Dependency of African precipitation on
Sea Surface Temperature bias and variability
patterns in the South Atlantic

Dissertation
with the aim of achieving a doctoral degree
at the Faculty of Mathematics, Informatics and Natural Sciences
Department of Earth Sciences

at Universitdit Hamburg

submitted by

Franziska Leverenz

Hamburg, 2022



Department of Earth Sciences

Date of Oral Defense:

Reviewers:

Members of the examination commission:

Chair of the Subject Doctoral Committee
Earth System Science:

Dean of Faculty MIN:

28.08.2023

Prof. Dr. Detlef Stammer
Dr. Armin Kohl

Chair Prof. Dr. Detlef Stammer
Dr. Armin Kohl

Prof Dr. Jin-Song von Storch
Prof Dr. Matthias Hort

Dr. Ann Kristin Naumann

Prof. Dr. Hermann Held

Prof. Dr.-Ing. Norbert Ritter



ABSTRACT

The lack of predictive skill of interannual African precipitation variability in coupled
climate models has been associated with the mean state eastern boundary SST warm bias
in the South Atlantic. Despite increased accuracy and computational power over the
last decade, the bias could not be eliminated and precipitation variability of the African
Sahel region remains erroneous. This study analyzes the ability of the coupled model
MPI-ESM-HR to reproduce precipitation anomalies in dependency of the represented
SST field in the South Atlantic. The study aims to clarify to what extent the SST bias
deteriorates the teleconnection between South Atlantic SST and African precipitation,
using additional model runs with increased resolution of oceanic or atmospheric model
components. The analysis of upwelling dynamics along the eastern boundary of the
South Atlantic shows, that the higher resolved spatial details of equatorward near shore
winds stress prevent an erroneous southward intrusion of warm tropical water into the
Benguela upwelling region, leading to a large reduction of the mean state SST bias and an
improved interannual SST variability. The reduced SST bias in the Benguela upwelling
region reduces the equatorial westerly wind bias and improves tropical moisture flux
dynamics. However, interannual SST variability, which drives variations of precipitation
over Africa, still produces opposing precipitation anomalies over West Africa. For this
study, the performance of precipitation over Africa is analyzed with realistic temperature
and salinity anomalies assimilated into the coupled climate model to study how the repre-
sentation of precipitation variability is affected in the presence of the mean state SST bias.
The analysis shows that the deteriorated teleconnection between SST and precipitation
is related to an intensification of the southward shifted Intertropical Convergence Zone
(ITCZ) representation due to the SST bias via a severe reduction of zonal winds in the trop-
ical South Atlantic, resulting in nonreproducible Sahel precipitation variability without
any coherence to interannual SST modes. The result suggests, that the SST bias generally
enhances local precipitation signals via an enhanced atmospheric surface flux sensitivity
to SST variations and induces local southeastward shifts of tropical moisture convergence.
The SST bias, however, only intensifies the defective representation of the ITCZ due to re-
duced momentum fluxes over eastern tropical ocean basins in the atmospheric component
of the climate model which prevents a pronounced impact of SST variations on monsoon

rainfall in the Sahel region independent of the SST pattern in the South Atlantic.






ZUSAMMENFASSUNG

Die mangelnde Vorhersagefahigkeit der interannualen afrikanischen Niederschlagsvaria-
bilitdt in gekoppelten Klimamodellen wurde bisher mit der fehlerhaften Darstellung von
mittleren Meeresoberflichentemperaturen (SST) entlang der dstlichen Begrenzung des
Stidatlantiks in Verbindung gebracht. Trotz der enormen Verbesserungen von Genauigkeit
und Rechenleistung im letzten Jahrzent konnte weder der SST-Fehler beseitigt noch die
Niederschlagsvariabilitdt in der afrikanischen Sahelzone verbessert werden. In dieser
Studie wird untersucht, inwieweit das gekoppelte Modell MPI-ESM-HR in der Lage ist,
Niederschlagsanomalien in Abhédngigkeit vom dargestellten SST-Feld im Stidatlantik zu
reproduzieren. Die Studie soll kldren, inwieweit der SST-Fehler die Fernwirkung von SST
im Stidatlantik auf afrikanischem Niederschlag verschlechtert, indem zusitzliche Modell-
laufe mit hoherer Auflosung der ozeanischen oder atmosphérischen Modellkomponenten
durchgefiihrt werden. Die Analyse der Auftriebsdynamik entlang der ostlichen Grenze
des Stidatlantiks zeigt, dass die hoher aufgelosten rdumlichen Details der dquatorwértigen
Winde ein fehlerhaftes Eindringen von warmem tropischem Wasser nach Siiden in das
Benguela-Auftriebsgebiet verhindern, was zu einer starken Verringerung des mittleren
SST-Fehlers und einer verbesserten interannuellen SST-Variabilitét fiihrt. Der reduzierte
SST-Fehler in dem Benguela-Auftriebsgebiet verbessert den westwartigen Wind-Fehler
am Aquator und verbessert die Dynamik der tropischen Feuchtefliisse. Die interannuelle
SST-Variabilitat, die fiir die Niederschlagsschwankungen tiber Afrika verantwortlich ist,
fithrt jedoch immer noch zu gegensatzlichen Niederschlagsanomalien tiber Westafrika.
In dieser Studie wird die Qualitdt reproduzierten Niederschlagsvariabilitét tiber Afrika
analysiert mittels eines gekoppelten Klimamodells in das realistischen Temperatur- und
Salzgehaltsanomalien assimiliert wurden, um zu untersuchen, wie die Darstellung der
Niederschlagsvariabilitdt durch den mittleren SST-Fehler beeinflusst wird. Die Analyse
zeigt, dass der SST-Fehler die zonalen Winde im tropischen Atlantik stark veringert und
dadurch den Verschub der innertropischen Konvergenzzone (ITCZ) nach Siiden inten-
siviert und damit auch die Fernwirkung von SST auf den Niederschlag verschlechtert.
Dies fiirht zu einer nicht reproduzierbaren Niederschlagsvariabilitit in der Sahelzone, die
keinen Zusammenhang mit den interannuellen SST-Moden zeigt. Das Ergebnis deutet
darauf hin, dass der SST-Fehler im Allgemeinen die lokalen Niederschlagssignale durch
eine erhohte Empfindlichkeit der atmospharischen Oberflachenfliisse gegentiber SST-
Schwankungen verstarkt und lokal die Konvergenz von tropischen Feuchtefliissen nach
Stidosten verschiebt. Der SST-Fehler verstarkt jedoch nur die mangelhafte Darstellung der

ITCZ, die aufgrund reduzierter Impulsfliisse tiber den 6stlichen tropischen Ozeanbecken



in der atmosphérischen Komponente des Klimamodells entsteht. Wobei die mangelhafte
Darstellung der ITCZ verhindert einen ausgepréagten Einfluss von SST-Variationen auf

den Monsunregen in der Sahelzone unabhédngig vom SST-Muster im Siidatlantik.
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1 Introduction

Climate predictions provide useful information about future climate variability which is
of major importance for decision-making and strategic planning by governments, societies
and economics regarding adaptational and protective measures to encounter climate
impacts and their risks. Climate predictions fill the gap between weather forecasts and
long-term climate projections as they estimate probabilistic future climate conditions,
covering time scales from seasons to decades and range spatially from local over regional
to global scales (Li and Ding, 2015). The lack of predictive skill of African precipitation
variability had been attributed to biased Sea Surface Temperature (SST) patterns in the
South Atlantic. This study assesses the dependency of the quality of coupled climate
model simulations on the representation of SST patterns along the eastern boundary of the
South Atlantic Ocean, including the Benguela upwelling region. Coupled Earth System
Model simulations are affected by enhanced SST exceeding observations by multiple
degrees along the eastern boundaries of global oceans. The warm SST bias is particularly
pronounced in the South Atlantic and South Pacific upwelling regions. It exists since the
early development of coupled models and its source is still undetermined. Possible causes
have been suggested, e.g. low atmospheric or orographic resolution related to deficient
surface winds, insufficient offshore oceanic eddy transport, or the defective representation
of stratocumulus clouds (Mechoso et al., 1995; Small et al., 2015; Ding et al., 2015; Richter
and Xie, 2008; Richter et al., 2014b; Voldoire et al., 2019). Systematic biases in climate
models are the alleged cause for diminished predictive skill (Manganello and Huang, 2009;
Gaetani and Mohino, 2013; Ding et al., 2015; Scaife et al., 2019). This study aims to clarify
to what extent climate simulations are affected by the South Atlantic SST bias with a focus
on the performance of reproduced precipitation variability over Africa. In other words,
the goal is to answer whether simulated precipitation variability is directly deteriorated

by the defective representation of SST which would limit the potential of predictive skill.

Interannual climate predictions rely on a detailed understanding of climate variable
interactions. Skillful predictions are still challenged by the complexity of interactions
between ocean, atmosphere, and land interfaces via momentum, heat, and moisture fluxes
on various spatial and temporal scales. Predictability describes the ability of represented
physical processes to add to the quality of predictions (National Research Council, 2010).
Predictability is dependent on chaotic internal processes and the variation of boundary
conditions, e.g. SST which drives climate variability on interannual or longer time scales.

Nonlinear interactions between high frequent processes reduce predictability, whereas
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slow varying coupled ocean-atmosphere oscillations (e.g. climate modes like El Nifio/-
Southern Oscillation (ENSO)) add to climate predictability (Goswami and Ajaya Mohan,
2001). Understanding the local and remote effects of climate modes via teleconnections
can provide better predictive model skill. Though, the availability of observational cli-
mate records drastically limits the identification of relevant modes. According to the
National Research Council (2010), predictive skill is limited by the existence of natural
predictive climate modes and its true magnitude can not be assessed. Yet, the minimum
skill can be defined by the ability of models to reproduce observed climate variability.
The defective representation of physical processes can lead to a lack of predictive skill in
a model. As the identification of the source of the reduced predictability in models can
lead to the possibility to improve the model skill, the aim of this study is to examine if
elevated SST is the source of the low predictability of African precipitation. Or whether the
predictability is already limited by the absence of pronounced natural modes, that drive
precipitation variability. Finding an answer to this question could contribute to evalu-

ating the urgency to solve the SST bias problem in terms of future model prediction quality.

The impact of elevated SST on the representation of the African climate in coupled models
is still uncertain (Richter et al., 2018). As the intensity of the West African Monsoon is
linked to tropical Atlantic SST variations on interannual time scales, the lack of predictive
skill of precipitation along the West African Sahel area has been assumed to be linked
to the South Atlantic SST bias (Caniaux et al., 2011; Gaetani and Mohino, 2013; Diatta
and Fink, 2014). Most studies inferred that solving the SST bias problem would lead to
improved predictive skill. However, so far only a few studies actually focused on the
dependency of predictive skill on the mean state bias. For instance, Manganello and
Huang (2009) found, that reducing mean state and variability errors of Pacific SST by a
heat flux correction scheme resulted in the improved predictive skill of ENSO. Ding et al.
(2015) showed higher predictive skill is obtained by an SST bias reduction because of its
influence on surface wind stress and subsurface temperature. In contrast, Richter et al.
(2018) suggested SST mean state biases do not necessarily improve the predictive skill of
precipitation or surface wind. The divergent and inconclusive results highlight the need
to fully understand the climatic influence of the Atlantic SST bias to scale its actual impact
on climate model simulations and help to outline the potential effectiveness of further

attempts to improve the SST representation.

Interannual SST variability modes in the South Atlantic, which potentially contribute to
African precipitation predictability, are dominated by the Atlantic Zonal Mode (AZM) and
related but less frequent Benguela Nifos/Nifias. The AZM describes SST anomalies in
the eastern tropical South Atlantic which lead to the displacement of convective patterns
during boreal summer (Zebiak, 1993). Several studies have already shown that the AZM
affects the variability of the West African monsoon and Sahel rainfall (e.g. (Vizy and Cook,




2002; Paeth and Friederichs, 2004; Losada et al., 2010)). The representation of AZM-like
SST anomalies has been a challenge for coupled climate models which was suspected to
be partly due to the mean state SST bias with implications on the representation of the
precipitation anomalies over the African continent (Liibbecke et al., 2018). Significant
improvements have been achieved with the development of the recent CMIP6 (Coupled
Model Intercomparison Project Phase 6) model generation, showing only a weak link
between the mean state SST bias and the representation of interannual SST variability
(Richter and Tokinaga, 2020). To determine the role of the mean state SST bias as a limiting
factor for climate predictability a further investigation of precipitation responses to SST
anomalies in climate models is inevitable. The cyclic character of interannual variability
is more pronounced for variations of SST than for precipitation, which is more affected
by stochastic processes. Via pronounced teleconnections potentially predictable SST vari-
ations can imply predictability of regional precipitation anomalies as well. However,
predictability of AZM like anomalies has been shown to be rather low compared to its
much more pronounced Pacific counterpart ENSO (Richter et al., 2018) due to their forc-
ing mechanisms being linked to remote and local wind fluctuations of largely stochastic
character in combination with local thermodynamic processes among others (Richter et al.,
2014a; Liibbecke et al., 2018). Despite moderate improvements, it has been shown that
predictive skill for interannual SST variability in the South Atlantic remains poor even if
the SST bias is reduced (Dippe et al., 2019) with possible implications for predictive skill
of related precipitation variability. As the SST bias appears not to be the main source of
low predictive skill of the SST variations, it remains to be determined to what extent the
defective SST pattern affects the teleconnection between interannual South Atlantic SST
and African precipitation anomalies. To eliminate the impact of low predictability of SST
anomalies on predictive skill of precipitation anomalies, the performance of precipitation
anomalies as a direct response to prescribed SST anomalies in a coupled model is analyzed
in this study which would define the upper limit of potential predictability of African
precipitation that could be expected in dependency of the SST pattern. Reproduced pre-
cipitation anomalies rely on the understanding of how moisture is transported in the
atmosphere. Analyzing the impact of the SST bias on moisture flux and precipitation
anomalies in response to SST variations can give insight into how climate model sim-
ulations rely on the accurate SST representation of the affected area. The analysis of
the atmospheric variables provides also insight into the limitations expected from the
atmospheric state of the model simulation. For an effective adaptational ability of the
West African population, skillful precipitation predictions and a better understanding
of climatic feedback mechanisms linked to interannual SST variations like the AZM or

Benguela Nifios/Nifias is imperative.

The eastern boundary of the South Atlantic is defined by one of the most pronounced

coastal upwelling systems of global oceans which is hardest to represent in climate model
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simulations (Small et al., 2015). The local maximum of the mean state SST bias has been
attributed to deficiencies in the representation of upwelling dynamics with substantial
remote effects (Mechoso et al., 1995; Large and Danabasoglu, 2006; Small et al., 2015). As
the simulated upwelling dynamics are sensitive to the structure of the wind stress curl
(Capet et al., 2004; Song et al., 2011; Renault et al., 2012; Desbiolles et al., 2014), it has been
shown that high atmospheric model resolution leads to improved upwelling dynamics
combined with a reduction of the SST bias (Large and Danabasoglu, 2006; Small et al.,
2015). However, it remains unclear whether the ability to reproduce African precipitation
anomalies induced by SST variations relies on the representation of upwelling dynamics
along the eastern boundary of the South Atlantic. This study aims to show how upwelling
favorable wind stress conditions affect the magnitude of SST bias, the representation of

SST variability, and possible impacts on African precipitation variability.

1.1 Goals

As the lack of performance of reproduced climate variability in coupled climate models
has been attributed to systematic biases, it remains to discuss the actual impact of the
biases on the model’s ability to reproduce interannual variability of precipitation. This
study focuses on the severe SST warm bias along the eastern boundary of the South
Atlantic and its influence on the West African Monsoon and precipitation over land
areas near the coast along the Atlantic eastern boundary. The aim is to contribute to
the improvement of future coupled climate model simulations by determining the role
of elevated South Atlantic SST patterns in the model’s ability to reproduce interannual

variability of African precipitation. Three major goals are formulated to serve this purpose:

1st goal: Investigate how the simulation of African precipitation changes in dependency

of the model resolution and the magnitude of the SST bias.

2nd goal: Determine the impact of the SST bias on the teleconnection between African

precipitation and interannual South Atlantic SST variability.

3rd goal: Evaluate the dependency of reproduced African precipitation variability

performance on the representation of the South Atlantic SST pattern.

The first goal is formulated to investigate the changes of systematic biases arising with
altered model resolution in order to understand the mechanisms behind the changing
magnitude of the SST bias and its implications for the representation of atmospheric
variables. The quality of the representation of simulated variables dependent on the
model resolution can give insight into the origin of certain mean state biases, underlying

processes and their interconnection.




1.2 Strategy 5

The importance of the second goal arises from the dependency of climate predictabil-
ity on the presence of quantifiable modes, induced by relevant climate drivers. As this
study deals with the relevance of the defectively elevated SST patterns for precipitation
variability, atmospheric anomalies induced by SST as the driving force are of major in-
terest. A deeper understanding of the relevant processes involved in SST variations and
characteristic behavior on spatial and temporal scales, along with the induced climatic

response is imperative to understand the teleconnection to African precipitation anomalies.

The actual impact of the SST bias on climate and precipitation performance, as formulated
in the third goal, is motivated by the aim to investigate the limits and potentials for
reproducible precipitation variations. The limited skill of coupled climate models in repro-
ducing precipitation variations has often been attributed to the biased mean state of SST
and several attempts to solve the SST bias problem have led to moderate improvements at
expensive computational costs. A more detailed and quantitative understanding of the
link between biased SST and the quality of reproduced precipitation variability can help
to increase the effectiveness of further attempts to improve climate predictions. For this
reason, the impact of the SST bias on the direct climatic response to SST variability needs
to be investigated and the extent, to which precipitation variability is corrupted by those
climatic deviations, needs to be estimated. In other words, the aim is to answer whether

the performance of precipitation can be improved by eliminating the SST bias problem.

