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RESUME

Afin de s’adapter aux changements climatiques futurs, les communautés nordiques
doivent bénéficier d'informations climatiques aux échelles régionales et locales. Les
régions des hautes latitudes canadiennes sont caractérisées par des incertitudes
climatiques particulierement grandes, allant de pair avec |'amplification arctique.
L'incertitude dans les projections climatiques est multi-causale, découlant
principalement de ['incertitude dans les émissions anthropiques futures, de la
variabilité climatique naturelle, ainsi que des différences entre les modéles numériques.
Cette derniére cause peut €tre partiellement palliée par le recours a des contraintes
émergentes (C.E.), c’est-a-dire a des relations entre d'une part des variables
caractérisant une période de référence (prédicteurs) et d’autre part des changements a
long terme (réponses). Dans ce projet, un ensemble de 55 simulations provenant de la
base de données CMIPS est utilisé afin d’explorer, pour le domaine de la Baie
d'Hudson, les relations entre la moyenne et la variation interannuelle de la
concentration des glaces marines comme prédicteurs et le changement de la
température de I'air pres de la surface comme réponse. La C.E. la plus forte est trouvée
pour le mois de décembre. En sélectionnant les 3 modéles (pour un total de 8
simulations) reproduisant le mieux la moyenne de la concentration des glaces marines,
une réduction d'incertitude statistiquement significative est obtenue. Cette étude
n’inclut pas d"analyse physique importante. Cependant, il est raisonnable de considérer
que ces liens établis statistiquement émergent de la représentation d’une rétroaction
lide a la glace de mer dans les modeles climatiques. Cette méthodologie est développée
avec |'objectif de potentiellement pouvoir fournir une information plus fiable aux
différents acteurs de 1’adaptation aux changements climatiques, notamment certaines
communautés cotieres de la Baie d'Hudson

Mots clés : contrainte émergente, Baie d'Hudson, projection climatique, incertitude
climatique






CHAPITRE 1

INTRODUCTION

1.1 Motivation

Ce travail s"inscrit dans le projet « Production de scénarios climatiques pour 1" Arctique
canadien avec des méthodes améliorées de post-traitement », financé par la phase 2015-
2018 du réseau de centres d'excellence du Canada ArcticNet. Ce projet vise entre autres
a mieux comprendre les incertitudes associ¢es aux changements climatiques futurs
d’un point de vue régional pour différents secteurs de |I"Arctique. Plus précisément,
["objectif de ce projet est de fournir des informations climatiques facilement utilisables
lors d*études d impact et de processus décisionnels impliquant les différents acteurs du

Nord.

Cette recherche prend place dans un contexte ou les changements climatiques sont
indéniables et progressivement compris. Un des défis actuels est I'implantation de
plans d’adaptation afin de quantifier les conséquences, les vulnérabilités ainsi que les
possibilités de développement associées a ces changements. Cependant, | information
climatique brute générée par les modeles climatiques est souvent trop complexe pour
étre utilisée par les décideurs et les grands travaux internationaux de vulgarisation

climatique, par exemple les travaux du Groupe d’experts Intergouvernemental sur



I"Evolution du Climat (GIEC), fournissent de I'information parfois trop grossiére d'un

point de vue régional pour étre utilisée lors de processus décisionnels.

Conséquemment, le besoin des décideurs de détenir de I"information climatique a une
échelle régionale est présent. Le développement de méthodes robustes afin de répondre
a cette demande est particulierement important pour les régions caractérisées par de
fortes incertitudes climatiques. Les modeles climatiques actuellement développés nous
donnent un vaste éventail de situations climatiques futures dépendant de la variable
ainsi que du domaine d’intérét. Un modele climatique est un outil numérique basé sur
des équations qui représentent le systéme climatique terrestre. Plusieurs modéles
climatiques ont été développés par différents centres de recherche dans le monde.
Chaque modele est distinct. Les modeles différent les uns des autres de par leurs
schémas numériques, simplifications. résolutions temporelles et spatiales,
paramétrages, etc. Cela implique que sous un méme forgage radiatif. les simulations

générées different toutes légerement les unes des autres.

Les scénarios climatiques peuvent étre sujets a une étape de réduction de ces
incertitudes, en effectuant une sélection des simulations (et donc un rejet de certaines
simulations) avant I'étape de post-traitement. Les centres de services climatiques
fournissent généralement des scénarios qui sont des simulations post-traitées.
L objectif du post-traitement est de pallier les problémes de biais et de disparité
d'échelle entre les simulations et un produit de référence choisi (observations en
station. réanalyses, etc.). Un principe souvent intégré dans les méthodes de post-
traitement est que la simulation doit dicter la tendance de fond, si bien que I'incertitude
inter-simulations concernant les changements climatiques a long terme se retrouve
dans I'information climatique communiquée aux preneurs de décision. Ces scénarios
sont congus afin de fournir de I"information fiable et facile a utiliser aux différents

professionnels travaillant sur les impacts et I'adaptation des changements climatiques.
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Idéalement. les études d'impacts ainsi que les plans d'adaptation devraient inclure
toutes les simulations climatiques disponibles afin de considérer le maximum de
trajectoires climatiques plausibles. Cependant, la réalité professionnelle des utilisateurs
de projections climatiques ne leur permet pas d utiliser autant de données; une sélection
des simulations doit d*abord étre effectuée (Charron, 2016). Un principe important de
la sélection de simulations est la couverture des incertitudes (Hewitson et al., 2014).
Ceci peut étre fait. par exemple, avec |’utilisation de la méthode de sélection par grappe
(k-means clustering). Cette méthode permet de diviser un ensemble de simulations par
grappe afin de maximiser la variabilité entre les groupes et de minimiser la variabilité
a I'intérieur des groupes ; elle identifie un certain nombre de groupes afin de diminuer
la distance de chacun des points a leur centroide et finalement sélectionne |
représentant par groupe (Casajus et al., 2016). D"autres types de méthode permettent
d’exclure une partie des simulations. Pour ce faire, la méthode de sélection la plus
utilisée est celle basée sur le réalisme de la variable d"intérét durant le passé récent, qui
permet de simplement accepter ou rejeter une simulation (Reifen et Toumi, 2009;
Knutti et al., 2010; Tsushima et al., 2013). Les simulations ayant des caractéristiques
statistiques pres de celles du produit de référence (observations, réanalyses) sont
classées comme de bonnes simulations. Ce type de rejet/acceptation peut étre binaire
(chaque simulation a un poids de 0 ou de | dans |'ensemble) ou peut étre effectué selon
une fonction de poids attribuant plus de poids aux meilleures simulations (Connolley
and Bracegirdle, 2007; Pierce et al., 2009; Christensen et al.. 2010). Le Tableau 1
résume 3 études, une pour chaque type de sélection énumérée ci-dessus, identifiant
pour chacune d’elle ["auteur, le type de sélection, le domaine ainsi que les variables a

["étude.

