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Abstract
While observations, on the one hand, are often too sparse in time and space and, therefore, do not resolve enough of the important information to enable a deeper understanding
of oceanographic processes, there are, on the other hand, several difficulties in developing
realistic ocean models. The general concept of data assimilation aims to overcome some
of the limitations in the estimates of the current ocean state derived from ocean modeling
and observations by providing a reasonable combination of both data sources. Today data
assimilation is already widely used by ocean modelers and a broad range of sophisticated
methods exist. However, the more studies about the application of data assimilation in
different ocean regions are available the more it becomes apparent that the configuration of the existing observation network is often insufficient for the requirements of data
assimilation. Therefore, an adequate long-term global ocean observing system is needed
for a comprehensive investigation of the role of the ocean in the earth climate system
and the bio-geochemical processes occurring within the ocean interior. Smith and Lefebvre (1997) came up with the concept that attracting the resources necessary for such a
system depends upon a clear demonstration of the feasibility and value of such a system.
The presented study is divided into two parts, which are dealing with the development
and application of data assimilation approaches for the Black Sea and the German Bight.
It positions itself among the above mentioned efforts towards proving the benefit of data
assimilation for the simulation of different ocean regions. Furthermore, the limitations
of some sources of observations and the necessary adaptions of the used assimilation
approach are investigated for the region of application.
The first part of the study, which is about the Black Sea, was developed in the frame of
the Spatial and Temporal Resolution Limits Project (STREMP) funded by the German
Research Foundation as part of German Priority Program Mass Transports in System
Earth (http://www.massentransporte.de/). STREMP deals with mass changes and mass
distribution in the Mediterranean and Black Sea during the lifetime of the Gravity Recovery and Climate Experiment (GRACE) mission. In parallel with solving the main task
of the oceanographic part of the project, which is to give an estimate of steric heights
in the Black Sea, the data assimilation tool improves simulated temperature and salinity
fields based on information from available observation data. The results from simulations
in combination with observations from altimetry are used within STREMP to validate

3

and improve the processing of GRACE data. Therefore, one fundamental requirement for
the setup of the model and the data assimilation tool in this region is that the estimate
of steric heights on basin scale has to be independent from satellite data. This can be
regarded as the main novelty of the described setup. In addition the presented work is
the first application of a model setup based on the Nucleus of European Modeling of the
Ocean (NEMO, Madec; 2008) framework for the Black Sea.
The second part of the study, which is about the German Bight, was funded in the frame
of the German Coastal Observation System for Northern and Arctic oceans (COSYNA)
initiative, where one of the research foci is put on an observation network assessment
and statistical data assimilation methods applied for the German Bight. In this part we
investigate for the first time the potential of FerryBox sea surface temperature (SST)
and salinity (SSS) measurements for the improvement of state estimates in the German
Bight. A FerryBox is an autonomous measurement, data logging and transmission system,
which operates continuously while the carrying ship is on its way. In particular the aliasing
problem associated with the M2 tidal signal and the special FerryBox sampling with a
revisit time of typically 36 hrs is discussed within this study. Furthermore, it is shown
that certain correlation properties of the SST and SSS fields are used during the data
assimilation, which change significantly during the annual cycle and have a strong impact
on the quality of the state estimate derived from data assimilation.
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Zusammenfassung
Die Verfügbarkeit von Messungen im Ozean ist meistens räumlich und zeitlich nicht ausreichend, um daraus ein tieferes Verständnis von ozeanographischen Prozessen abzuleiten.
Auf der anderen Seite ist es sehr schwer realistische Ozeanmodele zu entwickeln. Das generelle Konzept der Datenassimilation versucht deshalb einige der Nachteile der Abschätzung
des Zustandes des Ozeans, welche man aus Messungen oder Simulationen erhalten kann,
dadurch auszugleichen, dass sie diese Abschätzung auf Grundlage einer sinnvollen Kombination von beiden Datenquellen liefert. Heute ist Datenassimilation unter Ozeanographen
bereits weit verbreitet und eine große Bandbreite von technisch ausgereiften Methoden
existiert. Jedoch wird es mit der wachsenden Anzahl an Anwendungen in verschiedenen
Ozeanregionen immer deutlicher, dass der Aufbau der existierenden Messnetzwerke vieler
Ortes unzureichend für die Bedürfnisse der Datenassimilation ist. Für eine weiterführende
und flächendeckende Erforschung der bio-geochemischen Prozesse im Ozean und der Rolle des Ozeans in Bezug auf das Klima der Erde, wird deshalb ein geeignetes, weltweites,
lang-zeit Messnetzwerk benötigt. Smith und Lefebvre (1997) entwickelten die Theorie,
dass die Ressourcen für solch ein Messnetzwerk nur dann eingeworben werden können,
wenn es einen eindeutigen Nachweis der Anwendbarkeit und des Nutzens eines solchen
Netzwerkes gibt.

Die hier vorgestellte Studie ist in zwei Teile aufgeteilt, welche sich mit der Entwicklung
und Anwendung von Datenassimilationsansätzen für das Schwarze Meer und die Deutsche
Bucht befassen. Die Studie versteht sieht als ein Teil der oben genannten Bemühungen
den Nutzen der Datenassimilation für die Simulation von verschiedenen Ozeanregionen
darzulegen. Des weiteren werden die Grenzen einiger Quellen für Beobachtungsdaten aufgezeigt und notwendige Anpassungen eines Datenassimilationsansatzes für die jeweilige
Regionen untersucht.

Der erste Teil der Studie, über das Schwarze Meer, entstand innerhalb des Räumliche
und zeitliche Auflösungsgrenzen Projektes (Spatial and Temporal Resolution Limits Project (STREMP)) in Zusammenhang mit den von der Deutschen Forschungs Gesellschaft
(DFG) geförderten Prioritätsprogrammes Massentransporte im System Erde“
”
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(http://www.massentransporte.de/). STREMP befasst sich mit der Struktur der Veränderung der Massenverteilung im Bereich des Mittelmeeres und Schwarzen Meeres während der
Laufzeit der Satellitenmission Schwerkraft Erkundungs und Klima Experiments“ (Gravity
”
Recovery and Climate Experiment (GRACE)). Um das Hauptziel des ozeanographischen
Teils des Projektes zu erreichen, welcher eine Abschätzung der sterischen Höhen im
Schwarzen Meer geben soll, verbessert das Assimilationssystem simulierte Temperatur und
Salzgehalts Felder basierend auf den Informationen von Beobachtungsdaten. Die Ergebnisse der Simulationen in Zusammenhang mit Beobachtungen von Altimetersatelliten werden
in STREMP dazu verwendet um die Verarbeitung von GRACE Daten zu verbessern. Aus
diesem Grund ist eine fundamentale Bedingung für das Datenassimilationsverfahren für
diese Region, dass die Abschätzung der sterischen Höhen auf Basin Skala unabhängig von
den Daten der Altimetersatelliten ist. Dies kann als die Haupt-Neuentwicklung der hier
beschrieben Konfiguration angesehen werden. Des weiteren ist die hier präsentierte Arbeit die erste Anwendung eines Models fr das Schwarze Meer basierend auf den Nukleus
für Europäische Modelierung des Ozeans (Nucleus of European Modeling of the Ocean
(NEMO, Madec; 2008)) Rahmensystems.

Der zweite Teil der Studie, über die Deutsche Bucht, wurde im Rahmen der deutschen
Küsten Beobachtungssystem für die Nördlichen und Arktischen Ozeane (German Coastal
Observation System for Northern and Arctic oceans (COSYNA)) Initiative unterstützt,
bei der einer der Foschungsfoci auf der Bewertung von Beobachtungsnetzwerken und die
Anwendung von statistischen Methoden zur Datenassimilation für die Deutsche Bucht
liegt. In diesen Teil der Studie wird zum ersten Mal das Potential von FerryBox Oberflächen-temperatur (SST) und Oberflächensalzgehalts (SSS) Messungen für die Verbesserungen von Zustandsabschätzungen in der Deutschen Bucht untersucht. Eine FerryBox ist
ein autonom operierendes Mess-, Datenspeicher- und Transmissions-System, welches kontinuierlich operiert während die Fähre, auf welcher das System installiert ist, unterwegs
ist. Im Besonderen wird das Aliasingproblem in Zusammenhang mit dem M2 Tidensignal
und der speziellen Wiederkehrzeit der FerryBox mit normalerweise 36 Stunden in dieser
Studie diskutiert. Des weiteren wird gezeigt, dass bestimmte Korrelationseigenschaften der
SST und SSS Felder von der angewendeten Datenassimilationsmethode benutzt werden,
welche über ein Jahr einer signifikanten Variabilität unterworfen sind und einen starken
Einfluss auf die Qualität der Datenassimilation haben.
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1 Introduction
Observations were for long time the only source of information about the ocean system.
Today also numerical models of the ocean became an important research tool for studying the ocean circulation, the role of the ocean in the earth climate system and the
bio-geochemical processes occurring within the ocean interior. While observations, on the
one hand, are often too sparse in time and space and, therefore, do not resolve enough
of the important information to enable a deeper understanding of oceanographic processes, there are, on the other hand, several difficulties in developing realistic ocean models,
which would be able to draw a physical coherent picture of the ocean covering larger areas and time periods. The general concept of data assimilation aims to overcome some of
the limitations in both data sources by estimating the ocean state based on a reasonable
combination of both, in which the comprehensive simulated ocean state is improved using
information from the more realistic but localized observations.

The most frequently mentioned benefit from data assimilation is an improvement realism
of the simulated processes, which can not be adequately resolved in general ocean models (Holland and Capotondi 1996). The physical laws describing the large-scale ocean
circulation are quite complex and highly nonlinear. Therefore, the large scale oceanic problem requires that a broad range of space and time scales be properly represented in the
calculation. Although, there has been significant progress being made in ocean modeling
over the last decade (e. g. finite element models) there still are unresolved processes on
different time and spatial scales even in the highest resolved state of the art ocean model.
These remain either unaddressed in the models or are considered in parametrized form.
However, as a matter of fact approaches to parametrize physical processes are always simplifications of the problem and are often based on the assumption of some statistical mean
state. Therefore, the parametrizations may be not adequate under certain circumstances.
Furthermore, the realism of ocean models suffers from uncertainties in forcing fields. These
fields include a vast variety of meteorological and hydrological variables such as wind, air
temperature, evaporation, precipitation and river runoff. In general there are not enough
measurements of the mentioned variables at suitable places to justify a direct forcing of
an ocean circulation model from measurements only. Therefore, the major part of forcing
fields are derived from meteorological and hydrological models, which are not error free
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1 Introduction
and in addition often have a much lower spatial or temporal resolution than the ocean model itself. Even if the described errors are small they may lead to big mismatches between
simulation and reality. The simulated ocean state at a certain time step is the result of
the integrated preceding forcing. Therefore, errors in forcing fields and simulated response
to the forcing accumulate in the ocean model over the integration. This can be avoided
by data assimilation approaches, which continuously compare the simulated ocean state
to available observations and adapt the simulation corresponding to the found mismatch.
However, it is important to keep in mind that data assimilation is not a panacea for all
problems in estimating the ocean state and has to be treated carefully in order to really
derive a higher quality in estimates by its application. For example data assimilation is
not able to introduce unknown or totally unresolved processes into a model. All data
assimilation approaches include an extrapolation from or interpolation between observed
information based on statistical a priory knowledge, which is either derived from the model itself or from conceptual considerations. Therefore, a realistic extra- or interpolation
is not ensured if an adequate a priory knowledge is not given, e. g. a process is totally
unresolved by the model.

