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Changements climatiques et variabilité
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I Sur les échelles
décennales, ce sont
les variations
⌧ internes � qui
dominent ;

Obs. NASA-GISS
(Sévellec et Drjfhout, Nature Com., 2018)

Tendances locales à 10 ans de la température

(10�2 K yr�1)

I Sur les échelles
décennales,
l’Atlantique Nord
et la région
Pan-Arctique sont
des régions clefs.

Modèles climatiques CMIP5
(Sévellec et Sinha, Oxford Enc. of Clim.

Sci., 2018)
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Cellule méridienne de retournement de l’Atl.

AMOC

Conséquences climatiques :

I Pluie/Sécheresse au Sahel,

I Cyclones tropicaux,

I Climat estival de l’Amérique du nord et de l’Europe.

) Forte demande sociétale pour anticiper les variations

de l’AMOC et ses conséquences.
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Prévoir l’AMOC pour les prochains 10 ans ?

— Simulations

d’ensemble

– État moyen

l Incertitude

Modèle climatique
IPSL-CM5A-LR

Après ⇠10 ans l’Incertitude est grande :
Sensibilité à la condition-initiale ) Chaos déterministe !

) Malgré des avancées qualitatives évidentes, cette question
reste ouverte, notamment sur l’aspect quantitatif...

) Listes de questions scientifiques non-exhaustives :
I Quelle est la barrière de prévisibilité de l’AMOC?
I Quels processus limitent la prévisibilité de l’AMOC?
I Quel est le rôle de la turbulence océanique dans la

prévisibilité de l’AMOC?
I . . .
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Digression Conceptuelle

) La Croissance d’Erreur peut avoir deux formes :

I Stochastique – Hasselmann (1976)

d |ui = A(t) |ui dt + Ld |W(t)i ) du = ��udt + �dW .

I Déterministe – Poincaré (1892) et Lorenz (1963)

dt |Ui = N (|Ui , t) ) |Ui = |⌦,�BTS ,�NSSi .

Sévellec et Fedorov (J. Climate, 2014)
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Non-Linéarités

Conclusions

6/24

Digression Conceptuelle

) La Croissance d’Erreur peut avoir deux formes :

I Stochastique – Hasselmann (1976)

d |ui = A(t) |ui dt + Ld |W(t)i ) du = ��udt + �dW .
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Peut-on prévoir l’AMOC

) Deux stratégies complémentaire pour étudier la prévisibilité :

I Pragmatique – Simulations d’Ensemble

+ Facile à mettre en place avec les modèles actuels ;
+ Pas d’approximation a priori de la dynamique ;
� Di�culté de convergence quantitative

) Échantillonage de la condition initiale.
� Coûteux numériquement.

I Théorique – Perturbations Optimales

+ Cadre théorique bien posé
) Assure la châıne de causalité ;

+ Caractérise la sensibilité à la condition initiale
) Attribution Dynamique ;

� Besoin du modèle ⌧ adjoint � ;
� A priori limité à une dynamique laminaire et linéaire.
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Florian Sévellec
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Qu’est-ce qu’une Perturbation Optimale ?

La perturbation qui induit le plus de changement !

) Caractérise la sensibilité à la condition initiale.
[Farrell et Ioannou (1996a et b), Tziperman et Iannou (2002), Zanna and Tziperman (2005 et 08), etc.]

Mathématiquement :

I Système d’équations – Évolution de l’état du système (|Ui) :
dt |Ui = N (|Ui , t).

I Linéarisation – dynamique de la perturbation (|ui) :

dt |ui = A(t) |ui , oùA(t) =
@N
@ |Ui

����
|Ui

et |Ui = |Ui + |ui .

) |u(t)i = M(t, t0) |u(t0)i .

I Maximisation sous contrainte :

Dynamique linéaire !

L = hF|u(t)i � �
�
hu(t0)|S|u(t0)i � ✏2

�
.

) LOP : Solution explicite ne nécessitant que l’⌧ adjoint � !

) |uopt
(t0)i = ±✏

S
�1

M
†
(t0, t) |Fiq

hF|M(t, t0)S�1
M

†
(t0, t)|Fi

.

Sévellec et al (J. Phys. Oceanogr., 2007)
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) |uopt
(t0)i = ±✏

S
�1

M
†
(t0, t) |Fiq

hF|M(t, t0)S�1
M

†
(t0, t)|Fi

.
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@N
@ |Ui

����
|Ui

et |Ui = |Ui + |ui .

) |u(t)i = M(t, t0) |u(t0)i .

I Maximisation sous contrainte : Dynamique linéaire !
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Digression Méthodologique

Qu’est-ce qu’un ⌧ adjoint � ?

River	Pollutant	Analogy	
Where	does	the	pollutant	go?	

Where	does	the	pollutant	come	from?	