Tout type de sélection basée sur la performance passée d'une variable peut mener a une
diminution des incertitudes. Cette possibilité¢ est exploitée par la méthode des
contraintes émergentes (C.E.), qui évalue les possibles liens statistiques entre une

variable clé du climat durant le passé récent et le changement de la variable a |"étude



(Collins et al., 2012; Flato et al.. 2013). Comme pour toute sélection basée sur le
réalisme passé d'une variable, la méthode C.E. repose sur la supposition qu'une bonne
performance du climat passé d une simulation indique que sa trajectoire future est plus
probable (Flato et al.. 2013). Plus précisément, cette méthode est basée sur la capacité
d'une variable (prédicteur). représentant une composante clé et observée du climat
pass€ récent, a réduire 1'incertitude future d'une variable a 1'étude (réponse) (voir la
Figure |.1 pour une représentation schématique d'une C.E. forte et d'une C.E. faible).
Afin de ne pas créer des relations fortuites. ces derniéres doivent correspondre a de
forts liens physiques. L'absence de support a base physique pour une relation
statistique telle une C.E. diminue la validité de I'emploi de celle-ci (la C.E.) dans
["étape de la sélection. Plusieurs auteurs ont utilisé cette méthode : Hall et Qu (2006)
ainsi que Qu et Hall (2013) ont réduit certaines incertitudes liées a la rétroaction de
I"albédo de la neige, O'Gorman (2012) a travaillé sur la sensibilité des précipitations
extrémes tropicales aux changements climatiques globaux, Brown et Caldeira (2017)
ont réduit I'incertitude associée a la moyenne globale des changements de température
en se basant sur le réalisme du bilan énergétique au sommet de I'atmosphere. Toutes
ces études sont résumées dans le Tableau 2. Ce tableau identifie les auteurs, le domaine,

le prédicteur et la réponse.

1.2 Objectifs
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La méthode des C.E. est particulierement intéressante pour les études climatiques liées
a I"Arctique, région pour laquelle les incertitudes sont problématiquement grandes
(Bracegirdle et Stephenson 2013; Borodina et al., 2017). L écart entre les projections
de température est plus important en Arctique que partout ailleurs sur le globe (van der
Linden et al., 2014). Conséquemment. les régions nordiques du Canada représentent
des défis particuliers en ce qui a trait aux incertitudes des projections climatiques. Pour
les communautés locales et le développement des activités futures de ce territoire,
I"amplification arctique et les incertitudes associées ont besoin d'étre considérées lors

de processus décisionnels.

L expression « amplification arctique » référe a une augmentation des températures
plus importante aux hautes latitudes que pour la moyenne planétaire (Serreze and
Barry, 2011). Considérant que le couvert de glace marine est une composante
importante du systeme climatique affectant les conditions locales ainsi que celles de
I"Arctique en général (Vihma, 2014; Serreze and Francis, 2006; Smith et al., 2017). il
est raisonnable de le considérer lors de scénarios locaux pour la température de | air
pres de la surface. De plus, il est connu que I'ensemble de simulations issues du
Coupled Model Intercomparison Project Phase 5 (CMIPS) présente certains forts biais
dans le couvert de glace marine (Flato et al., 2013). et que ces derniers sont en partie
responsables de la génération des incertitudes sur le territoire (Bracegirdle et al., 2013).
La majorit¢ des €tudes disponibles dans la littérature scientifique se penchent sur les
aspects globaux de la glace arctique: son épaisseur moyenne et son étendue (Borodina
et al., 2017; Holland and Bitz 2003; Flato 2004; Mahlstein and Knutti 201 1; Massonnet
etal., 2012). Ces articles ne donnent pas suffisamment d’information sur I"état local et
la distribution de la glace marine, qui peut étre responsable pour la rétroaction locale
de celle-ci. Dans ce travail, une attention est portée aux impacts locaux possibles du

réalisme de la concentration des glaces marines de la Baie d"Hudson.
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Cette baie effectue un cycle cryogénique complet toutes les années, en atteignant un
état ou un couvert de glace est présent sur la totalité des eaux en janvier et ou les eaux
sont totalement libres de glace au début d’aout. L’englacement, période durant laquelle
la concentration des glaces atteint 50% ou plus, a normalement lieu au nord de la baie
en novembre. La rupture des glaces, période durant laquelle la concentration des glaces
diminue jusqu’a 50% ou moins, a premiérement lieu dans la Baie James en juin (Joly
et al., 2011; Gagnon and Gough, 2005). Tout changement dans cette saisonnalité
influence le changement climatique local en affectant la quantit¢ de rayonnement
solaire absorbée par la surface. Conséquemment a un englacement tardif et une rupture
des glaces hative, la diminution de rayonnement réfléchi par le couvert de glace et
I’augmentation d’absorption d’énergie solaire par les eaux libres permet aux eaux de
surface de se réchauffer et de participer a I’amplification arctique (Gagnon et Gough,
2005). 1l est donc primordial d’évaluer les changements climatiques de la baie en
gardant a I’esprit que les modeles climatiques incapables de simuler correctement le
pass¢ récent de la glace marine pourraient ne pas €tre capables de simuler le

changement futur de la température de surface de I’air.

