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Chapter 1

Introduction

How will the weather be over the weekend? Well this is an easy question, because the
processes that determine the short time (a few days) weather fluctuations are relatively well
understood. And how about the next summer or next winter in Germany or how is climate

changing over the next few decades to centuries?

Understanding the causes of natural climate variability is one of the main goals of climate
research. The increased C'O, concentration in the atmosphere due to the human activities
will enhance the greenhouse effect of the atmosphere which will therefore change the global
climate in the future. In order to predict how the climate will change in the future, the
knowledge of the natural climate variability is fundamental. In addition to being interested
in anthropogenic climate change, society in general is interested in predictions of climate

variability on the time scales of seasons to decades.

Climate variability exists on all time scales, ranging from time scales as short as seasons
and ending on the time scales of the age of the earth. In this context the climate system is
defined to consist of the entire atmosphere, the ocean, the cycrosphere, the solid earth, and
the biosphere without human technology. The sources of climate variability can therefore be
attributed to external forcing and internal variability. Climate variability, which is generated
within the climate subsystems, is internal variability, whereas climate variability driven by
external forcing, such as solar variability, volcanoes and human activities, is considered as

externally forced climate variability.

In this thesis I shall focus on the internal climate variability from seasonal to decadal time
scales. In this time window the interactions between the upper ocean and the atmosphere
is one of the main sources of climate variability and it will therefore be the main subject of

this thesis.
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Figure 1.1: The spectral distribution of the monthly mean observed SST in the north Pacific.
In comparison to the spectra of the SST the spectral distribution of a fitted AR-1 process
(thick solid line) and the 95% confidence limited to the fitted AR-1 process (thin dashed

line) are shown.
1.1 The Null hypothesis of internal climate variability

The stochastic climate model introduced by Hasselmann (1976) attempts to explain the
natural climate variability by ocean-atmosphere interactions by dividing the climate system
into a fast and a slow system. In this model the atmosphere is the fast system, where
fluctuations can be regarded as random noise on the time scale of months and longer. The
variability of the ocean, which is regarded as the slow component of the climate system, is
explained by the integration of the atmospheric noise. In this picture the ocean is just a
passive part of the climate system, which only amplifies the long term climate variability,
due to its large heat capacity. Internal processes of the ocean are not considered.

The resulting stochastic model of the sea surface temperature (SST) variability is de-
scribed by an auto-regressive process of the first order (AR(1)-process), which is the simplest
statistical model that can be applied to a stationary process. The stochastic climate model
introduced by Hasselmann is therefore often chosen as the Null hypothesis of SST variability.
The spectral distribution of an AR(1)-process is defined by the standard deviation o and

the lag-1 correlation a of the SST time series:

0.2

= 1.1
(1 —a)?+ w? (11)
In Figure 1.1 the spectrum of the SST in the North Pacific and the fitted AR-1 process

C(w)
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according to equation 1.1 are shown. It can clearly be seen that the spectrum of the SST
is basically following that of the AR-1 process. The most prominent feature of the SST
spectrum is the increase of the spectral variance for longer time periods. This is often
refereed as the ’redness of the SST spectrum.

If the internal climate variability, is just an AR-1 process, then the predictability of
natural climate variability is very limited and seasonal or decadal weather forecasts will
never achieve sufficient skill to be of use for economic applications. It is therefore important

to investigate if the SST variability is really consistent with an AR-1 process.

1.2 The concept of this thesis

In this thesis I shall have a closer look at the Null hypothesis of SST variability. In most
ocean regions the Null hypothesis is still considered as the best hypothesis. Many other
hypothesis for the existence of ocean-atmosphere coupled modes exist. These are mostly
associated with decadal time scales, but still unproven in the observations.

The El Ninio phenomenon in the tropical Pacific is the only large-scale mode of SST
variability which is found to be significantly different from an AR-1 process. It is also known
that the El Nifo phenomenon is strongly influencing the Indian Ocean and also, but not
as strongly, the tropical Atlantic Ocean. In principle the equatorial Atlantic should have a
similar type of El Nino like SST variability as the Pacific, but due to the smaller basin size
it is much weaker.

This thesis will focus on those regions which are still considered to be consistent with the
Null hypothesis and in which sufficient observations are available to analyze the large-scale
characteristics of the SST variability. The midlatitudes of the Northern Hemisphere and the
tropical Atlantic basically fulfill these requirements. The Southern Ocean, which in principle
may also be consistent with the Null hypothesis, are not analyzed, as the observational data
base is too sparse.

The limitations of the observational data in space, time and quality requires one to
compare the observations with model simulations. The concept of my analysis is therefore
based on a comparison of the large-scale features of the observed SST variability with a
hierarchy of global coupled circulation models (CGCMs). The CGCMs simulations differ
mainly in the complexity of the ocean models. The comparison of the different CGCM
simulations offers the possibility of determining the processes which are important for certain
features of the observed SST variability.

This work is organized as follows: In the following chapter I shall introduce some of the
statistical methods used. In Chapter 3 the climate models that are used will be introduced
and discussed. The analysis of midlatitude SST variability will be presented in Chapter
4, followed by the analysis of the tropical Atlantic in Chapter 5. For the analysis of the

midlatitudes and the tropical Atlantic, simple ocean mixed layer models have been developed,
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which are also useful to study the atmospheric response to SST anomalies in a coupled
simulation. This new approach for so called ’AMIP-type’ simulation will be introduced in

Chapter 6. The work will be concluded with an outlook and a summary in Chapter 7.



Chapter 2

Statistical methods and observations

In the analysis of the interannual to decadal SST variability of the tropical Atlantic in
Chapter 5 the interpretation of the pattern of empirical orthogonal functions (EOF) is a
critical point in understanding the large-scale modes of variability. In past studies some
researchers have interpreted the EOF-2 of the observed SST anomalies (see Figure 5.1) as a
dominant mode of interaction between the trade wind regions of the Northern and Southern
Hemispheres. However, the discussion of the EOF-pattern in Chapter 5 has shown that the
VARIMAX rotation of the EOF-patterns provides another point of view, which indicates
that there is no strong interaction between the two hemispheres. In order to understand
the concept of EOF rotations better, I shall discuss the rotations of EOFs in the following
section 2.1.

From Hasselmann’s stochastic climate model it has to be assumed that the spectrum
of the SST anomalies is following that of an AR(1)-process. In general, the AR(1)-process
is the simplest stochastical model by which SST variability can be represented, assuming
that our system is stationary. If the SST variability is in statistical agreement with the
AR(1)-process, then all other mathematical models are negligible. From a physical point
of view it must then be concluded that the internal dynamical processes of the ocean are
not important for generating SST anomalies. It is therefore important for the analysis of
ocean-atmosphere interaction to test whether the SST variability is in statistical agreement
with the AR(1)-process. In section 2.2.1 a method is introduced, to test whether a spectrum

is significantly different from a theoretical spectrum.

2.1 Rotation of EOFs

The EOF analysis is not only used to separate the modes of large-scale variability from the
noise, but to get insight into the main physical mechanisms of SST variability. However, there
are same objections to this approach, which has been discussed by North et al. (1982) and

in an overview article by Richman (1986). The main argument regarding the interpretation

5
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of the EOF patterns is that the EOF analysis in general produces a hierarchy of multi-
poles, whereby the first EOF usually is a monopole, the second a dipole and so on, whereby
multi-poles present “apparent” anti-correlations that in general does not exist in the SST
record.

In order to illustrate the problem in interpreting the EOF patterns I present an artifi-
cial Monte Carlo (simulation based on random numbers) example, which is similar to the
structure of the tropical Atlantic SST variability in Chapter 5. The artificial Monte Carlo
example is a field of 10 by 20 points in which two independent (uncorrelated and spatially
separated) circular patterns are present. Each point of the field is created by a random
noise component that is independent for each point, and for the grid points in one of the
two patterns an additional noise component is added, which is constant for each pattern
but different for the different patterns. The standard deviation of the local noise has been
chosen to be 5. = 1.0 for the upper pattern opssern1 = 2.0 and for the lower pattern
Opattern2 = 2.1.

The two upper plots in Figure 2.1 show the first two EOFs of the Monte Carlo field.
Although the two circular patterns of the Monte Carlo field are uncorrelated by construction,
the EOF analysis presents dipoles in both EOF patterns, which may lead to the conclusion
that the two patterns are related to each other. The EOF analysis does not indicate that
the two patterns are indeed uncorrelated by construction.

North et al. (1982) have shown that the eigenvalues of the EOFs may be degenerated
when the explained variances are not significantly different from each other. North et al.

give an estimation for the statistical uncertainty of an EOF eigenvalue, which is given as:

5\ = Ay/2/N (2.1)

The statistical uncertainty 6\ of an EOF eigenvalue A is therefore proportional to the
eigenvalue itself and depends also on the number of degrees of freedom N. In the Monte
Carlo example the number of degrees of freedom was chosen to be N = 100. The statistical
uncertainty A of the EOF-1 is therefore +£4.8% of the variance. North et al. consider that
two EOF eigenvalues have to be considered as degenerated if the difference of two EOF
eigenvalues is less than 1 or 2 §A. If the EOF eigenvalues are degenerated all orthogonal
rotations of the EOF pattern can be considered as the dominant EOF in the range of the
statistical uncertainty.

In many EOF analysis the EOF eigenvalues are degenerated and all possible rotations can
be considered. The degeneration of the EOF eigenvalues is also the reason for the tendency
of the EOF analysis to come up with a hierarchy of multi-poles even if the multivariate data
field does not have any anti-correlated regions. It is therefore useful to find an orthogonal
presentation which can give a different point of view and which does not tend to produce
artificial multi-poles. Such an alternative orthogonal presentation of the multivariate data
field can be given by the VARIMAX criteria, which will be discussed in the following section.
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Figure 2.1: Artificial Monte Carlo example to demonstrate the effect of EOF rotations.
The two upper plots show the EOF-1 and EOF-2. The lower plots show the two dominant
VARIMAX pattern.

2.1.1 The VARIMAX criteria

A basis of a vector space can always be transformed into a different basis by an orthogonal
rotation of the basis vectors. The two leading EOFs in the analysis presented above have
comparable amounts of explained variances and have therefore to be considered as degen-
erated EOF eigenvalues. In addition to an ordinary EOF-analysis, a rotated EOF analysis
can give a second set of orthogonal basis vectors, which may provide another interpretation.
One useful criterion for this analysis is the VARIMAX criterion (Kaiser 1958, Kaiser 1959,
and Richman 1986).

The VARIMAX method for rotating EOFs leads to the orthogonal rotation with the
highest possible localization of the SST pattern. In other words, if an ordinary EOF-analysis
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distributes the variability of one region into different EOF patterns, as into EOF-1 and
EOF-2 of our example, the VARIMAX method finds the rotation in which the variability
of that region is concentrated in one pattern as much as possible (see Figure 2.1). From a
mathematical point of view the two representations of the SST variability are equivalent, but
it has to be considered that, from a physical point of view, the different representations of the
SST anomalies may lead to different explanations of the underlying physical mechanisms.

In the two lower plots in Figure 2.1 the two dominant VARIMAX patterns of the Monte
Carlo field are shown. In the VARIMAX presentation of the Monte Carlo field the two
patterns are clearly separated. It can therefore be concluded that the VARIMAX presenta-
tion is a better presentation of the multivariate Monte Carlo field than the ordinary EOF
presentation. The VARIMAX presentation can always be used to present multivariate data
fields, even if the first EOF is clearly separated from the second EOF or if the first EOF is
a multi-pole.

In principle the VARIMAX method is always the better presentation of the multivariate
data field, even if the EOF eigenvalues are well separated. If the EOF eigenvalues are well
separated then the VARIMAX patterns are identical to the EOF patterns, but if the EOF
eigenvalues are degenerated than the VARIMAX method creates more localized patterns

which are generally more instructive.

2.1.2 Oblique rotations and cluster analysis

The EOF and the VARIMAX patterns are both orthogonal presentations of the multivariate
SST record. Orthogonal presentations of the record have the advantage that they are spa-
tially and temporally uncorrelated with each other and that they represent the total vector
space of the SST record. The latter may definitively be a good characteristic, whereas the
former can be a disadvantage for understanding the physical mechanisms which produces
the large-scale SST variability. In principle it has to be considered that if more than one
dominant pattern exists in the multivariate data record, it is very likely that the dominant
pattern may be spatially well separated, but that such pattern usually interacting with each
other and that they are therefore not orthogonal to each other.

In such a case an oblique presentation of the multivariate SST record can give a more
insightful picture of the record. In cluster analysis or in oblique rotations of EOFs the
multivariate data record is presented in patterns that are not orthogonal and that usually do
not represent the total vector space of the data record. But in advantage to the orthogonal
presentation the cluster analysis or oblique rotations of EOFs provide the possibility to
introduce a subjective view of the data file, which can often be more instructive.

Again a Monte Carlo example can help to understand the nature of the problem. In the
former Monte Carlo example the two circular patterns have been constructed as orthogonal

patterns. We can now add a third pattern between the two original patterns which is
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Figure 2.2: Artificial Monte Carlo example to demonstrate the effect of oblique patterns. The
three upper plots show the correlation of the field with the averaged field in the rectangular
boxes. The three middle plots show EOF-1, EOF-2 and EOF-3 of the field. The lower plots
show the three dominant VARIMAX pattern of the field.

correlated with both circular patterns. By construction all three patterns are now not
orthogonal to each other anymore.

In the upper row of Figure 2.2 the correlations between the box averaged Monte Carlo
field and the Monte Carlo field itself are shown. The correlations clearly indicate that the
field consists of three pattern, whereas the pattern in the middle is correlated with the upper
and the lower pattern, but the upper and lower pattern are not significantly correlated.

The orthogonal presentation of the EOF analysis (shown in the middle row of Figure
2.2) or the VARMIAX method (shown in the lower row of Figure 2.2) cannot present the
dominant pattern of the Monte Carlo field as clear as it is shown in the correlation fields. In

both orthogonal presentations one or more patterns suggest that some of the regions of the
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Monte Carlo field are anti-correlated, which is not the case.

This Monte Carlo example clearly demonstrates that orthogonal presentations of mul-
tivariate data fields are often not the most instructive presentation to understand the con-
nections between dominant patterns. It is often necessary to use different methods to get a
clear picture of the dominant modes of variability. In many analyses the best presentation
may be achieved by a purely subjective choice of indices or it can be constructed by some

kind of cluster analysis criteria or by an oblique rotation of an orthogonal presentation.

In more practically oriented weather forecast analysis the cluster analysis is often chosen
to illustrate the dominant modes of variability in the so called "weather regimes’, which can

only be defined by cluster analysis, because they are not orthogonal to each other.

2.2 The spectral distribution of SST anomalies

The spectral distribution of the SST variance is the most instructive quantity to understand
the basic statistical processes that generate the SST variability. In many analyses the spectral
distribution of the SST variance is compared with the spectral distributions of a fitted AR-
1 process. By comparing the two distributions visually it is often claimed that the two

distributions are different at least at some period.

The following section describes a method that quantifies the difference between the spec-
tral distribution of the SST variance and a fitted theoretical spectral distribution. A similar
test has been used by Reynolds (1978) to test the SST in the North Pacific against auto-

regressive Processes.

2.2.1 The test criteria

The basic concept of the following test is described in the German textbook by Schlittgen
and Streitberg (1991). They basically describe three different approaches, where the most
practical for this work is based on the comparison of the spectral density distribution of the
test quantity with the spectral density distribution of the fitted process. It can therefore
be considered that the spectral coefficients of the spectra s; have been determined from the
time series of the SST anomalies and that the spectral coefficients of the hypothesis spectra
t; have also been calculated by using the standard deviation and the lag-1 correlation of the

time series. I then define the test quantity @); as:

B 1 N (log(s;) — log(t:))?
@t = 1og(10.0)l0g(Comnp) * \J 2 N -1 (22)



2.2. THE SPECTRAL DISTRIBUTION OF SST ANOMALIES 11

Q1 = test value

S; = spectral coefficient of spectra

t; = spectral coefficient of hypothesis spectra

N = number of channels

Ceony = confidence level of hypothesis spectra (i.e. 95% )

Equation 2.2 quantifies that the spectral coefficients s; are random fluctuations around
the coeflicients of the hypothesis spectra ¢;. The test quantity can therefore be interpreted
as the integrated error of the spectrum relative to the hypothesis spectrum. This approach
is equivalent to the test Reynolds (1978) applied. In principle, the test quantity @, is not
dependant on the length of the time series because @, has been normalized by l0g(Ceons),
which is the statistical error of the spectral coefficient of the calculated spectrum. However,
the time series has to be long enough to determine the spectral coeflicients.

The distribution of @), its dependency of the frequency range of the spectrum and the
degree of dependence of @), to the slope of the hypothesis spectrum have not been calculated
analytically, although this may be possible. However, in the textbook by Schlittgen and
Streitberg (1991) it is assumed that the distribution of such a test quantity might be difficult
to determine and they propose to compare the test quantity with a Monte Carlo distribution
of the test quantity. I therefore compare the test results of the SST time series in Section
4.1.4 with a distribution of @Q; that has been based on 1000 time series of Monte Carlo

realizations of monthly averaged AR(1)-processes.

2.2.2 Model time series

The output of the simulations is given by monthly mean values, which is the average over all
time steps of the numerical integration. If the SST time series of the simulations are tested
against a statistical model like the AR(1)-process, it has to be considered that the monthly
mean values are the result of an averaging process which changes the spectral distribution
of the SST variability.

In Figure 2.3, the spectrum of a Monte Carlo time series of an AR-1 process is shown.
In addition, two different spectral distributions have been fitted to the time series based
on the standard deviation and lag-1 autocorrelation of the time series. The dashed line is
the spectrum of an AR(1)-process and the solid line is the spectrum of a monthly mean
averaged AR(1)-process fitted to the time series. It can clearly be seen that the spectrum of
the Monte Carlo time series is following the spectrum of the monthly mean averaged AR(1)-
process (dashed line) and that the two fitted spectra are significantly different. Therefore
the effect of the averaging process has to be taken into account when the spectral hypothesis
is tested.
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Figure 2.3: The spectral distribution of a monthly mean Monte Carlo AR-1 process compared
to two different fitted spectral distributions. See text for details.

In the following chapters the spectra of the monthly mean SST time series will always
be tested against a monthly mean averaged AR(1)-process and not against a fitted AR(1)-

process.

2.3 Observational data

The observational SST data are based on the GISST-data set which provides gridded monthly
mean SSTs for the period 1903 -1994 (Parker et al. 1995). The SST observations are based
on in situ measurements from merchant vessels. The global field of the SST for all months
was obtained by interpolating the local measurements in space and time. The density of the
measurements is strongly variable in space and time, as most measurements are along the
main trading routes. Therefore, the quality of the measurements are better in the Northern
Hemisphere and is increasing with time.

For the analysis of the midlatitudes in Chapter 4 the data set was interpolated onto a
5.625° x 5.625° grid and for the analysis of the tropical Atlantic in Chapter 5 the data set
was interpolated onto a 2.8125° x 2.8125° grid. Prior to all analyses the linear trend were

removed.
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2.3.1 Statistical characteristics of observational time series

In section 2.2, it has been shown that the averaging process, applied to produce the monthly
mean, changes significantly the spectral distribution of the SST anomalies (see Fig. 2.3).
Although, for the simulations, the process of producing the monthly means is the same for
all time steps and grid points, it varies significantly in the observations. In the GISST data
set, the SST value of a single month at a certain point is an average over an unknown
number of measurements, and the time interval between the individual measurements are
not known and are likely to be variable. In addition, the single measurements are in situ
measurements unlike the values from the models, which represent the exact average of a
grid box. This problem increases the uncertainty of the observational SST spectra and
introduces complications in the comparison of the observed SST spectra with the simulated
SST spectra. Therefore a statistical test as proposed in section 2.2.1 cannot be applied to

the observations, or at least the test value @; must be significantly increased.
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Chapter 3

Description of the models

3.1 Models used in Chapter 5

For the analysis of the tropical Atlantic in Chapter 5 the outputs of four different CGCMs
has been discussed. The CGCMs were developed jointly at the Max-Planck-Institut fur
Meteorologie (MPI) and the Deutsches Klimarechenzentrum (DKRZ), and one model was
developed at the Geophysical Fluid Dynamics Laboratory (GFDL). A list of the models
is given in Table 3.1. The simulations differ in length, and the resolution of the models
are also quite different. Thus, the analyzed CGCMs cover a large part of the parameter
space. For more detailed descriptions of the CGCMs refer to the following publications: For
the ECHAM3-LSG CGCM, see Maier-Reimer et al. (1993), Roeckner et al. (1992) and
Voss (1998). The ECHAM4-HOPE2 CGCM is described in Frey et al. (1997). For the
ECHAM4-OPYC CGCM see Bacher et al. (1998) and Roeckner et al. (1996). The CGCM
of the GFDL is described in Manabe et al. (1991).