Known	Source	

Identified	Actual	Impact	

Identified	Likely	Source	

“CLASSICAL”	FORWARD	ANALYSIS	

“BACKWARD”	ADJOINT	ANALYSIS	

Known	Impact	
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Application à un GCM océanique laminaire

LOP de l’AMOC à 50
�
N dans NEMO-ORCA2 :

I Impact maximum p/p au délai (⌧=t�t0) :

hF|uopt
(t)i = ±✏

q
hF|M(t, t0)S�1

M
†
(t0, t)|Fi.

former apply surface temperature restoring and constant-
in-time freshwater fluxes for salinity. The latter maintain
constant surface heat and freshwater fluxes. MBC allow
a feedback between oceanic and atmospheric tempera-
tures, but assumes that the atmospheric heat reservoir is
infinite. FBC neglect any feedbacks.
Realistic ocean–atmosphere interactions generate sur-

face forcing for the ocean that lies probably somewhere in
between these two extreme boundary conditions. Note
that the annual trajectory remains identical for both set of
experiments, and modifying surface boundary conditions
affects only the tangent and adjoint simulations. We also
remind the reader that using constant or even time-varying
surface fluxes in the linearized problem means surface
fluxes that are identically zero as long as the surface forcing
is independent of ocean state variables.
As mentioned in the introduction, another common

method to obtain optimal perturbations is based on the
SVD (e.g., Farrell and Ioannou 1996a). Applying our
approach (an optimization procedure using Lagrange
multipliers) but maximizing a quadratic norm instead of
a linear measure of the AMOC would lead to an ei-
genvalue problem whose solutions are singular vectors
of the problem as shown in Sévellec et al. (2007). [A
similar result has been independently obtained in the
context of atmospheric modes of variability by Vimont
(2010) and Martinez-Villalobos and Vimont (2016).] In
the present and previous studies we choose to maximize
linear measures for two main reasons. First, as discussed
before, in a linear framework changes in MVT, MHT,
SST, and OHC are conveniently expressed by linear
functions of the state vector. Second, using linear mea-
sures yields an explicit solution of the problem, (8),
which eliminates the necessity to solve an eigenvalue
problem with much higher computational costs. A more
extensive discussion of this point can be found in
Sévellec et al. (2007).

b. Results

To check the existence of the most optimal (i.e., most
effective) delay we have compared the impacts of the
optimal perturbations of each measure in a range of
t from 0 to 1000 yr. Following (8), we have

hF j uopt
t (0)i5 hFjM(2t)juopt

t (t)i

56!
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
hFjM(2t)PN21PyMy(t)jFi

q
.

(9)

Using this diagnostic reveals striking differences in the
system sensitivity of different measures (Fig. 2). Whereas
OHC has an optimal transient time scale of one decade
(more exactly 29.9yr), MVT and MHT do not. The al-
most monotonically decreasing sensitivity of MVT and

MHT to optimal initial perturbations as a function of time
delay (Figs. 2a,b) suggests that MVT and MHT can be
modified by nearly instantaneous perturbations (with just
a few weeks or months delay) much more efficiently than
by perturbations in the distant past. In contrast, OHC
shows the highest sensitivity to perturbations applied
a decade earlier (Fig. 2d).
Examining the SST sensitivity to optimal perturba-

tions reveals two local maxima (Fig. 2c), one for zero

FIG. 2. (a)–(d) The impact of the optimal thermohaline per-
turbations of MVT, MHT, SST, and OHC on the respective
variables as a function of the time delay t. The impact is defined
as themaximummagnitude that a particular variable would reach at
the peak of the transient growth. Solid and dashed lines represent
that MVT and MHT are affected most efficiently by near in-
stantaneous perturbations (t ’ 0), whereas OHC and SST are most
sensitive to past perturbations. The choice of the boundary condi-
tions is most important for SST.Hereafter, in Figs. 2–7 and 9–12, the
magnitude of the initial perturbations given by the norm is scaled to
the order of 1mK (i.e.,a21

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
hu(0)jSju(0)i

p
5 1023K). In the context

of ocean predictability, the error bound is defined as the maximum
impact of a particular initial perturbation with this magnitude across
all tested delays for FBC (instantaneous values are disregarded for
SST; see the text).
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of ocean predictability, the error bound is defined as the maximum
impact of a particular initial perturbation with this magnitude across
all tested delays for FBC (instantaneous values are disregarded for
SST; see the text).
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I Perturbation optimale – LOP – |uopt(t0)i :

) Comme attendu (géostrophie) la diférence de densité

Est-Ouest induit un changement optimale de l’AMOC !

Sévellec et Fedorov (J. Climate, 2017)
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Application à un GCM océanique laminaire
LOP de l’AMOC à 50

�
N dans NEMO-ORCA2 :

I Impact maximum p/p au délai (⌧=t�t0) :

hF|uopt
(t)i = ±✏

q
hF|M(t, t0)S�1

M
†
(t0, t)|Fi.

former apply surface temperature restoring and constant-
in-time freshwater fluxes for salinity. The latter maintain
constant surface heat and freshwater fluxes. MBC allow
a feedback between oceanic and atmospheric tempera-
tures, but assumes that the atmospheric heat reservoir is
infinite. FBC neglect any feedbacks.
Realistic ocean–atmosphere interactions generate sur-

face forcing for the ocean that lies probably somewhere in
between these two extreme boundary conditions. Note
that the annual trajectory remains identical for both set of
experiments, and modifying surface boundary conditions
affects only the tangent and adjoint simulations. We also
remind the reader that using constant or even time-varying
surface fluxes in the linearized problem means surface
fluxes that are identically zero as long as the surface forcing
is independent of ocean state variables.
As mentioned in the introduction, another common