Le but principal de ce projet est d’explorer le potentiel d’utilisation de la méthode des
C.E. pour réduire I’incertitude associée aux changements de la température de surface
de I’air de la Baie d’Hudson, en utilisant le réalisme du couvert de glace durant le passé
récent comme contrainte. Les buts spécifiques sont les suivants : 1) trouver la variable
statistique du couvert de glace la plus appropriée a utiliser dans ce contexte; 2)
déterminer une méthode de sélection robuste; 3) évaluer les impacts de la sélection sur

I’ampleur des incertitudes; et 4) évaluer la sensibilité spatiale des C.E.

Cette approche n’est pas développée afin de remplacer ou de disqualifier certaines
approches déja présentes dans la littérature. De la méme maniére qu’il n’existe pas de

modele climatique meilleur que tous les autres, il n’existe pas de méthode de sélection



meilleure que toutes les autres. Lors de la construction de scénarios climatiques, chacun

des choix subjectifs effectués dépend de I'application finale (Knutti et al., 2010).

1.3 Organisation du mémoire

Ce mémoire se divise en trois chapitres. Le premier chapitre est composé d’une
introduction subdivisée en deux segments : 1.1 motivations et 1.2 objectifs. Le
deuxi¢me chapitre correspond a un article scientifique rédigé en anglais. Cet article est
subdivisé de cette maniére : 2.1 introduction, 2.2 méthodologie et données, 2.3 résultats
et 2.4 conclusions. Le dernier chapitre du mémoire constitue un retour et une discussion

sur des résultats.

FIGURES
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Figure 1.1 : Diagramme schématique illustrant une forte C.E. (gauche) et une
faible C.E (droite).



TABLEAUX

Tableau 1.1 : Liste d’études liées a la sélection de simulations climatiques.

Casajus et al.
(2016)

Reifen et Toumi
(2009)

Murphy et al.
(2014)

Sélection par
grappe

Sélection selon le
réalisme de la
variable a I’étude
(Binaire)

Sélection selon le
réalisme de la
variable a I’étude
(Fonction de poids)

Le Québec et les
Etats américains a
I’est du 100%™
méridien (a
I’exception de la
Floride).

La Sibérie et
I’Europe

Le globe

- Total des
précipitations
annuelles

- Température
annuelle moyenne
- Précipitations
utiles

- Température de
surface

- Sensitivité
climatique a une
augmentation de la
concentration de
dioxyde de
carbone.



Tableau 1.2 : Liste d"études utilisant le principe des contraintes émergentes.

Connolley et
Bracegirdle
(2007)*

Hall et Qu (2006)

Boé et al. (2009)

O Gorman (2012)

Qu et Hall (2013)

Bracegirdle et
Stephenson (2013)

Brown et Caldeira
(2017)

Antarctique

Régions
continentales de
I"Hémisphére Nord
(au-dessus de
30°N)

Arctique

Régions tropicales

Régions
continentales et
extratropicales de
I"Hémisphére Nord

Arctique

Globe

Concentration de la
glace marine

Cycle saisonnier de
la rétroaction de
I"albédo de la neige
(snow-albedo
feedback)

Tendance de
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Borodina et al. Arctique Moyennes Changement de la

(2017) saisonnicres et variabilité de la
annuelles de la température de
moyenne spatiale surface de I"air

de la concentration
de la glace marine,
de la variabilité
interannuelle de la
concentration de la
glace marine,
variabilité
interannuelle de la
température de
surface de [air

Cox etal. (2018) Globe Variabilité de la Climat a I"équilibre
température lorsque la
concentration de
CO, est doublée

* Cette étude ne s’intéresse pas au changement de la réponse mais simplement a son

état durant la période de référence.
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Abstract

In adapting to upcoming climate change, nordic communities would benefit from
precise information at regional and local scales. However, high latitudes are
characterized by particularly large uncertainties in future climate change, in link with
the Arctic amplification. Uncertainties in long-term climate change projections are
multi-causal. arising primarily from future anthropogenic emissions, natural climate
variability and inter-model differences in physics formulation. The latter cause can be
partially reduced by the recourse to emergent constraints (ECs), which link the climatic
state of a variable (the predictor) during a reference period and the long-term change
in another variable (the response). In this project, an ensemble of 55 simulations from
CMIPS is used to seek for relevant relationships between sea ice concentration (SIC)
average and inter-annual standard deviation as predictors and future response in surface
air temperature over the Hudson Bay area. The strongest monthly EC is found for
December. Selecting the three most performing models (for a total of eight simulations)
based on their ability to reproduce the annual cycle of average SIC leads to statistically
significant reductions of uncertainty in long-term temperature change. Although this
study does not include a deep physics-based analysis, it is reasonable to consider the
sea ice albedo feedback as an explanation for the identified EC, and hence to expect

similar results to be found in the upcoming CMIP6 ensemble.

Keywords: emergent constraint, climate uncertainty, Hudson Bay, climate projection.
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8 | Introduction

Under a changing climate situation, the needs of decision makers to use climate
projections at regional scales are present. Therefore, climate scientists must develop
methods to correctly answer that requirement, particularly for areas of significant
climate uncertainties. Currently available global climate models (GCMs) generate a
large range of possible future climate situations depending on variables and region of
interest. In some cases, the spread across simulations can be reduced by a selection

based on models ability to reproduce past observed climate (Flato et al., 2013).

Ideally, impact studies and adaptation plans would consider all available climate
simulations in order to be robust against as many plausible climate outcomes as
possible. In practice however, the amount of data that can be treated is often very
limited, such that a prior selection must be performed among available simulations
(Charron, 2016). An important principle involved in simulation selection is the
covering of the climate change uncertainty (Hewitson et al., 2014). This can be done
for example with a k-means clustering algorithm, which identifies a specified number
of clusters in the climate change space (with each variable or indicator of interest being
a dimension) and select one representative per cluster (Casajus et al., 2016). Another
method uses the Katsavounidis-Kuo-Zhang algorithm, in a way that allows for adding
an n™ simulation to the subset while keeping the same n-1 simulations previously
identified (Cannon, 2015). A rejection of some simulations prior to the uncertainty-
preserving selection is also often performed, based for example on models’
performance in simulating some key aspects of the past climate (Reifen and Toumi,
2009; Knutti et al., 2010; Tsushima et al., 2013) or on the preference for working only
with simulations from regional climate models (RCMs), which have a better resolution
than GCMs and consequently often present added value for example for variables

impacted by the topography (Laprise et al., 2008). Such acceptation/rejection choice
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does correspond to a binary weighting scheme (each simulation is attributed a weight
of either 0 or 1). Other performance-based schemes may attribute relative continuous
weights (from 0 to 1) to the simulations, without full rejection or full acceptation

(Connolley and Bracegirdle, 2007; Pierce et al., 2009; Christensen et al., 2010).