CGCM time resolution number of years | spatial resolution
ECHAM4 - HOPE2 | annual mean, detrended 118 2.8125° x 2.8125%%F)
ECHAM4 - OPYC | annual mean, detrended 240 2.8125° x 2.8125°%%)

ECHAMS3 - LSG | annual mean, detrended 700 5.625° x 5.625°
GFDL - MOM annual mean, detrended 1000 7.5% x 4.5°
*)The ocean model has a meridional resolution of 0.5° within the region 10°N - 10°S

Table 3.1: List of CGCMs used in the analysis of the tropical Atlantic.

15
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3.2 Models used in Chapter 4

A list of the simulations that have been discussed for the midlatitude SST variability in
Chapter 4 can be found in the Table 3.2. The ECHAM Atmospheric Model has been used in
all simulations. ECHAM is a atmosphere general circulation model described by Roeckner et
al. (1992). ECHAM has been used in two different versions (ECHAM3 and ECHAM4) and
in two different resolutions (T21, T42). In the following, the differences in the atmosphere
model will not be discussed and we consider that the differences in the ECHAM versions are

not relevant for this analysis.

coupled number | spatial resolution short description of Ocean Model
model of years
ECHAM4 -] 118 2.8125° x 2.8125%) | fully dynamical, levels
HOPE2
ECHAM4 - | 240 2.8125° x 2.8125°*) | fully dynamical, isopycnal, variable Mixed
OPYC Layer parameterization
ECHAM3 - | 700 5.625° x 5.625° fully dynamical, fixed mixed layer 50me-
LSG ters, levels
ECHAM3 - | 500 5.625% x 5.625° slab ocean, 50meter fixed mixed layer
MI X
ECHAM3 -] 300 5.625° x 5.625° slab ocean, seasonal mixed layer
MIXsea50m
ECHAM3 - | 300 5.625° x 5.625° slab ocean, dynamical mixed layer
MIX gynamic
*) The ocean model has a meridional resolution of 0.5° within the region 10°N - 10°S

Table 3.2: List of simulations used for the study of the midlatitudes SST variability.

The main differences in the simulations are due to the different ocean models. Therefore,
the simulations can be divided into two groups. In the first group we have three coupled
models with fully dynamical ocean models and in the second group we have coupled model
simulations with slab ocean models. The fully dynamical ocean models try to simulate all
physical processes in the ocean. The different models, however, employ different approaches
to reach this goal.

In the HOPE and the LSG models, the ocean quantities are organized on z-levels, whereby
the spatial and temporal resolutions of the HOPE model are significantly higher. The LSG
model has a fixed mixed layer parameterization which is simply realized by an increased

mixing in the surface layer, which has a depth of 50 meters, and by integrating the surface
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layer with a shorter time step of one day compared to the time step of lower levels of
one month. In the HOPE model the mixed layer parameterization is kept more variable
by introducing additional mixing at all levels for which the temperature differs from the
temperature of the surface level by a prescribed threshold.

The OPYC model has a completely different structure. Here, the physical quantities
are calculated on isopycnal levels. The OPYC model also includes a dynamical mixed layer
model, which determines the depth and the temperature of the mixed layer. Therefore,
the OPYC model is the only fully dynamical model in which the mixed layer depth is a
dynamical quantity.

All three simulations exhibit El Nifio-like behavior in the tropical Pacific. The El Nino-
like variability simulated by the HOPE and OPYC models is much stronger than that in the
ECHAM3-LSG model. However, the ECHAM3-LSG simulation has the advantage that the
setup of the simulation is identical to the setup of the slab ocean simulations, whereby only
the ocean model has been exchanged. For more detailed descriptions of the CGCMs the
reader is refereed to the following publications: For the ECHAMS3-LSG CGCM see Maier-
Reimer et al. (1993), Roeckner et al. (1992) and Voss (1998). The ECHAM4-HOPE2
CGCM is described in Frey et al. (1997). For the ECHAM4-OPYC CGCM see Bacher et
al. (1998) and Roeckner et al. (1996).

The general disadvantage of the fully dynamical ocean models is that it is difficult to
determine which processes of the ocean models are relevant for certain structures of the
variability. It is therefore necessary to compare the fully dynamical ocean models with ocean
models that include fewer processes. From the differences between the fully dynamical ocean
models and the simpler ocean models, one can determine the relevant processes for certain
characteristics of the variability. Therefore, we have conducted three experiments with so
called ‘slab’ ocean models. The three different slab ocean models will be described in the

following section.

3.3 The slab ocean models

The basic idea of a slab ocean model is that the grid points of the ocean model are not
interacting with each other, and that the SST variability for each point of the ocean is forced
by the local interaction with the atmosphere. Such a model is a zero or one dimensional
model, because it resolves only the vertical direction. Horizontal ocean dynamics such as
advection by currents and waves are not simulated. The mean state of the ocean, which is
strongly dependant on ocean currents, can therefore not be simulated correctly and must
be introduced as a given climatology. However, a zero or one dimensional model is a good
model to investigate different characteristics of a complex system, because the interactions
in the model are kept very simple and different physical concepts can easily be introduced.

The Null hypothesis of SST variability in the midlatitudes, described by Hasselmann’s
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stochastic climate model (1976), assumes that the SST variability is well described by the
integration of the atmospheric heat flux with the heat capacity of the ocean’s mixed layer.
All three slab ocean models simulate the SST variability by integrating the atmospheric heat
flux with the heat capacity of the mixed layer, while the M I X5, slab ocean model exactly
simulates the Null hypothesis of Hasselmann. In the MIX, 450n and MIXj,4mic models we
have considered a few characteristics which may be relevant for the SST variability in the
midlatitudes but are not considered by the MIX5, model.

3.3.1 MIXx

The MIXs, slab ocean model is the simplest of the three slab ocean models used in this
study. The complete ocean model is described by equation [3.1] for ocean points without sea-
ice. A simple sea-ice model is included in all slab ocean models, but we shall not discuss the
regions with sea-ice extent. The equation [3.1] represents the realization of the Hasselmann

stochastic climate model, in which the SST variability is only forced by the atmosphere.

d 1
a5 = Gy * Fotmos + ATatim (3.1)
Cp = specific heat of sea water
Pwater = density of seawater
A = depth of mized layer
Fatmos = net atmospheric heat fluz
AT, = climatology temperature correction

The only free parameter in this equation is the mixed layer depth d,,;,, which was chosen to
be 50 meters for all points. This value is roughly the global mean value for the mixed layer

depth as was determined from the observations by Levitus from the observations (1982).

3.3.2 MIXason

The MIX,.050n model is exactly the same model as the MIX5, model, but a seasonally
dependant mixed layer depth d,,;; is used. In the midlatitudes the depth of the mixed layer
has a pronounced seasonal cycle. A theoretical study by Lemke (1984) has shown that a
seasonal heat capacity of the ocean alters the spectrum of an AR(1)-process. According to
equation [3.1] a change in the mixed layer depth must have an effect on the SST variability.
The seasonal cycle of d,,;, has been determined by equation [3.2] by using the 50 years mean
values of the M Xy, nami. model for the parameters of the right hand side of the equation.
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H dmix
Apmiz + 1.5H,
The seasonal cycle has been defined in this way, to create a the climatology of the mixed
layer depth in the M1 X 450, model which is consistent with that of the M I X 4 numic model.
In equation 3.1, the change in SST is proportional to 1/d,;,, while in equation 3.7, the
change in SST is proportional to Hydmiz/dmic + Hp. In equation 3.2 a factor 1.5 for H), has
been introduced to reduce somewhat the mixed layer depth in the M1X,.4,0, model. This

dmiz(MIXseason) = (32)

is done to account for the different structures of the equations 3.1 and 3.7. The mean mixed
layer depth d,,;, over all ocean points between 20°N and 60°/N over the whole year accounts
to 52 meters and for summer month to 26 meters and for the winter months to 99 meters

(see also Fig. 3.3).

3.4 The MIXgynomic model

The ocean in the midlatitudes exhibit some characteristics that may influence the SST
variability which are not captured by the Null hypothesis or the M X5, slab ocean model.
To further investigate the large-scale structures of the SST variability in midlatitudes, it can
be assumed that the MIX5q ocean model can be improved in such a way that the model
produces the main characteristic of the SST variability. The characteristics which may be

important for the SST variability are:

1. The mixed layer interacts with the sub-mixed layer ocean, which in general has a
much colder temperature than the mixed layer. This temperature difference may have

a damping effect on the SST variability.

2. The depth of the mixed layer has a pronounced seasonal cycle and the depth of the
mixed layer is a dynamical quantity which is determined by the state of the ocean and

by the atmospheric forcing.

3. The sensitivity of the ocean to the atmospheric forcing is dependant on the strength
of the wind. On stormy days, the ocean does not just integrate the atmospheric heat
fluxes as on calm days, but it also mixes the upper ocean significantly so that sub-mixed

layer water is entrained into the mixed layer.

These characteristics of the local ocean-atmosphere interaction in the midlatitudes can be

included in the structure of a slab ocean model.

3.4.1 The dynamical ocean mixed layer model equations

In addition to the MIXg5y and MIX,.450n models, a new equation to determine the value

of the mixed layer depth d,,;, at each time step of the ocean model is introduced. Karraca
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and Mueller (1991) have used a Kraus and Turner type model (1967) to determine d,,;, at
different locations of the northern oceans by using the observed atmospheric heat fluxes and
wind stresses. I implemented this model into the M1X,0mic ocean model to determine

SST and d,,,;z.

D
Ry = /0 "(T(R) = Ty)dh =: T,H, (3.3)
Dy
R, = / (T (h) — Ty)dh =: RoH, (3.4)
0
F,=Ry= — 1 (3.5)
- 0 (Cppﬂmit‘fr) e .
Fp = Rl = C’lede_é + CngFq (36)

The diagram in Figure 3.1 illustrates the principle of the Kraus and Turner type ocean
mixed layer model and introduces the new parameters. The integral Rj in equation 3.3
determines the effective heat capacity of the ocean, while the integral R; in equation 3.4
determines the potential mechanical energy of the ocean due to the density distribution of
the upper ocean. In contrast to equation 3.1, the heat capacity of the mixed layer and,
additionally, part of the thermocline of the upper ocean are considered for the integration of
the atmospheric heat fluxes. Based on the two integrals Ry and R;, the state of the ocean
can be determined for each time step. Atmospheric mechanical energy input F, and the
atmospheric buoyancy flux F, will lead to a change in the two integrals Ry and R, as it is
described by the equations 3.5 and 3.6. In the original Kraus and Turner type ocean mixed
layer the atmospheric buoyancy flux F) is calculated with salinity and temperature changes.
However, in the model only the influence of the temperature changes are considered, which
reduces the atmospheric buoyancy flux to the atmospheric heat flux times a constant and

also simplifies the integrals R, and R; to the expression seen in equation 3.3 and 3.4.

Rj(druiu: + }Ip) = F}: + F oeean

d
T dmif:: [{f; ( Cp Puwat (:r'dmi:f: ) l ( )
Focean = Cyo * (Tc - SST) (38)

d F,—H,F
_dm.iw = ! e + Adc im 3.9
T i 8OT — Ty — L0 : (39)
SST — T

0 = In(——=2) (3.10)

Ta — T
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Figure 3.1: Schematic diagram illustrating the MIX gynqmi. mixed layer ocean model.

Fy = surface buoyancy fluzx

Fy = mechanical energy input

H, = effective mized layer depth

H, = reduced center of gravity

AT = climatology temperature correction

Adgim = climatology mized layer depth correction

Cro = coupling parameter for the vertical heat exchange
between the mized layer and the sub-mized layer
ocean

i = constant reference temperature

3.4.2 Boundary conditions and limitations of the MI1X4qmi. sim-

ulation.

Equations 3.7 and 3.9 determine the changes in SST and in mixed layer depth d,,;,, respec-
tively. For the integration of the equations 3.7 and 3.9 in the M1X gynami. simulation, a few
boundary conditions and modifications of the Kraus Turner type mixed layer model have to
be introduced.

Similar to Karraca and Mueller (1991), the conditions of the sub-mixed layer ocean has

been kept as simple as possible. Therefore, the temperature profile between the SST, T,
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Figure 3.2: The climatology of the ’spring jump’. The values are the month in which the

mixed layer depth is reset to a climatology value. Ocean points with -1 are not calculated

with the dynamical mixed layer ocean model.

and T has been defined as an exponential decrease. The temperature 7T; was chosen to be
constant and taken from the annual mean Levitus climatology and the depth D, = 400m.
Therefore the mixed layer depth is confined to range 10.0m < d,,,;; < 400m. The temperature
Ty has been chosen to be T; — 0.05C".

The surface buoyancy flux is only calculated by the atmospheric heat flux. Therefore
the temperature Ty has to be smaller than the SST for all time steps. This is a prin-
ciple problem of this model, which will lead to several problems in calculating the SST
and the mixed layer depth and which has to be corrected by introducing some correc-
tions to the dynamical equations . The temperature Ty has been corrected by setting
Ty = min(Ty(Levitus), SST(clima) —2.0). This correction is basically effecting ocean points
in the high latitudes of the oceans basin, where the winter SST gets colder than the sub-
mixed layer ocean temperature.

In principle equation 3.9 should simulate the seasonal cycle of the mixed layer depth.
However, the lack of salinity in the buoyancy calculation and the general problem of the
Kraus Turner type model in simulating the fast detrainment of the mixed layer during the
spring period, makes the seasonal cycle of the mixed layer depth unrealistic and the annual
cycle of the mixed layer depth is in general not closed. This means that the mixed layer
depth after one year of integration is deeper than at the start of the year. Therefore, a

climatological mixed layer depth correction Ad;, in equation 3.9 was introduced , which is
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chosen to correct the mixed layer depth d,,;, climatology to be equal to the Levitus mixed
layer depth climatology. In Figure 3.3 the seasonal climatology of the mixed layer depth is
shown.

In order to correct for long term trends in the mixed layer depth, which I consider to be a
model artifact, the mixed layer depth is resetted at a fixed time step during the spring period
to a climatological value. Equation 3.9 is in general not able to simulate the fast detrainment
of the mixed layer as it is observed during the spring period in the midlatitudes. The ’spring
jump’ occurs at the first day of the month, in which the decrease of the Levitus mixed layer
depth climatology is strongest. The climatology of the ’spring jump’ is shown in Figure 3.2.

These boundary conditions and corrections are not sufficient to lead to a stable integration
of the dynamical equations for points of the ocean that are frequently covered by sea ice
or for regions of the higher latitudes which have a mixed layer that is mainly driven by
the vertical salinity distribution. For all those points the MIXjnamic simulation has been
reduced to the simple M1 Xy, model. These ocean grid points have the value —1 in Figure
3.2.

In addition to the Kraus Turner type model of the mixed layer, I also wanted to introduce
a heat flux between the mixed layer and the sub-mixed layer ocean. I therefore introduced

the ocean heat flux F, .., in equation 3.7, which effectively damps the SST variability.
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Figure 3.3: The climatology of the mixed layer depth as it is simulated in the dynamical
mixed layer model MIX gynamic-



Chapter 4

Midlatitude SST variability

The stochastic climate model introduced by Hasselmann (1976) attempts to explain the
mechanism of natural climate variability, by dividing the climate system into a fast and a
slow system. In this model the atmosphere is the fast system which is represented by random
noise. The variability of the ocean, which is regarded as the slow component of the climate
system, is explained by the integration of the atmospheric noise. In this picture the ocean
1s just a passive part of the climate system, which only amplifies the long-term variability,
due to its large heat capacity, but dynamical processes in the ocean are not considered.

The resulting stochastic model of SST variability is described by an auto regressive
process of the first order (AR(1)-process), which is the simplest statistical model that can
be applied to a stationary process. The stochastic climate model introduced by Hasselmann
is therefore often chosen as the Null hypothesis of SST variability.

Frankignoul and Hasselmann (1977) have shown that the observed interannual SST vari-
ability in the midlatitudes is consistent with this Null hypothesis. In a more recent study
Hall and Manabe (1997) have shown that the SST variability at some locations in the mid-
latitudes cannot be adequately explained by an AR(1)-process. They argue that the SST
variability in these locations is influenced by meso-scale eddies. A comprehensive overview
on the interannual SST variability in midlatitudes is given in Frankignoul (1985).

In a recent work Sutton and Allen (1997) have found some indication that the SST
variability in the northern Atlantic may be predictable on decadal time-scales, due to the
advection of temperature anomalies within the Gulf stream extension. However, the origin
of such variability cannot by determined by observations alone. Due to the limited length
of observed SSTs it may be instructive to study decadal SST variability in coupled general
circulation models (CGCMs). In these simulations many different coupled ocean-atmosphere
modes have been found, which lead to increased SST variability on decadal time-scales (e.g.,
Latif and Barnett (1994); Manabe and Stouffer (1996); Gu and Philander (1997) ). A
comprehensive overview of this can be found in Latif (1998).

This chapter takes a closer look at the Null hypothesis of midlatitude SST variability,

by comparing coupled models employing different ocean models. It will be tested whether
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the large-scale features of the observed SST variability can be simulated by a simple global
slab ocean-atmosphere coupled model, which can be regarded as a numerical realization
of the Null hypothesis (AR(1)-process) of Hasselmann’s simplest stochastic climate model.
This question will be addressed by comparing the results obtained from the simple slab
ocean model with the observations and with a hierarchy of different ocean models coupled
basically the same atmosphere model. Such a comparison may reveal, the internal processes
in the ocean, which are important for SST variability on seasonal to decadal time-scales.
This chapter is organized as follows: In the first section a comparison of the SST vari-
ability in the different models and in the observations will be presented. This comparison
is focused on the standard deviation and the spectral distribution of SST variability. The
results of the model comparison lead to the discussion of the sensitivity of SST variability
to different physical processes in section 4.2. I shall then present a study of the seasonal
predictability of midlatitude SST anomalies in the MIXgynami. model in section 4.3. The
chapter will be concluded with a summary and discussion. The work presented in this

chapter will be published in the Journal of Climate by Dommenget and Latif (submitted).

4.1 Model comparison

A description and list of the models discussed in this chapter is given in Chapter 3. The
comparison of the different simulations with each other and with the observations will be
focused on the Null hypothesis of SST variability. The comparison should show whether the
large-scale features of SST variability can be explained by the Null hypothesis or if other
processes are important. The large-scale features of SST variability are characterized by the

following three quantities:

1. The standard deviation of SST anomalies
2. The redness of SST spectra

3. The spectral distribution of SST anomalies

The standard deviation of SST anomalies is the most important characteristic for the compar-
ison, since it is a relatively robust quantity and not significantly affected by the interpolation
of the observations in space and time. The other two characteristics cannot be compared
with the observations in all details, because the calculation of the redness and the spectral
distribution are affected by the interpolation and averaging of the SST data, as it is done to
produce global observed SST fields. The different statistical characteristics of the observed

data relative to the simulated data are discussed in section 2.3.1.
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4.1.1 The standard deviation of SST anomalies

Figure 4.1 shows the standard deviations of the monthly mean SST anomalies for the different
simulations and for the observed SST obtained from the GISST data set from 1903 to 1994
(Parker et al. 1995). Figure 4.1 shows the zonally averaged standard deviations for all the
models and the observations. Only ocean points that do not frequently exhibit the coverage
of sea ice have been taken into account.