method to obtain optimal perturbations is based on the
SVD (e.g., Farrell and Ioannou 1996a). Applying our
approach (an optimization procedure using Lagrange
multipliers) but maximizing a quadratic norm instead of
a linear measure of the AMOC would lead to an ei-
genvalue problem whose solutions are singular vectors
of the problem as shown in Sévellec et al. (2007). [A
similar result has been independently obtained in the
context of atmospheric modes of variability by Vimont
(2010) and Martinez-Villalobos and Vimont (2016).] In
the present and previous studies we choose to maximize
linear measures for two main reasons. First, as discussed
before, in a linear framework changes in MVT, MHT,
SST, and OHC are conveniently expressed by linear
functions of the state vector. Second, using linear mea-
sures yields an explicit solution of the problem, (8),
which eliminates the necessity to solve an eigenvalue
problem with much higher computational costs. A more
extensive discussion of this point can be found in
Sévellec et al. (2007).

b. Results

To check the existence of the most optimal (i.e., most
effective) delay we have compared the impacts of the
optimal perturbations of each measure in a range of
t from 0 to 1000 yr. Following (8), we have

hF j uopt
t (0)i5 hFjM(2t)juopt

t (t)i

56!
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
hFjM(2t)PN21PyMy(t)jFi

q
.

(9)

Using this diagnostic reveals striking differences in the
system sensitivity of different measures (Fig. 2). Whereas
OHC has an optimal transient time scale of one decade
(more exactly 29.9yr), MVT and MHT do not. The al-
most monotonically decreasing sensitivity of MVT and

MHT to optimal initial perturbations as a function of time
delay (Figs. 2a,b) suggests that MVT and MHT can be
modified by nearly instantaneous perturbations (with just
a few weeks or months delay) much more efficiently than
by perturbations in the distant past. In contrast, OHC
shows the highest sensitivity to perturbations applied
a decade earlier (Fig. 2d).
Examining the SST sensitivity to optimal perturba-

tions reveals two local maxima (Fig. 2c), one for zero

FIG. 2. (a)–(d) The impact of the optimal thermohaline per-
turbations of MVT, MHT, SST, and OHC on the respective
variables as a function of the time delay t. The impact is defined
as themaximummagnitude that a particular variable would reach at
the peak of the transient growth. Solid and dashed lines represent
that MVT and MHT are affected most efficiently by near in-
stantaneous perturbations (t ’ 0), whereas OHC and SST are most
sensitive to past perturbations. The choice of the boundary condi-
tions is most important for SST.Hereafter, in Figs. 2–7 and 9–12, the
magnitude of the initial perturbations given by the norm is scaled to
the order of 1mK (i.e.,a21

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
hu(0)jSju(0)i

p
5 1023K). In the context

of ocean predictability, the error bound is defined as the maximum
impact of a particular initial perturbation with this magnitude across
all tested delays for FBC (instantaneous values are disregarded for
SST; see the text).
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the peak of the transient growth. Solid and dashed lines represent
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SST; see the text).
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I Perturbation optimale – LOP – |uopt(t0)i :

4. Idealized model

a. Idealized model formulation

So far we have demonstrated that MVT and OHC (or
MHT and SST) exhibit dramatic differences in terms of
sensitivity to the initial perturbations: meridional vol-
ume and heat transports are most sensitive to shorter
time scales associated with smaller spatial-scale anom-
alies located near the basin western and eastern bound-
aries, whereas the two spatially averaged temperature
variables are most sensitive to basin-scale anomalies
which can induce transient growth up to a decade long.
To further investigate the role of the horizontal length
scale of the anomalies, specifically in controlling the time
scale and maximum sensitivity for each of the four cli-
matic variables, we use an idealizedmodel of linear ocean
dynamics formulated for the North Atlantic. The setting
of the model (Fig. 8) is similar to that of Sévellec and

Fedorov (2013a), Sévellec and Fedorov (2015), and
Sévellec and Huck (2015), and the text below follows
these studies with minor modifications.
The idealized model describes the linear dynamics of

the ocean GCM with several approximations applied.
For simplicity, we neglect the seasonal cycle and consider
the system autonomous. Also, the large spatial scale of
the problem allows us to reduce the momentum equa-
tions to geostrophic balance on a b plane (the planetary-
geostrophic regime or the geostrophic regime of type 2;
see Phillips 1963; Colin de Verdière 1988; Salmon 1998).
The model treats anomalies in temperature T 0 and

salinity S0 on two ocean levels, the top level (of depth h)
and the deep level (of depth ~h). These anomalies are
chosen to be functions of time t and the zonal coordinate
x, and their evolution follows a set of advection–diffusion
equations. To simplify themathematical procedure of the
analysis, meridional variations in T 0 and S0 are neglected.

FIG. 5. The upper-ocean structure of the optimal thermohaline perturbation that has the largest impact on MVT
after a delay of 3.3months. Temperature and salinity are averaged between 0 and 1209m. The light gray dashed line
indicates the latitude at which MVT is estimated. Note the two coastally trapped waves located on the opposite
sides of the basin; at time zero they will cross this latitude, leading to a large east–west density gradient and hence
a net meridional geostrophic flow. The results are for the flux boundary conditions.

