of the continuous ET models are concerned, the
expected NSE of non-falsified models are consistently higher in the marsh and across all
timescales considered. Within different periods of the growing season, again the skills of non-
falsified models are strictly higher and associated with less uncertainty in the marsh. Continuous
ET simulations in the lake remain practically non-informative in timescale finer than weekly, as
expected NSE of non-falsified models remain negative. Magnitudes of error are also higher in the
lake, where ET is overestimated in the beginning and underestimated in the end of the growing
season.

However, when ET models are ranked separately in daytime and nighttime, the skill of non-
falsified models in the marsh and the lake becomes comparable, and even strictly better in the lake.
The uncertainty is also substantially higher in the marsh than the lake in both times of day,
particularly during daytime. When shifting from day time and full days to night time, we observed
a shift towards more wind-based models which is consistent with the negligible net radiation
during the night. In the lake, both daytime and nighttime ET are better modelled by temperature-
based equations, with Hamon’s equation being dominant across all times of the day. An important
detail to observe is that the dominant temperature-based equations observed in the lake use day
length as input, which is a proxy of average solar radiation, and Thornthwaite’s equation is based
on long-term records of air temperature. An interesting future step would be to attempt to create
an unprecedented equation using wind speed, which is a known strong driver of lake evaporation,
along with day length, which has demonstrated Based on our observations of the error signal, we
argue that capturing diurnal and seasonal dynamics of ET in the lake requires more physically-
based models that can take into the account the thermal role of water stored in the lake.

Large errors in the marsh across different temporal scales coincide with high temperature peaks,
prolonged periods with high net radiation and no precipitation. These errors may be associated to
stomata closure, which is not represented in empirical ET models. In addition, One known source
of uncertainty in ET estimation during the night is condensation (Cuxart et al., 2019; Liu et al.,
2018), which is not seen in any of the ET models. We suggest better representations of plant
functions and physiology to account for ET from wetlands in the development of future models.
This requires a leap to combine the fields of geophysics with biology.

Although the Cherry River Marsh and Lake Memphremagog are located in the same local climate,
we have observed that their measured ET differs mainly due to differences in presence of
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vegetation and possibly in heat storage capacity. However, our understanding of the effect of heat
storage and transpiration on ET is one of the grand challenges of the decade according to GEWEX,
and additional studies specifically investigating these effects are warranted. One interesting
observation was that during daytime and nighttime, when lakes are best modelled, the two most
dominant models contained the parameter of day length. Among existing equations, day length is
only combined with temperature or radiation, but never with wind speed (Djaman et al., 2015;
Sartori, 2000; Seiller and Anctil, 2016; Shuttleworth, 2007). Recall that day length is calculated
as a function of geographical location and time of the year, and is therefore a proxy of long-term
temperature and radiation —such equations are ideally calibrated based on many years of data to
improve their coefficient’s representativeness. Therefore, it would be interesting to investigate the
combination of day length with wind speed which represent the two fundamental
evapotranspiration drivers (free and forced evaporation) in a very simple formulation.

An alternative method of estimating evapotranspiration is through the use of integrated numerical
models coupling land-atmosphere processes instead of empirical models. In such case, water
balance and energy balance processes are also coupled using partial differential equations and may
better represent heat storage. However, at the same time this adds another level of uncertainty due
to additional modelling assumptions which is discussed in other works, and partially explains the
limited use of numerical models in the literature (Courault et al., 2005). In addition, existing
numerical models attempting to estimate evapotranspiration make use of empirical models
somewhere in their process — for example Hostetler and Bartlein’s numerical model (Hostetler and
Bartlein, 1990; Lenters et al., 2005), which uses the Harbeck equation to estimate ET based on
temperature, relative humidity and wind speed. Other models are available, but this coupling
between land-atmosphere has proved more challenging than empirical models (Sharma et al.,
2018).

Last but not the least, under climate change conditions, better understanding of ET from wetlands
and lakes is essential for understanding extremes, whether quantifying natural or anthropogenic
droughts (see AghaKouchak et al., 2021), or understanding and simulating heavy convective
precipitation is concerned (Coppola et al., 2020; Sillmann et al., 2017). Convective precipitation
is strongly related to extreme weather events such as flooding and tornadoes (Prein et al., 2020),
and will be stronger in a warmer climate (Peleg et al., 2018; Yin et al., 2018). We hope our study
can contribute into revealing the state of modeling ET from waterbodies and pave the way for
development of more advanced empirical and/or physically-based ET models. In the context of a
changing climate, one might ask what effect climate change may have on the parameterization of
evapotranspiration models. It is important to first clarify the distinction between the representation
of physics in models, and evapotranspiration physics itself. The former is dependent on our
capacity to represent reality, which improves with time due to scientific advances (Sartori, 2000;
Shuttleworth, 2007), while the latter is fundamental and unchanging. The physics of
evapotranspiration are not expected to change, but the observed historical changes in forcing
variables such as temperature and other meteorological variables are (Hartmann et al., 2013;
Seneviratne et al., 2006), hence affecting evapotranspiration. Consequently, when the physical
representation of an evapotranspiration variable is proxied by a statistically created coefficient,
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such coefficients would change. A future quantitative investigation could determine the sensitivity
of existing equations to expected changes in main variables, such as an increase of 1°C, 2°C, 3°C
and 4°C in air temperature.