There are currently two main approaches to data assimilation which are either based on
optimal control theory or on estimation theory, see e. g. Stengel (1986) or Gelb (1974):
1. Variational data assimilation: This technique uses a criterion measuring the
misfit between model and observations. This criterion, typically denoted the cost
function, has to be minimized by adjusting so called control variables of the model.
These are usually initial conditions or certain parameters of the model such as the
wind stress or heat flux. Variational data assimilation is based on the theory of
optimal control. The most common method is the so called adjoined method, see
Le Dimet and Talagrand (1986) and Talagrand and Courtier (1987), which is widely
used in oceanography, see e. g. Wenzel and Schroter (2001) or Stammer et al. (2002).
2. Sequential data assimilation: This technique is based on estimation theory and
represents a filter method. The observations and the model prediction of the state are
combined using weights computed from the estimated uncertainties of both the predicted model state and the observational data. The schemes used for sequential data
assimilation are mostly based on the Kalman filter (Kalman 1960, Kalman and Bucy
1961).

In the present study we use the latter mentioned sequential data assimilation technique
based on a Kalman filter approach. The advantage of sequential data assimilation algorithms is their flexibility (Nerger 2003). While the adjoint method requires to integrate
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the numerical model and its adjoined multiple times over the time interval of interest,
the sequential schemes assimilate observational data at the time instance at which the
data becomes available. Thus, with sequential algorithms it is not required to restart the
assimilation cycle when new observations are provided because only the current simulated ocean state is updated and not the simulation itself. In addition, an adjoined of the
numerical model is not required by the sequential methods.

The Kalman filter represents the general method used to spread observed information
over larger areas in sequential data assimilation techniques and will be explained in detail in the next chapter 2. For a schedule of the important developments of the Kalman
filter method we refere to Nerger (2003) and the references therein. The following short
summary is mainly taken from the mentioned work. To put it simple the Kalman Filter
can be understood as a highly developed optimal interpolation (OI) method, in which
we update a preliminary estimate of the ocean state by interpolating or extrapolating
between or from observed data using a predefined correspondence function, which describes the large scale patterns of variation in the ocean using simple linear correlations.
Today we often find OI also as a synonym for Kalman filter approaches using a stationary
correspondence function. What distinguishes the Kalman filter method from the classical OI method is the way of estimating this correspondence function. In the classical OI
the used correspondence function is usually a simple linear or Gaussian function. For the
Kalman filter several approaches are recently used in the research community. The most
commonly used algorithm is the Ensemble Kalman Filter (EnKF), introduced by Evensen
(1994), in which covariance information are derived from an ensemble of model runs (for
an review of applications see, e. g. Evensen 2003). In addition, some variants of the EnKF have been proposed (Houtekamer and Mitchell 1998, Anderson and Anderson 1999,
Bishop et al. 2001, Whitaker and Hamill 2002). Alternative algorithms are the Singular
Evolutive Extended Kalman filter (SEEK) and the Singular Evolutive Interpolated Kalman Filter (SEIK) filters, introduced by Pham (Pham 1996, Pham et al. 1998), in which
covariance information are derived by evolutive development of an initial covariance matrix. Some variants of these filters have been proposed which permit to further reduce the
computational requirements (Hoteit 2001, Hoteit et al. 2002). The SEEK filter has been
applied in several studies (e. g. Verron et al. 1999, Carmillet et al. 2001, Penduff et al.
2002, Brankart et al. 2003, Brusdal et al. 2003), and some applications of the SEIK algorithm have been reported (Pham 2001, Hoteit et al. 2002, Triantafyllou et al. 2003).

One can see that data assimilation is today already widely used by ocean modelers and
a broad range of sophisticated methods exist. However, the more studies about the application of data assimilation in different ocean regions are available the more it becomes

5

1 Introduction
apparent that the configuration of the existing observational networks is often insufficient
for the requirements of data assimilation. Measurement instruments are often deployed at
’interesting’ positions, where we find synoptic processes, which are of special interest for
oceanographic basic research and, therefore, not totally understood. But what is needed
for an application in data assimilation approaches are comprehensive and at the same time continuous observations, which are significant for the basic dynamics of greater areas.
In general these are informations about profile characteristic and current speed in open
ocean regions or diameter and position of and sea surface elevation within eddys.

Smith and Lefebvre (1997) developed the concept that attracting the resources necessary for an adequate long-term global ocean observing system for monitoring the ocean’s
basic dynamics depends upon a clear demonstration of feasibility and value of such a
system. There are recently many projects on global and regional scales, which rose to
this challenge. One prominent example is the Global Ocean Data Assimilation Experiment (GODAE), which emerged in early 1997 from discussions of the Ocean Observation
Panel for Climate (OOPC). The goals of GODAE (Smith 2000, Le Traon et al. 2001)
include the application of state of the art ocean models and assimilation methods for
short-range open ocean forecasts; and the provision of global ocean analyses and reanalyses for developing and improving the understanding of the oceans, assessments of the
predictability of ocean systems and, as a basis, the design and effectiveness of the global ocean observing system. There are several data assimilating ocean modeling systems
used for operational ocean forecasting or reanalyses that contribute to the goals of GODAE. These include Bluelink from Australia (Brassington et al. 2007, Oke et al. 2008);
FOAM from the United Kingdom (e. g. Bell et al. 2000, Martin et al. 2007); HYCOM and
NLOM from the United States (e. g. Smedstad et al. 2003, Cummings 2005); Mercator
from France (Brasseur et al. 2006); TOPAZ from Norway (www.topaz.nersc.no); MOVE
and COMPASS-K from Japan (Kamachi et al. 2004) and the ECCO group (www.eccogroup.org).

More regionally we find for the German coast the German Coastal Observation System
for Northern and Arctic oceans (COSYNA) initiative, where one of the research foci is put
on an observation network assessment and statistical data assimilation methods applied
for the German Bight. In this context some papers were already published. Barth et al.
(2010) assimilated high-frequency (HF) radar measurements using optimized boundary
conditions, which proved to be successful in improving the modeled tidal variability. The
assimilation of tide gauge and altimeter data in the North Sea is discussed in Mourre et al.
(2006). In the paper of Schulz-Stellenfleth and Stanev (2010) a set of tools for the statistical assessment of ocean observing networks is presented and applied for the analysis of
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different instrumentation scenarios in the German Bight.

The study presented here is divided into two parts, which are dealing with the development and application of data assimilation approaches for the Black Sea and the German
Bight. It positions itself among the above mentioned efforts towards proving the benefit
of data assimilation for the simulation of different ocean regions. In fact the first part
of it, which is about the Black Sea, was developed in collaboration with some involved
partners from the GODAE project and the second part of the study, which is about the
German Bight, was funded within the frame of the COSYNA initiative. The two regions
treated here belong to the European coastal ocean regions but they differ in the predominant oceanographic conditions as well as in the development of the observation networks.
In the German Bight a broad range of in-situ measurements and remote sensing data is
easily available. In the Black Sea the main source for information about oceanographic
processes comes from remote sensing while in-situ measurements are often to sparse or
withhold due to national interests. Although, the individual situation of the observation
networks differ the important question for both regions, which will be addressed in the
following to some extent, keeps the same: ’How significant are the available observations
for the oceanographic processes within the region?’. Data assimilation can give an answer
to this question by performing hindcast experiments with and without data assimilation
and comparing them with independent observations or assessing the forecast skill of the
individual simulations. However, the observations used in the following study do not give
a complete picture of the available data.

For the Black Sea we limit the used data sources to those which are freely available from
international programs. Included here are sea surface temperatures from remote sensing,
in-situ profile measurements from ARGO floats and altimeter data. Additionally available
are a huge amount of CTD and tide gauge measurements performed by survey projects
from the different countries surrounding the Black Sea, which are not considered here.
The intimate relationship between sea level and water fluxes, as well as the availability of
altimeter data has already motivated a number of studies. Some of them are dealing with
the analysis of altimeter data (Korotaev et al. 1999, Stanev et al. 2000) others with the
consistency between different data sets. One example of the latter is the reconstruction
of transport through the Bosporus straits using tide gauge and satellite altimeter data,
as well as hydro-meteorological data for the fresh water flux components (Peneva et al.
2001). Statistical analyses of sea level derived from the Topex/Poseidon satellite for the
period 1993-1997 was assessed by Stanev and Peneva (2002). These earlier works demonstrated that the Black Sea sea level integrates the variations of global forcing over its vast
catchment area, thus making them quite distinguishable. The value of altimeter data has
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been well demonstrated by Korotaev et al. (2003), Dorofeev and Korotaev (2004) and
Grayek et al. (2010a) in their study on data assimilation using a reduced gravity model.

The overall goal of the simulations in this region, described in the following text, is to
enable an estimate of steric height characteristics for the period of 2002-2009 based on
available data and numerical modeling. Furthermore, we investigate the feasibility of extending the existing assimilation activities forwards using profile observations from ARGO
floats. Because remote sensing data, like altimetry, lack informations about stratification,
float profiles are a valuable supplement for the existing observation network, which could
be capable of giving a sustainable improvement in model forecasts by constraining simulated density gradients in the vertical. However, in the Black Sea ARGO observations are
still sparse and their significance has to be assessed carefully. In addition to the above
goals we aim to deepen the understanding of model capability concerning and processes
determining the sea level characteristics in the Black Sea. Therefore, we will assess the
blend of observation and simulation data derived by data assimilation in a numerical
model and comparing it on the one hand to model simulation without data assimilation
and on the other hand to the assimilated observations. The model setup and assimilation
scheme used here are developed in the frame of the Spatial and Temporal Resolution Limits Project (STREMP) funded by the German Research Foundation as part of German
Priority Program Mass Transports in System Earth (http://www.massentransporte.de/).
STREMP deals with mass changes and mass distribution in the Mediterranean and Black
Sea during the lifetime of the Gravity Recovery and Climate Experiment (GRACE) mission. The results from simulations in combination with observations from altimetry are used
within STREMP to validate and improve the processing of GRACE data in the Black Sea
region. Therefore, one fundamental requirement for the simulations presented here is that
the estimate of steric heights on basin scale has to be independent from satellite data.
This constrain on basin scale is also an integral part of the presented assimilation scheme
and can be regarded as one of its main novelties compared with the existing assimilation
activities in the Black Sea. In addition the presented work is the first application of a
model setup based on the Nucleus of European Modeling of the Ocean (NEMO, Madec
2008) framework for the Black Sea.