FIG. 6. As in Fig. 5, but for the optimal perturbation of MHT, also corresponding to a 3.3-month delay. The light
gray dashed line indicates the latitude at which MHT is estimated. Note the coastally trapped wave on the western
side of the basin that will cross this latitude at time zero. The results are for the flux boundary conditions.
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) Comme attendu (géostrophie) la diférence de densité

Est-Ouest induit un changement optimale de l’AMOC !

Sévellec et Fedorov (J. Climate, 2017)
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Application à un GCM océanique laminaire
LOP de l’AMOC à 50

�
N dans NEMO-ORCA2 :

1530 F. Sévellec et al.

1 3

Examples of LOPs and their predicted impact are displayed 
in Figs. 7, 8, 9, and 10, using MVT, MHT, SST, and OHC 
for their cost functions, respectively. They have been studied 
in detail by Sévellec and Fedorov (2017). Here, we sum-
marize their relevant behaviours for this study. Depending 

on the cost function, LOPs are dramatically different. For 
OHC and SST, LOPs are basin-scale anomalies acting most 
efficiently on interannual to decadal time scales (Figs. 9, 
10); for MVT and MHT, together with their basin-scale sig-
nature LOPs have also a small spatial-scale signature and 

Fig. 7  Linear optimal perturbations of the MVT metrics. a The MVT 
response to LOP is computed for delay ranging from 0 to 40 years. 
b–e Four examples of LOP for delay of 2, 5, 10 and 20 years, as indi-
cated by the vertical lines in a: b-e1 0–2056 m average temperature, 

b-e2 2056–4001  m average temperature, b-e3 0–2056  m average 
salinity, b-e4 2056–4001 m average salinity. For comparison all LOPs 
are normalized by 

√
⟨uopt(ti)|!|uopt(ti)⟩/! = 1 mK

) ⌧ Démontre � que sur des délais plus longs l’AMOC est

sensible à la gyre subpolaire !
Sévellec et al (Clim. Dyn., 2018)
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Introduction

Pert. Optimales
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Théorie de la Prévisibilité – Solution Générale
|u (t)i = [A (t) |u (t)i + |X (t)i] dt,

où |Xi est un bruit corrélé et hF|ui est l’AMOC.

var [hF|ut0 (t1)i] = hF|M(t1, t0)⌃iniM
†(t0, t1)|Fi

+

Z
t1

t0

Z
t1

t0

hF|M(t1, t)e
��I t⌃I e

��†
I
s
M

†(s, t1)|Fi dt ds

+

Z
t1

t0

Z
t1

t0

hF|M(t1, t)e
��EB t

⌃EBe
��†

EB
s
M

†(s, t1)|Fi dt ds

+

Z
t1

t0

Z
t1

t0

hF|M(t1, t)e
��MBt

⌃MBe
��†

MB
s
M

†(s, t1)|Fi dt ds.

I ⌃ini : propriété spatiale de l’incertitude de la condition initiale
océanique ,

I ⌃I et �I : propriété spatiale et temporelle du bruit de flottabilité
océanique interne,

I ⌃EB et �EB : propriété spatiale et temporelle du bruit de flottabilité
atmosphérique externe,

I ⌃EM et �EM : propriété spatiale et temporelle du bruit de moment
atmosphérique externe.

) En connaissant la propriété des bruits, on obtient la variance via

l’utilisation de l’⌧ adjoint � (M† |Fi).
) Nous avons une Attribution Dynamique de la variance !

Sévellec et al (Clim. Dyn., 2018) et Stephenson et Sévellec et al (J. Climate, 2021)
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|u (t)i = [A (t) |u (t)i + |X (t)i] dt,
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Sévellec et al (Clim. Dyn., 2018) et Stephenson et Sévellec et al (J. Climate, 2021)
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Impact de la Condition Initiale

Expérience :

I Modèle ⌧ adjoint � NEMO et NEMOTAM en
configuration ORCA2,

I Incertitude liée à la Condition Initiale Océanique ddérive
des incertitudes typiques d’Argo.

I Flux Atmosphériques de Flottabilité diagnostiqués du
modèle de l’IPSL ;

I AMOC mesurée à 50�N.

Contexte méthodologique :

) La réponse d’un océan laminaire soumis à une
incertitude initiale océanique et un bruit stochastique

atmosphérique.

Sévellec et al (Clim. Dyn., 2018)
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Impact de la Condition Initiale

�2=�2
ini+�2

ext�buo
I Incertitude de la condition initiale
I Forçage de flottabilité externe 1523Dynamical attribution of oceanic prediction uncertainty in the North Atlantic: application…

1 3

OHC has a predictive skill that remains above 80% up to 
a decade, above 50% up to 20 years, and below 20% after 
3 decades. When not neglected the impact of oceanic initial 

condition uncertainty are mainly occurring over the first two 
decades (Fig. 3a4). Depending on the intensity of this error 
it can significantly impact the Predictive Power (Fig. 3c4). 
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Predictive Power : PP=1��(t)/�(1)
Résultats :

I La condition initial domine l’erreur en interannuel

I Le forçage externe domine l’erreur en multi-décennale

I Il y a un sweet-spot de prévisibilité de l’AMOC à 5-10 ans où

& l’erreur liée à la condition initial a diminué ;

% l’erreur liée au forçage externe n’a pas encore augmenté.