A performance-based weighting scheme may lead to a decrease in uncertainty relative
to that of the full initial ensemble. This possibility is exploited in the emergent
constraints (EC) framework, which seeks for strong statistical relationships between
past and future simulation segments (Collins et al., 2012; Flato et al., 2013). As for
simple performance-based weighting schemes, the EC framework relies on a strong
assumption, namely that a better performance on recent-past climate ensures a more
plausible projection of future climate change (Flato et al., 2013). Furthermore, this
method is based on the capacity of one metric (related to some variable named the
predictor), which is an aspect of recent observed climate, to reduce the future
uncertainty on another one variable (named the response). To ensure that the empirical
relationship between a predictor and a response is not fortuitous, statistical significance
must be investigated, and the existence of a physical relationship between the two
variables must ideally be strong and demonstrated. Several research studies have
defended the robustness of this framework. For example, only to name a few, Hall and
Qu (2006) as well as Qu and Hall (2013) have constrained the snow-albedo feedback,
Karpechko et al. (2013) have constrained the total column ozone projections on the
Antarctic, O’Gorman (2012) have worked on the sensitivity of tropical precipitation
extremes to climate change, and Brown and Caldeira (2017) have constrained the
change in global mean surface air temperature based on the realism of the full global
spatial distribution of fundamental components of Earth’s top-of-atmosphere energy

budget.

The EC framework is particularly promising for climate change studies related to the

Arctic (Bracegirdle and Stephenson 2013; Borodina et al., 2017), where uncertainty is
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(problematically) large. Indeed, Arctic amplification (Pithan and Mauritsen 2014)
implies that the spread across models in projected warming is larger in the Arctic than
in any other region of the globe (van Der Linden et al., 2014), and such large spread
concerns of course a large part of northern Canada. For a good planning of the future
activities of the northern communities, the Arctic amplification and relatively large

uncertainty will need to be considered.

Given that sea ice cover is a key component of the climate system with strong impacts
on local as well as Arctic-wide conditions (Vihma, 2014; Serreze and Francis, 2006;
Smith et al., 2017), it is reasonable to take it into account when local temperature
projections are generated. Also, it is known that many CMIP5 models have large biases
related to sea ice cover (Flato et al. 2013) and that those are responsible for generating
uncertainties (Bracegirdle et al. 2013). The majority of the studies found in the
literature deals with the large-scale aspects of the Arctic sea ice, like its average
thickness and extent (Borodina et al., 2017; Holland and Bitz 2003; Flato 2004;
Mabhlstein and Knutti 2011; Massonnet et al., 2012). However, these papers generally
don’t give information about the local state of sea ice like its spatial distribution, which
may be responsible for the local sea ice feedbacks. In this work, we look for the possible

local impacts of the realism of sea ice concentration (SIC) in the Hudson Bay.

The Hudson Bay basin does a complete cryogenic cycle every year by reaching an ice-
covered state in January and an ice-free state in August. Freeze-up, the moment of the
year when the sea ice concentration (SIC) becomes larger than 50 %, usually starts in
the northern part of the Hudson Bay in November. Breakup, the moment of the year
when SIC becomes lower than 50 %, starts in James Bay, in June (Joly et al., 2011;
Gagnon and Gough, 2005). Any change in this seasonality affects the regional climate
change by altering solar radiation absorption. As a result of earlier breakup and later
freeze-up due to atmospheric and oceanic warming, the decrease in reflected solar

radiation by the sea ice cover and concurrent increase in absorbed solar radiation by
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the open ocean allows it to warm even more, which contributes to the Arctic
amplification (Gagnon and Gough, 2005). The importance of such sea-ice albedo
feedback implies that models unable to correctly simulate recent-past SIC may not be

able to correctly simulate future temperature change.

The main purpose of this study is to analyse whether a simulation selection based on
the emergent constraint (EC) framework can lead to a reduction of the range of
uncertainty on the long-term change in surface air temperature (AT) for the Hudson
Bay area, using SIC as the predictor. Specific objectives are the following: 1) to assess
which SIC-related statistical variable is the more effective in this situation; 2) to
determine a robust selection method; 3) to characterize the impact of the selection on

the range of uncertainty; and 4) to investigate the sensitivity of the EC to spatial scale.

2.2 Data sets and methods

2.2.1 Study area

The Hudson Bay, partially or totally covered by sea ice about 9 months per year, has
been chosen for the study. More precisely, the study area corresponds with 1036 grid
tiles of the reference product (see Section 2.2.1), as represented in purple in Figure 2.1.
These tiles were selected because corresponding tiles of all simulations were oceanic
in nature (see Section 2.2.2). Hence, the domain was limited to the common sea areas
between all models and reanalysis. For the specific objective related to spatial scale,
temperature time series at 14 coastal communities were also used; these communities

are represented with stars on Figure 2.1.
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2.2.2 Data sets

2.2.2.1 Reference product

The Climate Forecast System Reanalysis (CFSR: Saha et al., 2014) is the reference
product for this study. namely the data set against which performance of the simulations
(SIC-related predictors) is assessed. Among the currently available reanalyses, CFSR
is often conveniently chosen because of its high spatial resolution (0.3122° x 0.3125°
in latitude x longitude). Reanalysis can of course not be considered “truth™, and results
presented in this study assume that CFSR is a good approximation of the state of the

real climate system during the study historical period (here 1980-2005).