For coastal oceans like the German Bight baroclinic processes are still not sufficiently
addressed in the numerical modeling. Combining data from different observations (e. g.
in-situ and remote sensing), or analyzing the consistency between the numerical simulations and observations can contribute to a better understanding of the baroclinic dynamics,
thus avoiding some shortcomings in coastal-ocean modeling. The recent FerryBox project
supported by the European Union (Petersen et al. 2006) has proved successful in establis-
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hing the operational use of the FerryBox system and supporting research development.
In particular, the quantification of the water transport in the North Sea has been further improved. The benefit of linking remote sensing (satellite) observations with in-situ
data (FerryBox measurements) is one motivation for the present study. It has in fact
been shown by Petersen et al. (2008) that FerryBox data can provide valuable information over large areas when combined with other observations (e. g. remotely sensed data).
Furthermore, by providing real-time data, the FerryBox systems can contribute to an
efficient assimilation into prognostic numerical models and improve their accuracy. Data
assimilation in the coastal ocean (Lermusiaux 1997, Echevin et al. 2000), which has been
developing rapidly in recent years, still does not find as wide operational application as
in the open ocean. Nevertheless, there is a number of examples demonstrating the good
quality of the existing data and the potential of their use. For instance, Høyer and She
(2004) computed error statistics for satellite Sea Surface Temperature (SST) observations in the region of the Baltic and the North Sea. Andreu-Burillo et al. (2007) used the
Proudman Oceanographic Laboratory Coastal Ocean Modeling System for the Irish Sea,
which exhibits ocean conditions similar to the ones addressed in the study presented here,
with a resolution of 1.8 km and estimated the impact of the data-to-model resolution
difference using two different sets of satellite data. The impact of assimilating FerryBox
data into numerical models has been studied for the Aegean Sea Korres et al. (2009). The
assimilation of sea surface salinity (SSS) has been shown to have a positive impact on the
predicted variables within the southern Aegean Sea.

The objective in the part of the present study, which is about German Bight, is to demonstrate the general potential of FerryBox data for the assimilation in hydrodynamical
models of the German Bight. As it turned out this is already possible using simple approaches like OI. To analyze the FerryBox information exploitable in an assimilation system
two key issues have to be addressed
• How well can FerryBox observations be extrapolated to both sides of the Ferry
route?
• How much potential do FerryBox data have for forecast skill improvements?
To answer the first question a re-construction approach presented in Schulz-Stellenfleth and Stanev
(2010) is applied to FerryBox measurements using additional information from a numerical model. Particular focus is put on the seasonal dynamics of the information spread,
which can be traced back to advection and mixing processes. To address the second question an assimilation method based on an optimal interpolation (OI) technique is used. An
objective assessment of the assimilation results is carried out using independent data sets
from in-situ sensors and other sources.
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2 Concept of Statistical Reconstruction of
the Ocean State
The major part of the data assimilation in the present study is based on a Kalman filter
approach and uses the Global Reduced Order Analysis SESAM code
(http://www-meom.hmg.inpg.fr/Web/Outils/SESAM/sesam.html). Covariance information for the assimilation is stationary and derived from the temporal variability of a
preliminary model run for the individual region without assimilation, which we call the
free model run. Therefore, the assimilation scheme, described in the following, can be
classified as a kind of optimal interpolation (OI) method.

We are aware that there are more sophisticated methods to derive needed covariance
information from ensembles of model runs (e.g. Ensemble Kalman Filter (EnKF) and
Ensemble Optimal Interpolation (EnOI) filters) or by evolutive development of an initial
covariance matrix (e.g. Singular Evolutive Extended Kalman (SEEK) and Singular Evolutive Interpolated Kalman (SEIK) filters). However, we chose the rather simple method of
OI as basis for our assimilation scheme because it is less time consuming than the ensemble methods and easier to manage than the evolutive methods, where covariances tend to
collapse into few dominant modes (see e. g. Maybeck 1979, Anderson and Anderson 1999.
At the same time the OI approach is able to give reasonable results after all, which will
be proved within the individual application experiments in section 4.4 and section 5.3.

2.1 Nomenclature of Equations
In the following descriptions, analyses and experiments we are dealing with a broad range
of data from different sources consisting of scalar, 1D, 2D and 3D data. In order to make
notation of equations simpler we denote matrices by italic capital letters (e.g. X) while
we use italic normal letters (e.g. x) for scalars and vectors. In addition we distinguish
in the following only between positions in horizontal and vertical direction indicated by
xj with j = 1, . . . , m and xk or zk with k = 1, . . . , d, respectively. The temporal axis is
indicated by x(ti ) or ti with i = 1, . . . , q. Therefore, for a continuous function f differing
over the horizontal, vertical and time axis we would write f (t, x, z) and a discrete value
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from this function is f (ti , xj , zk ). Often we will express an amount of discrete realizations
of a function by a matrix, which, in the case of the function f from above, is configured
in the following way


x1,1 (t1 )

..

.


X =  xj,k (t1 )

..

.


···

x1,1 (ti )
..
.

···

···

xj,k (ti )
..
.

···

xm,d (t1 ) · · ·

xm,d (ti ) · · ·


x1,1 (tq )

..

.


xj,k (tq )  ,

..

.

xm,d (tq )

(2.1)

where xj,k (ti ) = f (ti , xj , zk ). However, for a certain value from this matrix we then rather
write Xj,k (ti ). Furthermore, we use three ways of notating the sum over certain axes of
such a matrix. For the same matrix X as above we may write e.g.
m
d X
X

Xj,k (t),

(2.2)

k=1 j=1

hXix,z (t) or just hXix,z all indicating the temporal varying spatial mean of the matrix.

2.2 Fitting of a Linear Reconstruction Operator
The general concept of data assimilation using Kalman filters is based on a reconstruction
of the state of a certain area, which we call the global domain, from localized observations
using a least-square analysis. Let us denote the global (index ’GL’) state vector of dimension m by x and the observation (index ’O’) vector of dimension n by y. In the following
we assume that both the measurements and the state variables have the mean removed.
We now try to find a reconstruction matrix A such that
x = Ay
by minimizing
J(A) =

q
X
i=1

(2.3)

||x(ti ) − A y(ti )||2 ,

(2.4)

where q is the number of discrete time steps or state realizations from the free model run
available. The data of the whole model area and the observations are represented by the
following two matrices:


x1 (t1 ) · · ·
 .
.
X=
 .
xm (t1 ) · · ·


x1 (tq )
.. 
. 

xm (tq )

(2.5)
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and



y1 (t1 ) · · ·
 .

Y =  ..
yn (t1 ) · · ·


y1 (tq )
.. 
. 
.
yn (tq )

(2.6)

Denoting by A(ti ) the i-the line of the matrix A and by X(ti ) the i-the line of the matrix
X the cost function Eq. 2.4 can be re-organized as follows:
J(A) =

q
X
i=1

||X(ti ) − A(ti ) Y ||2 .

(2.7)

This function can be minimized term by term resulting in
A = XY T (Y Y T )−1 .

(2.8)

To reduce the dimension of the problem both X and Y are expressed in terms of the respective empirical orthogonal functions (EOFs) and principal components (PCs) (Preisendoerfer
1998, von Storch and Zwiers 1999) derived from the free model run as
x(ti ) = EOF GL P C GL (ti ) i = 1, . . . , q

(2.9)

y(ti ) = EOF O P C O (ti ) i = 1, . . . , q

(2.10)

and

The cost function can be rewritten as
J(Ã) =

X
i

||P C GL (ti ) − Ã · P C O (ti )||2

(2.11)

with a transformed matrix
Ã = (EOF GL )T · A · EOF O = P C GL (P C O )T

−1

P C O (P C O )T
.

(2.12)

Usually, not all EOFs are required to describe the dynamics of X and Y and the number
of PCs can be reduced accordingly.

In addition the deviations between the reconstructed and the modeled global states, due
to observation errors is considered within the Kalman filter using the background statistics
from the global domain and an estimated measurement noise. We denote by P = 1q XX T
the covariance matrix of X, derived of the state realizations from the free model run
available. Furthermore, we assume that the measurements are affected by an additive
zero mean Gaussian noise with covariance matrix R. If the observations can be derived
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from the global states according to
y=Hx

(2.13)

with the measurement operator H, it can be shown (e. g. Schulz-Stellenfleth and Stanev
2010) that the optimal reconstruction in the sense of Eq. 2.4 is given by the Kalman gain
matrix
K = P H T (H P H T + R)−1 .

(2.14)

The equation corresponds to the expression in Eq. 2.8 with the data matrices replaced by
the respective second order statistical moments. In fact, H P H T is the covariance matrix
of the observation 1q Y Y T and we may assume for uncorrelated measurement errors (i. e.
with R being a diagonal matrix) that

Likewise, we can write

1
H P HT + R ≈ Y Y T .
q

(2.15)

1
P HT ≈ X Y T .
q

(2.16)

Therefore, it is in general justified to write K ≈ A and with an increasing number of time

steps the theoretical expressions in Eq. 2.14 converge to the corresponding expressions in
Eq. 2.8.

For the data assimilation experiments described in the following the background error
covariance matrix P is expressed in square root from
P = SS T = U ΛU T

(2.17)

√
with S = U Λ, U = EOF GL and Λ being a diagonal matrix containing the respective
eigenvalues obtained by applying an Empirical Orthogonal Function analysis of the free
model run. The eigenvalues can also be interpreted as variances of the corresponding principal components (PCs).

Using the decomposed representation of P above, the Kalman gain matrix in Eq. 2.14 can
be rewritten as
h
i−1
K = S I + (HS)T R−1 (HS)
(HS)T R−1

(2.18)

where I is the identity matrix. Reconstructions derived from Eq. 2.18 and Eq. 2.14 are
identical and either one or the other equation is used in the following text to keep notations
as simple as possible. However, the advantage of Eq. 2.18 over Eq. 2.14 is a reduced memory
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consumption.

2.3 Estimation of Error Propagation in the Analysis
The expressions in Eq. 2.14 to Eq. 2.16 are, in addition, helpful in the sensitivity analysis
of the reconstruction errors with respect to measurement errors or the background statistics (Schulz-Stellenfleth and Stanev 2010). Using synthetic data with different levels of
noise and accordingly, adjusting the parameter R in Eq. 2.14 allows us to study the spatial
sensitivity of the reconstruction to the measurement operator H and measurement noise.