Sévellec et al (Clim. Dyn., 2018)
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Réseau optimal de mesures

Lien avec les Perturbations Optimales :

�2
ini=�2

opt

�
�
✏

�4

I ✏ est la normalisation globale de la LOP ;
I � est une re-normalisation locale lié à l’incertitude initiale.

Les bornes théoriques de la prévisibilité :

1��2
sto+�2

opt

�2
1

PP1��2
sto

�2
1

Guider les observations :
La densité optimale d’observations basée sur les LOPs (|uiopt)1526 F. Sévellec et al.

1 3

TIME (yr) Sévellec et al (Clim. Dyn., 2018)
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I Prévisibilité
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Florian Sévellec
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Interne vs Externe
Expérience :

I Modèle ⌧ adjoint � NEMO et NEMOTAM en
configuration ORCA2,

I Flux Océaniques de Flottabilité diagnostiqués du
modèle NEMO-ORCA025.

I Flux Atmosphériques de Flottabilité et de Moment
diagnostiqués du modèle de l’IPSL ;

I AMOC subpolaire – 55�N et subtropicale – 26�N.

Contexte méthodologique :

) La réponse d’un océan laminaire soumis à un bruit
stochastique océanique – la turbulence de meso-échelle
océanique – et un bruit stochastique atmosphérique – la

turbulence synoptique atmosphérique.

Stephenson et Sévellec (J. Climate, 2021)
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Interne vs Externe
�2=�2

int+�2
ext�buo+�2

ext�mom
I Flottabilité Interne
I Flottabilité Externe
I Moment Externe

SUBTROPICALE SUBPOLAIRE

more sensitive to external momentum and internal buoyancy
changes than in the subtropics.

The OSP for meridional volume transport (Fig. 9) shows a
much more concentrated spatial distribution than its subtrop-
ical equivalent. In the uncorrelated ocean interior case, almost
all of the weight is focused at the core of the subpolar gyre
(Figs. 9a,b). For the perfectly correlated surface case, this hotspot,
coincident with the surface outcrop of the model North Atlantic
Deep Water (Stephenson et al. 2020), is complemented by a di-
pole pattern crossing the NorthAtlantic Current (Figs. 9c,d). This
dipole resembles the surface sensitivity of the least damped in-
terdecadal mode of variability (corresponding to a large-scale
thermal Rossby wave) present in an earlier version of the model
(Sévellec and Fedorov 2013). As with the subtropical metric, the
optimal momentum flux patterns are an east–west band in the
zonal case and a predominantly eastern-boundary-following
pattern in the meridional case.

While having many common features with that of MVT, the
optimal pattern for MHT (Fig. 10) is much less focused, ne-
glecting the hotspot of the northwest Atlantic for a more
spread out distribution. The optimal internal perturbation
consists of buoyancy fluxes throughout the subpolar gyre, as

well as in the subtropical–subpolar intergyre region. In the
correlated case, the dipole feature between gyres (also visible
for the subtropical case; Fig. 5) is more heavily emphasized. In
addition to the familiar features of the velocity OSPs, fainter
bands encircle the subpolar gyre.

The OSPs of subpolar OHC variance (Fig. 11) exhibit many
similar behaviors to those described for other metrics. The
uncorrelated interior noise favors the subtropical–subpolar
gyre boundary, while the correlated surface heat flux pattern
targets oppositely the deep water outcrop regions and the wider
North Atlantic, with a particular focus on the North Atlantic
Current. Similarly to the correlated OSP of subtropical heat
content, the correlated subpolar zonal velocity OSP displays a
complex arrangement of alternating bands which broadly co-
incide with strongly zonal currents in the trajectory, while the
meridional pattern predominantly targets coastal upwelling
and downwelling (i.e., alongshore velocity/momentum fluxes)
in these same regions.

2) DYNAMICAL ATTRIBUTION OF SUBPOLAR VARIANCE

Under prescribed sources of variability, the subpolar region
is dominated by external forcing (Fig. 12), which accounts for

FIG. 7. Attribution of uncertainty following initialization for the subtropical ocean metrics [(a)–(c) MVT, (d)–(f) MHT, and (g)–(i)
OHC] over different averaging times [(top) month, (middle), year, and (bottom) decade], following (26) and (27). Green and red shading
indicate variance due to external (atmospheric) momentum and buoyancy fluxes, respectively. Blue shading indicates variance due to
internal buoyancy fluxes (due to oceanic mesoscale eddy forcing). Dashed white contours show percentages (inset text) of the total
variance. Shaded boxes show the averaging window over which the metric is evaluated. Variance due to surface momentum fluxes is
partitioned into zonal (dark green) and meridional (light green) components, where shading between them indicates covariance.
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Zanna and Tziperman 2008) or idealized ocean models (e.g.,
Sévellec et al. 2007, 2009). We have adapted the framework
to a global OGCM by reducing the covariance matrix to
block diagonal form and considering its limiting cases. We
note (e.g., Farrell and Ioannou 1996) the close relationship
between optimal stochastic forcings and optimal initial
perturbations: the former is in a sense a linear combination
of the latter such that the coefficients are determined by the
OSP approach. As the linear optimal perturbation of a lin-
ear ocean metric is simply a rescaling of the adjoint sensi-
tivity field (Sévellec et al. 2007), we may consider the
sources highlighted by the OSP in the context of past adjoint
sensitivity studies, where they appear robust across differing
models, metrics, and time scales. Recurring mechanisms
evident in our study include, for instance, the along-shelf
stimulation by meridional wind and subsequent triggering of
coastal pressure anomalies, particularly along the west coast
of Africa. This pattern has been stressed by Jones et al.
(2018) in an adjoint sensitivity study of Labrador Sea heat
content, Loose et al. (2020) regarding heat transport across
the Greenland–Scotland Ridge, and Pillar et al. (2016) in the
context of meridional overturning in the subtropics. The
latter study additionally analyzes fainter alternating bands
of wind stress sensitivity as also seen here, concluding that
these communicate pressure anomalies via topographically
steered Rossby waves.