The main spatial structure of the observed SST standard deviation is an increase of the
variability from the lower latitudes up to about 40°N. The absolute maximum of variability
is reached here and the standard deviation decreases towards higher latitudes. The maximum
of the SST standard deviations in the Pacific as well as in the Atlantic seem to be tied to
the regions were the storm tracks are active. The simulations with fully dynamical ocean
models and the MIX,nqmi. simulation are very similar to the observations. Only the two
simulations M I X5y and M IX ..., are quite different from the observations, with no absolute
maximum at 40°/NV, and a monotonic increase of the standard deviation of SST with latitude.
Overall, the variability of these two models is significantly larger than in all other data sets,

while the mismatch becomes largest polward of 40°N.
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Figure 4.1: The upper plots show the standard deviations of the monthly mean SST anoma-
lies for the different simulations and the observations. In the two lower plots the zonally
averaged standard deviations of the monthly mean SST anomalies of the fully dynamical
ocean models (left) and of the slab oceans (right). The GISST observations are shown for

comparison.
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4.1.2 The redness of SST anomalies

The standard deviations of SST anomalies do not alone describe the large-scale character
of SST variability. An important feature of SST variability is the increase of the variance
in the power spectra with period, which is the so called 'redness’ of the spectra. If one
considers that the spectra of SST anomalies are basically following an AR(1)-process, than
the redness can be estimated by the lag-1 autocorrelation. The spectral density function
C(w) of an AR(1)-process is determined by equation 1.1. Here the increase of the variance
of an AR(1)-process with the period is only a function of the lag-1 autocorrelation a in

equation 1.1. The 'redness’ @,.q can therefore be defined as:

1

Qred = m (4.1)

Qred

a = lag-1 correlation based on monthly mean time series

redness of SST

I

In Figure 4.2 the redness Q),.q is shown for all models and the observations. It is found that
the western part of the oceans have in general a smaller redness than the eastern part of the
ocean. This feature is also well captured in the M I X5, simulation, which has by construction
a 50 meter mixed layer depth for all ocean points and therefore no spatial structures in the
ocean. It therefore has to be concluded that the spatial structures of the redness arise from
the spatial differences in the atmospheric heat flux, which is relatively large near the western
boundary and relatively small at the eastern boundary. The differences in the atmospheric
heat flux may mainly stem from the differences in the mean state of the SST, which are a
result of the large-scale ocean circulations.

The comparison of the observations to the simulations obviously shows that the redness
of the observed SST variability is significantly smaller than in the simulations. In order to
understand the differences in the redness, the spectra for all points of all data sets have
been calculated to determine the decadal SST and higher frequency variances, which I shall
call “the low-frequency variability” and “high-frequency” variances, respectively. The low-
frequency variability has been defined as the spectral variance of the SST at about 20 years
periods and the high-frequency is defined by the spectral variance of the monthly periods.
In Figure 4.2 the zonally averaged low-frequency variability, redness and high-frequency
variance are shown.

The comparison of the different simulations with the observations shows that the largest
differences in the SST variance are at the high-frequency time-scale, while the differences in
the low-frequency SST variance are much weaker. It can therefore be concluded that the
smaller redness of the observed SST variability compared to the simulations is mainly due to

the fact that the high-frequency variability in the observations is significantly larger than in
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all simulations. One possible reason for the significantly larger high-frequency variability in
the observations is discussed in section 2.3.1. In this section, the differences in the statistical
characteristics between the observations and the simulations are considered.

In addition to the statistical problems discussed in section 2.3.1, the lag-1 autocorrela-
tion of the observed SST variability during 1903 - 1950 is significantly smaller than that
during 1950 - 1994. I assume that this difference is a result of the lower density of SST
measurements during this period. I therefore based my analysis of the lag-1 autocorrelation
of the observations on the time period 1950 - 1994. However, to calculate the spectral den-
sity at decadal time-scales the whole time range from 1903 - 1994 was used. Although the
larger high-frequency variability in the observations relative to all simulations is partly due
to statistical reasons, I discuss the differences between the simulations and the observations
while keeping in mind these problems.

The redness simulated by the fully dynamical ocean models, the M 71X nqmi model
and that of the observations are of the same order. However, one has to keep in mind
that the redness of the observed SST anomalies may be reduced by the different statistical
characteristics noted above. The rednesses of the MIXx5y and MIX,...0n simulations are
significantly larger than in the observations and all other simulations, whereby the larger
rednesses of the MIX5) and MIX,.,.0, simulation can mainly be explained by the much
smaller SST variances on the high-frequency time-scale, shown in the right plot of Figure
4.2. The differences in the low-frequency or decadal range are, on the other hand, much
smaller.

The more realistic redness of the MIXy,numi. simulation compared to the MIX5, and
MIX,e450n simulations is mainly due to the introduction of the ocean heat flux Fi .., in
equation 3.7, which damps the SST variability. It can therefore be assumed that the SST
variability is significantly damped on seasonal to interannual time-scales by the heat exchange

of the mixed layer with the sub-mixed layer ocean.
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Figure 4.2: The upper plots show the ‘redness’ of the monthly mean SST anomalies for the
different simulations and the observations. In the lower row the left plot shows the zonally
averaged low-frequency (1/20yrs) variance of the SST anomalies and the right plots shows
the high-frequency variance (1/2months) of the different models and the observations. The
middle plot shows the zonally averaged ‘redness’ of the monthly SST anomalies. See test for
details.
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Figure 4.3: The mean %S’ST for each month (left plot) and the standard deviation of the

SST anomalies for each month (right plot) for all simulations and the observations.

4.1.3 The seasonally varying persistence of the SST anomalies

In summer, the mixed layer depth in midlatitudes amounts to about 20 meters, while in
winter the mixed layer depth is greater than 150 meters. It has to be considered that the
varying mixed layer depths will lead to different integrating processes in the different seasons.
A larger mixed layer depth d,,;, will lead to larger SST persistence. Therefore, the lag-1
autocorrelations of the SST anomalies or the persistence of the SST should be smaller in
summer than in winter.

In Figure 4.3, the mean d—dtSST for each month and the standard deviations of the SST
anomalies for each month are shown for all simulations and the observations. It can clearly be
seen that the observations, the MIXynamic, MIXeq50n, ECHO2 and the OPYC simulations
all have in common that the change in SST is relatively small in winter and strongest in the
late summer. The seasonal behavior of the mean %SST is also reflected in the standard
deviations of the SST which is strongest in late summer. In contrast to this the M1 Xx, and
LSG simulations show the opposite behavior.

The MIXagynamic, MIXseas0n, ECHO2 and the OPYC models employ a parameterization
of the mixed layer depth, which includes the seasonal cycle of the mixed layer depth, while
the MIX5, and the LSG simulations do not simulate the seasonal cycle of the mixed layer
depth. From this comparison it has to be concluded that the seasonality of the mixed layer
depth is an important factor for the simulation of midlatitude SST variability. Models that
do not include the seasonal cycle of the mixed layer depth will simulate the SST variability

with the wrong seasonal characteristics.
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The seasonal difference in the persistence of the SST anomalies between winter and
summer indicates that the processes that produce the winter SST variability are significantly
different from those which produce the summer SST anomalies and should therefore by
analyzed separately. Most investigations take this into account and focus their study on the
summer or the winter separately. It is therefore important that the model simulations, on

which these investigations are based, include the seasonal cycle of the mixed layer depth.
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Figure 4.4: The confidence level based on a Monte Carlo distribution of the test value @,

for the different simulations and the observations.

4.1.4 The test for an AR-1 process

Based on the spectral test described in section 2.2.1 one can define a confidence level for the
hypothesis that the SST spectra are not in statistical agreement with a monthly averaged
AR(1)-process. The confidence levels for the different simulations and the observations are
shown in Figure 4.4. The confidence level of the observations is only shown for the sake of
completeness of the analysis, while one has to keep in mind that the confidence level based
on the test value @, is not the real confidence level for the observed data sets ,due to the
different statistical characteristics of the observations as discussed in section 2.3.1. It has to
be expected that the real confidence level will be smaller.

The confidence levels of the MIXsy and the MIX, ..., simulations are for the most
part less than 65%, which indicates that the SST variabilities are basically consistent with
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Figure 4.5: Spectra of the SST anomalies (at the location: 35°N, 40°W ) compared to the
fitted spectral distributions of a monthly averaged AR(1)-process for the different simulations

and the observations.

an AR(1)-process. This supports the idea behind Hasselmann’s stochastic climate model
and is in clear contrast to the simulations with the fully dynamical ocean models, which all
have much higher confidence levels (> 95%). This indicates that the ocean dynamics, which
are only included in the fully dynamical ocean models, clearly alter the spectra of the SST
anomalies to a spectral distribution that is not consistent with an AR(1)-process.

In order to see which feature of the SST spectra leads to the significant difference from the
AR(1)-process, the spectra of the SST anomalies at a point in the North Atlantic (lon:45°W,
lat:35°N) for the different simulations and the observations are shown in Figure 4.5. The

difference between the AR(1)-process and the spectra of the SST anomalies in the fully
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dynamical simulations is characterized by a slower increase of the SST variance from shorter
to longer periods, which leads to increased variance of the SST on the seasonal and the
decadal time scale relative to the fitted AR(1)-process. The significant difference between
the AR(1)-process and the spectra of the SST is therefore not due to an increase of the SST
variance at a certain period, as it is found in the tropical Pacific SST due to the El Nino
phenomenon.

The spectrum of the M I X 4,qmi. simulation does show a significant difference relative to
the fitted AR(1)-process as well as the fully dynamical ocean models, but the basic structure
of the spectrum is significantly different from those of the simulations with fully dynamical
ocean models.

The most striking feature of the SST spectrum of the M1 Xjynamic simulation compared
to the observations and the fully dynamical simulations is the missing increase of the SST
variance from the interannual time scale to the decadal time scale. Although the charac-
teristics of the SST variability in the MIXgynami. simulation are in good agreement with
the observations and the simulations which include fully dynamical ocean models for the
seasonal and interannual SST variability, the MIXg,nq4mic simulation fails to simulate the
increase of the SST variance from interannual to decadal time scales.

In the M1 Xynam:. simulation the ocean heat flux Fyeeun term simulates all influences of
the sub-mixed layer ocean to the SST. In the construction of the ocean flux term F,..,,, these
influences can only damp the SST variability. The comparison of the M1 X jynqm;. simulation
with the two other slab ocean simulations M1 Xsy and M1 X,.qs0n shows, that the damping
effect of the F,..,, term seems to be important on the time scales from seasons to decades.

However, the comparison with the simulations with fully dynamical ocean models in-
dicates that the influences of the sub-mixed layer ocean to the SST variability on decadal
time scales cannot be simulated by an ocean heat flux F,..,, term, which is just damping
the SST variability. In section 4.2.4 a possible explanation for the observed increase of the
SST variance from the interannual to the decadal time scale is given, which can easily be
introduced in the MJ.X 4y, 4m;i. model.

The results of this comparison indicate that the source of decadal time scale SST vari-
ability in midlatitudes is not just the ’redness’ of the spectra due to the integration of
atmospheric noise as found in the M1 X5, and MIX,.440, simulations. Rather, the decadal
time scale SST variability in the simulations with fully dynamical ocean models is caused

by the interaction between the mixed layer and the sub-mixed layer ocean.
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4.2 Sensitivity of the SST variability in midlatitudes

to different physical processes

The dynamic mixed layer ocean model MIX ynami simulates the large-scale features of
the midlatitude SST variability as well as the fully dynamical ocean models as shown in
the comparison of the different models with each other and with the observations. I now
study the sensitivity of the SST variability in midlatitudes to different physical processes by
comparing the MIX jynami. simulation with different sensitivity experiments, in which some
of the processes that are simulated in the M7Xg,4mic simulation have been excluded. The
comparison with these sensitivity experiments will then show which processes are important

for the large-scale characteristics of SST variability in the midlatitudes.

name number | short description of the slab ocean model
of years
MI X5 300 slab ocean, 50meter fixed mixed layer depth
MIX,os0m 300 slab ocean, with seasonal mixed layer depth
MIX, entrain | 10 slab ocean, using equation 3.1 for the SST
and equation 3.9 for d,;,
MIXgrp 10 like MIXgynamic but setting Foeeqn = 0.0 In
equation 3.7
MIX gynamic 300 slab ocean, with dynamic ocean mixed layer

Table 4.1: List of slab ocean models used in this study.

In Table 4.1, all different slab ocean models are listed for an overview of the different
sensitivity experiments that will be discussed in the following sections. The atmospheric
model ECHAMS3 with a T21 resolution has been used in all of these simulations.

While the simplest possible model for the SST variability in the midlatitudes is repre-
sented by the MIXs, simulation, I shall present the characteristics of the SST variability
in midlatitudes as a comparison of the MIXynami. simulation relative to the M1 X5, sim-
ulation. Therefore the physical processes can be listed by the time scale on which the
M1IXgynamic simulation alters the spectrum of the SST variability relative to the M X5,
simulation, which is shown in Table 4.2.

The effect of the seasonal cycle of the mixed layer depth has already been discussed in

section 4.1.3. In the following sections, I shall discuss the other physical processes.
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physical process time scale

Wind amplified mixing of the ocean increased daily variability

Entrainment of sub-mixed layer water increased monthly variability

Variability of the mixed layer depth increased seasonal to interannual variability
Seasonal mixed layer depth increased monthly variability in summer

decreased monthly variability in winter

Damping by ocean heat flux decreasing seasonal to decadal variability

Re-emergence of temperature anomalies | increasing interannual to decadal variability

Table 4.2: List of the physical processes that are included in the M I X jynami. simulation and
are not included in the M I X5y simulation. In the right column the time scale, on which the

physical process is effecting the SST variability of the MIX jynamic simulation, is listed.

4.2.1 Wind amplified mixing of the ocean

In the dynamic mixed layer ocean model M1 X jyn4mic the SST is calculated following equation
3.7. In this equation, the change of SST is a function of the mechanical energy input F,,
which is a function of the wind stress 7. Therefore, the change of SST in this model is a
direct function of the wind stress 7, unlike in the M1 X5y model in which the change of the
SST is only a function of the atmospheric heat flux.

In equation 3.6, a strong wind stress 7 will increase the mechanical energy input F,,
which will lead to a negative SST change in equation 3.7. A positive mechanical energy
input F, will increase the mixed layer depth and sub-mixed layer water will be entrained
into the mixed layer. While the sub-mixed layer ocean in this model is always colder than
the SST, the entrainment of sub-mixed layer water has to result in a cooling of the SST.

To analyze the effect of the wind stress on the SST variability the daily SST time series
in the MIXynami. is compared with that of the MIX 450, simulation. Both models are
integrated with a time step of one day, which therefore represents the shortest time scale.

In the MIXynamic simulation, the SST exhibits some characteristic decreases at the
beginning and at the end of the summer (days 100 - 240), which is shown in Figure 4.6.
These SST changes coincide with strong wind stresses and do not appear in the M1 X,.450n
model.

This can be quantified by composite histograms of windy days that are also shown in
Figure 4.6. For both simulations, two different histograms are shown. The darker line shows
the histogram of %S ST for all summer and all winter days separately (normal composite).
The lighter graph shows the histogram of %SS’T only for time steps in which the 72 > 0.2

(windy composite).
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Figure 4.6: The left plots show a one year long time series of the SST anomalies (thick lines)
and the wind stress 72 (thin lines) of the M IX seus0n and M1 X gynamic simulations. The right
and the middle plots show different histograms of the daily %S’ ST for the two simulations.
See text for details.

In the MTXynamic simulation, a comparison of the two summer histograms shows that
the histogram of the windy composite is significantly shifted to negative %SST, while the
normal composite is basically normally distributed. The same shift can be seen in the winter
histograms, but it is not as strong as in the summer histograms.

In the MTX,e450n simulation, the windy and the normal composite histograms are not
significantly different nether in summer nor in winter. However, neither of the two summer
histograms of the M X450, simulation is normally distributed. It can be concluded that in
the MIXiynamic simulation the SST changes during summer are significantly influenced by
strong wind stress. These will lead to strong cooling of the SST mainly during spring and
fall. The cooling of the SST normally lasts only one or two time steps, which will lead to
increased power of the SST spectrum at the shortest simulated time periods.

In the M IXjynamsc simulation, the sub-mixed layer ocean is always colder than the SST.
In the real world, the temperatures of the sub-mixed layer ocean are often warmer than the

SST during the winter period in higher latitudes and at some locations in the midlatitudes.
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At these locations, strong wind stresses will lead to warming during the winter period.

In the dynamical mixed layer model of the MIXyynumic simulation, it is assumed that
the temperature of the sub-mixed layer ocean is always colder than the SST. The effect
of warmer sub-mixed layer temperatures can be included in the M1 Xgynamic simulation by
introducing salinity into the buoyancy equations. This has not been done in this simulation
to keep the model as simple as possible in the first realization, but can easily be introduced.

The comparison has shown that the M X ,,4mi. simulation is more sensitive to wind in-
duced SST change than the M I X5, simulation. This is the main reason why the M1 X gy, qmic
simulation is able to reproduce the observed enhanced standard deviation of the SST anoma-
lies in the region of the storm tracks (see Figure 4.1), and this may also be the reason why
the M1Xsy and MIX,.450n simulations fail to reproduce this feature of the SST variability
in the midlatitudes.

4.2.2 Entrainment of sub-mixed layer water

In the MIX 4y.4mi. simulation, the deepening of the mixed layer leads to entrainment of sub-
mixed layer water into the mixed layer. As shown in the preceding section, the entrainment
usually occurs during short-lived strong wind stress events.

The effect that the entrainment of sub-mixed layer water into the mixed layer has on the
SST variability can be quantified by comparing two different slab ocean simulations. There-
fore, I have performed the simulations M1X}; and MIX, oentrain- The MIX}, simulation is
similar to the MIXynamic simulation, but the ocean heat flux Fo...., has been set to zero.
The experiment MIX, cnirain 18 the same as the MI1X;, simulation, but the equation 3.7
for the SST change has been replaced by the equation 3.1 of the MIX cp50n and MI X5
simulations. A change in the mixed layer depth d,,;, due to surface buoyancy flux or me-
chanical energy input is still simulated in the experiment M I X, entrain, but it will not lead
to a change in the SST due to entrainment of colder sub-mixed layer water, as discussed in
the previous section. It can therefore be assumed that the high-frequency SST variability in
the MIX,,centrain Simulation will be reduced relative to the M I X}, simulation.

The Fourier spectra of the monthly mean SST anomalies for the different simulations
have been calculated for Figure 4.7. All spectra are based on 10 years long time series. On
the left hand side, the average of the spectral coefficients from 24 month to 8 month periods
is shown, which I shall refer to as the low-frequency SST variability, and on the right hand
side, the average of the spectral coefficients from 2% month to 2 month periods is shown,
which I shall refer to as the high-frequency SST variability.

The comparison of the low-frequency variances indicates that the variance of the
M1I X, ,entrain Simulation is significantly larger than in the M X}, simulation in the northern
Pacific. However, the time series of the M I X, cntrain Simulation, which is only 10 years long,

may be too short. It is possible that the entrainment of sub-mixed layer water can damp
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Figure 4.7: The plots show the low-frequency (left) and the high-frequency (right) variance
of the SST anomalies of three different slab ocean simulations. The values are in relative

orders of magnitudes. See text for details.

the SST variability in the Pacific north of 40°/N, which may explain the smaller values for
the low-frequency SST variance in the M1 X}, simulation.

The comparison of the high-frequency variance in Figure 4.7 shows that the variance of
the MIX,, simulation is significantly larger than in the MIX, senirain simulation, especially
around 40°N. From this comparison, it can be concluded that the entrainment of colder
sub-mixed layer water into the mixed layer leads to increased SST variability on time scales

of weeks to months.

4.2.3 Variability of the mixed layer depth

The basic idea of slab ocean models is that the atmospheric heat flux is fully absorbed by
the mixed layer. This is captured by the equations 3.1 and 3.7, in which the %SST is
proportional to the atmospheric heat fluxes Fi,05 times the inverse of the heat capacity of
the mixed layer, which, in turn is proportional to the depth of the mixed layer d,,;,.

An anomalously deep mixed layer will therefore increase the heat capacity of the mixed
layer, which, for instance, will lead to negative SST anomalies when the normal atmospheric

heat flux warms the ocean or it will lead to positive SST anomalies when the normal at-
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mospheric heat flux cools the ocean. The SST in the dynamic mixed layer ocean model, in
which the mixed layer depth is variable, will therefore be anti-correlated to the mixed layer
depth anomalies at all time scales.

While the entrainment of colder water from the sub-mixed layer ocean is leading to
increased SST variability only at the shorter time scales as shown in the two previous sections,
the correlation between the SST and the mixed layer depth due to the basic structure of
equation 3.7 will lead to an increase of the SST variability over the entire frequency range.

This can be quantified by comparing the spectra of the SST anomalies of the M X}, with
the spectra of the MIX,.q0n and M1 X, enirqin Simulations, which are shown in Figure 4.7.
The MIX,eo50n and M I X, oentrain are identical simulations, with the only difference that the
mixed layer depth d,,;, is variable in the M I X, oentrain Simulation, while it is constant in the
MIX,.450n simulation.