1.2 Strategy

The following approach serves the purpose to achieve the goals defined in Section 1.1. The
latest version of the coupled climate model, MPI-ESM (Max Planck Institute for Meteorol-
ogy Earth System Model) in high resolution, is chosen to analyze the representation of SST
characteristics under biased mean state conditions in comparison to observational prod-
ucts with high spatial coverage. Several historical model runs with different resolutions of
the atmospheric and oceanic components are analyzed to examine how the represented
SST characteristics and performance of climate variables change in relation to the model
resolution and magnitude of the mean state SST bias. The intensity of annual and interan-
nual SST variability in time and space are analyzed to identify the dominant SST modes
and their representation in the model simulations with characteristic amplitudes, spatial
extent, and periodicity. Since upwelling dynamics define SST characteristics along the
equator and eastern boundary, where the mean state SST bias is most elevated, upwelling
indices are calculated from SST and surface wind fields for a better understanding of
SST variability and the dynamics of relevant modes and how they can be simulated by
the climate models. In order to understand the linkage between SST variability and the

corresponding precipitation response, atmospheric moisture flux is calculated to retrace
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the anomalous climate response. The deviations between model simulations of different
resolutions can provide information about the impacts of the SST bias due to its changing
magnitude. The coupled model simulation is additionally compared to an atmosphere-
only simulation driven with realistic SST fields to estimate intrinsic atmospheric biases
not related to elevated SST.

In addition, a sensitivity experiment is executed, where realistic ocean temperature and
salinity anomalies are assimilated into the coupled climate model. It serves as a base to
analyze the climatic response to realistic interannual SST events like Benguela Nifios or
AZM in the coupled model framework under biased mean state conditions, in order to

quantify the SST bias impact in comparison to the atmosphere-only run.

Furthermore, the bias impact on the performance of climate variables and especially
African precipitation is estimated by comparing skill measures of the sensitivity exper-
iment and the atmosphere-only simulation, which both serve as a zero-lead forecast
that simulates the direct response to realistic SST events. The performance of common
modes between SST and precipitation is analyzed with the Empirical Orthogonal Func-
tion method. The analysis of both model simulations serves the purpose to examine the
extent to which the performance of reproduced precipitation anomalies dependent on
SST variations is deteriorated by elevated SST in the South Atlantic and to what extent
the teleconnection between both variables can be captured by the model simulations
with and without a biased SST mean state. The result can provide information about the
dependency of precipitation variability on the SST pattern representation and how likely
predictive skill could be increased by reducing the mean state SST bias. For an effective
adaptational ability by the population of West Africa and coastal population of Southwest
Africa a better understanding of the atmospheric teleconnections to SST variability is

imperative.

The scientific background for this study is described in Chapter 2. The coupled climate
model MPI-ESM and the here used reference data sets are introduced in Chapter 3, along
with the outline of the sensitivity experiment containing realistic interannual variability.
Chapter 4 is a presentation of the representation of South Atlantic SST and impacts on
climate variables in MPI-ESM, along with alterations dependent on model resolution. It
contains an analysis of the model’s ability to represent upwelling dynamics along the
eastern boundary and the annual cycle of the African Monsoon. Chapter 5 serves as a
description of dominant interannual SST variability in the South Atlantic and its associated
atmospheric response with implications of the SST bias. The climate model performance
of West African precipitation and its dependency on South Atlantic SST variations is
examined in Chapter 6. Chapter 7 provides a discussion and conclusion regarding the

results of the previous chapters.




2 Scientific background

The scientific background of this study is briefly introduced in the following, in order
to establish the base on which this study is built. The unsolved SST bias problem of
coupled model simulations, which is essential for this study, is explained in greater
detail in Section 2.1 with possible origins and attempts to solve it. Since the biased
area is characterized by upwelling dynamics, the major upwelling regions of the South
Atlantic are introduced in Section 2.2 along with their possible contribution to the SST bias
problem and representation in coupled models. The annual feedback mechanism along
the equatorial Atlantic and how it is affected by the SST bias is presented in Section 2.3.
This feedback mechanism plays an important role in the context of the climatic response to
SST variations. The dominant modes of interannual SST variability of the South Atlantic
are described in Section 2.4 as the foundation for climate predictability.

2.1 Eastern boundary Sea Surface Temperature warm bias

Coupled General Circulation Models (GCM) are the state-of-the-art tool for long-term
climate predictions. Their accuracy has improved over the last decades since computa-
tional power has increased. However, most climate model simulations are still challenged
by systematic errors supposedly affecting predictive skill. The warm SST bias along
the eastern boundaries of global ocean basins and corresponding equatorial regions is
a famous example. Especially striking is the intensity of the mean state SST bias along
the eastern South Atlantic and the eastern equatorial region. Simulated SST is exceeding
observational SST here by multiple degrees which goes along with weak winds, under-
estimated upwelling intensity, biased representation of the current system, and affected
tropical precipitation (Mechoso et al., 1995; Richter and Xie, 2008; Richter et al., 2014b;
Small et al., 2015; Ding et al., 2015; Voldoire et al., 2019).

Since the lack of predictive skill of West African precipitation has been attributed to
the mean state SST bias in several studies (e.g. Gaetani and Mohino (2013)), most attention
was given to the revelation of possible sources aiming to eliminate the SST bias for a more
realistic and skillful climate prediction. Several attempts led to significant improvements,
yet biased SST along the Atlantic eastern boundary still persists. Since climate models are
limited to a rather coarse resolution small-scale processes, such as ocean eddies or vertical
atmospheric fluxes and energy transport, are parametrized. In addition, the fine structures

of other variables like coastal wind or oceanic thermocline are underestimated in the coarse
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grid and are also limited by orographic resolution which gives rise to error propagation
in the complex interconnected climate system. Several studies show, that increasing the
vertical and horizontal resolution of the ocean or atmosphere domain improves dynamics
and in turn reduces the bias (e.g. Gent et al. (2010); McClean et al. (2011); Delworth et al.
(2012)) with significant but limited success. Roberts et al. (2020) recently showed that
increasing atmospheric resolution in CMIP6 models to 0.5° would reduce the Atlantic SST
biases to a large extent but generates other circulation problems like a slowdown of the
AMOC (Atlantic Meridional Overturning Circulation). To resolve processes like boundary
layer turbulence or cloud microphysics very high model resolutions would be necessary
and thus can not be expected to be resolved in the near future. The need to parameterize

these processes will continue to cause systematic errors (Richter et al., 2018).

2.2 Upwelling dynamics along the South Atlantic eastern
boundary

The Atlantic eastern boundary is characterized by the southward-flowing Angola Current
which converges with the wind-driven and northward-flowing Benguela Current at the
so-called Angola Benguela Front (ABF) between 15°5-20°S. The Angolan Current is sup-
plied by the Equatorial Current and advects warm tropical water in poleward direction
(Peterson and Stramma, 1991; Rouault et al., 2007). The location of the ABF is shifted
southward in most climate models which could add to the SST warm bias (Exarchou
et al., 2018). As the current structure off Angola is not well understood and observed the
inaccurate representation of currents, advection, and heat transport in ocean models could
be an additional source of the SST bias (Kopte et al., 2017).

South of the ABEF, the Benguela Current is accompanied by the Benguela upwelling
system which stretches along the narrow steep slope of the African shelf. It is one of
the four most pronounced eastern boundary upwelling systems of the world’s oceans
(Chavez and Messié, 2009). The strong alongshore winds parallel to the coast induce
offshore Ekman transport. The resulting divergent flow needs to be balanced by subsur-
face water flowing upwards towards the coastal surface. The fresh and salty upwelled
water creates the typical temperature gradient between coastal waters and open ocean
along with thriving ecosystems due to low oxygen and high nutrient contents (Rubio
et al., 2009). The Benguela upwelling system stretches from 17°S to the southern tip of
Africa. It is divided by a barrier of permanent upwelling, the so-called Liideritz cell at
27°S. The northern part stretches from 17°-26°S including another maximum, the Cunene
cell. Persistent alongshore winds here create almost permanent upwelling throughout the
year. The southern upwelling system (28°-33°S) is characterized by a more pronounced

seasonal cycle (Bachelery et al., 2020).
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North of the ABF along the Angolan coast winds are weak, yet upwelling is semi-
seasonally taking place with a maximum during July/August. The semi-annual cycle
of upwelling is suggested to be related to poleward traveling CTWs with an equatorial
origin occurring as two pairs of down and upwelling CTWs traveling poleward along
the coast. The second upwelling during November might be damped due to the stronger
Angola Current (Philander and Yoon, 1982; Ostrowski et al., 2009).

Upwelling is taking place along the equator as well since the equator acts like a nat-
ural boundary due to the Coriolis force being zero directly at the equator. Equatorial
upwelling is induced by Ekman pumping dynamics forced by local easterly and cross-
equatorial southerly winds with a seasonal peak related to the onset of the West African
monsoon (Li and Philander, 1997; Richter and Xie, 2008; Caniaux et al., 2011). The largest
temperature gradient indicating equatorial upwelling is located between 0° and 20°W
slightly south of the equator, and is named the equatorial cold tongue. The eastern equa-
torial upwelling dynamics are in addition partially driven by equatorial waves strongly
dependent on the characteristics of the zonal thermocline (Wang et al., 2017). However,
upwelling along the equator is much weaker compared to the eastern boundary upwelling

due to weaker winds.

It remains a challenge in climate models to realistically represent upwelling dynam-
ics and their variability together with the simulation of associated low stratocumulus
clouds, thus ranking high on another potential contribution to the SST warm bias. Large
and Danabasoglu (2006) found that restored southeastern boundary SST and salinity
would remotely reduce SST and precipitation biases in the central Atlantic. The study by
Small et al. (2015) shows that a combination of high resolution atmosphere (0.5°) and an
eddy-resolving ocean model is necessary to obtain the most realistic representation of the
Benguela upwelling system. Restoring SST along the upwelling zone (12°-30°S, coast to
8°E) does not result in a large remote equatorial response while restoring a broader region
(Gulf of Guinea to 29°S, coast to 1°E) produces a substantial remote response. They suggest
a realistic representation of coastal upwelling needs to be accompanied by a correction of
coastal currents, shortwave radiation, and remote ocean temperature to have an impact

on equatorial precipitation.

To obtain more realistic upwelling structures in addition to coastal currents a detailed
simulation of wind stress is necessary (Capet et al., 2004; Song et al., 2011; Renault et al.,
2012; Desbiolles et al., 2014). Regarding the theory of Fennel et al. (2012) and Junker
(2014) upwelling can be divided into two categories of driving forces. The coastal wind
stress-driven part is characterized by strong coastal wind stress which creates a response
on the horizontal scale of the ocean’s internal Rossby radius. The other part is driven by a

consequent wind stress curl which generates a response on the scale of spatial wind stress
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variations (Small et al., 2015). The spatial representation of the wind stress curl (WSC)
then impacts the underlying currents. A zonally broad WSC located further offshore is
related to a prevailing Sverdrup balance which creates a poleward current along the coast.
More upwelling favorable conditions are a result of the wind stress curl being located
further inshore. This in turn creates a jet in the upper ocean in the direction of the general
surface wind flow along the coast and a counterflow in the direction of poleward propa-
gating Coastal Trapped Waves (CTW) along the eastern boundary. The theory highlights
the need for high resolution coastal wind simulations to produce a realistic upwelling

representation along with the underlying current system (Oettli et al., 2021).

2.3 Equatorial Atlantic feedback mechanism

The atmosphere and oceans interact at their interfaces with each other via exchanges of
heat, momentum, and water. Thus, coupling of these two volumes in a climate model
involves SST, surface heat fluxes, surface wind stress, and water fluxes as driving forces.
Biased mean states are a result of difficulties arising from coupling methods since coupling

variables heavily interact with each other and biases can reinforce each other.

Since equatorial SST interacts with equatorial winds and the Intertropical Convergence
Zone (ITCZ) along with monsoon rainfall (Large and Danabasoglu, 2006), the simula-
tion of coupled feedback mechanisms is largely influenced by the SST bias and prone to
further reinforcement. Richter and Tokinaga (2020) describe reinforcement through the
Bjerknes feedback (Bjerkens, 1969; Keenlyside and Latif, 2007; Ding et al., 2015) as follows.
Sea level pressure is low in the eastern equatorial Atlantic, while SST there is elevated,
producing a westerly surface wind bias. Thus, the thermocline in the east deepens which
reduces the upwelling intensity and reinforces the initial SST bias (Voldoire et al., 2019).
Although they attributed the westerly wind bias to an atmospheric origin, because of its
occurrence in boreal spring (March-April-May: MAM) which precedes elevated SST in
boreal summer (June-July-August: JJA). Regarding observations, the ITCZ is located on
the equator in MAM and moves north in JJA due to the seasonal temperature shifts. As a
result, equatorial precipitation decreases, and equatorial trade winds increase. This leads
to the formation of the cold tongue in JJA with an SST gradient from east to west. The
cold tongue is linked to the West African monsoon since moist air from the equatorial
Atlantic supplies the monsoon precipitation (Philander and Pacanowski, 1981). In coupled
models, the ITCZ is generally located too far south and is also described as a double ITCZ
in the Pacific area (Mechoso et al., 1995; Richter et al., 2014b; Li and Xie, 2014). Richter
et al. (2014b) linked the shifted ITCZ in MAM to a delayed onset of equatorial trades
and the West African monsoon season with further implications of a weak development
of the cold tongue too far west. The resulting opposite equatorial SST gradient in JJA

would affect equatorial winds and the thermocline. The location of the ITCZ is largely
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affected by the SST bias (Large and Danabasoglu, 2006) since deep convection is triggered
by SST gradients at shifted locations and reduces precipitation over West Africa (Richter
and Tokinaga, 2020). However, Belmonte Rivas and Stoffelen (2019) found systematic
errors in ERA-Interim and ERA-5 Reanalysis in terms of too weak mean meridional winds
and variability regarding tropical trade winds and implications on the equatorial SST
gradient and mesoscale convective airflow along the ITCZ. They associate low eddy wind
divergence with unresolved airflows under moist convection conditions along the ITCZ

linked to biased meridional transient winds.

Due to the complexity and coupled feedback mechanisms involved in the eastern boundary
SST bias, the question remains if predictive skill and long-term climate change projections
are seriously affected by the bias as suggested by Park and Latif (2020). Answering this
question could refine where attention and efforts need to be directed to effectively im-
prove prediction skill of coupled climate models. As tropical Atlantic SST is linked to West
African precipitation (Mitchell and Wallace, 1992; Xie and Okumura, 2004; Caniaux et al.,
2011) more light needs to be shed on to which extent the SST bias affects the predictive

skill of precipitation.

2.4 Atlantic climate modes

Next to the erroneous representation of mean state SST and variations in amplitude and
phasing of the annual cycle, diminished interannual variability accompanies the bias. Cli-
mate modes and their associated teleconnections can provide better predictive model skill
and emphasize the importance of the realistic representation of Atlantic climate modes
regarding the predictive skill of West African precipitation. This includes climate modes
like the Atlantic Zonal Mode (AZM) and their associated climatic responses (Richter et al.,
2014b; Ding et al., 2015). The AZM involves variations of the Atlantic cold tongue and the
eastern tropical part of the South Atlantic, involving the area most affected by the mean
state SST bias. The AZM is expected to depend on similar dynamics involved in ENSO
(Zebiak, 1993; Keenlyside and Latif, 2007; Richter et al., 2014b). Compared to the tropical
Pacific interannual SST variability in the Atlantic is small and the AZM is rather described
as a modulation of the seasonal cycle, phase-locked to JJA (Richter et al., 2014b). A sec-
ond mode on interannual to longer time scales is the Atlantic Meridional Mode (AMM),
where an SST gradient between the northern and southern tropical Atlantic is involved. It
is suggested to be linked to the Atlantic Multidecadal Oscillation (AMO) (Veiga et al., 2020).

As the local winds off the coast of Angola are rather weak this area is prone to be strongly
affected by equatorial Kelvin Waves (EKW) remotely forced by weakened trade winds
in the western equatorial Atlantic (Rouault, 2012). They transform into CTWs as they

reach the eastern boundary and travel poleward along the coastline and generate SST
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variability. Warm/cold events on interannual time scales, called Benguela Nifios/Nifias,
occur predominantly during boreal winter/spring (February-March-April: FMA) and
are supposedly a result of such equatorial wind anomalies and high energetic CTWs
(Bachelery et al., 2016). During such events, warm tropical water intrudes into the Angola
Benguela Area (ABA), 10-20°S and 8-15°E. Warm anomalies can reach into the north-
ern Benguela upwelling region and locally affect upwelling intensity and the associated
ecosystems. Those events are likely to affect climatic parameters such as precipitation
over Africa and atmospheric circulation as well (Shannon and Nelson, 1996). The intensity
of Benguela Nifios is as well modulated by local conditions. Hormann and Brandt (2009)
suggest a preconditioned thermocline by remotely forced EKWs might influence the cold
tongue upwelling intensity in the following season. This might be as well the case for the
CTWs along the coast.

The AZM and Benguela Nifios dominate the interannual SST variability of the South
Atlantic. Their spatial patterns and seasonal phase locking strongly resembles the char-
acteristics of the SST bias. SST variability in the eastern equatorial Atlantic might be
suppressed by the enhanced thermocline. Significant improvements have been achieved
in terms of variability in recent versions of coupled models capturing the structure of the
AZM. As a realistic representation of the interannual variability patterns is imperative for
predictive skill, it is of major interest to what extent predictive skill exists in the presence
of realistic SST variability. It might lead to further insights into how much the region could
benefit from variability improvements. Richter et al. (2014b) found that some models
show realistic variability patterns and capture the relevant climate modes in the presence
of severe biases. They suggest the forecast skill is limited by general predictability in the
tropical Atlantic region, however, could be increased for the African monsoon by extended

ocean observations (Tompkins and Feudale, 2010).
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3 Methods

For the purpose of analyzing the characteristics of the eastern boundary SST bias and
its link to precipitation in a coupled model framework, the latest version of the Max-
Planck-Institute Earth System Model (MPI-ESM1.2) is used. To examine how model skill
and the representation of SST change with resolution, various model runs with different
resolutions of ocean and atmosphere components are analyzed. All model runs used in
this study and observational reference data is described in Section 3.1. The methods of
analyzing general model performance and SST representation are explained in Section 3.2,
including the computation of upwelling indices and estimation of interannual periodicity
of SST. In Section 3.3 the analysis of atmospheric responses to SST variations is described
to estimate the influence of the SST bias on the atmospheric model representation. The
use of an atmosphere-only run to determine intrinsic atmospheric biases for an estimation
of the SST bias impact on other climate variables is described in combination with an
analysis of the atmospheric moisture flux. In addition, composites of interannual warm
SST events are used to estimate the model’s ability to reproduce realistic climatic responses
to interannual SST variability. The sensitivity experiment of a historical model run, forced
with realistic oceanic temperature and salinity anomalies, allows the examination of the
biased representation of interannual precipitation anomalies induced by SST variations
and is also used for the analysis of precipitation performance in the model simulation.
Section 3.4 presents the methods used for the estimation of the model skill to reproduce
interannual African precipitation anomalies and their dependency on the representation
of South Atlantic SST pattern.