Common to the surface thermohaline OSPs of all metrics
considered here is a large-scale buoyancy gradient pivoting on
the North Atlantic Current, which has in dynamical studies
been seen to stimulate subtropical (Pillar et al. 2016; Kostov
et al. 2019) and subpolar (Sévellec et al. 2017) volume trans-
port, as well as basinwide (Sévellec and Fedorov 2017) and
Labrador Sea (Jones et al. 2018) heat content. This is joined
by a ‘‘hotspot’’ common to the heat content and subpolar
volume transport OSPs in both the correlated and uncor-
related cases which is associated with the passive transport
of buoyancy anomalies via deep water pathways (Sévellec
and Fedorov 2015; Stephenson et al. 2020).

To estimate the extent to which these intrinsic ocean sensi-
tivities are exploited by actual sources of stochastic variability,
and to quantify the respective contribution of these sources to
oceanic uncertainty, we then considered the metrics from the
second, prescriptive, perspective. A number of studies have
dynamically attributed oceanic changes to prescribed external
surface forcings using adjoint methods (Pillar et al. 2016;
Sévellec et al. 2018; Smith andHeimbach 2019) but the relative
quantification of internal oceanic mesoscale eddy contribu-
tions has thus far been restricted to a resource-intensive en-
semble framework (e.g., Bessières et al. 2017). The associated
sensitivity to initial conditions suggests that these contribu-
tions may present a key sink of predictive skill in initialized
high-resolution climate models however, and so are of increasing

FIG. 12. As in Fig. 7, but for subpolar ocean metrics

9174 JOURNAL OF CL IMATE VOLUME 34


2��4/�240��4�����
��21���������������� �������
�	

more sensitive to external momentum and internal buoyancy
changes than in the subtropics.

The OSP for meridional volume transport (Fig. 9) shows a
much more concentrated spatial distribution than its subtrop-
ical equivalent. In the uncorrelated ocean interior case, almost
all of the weight is focused at the core of the subpolar gyre
(Figs. 9a,b). For the perfectly correlated surface case, this hotspot,
coincident with the surface outcrop of the model North Atlantic
Deep Water (Stephenson et al. 2020), is complemented by a di-
pole pattern crossing the NorthAtlantic Current (Figs. 9c,d). This
dipole resembles the surface sensitivity of the least damped in-
terdecadal mode of variability (corresponding to a large-scale
thermal Rossby wave) present in an earlier version of the model
(Sévellec and Fedorov 2013). As with the subtropical metric, the
optimal momentum flux patterns are an east–west band in the
zonal case and a predominantly eastern-boundary-following
pattern in the meridional case.

While having many common features with that of MVT, the
optimal pattern for MHT (Fig. 10) is much less focused, ne-
glecting the hotspot of the northwest Atlantic for a more
spread out distribution. The optimal internal perturbation
consists of buoyancy fluxes throughout the subpolar gyre, as

well as in the subtropical–subpolar intergyre region. In the
correlated case, the dipole feature between gyres (also visible
for the subtropical case; Fig. 5) is more heavily emphasized. In
addition to the familiar features of the velocity OSPs, fainter
bands encircle the subpolar gyre.

The OSPs of subpolar OHC variance (Fig. 11) exhibit many
similar behaviors to those described for other metrics. The
uncorrelated interior noise favors the subtropical–subpolar
gyre boundary, while the correlated surface heat flux pattern
targets oppositely the deep water outcrop regions and the wider
North Atlantic, with a particular focus on the North Atlantic
Current. Similarly to the correlated OSP of subtropical heat
content, the correlated subpolar zonal velocity OSP displays a
complex arrangement of alternating bands which broadly co-
incide with strongly zonal currents in the trajectory, while the
meridional pattern predominantly targets coastal upwelling
and downwelling (i.e., alongshore velocity/momentum fluxes)
in these same regions.

2) DYNAMICAL ATTRIBUTION OF SUBPOLAR VARIANCE

Under prescribed sources of variability, the subpolar region
is dominated by external forcing (Fig. 12), which accounts for

FIG. 7. Attribution of uncertainty following initialization for the subtropical ocean metrics [(a)–(c) MVT, (d)–(f) MHT, and (g)–(i)
OHC] over different averaging times [(top) month, (middle), year, and (bottom) decade], following (26) and (27). Green and red shading
indicate variance due to external (atmospheric) momentum and buoyancy fluxes, respectively. Blue shading indicates variance due to
internal buoyancy fluxes (due to oceanic mesoscale eddy forcing). Dashed white contours show percentages (inset text) of the total
variance. Shaded boxes show the averaging window over which the metric is evaluated. Variance due to surface momentum fluxes is
partitioned into zonal (dark green) and meridional (light green) components, where shading between them indicates covariance.