The straightforward estimation of error propagation in the analysis as a function of the
accuracy and the distribution of measurements, which are represented in error matrix R
and measurement operator H, respectively, would necessitate to carry out Monte Carlo
experiments. In Monte Carlo experiments we reconstruct the whole ocean state x at a
certain time step ti N -times performing a Kalman assimilation step based on synthetic
observations y(ti ), to which we add a mean Gaussian noise R(pn ) differing in each permutation pn , where n = 1, 2, ..., N . This noise should have the same standard deviation as
R in the Kalman gain matrix (Eq. 2.18). The synthetic observations are derived by direct
extraction from the ocean state x(ti ) according to a time varying measurement operator
H(ti ), which mirrors the position of the synthetic observations. The analysis field of one
permutation xa (ti , pn ) is then given by:
xa (ti , pn ) = U K(ti ) (y(ti ) + R(pn )) ,

(2.19)

−1
T

T
H(ti )S R−1 .
K(ti ) = S I + H(ti )S R−1 H(ti )S

(2.20)

where

The expected reconstruction error for a particular time step can then be estimated by
v
u
N
u1 X
2
t
Γti =
xa (ti , pn ) − x(ti ) .
N

(2.21)

n=1

It is well known that Monte Carlo experiments are very time consuming, because large
numbers of permutations have to be performed in order to derive a statistically meaningful
estimate. It has been shown by Schulz-Stellenfleth and Stanev (2010) that error estimates
comparable to results derived from Monte Carlo experiments with very high number
of permutations can be derived directly from the given covariances, error matrix and

14

2.4 General Data Assimilation Procedure
measurement operator according to
Γti =

q


−1

DIAG P − P H(ti )T H(ti ) P H(ti )T + R H(ti ) P ,

(2.22)

which is more practical, because this equation can be solved in one calculation step.
Therefore, Eq. 2.22 is used in the following. We point out that in Eq. 2.22 no explicit
reconstruction of the ocean state is performed and the estimation of Γti is based only on
the given configuration and corresponding statistical background of P , K(ti ) and R.

2.4 General Data Assimilation Procedure
In the following a description of the general data assimilation procedure during model
simulations and two localization approaches, which help to concertize the reconstruction,
is given. The assimilation makes use of the model state estimate xf (ti ) for the analysis
time step ti with i = 1, . . . , q by taking it as forecast and update it according to the found
misfit to the observations y o (ti ). The analysis of the model state xa (ti ) is then given by:


xa (ti ) = U K y o (ti ) − y f (ti ) + xf (tj )

y f (ti ) = Hxf (tj )
f

a

x (ti ) = M x (ti−1 ),

(2.23)
(2.24)
(2.25)

where M is the model operator describing the evolution of the model state according to
the model physics and the forcing fields.

2.4.1 Temporal Localization of Covariance Matrices
To ensure that the long-time variability (e.g., the seasonal processes) will not dominate our
reconstruction and to guarantee the continuity of the solution it is sometimes reasonable
to derive the EOFs (EOFti ) and PCs (P Cti ) at each time step using a symmetric timewindow centered around the time step (ti ), for which the reconstruction is to be computed


x1 (ti−∆k ) · · ·

..
X(ti ) = 
.

xm (ti−∆k ) · · ·

x1 (ti )
..
.

···

xm (ti ) · · ·


x1 (ti+∆k )

..
.
.

xm (ti+∆k )

(2.26)

This implies that the covariance matrix P and the reconstruction operator K become
functions of time and Eq. 2.14 changes accordingly to
K(ti ) = P (ti ) H T (H P (ti ) H T + R)−1 .

(2.27)
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2.4.2 Spatial Localization of Covariance Matrices
In order to filter out long-range correlations in the background covariance matrix P , which
may not be physically meaningful, we can use a distance-dependent localization. A Gaussian function, which depends on the Euclidean distance c between the updated point in
state space and the observations is used as a filter. For the scaling of the Gaussian decay we use the threshold distance D, at which the influence of observations is set to be zero.

Let us denote the indices of the points in state space to be updated with ju and the indices
of the measurement components to be used for this update with j. The weighting factors
wjju for the observed positions are then defined according to

wjju




exp − (2c)22
, for c ≤ D
D
=
, j = 1, ..., n , ju = 1, ..., m.
0
, for c > D

(2.28)

The update of the forecasted field is done by introducing a localized version of the reconstruction matrix K for each individual position ju = 1, ..., m according to
K ju = P H T H P H T + (W ju )−1 R (W ju )−1

−1

,

(2.29)

where W ju is a diagonal matrix containing the weighting factors of the observations, which
correspond to the updated position ju , i.e.,
w1ju
 .
 ..

ju 
W  0

 ..
 .


0

···

0
..
.

···

···

wjju
..
.

···

···

0

···


0
.. 
. 


0 .

.. 
. 

(2.30)

wnju

This means that in the evaluation of Eq. 2.14 a dedicated matrix K = K ju is used for the
update of each state component xju .
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3.1 Black Sea Model - Nucleus of European Modeling of the
Ocean (NEMO)
3.1.1 General Setup
The used model is based on the Nucleus of European Modeling of the Ocean (NEMO,
Madec 2008) framework. In the horizontal NEMO uses an Arakawa C grid. The horizontal
resolution in our Black Sea setup is 1/12◦ , thus we have a matrix of 133x76 points, which
is the same as in similar previous works based on the Modular Ocean Model (MOM)
setup for the Black Sea (Stanev et al. 2003, 2004). The area investigated extends from
27◦ 38′ E × 40◦ 45′ N to 42◦ 05′ E × 46◦ 70′ N. The vertical grid with 31 z-levels uses a hard-

wired hyperbolic tangent stretching function, in which the thickness of the individual
z-levels dz(k) increases with the level index k = 1, . . . , d according to
dz(k) = −h1 − h2 tanh



k − h4
h3



.

(3.1)

Here h1 to h4 are scaling factors determining the general form of the used hyperbolic
tangent. Using Eq. 3.1 we create almost equal vertical distances between z-levels near
the surface and the bottom. Within NEMO z-levels are assumed to lie on geopotential
surfaces, therefore, for the computation of lateral processes changes in gravity are not
considered.
For lateral mixing, we use in the setup a second-order operator (Laplacian) for the active tracers with AT,S
= 100 m2 s−1 and a bilaplacian operator for the dynamics with
H
9
4 −1
AM
H = −7 × 10 m s . The vertical eddy viscosity and diffusivity coefficients are based

on a closure scheme (order 1.5) with a prognostic equation for the turbulent kinetic energy. In addition an enhanced vertical diffusion is applied on both tracer and momentum
2 −1 to the vertical eddy diffusivity
which means assigning large value AT,S
= AM
V =1m s
V

coefficients in regions with unstable stratification whereas their minimal values are set to
= 1.2 × 10−5 m2 s−1 ,
be AT,S
V

−4 m2 s−1 . The selected advection scheme
AM
V = 1.2 × 10

for tracers is the Total Variance Dissipation formulation (TVD). The used scheme for the
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vorticity term conserves both energy and enstrophy.

Horizontal boundaries are closed for the Kerch Strait and open for the Bosporus Straits.
There is no geothermal heat or salinity flux at the bottom.

The model has been initialized with horizontally uniform temperature and salinity profiles
taken from climatological data. A spin-up of one year forced with climatological data
(mean year derived from forcing) has first been performed, followed with an integration
for the investigated period with realistic forcing data.

3.1.2 Atmospheric, Open Boundary Forcing and River Runoff
The data used to construct forcing at sea surface include radiation and clouds, temperature and relative humidity at 2 m and atmospheric winds at 10m. They are produced by
the European Center for Medium-Range Weather Forecasts (ECMWF) and were kindly made available from GeoForschungsZentrum (GFZ) Potsdam. The temporal sampling
rate was 6 hours with a spatial resolution of 0.25◦ × 0.25◦ . Air-sea fluxes are estimated
using bulk formulations, which are described in Appendix 1.

The Black Sea is an estuarine-type basin and water fluxes including river runoff (R),
precipitation (P), evaporation (E) and the transport at the Bosporus straits (B) impact
all important physical and bio-geochemical processes. While river runoff, precipitation
and evaporation can be derived from more or less standardized sources there is still no
consensus on how to estimate the transport in the Bosporus straits for long-term numerical integrations. This transport has been earlier estimated by Unluata et al. (1989)
and Peneva et al. (2001) using long-term climatological and tidal gauge data. Another approach linking simple physical model estimates and 3d numerical model has been proposed
by Stanev et al. (1997). Andersen et al. (1997) and, more recently, Aydoğan et al. (2010)
provided statistical reconstructions based on atmospheric data such as wind speed and
air pressure at sea surface. In our model we use the concept developed by Peneva et al.
(2001), which enables a coherent simulation of mean sea level (MSL) taking into account
estimated steric heights from the model and observed sea level elevation, which is a combination of steric heights and mass change in the basin. The Bosporus inflow is introduced
in the model as evaporation flux in the same way as in Kara et al. (2005, 2008). A detailed
description of waterflux reconstruction for the period investigated in the present study is
given in Appendix 2.
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3.2 German Bight Model - General Estuarine Transport Model
(GETM)
3.2.1 General Setup
The model used here is the 3-D primitive equation General Estuarine Transport Model
(GETM) (Burchard and Bolding 2002), in which the equations for the three velocity components u, v and w and sea surface height ζ are solved. The application of the model to the
area of the present study is described in detail by Staneva et al. (2009). Furthermore, the
data from model simulation used here is publically available via the COSYNA webpage
(http://kopc02.gkss.de:8080/webNetcdf/).
The investigated region reaches from 6◦ 00′ E × 53◦ 44′ N to 9◦ 23′ E × 56◦ 00′ N. In the ho-

rizontal the German Bight GETM model has a resolution of approximately 0.8 km, the
horizontal grid consists of 253x274 points. The used grid type is the Arakawa C grid with
spherical coordinates. In the vertical the model uses terrain-following equidistant vertical
coordinates (σ-coordinates). The vertical column is discretized into 10 non-intersecting
layers.

In the setup the lateral eddy viscosity/diffusivity for momentum and active traces are set
T,S
2 −1 and a laplacian operator is used. For the vertical diffusion
to AM
H = AH = 10 m s

GETM uses a k − ǫ turbulence model with a special supplement treating the floading and

drying of a grid point due to tides. The process of drying and flooding is incorporated in

the hydrodynamical equations through a parameter γ which equals unity in regions where
a critical water depth Dcrit is exceeded and which approaches zero when the thickness of
the water column D = z l + ζ tends to a minimum value Dmin :


D − Dmin
γ = min 1,
Dcrit − Dmin



(3.2)

where z l is the local depth (constant in time), taken as the bottom depth below mean sea
level in the model area. The minimum allowable thickness Dmin of the water column is
2 cm and the critical thickness Dcrit is 10 cm (Burchard and Bolding 2002, Stanev et al.
2007). For a water depth greater than 10 cm (D > Dcrit ) γ = 1, and the full physics are
included. In the range between critical and minimal thickness (between 10 and 2 cm),
the model physics are gradually switched towards friction domination by reducing the
effects of horizontal advection and Coriolis acceleration. Furthermore, the vertical eddy
viscosity coefficient are increased by gradually adding a constant background viscosity of
10−2 m2 s−1 .
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3.2.2 Atmospheric, Open Boundary Forcing and River Runoff
The model setup used in the present study is part of a nested-grid model system, in
which the open boundary forcing of the finer resolved inner model is derived from a outer
model with a coarser resolution. The resolution of the coarse-resolution North Sea-Baltic
Sea outer model is about 5 km. The sea surface elevations of the open boundary of the
North Sea-Baltic Sea model are generated using tidal constituents obtained from TOPEX/POSEIDON data. Temperature and salinity at the open boundary of the outer
model are interpolated at each time step using the monthly mean climatological data
of Janssen et al. (1999). In this study, the nesting is done one-way only, i.e., the nested
model receive boundary values from the coarser model but does not influence the coarser
resolution model. For more detail of the nested-grid models we refer to Staneva et al.
(2009).