As described in previous chapters, Eddy Covariance processing steps determine the final
measurements of evapotranspiration. Consequently, the calibration of models is dependent on
processing steps, which have been improving over time during the last decades (Seiller and Anctil,
2016; Shuttleworth, 2007). In addition, existing equations have been calibrated based on different
measurement techniques such as pan evaporation, lysimeter, Eddy Covariance and other methods.
Consequently, sensitivity analyses are warranted to better understand the impacts of different
measurement techniques and processing techniques, and existing studies already investigate this
question and can guide the reader to previous strategies used in similar efforts (Aubinet et al.,
2012; Gebler et al., 2015; Mauder and Foken, 2006; Papale et al., 2006).

Previous benchmarking studies have attempted to determine best models in wetlands and lakes. In
wetlands, Rosenberry et al. (2003) compare 12 empirical models and conclude that the Priestley
& Taylor (radiation) and DeBruin-Keijman are best during full days using the means and standard
deviations of errors as benchmarking measures with approximately 0.1 mm/day of error at a
monthly time scale, which is almost identical to the measure we have in the marsh. In Valipour’s
review (2015), 40 previous studies are considered, where a total of 31 different models are
considered dominant, showing the large heterogeneity in conclusions. Only 9 of these 40 studies
considered 5 or more models in their benchmarking. In lakes, Rosenberry et al. (2005) compare
15 empirical models and conclude that the Priestley-Taylor, DeBruin-Keijman and Penman
(combination) equations are best with a mean error of 0.2 mm/day at a monthly time scale, while
we report the same goodness of fit measure at almost 0 mm/day. As mentioned, the wide
heterogeneity in the literature with respect to measurement type, goodness-of-fit measure used,
and equations selected for the benchmarking exercise make it even more difficult to extract general
insights. The abovementioned Rosenberry’s two studies for marshes and lakes, for example, are
both based on Bowen Ratio Energy Balance estimations as the ET benchmarking measurement
dataset, which biases results into including an overwhelming number of dominant radiation-based
equations in both sites. A more standardized approach should be implemented by authors to add
uniformity and improve consensus.

In retrospect, adopting a robust intercomparison approach with a large number of models and
assessing several Goodness-of-Fit measures simultaneously allows to eliminate the
methodological uncertainty which is present in the literature due to the selective use of specific
equations and Goodness-of-Fit measures by different studies. Also, the selected goodness-of-fit
measures were also chosen based on their complementary representation of different parts of the
error signal. For example, the mean average error is better representative of the center of the error
distributions while the root mean square error exacerbates the importance of very large and very
small errors, consequently being better representative of tails. To facilitate communication of ET
benchmarking studies in different marshes and lakes, a non-dominated sorting framework can be
implemented systematically to achieve higher consensus about best models in ET literature.
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These investigations have marked the beginning of a series of microclimatological investigations
at the Cherry River Marsh and Lake Memphremagog by Concordia University. From an academic
perspective, pursuing research in these two landscapes will allow to deepen our understanding
about land-atmospheric interactions of marshes and lakes, which are gaining societal importance
due to our changing climate as discussed. From a societal perspective, the City of Magog is
formally committed to adapting itself to be resilient to future climate through its Climate Change
Adaptation Plan (C6té and Pouliot, 2021). In this plan, heatwaves, floods, droughts, freeze and
thaw patterns and forest fires are identified as direct impacts to their community, which are all
potential research topics with global significance and local benefits. The mitigation effects by the
marsh and lake related to these risks can be studied and expanded to other regional water bodies.
Now that an evapotranspiration portrait is prepared and recommended equations are provided by
modelling, the establishment of more accurate hydrological models is also possible; this work is
currently being initiated by another graduate student and will allow to improve water management
plans. This is especially important considering that Lake Memphremagog is in a transboundary
watershed, where international collaboration between Canada and the United States is required to
ensure that water quantity and quality is guaranteed on both sides through adequate management.
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Appendix A — Stations’ Geometry

5950

(@]
2 T—RH
PROBE
® ; CSAT3B
= KH20
1@ N
of  RADIOMETER RAIN
© & GAUGE
o “WATER T—RH
S LEVEL PROBE
o SENSOR (-
O
[\f')
N
M)
@) St e
ﬁ- °