15 NOVEMBER 2021 S TE PHENSON AND SÉVELLEC 9169


2��4/�240��4�����
��21���������������� �������
�	

Zanna and Tziperman 2008) or idealized ocean models (e.g.,
Sévellec et al. 2007, 2009). We have adapted the framework
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note (e.g., Farrell and Ioannou 1996) the close relationship
between optimal stochastic forcings and optimal initial
perturbations: the former is in a sense a linear combination
of the latter such that the coefficients are determined by the
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the Greenland–Scotland Ridge, and Pillar et al. (2016) in the
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related cases which is associated with the passive transport
of buoyancy anomalies via deep water pathways (Sévellec
and Fedorov 2015; Stephenson et al. 2020).

To estimate the extent to which these intrinsic ocean sensi-
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I Les Flux de chaleur et d’eau douce sont négligeables. . .
I Subtropicale : 50/50 entre Tourbillons Océaniques/Vent.
I Subpolaire : Le Vent (zonal) domine largement !

Stephenson et Sévellec (J. Climate, 2021)
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Attribution Dynamique de la Variance à 60 ans

var [hF|ui] =
Z

!
�I (x , y , z) dV+

Z

!0

�EB(x , y) dA+

Z

!0

�EM(x , y) dA.

SUBTROPICALE

SUBPOLAIRE

Variance Contribution (% km�2)

I Le Vent Zonal a un impact Local.
I La Turbulence Océanique est lié au Gulf-Stream et à la

Dérive Nord Atlantique.
Stephenson et Sévellec (J. Climate, 2021)
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Structure de la présentation

I Introduction

I Perturbations Optimales (LOPs)
I Prévisibilité

I Impact de la Condition Initiale Océanique
I Croissance d’Erreur Interne vs Externe

I Une limite ⌧ gênante � : les Non-Linéarités

I Conclusions
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Une limite ⌧ gênante �. . .

I Les Non-Linéarités :

I Que se passe-t-il si la perturbation n’est plus faible ?

I Que se passe-t-il si le système résoud explicitement les
tourbillons océaniques ?
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Non-Linéarités
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Les Non-Linéarités

Ralentissement de l’AMOC de 2009-2010 :

AMOC

(Moat et al, 2021)

) Existe-t-il des précurseurs océaniques à l’événement

de 2009-2010 ?

Méthode :

I Peut-on induire un tel ralentissement ?
I Perturbations Non-linéaires Optimales (NOPs) !

I Une méthode non-linéaire itérative
I ⌧ Cumulant � les Perturbations Linéaires Optimales ;

I Remontant la châıne de causalité (⌧ adjoint �).

I Unicité de la solution.
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Les Non-Linéarités

Une Méthode Non-Linéaire Itérative basée sur les LOPs :

A
M

O
C

TEMPS

du Modele
: Trajectoire

Fenetre d’optimisation

: Optimisation (Adjoint) par integration a rebours
Remonter la Chaine de Causalite

Etat cible

: Trajectoires Perturbees

Sévellec et Fedorov (J. Climate, 2013)

Étape d’une itération :

1. Calcul de la LOP via l’⌧ adjoint � – Linéaire ;

2. Calcul de l’amplitude de la LOP – Faiblement Non-Linéaire

3. Application de la LOP au modèle complet – Non-Linéaire
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2. Calcul de l’amplitude de la LOP – Faiblement Non-Linéaire
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3. Application de la LOP au modèle complet – Non-Linéaire
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Les Non-Linéarités (Thèse de D. Stephenson, 2021, UoS)

Configuration :

I NEMO-ORCA025 : ⌧ autorisant � les tourbillons ;
I Vents réalistes.
I Flux ⌧ climatologiques � : pas de phasage de la variabilité.

Résultat :

) On peut générer un événement équivalent à

2009-2010.

I La Perturbation Linéaire Optimale est fausse. . .
I Convergence rapide : 10 itérations !
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Prévisibilité
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Les Non-Linéarités (Thèse de D. Stephenson, 2021, UoS)

Configuration :

I NEMO-ORCA025 : ⌧ autorisant � les tourbillons ;
I Vents réalistes.
I Flux ⌧ climatologiques � : pas de phasage de la variabilité.

Résultat :

126 Chapter 5. Optimal precursors of the 2009-2010 AMOC event

Figure 5.6: Response of volume transport at 26.5�N (from 0-857 m) to perturbations
produced by the iterative procedure. Left panel shows 10-day-average values as a time
series over the year of evaluation. Grey dashed line shows the HIST case, black solid
line shows the REF case. Thicker grey and black horizontal lines show their respective
mean values over the year. Coloured lines show the impact of di�erent perturbations
(the perturbation number is given by the corresponding x-axis value in the right panel).
Right panel shows the year average (cost function) values after each iteration (circles,
whose fill colours also correspond to the iteration number in the left panel), as well as

for REF and HIST cases (horizontal black and grey lines, respectively).