In an attempt to illustrate how large reanalysis errors can be, Figure 2.2 compares the
SIC seasonal cycle of CFSR with that of another reanalysis. namely version 2 of the
Modern-Era Retrospective analysis for Research and Application (MERRA-2: Gelaro
et al., 2017). As another point of comparison. SIC of the ensemble of 55 simulations
(see Section 2.2.2) is also presented, through monthly ensemble mean and spread. Both
MERRA-2 and simulated time series were interpolated on the 1036 CFSR grid tiles
using a nearest neighbour approach. Because land/sea masks were not available for all
models at the moment of doing the analysis. each grid cell has been considered as
oceanic if its SIC reaches 50% at least one time during the historical part. For MERRA-
2. in order to take into account that some grid points are composed of sea area fraction,

we divided the SIC value of every point by its sea area fraction.
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Figure 2.2 shows that the two reanalyses agree relatively well from July to December.
From January to June, the perceptible difference is much less than the inter-model
range. For the wintertime, when the sea ice cover is at its maximum, differences
between the reference products are not negligible and deserve a particular attention. A
closer look to the data allows us to note that the differences are the result of the coastal
grid tiles. The spatial distributions of SIC during February for the reference products
and the simulation ensemble are represented in Figure 2.3. As it is shown, MERRA-2
seems to have some difficulties in the representation of SIC for coastal grid tiles and
this is the reason why the reanalyses are inconsistent between each other during the
wintertime. In February, the bay reaches a completely ice-covered state every year
(Wang et al., 1994; Mysak et al., 1996; Tivy et al., 2011) and some of MERRA-2
coastal grid tiles never reach high enough SIC to be in coherence with the reanalysis
CFSR. Consequently, the selection of the simulation is only based on CFSR, and
MERRA-2 is left apart. The selection of the best reference product to use for the
evaluation of simulated sea ice cover of the Arctic is an important issue to investigate
in the future but is beyond the scope of this paper. In future. attention could be focused
on the Canadian Ice Service sea ice product relevance; sea ice observation could be
appropriate for this kind of application. In this application, for temporal and spatial

resolution purposes, only reanalysis products were considered.

2.2.2.2 Simulation ensemble

Our simulation ensemble is composed of 55 simulations from 19 models contributing
to the phase 5 of the Coupled Model Intercomparison Project (CMIPS; Taylor et al.
2012). Table 1 lists all models, corresponding modelling centers and representative

concentration pathways (RCPs; van Vuuren et al. 2011) of the simulations used. A 26-
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yr climatological mean (1980-2005) was used as the recent-past period and compared

to a 26-yr future mean (2075-2100).

All emissions scenarios available at the moment of the download are used. As shown
further on in Section 3.3, emissions scenarios represent an important source of
uncertainty for the end of this century. The common rule is to consider all emission
scenarios as “equally valid with no assigned probabilities of occurrence” (Nakicenovic
and Swart, 2000). For the robustness of climate scenarios, probabilities should be
assigned to each emission scenario but this uncertainty aspect is far beyond the scope

of this paper.

In climate services, the choice of model members is subjective. For example, Borodina
et al. (2017) chose to use only the first member of each model for building the initial
ensemble (the initial ensemble is composed of all used simulations), in order to give
the same initial weight to each model. On the other hand, Bracegirdle and Stephenson
(2013) included all the members in the initial ensemble. Massonnet et al. (2012)
decided to use the mean of the members. This methodological aspect can strongly
impact the characteristics of the final ensemble (the final ensemble is composed of the
selected simulations) (not shown). Knowing that the uncertainties associated with the
emission scenarios largely include the ones associated with the natural variability for
long term climate projection (Kirtman et al., 2013), we were more comfortable to use
the approach “one model, one vote” which gives every model the same initial weight
even if it implies that the natural variability represented by the different members is not
included in our initial ensemble. Note that this “one model, one vote” applies to each
RCP considered separately; for the full ensemble model weights vary because some

models have not been forced with all RCPs.
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2.2.3 Investigation methodology

2.2.3.1 Strength of emergent constraints

Emergent constraints are tested on a monthly basis. Two potential predictors
characterizing the historical period are tested, namely the mean sea ice concentration
(SIC) and the standard deviation among annual values (gs;c). Only one response is
tested, namely the mean temperature change from the historical to the future periods
(AT). The strength of the emergent constraints is defined by the parameter R, following
Bracegirdle and Stephenson (2013). In this general framework, simulation responses y

are linked with the predictors x through a linear regression:

Yi= U+ Bxi+ g (eq. 1)

where index 7 refers to any of the 55 simulations, u is the vertical intercept, B3 is the
regression coefficient (slope) and ¢ is the residual (not accounted for by the regression).

This representation allows for designing the quantity R’ defined as:

05—-0¢

R? =

(eq. 2)

2
Oy

where 05 represents the variance of the distribution of 55 values in y and 62 represents
the corresponding quantity for the residuals. R’ is a statistical measure of the ability of
the linear regression to represent the scatter plot. This quantity R’ can vary between 0
(no constraint) and 1 (perfect constraint). It can be defined either for a specific grid
tile or for larger regions. Figure 2.4 illustrates the quantities appearing in Equation 1|

for the month of December and the grid tile with coordinates 56.9818°N, 80.3129°W.
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For subsequent specific objectives, the constraining strengths of the two potential
predictors (STC and og;¢) are compared after the 1036 tile-specific R are averaged, on
a monthly basis (as shown in results Section 3.1. this comparison leads to SIC being

chosen).

2.2.3.2 Selection method

The simulation selection proceeds by ranking the 19 models according to their root
mean square error (RMSE) in simulating the predictor (SIC) over the domain, relative
to the reference product (CFSR). For each model / and month i, the following quantity

is calculated:

1 <7 a7a 2 1
RMSEUT[ = J;ijl[slcllm - SICCFSR_jm] (eq. J)
where j runs on the J grid tiles (1036 in this case).

The RMSE puts larger influence on higher errors. Because the ranking of the models
may vary from one period of the year to another (see Section 3.2), an annually averaged

skill score (SSi) has been defined for each model i

SSi=— Y12 RMSE,, (eq. 4)
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Once all models of the initial ensemble (corresponding to 55 simulations from 19
models) are ranked using their respective SS;, the final ensemble is arbitrarily chosen
to correspond to the 3 best models. As shown in results Section 3.2, these models are

MPI-ESM-LR, GISS-E2-R and GFDL-ESM2G, which corresponds to 8 simulations.