The low-frequency variance of the SST in the MIX, entrain sSimulation is significantly
larger than in the M 1X,.,,,, simulation, while the high-frequency variance of the SST attains
similar levels in both simulations. This demonstrates that the variability of the mixed layer
depth is increasing the interannual SST variability, while the entrainment of sub-mixed layer
water into the mixed layer due to atmospheric wind stress variability is only effecting the

short time scales of days to months, as it has been shown in the previous section.

4.2.4 Damping by ocean heat flux

An oceanic heat flux F,,,,, proportional to the SST anomalies has been introduced in the
MIX gynamic simulation (see equation 3.7). In Hasselmann’s Null hypothesis of midlatitude
SST variability, it is assumed that the SST variability is only effected by the atmospheric
heat fluxes and that, therefore, the mixed layer of the ocean is not exchanging heat with
the sub-mixed layer ocean. In general, the temperature profile of the upper ocean in the
midlatitudes exhibits a roughly exponential decrease of the temperature beneath the mixed
layer, similar to its portrayal in the schematic diagram of Figure 3.1. The exponential
decrease of the temperature indicates that the mixed layer and the sub-mixed layer ocean
are exchanging heat. It is therefore important to consider an oceanic heat flux between the
mixed layer and the sub-mixed layer ocean.

In the M 11X gynamic simulation, the oceanic heat flux Fyceqn is a pure damping, and will
be most effective in the regions with the largest SST variability. In Figure 4.1, it can be seen
that the SST variability of the MIXsy or MIX,.4s0n simulations is increasing with latitude
and that the standard deviations in the mid and higher latitudes are significantly larger
than those observed. The effect of the oceanic heat flux F,ceqn in the M1 X gynami. simulation
is especially important in those regions, because it is damping the SST variability to more
realistic values.

The strength of the oceanic heat flux parameter C,, in equation 3.8 was chosen to be



4.2. SENSITIVITY TO DIFFERENT PHYSICAL PROCESSES 43

4W/(m?K), which is consistent with values found in the literature for the vertical heat flux
in the upper ocean. However, the SST anomalies in the midlatitudes of the MIXg,namic
simulation are still too strong, as seen in Figure 4.1. A higher value for C,, can reduce
the SST variability in the M X j,4mic simulation further. A comparison of the M1 Xgypnamic
simulation with the MIX,, simulation indicates that a value of C,, = 8.0W/(m2K) would
yield a more realistic SST variability in the M1X4ynami. simulation.

The construction of the ocean heat flux F,eeun in the MIX ypnamic simulation will not
only effect the standard deviation of the SST variability, but it will also change the spectral
distribution of the SST. Due to the fact that F,..., is proportional to the strength of the
SST anomaly and that the spectral variance is increasing with the period, the spectral
variance of long term variability will be damped more efficiently than short term variability.
In Figure 4.5, the spectrum of the SST variability of the MIXjnamic simulation is slightly
decreasing from the interannual to the decadal time scale. In contrast to this behavior, the
fully dynamical ocean model simulations show a significant increase of the SST variability
from the interannual to the decadal time scale. This indicates that the construction of the
ocean heat flux F.,, is missing an important process, which is producing the increase to
decadal time scale SST variability. Although the general damping effect of the ocean heat
flux F,..., seems to be realistic for seasonal to decadal time scales, it has to be considered
that, in the fully dynamical ocean model simulations, the sub-mixed layer ocean must have
some amplifying effect on the SST variability on decadal time scales, which is not simulated
by the construction of the ocean heat flux Fieeon in the MIXgynamic simulation.

In a more realistic simulation one can consider that the sub-mixed layer ocean has internal
variability on longer time scales and that therefore the heat flux F, 4, is not just depending
on the SST anomalies but also on the temperature anomalies of the sub-mixed layer ocean.
In order to investigate how a variable sub-mixed layer ocean can change the spectrum of
the SST due to the effect of the heat flux F,.,, a simple Monte Carlo study of the slightly
changed equation 3.1 can be instructive.

For a simple study of the effect of the ocean heat flux F,ccqy, the following equation can

be used:

d 1
_SST = Fa mos Focean 42
dT (01)4011:&;_(:,,(;{”“:”) * ( + -+ ) ( )

It is similar to equation 3.1 but the heat flux F,..., has been introduced. For a simple Monte

Carlo study it can be assumed that the atmosphere can be simplified to:

Fatmos = Cdamp * (Tatmas - SST) (43)

First, it can be assumed that F,..., = 0.0 and that Ty, is some random weather noise.
The equation 4.2 is than a realization of an AR-1 process. In the left plot of Figure 4.8

the spectrum of a Monte Carlo realization is shown (thick solid line). In the M1 Xynamic
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Figure 4.8: Monte Carlo spectra of different mixed layer equations. See text for details.

simulation the heat flux to the sub-mixed layer ocean F,..., has been introduced as:

Focean = Cdamp * (Tocea,n - SST) (44)

Here T, cqn was chosen to be constant. The left and the middle plots of Figure 4.8 show the
spectrum of a Monte Carlo realization of equation 4.2, in which the T, .., is constant. In
comparison to the Monte Carlo realization with F,..,, = 0.0 it can clearly be seen that the
spectrum is strongly damped on longer time scales, but it can also be seen that the spectrum
is still an AR-1 process.

In a third realization of equation 4.2 the temperature of the sub-mixed layer ocean T\, cqn
was chosen to have some red noise fluctuations with a lifetime of the temperature anomalies
of about one year. In the middle (thin line) and the right (thick line) plot of Figure 4.8
the spectrum of this realization is shown. Compared to the realization with the fixed Tp.con
the spectrum of the SST is now significantly increasing from the interannual time scale to
the decadal time scale, similar to what is seen in the observations and the fully dynamical
ocean simulations (see Figure 4.1). The comparison with a fitted AR-1 process (shown in
the right plot) shows that the spectrum has now a significantly different shape, with a flatter
but longer increase of the variance from shorter to longer time scales. Thus, that the heat
flux between the mixed layer and a variable sub-mixed layer ocean may be the source of the
increase of the SST variance from interannual to decadal time scales.

In the simple ocean model of the MIXgynamic simulation, the ocean heat flux Fi.cqn
simulates all influences of the sub-mixed layer ocean on the mixed layer. In following section
I will discuss an additional improvement of the MIXj,n4mic simulation, which may also be

important for simulating decadal time scale SST variability in a more realistic way.
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4.2.5 Re-emergence of temperature anomalies

In the construction of the slab ocean models it is assumed that the mixed layer is forced
only by the atmosphere and that the sub-mixed layer ocean is not directly effected by the
atmosphere. The mixed layer of the ocean is exhibiting a distinct seasonal variation in the
midlatitudes. The minimum mixed layer depth of about 20 meters is reached during summer
and the maximum of about 200 meters is reached during winter. In the early winter or late
fall, the mixed layer depth is increasing for the summer minimum to winter maximum values
and is thereby entraining the water of the layers underneath the summer mixed layer. While
the depth of the new winter mixed layer is several times larger than that of the summer,
most of the water is from the layers underneath the summer mixed layer.

The temperature anomalies of the new winter mixed layer should, therefore, be stronger
correlated with the temperature anomalies of the sub-mixed layer ocean than with the SST,
which is supported by the findings of Namias and Born (1970, 1974). They found that SST
anomalies in midlatitudes recur from one winter to the next, without being persistent during
the summer. They speculated that the temperature signal is stored in the sub-mixed layer
ocean during the summer month, when the mixed layer is shallow.

In the M1 X ynamic simulation, the temperature of the sub-mixed layer ocean is parame-
terized by an exponential decrease from the SST to the constant deep ocean temperature 7}
(see Figure 3.1). Therefore, temperature anomalies of the sub-mixed layer ocean are only a
function of the SST anomalies. The entrainment of sub-mixed layer ocean water during the
fall period in the MIX4ynqmic simulation does therefore not generate new SST anomalies due
to the re-emergence of temperature anomalies from the sub-mixed layer ocean, but it just
damps the existing SST anomalies. This seems to be unrealistic and it has to be assumed
that the sub-mixed layer ocean is mainly independent from the actual atmospheric forcing
and SST.

In order to make the behavior of the temperature anomalies of the sub-mixed layer ocean
more realistic and in order to investigate the characteristics of the decadal time scale SST
variability, which is not sufficiently strong in the M I X 4ynamic simulation as it has been shown
in section 4.2.4, an improvement of the M1 X y,pqm;. simulation can be proposed.

In the winter time, the mixed layer in the midlatitudes reaches a depth of roughly 200
meters. During this time the temperature anomaly at 200 meter depth is, by construction,
equal to the SST anomaly. In spring, the detrainment of the mixed layer depth in the
M IX 4ynamic simulation resets the mixed layer depth to the flat spring mixed layer depth. At
the time step at which this spring jump occurs, the temperature anomaly in 200 meters depth
gets lost and is replaced by the parameterized exponential decrease of the SST anomaly. The
M I X gynamic simulation can be improved by keeping the temperature anomaly of the sub-
mixed layer ocean at the value which was present at the last time step before the spring
jump occurs and conserving the temperature anomaly over the summer until the next fall,

when the entrainment of the sub-mixed layer water increases the mixed layer depth again.
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During the entrainment of the sub-mixed layer water temperature anomalies re-emerge that
have been formed during last winter.

In this modification of the MIXgynqmic model, the temperature anomalies in the sub-
mixed layer ocean are only changing during the winter time when the SST change is more
persistent and they will not be changed during the summer time when the SST variability is
less persistent. This will lead to an increase of decadal time scale SST variability. Alexander
et al. (1996) have analyzed an one-dimensional dynamical mixed layer ocean model, which
includes the re-emergence of temperature anomalies coupled to a stochastic atmosphere
model. In their model simulation the spectrum of the SST anomalies is increasing from
the interannual to the decadal time scales, which may be caused by the re-emergence of
temperature anomalies as they conclude.

As the comparison of the decadal SST variability of the M7Xg,,qmi. simulation with
the fully dynamic ocean model simulations has shown, an increase of the decadal time scale
SST variability will make the SST variability of the MIXgynami. simulation more realistic.
Although the proposed construction of the temperature anomalies in the sub-mixed layer
ocean may be artificial to some extent, the integration of this model can indicate whether
the amount and structure of decadal SST variability can really be explained by such a
one-dimensional slab ocean or whether the decadal SST variability is, caused by processes

different from local air-sea interaction.

4.3 Seasonal predictability of midlatitude SST anoma-
lies

The comparison of the different simulations with the observations has shown that the
MIX jynamic simulation is a realistic model that simulates the seasonal to interannual SST
variability in its large-scale features as well as any other simulations that employ a fully
dynamical ocean model. In some aspects it may be even better.

The characteristic feature of the M I X 4ynamic simulation, which leads to a more realistic
simulation of the midlatitude SST variability compared to the simple mixed layer models
MIX,eas0n and MIXxg, is the dynamical mixed layer depth. The fact that the variability
of the mixed layer depth is important for the generation of SST anomalies implies that the
knowledge of the current mixed layer depth may be important for the development of SST
anomalies and can therefore lead to improved predictability in the midlatitudes.

In principle the predictability of the midlatitudes SST anomalies in the MI1Xnomic
model can be studied by using ensemble integrations of the MIX4namic model. In such
ensemble integrations, each simulation will be started with the same SST anomalies and
mixed later depth anomalies, but the atmospheric state will be changed. The variance of the

SST anomalies of the ensemble members relative to the mean SST anomalies of all ensemble
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members is a good measure for the predictability of the SST anomalies.

However, such ensemble integrations are computationally expensive, and they have the
disadvantage that the results of these numerical simulations do not give any physical under-
standing of how the development of SST anomalies depend on the initial conditions.

It is therefore helpful to investigate the predictability of the midlatitudes SST anomalies
with simple statistical forecast models. With these models one can easily check different
forecast methodologies that, for example, use the SST and the mixed layer depth anomalies
or only one of them as a predictor. The disadvantage of statistical forecast models is that
one has to specify a simple relationship between the initial state and its further development.
However, the simple statistical forecast models can give a crude indication of the predictive

skill for the coupled system.

4.3.1 Simple statistical forecast models

In the simplest forecast model, based only on the SST anomalies, one can assume that the

SST anomalies are persistent, which leads to the following statistical forecast model:

Model FSSTO : SST(t) = SST(T()) (45)

If we assume that the SST anomalies are produced by an AR-1 process, then the SST
anomalies are damped according to the lag-1 autocorrelation, which leads to a more realistic

forecast model:

Model FSST1 . SST(t) = Cltag—l * SST(T()) (46)

However, the optimal linear forecast model using the SST or the mixed layer depth d,,;, is

obtained by determining empirical relation coefficients Cr ;) for each time lag:

Model FSST; . SST(t) = CT(t) * SST(T()) (47)

The same structure as in equation 4.7 can be used for a forecast model using the mixed layer
depth to forecast the SST:

Model Fy : SST(t) = Cas) * dmia(To) (4.8)

A statistical forecast model using the SST and the mixed layer depth d,,;, is much more
complicated, because no linear interactions of the SST and the mixed layer depth d,,;, can
be retained. However for a first crude estimate of the forecast skill a simple linear approach
should be sufficient:

Model Fd,SST i SST(t) = Cd(t) * dmm(T()) + CT(t) * SST(T()) (49)
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The empirical coeflicients Cr(; and Cyyy in equations 4.7 and 4.8 are in principle determined
by the lag correlations between the SST or d,,;, of the forecast month and those of the
predicted month and the standard deviation of the quantities. However, all parameters for
the different forecast models have been calculated by a black box fit routine, which minimizes
the squared error of the forecast model over the 300 years of the M IX jynamic simulation for

each model grid point.

4.3.2 The skill of the simple statistical forecast models

In order to determine the skill of a forecast model, one usually compares the variance of the

SST with the variance of the forecast, which leads to the following equation:

2

ol
. forecast
still =l — m (410)

Where 0%y is the variance of the SST for the predicted month and J?orecast is defined as:

all forecasts

F = Y (SST(t) — F(t,SST(to), dmis(t0)))* (4.11)

Uforecast

0% orecast 15 therefore the variance of the SST relative to the statistical forecast model
F(t,SST(ty), dmiz(to)). The skill Qg is close to 1.0 if the statistical forecast model
F(t,SST(to), dmiz(to)) is close to the observed (simulated) SST and it is near to or less
than zero if the statistical forecast model F'(t, SST(ty), dmiz(t0)) is relatively far away from
the observed (simulated) SST.

The skill Qi of the statistical forecast models in the M1Xgynomic simulation can be
determined by equation 4.10 and equation 4.11 using the 300 years of the MIXgnumic
simulation. The skill Q,;; has been calculated for forecasts starting in the months May,
September, December and March as Ty and predicting the next four months. The parameters
for the forecast models have also been determined by the 300 years of the MIXgy,amic
simulation.

In order to compare the different statistical forecast models the skill Q iy for the four
different starting months at a model grid point in the Pacific is shown for all forecast models
in Figure 4.9. This grid point was chosen because it nicely shows the seasonal differences in
the forecast skill of the different forecast models. The spatial structure of the forecast skill
Qqrinn for the forecast models Fsgr,, Fy and Fygsr predicting three month in advance are
shown in the Figures 4.13 (for the staring month March), 4.14 (May), 4.15 (September) and
4.16 (December).

The comparison of the forecast models using SST only (Fss,, Fsst, and Fggr,) shows
that the different forecast models have similar skill, which indicates that the forecast skill
of the SST is mainly due to the persistence of the SST. However, the skill of the forecast

models is very different for different starting months. The skill of the forecast models is
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Figure 4.9: The skill Q. of the different statistical forecast models for four different starting
months at a model grid point in the Pacific(lat. = 45°N,lon. = 180°F ). For details see text.

largest in the winter period and in the beginning of the spring. The skill is still high for
three to four months forecasts in winter but, it drops very fast at the end of the spring
period. The forecast skill in summer is relatively low and is not significantly different from
zero for three and four months forecasts. For the fall period there is almost no forecast skill
using the SST.

Before we can discuss the differences of the forecast models, it has to be shown that the
increased forecast skill of the forecast models based on empirical parameters like the Fggpo
and Fy ggr models is not due to an artificial forecast skill. This is because the parameters
for the statistical forecast models have been determined from the same 300 years of the
M I X gynamic simulation for which the skill (in the following called @,£;;-300) has been deter-
mined. In order to determine how much of the improved forecast skill of the model F gg7 is
artificial, the parameters for the model F; g7 have been calculated for only 250 years of the
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text.

MIX gynamic simulation and the skill @,y has been calculated for the remaining 50 years
of the MIX jynami. simulation (in the following called @,r;-50). This has been done for six
different 50 years time intervals of the MIX jynami. simulation and the results are shown in
Figure 4.10. The six different estimates of the skill are now free of artificial forecast skill,
because the parameters and the skill for the model Fy;gsr have now been calculated for
independent time intervals.

The mean of the six different estimates of the skill Q,z;-50 is just a little bit smaller
than the skill @ ,:;-300, which indicates that the increased skill of the model Fyy gg7 relative
to the forecast models using SST only is not due to artificial skill.

By construction the forecast model F; ssr has more free parameters than the model Fggr,
and must therefore have a larger skill than the model Fsgr,. However, the small difference
between the mean of the skill Q,;-50 and the skill @ ;-300 indicates that the increased
skill of the model Fygg7 due to the additional parameters for the mixed layer depth, is
mainly not artificial. We can therefore assume that the skill of the different forecast models
shown in Figure 4.9 are significantly different, if the difference is larger than the thickness
of the lines.

The forecast skill of the combined forecast with SST and mixed layer depth increases
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only in the summer and fall periods. The forecast skill in fall is almost entirely due to the
mixed layer depth anomalies, while the forecast skill in summer is due to both the SST and
the mixed layer depth anomalies. In order to understand the different characteristics of the
forecast skills one has to take a closer look at equation 3.7.

The influence of d,,;, anomalies on the SST change can be studied by examining the
derivative of equation 3.7 with respect to d,,;,. For the calculation of the derivative of
equation 3.7 it can be assumed that the quantities F,, Fy, h, and h, are not depending on
dmiz, Which is true for F, while it is only a crude assumption for the other quantities. This

leads to the following equation:

d F,—F,H
—SST =2 B 854 .. 4.12
? ar 55 d??'ri.?:h"? ( )

In Figure 4.11 the climatological mean values of the terms F,, F,H, d2, h,,
Odmiz(standard deviation of d,.;;) and the right hand side of equation 4.12 are shown. In
comparison to the right hand side of equation 4.12 the standard deviation and the mean
change of SST per month are shown.

The forecast skill of the SST is mostly due to the persistence of the SST anomalies. The
skill of the forecast model with SST only should therefore be largest if the relative change
in the SST is small. Therefore, the seasonal differences of the forecast model using SST
only can be understood by comparing the standard deviation of the monthly SST and the
mean change of SST per month. In the winter and early spring the change in SST is small
compared to the standard deviation, which leads to relatively high forecast skill in these
times of the year. In summer and particularly in fall the change in SST is relatively large,
which leads to the low forecast skill of the forecast model using SST only.

The seasonal differences of the forecast models using the mixed layer depth d,,;, are
represented by the right hand side of equation 4.12. During the winter and spring the
influence of the mixed layer depth on changes in SST is relatively weak compared to the
mean change of SST per month, while it is relatively large during the summer and fall. In
order to understand the different behavior for the different seasons one has to take a closer
look at the terms of the right hand side of equation 4.12. Although the surface buoyancy
flux F,, the mechanical energy input F,, and the standard deviation of the mixed layer depth
dmiz are large in winter, the effect for the change in the SST is compensated by the large
mixed layer depth during the winter and early spring. In summer and fall the small mixed
layer depth makes the SST more sensitive to the surface buoyancy flux F,, mechanical energy
input F, and more sensitive to mixed layer depth anomalies. In summer the effect of the
surface buoyancy flux F, is dominating the change of SST, while in fall the mechanical energy
input Fj, is most important.

Although the crude estimate of the influence of the mixed layer depth on changes in SST
with equation 4.11 gives a good account of the main characteristics, the temperature profile

underneath the mixed layer has not been considered.
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Figure 4.11: The climatological mean values of the terms F, (light shaded) and F,H,, (dark
shaded) in the upper left plot, d2,; h, (thick line) and ddy;,(standard deviation of d,,;;) in
the upper right plot and the right hand side of equation 4.12 in the lower plot. In comparison
to the right hand side of equation 4.12 the standard deviation and the mean change of the

SST per month are shown. For details see text.