3.1 Models and data

3.1.1 Coupled climate model

MPI-ESM1.2 is a coupled GCM and is used in high resolution (MPI-ESM1.2-HR, here
in the following: HR) as the reference model in this study. This state-of-the-art climate
model is widely used for seasonal and decadal climate prediction. It is also the baseline
for CMIP6 experiments. A detailed description of HR is available by Miiller et al. (2018).
HR comprises the ocean and sea ice submodel MPIOM with a quasi-uniform horizontal
resolution of 0.4° with a tripolar grid TP04 which is isotropic in the Southern Hemisphere
and has two poles in the Northern Hemisphere. The grid is regarded as eddy-permitting

and has 40 unevenly spaced vertical levels (Jungclaus et al., 2013). The ocean submodel is
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coupled to the latest version of the atmospheric submodel ECHAMS6.3 with a horizontal
resolution of 0.9° and 95 vertical levels truncated at T127 (Hertwig et al., 2015; Maurit-
sen et al., 2019), including the land-surface of JSBACH (Stevens et al., 2013; Reick et al.,
2013). The Ocean-Atmosphere-Sea-Ice coupler version 3 (OASIS3-MCT) is applied for the
coupling of both domains with a frequency of 1 h (Valcke, 2013). A horizontal discharge

model is used to compute river runoff (Hagemann and Gates, 2003).

Due to increased computational power earth system models can be run with even higher
resolution than HR. A higher resolution allows resolving processes which need to be
parameterized in model simulations with lower resolution. Dynamical processes in the
ocean and atmosphere are expected to improve and reduce systematic biases (Gutjahr
et al., 2019). Hence, XR (MPI-ESM1.2-XR) and ER (MPI-ESM1.2-ER) with increased atmo-

Model Name Atmospheric Oceanic Reference

& Abbreviation Resolution Resolution

MPI-ESM-HR 0.9°x0.9° 0.4°x0.4° Miiller et al. (2018)
HR T1271.95 TP04L40

MPI-ESM-XR 0.5°x0.5° 0.4°x0.4° Putrasahan et al. (2019)
XR T255L.95 TP04L40

MPI-ESM-ER 0.9°x0.9° 0.1°x0.1° Von Storch et al. (2012)
ER T1271.95 TP6MLS80 Stossel et al. (2015)
MPI-ESM-MR 1.9°x1.9° 0.4°x0.4° Guo et al. (2016)

MR T63L95 TP04L40

Atmospheric GCM

ECHAMS6.3 0.9°x0.9° Mauritsen et al. (2019)
AMIP T1271.95

Sensitivity Experiment

MPI-ESM-HR 0.9°x0.9° 0.4°x0.4°
+ GECCO3 T/S anomalies T1271.95 TP04L40 Kohl (2020)
HR GECCO3

T: horizontal truncation, TP: tripolar grid, L: vertical levels

Table 3.1: Climate models used in this study and their corresponding atmosphere and
ocean resolution. For the analysis, the time period of 01/1980-12/2014 is used,
except for MR which is only available to 12/2005.
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spheric and oceanic resolution respectively are analyzed next to HR to observe changes in

the SST bias with resolution and the associated climatic impact.

XR is executed with the same MPIOM domain as in HR, but atmospheric horizontal
resolution is increased to 0.5° with 95 vertical levels truncated at T255. In this version
of the model coastal winds are represented with higher detail, whereas the SST bias
along upwelling regions decreases and improves thermocline representation (Milinski
et al., 2016). However, as surface winds generally decrease in this simulation, the AMOC
weakens, stressing the sensitive balance between the ocean and atmosphere components
(Putrasahan et al., 2019; Roberts et al., 2020).

ER is the eddy-resolving model configuration with an increased ocean resolution of
0.1° on a tripolar grid (TP6M). The northern hemisphere’s grid is quasi-uniform, whereas
the southern hemisphere’s grid is scaled with latitude. This grid can resolve mesoscale
eddies with exceptions along continental shelves, the Arctic Ocean, Nordic Seas, and
North Atlantic marginal seas (Von Storch et al., 2012; von Storch et al., 2016; Gutjahr et al.,
2019). While the ocean resolution is increased in comparison to HR, the atmospheric
component remains unchanged with the same horizontal resolution of 0.9° and 95 vertical
levels as for HR. Regarding Gutjahr et al. (2019), ER reduces biases in the ocean, near-
surface atmosphere, and higher atmosphere. They conclude that large-scale atmospheric

temperature distribution is affected by ocean resolution.

HR is also compared to the previous version of MPI-ESM in medium resolution (MR)
which participated in CMIP5. Ocean resolution in MR is the same as in HR, albeit model
physics are improved in HR. However atmospheric resolution is lower in MR, with 1.9°
and 95 vertical level truncated at T63. An overview of all model simulations that are
compared in this study is given in Table 3.1 together with the available time periods. In

this study, the historical model runs are used.

3.1.2 Atmospheric General Circulation Model

Systematic biases of climate variables in a coupled model can originate from the oceanic
or atmospheric component. In order to display how the SST bias interacts with climate
variables, the atmospheric contribution to systematic biases can be removed or can be
used as a reference. For this purpose, a historical AMIP-type simulation (here in the
following: AMIP), containing the time period of 1979 to 2015, is included in this study. For
the AMIP simulation, the atmospheric GCM used as the atmospheric component in HR is
run in an atmosphere-only setting forced by observed SST. This allows insight into the
model’s ability to simulate precipitation and other atmospheric anomalies with respect to
realistic SST fields. Systematic biases present in this simulation are of atmospheric origin

and thus, are not a result of biased SST. A comparison of the AMIP and coupled model
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simulation provides further insight into how intrinsic atmospheric biases are further
reinforced in the coupled simulation and allows scaling the impact of the SST bias on other
climate variables. In addition, considering the AMIP simulation as a zero-lead forecast,
it can give an idea of reproducible precipitation variability in the presence of realistic
SST variations, defined by (Richter et al., 2018) as an upper limit of achievable predictive
skill of precipitation (Richter et al., 2018). Coupled models can, however, achieve higher
predictive skill of precipitation, since surface heat fluxes may be biased in AMIP-style
experiments (Wang et al., 2005; Wu and Kirtman, 2005).

3.1.3 Sensitivity experiment

A historical model run of MPI-ESM1.2-HR assimilated with ocean temperature and salinity
anomalies from GECCO3 (German contribution to the Estimating the Circulation and
Climate of the Ocean project, version 3) ocean synthesis was performed in the context
of the study of Kohl (2020) and is here used as a sensitivity experiment to investigate
the climatic response to realistic SST events under the influence of the mean state SST
bias. Ocean temperature and salinity anomalies are assimilated into the historical CMIP6
run, instead of full field variables. Thus, the experiment features realistic interannual SST
anomalies while retaining the biased mean state. This experiment is meant to shed light
on the influence of the mean state SST bias on precipitation and other climate variables
and how the performance of reproduced precipitation anomalies over Africa is affected
by defectively elevated SST. The representation of realistic SST variability under biased
conditions allows for analyzing actual SST events and their climatic response. In combina-
tion with the AMIP simulation, a comparison of biased and unbiased climatic responses
to those events is possible. Furthermore, precipitation patterns and variability linked to

interannual SST variability within the biased area are examined.

The experiment is executed with the HR setting of MPI-ESM1.2 which is initialized
with estimates of oceanic temperature and salinity fields generated by an improved third
version of GECCO ocean synthesis. A detailed description of the GECCO synthesis is
provided by K6hl and Stammer (2008) and Kohl (2015). Observational data is assimilated
into an ocean model to generate the synthesis product. The use of such products as initial
conditions for seasonal and decadal predictions is a common method further described
by Pohlmann et al. (2013). The recent version, GECCO3, uses the adjoint method and the
same grid and bathymetry as MPI-ESM-HR with a 0.4° quasi-uniform horizontal resolu-
tion. The configuration is chosen to provide an appropriate and eddy-permitting product
for the initialization of coupled climate models, such as MPI-ESM-HR, without the need
to interpolate the data from a different grid which could affect prediction skill. Compared
to its prior version the GECCO3 synthesis is improved and shows good agreement with
the assimilated reference data (Kohl, 2020).
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The climatology of GECCO3 temperature and salinity is removed from the data to create
anomaly estimates which are then assimilated into MPI-ESM-HR for the historical nudging
run to study the atmospheric response within the coupled model domain of HR to realistic
SST anomalies as described by Smith et al. (2013). The realistic anomalies are added to the
climatology of the model, such as the model keeping its own seasonality and can retain
its preferred state. Thus, the mean state SST bias is still present in the model output. In
contrast, forcing a coupled model with realistic full field temperature and salinity can
trigger artificial heat adjustments of the model to compensate for deviations in the forcing
fields and thus affects prediction skill (Kroger et al., 2018; Polkova et al., 2019). Hence, the
anomaly method is a useful tool to examine climate dependencies on SST representation in
a coupled model. The nudging is performed for the period 1948 to 2018, with a relaxation
time of 11 days in the ocean. The historical run was chosen over the piControl simulation
as radiative forcing and greenhouse gas forcing diverges from the reference data and
would thus interfere with the evaluation of the model performance. Using the historical
run instead of decadal projections enables the analysis of direct climatic responses to actual
SST variations to analyze the impact of the SST bias on the teleconnection between SST
and African precipitation. It can help to scale the upper limit of predictability that can be
expected from climate predictions. The hereafter mentioned HR GECCO3 (abbreviated to
G3) output refers to the MPI-ESM-HR run forced with GECCO3 temperature and salinity

anomalies.

Climate predictions based on model runs initialized with realistic data are a powerful tool
in climate science. The here described sensitivity experiment serves as a base to observe
the impact of elevated SST in the South Atlantic on the response of other climate variables.
The goal is to examine to what extent a skillful representation of climate variables depends

on a realistic representation of SST in the South Atlantic.

3.1.4 Observations and reanalysis

To estimate the deviations of model simulations from realistic values observational data
products and reanalysis products serve as a reference. Table 3.2 provides a list of the
reference data used in this study which is described in the following. As a reference for
SST, the Daily Reynolds - OISST sea surface temperature data obtained from NOAAs’ Na-
tional Center for Environmental Information (NCEI) is used. The OISST analysis product
uses optimal interpolation (OI) with a horizontal resolution of 0.25° and daily temporal
resolution, available from 1982 to the present. It combines infrared satellite SST data from
an Advance Very High Resolution Radiometer (AVHRR) and in-situ data. The infrared
SST data is large-scale bias adjusted by observations from ships and buoys. A further
description is provided by Reynolds et al. (2007) and Banzon et al. (2016).

Precipitation data is used from The Global Precipitation Climatology Project (GPCP).
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It contains a combination of several precipitation measurements from ground stations
and satellites, weighted by the strength of each data type. Further information is given by
Adler et al. (2016, 2017). Global fields of monthly data of version 2.3 are used here from
1979 to present on a 2.5° cartesian grid, as well as daily data from version 1.3 with a higher

horizontal resolution of 1° available from 1997 to 2018.

High resolution near surface wind data over the ocean is obtained from QuickSCAT
(Quick Scatterometer) data measured by microwave radars, available for a rather short
time period from June/1999 to November/2009. Wind speed and direction at 10 meters
height with a resolution of 0.25° is measured by the scatterometer’s backscattered power.
A 3-day composite is used excluding rainflagged grid points. SeaWinds data are produced
by Remote Sensing Systems and sponsored by the NASA Ocean Vector Winds Science
Team. Data are available at www.remss.com, distributed in netCDF format by the Inte-

grated Climate Data Center (ICDC) University of Hamburg, Hamburg, Germany.

In addition, ERA-5 reanalysis data is used due to the availability of longer time peri-
ods from 1979 to the present and global coverage on high resolution of 0.28°. ERA-5
is the latest version of reanalysis data developed by the Copernicus Climate Change
Service (C3S) and produced at the European Centre for Medium-Range Weather Fore-
casts (ECMWFE). The data is processed by the ECMWEF earth system model also used for
weather forecasting. The computation includes routine measurements and assimilated
observations from weather stations, radiosonde ascents, ship measurements, and satel-
lite measurements. Further information is provided by Hersbach et al. (2020). Various
variables of this data set are used in this study, including precipitation, wind vectors, air

temperature, latent heat flux, specific humidity, and precipitable water vapor.

Data Name Variable Resolution  Period Reference

OISST SST 0.25°x0.25°  1982-2019  Banzon et al. (2016)

GPCP Precipitation ~ 1°x1° 1997-2018  Adler et al. (2017)
Precipitation =~ 2.5°x2.5° 1979-2018  Adler et al. (2016)

QuickSCAT 10 m Wind 0.25°x0.25 1999-2009  Risien and Chelton (2008)

ERA-5 various' 0.28°x0.28 1979-2019  Hersbach et al. (2020)
Precipitation ~ 0.25°x0.25 1979-2019

! wind, air temperature, latent heat flux, specific humidity, and precipitable water vapor

Table 3.2: Observation and Reanalysis products used in this study to evaluate climate
model simulations.
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The analysis by Strub and James (2022) shows unrealistic increases of wind stress in
near shore areas in ERA-5 wind stress fields. Thus, instead of using ERA-5 wind stress
tields for further calculations of upwelling intensity, wind stress over the water was
calculated from wind speed vectors available on an interpolated rectangular grid, as
recommended by Strub and James (2022). The computed ERA-5 wind stress data was
used next to QuickSCAT wind stress to cover longer temporal periods. As mentioned
in Strub and James (2022); Belmonte Rivas and Stoffelen (2019), ERA-5 wind data shows
various weaknesses, however, can sufficiently reproduce anomalies apart from higher

frequencies. Thus, the data set serves here as a sufficient reference to model simulations.

3.2 Sea Surface Temperature analysis

South Atlantic SST was analyzed along with several dependent climate variables to
gain insight into the model’s ability to represent the mean state, the annual cycle, and
interannual variability. In this study monthly mean data sets are used. For comparison
purposes, the data sets are regridded to the lowest involved resolution and cut to the
shortest available time period. Mean state biases of SST and other climate variables refer
to the difference between observational time averaged variable fields and time averaged
model variable fields. Interannual anomalies are computed by removing temporal trends
and mean annual cycles from the time series. The general performance of SST and
climate variables dependent on model resolution is analyzed by Taylor metrics described
in Section 3.2.1. The approach to analyze the model resolution dependent upwelling
representation in the coupled climate model is described in Section 3.2.2. The wavelet
analysis method to define characteristic interannual SST periods and their intensity is

presented in Section 3.2.3.

3.2.1 Taylor performance analysis

An overview of the model’s performances associated with different resolutions is given via
a Taylor Diagram as in Taylor (2001), containing standard deviation, pattern correlation
coefficient, and centered root mean square error (RMSE) for SST and other atmospheric
variables. Both standard deviation and RMSE are normalized here by dividing them by
the standard deviation of the reference field to make the statistics of different variables

comparable. The standard deviation of the reference o; is defined as:

1 N
0=y Z(ri —7)2. (3.1)

The normalized standard deviation of the modeled data o, is then:

1 vN =\ 2
N izt (X — X
oy =X 1((7 i (3.2)
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The correlation coefficient R is defined as:

%ZL(%—X)(W—?)‘

R = .
v (3.3)
The normalized centered root mean square error RMSE is defined as:
1 N - 112
~ g [(xj—%)—(ri—7
RMSE = \/N = [0 = %) = (i =) . (3.4)

UV

The performance metrics are computed for time varying fields over all grid cells and all
time steps, whereas the sum is a double sum. For the computation the means of the values
are subtracted, so the metrics do not include information about mean state biases. For
comparison, the weighted means of global absolute biases are given along with the Taylor

diagram.

3.2.2 Upwelling indices

The eastern boundary of the South Atlantic is characterized by its wind driven coastal
upwelling system which brings cold and nutrient rich water to the surface via Ekman
dynamics, affecting SST and its variability along the coast. As the SST bias is most elevated
along the coastal upwelling area off Angola and the northern Benguela Upwelling area,
the representation of upwelling processes in the model is of major interest. Three different
upwelling indices (UI) are calculated here from SST and wind stress vectors to estimate
the model’s ability to represent upwelling with respect to different model resolutions in
comparison to the observational reference data. Upwelling events occur at high frequen-
cies such as days to weeks and vary on seasonal scales (Garcia-Reyes et al., 2014). Since
monthly mean values are used here to quantify upwelling processes, estimates only serve
as a rough and simplified measure of potential upwelling intensity. The influence of highly
variable bottom topography along the shelf is neglected here. The here computed indices
do not compute the upwelling process itself, but rather upwelling favorable conditions like
the presence of coastal alongshore winds and the potential result of upwelling processes
by the coastal SST gradients. Nonetheless, the computed indices are sufficient to compare
the coupled model’s ability to capture those small scale features in time and space. The
study of Small et al. (2015) showed an improved representation of Benguela upwelling
processes only lead to a modest reduction of the SST bias, pointing out that correct SST
representation does not solely depend on the representation of Benguela upwelling dy-
namics. However, their restoring SST experiments along the eastern boundary showed
the importance of including the SST off the coast of Angola to achieve a good equatorial
response. In addition, the study of Illig et al. (2020) shows the importance of alongshore
winds along Angola to correctly model the dynamics of interannual SST variability. The
studies highlight the importance of realistic SST and surface wind representation in the

Angola area to correctly model equatorial dynamics and feedback mechanisms. Both
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variables are crucial in the coupling process of climate models and directly involved in
upwelling processes, hence, simulated upwelling dynamics along the equatorial cold
tongue and the eastern boundary are examined in this study along with their seasonal

variation.