2.2.3.3 Impact on range of uncertainty

To evaluate whether and how the model selection impacts the range of uncertainty of
the response (AT). we first define the quantities Sinitial and Srinal as the spreads in the 55
AT values of the initial simulation ensemble (distribution {AT}initial) and in the 8 AT
values of the final simulation ensemble (distribution {AT}fina). The spreads are here

defined as the full ranges of uncertainty, so that:

Sinitial = max({AT}mma]) - min({AT}initial) (Cq 5)

Ofinal = maX({AT}ﬁnal) - min({AT}ﬁnal) (eq 6)

These definitions allow for characterizing the uncertainty reduction with the parameter

Q defined as:

Q = (Oinitial - Ofinal) / Oinitial (eq.7)
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Because by definition both Sfinal and Ginitial are non-negative and Ofinal < Jinitial, {2 Varies

between 0 (no uncertainty reduction) and 1 (total reduction).

Figure 2.5 illustrates the quantities appearing in Equations 5, 6 and 7 for the month of
October. Figure 2.5a represents the amount of uncertainty included in the final
ensemble in function of the number (N) of selected models. The models are
progressively included in function of their rank according to the skill score. Knowing
that the uncertainty generally grows with N, the related results shown in Section 3
would be different if less or more models would have been removed in building the
final ensemble. The number of models used in impact studies is subjective, and often
depends on the capacity of the climate service user to treat large number of data. Figure
2.5b shows how the arbitrariness linked to the number of models selected for the final

simulation ensemble can impact on the uncertainty reduction.

Once a reduction in uncertainty is obtained (€ > 0), it is important to characterize how
significant it is. Indeed, a reduction in uncertainty by picking a certain number of final
simulations out of an initial ensemble (here 8 out of 55) can occur by chance, just due
to the extreme values not being picked. To characterize the significance of Q, its value
is compared with the distribution of values {Qrandom} one would obtain by randomly
selecting the simulations. As a general combinatory rule, there exists N!/(x!(N-x)!)
combinations of x objects in a larger ensemble of N objects (Wilks, 2006), which in the
case of x = 8 and N = 55 amounts to ~ 1.22 10°. Due to computational limitations, only
10,000 combinations (no repetition) are generated for building the distribution
{Qrandom } . Here, the associated Q value is considered as a significant reduction only if

it is higher than at least 50 % of the values of {Qrandom}-

2.2.3.4 Sensitivity to spatial scale
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An ensemble of 14 coastal sites (around Hudson Bay) are used to assess whether the
selection derived from the relationship between bay-scale SIC and bay-scale AT
translates into a significant uncertainty reduction at specific land grid tiles where most

human populations and infrastructures are established.

2.3 Results

2.3.1 Strength of emergent constraints

As illustrated in Figure 2.6, both predictors (SIC and o) lead to comparable
constraint strengths (R?). but SIC is more constraining for 6 months (out of the 9
months for which R? is determined). particularly for December. Consequently, it is

adopted as the predictor for the rest of this study.

Figure 2.7 shows the tile-specific constraint strength indicator (R?), on a monthly basis.
The emergent constraint is stronger for December and non-defined for the majority (or
the totality) of the grid tiles during the ice-free months (July to October). To ensure
some minimal level of robustness, R? is calculated only if at least 10 simulations have
a SIC reaching 10%; otherwise a ‘Not-a-Number® (NaN) is assigned to those tiles (in

other words, R? is not defined).
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2.3.2 Selected models

Table 2 shows the rank of the simulations with the skill score (SSi) applied on all
months and the one obtained by considering only the freeze-up months (November and
December) or only the breakup months (June and July). For this application. the yearly

ranking is used.

2.3.3 Impact on range of uncertainty

The emergent constraint based on the realism of SIC allows for a simulation selection,
which reduces the uncertainties of AT for the Hudson Bay domain. In Figure 2.8, the
monthly evolution of surface air temperature anomalies is represented for every
simulation (red for rejected, green for selected simulations) and the uncertainty
reduction parameter () is displayed in the upper left corner of each panel. All
simulations project an increase in surface air temperature (AT > 0) as well as a decline
in SIC (ASIC < 0; not shown). The largest uncertainty reduction was found for the
month of March, where the initial spread of 18.8°C was reduced to 8.3°C after the
selection (2=0.555). The statistical test described in Section 2.3.3. indicates that the
reduction of uncertainty is significant for all months except January and December
(Figure 2.9). For the months from February to November. the uncertainty reduction ()
is higher than the 50" percentile of {Qrndom}: in other words, the method for selecting
the models (and hence the simulations) leads to a larger uncertainty reduction than the
majority of the random simulation selections do. Generally speaking (but specifically

referring to the comparison between the twelve monthly Q values and their
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corresponding 50" percentiles of {Qrandom} ). the probability of having a first quantity
higher than a second one in at least 10 cases out of 12 is ~ 1.93% (approximation based

on a simple Monte Carlo approach with five repetitions of 107 trials).

Figure 2.10 shows the spread of AT in function of SIC for all simulations and for
simulations linked with each of the RCPs, for December. December was chosen for
illustrating this particular result because it is the month with the highest constraint
strength (R?). A larger reduction of uncertainty is obtained for each emission scenario
considered separately than for the whole ensemble, which is partly due to the distinct
warming rates of the RCPs. Indeed. selecting a model (rather than a simulation) often
implies having projections for the different RCPs, which combines with the RCP-
segregated long-term warming (see Figure 2.5a) for limiting the strength of the
constraint. In other words. if there were smaller RCP-related uncertainty, the emergent
constraint could possibly lead to a larger uncertainty reduction. In the present selection
(only 3 models involving 8 simulations), it must however be noted that the small
number of simulations per RCP probably plays a role in the results; statistical
significance has not been assessed for this specific analysis. Similar results have been

obtained for all months except April (not shown).

2.3.4 Sensitivity to spatial scale

Figure 2.11 shows how the monthly uncertainty reduction (Q2) varies among the coastal
villages identified in Figure 2.1. Selection is still made on a bay-scale basis, but
uncertainty reduction is assessed for each individual grid tile containing one of the
villages. Inter-village differences are larger during the freeze-up and ice-covered
months (from November to February). During this period, months for which

northwestern villages present relatively high R’ values are the same for which
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southeastern villages present relatively low R? values, and vice versa. It has not been
possible to link this spatial pattern to basic dynamical features of the region, for

example to the direction of the prevailing winds.