NOTE: ALL DIMENSIONS ARE IN
MILLIMETERS

2019-08~20 | Prefiminary Design | HV W

Date Phase By [Rev. by

Technical Team

Henrique Vieira

PROJECT LAKE
MEMPHREMAGOG

CONCORDIA UNIVERSITY
DEPARTMENT OF
BUILDING, CIVIL AND
ENVIRONMENTAL
ENGINEERING

hed Tower Overview

MacPherson Tower

M1

Figure A-1: Geometry of the Lake Macpherson’s station — profile view

6l |Page



RAIN GAUG@

NOTE: ALL DIMENSIONS ARE IN
MILUMETERS

2019-08-20 | Protiminary Design | W | v

Date Phave By [Rev. ty]
Technicol Team

Henrique Vieira

WATBRR LEVEL SENSOR

PROJECT LAKE
MEMPHREMAGOG

CONCORDIA UNIVERSITY
DEPARTMENT OF
BUILDING, CIVIL AND
ENVIRONMENTAL
ENGINEERING

Tower Overview

MacPherson Tower

M2

Figure A-2: Geometry of the Lake Macpherson’s station — plan view

62|Page



1450

1
3
CoAroB i RADIOMETER

v

KH20 1300 ‘ 2210

160

T—RH PROBE %j SCALE 1:20

1800
NOTE: ALL DIMENSIONS ARE IN
650 MILLIMETERS

WIND MONITOR @ - - -1 -

!

RAIN GAUGE WATER LEVEL 2019-08-20 | Prefiminory Design | WV | W

SENSOR Date Phase By [Rev. ty]
Technical Team

2950

2910

2450

Henrique Vieira

1720

PROJECT LAKE
MEMPHREMAGOG

CONCORDIA UNIVERSITY
DEPARTMENT OF
BUILDING, CIVIL AND
ENVIRONMENTAL
ENGINEERING

@ [T Tower Overview

240

HFP Cerises Tower

no,

C1

Figure A-3: Geometry of the Cherry River Marsh’s station — profile view

63|Page



4
WATER LEVEL,
SENSOR \

RADIOMETER

N
~~T-RH"PROBE

;ﬁ \:t\g

0LV

NOTE: ALL DIMENSIONS ARE IN
MILLIMETERS

2019—08-20 | Preliminary Design | HV H

Dote Phase 8y [Rev. byl
Technical Team

Henrique Vieira

PROJECT LAKE
MEMPHREMAGOG

CONCORDIA UNIVERSITY
DEPARTMENT OF
BUILDING, CIVIL AND
ENVIRONMENTAL
ENGINEERING

Tower Overview

Title

Cerises Tower

Drawing no.
r c2

Figure A-4: Geometry of the Cherry River Marsh’s station — profile view

64|Page



Appendix B — The Cooling Function
of Cherry River Marsh

The ecosystem services of aquatic environments,
such as lakes and wetlands, are not fully understood
particularly in urban settings. Conventionally, urban
development has often followed a “clear and build”
philosophy, where services provided by the
ecosystem were undermined and assumed
negligible. Recently, the negative consequences of
such approaches are being recognized by large and
small communities worldwide. In the case of
wetlands and shorelines, it has been common
practice to excavate, drain and fill these natural
bodies in various development projects, but a
wealth of problems related to flooding, erosion and
water quality follow.

As part of a larger research program, Ali Nazemi —
an assistant professor at the Department of
Building, Civil and Environmental Engineering,
Concordia University — and his team at the Water
Security and Climate Change Lab are trying to
understand the hydrologic and climatic functions of
Lake Memphremagog. His team is composed of
engineers and hydrologists who work on
understanding the impacts of hydroclimatic,
hydrological and management changes on both
ecosystem and society, sharing insights and
recommending best practices to ensure sustainable
resource management.

In collaboration with the city of Magog, two state-
of-the-art weather stations were installed in March
2019 to collect fine-scale and detailed
microclimatic data at the lake Memphremagog and
the nearby Cherry River Marsh. In a preliminary
analysis, executed by Henrique Vieira, Dr.
Nazemi’s MASc student, on a quality-controlled
data period, it was found that in the majority of
months, particularly in the summer, the marsh
system is acting as a natural cooling system for the
City of Magog. In fact, the air temperature on the
marsh was cooler than on Quai MacPherson during
a good portion of 2019, as seen in the graph with the
solid line shown below. This shows the significant
impact of this marsh system on reducing the surplus
heat in summer months that are progressively
warming due to climate change. Considering the
expected growth in the number of heat-related
complications due to more frequent extreme
temperature events observed in our changing
climate, a nature-based cooling system like the
Cherry River Marsh system is a valuable natural
asset. Further analysis has shown that the observed
decreases in temperature is associated with higher
relative humidity in the marsh system, which may
be due to higher transpiration rates at the marsh
compared to evaporation rates at Lake
Memphremagog — see the graph with the dashed
line shown below. The team is now looking for
formal proof of this hypothesis using the upcoming
data in 2020.
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Figure 1. Differences in temperature (solid line) and relative humidity (dashed line) measured at the Cherry River
Marsh and Quai MacPherson. The size of circles is proportional to the difference between temperatures and relative

humidity in the two sites. Higher/lower values in the marsh are represented by the red/blue colors.
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