As a simplified indication for upwelling a coastal SST gradient is used like in the study of
Santos et al. (2005), who used this index to study the variability of the Canary upwelling
system. Coastal and equatorial SST gradients are here computed by the difference be-
tween coastal/equatorial SST and SST 500 km further offshore/north, such as upwelling

is indicated by negative gradients:

UISST = lcoast — Toffshore- (3-5)

With respect to surface winds, two other upwelling indices are computed. As described
before, the structure of near shore wind stress plays an important role in upwelling dy-
namics. Thus, two different wind dependent upwelling processes are taken into account.
First, wind stress induced coastal upwelling can be theoretically computed by offshore
Ekman transport using alongshore winds. Equatorward winds along the eastern boundary
induce Ekman transport, creating a mass flux divergence across the shelf which needs
to be balanced by vertical converging mass fluxes (assuming no alongshore variations)
(Jacox et al., 2018). Since Ekman offshore transport is compensated by water upwelled
from below and is thereby equal to the vertical transport, it can serve here as an indication

for theoretical upwelling and is calculated as follows.

In the Ekman theory the equation of motion reduces to a balance between Coriolis force
and frictional forces, under the assumption of a linear homogeneous ocean in a steady

state, with no horizontal gradients with no lateral limitations:

fu=— le gz , (3.6)
with the Coriolis parameter f, the velocity vector u, a reference sea water density p,, taken
here as p,, = 125kgm 3, viscous stresses T varying with depth z (Jacox et al., 2018). An
Ekman surface layer defines the surface thickness to depth, where internal stress drops to
zero. The integration of T over the Ekman surface layer yields the volume transport per
unit length with respect to surface wind stress. It describes the integrated near surface
transport perpendicular to the surface wind stress vector, directed to the right/left in the
northern/southern hemisphere. The alongshore wind induced Ekman transport serves
here as an index UI% for coastal upwelling favorable conditions, computed as:
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with the wind stress component 7, parallel to the coast. The alongshore wind stress com-

ur = — (3.7)

ponent is calculated from zonal and meridional surface wind stress vectors by taking into
account the orientation of the shoreline. Wang et al. (2015) used this method to compare
upwelling intensity and duration of the main global upwelling systems and long term

trends.

The second index regarding near shore surface winds is computed by considering Ekman
Pumping. This process describes vertical transport driven by the wind stress curl (WSC). It
is described by Risien and Chelton (2008) who analyzed QuickSCAT surface wind fields to
highlight the importance of small scale wind features for ocean and atmosphere dynamics.
Small et al. (2015) computed Ekman pumping to investigate the oceanic response to wind
forcing. In the presence of Ekman pumping an Ekman transport divergence is initiated by
spatial wind stress variability. Spatial wind stress variability is a result of drag induced by
orographic boundaries which reduces wind stress magnitude towards the coast (Renault
et al., 2016). To quantify the vertical transport to compensate for the divergence, the
vertical velocities at the base of the Ekman surface layer can be computed from the WSC
as in Risien and Chelton (2008):

upee = YXT, wb (38)
pof  pof
with o e
WSC=Vxrt=2"_%" (3.9)
x ay
computed using the central difference method. 7, is the eastward component of the wind
stress vector and T — y is the northward component. = ZQ%(@ accounts for variations

of Coriolis force with latitude, with earth rotation ), earth radius Rg and latitude ¢. For
Coriolis parameters close to zero Ekman theory fails, thus, results for alongshore Ekman
transport and Ekman pumping in near equatorial regions (approximately between 5°N

and 5°S) are not valid.

In reality, the assumed perfect conditions for these computations are not met. Thus,
this index should not be considered as an absolute magnitude of upwelling, but rather

indicates relative variability and upwelling favorable conditions.

As the observational reference ERA-5/QuickSCAT data daily-mean/3day-mean wind
vectors are used to compute wind stress vectors which are then averaged to monthly mean
wind stress vectors to make them comparable to monthly mean values generated by the

model. Wind stress is calculated from wind vectors using the bulk aerodynamic formula
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along with the Large and Pond neutral stability drag coefficient with modified specifi-
cations of the drag coefficient ¢y, suitable for scatterometer wind data from QuickSCAT
described by Large et al. (1994); Risien and Chelton (2008):

T= paircloﬁ(;‘ﬁa/ (3.10)

with air density p,;, = 1.223 kgm 3.

3.2.3 Wavelet analysis

A wavelet analysis generates information about periodical power in variations of a time
series by decomposing it into time-frequency space. It is used here to observe periodic
behavior of SST and precipitation time series. A detailed description is provided by
Torrence and Compo (1998). For example, wavelet analysis has been applied in studies of
Gu and Philander (1995), who used this technique to analyze characteristics of ENSO, Szol-
gayovd et al. (2013) examined the dependency between discharges, precipitation, and air
temperature on the Danube river, while Sleziak et al. (2015) highlights the advantages of
using Wavelet Transforms over Fourier Transforms. This method allows the identification
of dominant modes in nonstationary time series and can even extract low signal-to-noise
ratio features of a time series. It enables the detection of temporal variations of significant
periodicity. Regions of high power in time frequency space can be compared between
variables. Thus, coherent temporal variations between variables indicate a consistent
phase relationship and highlight periodical dependency, since it is defined as a localized

correlation coefficient in time frequency space.

Here SST periodicity is analyzed along the equator and eastern boundary of the South
Atlantic to identify interannual modes and their representation in the coupled climate
model under biased conditions. In addition coherence between SST and precipitation
periodicity is examined in order to detect on which scales precipitation is linked to SST

variations and to which extent this dependency is affected by biased SST.

According to Torrence and Compo (1998); Grinsted et al. (2004), a discrete time series x;,
withn =1, ..., N, and consistent time steps ¢ can be analyzed using a zero mean Morlet

wavelet function, defined as
Po(i7) = 0o =05T, (3.11)

with the dimensionless frequency wy and dimensionless time 77, where frequency and
location in time can be altered. The wavelet function is applied as a bandpass filter to

the time series. The continuous wavelet transform of a discrete time series x, is the




24 3 Methods

convolution of x;,, with a scaled and normalized wavelet. It can be written as follows,

Wi (s) = \/?nil X o [("’ - n)it] : (3.12)

The scale of the wavelet, s, can be varied and shifted along the time index 1, whereas the
power is obtained by |[WX(s)|?.

To examine coherence of periodic power between two time series the cross wavelet power
|WXY| is computed, where the cross wavelet spectrum is defined by Torrence and Compo
(1998) as WY (s) = WX(s)W)Y*(s), using the complex conjugate W, *(s) of W, (s). The
coherence of two time series is then defined by Torrence and Webster (1998) similar to the

correlation coefficient as

S (s Wi (s)) I?
S (sTHWE(s)?) - S (s7H Wi (s)2)

R%(s) = (3.13)
where S denotes the smoothing operator S(W) = S;(S;(W(s))), with scaling along the
wavelet scale axis with S; and smoothing in time with S; (Grinsted et al., 2004). The Monte
Carlo method is here used to compute statistical significance. Random artificial time
series are generated with first order autoregressive (AR1) coefficients of the analyzed time
series to test against the null hypothesis that the signal is generated by red noise on a 95%

confidence level.

3.3 Climate response to Sea Surface Temperature variations

The variability of the climate system is largely dependent on SST variations which directly
impact ocean-atmosphere exchanges of momentum, energy, and water. The atmosphere
responds to SST variations on weather and climate time scales, while it drives local and
remote precipitation via thermodynamic and dynamic interactions, and large scale atmo-
spheric circulations as well. The South Atlantic SST bias is assumed to affect predictive
skill of the climate system, especially precipitation patterns over the African continent.
Warm tropical SST can trigger deep convection, which impacts the upper level tropo-
sphere, as well as water mass and energy transports via Walker and Hadley circulations
and monsoonal rainfall via atmospheric teleconnections (Sun and Tan, 2022). Thus, the
SST bias poses a very likely error source which needs to be analyzed with regard to the
severity of its impact on the teleconnection between SST and precipitation. Aiming to
outline the impact of the SST bias, this study analyzes how precipitation patterns, water
exchange between ocean and atmosphere, as well as atmospheric water fluxes and surface

wind vectors change in the presence of the SST bias.

For this purpose, SST data is analyzed along with surface air temperature (T,;,), pre-
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cipitation (PRC), surface wind vectors (Wind, /Wind,), and surface latent heat flux (LHF)
as an indication for evaporation, as well as computed atmospheric moisture flux and
convergence. Moisture flux and convergence are further specified with their contributing

thermodynamic and dynamic part.

The AMIP run serves as a reference for intrinsic atmospheric biases as it is forced with
realistic SST fields and the same boundary conditions as the other model runs. A com-
parison with the HR simulation can show how atmospheric biases are reinforced due
to the coupling of oceanic and atmospheric model components along with the arising
SST bias. The difference between AMIP and HR atmospheric data can highlight possible
atmospheric responses to the SST bias. Though, biases can arise from other sources, such
as the land surface model, but are considered small here. The differences between model
runs are examined in their mean state and seasonality to account for annual feedback
mechanisms. Along with the difference between AMIP and HR, the difference between
HR and XR is analyzed, in order to show how the representation of climate variables
changes with resolution along with a changed magnitude of the mean state SST bias. The
biased seasonal cycle along the equator and eastern boundary is investigated, as well as
the biased seasonality of the African monsoon which is depicted as atmospheric variables
averaged between 40°W and 40°E along latitudes between 30°N and 20°S. Only HR and
XR runs are examined here (excluding MR and ER runs) since the SST bias reduction

between both runs is large and could yield a significantly different atmospheric response.

In addition, the atmospheric response as a composite with reference to warm AZM
events is analyzed in HR and XR runs, in comparison to the reference data, to show how
atmospheric patterns are influenced by the SST bias on interannual scales. The sensitiv-
ity experiment and the AMIP run are used to examine atmospheric responses to actual

Bengula Nifio warm events to show how they are affected by the SST bias.

3.3.1 Atmospheric moistureflux

In order to gain a deeper understanding of changes in precipitation patterns due to
the SST bias, components of the hydrological cycle of the atmosphere are calculated.
According to Kleidon (2019), the hydrological cycle of the atmosphere is described by a
balance between evaporation and precipitation which is subject to spatial variations due
to moisture transport. Evaporation acts as a source of moisture in the atmosphere and is
directly linked to surface latent heat flux, whereas precipitation is a moisture sink and
releases latent heat into the atmosphere. Spatial variations result from zonal gradients
of solar radiation which drive evaporation, and need to be balanced via moisture being
transported by the atmospheric circulation. This results in convergence zones in the tropics
and mid-latitudes. To follow the impact of the SST bias, atmospheric moisture fluxes

and their convergence are calculated and their changes are assigned to thermodynamic




26 3 Methods

and dynamic contributions generated by the SST bias. Following Guo et al. (2018) the

atmospheric moisture budget can be written as follows:

W
P=E-~-—C (3.14)

The supply of moisture for precipitation P is described by evaporation E, integrated water
(in form of vapor, liquid, and ice) W, and convergence of vertically integrated moisture
flux C.

The following described computation of the moisture budget terms follows Watterson et al.
(2021); Ye et al. (2020). The vertically integrated water vapor is obtained by the integration
of specific humidity g from surface pressure p; up to the approximate upper end of the

troposphere p; (here chosen as 250 hPa), where most of the humidity is present:

Ps
W= g’l/ qdp. (3.15)
Pt
The horizontal moisture flux can be computed from specific humidity and the horizontal
wind vector V;:

Q=qV. (3.16)
The horizontal moisture flux Q is then integrated through the troposphere to represent

the horizontal water vapor transport within the troposphere:

— Ps —
F=g¢g'[ qV,dp, (3.17)
Pt
From the vertically integrated horizontal moisture flux vector F the vertically integrated
moisture flux convergence can be computed as follows:
Lo (et lqudp) o (g ST qudp)

C=-V-F=-— - - 5 ) (3.18)

For the computation of the horizontal moisture flux, daily data of specific humidity and
wind vectors are used. The convergence is computed by using the finite difference method.
Daily data are then averaged to monthly means. Since the data from the sensitivity
experiment is only generated for monthly mean values, horizontal moisture flux and
its convergence is also computed from monthly mean values to be comparable to the
sensitivity experiment. Although accuracy is reduced by using monthly mean data for the
computation, a comparison between anomalies from the daily and monthly data showed
sufficient agreement. Thus, the computed data sufficiently serves the purpose to illustrate

anomalies of horizontal moisture flux and its convergence during Benguela Nifio events.
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Thermodynamic and dynamic contribution

For a better understanding of the altered precipitation patterns under the influence of
elevated SST of the South Atlantic, the horizontal moisture flux and its convergence are at-
tributed to thermodynamic and dynamic contributions. The thermodynamic contribution
refers to changes in atmospheric water vapor due to warming via changed evaporation
rates. The dynamic response describes the altered moisture flux while evaporation rates
stay unchanged but atmospheric circulation is affected by temperatures and advects mois-
ture to altered locations.

Following Watterson et al. (2021) the thermodynamic part of changed convergence fields is
simplistically evaluated by the fractional change of available water vapor (W) multiplied
by the mean state of the reference convergence field C,, assuming the change of water
vapor is completely thermodynamic.

AW

ACr —
CT Cr Wr

(3.19)

The dynamic contribution is here assumed to be the remaining part of the changed field

(omitting nonlinear and other terms):
ACp = AC — ACr (3.20)

Collins et al. (2013); Watterson et al. (2021) used this approach to attribute changes in
precipitation due to global warming into thermodynamic and dynamic components and

refer to the Clausius-Clapeyron scaling applied by Held and Soden (2006).

3.3.2 Atlantic Zonal Mode

Composites of South Atlantic SST anomalies associated with the AZM are analyzed with
regard to their atmospheric response. SST anomalies along the coast of Angola (7°5-16°S)
show highest interannual variability from May to July suggesting a seasonal phase locking.
They are significantly correlated to wind anomalies during March /April, where significant
Pearson correlation coefficients are determined by computing the 95% confidence level
using the bootstrap method with 2000 repetitions (Tibshirani and Efron, 1993). The eight
most extreme years during the period of 1982-2014, showing the eight largest positive
and negative anomalies respectively, are chosen and seasonally averaged to depict the
average seasonal development and atmospheric response to such events. Composites
are generated for HR and XR runs, as well as for the reference data including OISST
and ERA-5 data. The composites contain fields of SST, air temperature, precipitation,
and surface wind vectors, along with latent heat flux, moisture flux, and convergence to

account for the atmospheric moisture transport associated with these events.
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3.3.3 Benguela Nifios

Another composite analysis is applied in order to analyze the atmospheric response to
Benguela Nifio events with and without the influence of the SST bias. For this purpose,
the sensitivity experiment run is used to present realistic Benguela Nifio events in the
coupled model domain and their impact on atmospheric dynamics in the presence of
elevated mean state SST. In addition, the AMIP run is used to represent atmospheric
responses to Benguela Nifio events without biased SST. Both composites are compared
to the reference data of OISST and ERA-5. Since the AMIP run is forced with observed
SST and the sensitivity experiment is forced with realistic SST anomalies, actual observed
Benguela Nifio events can be analyzed. To define those extreme SST events the so called
ABA index is computed from SST anomalies of the Angola Benguela Area (ABA) during
the time period of 1982 to 2014, following Richter et al. (2010); Imbol Koungue et al. (2017,
2019). The ABA stretches from 10°S to 20°S and from 8° to 15°E, where SST is highly
variable on interannual scales. SST anomalies of the ABA are derived from averaged
SST over the ABA. The linear trend is removed from the ABA SST which is estimated by
linear least square regression. Subsequently, the monthly climatology is removed yielding
ABA SST anomalies. The ABA index is computed by normalizing the anomalies by their
seasonally averaged standard deviation. Benguela Nifios are then defined as anomalous
warm events in the ABA, that exceed their seasonal standard deviation during at least
three consecutive months during boreal winter/spring (January to May), such as the ABA
index exceeding the value of one. The ABA index provides the opportunity to determine
the years affected by Benguela Nifio events and allows the creation of Benguela Nifio
composites by extracting associated SST anomalies and climate anomalies of those events

and computing their average.

3.4 Precipitation performance analysis

In order to assess the impact of the SST bias on precipitation variability and other climate
variables the performance of HR GECCO3 is analyzed in comparison to AMIP. As HR
GECCO3 is forced with realistic SST anomalies by retaining the biased mean state and
AMIP is forced with realistic SST full fields, both model simulations can be compared to
observations to examine their ability to reproduce the climate response to SST variability.
Performance of climate variables is quantified by anomaly correlation coefficients (ACC)
and the RMSE normalized by the standard deviation of the reference time series. Yearly
mean anomaly time series are used for the performance comparison in a Taylor diagram
(as described in Section 3.2.1) and global maps of ACC and RMSE for precipitation. The
RMSE is normalized since errors are proportional to the magnitude of variability which

can locally and seasonally vary.
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Climate variables are indexed over different regions to examine general performance. This
means variables are averaged over a characteristic region for the time period 1982-2014. A
three-month-running mean is applied to the averaged time series to account for seasonal
shifts of the annual cycle between models. Anomalies are then generated by detrending
and removing the seasonal cycle. The anomalies are seasonally stratified to receive inter-
annual anomalies for every month of the year. A four year-running-mean is applied to
the anomalies to remove the influence of quasi-biennial oscillations and concentrate on
longer periods which are affected by the dominant SST variations of the South Atlantic.
ACC and RMSE are then computed for the anomalies with respect to seasons. Significant
correlations at the 95% confidence level are computed with the bootstrap method with

2000 repetitions.