Regarding the statistical significance of the uncertainty reduction, the test described in
Section 2.3.3 shows it is the case for almost all combinations village / month from
February to November (Figure 2.12). It is only during January and December that the
model selection does not lead to a statistically significant reduction of uncertainty for

almost all sites.

2.4 Discussion

2.4.1 Physics-based explanations

In the previous section, results were described mostly on a statistical basis. Although a
full physics-based explanation of the results is beyond the scope of this paper, this
section is an attempt to provide some understanding of how the results emerge from

the links between the sea ice cover and surface air temperature in the models.

Physics and dynamical mechanisms of the individual models lead to different sea ice
feedback intensities (Pithan and Mauritsen, 2014; Holland and Bitz, 2003; Barnes and
Hartmann, 2010). As illustrated in Figure 2.10, for December, the simulations in which
the stronger AT values emerge are the ones with the stronger SIC during the reference
period. Table 3 presents the positive Pearson linear correlation coefficients for those
variables, whose statistical significance has been verified using Fisher’s z-
transformation test with 95% confidence intervals (Wilks, 2006). As explained earlier
in this paper, the sea ice cover is known to exert a strong influence on the atmosphere

above. With long-term warming over Hudson Bay, the sea ice cover retreats and allows



30

surface air temperature to increase even more due to the sea ice feedback. On the other
hand. the simulations starting in the recent past with a weak sea ice cover have in some
way already experienced the sea ice feedback (if the climate was cooler in a previous
period in the simulation) or can not experience it (if there is no earlier period with a
cooler climate and hence with a stronger ice cover), so they won't exhibit the related
warming enhancement. On the contrary, a simulation starting very cold, and hence with
a very strong ice cover, are expected to experience a sea ice-albedo feedback stronger

than on the real Earth.

Another result that could eventually benefit from a physics-based explanation is that of
Table 2, where the ranks of the simulations are not the same for the two transition
periods, suggesting that the important processes taking place during the different
phases of the cryogenic cycle are not represented the same way in the different models.
One hypothesis regarding this issue is that some of the models that perform relatively
well when thermodynamic and dynamic aspects of ice formations are ongoing perform
relatively poorly on the melting aspects (and vice versa). Thus, we did not evaluate the
strength of the constraint of any season or specific time of the year predictor (meaning
that the selection could have been based on the realism of one variable for one
particular season). With the present choice of skill score, the selected models are those
most able to reproduce reasonably the whole annual cycle rather than those with highest
performance in one particular period. If an application needs climate information for
one particular season, than the skill score should be adapted accordingly, for example

by giving more weight to specific months.

Overall. emergent constraints need physics-based support because they can be
fortuitous. Here we have discussed general qualitative support for the relationships
between the adopted predictor (SIC) and the response (AT), but clearly a deeper

analysis is desirable.
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2.4.2 Limitations and further work

The main frailty of simulation selection is often the subjective choices involved. First,
the choice of a reference product frequently results from logistical considerations
including the availability of the data and the ease to obtain them, as well as
harmonization with other related projects. In the present case, reanalyses have been
adopted in large part for their convenience (availability, no missing data, etc.). More
specifically, CFSR was first chosen because it had been analysed over the same domain
in a related project (Agbazo and Grenier, to be submitted), and time limitations allowed
for considering only one other reanalysis that was arbitrarily chosen to be MERRA-2.
Climate trajectories in reanalysis differ one from another and from that of the real
climate system (Diaconescu et al., 2018), and those differences can ultimately lead to
non-optimal decisions. As mentioned earlier in this paper, the Arctic climate needs to
be better monitored for the improvement of all convenient reference gridded products

and of numerical models.

More specifically related to the present project, the search for the best predictor to
reduce the uncertainty in the change of surface air temperature could be answered with
other variables than ice-related ones. For example, the wind deserves attention since it
could induce misrepresentations in the atmospheric and oceanic circulations. Being one
of the main variables that affect the local climate state by its importance in the
transportation of air masses; if the wind direction is misrepresented in a model, it can
induce a misrepresentation in the surface air temperature, especially in coastal

locations.
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Finally., one limitation of the present study is its limited potential impact considering
its timing in the CMIP cycles. Indeed, the selection performed here concerns the
CMIPS (Taylor et al., 2012) generation of global simulations, which has been available
since ~ 2013 and which is about to be replaced by the CMIP6 generation (Eyring et al.,
2016). Considering that each model will have evolved differently over the last few
years, and that simulations from new models or new model variants might become
available as well, it is unlikely that the same methodology applied to CMIP6 would
generate the same model ranking. The circumstantial nature or limited-term validity of
the present results is a limitation shared by probably most emergent constraint studies,
even maybe most selection-related studies. At least, methodological considerations

developed in such studies might remain relevant through time.

2.5 Conclusion

We showed that the emergent constraint framework is relevant for selecting
simulations in the CMIP5 ensemble over the Hudson Bay area, using the average 1980-
2005 sea ice concentration (SIC) as the predictor and the temperature change (AT) from
1980-2005 to 2075-2100 as the response. Indeed, it was possible to constrain the
uncertainty relative to AT. by eliminating mostly simulations that exhibited very high
AT values for many months. Moreover, a simple test comparing the uncertainty
reduction of the resulting selection with uncertainty reductions from random selections
suggests the result are generally statistically significant. Also, although the study does
not focus on physical mechanisms, there is good reasons to consider that the emergent
constraint stems from the physical links between the initial (recent-past) strength of the

sea ice cover and the long-term warming, due to the contribution of the sea ice-albedo
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feedback. This feedback is expected to play strongly (weakly) if the system starts with
a strong (weak) sea ice cover, forming the basis for the SIC — AT relationship across
the simulations. Statistical significance of the uncertainty reduction has been verified
for both the Hudson Bay scale and the local scale at many coastal villages, suggesting
the method could justify to provide local communities with narrower and hence more

useful climate scenario ensemble.