The model system is forced by atmospheric fluxes estimated by bulk formulations, which
are described in Appendix 1, using 6-hourly ECMWF re-analysis data from 1986 to 2005.
Hourly river run-off is provided by the BSH operational model. The salt flux in the model
is given by QW S, where, S is the surface salinity, and QW = R + P − E is the local diffe-

rence between river runoff (R) and precipitation (P ) from one side and evaporation (E)

from the other. QW is computed from ECMWF reanalysis data and hourly river run-off
data.
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4.1 The Region
The Black Sea is one of the largest inland seas in the world with an area of about
424 × 103 km2 and a relatively smooth coastline without large gulfs and islands. Its
catchment area, which is about five times larger than the sea area and covers parts of
Europe and Asia, provide a total freshwater supply of about 3 × 102 km3 year−1 . The total

freshwater flux (river runoff, plus precipitation minus evaporation) is large in comparison
to the basin volume (≈ 5.4 × 105 km3 ), making the Black Sea a typical estuarine basin.

The discharge of rivers is located mainly in the shallow northwestern shelf zone, with

a maximum depth of about 100 m. The maximum depth in the central part of the sea
reaches about 2 km.

The circulation in the Black Sea is structured into two connected cyclonic gyre systems
encompassing the basin (the Rim Current). Surface velocities are mostly associated with a
difference of ∼0.2 m between the sea level in the coastal and open sea, which follows approximately the continental slope. The research of Korotaev et al. (1999) and Stanev et al.
(2000) based on altimeter data in the Black Sea gave support to the earlier analyses of
dynamic heights from climatology and model simulations demonstrating that sea surface
height (SSH) undergoes clear inter annual and seasonal variability in response to water
and wind forcing.

Several quasi stationary anticyclonic eddys are usually observed between the Rim Current
and the coast. From a statistical point of view, these anticyclones can be regarded as elements of the seasonal cycle (Bulgakov et al. 1992, Oguz et al. 1994, Stanev and Staneva
2001, Korotaev et al. 2003). The most prominent of them are the Sevastopol Eddy, which
develops near the south-west coast of the Crimea peninsula, and the Batumi Eddy, which
is located in the southeast corner of the basin. The positions of major eddy’s are illustrated in Fig. 4.1.
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Abbildung 4.1: Snapshot of sea surface heights in [cm] simulated by Black Sea DieCAST model
(Staneva et al. 2001) together with surface current patterns and names of the prominent eddy
and gyre structures.

Connections to the Sea of Azov and the Sea of Marmara are through the narrow Kerch
and Bosporus straits, respectively. The inflow of waters with high salinity through the
Bosporus straits contributes substantially to the formation of the very stable density stratification of the Black Sea, a permanent pycnocline is located at depths from 100 to 300 m.

A specific feature in the Black Sea’s thermal stratification is the presence of a cold intermediate layer (CIL). The temperature in its core is lower than 8◦ C. The CIL is formed as
a result of winter convection in the northwest shelf zone or in the domes of cyclonic gyres.
The depth of the CILs core is directly connected to salinity profiles, because density stratification in the Black Sea is determined mainly by salinity, and is located slightly above
the halocline at depths of 40-80 m. Below the core of the CIL, the temperature increases
with depth, which is mainly explained by deep convection of warm and salty water of the
Sea of Marmara coming through the Bosporus straits (Stanev et al. 2004).

4.2 The Data
4.2.1 Altimetry - Sea Level Anomaly
Altimeter satellites measure the sea surface height (SSH) with a horizontal resolution of
several kilometers along tracks and an error of several centimeters (e.g., Menard et al.
2003). However, these very accurate measurements contain the elevation of the earth’s
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geoid which varies by tens of meters across the ocean and must be subtracted from satellite observations before their use in oceanographic applications (Dobricic 2005). The
on-going space missions GRACE and more recently the Gravity Ocean Circulation Explorer (GOCE) aim to estimate the earth’s geoid. However, these estimates are still not
mature enough to give results with an appropriate accuracy for oceanographic applications in small basins like the Black Sea. Therefore, it is still necessary to remove the
geoid from measurements using implicit methods. The common way of handling this is
to consider the contribution of the geoid to satellite measurements to be stable in time
and removing it by subtracting the temporal mean from the data. What we get is called
the sea level anomaly (SLA). However, in doing so one also removes an unknown mean
dynamic topography (MDT), which would be a valuable information for data assimilation
and, in general, is included in other observational data. Harmonization of the other data
sources to this limitation is discussed in the individual sections below.

The altimeter SLA measurements used in the following are derived from the same merged
gridded delayed time products for the period 2002-2009, which are used to estimate the
transport in the Bosporus strait. The data contains global mapped SLA data with a spatial resolution of 1/3◦ ×1/3◦ and a weekly temporal resolution. It is based on analysis of

along track SSH measurements and includes information about the formal mapping error.
For the analyses in the following the data is bi-linearly interpolated onto the model grid.

Fig. 4.2a and Fig. 4.2b depict the SLA standard deviation in cm and the temporal mean
mapping error in percent of the observed standard deviation for the investigated period. The later is an indicator for the quality of the data. In Fig. 4.2c and Fig. 4.2d the
corresponding temporal and spatial mean absolute errors of altimeter data are shown.
Highest variability of the data (Fig. 4.2a) can be found in the interior of the western and
eastern gyre as well as in the region of the Batumi Eddy. Relative (Fig. 4.2b) and absolute
(Fig. 4.2c) errors show a distinct spatial pattern, which ’follows’ the distribution of altimeter satellite tracks in the Black Sea. The mean absolute error of SLA data for the Black
Sea is ≈4.5cm and the temporal evolution of the spatial mean absolute errors (Fig. 4.2d)

demonstrates that it is relatively stable over time. However, there are recurrent periods
with spatial mean errors above 5cm (e. g. March of 2002 and July of 2003).
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a)

c)

b)

d)

Abbildung 4.2: Standard deviation (a) of altimeter observations during the period between
01.01.2002 and 31.12.2008 and the corresponding observation errors as temporal mean relative to standard deviation (b), temporal mean (c) and basin mean (d), respectively.

The data shown here is similar to the data used in previous studies (Stanev et al. 2000,
Stanev and Peneva 2002), but for a longer period, therefore, we will present here the major statistical characteristics of sea level anomalies from altimetry derived on the basis
of EOF analysis and compare them with the above mentioned earlier estimates. In the
following, we refer in the text to the spatial and temporal information of the individual modes from the EOF analysis by ’EOF-n’ and ’PC-n’, respectively, where ’n’ is the
number of the mode. Furthermore, we underline that these modes differ from the EOFs
and PCs used for the reconstruction of river runoffs in section 3.1.2 and Appendix 2. The
percentage of variance explained by the first three EOFs is 89.1%. PC-1 (Fig. 4.3d) almost
follows the course of MSL, thus it shows characteristic features associated with sea-level
change due to changing water accumulation in the sea. The amount of variability explained by this mode (82%) clearly illustrates the fact that the major variability of sea level in
this estuarine basin is associated with the vertical displacement resulting from filling and
emptying of the basin. These oscillations are coherent over the entire basin (no see-saw
pattern). Unlike the earlier estimates for the period until 1997, which gave much smaller
horizontal gradients, the spatial variability in the merged and extended to a longer period dataset shows a clear maximum in the interior basin, in particular in the eastern basin.
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The pattern of EOF-2(Fig. 4.3b) is well known from earlier analyses (Stanev and Peneva
2002). This signal describes the seasonal development of the basin scale circulation in the
Black Sea and explains 4.4% of the total variance in the observations. This is a spatial
see-saw pattern having opposite signs in coastal and open sea regions. During winter,
higher wind stress (Fig. 7.5a) tends to increase the Ekman transport in the major gyres,
thus intensifying the circulation.
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Abbildung 4.3: First three EOFs (a, c, e) and PCs (b, d, f) from the analysis of SLA of the
Black Sea derived from the Aviso/Altimetry data for the period 1993-2007. Incomplete data
coverage is due to the fact that we only interpolate between existing data points. The land◦
◦
ocean mask has a resolution of 1/3 × 1/3 , which differs from model resolution and reference
point. In (d) and (f) two colors have been used to plot wind forcing from ERA-40 (brown)
and fine resolution atmospheric model (red curve for the period 2002-2007). The blue line in
(f) illustrates PC-3 plotted from winter data only.

The comparison between basin mean wind curl and PC-2 supports the results of Stanev et al.
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(2000), demonstrating that this variability type is driven by wind (Fig. 4.3d). One technical problem has to be mentioned. Since fine resolution data from atmospheric models
are not available to us for the whole period 1993-2007, we compute the wind curl from
ERA-40 data for the period up to 2003 (brown curve) and continue the plot with the
wind curl derived from the fine resolution atmospheric data used in our simulations. An
important difference between the two data sets (coarse and fine) is seen from the comparison between the PC-2 (measuring the time-change of sea-level slope between coastal and
open ocean) and wind curl for the two periods. Obviously, the agreement is much better
for the second period. The conclusion that the higher resolution is of utmost importance
for the Sverdrup dynamics seems undoubtful for this basin.

The clear correlation between PC-1 and PC-2 with the MSL and wind curl, correspondingly, motivates us to present below a generalization of the above results (the mean year)
during the period 1993-2007 (Fig. 4.4). Overall, PC-2 lags the wind curl by about two
months, which could be understood as a measure of the adjustment of ocean state to the
Sverdrup dynamics (see also Stanev et al. 2000, 2003).
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Abbildung 4.4: Comparison between mean year of first (a) and second (b) PC from the analysis
of SLA of the Black Sea derived from the Aviso/Altimetry data for the period 1993-2007 and
MSL signal or scaled basin mean wind stress curl respectively.

The third EOF is something which has not been observed in the earlier analyses of altimeter data because this variability has a longer time scale (Fig. 4.3f) of ∼4-5 years. It
reveals the exchange of mass between the eastern and western Black Sea. Analysis of meteorological forcing supports the speculation that this variability is forced by the changes
in the zonal wind component.