Figure 5.7: Taylor diagram showing the evolution of the perturbation over the itera-
tive process. The azimuth shows the correlation with the approximate NOP (i.e. |u�10i
obtained after 10 iterations) following (5.12). The radial value indicates the magnitude
ratio ✏2i /✏210. The proportion of the marker which is filled indicates the proximity to
the cost function target (0% for REF, 100% for HIST), and the fill colour indicates the
iteration number. Contours describe the “skill score”, a weighted evaluation of both

coordinates, as described in Taylor (2001).

) On peut générer un événement équivalent à

2009-2010.

I La Perturbation Linéaire Optimale est fausse. . .
I Convergence rapide : 10 itérations !
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Prévisibilité
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Les Non-Linéarités (Thèse de D. Stephenson, 2021, UoS)

Anomalie induisant le plus e�cacement l’évènement :

L
O
P

128 Chapter 5. Optimal precursors of the 2009-2010 AMOC event

Figure 5.8: Spatial distribution of the linear optimal perturbation in temperature
(a-d,i) and salinity (e-h,j). a,e: the uppermost level of the model, showing the surface
distribution. b,f: depth-weighted average values over the next 332 m. c,g: depth-
weighted average values over the next 3760 m. d,h: depth-weighted average values over
the bottom 999 m. i,j: zonally averaged values across the Atlantic basin in latitude-

depth space. i and j respectively follow the colour scales of a-d and e-h.

of negative values in the Gulf Stream and equatorial regions and broad patterns of

positive values along the boundaries support the idea that small-scale noise in the LOP

(located within these specific regions) is removed and redistributed among large-scale

patterns in the NOP.

5.5 Perturbation structure and model response

The NOP pattern, whose large-scale tendency is reinforced by the iterative procedure,

varies in nature across di�erent depths and locations. At the surface (Fig. 5.9a,e),

there is some stimulation of an equatorial wave pattern, although this has been

significantly weakened by the iterative procedure compared with its signature in the

LOP. The primary concentration is otherwise a lightening of subpolar waters around

the Labrador Sea coast and Ba�n Bay, particularly along the Canadian coast. This

warming and freshening moves further south with increasing depth along the western

boundary, involving greater influence from the subtropics over the next ⇠ 300 m (Fig.

5.9b,f) with lightening along the western boundary north of 26.5�N and, to a lesser

extent, along the eastern boundary to its south. In contrast, there is an overall

N
O
P

5.5. Perturbation structure and model response 129

Figure 5.9: As in Fig. 5.8, but for the NOP approximation (i.e. |u�10i obtained after
10 iterations). Note in particular the order of magnitude di�erence in the colour scales

compared with the LOP shown in Fig. 5.8.

Figure 5.10: Redistribution of spatial patterns from the LOP to the approximate
NOP (i.e. |u�10i obtained after 10 iterations) and shown as a dimensionless quantity
per unit area following (5.13). Negative (blue) values show locations where density
anomalies are removed from the LOP pattern, positive (red) values show where they
are redistributed in the NOP. The global area integral of the summed four panels is

zero-valued and dimensionless.

I Rôle de l’océan profond.

I E�cacité de la méthode non-linéaire :

I ⌧ Filtrant � les tourbillons ;
I ⌧ Cumulant � la grande échelle.
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Conclusions

I Des résultats méthodologiques :
Dans un cadre réaliste et avec l’état-de-l’art des
modèles océaniques on a caractérisé
1. Les Perturbations Optimales Linéaires : LOPs ;
2. Attribution Dynamique des sources d’incertitude ;
3. Les Perturbations Optimales Non-linéaires : NOPs.

I Des résultats physiques :
I Un sweet-spot de prévisibilité de l’AMOC à 5-10 ans ;
I Réseau optimal d’observations situé dans le gyre

subpolaire ;
I Rôle du vent zonal sur la Croissance d’Erreur de

l’AMOC ;
I Rôle prépondérant de l’océan profond dans le

ralentissement transitoire de l’AMOC en 2009-2010.
I Une suite logique – les Équations du Moment :

I Lacune – En se focalisant sur la grande échelle, on a
implicitement considéré l’équilibre géostrophique des
perturbations. . .

I Possibilité – Quelle est la dynamique de la Croissance
d’Erreur des vitesses ?
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I Lacune – En se focalisant sur la grande échelle, on a
implicitement considéré l’équilibre géostrophique des
perturbations. . .

I Possibilité – Quelle est la dynamique de la Croissance
d’Erreur des vitesses ?
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Conclusions

I Des résultats méthodologiques :
Dans un cadre réaliste et avec l’état-de-l’art des
modèles océaniques on a caractérisé
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2. Attribution Dynamique des sources d’incertitude ;
3. Les Perturbations Optimales Non-linéaires : NOPs.

I Des résultats physiques :
I Un sweet-spot de prévisibilité de l’AMOC à 5-10 ans ;
I Réseau optimal d’observations situé dans le gyre

subpolaire ;
I Rôle du vent zonal sur la Croissance d’Erreur de

l’AMOC ;
I Rôle prépondérant de l’océan profond dans le

ralentissement transitoire de l’AMOC en 2009-2010.
I Une suite logique – les Équations du Moment :

I Lacune – En se focalisant sur la grande échelle, on a
implicitement considéré l’équilibre géostrophique des
perturbations. . .

I Possibilité – Quelle est la dynamique de la Croissance
d’Erreur des vitesses ?
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Merci pour votre attention !
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