Equatorial variables are indexed to evaluate if the biased annual feedback mechanism
due to the SST bias, affects interannual performance of precipitation and zonal wind.
In addition, precipitation indices are computed for regions affected by the West African
monsoon rainfall, since those areas are directly affected by tropical Atlantic SST variations
which modulate monsoon intensity. Lastly, the performance for precipitation indices along
African land areas along the southwestern coast is computed, in order to evaluate the

influence of SST variations induced by Benguela Nifio events on coastal precipitation.

A coherent wavelet analysis, as described in Section 3.2.3, is applied to interannual pre-
cipitation anomalies and SST anomalies (1982-2014) in order to examine temporal scales
and intensity on which precipitation during monsoon season is linked to Atlantic SST
and affected by the SST bias. In addition, common variability patterns between SST and
precipitation are analyzed on spatial scales using multi-variate EOF which is described in

the following.

3.4.1 Multivariate EOF analysis

A multi-variate EOF analysis is used to derive dominant modes of coherent variability
of African precipitation and South Atlantic SST. The method is used here to address the
spatial phase relationship between both variables and how this dependency is affected by
the SST bias. The method is suitable for this purpose since SST and precipitation patterns
are well correlated. For the analysis, a normalized covariance matrix is defined from
area weighted precipitation and SST anomalies for the time period between 1982 and
2014. Anomalies of GPCP and OISST are analyzed as a reference, along with anomalies
generated by the AMIP run and the sensitivity experiment. The covariance matrix is
decomposed into a set of EOFs and corresponding principal component (PC) time series.
The EOFs are eigenvectors of the covariance matrix and describe coherent variability of
the spatial patterns. The eigenvalues give the percentage of variability which is explained
by each EOF mode. The method is described in detail by Wang (1992). The EOFs and
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PCs are normalized by the corresponding PCs maximum value, for comparative purposes.
Coherent variability between South Atlantic SST and African precipitation anomalies is

examined in this study:.
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4 The Sea Surface Temperature bias and its

climatic impacts

In a coupled climate model the eastern boundary SST warm bias affects the numerical
simulation of atmospheric variables. The extent of the systematic biases is presented in
this Chapter. An overview of global mean state biases in MPI-ESM coupled model simula-
tions is given for SST and relevant atmospheric variables, along with their performance
in relation to atmospheric and oceanic model resolution. A major feature of the South
Atlantic eastern boundary is defined by the strong upwelling dynamics that affect coastal
SST. As the mean state SST bias is especially pronounced in eastern boundary upwelling re-
gions, the simulated upwelling conditions are investigated for different model resolutions.
The South Atlantic SST variability is largest along regions characterized by upwelling
dynamics. Thus, the relation between represented upwelling processes and physical
dynamics, that contribute to the SST variability, is of major interest. Upwelling dynamics
are highly dependent on spatial and temporal surface momentum flux variations which
excite upwelling or precondition the ocean surface so that the effects of remotely forced
up and downwelling waves are enhanced or weakened. In addition, the representation
of upwelling dynamics in a coupled model is linked to the underlying current system
which affects the simulation of general ocean dynamics. Upwelling favorable conditions
could play an important role in the air-sea interaction with an effect on SST and climate
variability. It is necessary to determine the effect of improved upwelling conditions with
model increased model resolution on the representation of simulated SST and atmospheric
variables to determine the contribution to the quality of simulated climate and precipita-

tion variability.

As the magnitude of the SST bias changes with model resolution and the corresponding
representation of upwelling conditions, the impacts of the different magnitudes of the
South Atlantic SST bias on the atmospheric model component need to be examined. For
this reason, intrinsic atmospheric biases in the AMIP simulation are compared to the cou-
pled model simulations, in order to highlight the alteration of represented variables arising
from the process of coupling oceanic and atmospheric submodels. As the AMIP simulation
is forced with realistic SST fields, the atmospheric representation is not influenced by any
ocean biases and shows only biases that are already present in the atmospheric component.
The differences in mean states and seasonal cycles between the AMIP simulation and the

coupled simulations show how atmospheric biases are reinforced under the influence
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of the oceanic model simulation including the SST bias which arises from the coupling
process. Additionally, the difference to a simulation with higher atmospheric resolution is
shown to highlight the changes arising along with a decreased magnitude of the SST bias.
The impact on the atmospheric moisture budget is investigated for a better understanding
of simulated precipitation patterns affected by the coupling process and the SST bias.
Furthermore, the simulation of the annual cycle of the tropical Atlantic region is examined
in terms of altered feedback mechanisms linked to the SST bias which contributes to
the biased mean state of the atmosphere. As this study focuses on the representation of
African precipitation in the coupled model simulation, the impact of the coupling process

and the SST bias on the annual cycle of the African monsoon is examined as well.

In the following the global mean state SST bias and its change with resolution is pre-
sented in Section 4.1 along with other atmospheric biases. In Section 4.2 the performance
of SST and atmospheric variables within the coupled model domain dependent on model
resolution is evaluated. An analysis of upwelling conditions follows in Section 4.3 with
respect to the resolution of the atmospheric and oceanic model components. The impact
of the South Atlantic SST bias on the atmospheric mean state moisture budget is estimated
in Section 4.4. This Section shows how the atmospheric representation changes when
coupled to the oceanic submodel with the arising influence of the SST bias which is shown
in detail for the seasonal feedback mechanism of the tropical Atlantic and the seasonality

of the African monsoon.

4.1 Global mean state biases

The SST bias in the South Atlantic is not a single phenomenon arising from the coupling
of atmospheric and oceanic submodels but is part of a systematic bias problem affecting
the eastern boundaries of global oceans. Atmospheric and oceanic biases contribute to
the biased SST representation and the SST bias in turn generates additional deviations or
reinforces already existing biases. To give an overview of the extent of the systematic bias
problem, global SST deviations of MPI-ESM in high resolution (HR) are displayed in this
Section along with biases of related atmospheric surface variables. The mean state bias of
a variable is here obtained by subtracting the time averaged variable field of the reference
data from the model data, such as positive/negative biases referring to the model values
being too high /low. Subtraction of mean states of the reference model HR from MR, XR,
and ER data yields the change of variable representation with model resolution. In a
comparison of the observational OISST product and SST generated by the coupled climate
simulation of HR, the regional deviations from realistic values become evident. The global
mean state of OISST is displayed in Figure 4.1 A, and the difference between both mean
state global SST fields is displayed in Figure 4.1 B. It shows the expected elevated SST

values in the model simulation along eastern boundary regions, accompanied by a general
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MPI-ESM-HR: SST and precipitation biases

Figure 4.1: A) Mean state SST from OISST [1982-2005], and B) mean state SST bias in HR
relative to OISST with shading in °C. C) Mean state precipitation from GPCP
[1997-2005], and D) corresponding mean state precipitation bias in HR with
shading in mm/day.

warming of tropical SST. The largest warm bias is located in the South Atlantic. It is most
pronounced along the coast of Southwest Africa with its maximum in the ABA, between
10°S and 20°S. Mean SST exceeds reference SST by up to 5°C there. Biased SST stretches
into the Northern Benguela upwelling region and along the eastern equatorial region
with mean state SST being up to 2°C higher than the reference SST. The warm bias fades
towards the South American continent. The linkage to the atmospheric representation
becomes evident by comparing mean state precipitation biases to SST biases. The mean
state of the observational precipitation product GPCP is depicted in Figure 4.1 C along
with the corresponding HR bias in D. The strong mean state precipitation bias is largest in
the tropics, where mean precipitation reaches its global maximum and is associated with
the location of the ITCZ. Excess precipitation in the tropics follows elevated SST patterns.
The result is a double ITCZ bias in the Pacific Ocean and a southward shifted ITCZ in the
South Atlantic which is already described in many studies (e.g. Oueslati and Bellon (2015)).

The inter model simulation comparison of mean state SST and precipitation shows a
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SST and precipitation change with model resolution

A) SST - MR-HR [°C] B) SST — ER-HR [°C] O SST - XR-HR [°C]

D) PreC|p|tat|on - MR- HR [mm/day] E) PreC|p|tat|on - ER- HR [mm/day] F) Preupltatlon - XR-HR [mm/day]

Figure 4.2: Changes of mean state SST (top) and precipitation (bottom) with model reso-
lution relative to HR. A) Mean state SST of MR, B) ER, and C) XR subtracted
by mean state SST of HR, with shadings in °C. Red/blue areas indicate in-
creased/decreased values compared to HR respectively. The same accounts for
mean state precipitation of D) MR, E) ER, and F) XR subtracted by mean state
precipitation of HR, with shadings in mm/day.

significant improvement associated with increasing atmospheric resolution. Differences of
global mean state SST between MPI-ESM simulations, with different resolutions of oceanic
and atmospheric submodels, are displayed in Figure 4.2 A-C, where mean state SST of MR,
ER, and XR is subtracted by mean state SST of HR. It shows how increased atmospheric
resolution leads to a significant reduction of the South Atlantic SST bias by several degrees
Celsius, especially along the northern Benguela upwelling region between 17°S and 27°S.
Increasing the horizontal atmospheric resolution from 1.9° of MR to 0.9° of HR, the SST
bias diminishes heavily along the eastern boundary but shows a general warming of
tropical SST along the equator of around 1°C. With a further increase of horizontal atmo-
spheric resolution to 0.5° in XR the South Atlantic SST bias is further reduced. Elevated
SST in the ABA of the XR simulation reaches only 2.5°C at its maximum and 1.5°C along
the equatorial cold tongue. While eastern boundary regions significantly benefit from
increased atmospheric resolution, the general warming of tropical SST increases with
higher atmospheric resolution. The tropical warming is most severe in the Pacific Ocean.
In XR (Figure 4.2 C) the resulting meridional SST bias becomes most evident. Along high
latitudes, SST values are too low but elevated in the tropics which enhances the merid-
ional SST gradient already existing in HR. For ER in Figure 4.2 B the oceanic horizontal
resolution is increased to 0.1°, while the atmospheric resolution remains unchanged in

comparison to HR. The eastern boundary SST bias remains rather unchanged in this case.
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MPI-ESM-HR: atmospheric biases

A) ERA-5 mean Air Temperature [°C] B)  HR Air Temperature Bias [°C]
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C) QuickSCAT mean Wind Speed [m/s] D) HR Wind Speed Bias [m/s]

Figure 4.3: Global mean state maps (left): A) surface air temperature of ERA-5 [1980-2014],
C) surface wind speed of QuickSCAT [1999-2009], and E) surface latent heat
flux of ERA-5 [1980-2014]. Corresponding mean state biases (right) of HR in B),
D) and F) respectively.

However, SST in high latitudes improves, especially in the Southern Ocean, where ocean
eddies are now resolved. This suggests, resolving small scale oceanic and atmospheric
processes does lead to a relevant improvement of mean state biases. Nevertheless, the
remaining biases are still clearly apparent despite increased ocean or atmospheric reso-

lution. The high computational costs of a further increase of resolution for both ocean
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and atmospheric components might be out of proportion to the potential benefit at this
point. According to the study of Richter and Tokinaga (2020), comparisons between model
ensembles of CMIP generations show a direct link between resolution and SST improve-
ments. However, some lower resolution models participating in CMIP6 show only small
SST biases, indicating a bias reduction can be accomplished using other strategies as well.
Figure 4.2 D-F shows how the change of the SST bias with atmospheric resolution is related
to the simulation of tropical precipitation. Biased tropical precipitation patterns follow
patterns of biased SST. This means excess precipitation occurs where SST is elevated and

vice versa and suggests a strong linkage between the biases of both variables.

The mean state SST bias in HR affects the representation of atmospheric variables which
is obvious for mean state precipitation. Precipitation patterns are influenced by SST via
surface fluxes, that drive the atmospheric circulation. In order to evaluate the linkage
between SST and precipitation biases other relevant atmospheric surface variables affected
by the coupling process need to be examined as well. Hence, the mean state biases of sur-
face air temperature, surface winds, and surface latent heat flux are depicted in Figure 4.3
for the historical HR simulation. These variables are important drivers of the atmospheric
circulation under the influence of ocean dynamics and thus, SST patterns. As expected,
surface air temperature biases follow the pattern of the SST bias with a general warming
of the tropics and cooling of higher latitudes. Whereas air temperatures over the eastern
tropical Atlantic are elevated, the bordering land surfaces of West Africa show negative
biases and enhanced latent heat flux. In contrast, the African Sahel area is affected by
elevated air temperatures and reduced latent heat flux, leaving it too warm and too dry.
Surface winds over the oceans show a strong bias with reduced wind speeds up to 3 m/s
along the tropical oceans and poleward shifted trade winds. The elevated biases along
the tropics suggest a strongly biased feedback mechanism is arising from the coupling

process.

4.2 Performance of Sea Surface Temperature and climate variables

The submodel resolution influences the performance of model variables which is summa-
rized in a Taylor diagram for climate variables with global coverage in Figure 4.4 A and
for a region covering the South Atlantic and tropical North Atlantic region (20°N-34°S,
50°W-40°E) in Figure 4.4 B. The diagrams show to what extent the simulated patterns of
climate variables resemble those of the observational and reanalysis products in order to
estimate relative skill of the model simulations dependent on the resolution of the ocean
and atmosphere components. The pattern correlation, centered RMSE and amplitudes of
spatial variations indicated by the standard deviation are graphically summarized in the
diagrams for MR, HR, XR, and ER simulations. The RMSE and standard deviation are both

normalized by dividing them by the standard deviation of the observation/reanalysis
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Figure 4.4: Taylor diagram showing relative performance of climate variables [1997-2014]

with A) global coverage and B) for the South Atlantic plus tropical North
Atlantic (20°N-34°S, 50°W-40°E). Climate variables (SST in red, surface air
temperature in blue, precipitation in green, zonal surface wind in purple,
meridional surface wind in orange, and surface latent heat flux in pink) are
arranged in dependency of their pattern correlation, normalized standard
deviation, and normalized RMSE with reference to observations/reanalysis
shown for different model resolution (MR (circle), HR (triangle), XR (square),
ER (diamond)). Here normalized means divided by the standard deviation
of the observational reference. Values in the legend display corresponding
averages of the absolute mean state bias (SST and surface air temperature in
°C, precipitation in mm/day, zonal and meridional surface wind in m/s, and
surface latent heat flux in W/m?).

in order to make different variables comparable. The statistical relationship between

simulated and observed patterns is largest for metrics nearest to the reference data point.

OISST serves as a reference for SST, GPCP for precipitation, and ERA-5 for surface winds,

surface air temperature and surface latent heat flux for the time period from 1997 to

2014. As simulated data of MR is only available until 2005, the measures are computed

separately and are not perfectly comparable but serve to show the progress of the current
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model generation. The statistics are computed for annually averaged fields for all grid
points and all time steps. In order to provide a complete overview, the globally averaged

absolute values of mean state biases are added to the legend of the diagram.

Significant improvements are achieved between different model generations which is
indicated by the performance of MR compared to HR. MR shows significant performance
deviations for most variables. For the global coverage, in Figure 4.4 A, the performance
of ER is superior on average, even compared to XR despite the higher magnitude of the
eastern boundary SST bias. According to Gutjahr et al. (2019) the large-scale atmospheric
temperature distribution improves with increased ocean resolution as in ER which explains
the improved performance of climate variables. In contrast, XR shows more elevated
amplitudes of variation (standard deviation) than other model simulations regarding SST
and surface air temperatures, whereas the standard deviation for zonal surface wind is
significantly reduced. The globally averaged absolute SST bias is most elevated in XR
despite the reduction of the eastern boundary warm bias. Performance metrics computed
for the South Atlantic region including the tropical North Atlantic, displayed in Figure 4.4
B, show higher deviations between model simulations. The deviations between correlation
values for precipitation are most obvious and emphasize the improvement of precipitation
representation with increased resolution, showing best performance in ER which is also
evident for zonal and meridional wind. Again it becomes clear that the temperature bias
reduction of the South Atlantic in XR is accompanied by a strongly elevated standard

deviation.

The diagrams show, that a large improvement in terms of model performance can be
achieved with an increased resolution of the ocean component which also positively
affects atmospheric variables. In contrast, the increased atmospheric resolution leads to
smaller general performance improvements and introduces new problems as well. De-
spite the most solid performance of ER, the eastern boundary SST biases remain globally
unchanged in ER in comparison to HR, whereas the increased atmospheric resolution in
XR yields large improvements in the eastern boundary SST bias. The result suggests a high
contribution of the atmospheric component to the SST bias problem which can not be com-
pensated by higher resolved ocean processes. The contrasting results raise the question
of which higher resolved atmospheric process the eastern boundary SST representation
benefits from whereas the rest of the simulation does not. Putrasahan et al. (2019) shows,
that surface wind speeds generally decrease with an increased atmospheric resolution,
while Milinski et al. (2016) shows, that the SST bias improves along the South Atlantic
eastern boundary with a detailed coastal wind representation due to higher atmospheric
resolution. As the improvement of the SST representation is most pronounced along the
Benguela upwelling region and apparently linked to a higher resolved alongshore wind

representation, a closer look at the representation of upwelling processes in relation to
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model resolution may lead to a better understanding of the SST bias problem, as the wind

representation along the eastern boundary directly affects SST via upwelling dynamics.

4.3 The role of simulated upwelling dynamics

The representation of upwelling processes in coupled climate models is challenging due
to the rather coarse model resolution which makes it difficult to properly simulate the
coastal wind jets, that initiate coastal upwelling dynamics. To examine the ability of
the coupled climate model to reproduce upwelling dynamics three computed upwelling
indices from SST and surface winds are analyzed. The coastal SST gradient indicates
potential upwelling processes along the eastern boundary and the equatorial Atlantic.
Indices computed from coastal surface winds allow the estimation of the representation of
upwelling favorable conditions, divided into coastal alongshore wind stress dependent
upwelling and WSC dependent upwelling along the eastern boundary of the South
Atlantic. The indices serve as a tool to shed light on the linkage between the representation
of coastal surface winds and the eastern boundary SST bias. As the greatest improvement
in terms of the eastern boundary SST bias was achieved by increasing the resolution
of the atmospheric model component, the focus of this analysis is on the differences in
reproduced upwelling conditions between HR and XR. The upwelling indices calculated
for the coupled model simulations are compared to those of the observational reference
product. Mean state estimates are analyzed as well as the seasonal variations for a better
understanding of annual SST variations linked to upwelling dynamics and potential

implications for feedback mechanisms and interannual variability.