The relatively noisy PC-3 course does not seem to correlate clearly with the zonal wind

26

4.2 The Data
stress. Since the longer period oscillations could be related to the atmospheric teleconnection patterns dominating the region of the Black Sea, we plot in Fig. 4.3f the mean for
the three winter months PC-3 (the blue curve), as this is the usual practice in this field.
Similarly, we plot the zonal mean wind. Although the correlation between the brown-red
and blue curves is not as good as in the case of PC-1 and PC-2 (Fig. 4.3b, d) some regularities are clearly seen: the PC-3 lags behind the wind signal by about one to two years.
The analysis of the simulations of deep water circulation demonstrates that this is the
time needed for deep water masses to respond to the atmospheric signal associated with
the atmospheric teleconnection patterns.

4.2.2 Global Sea Surface Temperature Analysis
Sea surface temperature (SST) observations used in the present study come from the
’Daily High-Resolution Blended Analysis for Sea Surface Temperature’ (Reynolds et al.
2007). Their resolution is daily with a 1/4◦ ×1/4◦ spatial grid. The distributed data is ba-

sed on combined optimum interpolation analysis of SST data from Advanced Very High

Resolution Radiometer (AVHRR), Advanced Microwave Scanning Radiometer (AMSR)
and in-situ data from ships and buoys. The data product also includes daily estimates of
absolute error. For the analyses in the following the dataset and corresponding errors are
bi-linearly interpolated onto the model grid.

As mentioned in section 4.2.1 the SLA observations from altimetry have their temporal
mean removed. In order to stay coherent with the altimeter data we also remove the temporal mean from SST data. We call the derived dataset sea surface temperature anomaly
(SSTA).
SSTA(ti , xj ) = SST(ti , xj ) − hSSTit (xj ).

(4.1)

Because we consider the measurement errors to be independent in time we are able to
estimate the temporal mean field with a very high accuracy. Therefore, removing it from
the data does not increase the error range we have to assume in the individual positions.

Fig. 4.5a shows the standard deviation of SSTA data. The highest variation of SSTA data
can be found in the northern part of the continental shelf region. The region along the northern coast of the inner basin in the east and the edge of the continental shelf in the west
shows relatively low variation of SSTA data with the lowest variation at the south-western
edge of the Crimea peninsula. Errors relative to standard deviation (Fig. 4.5b) show values
below ≈4.5% for the entire basin with lowest relative errors in the inner part. Thus, the signal to noise ratio of the observations is quite high implying a good quality of the dataset.
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a)

c)

b)

d)

Abbildung 4.5: Standard deviation (a) of of sea surface temperature data from global analysis
during the period between 01.01.2002 and 31.12.2008 and the corresponding observation
errors as temporal mean relative to standard deviation (b), temporal mean (c) and basin
mean (d), respectively.

Looking at the temporal mean absolute errors in Fig. 4.5c we see that higher errors can be
found along the coast. The temporal evolution of spatial mean absolute errors (Fig. 4.5d)
reveals that there is a distinct seasonal characteristic in the values of absolute errors. In
summer we find a mean value of ≈1.5◦ C while the values in winter are more than twice

as high ≈3.5◦ C.

4.2.3 ARGO Floats - Temperature and Salinity Profiles
In-situ measurements of temperature and salinity from autonomously operating ARGO
floats are publically available via the Global Data Assembly Centers (GDACs) in Brest
(France) or Monterey (California/USA), which can be reached via the ARGO webpage
(www.argo.ucsd.edu). Datasets used in the present study originate from delayed mode
data and are automatically quality checked by GDACs with flag ’1’, thus we only use the
most reliable measurements. After an additional internal quality control we end up with
598 temperature and salinity profiles from four ARGO floats within the Black Sea region
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for the investigated period from 2002 to 2009. The earliest profile is available in March
2005. The usual time gap between two profiles from one individual float is between five
and seven days.

Measurements of ARGO floats start at 5 m depth and have a maximum depth between
300 m to 1550 m, depending on the position of measurement and the programming of the
float. Claimed accuracy of measurement systems installed in ARGO floats is 0.005 ◦ C for
temperature, 0.01 PSU for salinity and ±5 dbar for pressure. In order to take into account

the errors in measuring the depth we will use in the following an error of 0.1 ◦ C for tem-

perature and 0.05 PSU for salinity, what should roughly take into account the different
strength of variation over depth in salinity and temperature profiles, with respect to the
first 50 m of the water column. A similar error assumption for ARGO floats was used in
e. g. Oke et al. (2008).

The position of profiles from the individual floats and the corresponding period of operation are shown in Fig. 4.6. The major part of the profiles are positioned at the edges
of the big anti-cyclonic gyres within the inner part of the basin. Only a few profiles are
positioned within the gyres or in the region of the Batumi eddy and there are no profiles
within the north-western shelf region.
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Abbildung 4.6: Position of ARGO profiles during the investigated period 01.01.2002 to
31.12.2008. Usable profiles are available form float 489 (a) between March 2005 and December 2007, from float 540 (b) between March 2005 and October 2008 and from float 541
(c) and float 542 (d) from July 2006 to the end of the investigated period.

Regarding the overlap of the periods of operation we have periods with profiles from two,
three our four floats during the time of simulation. However, because we would have to
retain at least one or better two floats as independent observations for validation purposes,
we actually may use at maximum profiles from two individual floats for data assimilation.

4.3 The Conceptual Assimilation Experiment - Cooper and
Haines Method
4.3.1 Method
By assimilating sea level anomaly (SLA) from altimeter data we aim to improve the model
prediction of mass distribution. The general concept used in this section is based on the
idea of Cooper and Haines (1996), which has been proposed for a simple layered ocean
system. Their idea represents a conceptual data assimilation approach, which, unlike the
statistical approaches based on Kalman filters directly links the observed information to
distinct know physical processes. In the following, we will give an idea about how to
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rearrange water parcels in the model in an adiabatic way in order to reproduce observed
changes in sea level elevation.

Based on the hydrostatic considerations we can write
∆p(z) = ∆ps + g

Z

0

∆ρ dz,

(4.2)

z

where ∆p is the surface pressure update. This update could be considered as a combination
of the pressure change at some level and the change of density between sea surface and
this level. Assuming an existence of a level of no motion, the above equation leads to
g

Z

zH

∆ρ dz = ∆ps ,

(4.3)

0

were z H is the level of no motion, that is the change of the weight of the entire water column
should equal the change of the surface pressure ∆ps . In the model this can be mimicked
by a rearrangement of water characteristics by vertical displacement. The change in the
pycnocline depth is then
∆h =

∆ps
g(ρ(0) − ρ(H))

(4.4)

Taking ∆ps = ∆ζ/ρ0 g, where ∆ζ is the change of sea level, and ρ0 is a constant density
results in
δh
δζ
ρ0
=−
δt
ρz H − ρ0 δt

(4.5)

This means that the depth of the pycnocline ’mirrors’ the changes in the sea level.

The implementation of the assimilation method needs some clarification of technical
aspects and assumptions. When assimilating altimeter data we focus on the time change
of the dynamical integral which can be presented as
δζ
1
=−
δt
ρ0
The general concept when assimilating

Z

0

zH

δρ
dz.
δt

(4.6)

δζ
into the model uses Eq. 4.3 and Eq. 4.6 and
δt
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implies a displacement velocity
wd =

δh
δt

(4.7)

in the area of the pycnocline (see Eq. 4.5). The change of density in the ’climatic’ pycnocline due to displacement during unit time would then be
∆ρ = ∆h

δhρcl ix
δz

(4.8)

In the model, we rather displace temperature and salinity profiles instead of density
profiles. Therefore, we introduce the assumption that in the assimilation process we can use
a linear equation of state, thus adding displacement terms in the equation of temperature
and salinity. We introduce relaxation terms in the equations of temperature and salinity:
γ (Tas − T ) ; γ (Sas − S) with
γ=

10
and (T, S)as = (T, S)cl + ∆h
∆tobs

(4.9)


δhTcl ix δhScl ix
,
δz
δz



,

where ∆tobs is the sampling rate of altimeter observations.
Assuming that climate is correctly considered by the free run, we substitute the needed
climatic profiles in the last equation. In this way, we provide enough base to compare the
assimilation and the free run.

To further apply the original method developed for reduced gravity models into the Black
Sea z-level model (NEMO), we add some features, which do not change the general idea.
We choose a depth range where displacement of temperature and salinity profiles is applied. The prescribed depth range is in the pycnocline and insures that the stratification
of deep and surface near ocean layers will remain unaffected by data assimilation. This is
a valid assumption for the deep layers, because in the Black Sea deep profiles are almost
homogeneous in the vertical. As for the surface layer, avoiding data assimilation ensures
that the upper layer structure is formed mainly as a result of model fluxes at the sea
surface (mixed layer-seasonal thermocline dynamics). This ensures a performance mode
which is physically correct and superior to the one where we disturb surfaces in the upper
layer by data assimilation.

Consistent with the above description we vary the displacement velocity wd (Eq. 4.5) in
a way which ensures that the major part of the displacement takes place only close to
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the depth of the greatest salinity gradient (hp ), which for the Black Sea is the core of
the pycnocline at about 170 m. From the depth hp the vertical displacement is forced
to decrease upwards and downwards by a factor of ξ(z) until it reaches zero at some
prescribed depths (100 m and 500 m):
ξ(z) =

hScl ix (z) − hScl ix (100m)
hScl ix (hp ) − hScl ix (100m)

(4.10)

ξ(z) =

hScl ix (500m) − hScl ix (z)
hScl ix (500m) − hScl ix (hp )

(4.11)

for 100m < z ≤ hp , and

for hp < z ≤ 500m, where hp is 170m.
To reduce the induced noise from data assimilation, we assimilate the running mean of
three weekly data instead of assimilating the data point-by-point.

4.3.2 Results from the Data Assimilation Experiment
In the following, we analyse the statistical characteristics of sea level based on observation
and simulations (without and with data assimilation) for 2002-2006. The percentage of
variance explained by the first three EOFs in observations and simulations are given in
Table 4.1. Comparison between longer-period data (Fig. 4.3), which has been discussed
in section 4.2.1, and data for the period of model integration (2002-2007, Fig. 4.7a-Fig.
4.9a) demonstrates that data which we assimilate during the simulation period capture
the major patterns valid for the longer period.