The schematic diagram in Figure 4.12 illustrates the relation between the effective heat
capacity of the ocean for the dynamical equations 3.7 and 3.9 and the change in SST or in
the mixed layer depth. The shaded area indicates the effective heat capacity of the ocean.
A small change in the SST or in d,,;, will in general move the point defined by the SST and
domie along the dashed line.
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Figure 4.12: Sketch to illustrate the relation between the change in SST and mixed layer

depth in winter and summer.

In winter the temperature gradient beneath the mixed layer is relatively small. A change
in the mixed layer will then have no strong influence on the SST or the effective heat
capacity of the M 1X 4, q0mic model, which explains why the mixed layer depth anomalies are
not important for the SST development in winter. On the other hand a change in SST will
change the mixed layer depth significantly, which leads to the fact that the SST and mixed
layer depth anomalies are highly correlated in winter.

In summer the temperature difference between the mixed layer and the sub-mixed layer
is very large, and a change in the mixed layer depth will have a strong effect on the heat
capacity in the MIXnamicmodel, whereas a change in the SST has almost no influence on
the mixed layer depth. This explains why the mixed layer depth anomalies are important in
summer.

The skill of the different forecast models is not only varying with the season, but it
also has significant spatial structure. The local differences in the forecast skill are shown
in the Figures 4.13 (for the staring month March), 4.14 (May), 4.15 (September) and 4.16
(December). The Figures show the forecast skill of the models Fsgr,, Fyssr and Fy for
predictions made three month in advance. A temporal interval of three months was chosen,
because it nicely shows the differences in the forecast models.

In spring and winter the skill of the forecast models Fggp, and Fy ggr are similar, while
the skill of the F; model is not significantly different from zero, with the exception of the
higher latitudes of the North Atlantic, where the F; model shows some skill. In fall, the
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F4ss7 model is much better than the Fggp, model over almost the entire domain. While
the Fggr, model has almost no forecast skill in the midlatitudes, the F,; model shows some
skill in the midlatitudes.
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Figure 4.13: The skill Qin of the statistical forecast models Fsgr,, Fq and Fy gs7 predicting

three month in forward starting at the month March. For details see text.
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Figure 4.14: The skill Q .y of the statistical forecast models Fsgr,, Fyq and Fy ggr predicting

three month in forward starting at the month May. For details see text.
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Figure 4.15: The skill Qa1 of the statistical forecast models Fggr,, Fy and Fy gsr predicting

three month in forward starting at the month September. For details see text.
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Figure 4.16: The skill Q:n of the statistical forecast models Fsgr,, Fy and Fqsgr predicting
three month in forward starting at the month December. For details see text.
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4.4 Summary and discussion

In this chapter, I have focused my analyses on a comparison of different model simulations
with the observations in order to test whether the large-scale SST variability in the mid-
latitudes of the Northern Hemisphere is consistent with the Null hypothesis, presented by
Hasselmann’s stochastic climate model (1976). From the comparison of the different model
simulations with the observations, the conclusion has been reached that the SST variability
in the midlatitudes is significantly different from Hasselmann’s simplest stochastic climate
model (AR-1 process) and that the processes in the ocean which are responsible for these

differences can be identified.

The conclusions are based on two basic findings: First, the comparison of the different
simulations with the observations shows that the simulations with the fully dynamical ocean
models and the observations are significantly different in terms of the large-scale features
of the SST variability compared to the simple MIX5y or MIX, 450, simulations. Second,
the statistical test of the spectral distribution of the SST variability in the different models
revealed that only the simple M1X5y or M1X,.450n simulations can be regarded as AR(1)-
processes, while in all other simulations the spectral distributions of the SST variability are

significantly different from the spectral distributions of the AR(1)-processes.
In addition to the unrealistically enhanced SST variability in the M I X5, simulation, the

redness of the SST, which describes the increase of the SST variance with increasing periods,
is also much larger in the M I X5y simulation than in the observations. Although the overall
variance of the SST variability in the M1 X5 simulation is larger than in the observations,
the large redness of the SST variability in the M I X5, simulation leads to much weaker SST
variability on monthly time-scales. In the realization of Hasselmann’s stochastic climate
model in the MIXj, simulation, the equation [3.1] for the integration of the atmospheric
heat flux has only one free parameter, the mixed layer depth d,,;,. Although a mixed layer
depth of about 50 meters is a realistic assumption, one may argue that, for a stochastic
climate model, a different mixed layer depth has to be chosen and the depth can be different
at different ocean locations.

However, tuning by changing the mixed layer depth cannot modify the characteristics
of the SST variability in the M I X5, simulation to be consistent with the observations. An
increase of the mixed layer depth to decrease the standard deviation of the SST leads to
further increase of the redness. A smaller mixed layer depth will increase the standard

deviation of the SST, which is inconsistent with the observations.

I have also tested the spectral distribution of the SST variability against the hypothesis
of an AR(1)-process. While it was found that the M I X5y and the M I X ,c050n simulations are
basically consistent with an AR(1)-process, the spectral distribution of the SST variability
in the simulations with fully dynamical ocean models are significantly different. This is

also true, although not to the same extent, for the M1X 4 nomi. simulation. The difference
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Figure 4.17: Sketch to illustrate the main characteristics of the spectral distribution of the
midlatitudes SST variability in the MIX jynamic simulation . See text for details.

between the AR(1)-process and the SST spectra in the simulations with fully dynamical
ocean models is characterized by a slower increase of the SST variance from the shorter
time periods to the longer time periods, which leads to increased variance of the SST on the
seasonal and the decadal time scale relative to the fitted AR(1)-process(see Figures 4.5). It
is interesting to note that this deviation is similar to the deviation of the spectrum of the
AR(1)-process relative to the spectrum of the monthly mean averaged AR(1)-process (see
Figures 4.5 and 2.3).

The missing physical processes that are causing the differences between the observed
SST variability and that simulated by the simple M X5, model are better represented in
the dynamical slab ocean model M 71X yynamic- In this model Hasselmann’s stochastic climate
model has been expanded by the introduction of a dynamical variation of the mixed layer
depth. The following physical processes improved the spatial and temporal structures of the
SST variability: wind induced entrainment of sub-mixed layer water into the mixed layer,
the seasonal cycle of the mixed layer depth, and the heat exchange between the mixed layer
and the sub-mixed layer ocean.

To summarize the characteristics of the large-scale SST variability in the midlatitudes,
it is instructive to illustrate the differences in the spectral distribution of SST between the
M1IX5o simulation and the MIX gy 4mic simulation. This is shown in the idealized spectra
of Figure 4.17. In all three plots the shaded area illustrates the spectral distribution of the
M I Xy, simulation, which is characterized by an AR-1 process. Compared to this AR-1
process the effect of the different processes in the MIX4ynamic simulation can be illustrated.

The dashed spectra in the left plot illustrates the spectrum of the SST if a heat flux to
the sub-mixed layer ocean is introduced. The spectrum of the SST is mainly decreased on
the interannual to decadal time-scale, which leads to a more realistic standard deviation and

also decreases the ’redness’ of the SST spectra.
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If we consider that the sub-mixed layer temperature has some interannual variability,
then the heat flux to the sub-mixed layer ocean is an additional noise integrating process for
the mixed layer, which is integrating the “red noise” of the sub-mixed layer ocean. In the
middle plot the solid line illustrates the spectrum of the SST if the temperature variability
of the sub-mixed layer ocean is considered for the heat exchange between the mixed layer
and the sub-mixed layer ocean. The spectral distribution is now significantly different from
an AR-1 Process with an increase to the SST variance from the interannual to the decadal
time-scales.

The solid line in the right plot illustrates the effect of the wind induced mixing. The
wind induced mixing entrains colder water of the sub-mixed layer ocean into the mixed layer,
and is therefore leading to temperature changes in the SST. This leads to the increased SST
variability on the seasonal time-scales and to the observed maximum of SST variability in
the regions of the storm tracks.

In addition to the three processes illustrated in the Figure 4.17 the seasonal cycle of the
mixed layer depth leads to a smaller persistence of the SST anomalies during the summer,
when the mixed layer depth is small, and to a larger persistence of the SST variability in
winter, when the mixed layer is very deep.

The analysis of the seasonal predictability of midlatitude SST anomalies in the
M1 X 4ynamic simulation has shown that the SST forecast skill varies significantly from season
to season and that the skill of the forecast in the midlatitudes in summer and fall can be
significantly increased by taking into account the mixed layer depth anomalies. The physical
processes which are important for the change of the SST due to mixed layer depth anomalies
are different in summer and fall.

In summer the mixed layer depth is mostly stable and shallow and the temperature
profile underneath the mixed layer is very pronounced (see Figure 4.12). Therefore a mixed
layer depth anomaly changes the effective heat capacity of the mixed layer, which changes
the integration of the present heat flux. The normally strong positive heat flux during the
summer period will in general warm the ocean. An anomalous deep mixed layer will lead to
decreased warming, due to the larger heat capacity of the ocean and will therefore lead to
negative SST anomalies and vice versa for anomalously shallow mixed layers. In winter the
strong negative heat flux cannot influence the SST as strongly as in the summer, because
the mixed layer in winter is much deeper and therefore the heat capacity is much larger.
Additionally, the temperature gradient beneath the mixed layer is relatively small, which
makes the heat capacity of the upper ocean almost independent of the mixed layer depth.

In fall the mixed layer depth is deepening, and associated with the deepening the me-
chanical energy input is dominating the change in SST during this season. An anomalously
deep mixed layer will slow down the deepening of the mixed layer, because of the larger
inertia of the increased mixed layer. Therefore, the entrainment of colder sub-mixed layer

water will decrease, which will lead to anomalously warm SST's and vice versa for anomalous
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shallow mixed layers.

In winter and summer the model seems to be realistic because all important processes are
simulated in the M1X4ynami. simulation. However, in fall and spring the model is missing
some important processes, which makes the interpretation of the results in those seasons
difficult, if not useless.

In spring the detrainment of the mixed layer is artificially introduced at a fixed time
step, while in the real world the detrainment of the mixed layer is caused by dynamical
interactions between the atmosphere and the ocean. This can lead to variable time evolutions
of the detrainment of the mixed layer during spring, which will lead to changes in the SST
development during this period.

In fall the deepening of the mixed layer is entraining the colder water of the sub-mixed
layer ocean. In the MIXgynami. simulation the temperature beneath of the mixed layer
is only represented by an exponential decrease of the SST, which makes it impossible to
simulate temperature anomalies in the sub-mixed layer ocean which are independent of the
instantaneous SST. However, in the real world the sub-mixed layer ocean can have temper-
ature anomalies which are independent of the instantaneous SST, which will be merged into
the mixed layer during fall and will have an influence on the SST which is not simulated in
the M 11X gynamic simulation.

Finally, I would like to compare the characteristics of the seasonal to interannual SST
variability in the midlatitudes with the SST variability of the tropical Pacific. In the trop-
ical Pacific the SST variability is dominated by the El Nifio Southern Oscillation (ENSO)
phenomenon. The ENSO phenomenon leads to increased predictability in the tropical SST
anomalies on the seasonal to interannual time-scale, which can only by simulated by fully
dynamical coupled ocean-atmosphere models, whereby the horizontal advection and wave
propagation of the ocean plays an important role. In my study I have shown that the SST
variability in the midlatitudes is also influenced by dynamical processes in the ocean but,
unlike in the tropical Pacific, the spatial and temporal structures of the SST variability in
the midlatitudes can be simulated by the local air-sea interaction. It is also found that the
SST variability is strongly influenced by the mixed layer depth variability. It can therefore be
concluded that the seasonal and interannual predictability of the midlatitude SST anomalies

can be significantly improved by the knowledge of the real mixed layer depth.



Chapter 5

Interannual to decadal variability in
the Tropical Atlantic

Although the database of SST in the tropical Atlantic is as good or better than in the
tropical Pacific, the variability of the SST in the tropical Atlantic is not as well understood
as in the tropical Pacific. This might be due to the fact that in the tropical Atlantic the
variability of the SST is weaker than in the Pacific. The latter is dominated by the El Nino
/ Southern Oscillation (ENSO) phenomenon. Although ENSO originates in the tropical
Pacific, it affects the global climate. The physical mechanisms responsible for ENSO are
well understood and ENSO forecast models have predictive skill up to approximately one
year in advance.

The same physical mechanism which produces the ENSO mode in the Pacific can also
produce an ENSO-like mode in the Atlantic, but due to the different basin geometry it is
expected to be much weaker than in the Pacific ( Zebiak 1993, Huang and Carton 1995,
Latif et al. 1996).

Analyses of rainfall data over Northeast Brazil (Moura and Shukla 1981), a region that
frequently experiences drought conditions, suggested that an interhemispheric dipole in the
tropical Atlantic SST anomalies have a major impact on the rainfall in this region. The
rainfall is strongly related to the position of the Intertropical Convergence Zone (ITCZ) in
the early boreal spring, which in turn may be related to anomalous SST patterns.

Several EOF analyses of SST anomalies based on monthly or annual mean data found the
interhemispheric dipole as one of the first two EOFs. Houghton and Tourre (1992) analysed
a SST dataset of the tropical Atlantic for the period 1964-88 and found that the 2”¢ EOF is
associated with an interhemispheric dipole. However, a rotation of the first five EOFs reveals
that the variability in the northern and southern hemispheres cannot be characterised by
a dipole. The anomalies north and south of the ITCZ are not significantly correlated with
each other in this time interval (Houghton and Tourre 1992).

This is confirmed by the analysis of Enfield and Mayer (1997), who analysed a record
of SST of for the period 1950-92. They also analysed the correlation between the tropi-
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cal Atlantic SST anomalies and ENSO indices and found that the Atlantic is significantly
correlated with ENSO in the region 10°N -20°N with a time lag of about 4-5 month.

Mehta and Delworth (1995) analysed observed box averaged SST anomalies in the tropical
Atlantic in both a 100 years data set and a 100 years simulation with a global general
circulation model. They found two time scales of variability that significantly stand out
above the background red noise. One type of variability with a time scale of approximately
8 to 11 years is characterised by independent variability to the north and south of the equator.
The other type of variability has a time scale of approximately 12 to 20 years and consists
of a dipole. However, Mehta (1998) found in a later study, by performing a reanalysis of the
100 years of SST observation of the tropical Atlantic, that there is no cross-equatorial dipole
mode at any time scale in the tropical Atlantic.

Chang et al. (1997) studied the relationship between SST, wind stress, and net heat
flux anomalies for this region. Additionally they used a coupled ocean-atmosphere model to
examine the role of local air-sea interactions. They identified that the tropical SST dipole
can be attributed to an unstable thermodynamic ocean-atmosphere interaction. They found
a realistic parameter regime with a self sustained interdecadal oscillation of an interhemi-
spheric dipole pattern. The oscillation can be described as follows: Suppose the northern
tropical Atlantic exhibits a positive SST anomaly and that the southern tropical Atlantic
a negative one. Then, the wind stress in the north will be weakened and that in the south
strengthened. The resulting surface heat flux anomalies in both poles will reinforce the initial
SST anomalies, which is a positive air-sea interaction feedback. The meridional advection
of heat anomalies by the steady ocean currents will act as a negative feedback in both poles.
Together the positive and negative feedbacks give rise to a self sustained interdecadal oscil-
lation. Results from forecasts experiments with the same coupled ocean-atmosphere models
show predictability skill for several years ahead (Chang et al. 1997).

In a recent study Penland and Matrosova (1998) analysed the predictability of tropical
Atlantic SST anomalies by linear inverse modelling of observed SSTs. They found that the
6-month influence function in the north and south tropical Atlantic tend to be of the opposite
sign and evolve into a clear dipole, when the analysis is confined to the tropical Atlantic
only.

However, the existence of a distinct time scale or the existence of the dipole as a dominant
mode of SST variability is still controversial. The observations of tropical Atlantic SST
are limited in quality, and, in particular, in length. Therefore, it is questionable whether
the existence of a decadal ocean-atmosphere interhemispheric dipole mode can be proven
simply by analysing SST observations. For a better understanding of the processes which
produce the observed SST anomalies, other quantities such as net heat flux, wind stress,
and subsurface temperatures may be useful, but measurements of these quantities are rare
in space and time, and are limited in quality.

Simulations with Coupled General Circulation Models (CGCMs) may provide additional
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insights into the dynamics of the SST variability in the tropical Atlantic. Although the
CGCMs do not model the climate system correctly in all respects, they have the advantage
to provide all important quantities without spatial and temporal gaps and with equal qual-
ity. The study is mainly based on Empirical Orthogonal Functions (EOF) analyses of the
observed SST anomalies and those simulated by four different CGCMs. It will be shown
that the tropical Atlantic is dominated by SST variability, which is centred in the north-
ern and southern trade wind zones. Furthermore, it will be shown that the centres in the
northern and the southern trade wind zones are mainly independent of each other, and that,
therefore, an interhemispheric dipole does not exist for time scales less than 25 years. A
combined analysis of the SST, wind stress and the net heat flux anomalies indicates that
the variability in the tropical Atlantic is induced by atmospheric forcing and that dynamic
feedbacks of the ocean are less important.

Additionally experiments with an Atmospheric General Circulation Model (AGCM)
forced by prescribed SST anomalies and coupled to a slab ocean model were performed.
The results of these experiments support the results of the CGCM simulations and those
obtained from the SST observations.

This chapter is organised as follows. The results of the analyses of the observed SSTs
are presented in the following section. I describe the results of the CGCMs simulations in
section 5.2. The role of the surface heat flux is discussed in section 5.3. I present the result
of the AGCM-slab-ocean simulation in section 5.4. The forced experiments with the AGCM
are described in section 5.5. Finally the dominant structures of the SST variability in the
tropical Atlantic are compared to those of the tropical Pacific in section 5.6, while the paper
is concluded with a discussion of the main findings in section 5.7. The work presented in
this chapter will has been published in the Journal of Climate by the Dommenget and Latif
(2000).

5.1 The GISST observations

The following analyses are based on the GISST-data set which provides monthly mean SST's
for the period 1903 -1994 (Parker et al. 1995). The data were interpolated onto a 2.8125° x
2.8125° grid. The analysis will be restricted to the tropical Atlantic from 30°S - 30°N. The
monthly data were averaged to obtain annual mean data, and at each grid point the local
linear trend was subtracted.

The statistically dominant SST-patterns in the tropical Atlantic can be determined by
EOF analysis. Figure 5.1 shows the first two EOFs of the GISST observations explaining 33.8
% and 22.2 % variance of the SST variability respectively in the examined region. All in this
paper presented EOF-patterns have been normalised, so that the PCs of the EOF-patterns
have a standard deviation of 1.0.

EOF-1 is characterised by a uniform pattern with maximum values near the eastern
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Figure 5.1: a) Leading EOFs of the GISST observations, explaining about 34 % of the
variance. b) second most energetic EOF, explaining about 22 % of the variance. c) and d)

spatial distribution of the explained variance for EOF-1 and EOF-2 ,respectively.

boundary. EOF-2is characterised by a north-south dipole, with centres of action in the region
of the trade wind zones. The 3rd and 4th EOFs (not shown) have maximum variability at
the northern (30°N) and southern edges (30°S) of the examined region ; they explain only a
few percent of the variability in the tropical Atlantic and are of minor interest. The variance
explained by EOF-1 shows a maximum region close to the equator. The variance explained
by EOF-2 is largest in the two centres of the dipole.

Figure 5.2 shows the spectra of the corresponding principle components PC-1 and PC-2.
The spectra of the PCs are tested against the hypothesis that the spectra are produced
by a first order auto-regressive process (red noise spectra), and a 95% confidence level for
accepting the red noise hypothesis is also shown. This hypothesis was introduced by the
stochastic climate model of Hasselmann (1976). The spectra are in good agreement with the

red noise assumption, but have a slightly significant increase of variability for periods of 3 -
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Figure 5.2: Spectra of PC-1 and PC-2 corresponding to EOF-1 and EOF-2 in Figure 5.1.
The thin solid lines are the expected red noise spectra calculated as described in the text.
The dashed lines are the 95 % confidence level for the null hypothesis of a red noise spectra.

5 years for the PC-1.