4.3.1 South Atlantic upwelling representation

The SST gradient of the observational product OISST along the equator and the eastern
boundary of the South Atlantic in Figure 4.5 A shows the temperature difference between
ocean surfaces in upwelling regions and further offshore/north of the equator, such as
a negative gradient implies colder SST in the upwelling region. Thus, the SST gradient
is a rough estimate for locations potentially characterized by upwelling dynamics and
indicates an averaged intensity of potential upwelling processes of the South Atlantic.
The computed time averaged gradients of HR and XR in Figure 4.5 A suggest a general
ability of the models to generate upwelling dynamics with best agreement with the OISST
reference in the southern Benguela upwelling region. The OISST gradient is largest along
the whole Benguela upwelling region between 17°S and 34°S, with coastal SST around
3°C colder than offshore SST. The gradient peaks at 25°S which is where the Liideritz cell
is located. Thus, the gradient is in good agreement with the observed upwelling intensity
(Rubio et al., 2009; Small et al., 2015; Wang et al., 2015; Bachélery et al., 2020). HR and XR
can reproduce a similar gradient for the Benguela upwelling region with a tendency of

a southward displacement which reduces with increased atmospheric resolution in XR.
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The southward shift suggests weakened upwelling dynamics for the northern Benguela
upwelling region in the model simulations which appear to be significantly improved in
XR.

Along the coast of Angola, alongshore winds are weak and upwelling is not as strong
as the Benguela upwelling dynamics. The Angola upwelling region is however defined
by a thriving ecosystem (Binet et al., 2001; Jarre et al., 2015). Upwelling dynamics in
these regions are induced by CTWs rather than surface winds and occur semiseasonally,

with a maximum intensity during July when significant cross-shore SST gradients can

Upwelling index along equator and eastern boundary
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Figure 4.5: Mean upwelling indices for OISST and QuickSCAT (green), HR (dark blue)
and XR (light blue) [1999-2009]: A) Coastal SST gradient along the equatorial
Atlantic and South Atlantic eastern boundary in °C. B) Ekman Pumping (up-
welling velocity) in cm/day, and C) Alongshore Ekman Transport in m?/s
along the South Atlantic eastern boundary.
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be observed (Awo et al., 2022). The coastal SST gradient of OISST in Figure 4.5 A along
Angola (between the equator and 12°S) indicates the presence of upwelling with the
expected weak intensity. Both HR and XR can not reproduce this gradient. The peak at 5°S
in HR and XR is instead associated with the Kongo river outflow. This suggests Angola
upwelling dynamics are not resolved in the models or suppressed by the biased ocean

and atmosphere variables.

The equatorial cold tongue region is characterized by seasonal upwelling dynamics related
to accelerating easterly winds in boreal summer (Philander and Pacanowski, 1981). For
this region the averaged SST gradient between the equator and tropical North Atlantic
shows negative temperature differences up to 2°C colder along the equatorial ocean
surface between 10°W and 20°. Similar patterns are observed in the models but shifted
towards the West, indicating the ability to simulate similar dynamics. The gradient is
largest between 20°W and 30°W for HR and is slightly smaller than the observed gradient
but covers a broader area. The gradient in XR reaches only values half of the observed
ones and stretches as well from 10°W to 40°W, but with two minor peaks. The shifted
equatorial gradients and the absence of an indication for Angola upwelling dynamics
highlight the link between suppressed upwelling dynamics in regions affected by the SST

bias.

Upwelling favorable conditions are shown in Figure 4.5 B by offshore Ekman trans-
port and in Figure 4.5 C by Ekman upwelling velocities along the South Atlantic eastern
boundary which are related to coastal and near shore wind stress. The upwelling favorable
winds are high along the Benguela upwelling region with local peaks, at 17°S, where the
Cunene upwelling cell is located, and at around 25°S, where the Liideritz upwelling cell is
located (Boyer et al., 2000; Lett et al., 2007; Bachelery et al., 2020). The average offshore
Ekman transport computed from QuickSCAT alongshore winds is well reproduced by
both model simulations between 12°S and 34°S. HR overestimates the offshore transport
along the Liideritz upwelling cell but yields otherwise similar results as XR. The result is
in good agreement with the Benguela upwelling analysis by Wang et al. (2015). However,
the index computed from QuickSCAT winds suggests strong enough alongshore winds
exist along the coast of Angola as well and can provide upwelling favorable conditions,
contrasting the statements of Awo et al. (2022). An Ekman response is expected for along-
shore winds of a minimum of 5 m/s for at least 3 consecutive days (Li et al., 2019). With
average wind speeds of 4-5 m/s along the coast of Angola and a seasonal amplitude of
1.2 m/s, seasonal wind induced upwelling processes are within the theoretically possible
range. Since winds are too weak along the coast of Angola in the model simulations,

upwelling favorable conditions are not met.

Average upwelling velocities computed from Ekman pumping dynamics shown in Fig-
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ure 4.5 B suggest large deviations between model simulations of HR and XR, in contrast
to the Ekman offshore transport dynamics in Figure 4.5 C. Whereas XR can reproduce
the coarse pattern of WSC dependent upwelling velocities along the Benguela upwelling
region with slight underestimations, HR largely overestimates the dynamics for the north-
ern and southern Benguela upwelling region. The large difference between both model
simulations requires further investigation of the consequences of the spatial representation
of the WSC in the model simulations.

4.3.2 Wind stress curl dependent upwelling

Ekman pumping dynamics are induced by spatial offshore wind variations. In the South
Atlantic, those dynamics are an important contribution to the coastal upwelling processes
south of 15°S along the eastern boundary and add to the strength of the Benguela up-
welling system. Ekman pumping dynamics are sensitive to the spatial representation of
near shore wind stress with implications for the underlying current system. The spatial
representation of meridional wind stress and related upwelling velocities computed from
the WSC are shown in Figure 4.6 for the eastern South Atlantic, to further investigate the
deficiency of simulating upwelling in HR in contrast to XR. The computed upwelling
velocities in Figure 4.6 E from QuickSCAT surface winds are in good agreement with
results by Risien and Chelton (2008) and Small et al. (2015). The general dynamics are
resolved by HR, ER, and XR, but show different intensities and spatial extent. Whereas
Ekman pumping dynamics are overestimated in HR and ER, XR can reproduce more
realistic values due to higher resolved near shore surface winds which becomes evident
in Figure 4.6 C. The improved representation of the near shore meridional wind stress
pattern with high detail of spatial wind variations and narrower zonal extent leads to
improved upwelling velocity computations. However, the representation of upwelling
velocities in XR is limited by the horizontal resolution of the ocean which results in lower

values for coastal time averages in Figure 4.5 B.

The meridional wind stress representation in HR and ER is very similar since the at-
mospheric resolution is equal. Thus, computed upwelling velocities yield a very similar
pattern as well, indicating enhanced upwelling velocities compared to the QuickSCAT
reference. The near shore meridional wind stress is rather broad in HR and ER in com-
parison to QuickSCAT and XR. As the core of the meridional wind stress is further away
from the coast and higher in magnitude in HR and ER, the WSC structure is zonally broad
which results in unrealistic intense Ekman pumping dynamics on a broad spatial scale.
This in turn would be expected to increase the coastal SST gradient, as more cold water
from below is expected to be upwelled along the coast. This is true for the region south of
the Liideritz cell at 27°S, where the coastal SST gradient of HR exceeds the OISST gradient.
However, north of 27°S the indicated Ekman pumping dynamics do not lead to cooler tem-

peratures at the coastal ocean surface in HR despite enhanced computed Ekman pumping
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Meridional wind stress and upwelling velocity
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Figure 4.6: Top: Mean state of eastern South Atlantic meridional wind stress [1999-2009]
of A) QuickSCAT, and MPI-ESM in resolutions of B) HR, C) XR, and D) ER
with shading in N/m?. Bottom: Corresponding Ekman upwelling velocity
of E) QuickSCAT, F) HR, G) XR, and H) ER with shading in cm/day, such as
positive (red) values indicate upward velocities towards the surface.

velocities. A possible explanation is enhanced southward intrusions of warm tropical
water into the Benguela upwelling region which suppress the upwelling signal in coast
SST. As described by Liibbecke et al. (2019) low wind anomalies along the coast of Angola
lead to enhanced southward intrusions of warm water affecting the position of the ABF
and SST in the northern Benguela upwelling region. The defective wind representation
along the coast of Angola is suspected to enable an enhanced southward intrusion of
warm water into the northern Benguela upwelling region which would lead to elevated
SST and explain the southward shifted SST gradient of Figure 4.5, showing a reduced
SST gradient between 17°S and 25°S despite the enhanced Ekman pumping dynamics
in HR. However, the surface winds off the coast of Angola are almost equally low in
HR and XR with only minor improvements in XR. However, the SST bias and upwelling
dynamics of the Benguela upwelling region are largely improved in XR. A significant

difference between XR and HR in the Benguela upwelling region is the spatial extent of
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coastal Ekman pumping which is related to the zonal structure of the WSC. The zonally
broad representation of the WSC in HR, linked to lower atmospheric resolution, creates
a defective representation of Ekman pumping which is too broad in zonal direction and
too intense. The differences in Ekman pumping intensities in combination with the SST
bias magnitude could indicate that the subsurface water which is being upwelled is too
warm. Additionally, the deficiencies in the representation of the WSC in HR may affect the
underlying current system. Small et al. (2015) linked a defective broad representation of
the WSC to a prevailing Sverdrup balance along the eastern boundary based on the theory
of Fennel et al. (2012) and Junker (2014) which leads to an oceanic southward transport
along the South Atlantic eastern boundary as far south as 30°S. This condition dominates
the model simulation if the distance of the offshore wind jet core from the coast exceeds
300 km (Junker, 2014), which is the case for HR but not for XR. This crucial difference
between model simulations would explain the large improvements in the representation
of the northern Benguela upwelling region in XR with a significantly decreased SST bias.
The mean state meridional wind stress in XR is still lower than observations but the spatial
structure provides very likely an improved representation of the downwind near surface
current towards the equator which diminishes the defective southward intrusion of warm

tropical water.

4.3.3 Seasonality of upwelling indices

The seasonal cycle of the coastal and equatorial SST gradient is displayed in Figure 4.7 (left)
along with the seasonal cycle of offshore Ekman transport along the eastern boundary of
the South Atlantic (right). The seasonality of the Benguela upwelling system with peaks
during boreal winter can be represented by HR and XR. Although, the displayed seasonal
variation of the coastal SST gradient is dominated by positive gradients in the ABA which
exceed observations. The southward shifted upwelling system in HR is associated with
anomalous strong warm intrusions from the north during January, February and March
associated with a shifted position of the ABF. A significant improvement can be seen for
XR, where wind and SST indices indicate a well simulated seasonal cycle. The reduced
southward shift of the Benguela upwelling system in XR is combined with less intense
but still elevated positive SST gradients in the ABA. Upwelling dynamics dominate south
of 18°S in XR but are still reduced in the northern Benguela upwelling region compared to

observations.

In contrast, the semi-seasonal cycle of upwelling north of 15°S, along the coast of Angola, is
not represented in both model simulations. As winds are not the only driver of upwelling,
upwelling seasonality is strongly modulated by equatorial Kelvin waves which transform
into CTWs traveling poleward along the eastern boundary. Ostrowski et al. (2009) shows
poleward traveling CTWs generate semi-seasonal downwelling in March and October

and upwelling in July and November which agrees with the OISST gradient seasonality.
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Seasonality of upwelling indices
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Figure 4.7: Seasonal cycle of upwelling indices [1999-2009]. Left: coastal SST gradient
along equatorial Atlantic and South Atlantic eastern boundary with shading in
°C for A) OISST, C) HR, and E) XR. Right: alongshore Ekman Transport along
the South Atlantic eastern boundary with shading in m?/s for B) QuickSCAT,
D) HR, and F) XR.

In addition, the offshore Ekman transport along Angola indicates a biased seasonality
of surface alongshore winds. Winds are much lower in the model simulations and also
seasonally shifted. Alongshore winds would usually peak during April/May, after the
downwelling season, and in November during upwelling season. The model simulations,
however, show alongshore winds that peak in June/July in HR and June and October

in XR. The biased seasonality is presumably a result of shifted SST gradients and wet
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precipitation biases along the coast of Angola related to the southward shifted position
of the ITCZ which is shown in Section 4.4.2. As explained by Liibbecke et al. (2019)
reduced winds intensify warm interannual anomalies by anomalous poleward advection
of warm surface water. Thus, the seasonally diminished winds in the Angola area and
ABA very likely add to the stronger warm intrusions into the northern Benguela up-
welling region. Local forcing mechanisms like alongshore winds act as a precondition for
remotely forced up and downwelling CTWs. Thus, even if CTWs are the main driver for
upwelling mechanisms along Angola, the lack of alongshore winds can increase seasonal
downwelling or impede seasonal upwelling which also affects the northern Benguela
upwelling region. With lower atmospheric resolution in HR, the southward intrusions are
significantly enhanced and are the cause for the southward displacement of the ABF with
implications for the associated SST bias in the northern Benguela upwelling region. The
seasonal presentation of the SST gradient and alongshore wind induced offshore Ekman
transport shows how the upwelling representation significantly improves for the northern
Benguela upwelling region due to a detailed wind representation since less warm water is
intruded from the north. However, the increased atmospheric resolution does not improve
the relevant dynamics along the coast of Angola, as the seasonality and magnitude of
alongshore winds north of 15°S is still impaired. Thus, the mean state SST bias can be
largely reduced in XR but still affects the eastern equatorial Atlantic and the region off the
coast of Angola, where coastal winds during boreal winter are reduced compared to the

observational reference.

Upwelling along the equatorial cold tongue region peaks during JJA. Equatorial up-
welling is a result of the amplification of trade winds due to the ITCZ shifting from the
equator to the Northern Hemisphere in JJA. The equatorial cold gradient in HR is slightly
delayed with a peak in July/August and shifted in space towards the west. The temporal
shift is a result of the southward shifted ITCZ in HR which delays the onset of amplified
trade winds. This is further discussed in Section 4.4. Due to the absence of wind in
the eastern equatorial area where SST is elevated, the trade wind amplification affects
equatorial areas further to the west and yields a shifted cold tongue during July/August
in HR. Cold SSTs remain in the west until November generating a zonal SST gradient in
the opposite direction as observed. In XR equatorial cooling of SST occurs in JJA between
10°W and 20°W as observed but with a less pronounced amplitude. The improvement
can be related to the reduced SST bias and less biased precipitation patterns. However, as
in HR, cooling in the west evolves from August to November, creating the second peak
between 30°W and 40°W as seen in the averaged SST gradient graph in Figure 4.5 A. This
is as well the result of amplified trade winds being shifted to the West.

The area affected by the SST bias shows general weak seasonal variability. In the model

simulations, low winds are combined with enhanced SST and suppressed upwelling
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dynamics. The importance of a detailed representation of momentum fluxes is highlighted
by the improvements achieved for the Benguela upwelling region, where the coastal wind
representation affects local upwelling dynamics and the eastern boundary current system.
The representation of the underlying current system with tropical warm subsurface in-
trusions southward along the eastern boundary is most likely the important contribution
to the SST bias problem and not the representation of upwelling dynamics by itself. The
remaining contribution to the SST warm bias along the coast of Angola appears not to
change with increased oceanic or atmospheric resolution since the spatial representation
of the WSC is of minor importance in this region. The seasonality of the upwelling dy-
namics shows how the combination of remote and local processes leads to anomalous SST
variations along the eastern boundary of the South Atlantic. It is of major interest to what
extent the lack of simulated upwelling favorable conditions affects the seasonality of other
atmospheric variables and the occurrence of interannual SST anomalies along with their

climatic response.

4.4 Consequences of the South Atlantic Sea Surface Temperature

bias

The atmospheric mean state biases shown in Section 4.1 can not be directly related to the
SST bias since other model components contribute to the biased mean state patterns as well.
Next to the climatic impact of the SST bias, the atmospheric model component exhibits
internal systematic biases as well. In order to estimate the atmospheric consequences
of the mean state SST bias, the AMIP simulation forced with realistic SST fields, which
contains only intrinsic atmospheric biases, is compared to the coupled model simulations.
The analysis shows the biases which already exist in the atmosphere-only simulation
and also the difference between both model simulations. The difference shows which
atmospheric biases are further increased or newly introduced along with the SST bias as a
result of the coupling between atmospheric and oceanic model components via various
feedback mechanisms. The difference between both model simulations can not show the
sole impact of the SST bias on the atmospheric simulation but can highlight common
features between biased patterns. To further outline the impact of elevated SST on the
atmospheric simulation the difference between the HR and XR simulations is displayed
as well. It shows the impact of the lower atmospheric resolution in HR along with the
larger SST bias on the atmospheric simulations. The influence on the components of the
atmospheric moisture budget is shown in this Section to investigate the underlying factors
which control the changes of precipitation patterns in the simulations. In addition to the
mean state biases, the annual feedback mechanisms of the tropical Atlantic and African
monsoon are examined, as the seasonal variations allow for a better allocation of related

biases between variables.
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4.4.1 Mean state atmospheric moisture budget

The biased interaction between ocean and atmosphere interfaces in coupled climate mod-
els affects the atmospheric moisture flux. Elevated SST may lead to thermodynamic
impacts as oceanic evaporation is expected to increase locally and result in increased
precipitation. Since SST gradients affect surface momentum fluxes, dynamic changes in
moisture flux transport are expected with altered SST patterns as well. Moisture fluxes
and convergence are evaluated for the South Atlantic and African region. Their intrinsic
atmospheric biases are displayed in Figure 4.8 A along with the difference between the
atmosphere-only and coupled model simulation of HR in Figure 4.8 B and the difference
between HR and XR in Figure 4.8 C, together with the changes in surface air temperature,
precipitation and surface latent heat flux. The biased atmospheric moisture flux and
moisture convergence are displayed to provide the connection between displayed surface
variables and precipitation patterns. In addition, estimates of the thermodynamic and
dynamic part of the biased moisture flux and convergence are displayed to facilitate the

retracing of bias impacts on precipitation patterns.