Analysis of EOF-1 demonstrates that, even without data assimilation, the model replicates
the observed maximum in the amplitudes of oscillations in the basin interior. Assimilating data into the model enhances the spatial contrasts in this mode (Fig. 4.7c), but does
not affect much the temporal variability (Fig. 4.7d). No see-saw effect is observed in this
mode, like this is the case in the observations.
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Tabelle 4.1: Percentage of explained variance by the first three EOF-s of sea level.

mode no
1
2
3
sum
mode no
1
2
3
sum

a)

c)

observations 1993-2007
(entire observation period)
82.0
4.4
2.7
89.1

observations 2002-2007
(period addressed here)
74.0
9.0
3.5
86.5

free model run
79.8
6.9
3.8
90.5

assimilation run
53.8
13.5
7.1
74.4

b)

d)
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Abbildung 4.7: First EOFs (a, b, c) and PCs (d) from analysis for the period 2002-2007 of
altimeter observation data (a), free model run (b), and assimilation run (c).
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Abbildung 4.8: Second EOFs (a, b, c) and PCs (d) from analysis for the period 2002-2007 of
altimeter data (a), free model run (b), and assimilation run (c).
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Abbildung 4.9: Third EOFs (a, b, c) and PCs (d) from analysis for the period 2002-2007 of
altimeter data (a), free model run (b) and assimilation run (c).

The spatial contrasts in EOF-1 from the free run are smaller than in the data, but nevertheless the general patterns agree well, illustrating that the free run performs correctly.
However, unlike the 74% of the total variance in the data this EOF explains in the free
run about 79.8%. In the assimilation run EOFs shows a slight improvement of spatial
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characteristics compared to the free run. However, the percentage of explained variance
is smaller. The most important conclusion here is that the model correctly replicates processes associated with the evolution of the water cycle.

In the PC-2 of the observations from 2002 to 2007, a seasonal cycle with a maximum occurring from the end of fall to the beginning of winter can be seen (winter intensification
of circulation due to wind). In the characteristics of the EOF-2 the main improvement
through data assimilation is revealed in the interannual characteristics.

From the comparisons between the first and second EOFs in the data and the two simulations, it becomes clear that the model is able to simulate the most prominent processes
associated with the variability of sea level in the Black Sea even without data assimilation. The major improvement through data assimilation consists of a spatial and temporal
rearrangement of mass compared to the case of the free run.

Higher degree EOFs show more complex processes which are very interesting because
these processes could not be found in older versions (shorter time and not merged data)
of altimeter observations (Stanev and Peneva 2002) and are not easy to be simulated by
the model. The third EOF explains about 3.5% of the total variance in the observations
and free model run, while we find a two-time increase of the explained variance in the
simulations with data assimilation. A see-saw effect is clearly seen propagating between
the western and eastern parts of the basin.

The analysis of simulated temperature and salinity data demonstrates that this variability
is associated with eddies which appear during the summer at the western edge of Crimea.
They carry relatively fresh water from rivers and propagate with the general circulation
to the south where they interact with the developing winter structure of the western
cyclonic gyre. The anomaly in the eastern basin is due to the flow from the Bosporus
Straits propagating into the inner basin at about 100 m depth. The observed PC-3 pattern
is not replicated in the free model run, thus the gain from data assimilation is clear.
Nevertheless, we want to stress that the characteristic periods seen in Fig. 4.9d are similar
(compare green and red curves). This can be understood as an indication that the temporal
variability associated with the baroclinic processes in the deep ocean are present in the
free run, however, the model is not able to forecast the individual events.
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4.3.3 Conclusions
We have shown in this part that although the Black Sea modeling is well developed there
is still room for improvement. Bringing observations and modeling together, enables us
to reveal new features in the circulation and to identify problems in the models. The presented results can be regarded as an extension of previous studies of this type, therefore,
extensive inter-comparisons with older works are presented. We demonstrated that, to a
larger extent, the climate of the Black Sea in the last several years follows the regularities known from the past. However, new features have also been identified, which are
associated with the exchange of water masses between the eastern and western sub basins.

We found that the amplitude of inter annual variations in the sea level are quite pronounced and correlate not only with the water fluxes, but also with the variations in the zonal
winds. The latter signal is quite strongly dependent on the global oscillation patterns and
has a pronounced impact on the Black Sea system. This is reflected by the redistribution
of temperature and salinity anomalies in the two sub basins.

The east-west see-saw pattern seen in the EOF-3 is a very basic one (although with smaller variance compared to lower modes) because it explains the displacement and mixing of
mass anomalies. These anomalies are not easily simulated in the model without data assimilation. This could indicate some possible weaknesses in the model, but more plausible
is that there are inherent limits of predictability of these processes, which would advocate
to using new data, e. g. Argo floats to improve predictions.

East-west oscillations of water masses do not always follow the general pattern (stronger
easterly wind cause a higher sea level in the western Black Sea). In 2002 and 2004, the
situation was opposite.

4.4 The Statistical Assimilation Experiment - Optimal
Interpolation
4.4.1 Method
The specific setup of the optimal interpolation scheme for the Black Sea together with
the configuration of covariance matrix, state and observation vectors is discussed in the
following section. In parallel with solving the main task of the present study, which is to
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give an estimate of steric heights, the data assimilation tool improves simulated temperature and salinity fields based on information from available observational data. Datasets
of interest are derived from altimeter observations, global analysis of sea surface temperature and in-situ measurements from ARGO floats.
For the configuration of the covariance matrix, state and observation vectors we identify
the following two important points to consider:
1. Not all processes concerning steric heights can be identified with an appropriate accuracy from the observation systems, which leads to inconsistent information from
the observation network. On the other hand, the numerical model is not able to
perfectly reproduce all observed processes. In both cases it is reasonable to identify
the coherent and/or usable amount of information and restrict the used observations
and its impact in order to optimize the estimate based on the observation network
as a whole and/or making it ’digestible’ for the numerical model. Worth to mention as an example here is that the conceptual estimate of basin mean state based
on observation and numerical modeling described in section 3.1 is more practicable
than a state estimate based on multivariate covariances and observations only. Altimeter measurements do not distinguish between the contribution to total sea level
elevation from mass, heat and salt content and the accuracy of a separation based
on multivariate covariances seems questionable and may lead to unrealistic perturbations. Therefore, we will ensure that the assimilation tool does not change the
total mass, heat and salt content of the basin being consistent with the preliminary
conceptual estimate.
2. Reconstruction of non-linear processes using an OI approach, as it is described in
chapter 2, has some limitations. These limitations come from the method of estimating, storing and utilizing the needed covariances information. In our case the
covariance matrix P is build from EOFs, which may only represent linear dependencies. Therefore, non-linear dependencies, which are often associated with convection processes, are approximated by a certain amount of linear correlations and
the accuracy of their reproduction crucially depends on the number of used EOFs.
However, the signal contained in the individual EOFs decreases with the degree of
mode and there is a threshold, which depends on the observation error, up-to which
degree EOFs can be reasonably fitted on observations. Due to this fact we often observe blurring of vertical profiles if we try to reproduce convection processes during
a seasonal cycle. This is particularly important for the simulation of the CIL characteristics. Its development and depth of penetration is based on a fragile balance
between temperature and density gradients. Preliminary experiments showed that
we have a significant decrease of created CIL water if we allow vertical displace-
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ment of heat content during the analysis step, which is mainly due to the fact that
the blurred reproduction of convection processes acts as an additive diffusion and
disturbs the mutual development of temperature and density gradients. Therefore,
we will limit the vertical displacement of heat content during the analysis step as
much as possible.
Adaption to Observations and Observation Errors
Altimetry
As described in section 3.1 we already use altimeter measurements to constrain the water
balance of the model. Therefore, the data assimilation described below, which uses OI, is
focused on spatial characteristics. This decision was taken because we consider the described conceptual state estimate on the basin scale to be superior to any pure statistical
state estimate.

In order to avoid inconsistencies in the constraints made on the basin scale we remove
an estimated basin mean mass signal hSLAM ix from the observed data (SLAo ) at the

individual positions xj (j = 1, . . . , m) and time steps ti (i = 1, . . . , q) by
ASLA(ti , xj ) = SLAo (ti , xj ) − hSLAM ix (ti ).

(4.12)

In the following we will call this new dataset, which we will assimilate, adjusted sea level
anomaly (ASLA). The removed estimated mass signal is calculated by
SLAM (ti , xj ) = SLAo (ti , xj ) − SLAT,S (ti , xj ),

(4.13)

where SLAT,S is the simulated steric height in the individual position at corresponding
time step. Therefore, Eq. 4.12 actually means that we replace the observed mean sea level
signal by the simulated basin mean steric height.

We admit that the estimated mass signal used above differs from the simulated mass signal in the free model run. A comparison of simulated and estimated mass signal is shown
in Fig. 4.10. Using ASLA we will lose this information for the data assimilation.

39

4 Black Sea

Basin Mean SLA - Simulated Steric Signal
20
Altimetry
Free Run
Altimetry - Free Run

15
10

[cm]

5
0
-5
-10
-15
-20
2002

2003

2004

2005
2006
Time [year]

2007

2008

Abbildung 4.10: Basin mean SLA form altimetry (black line) and simulation (red line) minus
basin mean simulated steric height, respectively. The blue line shows the difference between
the two.

Furthermore, simulated steric heights used in Eq. 4.13 may include errors, which we will
not consider because appropriate observations needed to estimate them are not available.
Therefore, the removed estimated mass signal is affected by an unknown error. However,
it is more appropriate to remove an estimated mass signal from the observations, even
if it includes unknown errors, instead of removing the whole mean sea level signal (mass
plus steric contribution) from observations. The reason for this is that we may assume
the contribution of basin mean mass signal to the observations in the individual positions
to be homogeneous due to the fast traveling gravity waves, but not the contribution of
the steric height signal. Steric heights are due to distribution of heat and salt in the basin
and, therefore, are connected to mixing and advection processes. These definitely have a
distinct spatial pattern with a temporal evolution which is due to the changing strength
of the corresponding processes.

Fig. 4.11b shows the standard deviation of the ASLA data derived from Eq. 4.12. Fig. 4.11a
reveals its difference to the original standard deviation (Fig. 4.2a). Removing the estimated mass signal from the data reduces the standard deviation over the whole basin but it
has a weaker impact in the inner part of the basin and in the region of the Batumi Eddy
than along the coast and the edge of the shelf region in the north-western part of the
basin. This implies that in the later regions the correlation to the mass signal is stronger.

40

4.4 The Statistical Assimilation Experiment - Optimal Interpolation
Furthermore, this leads to an intensification of spatial gradients in the standard deviation
between the coast and the inner part of the basin.
a)

b)

c)

Abbildung 4.11: Difference (a) between standard deviation of sea level anomaly (SLA) from
altimeter observations (Fig. 4.2a) and the adjusted sea level anomaly (ASLA) data calculated
from Eq. 4.12 (b) and the corresponding error relative to standard deviation (c). The absolute
errors are the same as for SLA data from altimetry (Fig. 4.2c and d).