The future climate of the high latitudes still remains with a lot of uncertainty. All
involved climate feedbacks are not yet well understood. The exact role of the clouds,
the winds. the global circulation and the sea ice state in Arctic amplification are current
research fields. In addition. the lack of observation in those regions leads to major
differences in the reference products; reanalyses are hard to trust completely. Finally,
the construction of climate scenarios is a sequence of subjective choices. Certainly not
perfect and highly debatable, climate scenarios still are the best tools we have to feed

climate change impact studies ad ultimately inform decision-makers.
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Table 2.1: CMIP5 models used in this study and the development center
associated. An x indicates that corresponding model is represented in the

ensemble with a simulation forced by that RCP.

35

Model Center RCP26 RCP 43 RCP60 RCP 83

CanESM2 CCCMA X
CMCC-CM cMcc X X
CMCC-CMS CcMCC X X
CNRM-CM5 CNRM-CERFACS X X X
INM-CM4 INM X X
IPSL-CM5A-LR 1PSL X X X X
IPSL-CM5A-MR IPSL X X X X
IPSL-CM5B-LR IPSL X X
MIROC-ESM MIROC X X X X
M ROC-ESM- MIROC X X X X

CHEM

MIROCS MIROC X X X X
MPI-ESM-LR MPI-M X X X
MPI-ESM-MR MPI-M X X X
MRI-CGCM3 MRI X X X X
MRI-ESM1 MRI X
GISS-E2-R NASA-GISS X
GFDL-CM3 NOAA-GFDL X X X X
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GFDL-ESM2G

NOAA-GFDL

GFDL-ESM2M

NOAA-GFDL

Table 2.2: Rank of the models with skill score SS; applied on various periods of

the year (annual, freeze-up, breakup).

Model rank Annual Freeze-up Breakup
1 'MPI-ESM-LR’ 'IPSL-CM5A-LR’ 'MPI-ESM-LR’
2 'GISS-E2-R' 'IPSL-CM5B-LR' 'MIROC5'
3 'GFDL-ESM2G' 'IPSL-CMS5A-MR' 'CNRM-CM5'
4 'MIROCS' 'MRI-CGCM3' 'GISS-E2-R’
5 'IPSL-CM5A-LR' 'MRI-ESM1’ ‘MPI-ESM-MR'
6 'CMCC-CM' 'GFDL-ESM2G' 'INM-CM4'
7 'MPI-ESM-MR' 'MPI-ESM-LR' 'CanESM2'
8 'CNRM-CM5' 'GISS-E2-R’ 'GFDL-ESM2G'
9 'IPSL-CM58-LR' 'CMCC-CM' 'CMCC-CM’
10 'GFDL-CM3' 'GFDL-CM3' 'CMCC-CMS'
11 'MRI-CGCM3' ‘CMCC-CMS' 'GFDL-CM3'
12 'CMCC-CMS' 'MIROCS' 'MIROC-ESM-CHEM'
13 'MRI-ESM1' 'MPI-ESM-MR' 'IPSL-CM5A-LR'
14 'IPSL-CM5A-MR' 'CNRM-CM5' 'MIROC-ESM'
15 'CanESM2' 'MIROC-ESM-CHEM' 'IPSL-CMSB-LR’
16 'INM-CM4' 'INM-CM4' 'GFDL-ESM2M'
17 'MIROC-ESM-CHEM' 'CanESM2' 'MRI-ESM1’
18 'MIROC-ESM' 'MIROC-ESM' 'MRI-CGCM3'
19 'GFDL-ESM2M' 'GFDL-ESM2M' 'IPSL-CM5A-MR'

Table 2.3: SIC and AT Pearson linear correlation coefficients and related
confidence interval calculated with Fisher’s z-transformation test with




95 % confidence intervals (superscripts and underscripts for higher and
lower bounds. respectively). Only the months characterized by a strong
sea ice cover during the recent past are shown.

Month All RCP2.6 RCP4.5 RCP6 RCP8.5
simulations

November | 0.17 %%, | 0.12%37, 0.31933 | 0.01%%. | 0.33333

December | 0.52 343 0.55 971 0.65578 0.73 908 0.86 321

January 0.07%3, |-0.07%%,| 0.06%3%, | -0.06%%%, | 0.18%3,

February | —0.09%%. | —0.27 2031 | —0.19%88; | —0.23°%33%, | —0.20 %88,

Mars —-0.04%%3%, | —0.19°%88, | —0.03%%, | 0.00%%%, | —0.07 3%,
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Figure 2.1: Investigation domain (1036 grid points) and 14 coastal villages
considered in this study.
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Figure 2.2: Mean (1980-2005) seasonal cycle of SIC as simulated by the
reanalyse CFSR (solid black), MERRA-2 (dashed black) and the
simulation ensemble (red). The red line shows the ensemble mean and the
shaded area shows the spread of the ensemble.



Figure 2.3: Reanalysis and multimodel mean February SIC. The upper panels
(a-b) respectively show reanalysis CFRS and MERRA-2. The lower panels
(c-d-e) respectively show the multimodel mean of the 55 simulations, the
upper bound (highest overall SIC) and the lower bound (lowest overall

SIC).
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Figure 2.4: Scatter plot of SIC and AT. This figure illustrates the quantities

appearing in equations 1 for the month of December and centered on
56.9818°N and -80.3129°E.
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Figure 2.5: (a) October AT uncertainty spread (8) in function of the number (V)
of better-ranked models included in the final ensemble (8finai shown
specifically for N = 3). Marker colors stand for the different RCPs
(magenta for RCP2.6, green for RCP4.5, blue for RCP6.0 and red for
RCP8.5). (b) Uncertainty reduction (Q) in function of N, also for October

(dashed line highlighting the case N = 3).
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Figure 2.6: R? for each month and each of the 2 tested predictors: SIC (blue) and
0s1c (red). The number of grid tiles on which R? is based is indicated for
each month (for each tile, R? is calculated only if at least 10 simulations
have a SIC > 10%).
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Figure 2.7: Local R? for the predictor SIC.
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Figure 2.8: Monthly evolution of surface air temperature anomalies for the 55
simulations used in the study (relative to 1980-2005). A green (red) curve
represents an accepted (rejected) simulation. The black line corresponds
to the reference product CFSR. The monthly uncertainty reduction (2)
appears in the upper le<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>