As it shall be shown in the following, the SST anomalies in the regions of the maximum
trade winds cannot be explained by one single EOF pattern, but they have to be regarded
as a linear combination of the two leading EOFs. The pattern of the EOF-2 alone could lead
to the conclusion that variations north of the equator are anti-correlated with those south
of the equator. This, however, is not the case.

The correlations of the near global SST anomalies with box averaged SST anomalies
north and south of the equator are shown in Figure 5.3. The box north of the equator
shows significant correlations with SSTs at higher latitudes of the Atlantic, but it has no
significant correlation or anti-correlation with the south Atlantic. The box south of the
equator also shows a relatively local correlation pattern in the southern hemisphere of the
Atlantic. Both correlation maps lead to the conclusion that the SST anomalies in the
northern and southern trade wind zones of the Atlantic are not significantly correlated with
each other. Lag correlations of the two box averaged time series do not show either significant
correlations for lags shorter than 10 years.

The two boxes in the tropical Atlantic are significantly correlated with the SST anomalies
outside the Atlantic. The northern box is significantly correlated with the eastern Pacific
and Indian Oceans. The southern box has generally smaller correlations with SST anomalies
outside the Atlantic, but exhibits significant correlations in essentially the same regions as
the northern box. Most of the teleconnections are probably due to the ENSO phenomenon.
An exception is the correlation of the northern tropical box with the SST anomalies in the
northern Atlantic, which indicates that the variability seen these two regions is related. This

issue, however, will be discussed elsewhere.
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Figure 5.3: Correlation of box-averaged SST anomalies with near global SST anomalies.

Shaded areas are significantly non zero correlations at the 95 % confidence level.

Although the EOF-2 of the tropical Atlantic SST anomalies is a dipole pattern, the SST
anomalies in the two hemispheres of the tropical Atlantic are not anti-correlated with each
other. As indicated by the correlation patterns in Figure 5.3, it is likely that the variability
in the tropical Atlantic is dominated by two spatially separated patterns.

In addition to an ordinary EOF-analysis, a rotated EOF analysis can give a second set
of orthogonal basis vectors. One useful criterion for this analyses is the VARIMAX criterion
(Kaiser 1958, Kaiser 1959, and Richman 1986). The VARIMAX method for rotating EOF's
leads to the orthogonal rotation with the highest possible localisation of the SST pattern.
In other words, if an ordinary EOF-analysis distributes the variability of one region into
different EQOF patterns, as into EOF 1 and 2 of the analysis of the tropical Atlantic, the
VARIMAX method finds the rotation in which the variability of that region is concentrated
in one pattern as much as possible.

Applying the VARIMAX method 10 rotated EOFs have been computed. They were
obtained by an orthogonal rotation of the 10 leading EOFs. The stability of the two dominant
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Figure 5.4: VARIMAX rotated EOF' 1 and 2 of the SST of the GISST observations. Contours
and shading as in Figure 5.1.
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Figure 5.5: Spectra of the rotated EOF 1 and 2 shown in Figure 5.4.Thin lines and dash
lines in the spectra plots as in Figure 5.2. The right plot shows the correlation between the
rotated EOF 1 and 2 in subjection of the lag in time, while the northern patterns lags the

southern.

pattern have not been found to be influenced by the number of EOFs chosen, even if only
the first two EOFs were used for the rotation. The two leading rotated EOFs are shown
in Figure 5.4. The patterns of the two leading rotated EOFs are spatially well separated
and are almost equal to the two patterns obtained by the box correlation analyses shown
in Figure 5.3. The time series of the northern box has a correlation of 0.99 with the PC
of the leading rotated EOF and the southern box has a correlation of 0.98 with the PC of
the second rotated EOF. Figure 5.5 shows the spectra of the PCs of the two leading rotated
EOFs and the lag correlation between the two PCs. The spectra are consistent with a red
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noise spectra, although both spectra show marginally significant increases in the variability
at periods of 3 - 5 years. Furthermore, the two PCs are not significantly correlated for lags
up to nine years.

The rotation of the 10 leading EOF's shows that a major part of the SST variability can
be explained by two spatially separated and uncorrelated patterns. The patterns are centred
in the northern and southern trade wind zones of the tropical Atlantic. A similar result has
been obtained by Houghton and Tourre for a shorter SST-dataset (Houghton and Tourre
1992).

The question as to whether the two EOFs are degenerated statistically is not important
for the SST variability in the tropical Atlantic. The fact that the two leading EOFs can be
represented as two spatially well separated patterns with orthogonal time evolution is more
important physically. Suppose that the EOF-1 is separated statistically from EOF-2, which,
is almost the case in the GISST data set, then the two spatially separated patterns of the
rotation are not a possible EOF system, but they are still a orthogonal base which can be
used to describe the SST variability in the tropical Atlantic. Therefore, the dominance of
the EOF-1 can be understood as a weak interaction between the two rotated patterns, which
leads to the preferential EOF-system shown in Figure 5.1.

From a mathematical point of view the two representations of the SST variability are
equivalent, but it has to be considered that, from a physical point of view, the different
representations of the SST anomalies may lead to different explanations of the underlying
physical mechanisms. For example, in the representation of the SST variability based on
the two ordinary EOF-patterns, the SST anomalies are created by an equatorial mode and
an orthogonal (independent) dipole mode, which explain comparable amounts of variability
in the same regions. This may lead to the wrong conclusion that the tropical Atlantic SST
variability is dominated by a dipole pattern. However, it has been shown that the two poles
are not significantly anti-correlated with each other. Therefore, the patterns of the first two
ordinary EOF's are not the best basis on which to explain the SST anomalies in the tropical
Atlantic.

In the rotated representation the leading ordinary EOF, which has its maximum at the
thermal equator, is a superposition of the two leading rotated EOFs. Therefore, there is no
real dominant equatorial pattern in the tropical Atlantic comparable to the one found in the
tropical Pacific, which is connected to the ENSO mode. In the following, the SST anomalies
in the tropical Atlantic will be represented by rotated EOFs only.
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5.2 The CGCM simulations

To examine interannual to decadal variability, a time series of 90 years may be too short
as it has been seen above. It could not be shown rigorously that the SST variability in
the northern and southern trade wind zones are independent of each other. Therefore, I

additionally analysed the outputs of simulations with CGCMs.
Although the General Circulation Models do not model the climate system correctly in

all features, they have the advantage to provide all important quantities without spatial
and temporal gaps and with equal quality. It is possible, for instance, to analyse not only
SST anomalies, but also the surface heat flux and surface wind stress anomalies which may
produce them. The models are described in Chapter 3.

I analysed the outputs of four different CGCMs. For all four CGCMs the same analyses,
as performed for the GISST-data, were conducted. Figure 5.6 shows the two leading VARI-
MAX rotated EOFs of each of the four different CGCMs. On the left hand side shown are
the EOF with maximum in the northern trade wind zone are and on the right hand side the
EOF (rotated pattern) with maximum in the southern trade wind zone.

For the ECHAM4-HOPE2, the ECHAMS3-LSG and the ECHAM4-OPYC CGCM sim-
ulations, the differences between the two leading ordinary EOFs (not shown) and the two
leading rotated EOFs are negligible. The two leading ordinary EOF's of the GFDL simula-
tion are similar to the two leading ordinary EOFs of the GISST observations (see Figure 5.1).
However a rotation of the ordinary EOFs with the VARIMAX criterion finds the spatially
separated patterns (shown in Figure 5.6).

It is remarkable that all CGCMs show similar variability in the two leading rotated
EOFs. Similar to the analysis of the GISST data the stability of the two dominant pattern
of the CGCM simulations do not significantly depend on the number of EOFs chosen for
the rotation. In all data sets the two leading rotated EOFs are also found by using only
the first two EOFs for the VARIMAX rotation. The amplitudes are at comparable levels
and the patterns are very similar in all CGCMs simulations. The spectra of the PCs of the
two leading rotated EOF's of the four CGCMs are shown in Figure 5.7. None of the spectra
of the northern and the southern patterns show any significant differences relative to the
expected red noise spectra. I conclude from these analyses of the model simulations that
the dominant SST variability in the tropical Atlantic is not linked to a specific time scale.
In particular, there is no evidence for enhanced variability at decadal time scales, which was
found by several authors (Mehta and Delworth 1995, Chang et al. 1997). Furthermore, I did
not find much evidence for the existence of a tropical Atlantic dipole pattern in the CGCM
simulations.

The Pacific SST variability is dominated by ENSO, which is an equatorial mode of
variability. The dominant SST variability in the tropical Atlantic region is found in the

trade wind zones, and there is no dominant equatorial mode. This does not mean that
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there is no ENSO-like variability in the equatorial region of the Atlantic. Zebiak (1993) and
Latif et al. (1996) have shown that an ENSO-like mode exists in the Atlantic. This mode,
however, accounts for only a small fraction of the SST variability in the tropical Atlantic,
which is reflected in the fact that the two leading rotated EOF's in all data sets are centred

in the trade wind zones and not at the equator.
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Figure 5.6: The two leading rotated EOF of four different GCM simulations. For details see
inside the text. EOF patterns with the maximum in the northern hemisphere are on the
left hand side and the patterns with maximum in the southern hemisphere are on the right

hand side. Contours and shading as in Figure 5.1.
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Figure 5.7: Spectra of the PCs of the two leading rotated EOFs derived from the coupled
model simulations. The order of the spectra is equal to Figure 5.6 and the thin lines and

dashed lines are defined as in Figure 5.2
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COADS — DATA

Figure 5.8: Upper plots: Correlations between GISST SST anomalies and COADS surface
wind stress. a) Correlation of the SST anomalies in the northern box with the surface wind
stress anomalies b) correlation of the SST anomalies in the southern box with the surface
wind stress anomalies. Lower plots: Correlations between SST anomalies and surface wind
stress from the ECHAM3/LSG CGCM simulation. c) Correlation of the SST anomalies in
the northern box with the surface wind stress anomalies d) correlation of the SST anomalies

in the southern box with the surface wind stress anomalies.
5.3 Relationship of the SST anomalies to the wind

stress anomalies

The two leading rotated EOFs of the GISST observations are centred in the region of max-
imum trade winds. The same result was obtained from the CGCMs simulations. My hy-
pothesis for the generation of the SST anomalies in the centres of action is the following:

changes in the wind field lead to changes in the surface heat flux, which in turn drive the

SST anomalies.
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Figure 5.9: Lag correlation between net heat flux anomalies and the SST anomalies averaged

over the drawn boxes, based on annual mean data from the ECHAMS3-LSG simulation.

Figure 5.8 shows the correlations between the wind stress vector and the SST in the
northern and southern trade wind zones ( indicated by the boxes). The two upper plots
show the correlations of observed (COADS) wind stress anomalies with the observed SST
anomalies of the GISST dataset during the period 1945 - 1989. The lower plots show similar
analyses for the ECHAM3-LSG CGCM. The wind stress anomalies are correlated with the
SST anomalies in both trade wind zones. A positive SST anomaly is associated with weak-
ened wind stress in both trade wind zones, or vice versa. This strong correlation between the
wind stress and the SST anomalies may be the clue to the SST variability in the tropical At-
lantic. If ocean dynamics, such as wave propagation, convection, and advection are of minor
importance for the generation of the SST variability in the tropical Atlantic, atmospheric
forcing has to be the dominant process for producing SST anomalies. The correlations be-
tween the wind stress and the SST anomalies in the tropical Atlantic are consistent with the
picture that the ocean responds passively to changes in the atmosphere.

The lag correlations of the net heat flux and the SST anomalies are shown in Figure
5.9 as obtained from the ECHAM3-LSG CGCM simulation. When the net heat flux leads

the SST anomalies, the correlations inside the trade wind zones is positive, which acts to
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build up the SST anomalies. When the SST anomalies lead the net heat flux anomalies
the correlation inside the trade wind zones is negative, which will act to restore the mean
condition in the SST field. At lag = 0 the correlation of the net heat flux and the SST
anomalies in the trade wind zones is still positive in some regions, namely in the western
part of the northern trade wind zone and the northern part of the southern trade wind zone.
This may be explained by the wind field itself, which will transport the air to these regions.
The fact that the correlation is still positive and not zero indicates that there is a weak
positive feedback between the ocean and the atmosphere inside the trade wind zones, which
may be the reason why the trade wind zones are the regions of the strongest SST variability.
There is no evidence for an interhemispheric connection between the net heat flux and the
SST anomalies.

In summary it is likely that the changes in the wind stress field manifest themselves in
variations in the surface heat flux, which will force the SST anomalies, as discussed in Chang
et al. 1997.
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Figure 5.10: EOF 1 and 2 from the ECHAM3/mixed layer ocean simulation (upper plots).
Lower plots show the VARIMAX rotated EOFs

5.4 An ocean mixed layer model

The results of the analyses of the observations and the CGCMs simulations lead to the
conclusions that the SST variability in the tropical Atlantic can be explained by atmospheric
forcing only, and ocean dynamics are of minor importance. In order to test this hypothesis, I
coupled a mixed layer ocean model with the ECHAM3 atmosphere model. A more detailed
description of this model is given in section 3.3, where the so called MIX5, simulation
is described. The ocean mixed layer model does not carry (by construction) any ocean
dynamics. In such a model only the variations of the atmospheric heat flux can produce
SST anomalies. The mixed layer simulation can be compared directly to the ECHAM3-
LSG simulation which employs the same atmosphere model. The years 21 to 220 of the
M1 X5, simulation were analysed in the same way the CGCM simulations and the GISST

observations have been analysed.
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Figure 5.11: Spectra of the rotated EOF 1 and 2 from the ECHAMS3/mixed layer ocean

simulation.

The two leading EOFs of the SST variability of the mixed layer simulation are shown
in Figure 5.10. The patterns of EOF-1 and EOF-2 are similar to that derived from the
GISST observations. EOF-1 explains 21.0% and EOF-2 16.2% of the total variability in
the examined region. Therefore, the two EOFs are separated significantly. Nevertheless the
VARIMAX rotation of the 10 leading EOFs was applied. The two leading rotated EOF's are
shown in the lower plots of Figure 5.10. The two leading rotated EOF's are very similar to
those obtained from the GISST observations and the CGCM simulations. The spectra of
the PCs of the two leading rotated EOFs are shown in Figure 5.11. The northern pattern
exhibits increased variability for periods from 3 to 7 years, but overall the spectra of the
PCs of the two rotated patterns are consistent with red noise processes.

It can be concluded from the results of the mixed layer simulation that the dominant
SST variability in the tropical Atlantic is explained by atmospheric forcing only, and dy-
namic processes in the ocean, such as convection, advection and wave propagation, are not

important in producing the basic spatial structure of the SST variability.
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Figure 5.12: SST pattern for the atmosphere model simulations.

5.5 Atmospheric model forced by SST anomalies

To further investigate the connection between the SST anomalies and the atmospheric re-
sponse, several simulations with the atmospheric circulation model ECHAMS3 have been
carried out. In these simulations the atmosphere model is forced by different SST anoma-
lies. Five different simulations with different SST forcing have been conducted. A control
simulation was integrated for 20 years. It is forced with climatological SSTs which were
taken from the coupled ocean-atmosphere simulation with the ECHAM3-LSG CGCM. The
other four simulations were integrated for 10 years, each with the same SST field plus dif-
ferent constant SST anomaly patterns added. The added SST anomaly patterns are shown
in Figure 5.12. The SST anomalies are placed in the zones of maximum trade wind. The
amplitudes are chosen to be about twice the standard deviation of the SST anomalies in
these regions.

The purpose of the simulations is to analyse the effect that different SST anomalies in the
trade wind zones have on the state of the atmosphere. Using the results of the simulations
it is possible to study whether the response of the atmosphere is local or interhemispheric
and whether the atmosphere has the tendency to amplify or damp the SST anomalies.

The results for the change in the wind stress and the net heat flux are shown in Figures
5.13 and 5.14 . The plots show the differences of the 10 years mean values of the response
experiments and the 20 years mean values of the control run divided by the standard devia-
tion of the annual mean values of the 20 years of the control run. The units are in standard
deviations. Following a t-test, a change of 1.50 in the mean state over a 10 year period
represents a statistically significant change at the 95 % level.

In the upper left plot the simulation forced by the northern SST pattern is shown, the
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Figure 5.13: Results of the atmosphere model simulation, as described in the text. The plots
show the difference between the 10 years mean of the net heat flux for each simulation and
the 20 years mean of the net heat flux of the control run divided by the standard deviation
of the annual mean values of the 20 years from the control run. The units are in standard
deviation. The dashed line indicates the region with the changed SST for each simulation.

The lower right plots shows the superposition of three simulation results.

lower left plot shows the simulation forced by the southern SST pattern, and in the upper
right plot shows the simulation forced by the dipole (composed of the northern and the
negative southern SST anomaly pattern). The difference between the dipole simulation and
the sum of the simulations with the northern and the negative southern SST anomaly pattern
are shown in the lower right plot. This last plot provides an indication of the linearity of
the response. Although the atmospheric model is global, there is no significant change in
the wind stress field or the net heat flux outside the tropical Atlantic.
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Figure 5.14: Results of the atmosphere model simulation, as described in the text. The plots
show the vector difference between the 10 years mean of the wind stress for each simulation
and the 20 years mean of the wind stress of the control run divided by the standard deviation
of the annual mean values of the 20 years from the control run. The units are in standard
deviation. The dashed line indicates the region with the changed SST anomaly for each

simulation. The lower right plots shows the superposition of three simulation results.

A deviation from the climatological SST, results in a local negative feedback through the
net heat flux in the centre of the SST anomaly (see Figure 5.13), while at the western edge
of the SST anomaly pattern the net heat flux responses tend to create SST anomalies. In
both experiments the response in the net heat flux and the in the wind field is limited to the
region close to the SST anomalies and there is no significant interhemispheric response. It can
therefore be concluded from the experiments with the northern and southern SST anomalies

that the atmosphere responds locally to the SST anomalies and that SST anomalies in one
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hemisphere of the tropical Atlantic do not effect the other hemisphere.

The response in the net heat flux is mainly caused by a change in the latent heat flux,
while in the center of the SST anomalies the short wave radiative flux does also contribute to
the change in the net heat flux (not shown). The response of the latent heat flux is basically
due to the change in the strength of the trade winds which is caused by the warming over
the SST anomalies. The mean winds in the two regions with the SST anomalies are easterly
with a smaller component towards the equator. Thus, the response will lead to a weakening
of the wind strength (see Figure 5.14).

From these experiments it can be concluded that the variability in the two centres of the
trade winds is mainly driven by variations of the wind field, which will lead to a change in
the latent heat loss of the ocean. These results have also been found in several other studies
( e.g. Carton et. al. 1996, Wagner 1996)

The response of the atmosphere to an anomalous SST dipole (shown in the upper right
side of Figure 5.13 and 5.14) can be understood as the superposition of the two single SST
experiments with anomalies in the northern and southern trade wind zones. This is indicated
by the difference between the dipole experiment and the sum of the experiments with the
single northern and the single negative southern SST patterns shown in the lower right hand
side of Figures 5.13 and 5.14. From these experiments it can be concluded that there is
no specific atmospheric response to an interhemispheric SST anomaly dipole, which cannot
be explained by a superposition of the local responses to the single SST anomalies in the

northern or southern trade wind zones independently.
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5.6 Comparison of the tropical Atlantic with the trop-

ical Pacific

The presented analysis of the observed tropical Atlantic SST variability and of the CGCM
simulations has clearly shown that the dominant SST variability is centred in the two trade
wind zones, whereas the SST variability in the tropical Pacific is clearly dominated by the
equatorial pattern of the El Nino phenomenon. It therefore seems that the SST variability
in the tropical Atlantic and in the tropical Pacific are quite different, which may lead to the
conclusion that the source of the SST variability is different in the two oceans.

However, a comparison of the two leading EOF patterns can illustrate that the tropical
Atlantic and the tropical Pacific are still very similar. In Figure 5.15 the two leading SST
EOF patterns of the tropical Atlantic and the tropical Pacific are shown. The comparison of
the leading EOF's in the two oceans shows that in both oceans the first EOF is a monopole
centred at the equator with its maximum close to the equator and larger amplitude at the
eastern boundary of the ocean basin. The second EOF in both oceans is a dipole pattern
with the amplitudes centred in the trade wind zones. The only characteristic difference in the
two leading EOF's of the two oceans is that the EOF-1 of the tropical Pacific is significantly
stronger than the EOF-2 and stronger than the EOF-1 in the Atlantic. It therefore can be
concluded that the SST variability in the two tropical oceans is very similar and basically
consists of three dominant patterns, an equatorial El Nino like pattern and the two patterns
centred in the trade wind zones. I

In the tropical Pacific the equatorial pattern is the dominant pattern and the two pattern
centred in the trade wind zones are of minor importance. But in the tropical Atlantic the
equatorial pattern is not as strong as in the Pacific and the two pattern centred in the trade
wind zones are the most dominant patterns. In the orthogonal presentation of the dominant
SST variability in the EOF or the VARIMAX analysis it does not become clear that the
tropical Atlantic has three dominant pattern.