Before evaluating the possible impact of elevated SST, the biases of the AMIP simu-
lation are considered first. Surface winds in Figure 4.8 A.1 are accelerated in mid latitudes
and very weak in the tropics. Especially the meridional component of the surface winds is
severely reduced in the eastern tropical South and North Atlantic. The weakened winds
spatially coincide with diminished surface latent heat flux, due to the dependency of
oceanic evaporation on available heat and surface wind speed. The turbulent air move-
ment induced by surface winds removes water vapor from the adjacent atmospheric
boundary layer which in turn facilitates evaporation (Gimeno et al., 2013). The lack of
surface winds and evaporation along eastern boundaries can in turn lead to a warming
of surface oceans in a coupled model since less surface heat is removed from the ocean
surface via latent energy fluxes. The reduced winds along the eastern tropical Atlantic are
balanced by enhanced trade winds further south which indicates a general poleward shift
of global trade wind patterns. The dislocated trade winds result in a dynamically induced
poleward shift of tropical moisture convergence. The lack of equatorial winds creates
a nearly symmetric increase of moisture convergence north and south of the equatorial
Atlantic. This suggests, the double ITCZ problem in coupled models originates from a
biased surface wind representation already present in the atmospheric model component
which is supported by the findings of Xiang et al. (2017). In addition, a large part of the
tropical moisture is advected by the shifted trade winds towards the western tropical
Atlantic, leading to a wet precipitation bias along the tropical western boundary. Linked
to the different distribution of landmasses in the Northern and Southern Hemisphere
the wind bias over the eastern South Atlantic is more pronounced and results in a wet
precipitation bias south of the equator and a dry precipitation bias along the tropical North

Atlantic, affecting also the Guinea region of West Africa.
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Comparison of atmospheric and coupled model biases
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Figure 4.8: A) AMIP mean state biases (reference: GPCP/ERA-5), and AMIP subtracted
from B) HR and C) XR [1997-2014]. First row: surface air temperature (shading
in °C), precipitation (contour lines in 0.5 mm/day steps, omitting zero, +/- in
red/blue), surface wind (arrows in m/s). Second row: moisture convergence
(shading in mm/day), surface latent heat flux (contour lines in 5 W/m? steps,
omitting zero, +/- in red /blue), horizontal moisture flux (arrows in kg/ms).
Thermodynamic (third row) and dynamic (fourth row) components of moisture
flux (arrows in kg/ms) and convergence (shading in mm/day).
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The thermodynamic and dynamic parts of the changes in moisture flux and convergence,
shown in Figure 4.8 A.3 and A 4, clearly emphasize the dynamical origin of the double
convergence zone pattern. The reduced winds of the atmospheric simulation in the eastern
tropical North and South Atlantic reduce the moisture transport towards the equator and
lead to the early convergence of moisture south of the equator. The thermodynamic effect
is comparatively very low and limited to a slightly increased amount of moisture being
available over the western tropical Atlantic, where surface air temperature is slightly
elevated. The excess moisture is transported by the trade winds toward South America.
In addition, the cold and moist bias over land areas along the coast of Angola, which
was already evident in the HR mean state biases, clearly originates from the atmospheric
submodel and increased thermodynamic moisture convergence over African land areas
north of the Gulf of Guinea.

Next to the intrinsic atmospheric biases, the difference between HR and AMIP is dis-
played in Figure 4.8 B.1 to B.4 along with the difference between HR and XR in C.1 to C.4.
The latter serves as a reference to improvements of the atmospheric representation linked
to a smaller mean state SST bias compared to HR. The SST bias in HR is accompanied
by a strong westerly wind bias along the equator and western tropical Atlantic, evident
in Figure 4.8 B.1. Wet precipitation biases follow the enhanced SST patterns resulting in
high excess precipitation south of the equator. The enhanced SST pattern is additionally
accompanied by enhanced latent heat flux, resulting in low oceanic evaporation in the
western equatorial Atlantic and high evaporation in the east. The reduced trade winds
along the equatorial South Atlantic are in all likelihood related to the zonally affected SST
gradient and enhance in turn the poleward shifted moisture convergence in the South At-
lantic. The altered SST gradients may be related to the dislocation of convective processes
since convection occurs where temperature reaches a regional maximum. However, the
thermodynamic impact of the SST bias is comparatively low. Evaporation is definitely
enhanced over regions of elevated SST and Figure 4.8 B.3 shows an increase in moisture
flux south of the equator. The moisture is advected by trade winds towards the equator
and leads to a slight increase of moisture convergence just northeast and southwest of the
equator and over the western Atlantic ocean. But this effect is very low in comparison to
the dynamical contribution linked to the shifted SST gradients which becomes evident
in Figure 4.8 B.4. The dynamical impact on moisture flux via elevated SST can explain a
large part of the changed precipitation pattern since the shifted SST gradients slow down
the zonal surface winds along the equator and the western tropical Atlantic. The reduced
winds prevent the transport of moisture further to the north and result in an intensified
convergence zone south of the equator. The African continent is affected by the divergent
moisture flux north of the equator. Between 10°N and 15°N along the African Sahel region,
the surface air is too hot and too dry, as evaporation and precipitation is decreased and

less moisture converges in this area due to the dynamical change.
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As the SST bias in XR is significantly reduced, the climatic impact is reduced as well.
The patterns of changed atmospheric variables in XR are very similar to the patterns of
HR but with a reduced magnitude. This supports the before described impacts of the
SST bias. Figure 4.8 C.1. shows the part of the SST bias which is more elevated in HR,
since mean states of XR are subtracted from mean states of HR. The improved upwelling
representation of the northern Benguela upwelling region with a reduced southward
advection of warm waters into the upwelling region leads to a large reduction of the SST
bias in the ABA region, where the bias was most elevated, but also reduces a portion
of the SST bias in the eastern tropical South Atlantic. In consequence with the southern
part of the SST bias being largely reduced with higher atmospheric resolution, the biased
precipitation response reduces as well. The southern extension of the precipitation bias
decreases and the dipole characteristic of the precipitation difference along the Guinea
region suggest that the southward shift of the precipitation pattern is less severe in XR.
This is a result of the reduction of the zonal and meridional equatorial wind bias due to a
less elevated SST gradient. In comparison to HR, a significant difference is present in XR.
The trade winds in the higher tropical latitudes and mid latitudes are significantly reduced
in comparison to HR, especially at the Northern Hemisphere, where surface temperatures
are elevated in XR. Hence, moisture transport reduces as well yielding an increase of
convergence in the mid latitudes and increased precipitation along the South Atlantic coast
of South America. However, the ITCZ remains shifted to the south but with a reduced
magnitude of excess precipitation. Precipitation increases in the XR simulation in the
Guinea region, indicating a slight northward shift of the biased precipitation pattern. The
comparison between the patterns of different model simulations allows for the assumption
that the SST bias in HR and XR severely affects the surface momentum fluxes which in
turn enhances the poleward shifted ITCZ in the Southern Atlantic in comparison to the
AMIP simulation. The shifted convergence zone leads to changes in African precipitation

patterns which will be further analyzed on seasonal scales in the following.

4.4.2 Seasonal Sea Surface Temperature bias implications

Next to the mean state climatic response to elevated SST in the South Atlantic, the seasonal
interactions between SST and atmospheric variables can give further insight into biased
feedback mechanisms and impacts on the representation of the African monsoon. Fig-
ure 4.9 A shows the standard deviation of the seasonal cycle of SST in the South Atlantic
by observational OISST, indicating the average amplitudes of the seasonal variations.
Seasonal amplitudes of SST in HR and XR relative to OISST are shown in Figure 4.9 B and
C. The ratio between simulated and observed standard deviations displays smaller/larger
seasonal amplitudes for values less/greater than one in blue/orange. The upwelling
analysis already showed that seasonal variations are reduced in the eastern equatorial
region and along the coast of Angola. Additionally, Figure 4.9 B and C confirms, that the

seasonal amplitude of SST variations is reduced in the eastern South Atlantic, which is
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Standard deviation of seasonal SST variation
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Figure 4.9: Standard deviation of SST [1982-2014] showing averaged amplitudes of the
seasonal cycle for A) OISST with shading in °C. Corresponding standard devi-
ations of B) HR and C) XR normalized by the standard deviation of OISST as a
reference, such as dimensionless values larger/lower one indicate elevated/at-
tenuated seasonal amplitudes respectively.

improved with a reduced SST bias in XR. The biased HR SST and less biased XR SST show
similar patterns of defective seasonal amplitudes. In contrast to the reduced seasonal
variation in the eastern tropical South Atlantic, coastal variability near 20°S is enhanced
in the models. This is a result of the enhanced southward intrusions along the eastern
boundary which affect seasonal SST variations in the northern Benguela upwelling region.
The large meridional dipole in the western tropical South Atlantic indicates a general
southward shifted pattern related to the displacement of the ITCZ. The relocated intensity
of seasonal SST variations suggests a disturbance in the seasonality of the equatorial feed-
back mechanisms. The impacts of the shifted patterns on the atmospheric representation

and possible reinforcing mechanisms are analyzed in the following.

Seasonal feedback mechanisms

The seasonal cycle of biased SST in combination with biased surface winds and precip-
itation along the equatorial Atlantic and the eastern boundary of the South Atlantic is
displayed in Figure 4.10 and shows how those variables interact and reinforce each other
on a seasonal average. SST, precipitation and surface winds, are seasonally averaged along
the equator between 2°N and 2°S and along the eastern boundary of the South Atlantic
between the coast and 3° zonally offshore. To explain the intrinsic atmospheric biases
of the AMIP simulation in terms of seasonal variations in the South Atlantic (shown in
Figure 4.10 A), global seasonal biases were evaluated as well but are not displayed here.
The global seasonality of biased variables in AMIP suggests a strong linkage between
seasonal deviations of surface air temperature and surface wind speed with peaks in
boreal spring and fall. The global interhemispheric temperature gradient is meridionally
shifted due to biased amplitudes of the seasonal cycle. Seasonal biases are especially
severe for surface air temperature over land areas. Cooler temperatures over land in the

Southern Hemisphere/Northern Hemisphere during boreal spring/fall lead to lower sea
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level pressure over extratropical oceans and weakened trade winds. The seasonal biases
of trade winds severely reduce winds over tropical eastern ocean basins, leading to a
meridionally shifted trade wind pattern. This relation is supported by the study of Zhou
and Xie (2017), who showed the linkage between biased land surface air temperatures and
surface wind and precipitation shifts. As land areas are more extended in the Northern
Hemisphere, the resulting biases are more severe over the ocean basins of the Southern
Hemisphere. The AMIP biases displayed in Figure 4.10 A show reduced meridional
winds along the equator and the eastern tropical South Atlantic during boreal fall and
winter. The reduction of equatorial winds affects the moisture flux as already shown in
Figure 4.8 A.2. The southward shifted moisture convergence zone south of the equator
due to low meridional winds results in excess precipitation south of the equator. Since
the wind is more reduced in the eastern tropical Atlantic moisture transport is enhanced
toward the western tropical Atlantic, resulting in a wet precipitation bias. With the ITCZ
moving north in MAM a severe westerly wind bias evolves along the equator with a wet

precipitation bias along the equatorial cold tongue.

The seasonal presentation of intrinsic atmospheric biases allows the comprehension of
the biased seasonality in the coupled model simulation. Elevated SST in HR is most
pronounced in the ABA from boreal fall to spring, while meridional winds in AMIP are
reduced along the coast of Angola. Just north of elevated SST precipitation is elevated
as well. The seasonality of the SST bias is as well synchronized with the annual cycle of
SST and likely related to seasonal southward intrusions of warm tropical water which
is transported poleward along the eastern boundary. The remotely forced CTWs induce
SST variations, that are locally affected by the low meridional winds along the coast of
Angola. In combination with the defective undercurrent simulations related to the WSC,

this yields an enhanced intrusion of warm tropical water further to the south and into

Seasonality of SST/precipitation/surface wind biases (equator and eastern boundary)
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Figure 4.10: Biased seasonality along the equatorial Atlantic and South Atlantic
eastern boundary [1999-2009]. A) AMIP biases (reference: OISST/G-
PCP/QuickSCAT), and AMIP subtracted from B) HR, and C) XR, showing SST
(shading, in °C), precipitation (contour lines in steps of 1 mm/day, omitting
the zero line, +/- in red /blue) and surface wind vectors (arrows in m/s).
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the Benguela upwelling region. The pronounced seasonality of the SST bias allows for
drawing conclusions about affected wind and precipitation patterns. In HR the SST bias
is strongest in the ABA during boreal spring when SST reaches its seasonal maximum.
With seasonally decreasing SST during boreal summer and the vanishing meridional
wind bias in AMIP, the SST bias moves north, and peaks during June/July along the
eastern equatorial area. Excess precipitation follows strongly the SST bias maximum. The
reduction during boreal summer along the coast of Angola allows meridional winds to
pick up from June to October. Precipitation deficits are located in the western equatorial

region, where SST is negatively biased.

As the SST bias in the coupled model simulation is characterized by elevated surface
temperatures south of the Atlantic equator, this intensifies the poleward shifted tropical
moisture convergence of the AMIP simulation, since convection occurs where SST reaches
its regional maximum and warm SST slows down surface winds. Usually, the ITCZ
moves north of the equator from June to August following the seasonality of surface
temperatures linked to solar irradiation. As a result, trade winds pick up along the equator
in the absence of the convergence zone and convective precipitation. Moisture is then
transported to the Northern Hemisphere via deflected winds due to the sign shift of the
Coriolis force across hemispheres and initiates the West African Monsoon rainfall. The
accelerated trade winds then excite upwelling along the equatorial cold tongue. Due to
the southward shifted ITCZ in the coupled model simulation, this process is delayed.
Since the ITCZ is still located at the equator from May to July the onset of trade winds is
delayed and results in a severe westerly wind bias during JJA along the equator. The wind
bias delays the uptake of upwelling and reduces the intensity of this process which in turn
causes SST to exceed observations in the eastern equatorial region. Warm temperatures in
the east reduce zonal winds as the zonal temperature gradient is reduced and shifted to
the west. Consequentially the cold tongue region is shifted to the west as well, resulting
in a negative SST bias emerging in the west from June to November. The equatorial SST
gradient which usually results from the cold tongue in the east is now reversed and further
reduces zonal winds along the equator. In the east, the interaction between wind and SST
enhances the SST bias. Warm SST reduces wind and low wind in turn reduces turbulent
mixing. The consequence of the reduced winds is an increased thermocline thickness in
the east. A thicker thermocline would hinder fresh water from being upwelled from below
to reach the surface and would reinforce the SST bias. This relation is supported by the
study of Richter and Tokinaga (2020).

The seasonality in XR shows the same biased interaction between SST, precipitation,
and wind, but with less intensity due to a lower SST bias. Figure 4.10 C shows the differ-
ence between HR and XR simulations, highlighting the consequences of a more elevated

SST bias in HR. It shows how a significant part of the equatorial wet precipitation bias from
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May to July is removed with the reduction of the SST bias, as well as the most southern
wet precipitation bias in FMA. Additionally, it shows how new equatorial precipitation
and meridional wind biases are introduced with the warming of the tropics in XR during
boreal winter. The westerly wind bias along the equator persists in the XR simulation but

is moderately reduced as the zonal SST gradient is less elevated from May to October.

In general, further reinforcement of the SST bias can presumably result from dimin-
ished low stratocumulus formation. Naturally low clouds form above upwelling regions
since cold surface water produces cold moist air being trapped below the warm and dry
tropospheric air layer which excites cloud formation. Clouds reduce solar irradiance and
thus, would reduce further heating (Richter, 2015). Furthermore, the seasonal maximum
of the SST bias in the ABA coincides with the seasonality of downwelling EKWs/CTWs
remotely excited at the equator. The study of Goubanova et al. (2019) shows, that ap-
proximately half of the elevated SST in the ABA from March to May is associated with
downwelling CTWs advecting warm water too far south due to the biased mean state
of the ocean. It becomes obvious that many different processes interact and reinforce
each other within the seasonal cycle. This leads to temporal shifts in seasonality and
altered spatial patterns of several quantities involved in the climate system. Identifying a
single source of the bias problem appears unlikely, instead, a deeper understanding of
the various underlying dynamics is imperative to adjust their representation in climate

models.

West African monsoon

During the West African Monsoon season (June to September, JJAS) the ITCZ is located
north of the equator, with moist southwesterly winds from the equatorial Atlantic region
converging with dry northeasterly winds from the Sahara. The variability of the monsoon
is majorly induced by the intensity of the Atlantic cold tongue and the Saharan Heat low.
Variations of the monsoon substantially affect the regional population, especially in the
Sahel area, since agriculture and food resources are highly dependent on the monsoon
rainfall (Niang et al., 2020).