In order two illustrate that the tropical Atlantic has indeed an equatorial pattern, box
correlations of the observed SST are shown in Figure 5.15. The box correlations show
that the centres of the trade wind zones in the northern and the southern hemisphere are
basically uncorrelated, whereas the equatorial region is significantly correlated with both
trade wind regions. This indicates that an equatorial SST pattern exists which is influencing
the two patterns centred in the trade wind regions. However, in such a situation, in which
the dominant pattern are not independent of each other, an orthogonal presentation of the
dominant SST variability can not give a good picture of the SST variability. In section
2.1.2 a Monte Carlo example of such a situation has been discussed. The discussion in this
section shows that the SST variability in the tropical Atlantic may indeed be interpreted as
an interaction between an equatorial pattern and the two patterns centred in the trade wind

zones, whereas the pattern centred in the trade wind zones are mostly independent of each
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Figure 5.15: The upper three plots show the box correlation of the SST with the SST inside
the boxes. In the middle plots the two leading EOFs of the tropical Atlantic and in the
lower plots the two leading EOFs of the tropical Pacific are shown.

other.
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5.7 Summary and discussion

EOF analyses of annual mean SST from the GISST observations during the period 1903 -
1994 and of four different CGCMs simulations show consistent results. The dominant SST
variability is well represented by the two leading rotated EOF's for all data sets. The rotation
has been calculated with the VARIMAX criterion. In all data sets the two leading rotated
EOFs are centred in the two trade wind zones. The correlation between the SST fluctuations
in the northern and in the southern trade wind zones is not significantly different from zero.
An interhemispheric dipole or an anti-correlation of the SSTs in the northern and southern
trade wind zones, which could be important for rainfall anomalies in e.g. north-east Brazil,
does not exist. It can be concluded that the dipole pattern is an artifact of the EOF analyses
technique used. This has been confirmed by coupled model experiments, by an ocean mixed
layer experiment, and atmospheric response experiments. All of these experiments indicate
that ocean dynamics are not important in the generation of tropical Atlantic SST anomalies,

and that SST anomalies are forced by the atmosphere.
The ordinary EOF analysis of the GISST observations does not separate the two patterns

centred in the trade wind zones. EOF-1 is an overall monopole and EOF-2 a dipole (see
Figure 5.1 ). A rotation of the 10 leading EOFs with the VARIMAX criterion separates the
SST variability in the trade wind zones into two patterns with orthogonal time evolution.
The explained variances of the EOF-1 and EOF-2 of the GISST observations are comparable

over large regions in the tropical Atlantic.

Although the two leading EOFs of the GISST dataset are separated by one standard
deviation, the representation with two patterns centred in the trade wind zones is still
physically useful. The question whether the two EOFs are statistically degenerated or not
is of minor importance for the SST variability in the tropical Atlantic. The fact that EOF-1
and EOF-2 can be represented as two spatially well-separated patterns with orthogonal time
evolution is physically more important. Consider EOF-1 as statistically separated from EOF-
2, a fact that is almost statistically significant for the GISST observations and for the GFDL
simulations, then the two spatially separated patterns from the rotation are not a possible
EOF system, but they are still an orthogonal basis of the SST variability in the tropical
Atlantic. Thus, the dominance of EOF-1 can be understood as a weak interaction between
the two rotated patterns, which leads to the preferential EOF-system shown in Figure 5.1.
This weak connection can have different origins. Due to the fact that in both the GISST
observations and in the GFDL simulation EOF-1 has positive correlation coeflicients on both
hemispheres, a global non-linear trend can be responsible for the weak connection between
the two hemispheres. The influence of the ENSO mode from the Pacific, which is expected
to have equal signs in both hemispheres, may also be responsible for the weak connection.
The two patterns centred in the trade wind zones are not completely spatially separated,

but they overlap at the thermal equator and move with the seasonal cycle. Therefore, it is
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very likely that this connection at the equator leads to a weak interaction between the two
patterns.

The SST spectra in both trade wind zones are consistent with the assumption of red
noise spectra of AR(1) processes.

There has been a discussion whether the SST exhibits increased variability at decadal
time scales as found by Mehta and Delworth 1995 in the observations and in the GFDL
CGCM data. In this analysis no evidence was found for significantly enhanced variability at
decadal time scales. Although the spectra of the SST in the GFDL data and the observations
do show slightly enhanced variance at decadal time scales relative to the estimated spectra
of the AR(1)-processes , the spectra of the SST are still consistent with those derived from
AR(1)-processes, which is in agreement with a later work of Delworth and Mehta 1998.

The general agreement of the spectral distribution of the SST variability in all analysed
data sets with AR(1)-processes and the local structure of the two leading EOFs in all data sets
leads us to the conclusion that the ocean is responding passively to the atmospheric forcing
by simply integrating the atmospheric noise due to the large heat capacity of the ocean’s
mixed layer. This is the basic idea of the Hasselmann’s stochastic climate model. Therefore,
ocean dynamics, such as wave propagation, convection and advection are not important for
producing SST variability in the tropical Atlantic. [ would like to note, however, that this
conclusion is restricted to the models analysed and that I cannot exclude that all models
suffer from serious deficiencies. Furthermore, the SST observations available are rather short
to study decadal variability, so that some uncertainty remains.

The relationship between SST, wind stress and net heat flux anomalies in the tropical
Atlantic, as they have been found in analysing different simulations with an AGCM forced
by different SST anomalies, is consistent with this picture. Furthermore a simple mixed
layer ocean model coupled to an AGCM, which produces SST variability that is similar to
that simulated by complex ocean-atmosphere general circulation models supports the idea
that the SST variability is only a passive response to the atmospheric forcing and that ocean
dynamics, which are not included in the simple mixed layer ocean model, are not important.

Carton et. al. (1996) conducted a series of experiments with an ocean GCM modifying
surface forcing to investigate the nature of SST variability in the tropical Atlantic. They
found that local wind-induced latent heat loss was the most important term in regulating
interannual SST variability away from the equator, which is also consistent with my results.
They also found that ocean dynamics were most important at the equator. Although, an
equatorial pattern does not show up in my EOF analysis, the possibility that ocean dynamics
are important at the equator cannot be excluded. My analysis, however, shows that this
kind of ENSO-like variability does not account for a large fraction of the SST variability and
does not significantly effect the structure of the dominant SST pattern.

No evidence was found for an interhemispheric coupled ocean-atmosphere mode that

would imply increased predictability at decadal time scales as found by Chang et. al. (1997).
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Unfortunately, this limits (if correct) the predictability of the tropical Atlantic SST variabil-
ity and associated climate fluctuations to that derived from the persistence of the SST
anomalies.

In the past, analyses of the Atlantic variability have either concentrated on the tropics or
on the mid and higher latitudes. This differentiation was done because it was believed that
different kinds of physical mechanisms are important in the different regions. The results of
my analyses indicate that this is not the case.

It was found that the SST variability in the two hemispheres of the tropical Atlantic are
mainly independent, but that the rotated EOFs that are centred in the northern tropical
Atlantic are highly correlated to the first EOF of the SST anomalies in the midlatitudes of
the North Atlantic (from 20°N to 60°N) for all data sets.

If I finally compare the tropical Atlantic Ocean with the tropical Pacific, it can be found
that in the Pacific the equatorial variability dominates the SST variability of the tropical
region, while in the Atlantic the equatorial region does not strongly influence the dominant
SST patterns. Although the spectra of the EOF-1 does show some enhanced variance in the
interannual time scale (see Figure 5.2) the rotation of the EOFs does separate the equatorial
region into the two pattern centred in the trade wind zones. Thus the Atlantic and Pacific
differ only in the strength of the equatorial SST variability, while the SST variability in the

trade wind zones is similar in both oceans.



Chapter 6

Introducing an alternative technique

for AMIP-type simulations

In the analysis of climate variability the question is often posed how the atmosphere re-
sponds to a given SST anomaly, whereby it is not important what the source of the SST
anomaly itself is. In the past this question has often been analyzed by so called AMIP-type
simulations, in which an atmospheric model is forced by a given SST anomaly added to
an SST climatology and the response of the atmospheric model is then compared with a
simulation forced by the SST climatology only. The difference between the two simulations
is then assumed to be the response of the atmosphere to the given SST anomaly.

However, there are good reasons to believe that the response of the coupled ocean-
almosphere system can be very different. The main argument against the AMIP-type sim-
ulations is that they are uncoupled simulations using prescribed SST boundary conditions,
which is an unrealistic assumption. It has to be considered that in a coupled simulation
the variable SST and the different heat flux balance between the ocean and the atmosphere
can lead to a completely different response in the atmosphere. In particular, the assumption
that the SST variability can be prescribed and that the atmosphere is responding to the SST
seems to be very critical, because on shorter time scales the SST is mainly forced by the
atmosphere. A critical analysis of this problem can be found in Barsugli and Battisti (1998).
They propose that seasonal forecasts should be done with ensembles of AGCMs coupled to
a mixed layer ocean model instead of using AMIP-type experiments.

As a response to the criticism raised regarding AMIP-type simulations one can consider
introducing the SST anomaly pattern or the historical SST time series into a coupled slab-
ocean atmosphere model. In such a coupled simulation the SST can adjust and is mostly
driven by the atmosphere. A simulation in which the SST anomaly pattern is introduced
into the ocean mixed layer can still be a fully coupled simulation, and all of the problems
mentioned for the AMIP-type simulations are no longer relevant for this type of simulation.

In the following section I shall present how an SST anomaly pattern or historical SST

time series can be introduced in a coupled ocean mixed layer - atmosphere simulation and
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how the new technique performs compared to the normal AMIP-type simulations. The
following sections are mainly focused on the introduction of the new technique and not on
the discussion of whether or not the SST response experiments are useful. The discussion
in the following sections will indicate that the interpretation of the response to the forcing

SST anomaly pattern can be very difficult.

6.1 The set-up of the experiments

In an atmosphere model coupled to a slab ocean model an SST anomaly can be introduced
into the ocean mixed layer in different ways depending on the objective of the study. If the
response to a local SST anomaly is to be studied one can simply replace the slab ocean,
at the grid points at which the SST anomaly should be introduced, by a fixed SST which
includes the SST anomaly of interest. However, this set-up has the same disadvantages,
as the AMIP-type simulations, because at some grid points the SST is fixed again and the
ocean and atmosphere are not coupled. It is therefore better to keep the slab ocean coupled
to the atmosphere at all grid points and to introduce the SST anomaly in the ocean mixed
layer itself. This can be done by introducing an additional heat flux Fpsern to the equation

3.1, which leads us to the following equation:

1
( Cpp water D i )

The simplest approach for Fp,ter, Would be a constant value:

* (Fatmos i Fpattern) + ATd,’m (61)

d
ﬁSST =

Fpattern . Cflua: (62)

However, this may not be the most practical solution. In most cases one would like to study
the response of the atmosphere to a given SST anomaly pattern with a given amplitude. If
14
to get the desired SST anomaly pattern, and additionally Cyy,, has to be seasonally varying

attern 18 chosen as a constant heat flux, it is difficult to determine the right values for Cyy,,,

to get a realistic SST anomaly pattern in all seasons. On the other hand this approach
has the advantage that the coupled system is not damped and that the heat flux Fj,gcpr, is
independent of the state of the coupled slab ocean - atmosphere system, which makes it look
like a heat flux coming from the deeper ocean.

In most cases the following specification of Fp,uer, may be the most practical to study
the response of the atmosphere to a given SST anomaly pattern:

Fpattern - Cdamp * (SSTforc - SST) (63)

Here the Fjusern is a damping heat flux, which forces the SST with the strength of the
damping parameter Cyum, to the desired SSTy,,... The value of Cyypmy determines how close

the SST is following the given SST¥,... In principle this approach is an intermediate solution
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between keeping the SST fixed as in the AMIP-type simulations and leaving the coupled
system unaffected as in a normal coupled simulation.

To introduce a historical SST time series one can modify equation 3.1 to obtain:

d 1
— 58T = Foimos + AT + AT gno 6.4
dT (Cpp‘wntm-Dmi:n) * t ! ( )

Where AT,,, is the SST change in the historical time series at the given time step. The
resulting SST in the mixed layer will not exactly match the historical SST time series but,
depending on the strength of the heat flux F0, and depth D,,;,, the ensemble mean of the
SST in a set of integrations will be correlated to the historical SST time series on shorter time

scales. In this set-up the coupled system of the slab ocean -atmosphere is almost unaffected
and the added temperature change ATy, will look like a tendency coming from the deeper
ocean.

An important limitation of equation 6.4 is that only the change in the historical time
series is given to the mixed layer model at each time step, whereas no information regarding
the absolute SST anomaly of the historical time series is given to the mixed layer model.
This can result in a “wash out” of the long-term SST anomalies of the historical time series
due to the internal variability of the mixed layer, especially in those regions in which the
atmospheric heat flux is relatively strong compared to the mixed layer depth. In order to
account for the long-term evolution of the SST anomalies one can introduce a damping heat

flux into equation 6.4:

d 1
— 55T = Fa, mos I orcin ATC m AT'ano 6.5
dT (CppmuterDmin:) * ( ' i / g) * tim ( )

Here Fopeing is defined in the same way as for SST anomaly patterns in equation 6.3 :

Fforcing = Cdamp * (SSThistory - SST) (66)

Although the heat flux Ffpcing can force the SST to be close to the historical time series on
all time scales, the damping effect of Fy,cing is strongly changing the characteristics of the
coupled ocean-atmosphere system. The discussion in section 6.3 will show whether such a
damping heat flux can be useful, and if so when.

In order to test the new technique five different SST response simulations have been
carried out, with five different SST anomaly patterns, shown in Figure 6.1. Each of the five
experiments have been integrated for 10 years with the usual AMIP-type atmospheric model
and with the new set-up using the atmospheric model coupled to a slab ocean model. For
the new set-up the MIX,,,.ona model has been changed by replacing the equation 3.1 by
equation 6.1 and using equation 6.3 for Fygtern With Cyomp = 100w/ (mzK ). In order to get
the same amplitude of the SST anomaly pattern in both simulation configurations (AMIP
and coupled setup), the amplitude of the SST anomaly pattern has to be increased in the
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Figure 6.1: The SST anomaly patterns for the response experiments.

coupled configuration by a factor of about 1.2. The results of these experiment are discussed
in the following section 6.2.

In order to test the new technique for historical time series four ensemble experiments
have been conducted with the M I X,.,.0na model, in which equation 3.1 has been replaced by
equation 6.4, and the simulation was named M IXgrssr. For the historical SST time series
the years 1958-1994 from the GISST data set has been introduced globally. The results of

this experiment are discussed in the section 6.3.
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6.2 The general comparison of the atmospheric re-

sponse to the different SST anomaly patterns

In the framework of this thesis there is not enough space to adequately discuss the individ-
ual experiments physically. Therefore, I shall only take a short look at the results of the
experiments and leave a more comprehensive discussion to later studies. The analysis of
the response to the SST anomaly pattern will be focused on the comparison of the different
types of simulations.

In principle each of the five SST response experiments is connected to a different ques-
tion. The NINO pattern (see Figure 6.1) was taken from the observed SST of December
1997, which was the largest El Nifio event observed. Due to the fact that the teleconnection
patterns in the atmosphere as well as the associated SST anomaly patterns, are well known
for the El Nino phenomenon, the response of the simulations can be validated with observa-
tions. The two patterns PACI and ATLA are both the leading EOF of an ocean basin-wide
EQOF analysis based on 320 years of detrended annual mean 20-60 years band pass filtered
SST from the CGCM simulation ECHAM-LSG.

The NINO, PACI and ATLA patterns do not reflect the internal variability of the
MIX,as0n simulation. However it may be that the MIX,. ..., model is more sensitive to
patterns that resemble the internal variability patterns of this model. Therefore the patterns
NPAC and NATL has been chosen additionally. Both have been derived from EOF-analysis
of the monthly mean SST anomalies of the MIX .40, simulation.

In Figures 6.2(SST), 6.3(net heat flux), 6.4(sea level pressure) and 6.5(300mb height)
the responses to the different SST anomaly patterns are shown, and each Figure shows the
response to all five SST anomaly pattern in a different quantity.

The response to the NINO SST anomaly pattern in the AMIP-type simulation and in the
mixed layer simulation are very similar, and both are similar to the observed teleconnection
patterns associated with El Nifio. In particular the change in the sea level pressure over the
Pacific resembles the typical response of the Southern Oscillation and the pressure decrease
over the North Pacific is also simulated in both experiments. The response in the heat flux in
the AMIP-type simulation and the response in the SST in the mixed-layer simulation are also
in good agreement with the observed teleconnections in the SST. Overall, the responses to
the NINO SST anomaly pattern basically show that both types of simulations are producing
a realistic responses to the given tropical SST anomaly.

In a general comparison of the responses to all the different SST anomaly patterns, it can
be said that the responses to the NINO, PACI and ATLA SST anomaly patterns are very
similar in the AMIP-type simulation when compared to the mixed layer simulation, while
the responses to the NPAC and NATL SST anomaly patterns are very different between the
AMIP-type simulation and the mixed layer simulation. It has therefore to be concluded that

the response of the atmosphere to a given SST anomaly pattern can indeed be very different
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in a coupled simulation, and that the interpretation of the response to a SST anomaly pattern
in AMIP type simulations may be very critical.

The comparison of the 300mb height responses shows that the response in the atmosphere-
mixed-layer simulation is in general much larger if a SST anomaly pattern is introduced
which does not resemble the internal variability of the MIX-season simulation (like NINO,
PACI, ATLA). This indicates that the response of a coupled model to somehow artificial
SST anomaly pattern is very different compared to the response to SST anomaly patterns
of the internal variability. It therefore has to be taken into account that the response of
the atmosphere-mixed-layer simulation to a SST anomaly pattern taken from other coupled
systems or the observations can be purely artificial and may not give any information about
how the other coupled system or the real world would respond.

One of the advantages of the mixed layer set-up is that the SST itself can respond to
the introduced SST anomaly pattern, while in the AMIP-type set-up the response in the
SST can only be estimated by the heat flux response. The response in the heat flux can in
general only give the direction in which the SST will develop, but the amplitude to which
the SST anomaly will change cannot be determined. A comparison of the responses to the
NINO-pattern shows that the AMIP-type simulation has a large remote response in the heat
flux, while the mixed-layer simulation has mostly no remote response in the heat flux. This
is mainly due to the fact that the SST in the mixed-layer simulation is responding to changes

in the atmosphere, which compensates the changes in the heat flux.
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Figure 6.2: The response to the different SST anomaly patterns in the SST. The plots on
the left side show the response in the mixed layer simulation and the plots on the right side

show the response in the mixed layer simulation minus the SST anomaly pattern.
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Figure 6.3: The response to the different SST anomaly patterns in the net heat flux. The
plots on the left side show the response in the AMIP-type simulation and the plots on the

right side show the response in the mixed layer simulation.
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Figure 6.4: The response to the different SST anomaly patterns in sea level pressure. The
plots on the left side show the response in the AMIP-type simulation and the plots on the

right side show the response in the mixed layer simulation.
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Figure 6.5: The response to the different SST anomaly patterns in 300 mb height. The plots
on the left side show the response in the AMIP-type simulation and the plots on the right

side show the response in the mixed layer simulation.
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Figure 6.6: [The standard deviation of GISST, MIXcqson, MIXgr1ssT and the added stan-
dard deviation of M1X,eq50n and GISST SST.] The standard deviation of the GISST forcing
SST, the MIX 4oas0m simulation, the M I Xgssr simulation and the added standard deviation
of the MIX-season and the GISST forcing SST.