To depict the seasonality of the African monsoon the involved atmospheric variables
are averaged along latitudes between 40°S and 20°E. The biases of seasonally stratified
averages are shown in Figure 4.11. The deviations of monsoon dynamics of the atmo-
spheric model component simulated by AMIP from the observational reference are shown
in Figure 4.11 A.1 to A.4. In AMIP simulated Monsoon dynamics are affected by elevated
surface air temperatures of African land areas in the Northern Hemisphere, coinciding
with reduced equatorward winds in boreal spring. Along with the meridional wind
bias of the Southern Hemisphere during boreal winter, this results in a double ITCZ like
convergence intensification north and south of the observed position of the ITCZ
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African monsoon deviations in atmospheric and coupled models
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Figure 4.11: Biased African monsoon seasonality in averages between 40°W and 20°E
along latitudes [1980-2014]. A) AMIP biases (reference: GPCP/ERA-5), and
AMIP subtracted from B) HR and C) XR. First row: air temperature (shading
in °C), precipitation (contour lines in 0.5 mm/day steps, omitting the zero
line, +/- in red/blue), and wind (arrows in m/s). Second row: moisture
convergence (shading in mm/day), latent heat flux (contour lines in 5 W/m?
steps, omitting the zero line, +/- in red /blue), horizontal moisture flux (arrows
in kg/ms). Thermodynamic (third row) and dynamic (fourth row) component
of moisture flux and convergence.
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dependent on the season. This creates excess precipitation further to the south from
October to June and excess precipitation further to the north during monsoon season,
mostly affecting the West African Sahel region. The biases are mainly caused by dynamic
effects. Thermodynamic changes due to increased evaporation only slightly affect the
Sahel region during monsoon season and the tropical North Atlantic during boreal win-
ter. It becomes obvious that the westerly wind bias in MAM is linked to the maximum
of excess precipitation along the tropical South Atlantic, suggesting that the reduced
winds in the eastern tropical Atlantic cause the seasonally poleward shifted precipitation
pattern which in turn causes a reduction of western equatorial zonal winds to decrease
when the ITCZ reaches its climatological most southern position. The reduced equatorial

precipitation along the equator in boreal winter is combined with increased easterly winds.

Figure 4.11 B.1-B.4 shows the monsoon dynamics in HR subtracted by the AMIP simula-
tion. The difference results from the coupled feedback between oceanic and atmospheric
submodels with biases in both components. It shows, that the representation of the West
African monsoon in HR is biased by an intensification of the southward shifted part of the
ITCZ but extended throughout the year, coinciding with elevated surface temperatures
and westerly wind biases in the equatorial and South Atlantic. Surface temperatures are
cooler on average in the Northern Hemisphere and elevated in the Southern Hemisphere
than in AMIP which would theoretically lead to a northward energy transport that needs
to be balanced by a southward shift of tropical precipitation Zhou and Xie (2017). As a
consequence, monsoon rainfall along West Africa in JJAS is shifted southward and leaves
the Guinea and Sahel area too hot and dry with reduced convergent moisture flux. The
intensification is majorly related to dynamic changes since the magnitude of tropical
South Atlantic trade winds is significantly reduced. Enhanced evaporation related to the
increased surface temperature in the tropical South Atlantic thermodynamically increases
the available moisture in the atmosphere which is then advected with the trade winds but
slowed down by the wind bias in opposite direction. During JJAS the surface winds are
elevated north and south of the usual position of the ITCZ but directed too far west and
east on the Northern and Southern Hemisphere respectively. Thus, most of the moisture
is not transported into the Sahel region, but past it, creating a strong negative convergence

bias over the Sahel region.

The thermodynamic impact, shown Figure 4.11 B.3, due to elevated surface tempera-
tures of the Southern Hemisphere is low but contributes to the strengthening of the
southward shifted convergence zone. The Sahel region during monsoon season is thermo-
dynamically affected due to the decrease in precipitation. It leads to decreased evaporation
rates, combined with increased surface temperatures, creating a local thermodynamically
induced reduction of moisture convergence. However, the dynamic changes linked to the

SST bias dominate the atmospheric moisture pattern. Monsoon rainfall in the Sahel area is
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significantly underestimated in the model simulation, due to the diminished transport
of moisture toward this region. Negative surface wind biases over the South Atlantic
and equatorial area coincide with the location of wet precipitation biases and positive
convergence biases. With enhanced SST the location and intensity of the meridional
surface temperature gradient changes which is naturally induced by seasonal variations
of solar irradiation. Elevated SST south of the equator shifts the meridional gradient
further to the south with implications for surface winds. Southeasterly surface winds of
the Southern Hemisphere which approach the equator, slow down early and transport less
moisture towards the north. The slowdown of winds generates a dislocation of moisture
convergence further to the south, where the SST bias reaches its maximum. The result can
be seen as a broader than usual convergence zone in meridional direction, where moisture

is redistributed from the center, especially to the southern edge.

The difference between HR and XR is shown in Figure 4.11 C.1-C.4. With higher resolution
of the atmospheric component, the bias of the interhemispheric surface temperature gradi-
ent can be reduced, as the tropical North Atlantic temperature rises and the SST bias in
the tropical South Atlantic is reduced. The biased wind and precipitation patterns are still
similar to the patterns in HR but the biases are significantly reduced in XR. The southward
shift of the ITCZ is reduced with a reduced westerly wind bias. The relation between
elevated SST and enhanced latent heat flux becomes evident for the South Atlantic which
enhances divergent moisture flux towards the equator. The intensity of equatorward trade

winds is however reduced in XR.

In summary, the SST bias arises together with large atmospheric biases and severely
biased seasonal feedback mechanisms, affecting precipitation of the Sahel region. Intrinsic
atmospheric biases are further intensified with the coupling of the oceanic submodel. The
coupling also adds oceanic biases which in turn affect oceanic and atmospheric feedback
mechanisms. The SST bias is related to a southward intensification of the ITCZ and
divergent moisture flux further north. This results in the Sahel area being simulated as
too hot and too dry with very little precipitation reaching this area on average. Zonal
winds are largely reduced due to seasonal interaction with elevated SST. This dependency
between both variables reinforces each other’s deviations from observations. The atmo-
spheric moisture budget is mostly affected by altered dynamics. The biased transport

of moisture results in shifted precipitation patterns which reinforce the reduction of winds.

This Chapter shows how model resolution affects the performance of climate variables and
the representation of the eastern boundary SST bias. An increased oceanic resolution can
improve general performance metrics but the eastern boundary SST bias in the northern
Benguela upwelling region results from the lack of a detailed surface wind representa-

tion along eastern boundaries which can only be provided by an increased atmospheric
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resolution. The improved WSC representation with increased atmospheric resolution
affects the underlying current system and prevents an enhanced southward intrusion of
warm tropical water along the eastern boundary, which in turn reduces the SST bias. The
remaining SST bias is related to the defective surface wind representation over eastern
tropical ocean basins. The elevated SST in turn leads to an equatorial westerly wind bias
and a severe intensification of the southward shifted ITCZ. The shifted pattern affects
annual monsoon rainfall over West Africa, leaving the Sahel region too hot and dry. With
a reduced SST bias in the Benguela upwelling region, the impact on African precipitation

moderately decreases but the disturbed precipitation pattern remains affected.
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5 Interannual Sea Surface Temperature
variability

The characteristics of interannual SST anomalies in the South Atlantic are examined in
this Chapter in order to determine their atmospheric response and their relation to the
mean state SST bias. The dominant interannual SST modes and characteristic periods are
investigated and compared to their representation in the model simulations in Section 5.1.
The AZM and Benguela Nifios/Nifias dominate the SST variability on interannual time
scales in the South Atlantic. The evolution of these anomalies is analyzed in time and space
together with their climatic response in Section 5.2 to understand the related dynamics and
implications for climate variability. The influence of the biased SST pattern on the climatic
response is thereby of major interest. Composites of warm AZM events are analyzed in the
context of increased resolution of the atmospheric model component to determine whether
the climatic response improves with a reduced SST bias in the Benguela upwelling area as
in the XR simulation. In addition, a comparison of composites of realistic warm Benguela
Nifo events simulated by the AMIP model and the sensitivity experiment of HR GECCO3,
which retains the biased SST mean state, shows how the SST bias influences precipitation
patterns. In order to analyze the impact on precipitation variability, the corresponding
anomalies within the atmospheric moisture budget provide information about the impact

of SST variations on atmospheric momentum and moisture fluxes.

5.1 Dominant modes of South Atlantic Sea Surface Temperature

Along with the biased South Atlantic mean state SST the representation of SST variability
is affected in model simulations. Amplitudes of SST variations are reduced where mean
state SST values are erroneously elevated. This affects not only the amplitude of the
annual cycle but interannual SST anomalies as well. Figure 5.1 A shows the standard
deviation of observational interannual SST in the South Atlantic and a comparison to
modeled SST variations in HR and XR in Figure 5.1 B and C respectively. Interannual SST
variability of the South Atlantic is dominated by the AZM and Benguela Nifios/Nifias
which affect the tropical part of the eastern boundary. Amplitudes are highest along
the coast of West Africa between the equator and 22°S. The maximum amplitude of the
interannual variations is located in the ABA, where Benguela Nifios create SST anomalies
deviating from the seasonal mean of about 2°C on average. SST variability is high along

the coast of Angola as well and affects the eastern equatorial region, including the cold
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Standard deviation of interannual SST anomalies
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Figure 5.1: Standard deviation of interannual SST anomalies [1982-2014] for A) OISST with
shading in °C. Corresponding standard deviation of interannual SST variations
for B) HR and C) XR divided by the standard deviation of OISST as a reference,
such as dimensionless values larger /lower one indicate elevated /attenuated
amplitudes respectively.

tongue region. This region is affected by variations via the AZM which produces SST
anomalies of approximately 1°C on average. The ratio between standard deviations of
SST simulated by HR and of the OISST product in Figure 5.1 B shows diminished inter-
annual SST variability, where it should be most pronounced. The enhanced amplitudes
along the Benguela upwelling region show, that interannual SST anomalies reach into
regions further to the south than usual. The amplitude is most reduced along the coast
of Angola, where a thicker thermocline related to elevated SST may dampen interannual
anomalies linked to the AZM. As the SST bias decreases in XR, amplitudes of interannual
SST variability appear to be less affected but still show a similar pattern. The characteristic
occurrence of SST anomalies in time and space is determined in the next step, in order

to create expressive composites of the anomalies and investigate the atmospheric response.

Since interannual SST variability of the tropical South Atlantic dominates the equato-
rial and eastern part of the basin, SST variability along the equator and along the eastern
boundary of the South Atlantic is displayed in more detail in Figure 5.2. The left column
shows the seasonal stratified standard deviation of interannual SST anomalies (averaged
between 2°N and 2°S along the equator and between the coast of the eastern boundary
and 3° to the west) for OISST and model simulations of HR and XR. The right column
shows the corresponding periodicity of those anomalies. The standard deviation shows a
strong seasonal modulation of interannual anomalies, such as the SST anomalies increase
or decrease the seasonal maximum of SST. Largest observational SST anomalies as shown
in Figure 5.2 A occur between 13°S and 20°S during FMA. These anomalies are associated
with Bengula Nifios which modulate the seasonal maximum of SST in the ABA during
FMA when the ABF reaches its climatological southernmost position (Liibbecke et al.,
2019) and the thermocline outcrops to the surface in the ABA (Florenchie et al., 2004). The
intensity of the event peak is modulated by local atmospheric forcing and by the timing

of the passage of intraseasonal CTWs which cause a displacement of the thermocline
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Interannual SST variability (equator and eastern boundary):
seasonal standard deviation and periodicity
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Figure 5.2: Left: Seasonally stratified standard deviation of interannual SST anomalies
along the equatorial Atlantic and the South Atlantic eastern boundary with
shading in °C, for A) OISST, C) HR, and E) XR. Right: Corresponding global
wavelet spectrum showing dominant periods of SST variations (in years) in-
dicated by power in °C? for B) OISST, D) HR, and F) XR. Significant periodic
power on the 95% confidence level outlined by thick gray line.

(Imbol Koungue and Brandt, 2021). Along the Benguela upwelling region anomalies are
comparatively low and peak around March which also coincides with the climatological

maximum of upwelling intensity. SST along the coast of Angola is affected by anomalies
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that modulate its semiseasonal cycle, highlighting the linkage between interannual SST
anomalies and the intensity of downwelling and upwelling CTWs. Most pronounced
anomalies along the coast of Angola also affect the equatorial cold tongue region. Those
anomalies during May /June stretch along the eastern boundary from 18°S to the equator
and eastern equatorial area (0°-20°W) with a peak during June/July. These anomalies are
associated with the AZM which are mostly seasonally linked to boreal summer when the
thermocline is shallowest along the coast of Angola (Keenlyside and Latif, 2007). Illig
et al. (2020) showed that SST anomalies in the ABA precede AZM events in the eastern
tropical Atlantic due to the influence of local wind forcing linked to the weakened South
Atlantic Anticyclone which initiates local and remote forcing. They highlight the strong
relationship between the AZM and Benguela Nifios/Nifias as both phenomenons are
forced by EKWs and subsequent CTWs in overlapping regions and seasons, stating it is

debated whether they should be viewed as one mode of SST variability.

Figure 5.2 B shows the dominant periods of observational SST variations for the same
regions as in Figure 5.2 A which allows the association of characteristic periods to the
interannual SST variations. It highlights the strong variability of the ABA, between 10°S
and 20°S, varying on various interannual periods. This suggests different types of dynam-
ics that affect SST in this region on interannual scales. Periods along the coast of Angola
coincide with periods along the equatorial Atlantic which allows linking the AZM to a
periodicity of 3-4 years. The strongest signal is found in the ABA at periods of 5-6 years
which reach into the northern Benguela upwelling region. Those periods substantially dif-
fer from those of the equator and thus can be linked to Benguela Nifio/Nifia events which
predominantly affect the SST in the ABA and are characterized by southward intrusions
into the Benguela upwelling region. The closely related periodic display of these two
processes emphasizes the assumption that both types of anomalies could be variations of
related dynamics dependent on the seasonal timing and intensity of initiation. Periods re-
lated to Benguela Nifios/Nifias are associated with longer periods as these extreme events
are sensitive to local forcing conditions (Liibbecke et al., 2019) and not all SST anomalies
evolve into a full Benguela Nifio/Nifia extreme events. The extreme events which intrude
far into the Benguela upwelling region are rarer and thus periods increase toward higher
latitudes. The higher frequent variations with periods of 2 to 3 years affect the ABA and
also the central equatorial region and may be associated with the quasi-biennial oscillation
of the South Atlantic Anticyclone which induces local SST anomalies in the ABA and
the equatorial region (Richter et al., 2010). Only in rare occasions these anomalies are
intensified in combination with other forcing mechanisms and evolve into an extreme
event. The lower frequent variations along the equator and the coast of Angola with
periods around 11 years, could be linked to SST variations induced by the AMM since
SST variations along the coast of Angola are involved but the 11 year periods are only

significant along most of the equatorial Atlantic.




5.2 Atmospheric Response to interannual Sea Surface Temperature events 65

Figure 5.2 C shows, that dominant interannual SST anomalies in the HR simulation are
displaced further to the south. The maximum variability between 15°S and 22°S is not only
shifted towards the south but is also shifted in season with peaks around April at 20°S
and around June/July further north. Thus, variability is seasonally delayed by 1-3 months
in the model simulation. The semi seasonal occurrence of interannual anomalies along the
coast of Angola is not present in the model with an obvious general lack of variability in
the Angola area. Additionally, variability during June/July at the equator between 10°W
and 30°W is enhanced and shifted to the west. SST varies with periods around 5 and 7
years along the equator and the eastern boundary between 10°S and 30°S. The seasonality
and periodicity of these SST anomalies give the impression of being related to a mix of
processes between AZM and Benguela Nifios/Nifias. Most likely the process of AZM
anomalies is disturbed by the defective representation of Benguela upwelling dynamics
and the associated WSC which results in an unimpeded southward transport of anomalies
and leaves the Angola region mostly unaffected due to an increased thermocline thickness
associated with the elevated SST and low surface winds. In general, periods in the HR

simulation are longer than observed.

Interannual SST variability in XR is less seasonally pronounced but occurs during similar
seasons at similar locations as in HR. However, the periodicity is very different from
the HR simulation. The equatorial region and the ABA are both majorly affected by SST
anomalies with three different periods as in the observations but with shifted frequen-
cies. AZM related processes occur with shorter periods of approximately 3 years which
is somewhat higher frequent than the observations and is also less pronounced along
the coast of Angola. Periods of 5-6 years are associated with SST anomalies along the
Benguela upwelling region. The periods of the low frequent SST anomalies dominating
the equatorial region are longer than the observational periods. The higher atmospheric
resolution in XR significantly affects the representation of interannual SST variability. The
improved WSC representation results in less defective southward intrusions associated
with interannual SST variations. However, interannual variations in the Angola area
remain largely biased. Since SST variations in the model simulations diverge from ob-
servations in terms of seasonal occurrence, length of periods, and also location wise, the

climatic response to the SST modes is expected to be affected as well.

5.2 Atmospheric Response to interannual Sea Surface

Temperature events

The AZM and Benguela Nifio/Nifia events dominant SST variability on interannual time
scales in the South Atlantic and are examined in this Section. The spatial and temporal
extent of the SST anomalies is analyzed along with the related atmospheric response, in

terms of anomalous horizontal momentum and moisture fluxes which create precipitation
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anomalies. AZM events have a severe impact on the variability of the West African
monsoon and Benguela Nifios/Nifias strongly affect Southwest African precipitation.
Since African precipitation variability is controlled to a considerable extent by SST modes,
the predictability of SST modes forced by wind fluctuations would add to the predictability
of precipitation patterns. The analysis of the simulated teleconnection between the SST
modes and African precipitation is meant to highlight the discrepancies of reproduced SST
dependent precipitation variability arising with the SST bias. First, a composite of AZM
anomalies dependent on trade wind relaxations is examined in Section 5.2.1 for HR and
XR. It is followed by a composite analysis of realistic Benguela Nifios events represented
in AMIP and HR GECCQO3 in Section 5.2.2 to highlight the influence of the mean state SST

bias on the climatic response to SST anomalies.

5.2.1 Atlantic Zonal Mode

Interannual warm SST anomalies related to the AZM are associated with surface wind
relaxations over the tropical South Atlantic ocean basin. The relation is shown in Figure 5.3,
where interannual anomalies of the upwelling index computed from upwelling favorable
alongshore winds along the coast of Angola (7°5-18°S) during FMA are correlated to
seasonally stratified interannual SST anomalies. A 3-month-running mean was applied
to the anomaly time series to account for small seaso<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>