6.3 The MIXgissT simulation response to a historical

SST time series

In the MIXgrger simulation the internal variability of the mixed layer together with the
introduced SST forcing leads to a change in the standard deviation of the SST variability.
If the two types of SST variability would simply be additive, the standard deviation of the
SST in the MIXgr997 simulation should be:

o[MIXarss7] = \/ 0 [MIXqeasom) + 02[GISST] (6.7)

In Figure 6.6 the standard deviations of the SST in the MIX,qs0n simulation (upper right
plot), in the MIXgrssr simulation (upper left plot), in the GISST observations (lower left

plot) and the linear superposition according to equation 6.7 (lower right plot) are shown.
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Figure 6.7: Correlation between the SST of the M I X¢grgsr simulation and the forcing SST.

The comparison of the linear superposition and the standard deviation of the SST in the
MI1Xgrssr simulation clearly shows that the SST variability is not just the linear super-
position, but it is strongly damped in those regions in which the standard deviation of the
GISST forcing is much larger than the internal variability of the M X cs50n simulation.

The introduction of the GISST SST anomalies into the mixed layer of the MI1X, ..0n
simulation acts like an additional external forcing to the mixed layer. The sensitivity of the
coupled system to additional forcing depends on the strength of the atmospheric heat flux
and the depth of the mixed layer. In regions in which the atmospheric heat flux is relatively
strong compared to the mixed layer depth, the coupled system will wash out the external
forcing of the GISST SST, while in those regions in which the mixed layer depth is relatively
deep and the atmospheric heat flux is relatively small, the external forcing of the GISST
SST will be relatively dominant.

In Figure 6.7 the correlation between the SST of the MIXgrssr simulation and the
GISST SST forcing is shown. It can be seen that the correlation has a pronounced spatial
structure, which reflects the sensitivity of the coupled system to additional forcing.

In order to see how the SST of the M1 X597 simulation is correlated to the forcing on
different time scales, a cross spectral analysis between the simulated SST of one integration
and the forcing SST of the central north Pacific (Lat : 35°N — 45°N, Lon : 170°E — 160°W)
has been performed, which is shown in Figure 6.8.

The results using one single integration of the MIXgssr simulation indicate that the
SST of the MIXgrssr simulation gets less correlated with the forcing SST the longer the
time scale. The SST of the M1 Xgrssr simulation is in phase with the SST of the forcing
for shorter time scales, it gets out of phase for longer time scales. The same characteristics
can be found for the mean of the four MIX¢grssr simulations, but the coherence between
the mean SST of the four simulations and the forcing SST is significantly higher on shorter
time scales.

In equation 6.4 the forcing SST is only introduced by the temperature change per time
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Figure 6.8: Cross spectral analysis of the SST of the MIXgrssr simulation in the north
Pacific.

step, whereas no information about the absolute temperature of the forcing SST is given
to the coupled model. Therefore, the internal variability of the mixed layer of the ocean is
washing out the forcing SST on longer time scales.

In order to get a clear picture of how the forcing SST gets altered in the mixed layer
simulation a simple Monte Carlo experiment can be instructive. The structure of the Monte
Carlo experiments are similar to the one discussed in section 4.2.4, with the exception that
now the equation 6.5 is used to study the SST integration of the historical SST time series.

In Figure 6.9 the cross spectra of three different Monte Carlo experiments are shown. The
dashed lines present a Monte Carlo experiment with Ff,.ing = 0, which is comparable to
the MIXqg1ssr simulation. This Monte Carlo experiment clearly shows that the simulated
SST gets out of phase for longer time periods and the coherence between the simulated SST
and the forcing SST gets smaller for longer time periods. The negative phase relation for
longer time periods indicates that the simulated SST leads the forcing SST, which is due to
the fact that the atmospheric forcing is always damping the forced SST anomalies, which
leads to an earlier decrease of SST anomalies and therefore to an apparent phase lead with
the simulated SST.

In order to correct for the long time scale mismatch of the simulated SST relative to
the forcing one could introduce a damping heat flux Fyopeing Which would force the SST
on longer time scales to fit the forcing SST. The solid lines in Figure 6.9 present the cross

spectra of a Monte Carlo experiment in which such a heat flux Ffopcing has been introduced
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MC integrations with different set-ups
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Figure 6.9: Cross spectral analysis of a Monte Carlo simulations. See text for details.

in equation 6.5. The Monte Carlo experiment clearly shows that the simulated SST is
now mostly in phase with the forcing SST and that the coherence between the simulated
SST and the forcing SST is increasing for longer time scales. Although the forcing SST is
very well reproduced in this experiment the result has been achieved at a high price. The
comparison between the spectral variance of the simulated SST with spectral variance of the
forcing (shown in left plots) indicates that the SST variability in this simulation is strongly
damped.

The dotted lines in Figure 6.9 represent the cross spectra of a Monte Carlo experiment in
which only a heat flux Fy,ping Was introduced in equation 6.5 and the temperature change
AT,,, has not been introduced. In this Monte Carlo experiment the correlation of the
simulated SST is high for longer time scales and very low on short time scales, whereas the
simulated SST is in phase on longer time scales and out of phase for shorter time scales.
The comparison of the spectral variance of the simulated SST with the spectral variance of
the forcing SST indicates that, due to the smaller variance of the simulated SST on all time
scales, the forcing SST is only simulated with a strongly damped amplitude.

From this Monte Carlo experiment study one has to conclude that the introduction of
a heat flux Ff,pcing is not significantly improving the simulation of the historical SST time
series. However, the introduction of the damping heat flux Ffopcing may be useful for those
regions in which the correlation between the simulated SST and the forcing SST is very
low (see Figure 6.7). One could therefore consider the possibility of introducing a heat flux
Fforeing In equation 6.5 with a spatially variable damping constant Cyymy to compensate for
the low correlations in some regions.

In Figure 6.10 the cross spectral analysis of a single Monte Carlo integration and the
mean SST of an ensemble with 10 members are compared. The comparison shows that
the coherence of the mean simulated SST with the observations becomes higher on all time
scales and that the spectral variance of the simulated SST becomes very close to the spectral
variance of the forcing SST. However, the phase relation between the simulated and the
forcing SST has not changed. It has therefore to be concluded that the drift in the phase
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Figure 6.10: Monte Carlo comparison of the ensemble mean and the single integration. See

text for details.

relation is a fundamental problem, which cannot be corrected by increasing the ensemble
size.

The drift in the phase relation between the simulated SST and the forcing SST arises
from the atmospheric feedback to the SST anomalies, which is in general damping all SST
anomalies on longer timer scales. If one assumes that the atmospheric heat flux is in principle

just damping, then the heat flux at the sea surface can be defined as:

Fotmos = _Cdamp * (SSTanomaly) (68)

If Fomos in equation 6.4is replaced by equation 6.8 and one ignores the term AT;,, then
one can derive an equation for the effective change of the SST:
d

ﬁSST = _Catmos * (SSTanomaly) + ACZ_'ano (69)

Equation 6.9 shows that the effective change in the SST is not just ATg,,. In order to get
the effective change in SST to be equal AT,,,, one has to build an effective forcing time

series which leads to an effective change in SST AT, cffect:

ATana—cffect . Catmos * (Tano) + AT'ano (610)

In principle the right hand side of equation 6.10 is not depending on the state of the system
and can therefore be determined in advance as a correction to the original time series.
The damping constant Cl,,,.s can be derived from the lag correlation of the SST in the
coupled M IX,.,.0n simulation. However, in practice the damping constant C,0s cannot be
determined exactly, but the following Monte Carlo simulation will show that the integration
with the corrected time series can still improve the simulated SST if the damping constant
Clatmos 18 only known within an error of 50%.

In the upper row of Figure 6.11 the cross spectral analysis of three different Monte Carlo

integrations are shown. The thick solid lines in the phase- and coherence-plot represent a
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MC integrations with forcing correction
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Figure 6.11: Monte Carlo cross spectra between the MC forcing and the corrected MC

forcing. See text for details.

Monte Carlo simulation in which the damping constant Cl,.s is perfectly known for the
correction of the forcing SST time series, whereas the dotted and the dashed lines represent
Monte Carlo simulations in which the damping constant C,05 has been varied by +/—50%.
First of all, the case with the perfect determination of the damping constant Cy.y,,05s indicates
that the correction of the forcing SST time series is correcting the phase and the coherence.

The two Monte Carlo simulations in which the damping constant C,;,,.s has been varied
by 50% indicate that even if the damping constant Cly,.s is not perfectly known, the phase
and the coherence can be corrected by some amount, depending on the degree of accuracy
to which the damping constant Cgysmos has been determined. Thus, if the initial time series
of our forcing SST is replaced with a corrected time series, the simulated SST will be better
correlated to the forcing SST on all time scales and the phase will be close to zero on all
time scales as well.

In the lower row of Figure 6.11 the cross spectral analysis between the MC forcing and
the corrected MC forcing are shown. The comparison of the two spectra shows that the
correction is basically increasing the long time scale variability in the forcing SST in order
to correct for the damping of SST anomalies on longer time scales due to the atmospheric

forcing.
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Figure 6.12: EOF-1 of the tropical Pacific SST in the GISST data set and in the MIXgrgsr

simulation.

6.3.1 El Nino in the MIXgrs57 simulation

The SST variability associated with El Nifio and its teleconnection patterns are the most
dominant and best understood phenomenon controlling the observed SST variability. El
Nino is therefore a good possibility to study the performance of the M1 Xgrssr simulation.

In Figure 6.12 the EOF-1 of the observed SST from the GISST data set and the EOF-1
of the MIXcrssr simulation are shown. The EOF-1 of the M1 Xgrssr simulation is signif-
icantly damped near the equator compared to the GISST EOF-1, which indicates that the
introduced SST anomalies from the GISST data set are strongly damped in those region in
which the internal variability of the M1 X .45, simulation is small. However, the comparison
of the two PCs, shown in Figure 6.12, indicates that the time evolution of the SST in the
M1IXgrsst simulation is basically following that of the GISST data set.

The correlation of the sea level pressure with the PC-1 of the MIXgrs5r simulation,
shown in Figure 6.12, also indicates that the atmospheric response to the SST is consistent
with the observed response. The Southern Oscillation and the intensification of the Aleutian
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Low over the North Pacific are especially well reproduced.

6.4 Summary and discussion

In this chapter an alternative technique to simulate the atmospheric response to given SST
anomaly patterns or historical SST time series has been introduced. In this new technique
the SST anomaly pattern or historical SST time series are introduced in the mixed layer
ocean model of the MTX,...0n simulation, and the response of the atmosphere is studied in
the coupled simulation. In addition, to simply introduce a fixed SST anomaly pattern or a
given historical SST time series, the mixed layer simulation offers many other possibilities.

The experiments have shown that the mixed layer simulations may produce a signifi-
cantly different response compared to that of the AMIP-type simulation if the SST anomaly
pattern resembles the SST anomaly pattern of the internal variability. On the other hand,
the response is quite similar to that of an AMIP-type simulation if an SST anomaly pattern
is introduced which differs significantly from the internal variability of the M X440, simula-
tion. However, the response of the mixed layer simulation to an SST anomaly pattern which
differs significantly from the internal variability of the M X, .50n simulation is significantly
stronger than the response to an SST-pattern which resembles the internal variability of the
MIX,ens0n simulation. Thus, the response can be purely artificial and may not provide any
information about how another coupled system or the real world would respond.

The analysis of the MIXgrgsr run, in which the observed SST anomalies from 1950
to 1994 have been introduced into the mixed layer globally, has shown that the internal
variability of the mixed layer is changing the SST, so that the simulated SST in some regions
are only weakly correlated with the forcing SST on longer time scales. However, the analysis
of the simulation has also shown that it is possible to simulate historical SST anomalies in
the mixed layer model, if some corrections to the initial SST anomalies are introduced.

The additional SST forcing from the historical time series can be seen as an additional
heat flux to the mixed layer. The sensitivity of the coupled system to this additional forcing
depends on the strength of the atmospheric heat flux and the depth of the mixed layer. In
regions in which the atmospheric heat flux is relatively strong compared to the mixed layer
depth the coupled system will wash out the external forcing of the GISST SST, while in
those regions in which the mixed layer depth is relatively deep and the atmospheric heat
flux is relatively small, the external forcing of the GISST SST will be relatively dominant.
It therefore has to be considered that in those regions, in which the atmospheric heat flux
is relatively strong, the forcing SST should be introduced by an additional heat flux Fyoreing
as defined in equation 6.5, which will force the simulated SST towards the forcing SST.

Due to the atmospheric damping of SST anomalies, the simulated SST is out of phase
with the forcing SST on longer time scales and the coherence is also decreasing at longer

time scales. However, this effect can be corrected if the initial SST forcing is replaced with



6.4. SUMMARY AND DISCUSSION 107

a SST forcing in which the long-term SST variability is amplified compared to the original
SST forcing.

Compared to the AMIP-type simulations the mixed layer simulations offers many more
possibilities to introduce particular SST anomalies. By introducing a fixed SST anomaly
pattern in the mixed layer the damping constant Cgem, has to be chosen. The strength
of Cyamp determines how strongly the SST is forced to the SST anomaly pattern. If the
damping constant Cyg,y,, is relatively small, the SST anomaly pattern will only be fixed on
longer time scales, while the short time scale SST variability is mainly unaffected. Instead
of introducing a constant SST anomaly pattern one can also consider introducing a constant
or seasonal heat flux pattern into the mixed layer.

One way to understand the atmospheric response to historical SST anomalies is that
the atmosphere is forced by the long time variability of the SST, while the short time SST
variability is mainly due to the atmospheric forcing. In the mixed layer simulations it is
possible to introduce a low -pass filtered SST time series into the mixed layer, which will
force the SST only on longer time scales, while the short-term SST variability is forced by

the atmosphere.
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Chapter 7

Outlook and Summary

7.1 Outlook

7.1.1 A dynamical mixed layer ocean model

In the study of the midlatitude SST variability the approach with the dynamical mixed layer
ocean model MIX jynamic has been very successful in simulating seasonal to interannual SST
variability. However, the MIXgynomic model is only a slab ocean model which has some
variability in the mixed layer depth without looking at the characteristics of the variability
in too much detail. Now since the model has been proven to be a good model for the SST
variability in the midlatitudes, it seems worth to work out the model dynamics using a more
rcalistic ocean mixed layer model.

The main problem of the M I X 4nami. model is the idealized density profile for the dynam-
ical mixed layer equation, which is only temperature dependent. A correct determination
of the density profile with both salinity and temperatures also allows the SST to be colder
than the sub-mixed layer temperatures, which is not possible in the M IX j,nqmi. model. For
further studies one could consider introducing salinity as a dynamical model quantity, which
may be important for higher latitudes and for some regions in the tropics (see section 4.2.4).

The second main problem of the dynamical mixed layer model is the inability of the
Kraus and Turner approach to simulate the fast detrainment of the mixed layer during the
spring period. It would be a very important improvement of the MIXgynamic model and
perhaps for ocean models in general if a mixed layer model can be developed, which is able
to simulate a fast detrainment of the mixed layer during the spring period as observed.

Another problem of the dynamical mixed layer model is the simulation of the temperature
profile of the sub-mixed layer ocean, which is important for the analysis of decadal SST
variability and for the study of the seasonal predictability of midlatitudes SST anomalies in
fall and winter. In the MIXyynami. model the temperature profile of the sub-mixed layer
ocean is described by an exponential decrease of the SST to a fixed deep ocean temperature.

This limits the temperature anomalies of the sub-mixed layer ocean to be proportional to
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the SST, which is not realistic. Due to the fixed temperature profile, the heat flux between
the mixed layer and the sub-mixed layer ocean has been introduced as a pure damping in
the SST equation.

In a more realistic simulation the sub-mixed layer ocean should be capable of representing
temperature anomalies that are independent of the present SST anomalies, which can be
realised by introducing an intermediate layer between the mixed layer and the fixed deep

ocean temperature.

7.1.2 Seasonal predictability of midlatitudes SST anomalies

The analysis of the seasonal predictability of midlatitude SST anomalies in the MIX4y,4mic
simulation has shown that knowledge of the mixed layer depth anomalies is important for
the development of SST anomalies in summer and fall, while the MJXg,,mic simulation
has some limitations in the dynamical development of the mixed layer depth in spring and
fall. It would therefore be interesting to study the seasonal predictability of midlatitude
SST anomalies in an improved version of the MIX ,,4mic model, in which the problems of
the detrainment in spring and the re-emergence of temperature anomalies in fall have been
solved.

Until now all the results of the predictability study are based on a model. It would be
interesting to do a similar analysis with observed mixed layer depth and SST anomalies, in
order to test whether the importance of the mixed layer depth anomalies is merely a model
artefact or whether it is real.

However, it will be difficult to perform this analysis with observations, because the mixed
layer depth is not well observed for the real ocean, and in order to define a mixed layer depth
one needs the measurements of the temperature and salinity of the upper 400 meters of the
ocean, which are only available for some regions. Additionally, the measurements should be
taken over a time interval of at least 10 years in order to analyse the relation between SST

and mixed layer depth.

7.1.3 Decadal SST variability in midlatitudes

The discussion regarding decadal SST variability in the midlatitudes of the Northern Hemi-
sphere is still very controversial. Many competing theories or models exist which describe
mechanisms for decadal variability in the Northern Hemisphere. Most of the theories which
propose coupled ocean-atmosphere modes are based on studies with only one CGCM.

The analysis of the midlatitude SST variability presented in this thesis has been based on
the detection of differences to an AR-1 process and the determination the physical processes
relevant to these differences. By comparing a hierarchy of different ocean model simula-
tions with the observations the relevant ocean processes for decadal SST variability can be

determined. Similar to the case with the analysis of the slab ocean models in Chapter 4
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an improved mixed layer ocean model can be developed, which includes salinity variability
and captures the interaction between the mixed layer and the sub-mixed layer ocean more

realistically than the MIXgnamic simulation.

7.1.4 Atmospheric response to midlatitude SST anomalies

In Chapter 6 a new technique for AMIP-type simulations has been introduced. Although
there are some indications that the SST anomalies in the midlatitudes are important for
the atmospheric circulation (Blade (1997), Barsugli and Battisti (1998)), this has not been
quantified in detail. The new technique with a seasonal mixed layer model may be a good
tool to analyse the atmospheric response to midlatitude SST anomalies within a coupled

framework.
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7.2 Summary

In this these the SST variability of the northern midlatitudes and the tropical Atlantic have
been analysed. The analysis has been based on the comparison of the observations with a
hierarchy of different coupled simulations.

The analysis of the midlatitude SST variability has shown that the large-scale features of
the SST variability cannot be simulated by a fixed depth mixed layer ocean model and that
the spectral distribution of the SST is significantly different for an AR-1 process on time
scales from seasons to decades. The processes that are important for these differences are
the seasonal variability of the mixed layer depth, the wind induced mixing, which entrains
water from the sub-mixed layer ocean, and the heat exchange between the mixed layer and
the sub-mixed layer ocean. The observed increase in the SST variance from the interannual
to the decadal time scale is due to the heat exchange between the sub-mixed layer ocean and
the mixed layer and not, as in the M1 Xxq simulation, merely an effect of the integration of
atmospheric noise. All these processes can be simulated by the local air-sea interactions in
the dynamical ocean mixed layer MIXgynumic. The analysis of the seasonal predictability
of the SST in the MIX4ynqmi. simulation indicates that the knowledge of the actual mixed
layer depth is important to predict the SST development in summer and fall.

In the analysis of the tropical Atlantic SST variability, it was found that the two dominant
SST patterns of the observed SST and in all analysed CGCMs are centred in the northern
and in the southern trade wind zones, whereas the correlation between the two patterns is
not significantly different from zero. An interhemispheric dipole, or stated differently, an
anti-correlation of the SSTs in the northern and southern trade wind zones, which could
be important for rainfall anomalies in e.g. north-east Brazil, does therefore not exist. I
conclude that the often cited dipole pattern is an artifact of the EOF analysis technique
used. The fact that the simple slab ocean model produces the same pattern, indicates that
the SST anomalies are forced by the atmosphere consistent with the Null hypothesis of SST
variability.

In the final chapter of this work I have introduced a new technique to study the response
of the atmosphere to a given SST pattern in a coupled simulation. In this new technique the
SST anomaly patterns or historical SST time series is introduced by an additional heat flux
into the seasonal mixed layer ocean model. The comparison of the atmospheric response in
the coupled simulation with the usual AMIP-type simulation has shown that the response in
the midlatitudes can be significantly different and that the response of the atmosphere is very
sensible to the structure of the given SST anomaly pattern. In general the new technique
seems to be a good tool to study the atmospheric response to SST anomaly pattern in the
midlatitudes and instead of introducing a fixed SST pattern or a given historical SST time

series, the mixed layer simulation offers many other possibilities.
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