Because we have to assume the removed water mass signal to be error free for now, the
absolute error in the individual points does not change for ASLA data. However, because
the standard deviation decreases the error relative to the standard deviation increases.
Relative errors to standard deviation of ASLA data (Fig. 4.11b) is shown in Fig. 4.11c.
Removing the mass signal from the data almost doubles the relative value of the error.
The mean value is ≈121%, thus, the quality of the data in the individual points is quit

bad. However, one has to take into consideration that those errors are assumed to be
independent and, therefore, an assimilation is valid.
Global Sea Surface Temperature Analysis
As mentioned in section 4.4 we want to limit the vertical redistribution of heat content
during assimilation as much as possible. In section 4.4.1 a detailed description of the used
approach is given, which conserves the temperature mean value of each z-level during
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the update. Because, this actually implies that the data assimilation tool is unable to
adjust the mean value of simulated SSTA we substract correspondingly the mean value
from observed SSTA. We call the new dataset adjusted sea surface temperature anomaly
(ASSTA)
ASSTA(ti , xj ) = SSTA(ti , xj ) − hSSTAix (ti ).

(4.14)

A comparison of simulated basin mean value of SSTA derived from the free run against
observed SSTA basin mean value is shown in Fig. 4.12. Overall, the simulated and the
observed basin mean values of SSTA agree quite well. However, the difference between
both datasets can reach up to 2.5 ◦ C, because during the winter months the simulation, in
general, is colder than the observations. During the rest of the year the differences between
the two datasets vary rather randomly. By subtracting the corresponding mean value from
both datasets the shown differences will not be considered during assimilation. Although
the difference is not negligible, we nevertheless consider this a justified procedure for the
assimilation approach, which shall be focused on spatial characteristics, in order to avoid
vertical displacement of heat content.

Basin Mean SSTA
SST Analysis
Free Run
SST Analysis - Free Run
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Abbildung 4.12: Basin mean sea surface temperature form from global analysis (black line) and
simulation (red line). The blue line shows the difference between the two.

As for the ASLA and SLA data the variance of ASSTA dataset differs from the variance
of SSTA dataset, what has an impact on the ratio between absolute errors and the obser-
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ved signal. The difference in standard deviation of SSTA and ASSTA dataset is shown in
Fig. 4.13a. Removing the basin mean value from the dataset reduces the variance over the
entire basin. Regions with relatively big impact, which are all connected, can be found in
the shallow north-western shelf region, in a broad band along the western coast and in
the inner part of the basin, while a relatively lower impact can be found along the coast
in the eastern part of the basin. Minimum impact can be found at the south-eastern edge
of the shelf region from 30◦ E to 33.5◦ E.
a)

b)

c)

Abbildung 4.13: Difference (a) between standard deviation of sea surface temperature anomaly
(SSTA) from global analysis (Fig. 4.5a) and the adjusted sea surface temperature anomaly
(ASLA) data calculated from Eq. 4.14 (b) and the corresponding error relative to standard
deviation (c). The absolute errors are the same as for SSTA data from global analysis (Fig. 4.5c
and d).

From the observed patterns in Fig. 4.13a we might conclude that we are actually dealing
with two distinct surface watermasses with different characteristics, which are separated/propagated by the Rim Current. One of them originates mostly from the northwestern shelf region and propagates between the Rim Current and the western coast to
the south, where it intrudes into the the inner part of the basin. The other one, is influenced by coastal water along the Turkish, Georgian and Russian coasts and propagates
between the Rim Current and the coast in the eastern part of the basin. Both watermasses
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mix near the Crimea Peninsula, which is the region with the smallest difference between
SSTA and ASSTA standard deviation. These small difference can be explained keeping in
mind that the large differences between properties of the water masses are erased by the
mixing process in this area.

Figs. 4.13b and 4.13c depict the standard deviation of the ASSTA dataset and the corresponding temporal mean errors relative to the standard deviation. The overall spatial
characteristics in the relative errors of the ASSTA data (Fig. 4.13c) demonstrates low
relative errors along the coast and high relative errors in the inner part of the basin. Therefore, we have the inverse situation found in the relative errors of SSTA data (Fig. 4.5b).
The basin mean value of errors relative to the standard deviation is ≈35%. Compared to

the relative errors in ASLA data this is a good value, which we consider as acceptable for
data assimilation.
ARGO Floats Observation Network
In the following we will discuss how significant observations from ARGO floats are for
the simulation of temperature and salinity characteristics with respect to the covariance
information used during analyses, the accuracy of the measurement, their sparse spatial coverage and the limited number of floats. For this purpose we carry out idealized
reconstruction experiments technically using a simple OI approach without any further
constrains based on a stable covariance matrix, which we derive from simulated variation
of temperature and salinity for the whole investigated period. The state vector contains
only temperature or salinity, thus covariances between both fields are not taken into
consideration. Estimation of the reconstruction error is done according to the method
introduced in section 2.3.

For our experiments we use the realistic measurement errors of ARGO observations, thus,
0.1 ◦ C for temperature and 0.05 PSU for salinity. However, in order to keep our design
flexible enough to handle more than the available number of floats we launch artificial
floats. Their trajectories are computed based on the position of the true profiles from float540 (Fig. 4.6b), whose characteristics we consider to be representative for the observation
network within the Black Sea. For the starting position of each artificial float we take the
profile position
P Fnf (t1 ) = 1 +

NP − 1
· (nf − 1),
NF

(4.15)

(the entire trajectories are shown in Fig. 4.6b) where N P = 175 is the total number of
profiles taken during the lifetime of float-540, N F = 1, ..., 5 the total number of artificial
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floats we want to include in our experiment and nf = 1, ..., 5 the actual number of the
artificial float for which we want to derive the start position. We simulate the shifting of
position of the artificial floats by taking the corresponding next profile position of float-540
according to

P F (t ) + 1
nf i
P Fnf (ti+1 ) =
1

for P Fnf (ti ) + 1 ≤ N P

(4.16)

for P Fnf (ti ) + 1 = N P + 1.

The time interval between two time steps is assumed to be one week, what is approximately the mean time interval between profiles from float-540. The starting and maximum
depth is given by the corresponding real profiles of float-540. We point out that using
the idealized method described above the used synthetic floats are almost homogeneously
distributed which is uncommon for real float observation network. Therefore, our estimate
of Γti could be considered as quite optimistic.
Estimates of reconstruction errors from experiments for the whole investigated period
using one, two or five floats are shown in Fig. 4.14c-h. The figures show the time and
meridional mean of Γ normalized by the corresponding standard deviation of simulated
temperature and salinity, which is shown in Fig. 4.14a and b, respectively. The first two
experiments with one float (Fig. 4.14c and d) and two floats (Fig. 4.14e and f) correspond
to the realistic situation and show the error propagation in analysis we might expect when
trying to assimilate the ARGO floats we reasonably may use. The last experiment with
five floats (Fig. 4.14g and h) is an idealized case where we have more floats than in reality.
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a)

b)

c)

d)

e)

f)

g)

h)

Abbildung 4.14: Meridional mean standard deviation of temperature (a) and salinity (b) in free
run simulation. Propagated errors in reconstruction of temperature (c,e,g) and salinity (d,f,h)
fields relative to standard deviation based on measurements from one, two and five simulated
floats. Propagation errors are calculated according to Eq. 2.22 where the error assumption for
temperature and salinity measurement are 0.1◦ C and 0.02, respectively.
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Spatial patterns in error characteristics are almost the same for the three experiments.
This is due to the idealized positioning and movement of the artificial floats. Furthermore,
we find in all experiments for both salinity and temperature relatively high reconstruction
errors close to the western and eastern coasts, what is simply due to the fact that nearly
all observations are taken within the inner part of the basin and corresponding high reconstruction errors near the coast sum up in the meridional mean. Therefore, the focus
of the following analysis is put on the inner basin.
We find in the inner basin for temperature relatively high errors slightly above the CIL,
while errors are moderate and relatively small at the surface and below the CIL, respectively. Maximum errors in the inner basin can be found between 32◦ and 33.5◦ longitude,
which is the region of the western coast of the Crimea peninsula and is known to be
the most productive area for CIL watermasses (Simonov and Altman 1991, Stanev et al.
2002, Staneva and Stanev 2002, Stanev et al. 2003). Due to this fact and because the observed pattern does not correspond to spatial patterns in standard deviation of simulated
temperature, we conclude that reconstruction errors in the inner basin are mainly due to
the fact that reconstruction of CIL formation based on the sparse profile observations is
quite demanding.
For salinity the pattern of reconstruction errors in the inner basin fits overall well the
spatial patterns in standard deviation of simulated salinity. We find relatively large errors
from the surface down to 25-30 m from the western coast up to 33.5◦ longitude and from
39.5◦ longitude up to to the eastern coast, which are the regions of the north-western shelf
and the region of the Batumi eddy, respectively. For both regions we have rather few or
even no observations. The fact that the patterns of reconstruction errors and standard
deviation fit well demonstrates that salinity profile characteristics in this regions with relatively high variance tend to be more independent from salinity profile characteristics in
the rest of the basin and, therefore, are more difficult do reconstruct from ARGO profiles.
Most problematic for data assimilation are the reconstruction errors for temperature, because the entire basin is affected, while the relatively high reconstruction errors for salinity
are concentrated in distinct regions. Looking at the magnitude of relative reconstruction
errors in the inner basin we find for temperature in the experiments with one, two and
five floats maximum relative reconstruction errors of approximately 30%, 20% and 10% of
the standard deviation of simulated temperature signal, respectively. Those errors seem
to be small in comparison with the relative errors we accepted for ASLA and ASSTA
data, however, we have to take into consideration that, in contrast to errors in ASLA and
ASSTA, the estimated errors in temperature field reconstruction are not independent and
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we actually require a higher accuracy here. We would concider a maximum relative error
of 10% in the inner basin as acceptable, as it is given in the idealized experiment with
five floats.

Higher errors found in the more realistic experiments with one and two floats indicate
that an assimilation of the available data from ARGO floats is perhaps not reasonable because it may compromise the coherence of the observation network. Errors in temperature
field reconstruction probably accumulate over time causing unrealistic oscillations. The
latter will negatively influence the assimilation as a whole because it may contradict the
observations from remote sensing. Localized assimilation of ARGO profile data would be
an appropriate solution but we would lose control over the basin mean values of temperature and salinity in the analysis, which is an important requirement for the assimilation
presented here. Therefore, at the moment we have to rule out in the present study the
assimilation of available ARGO floats .
Assimilation Setup
Configuration of Covariance Matrix, Observation and State Vector
Because available profiles from ARGO floats are not able to provide information within
a suitable error range for global analysis and according to the adjustments we applied to
the observations from altimetry and SST analysis, the observation vector y is configured
in the following way

y(ti ) = ASSTA(ti , x1 ), . . . , ASSTA(ti , xj ), . . . , ASSTA(ti , xm );

ASLA(ti , x1 ), . . . , ASLA(ti , xj ), . . . , ASLA(ti , xm ) ,

(4.17)

where ASLA and ASSTA are calculated according to Eq. 4.12 to Eq. 4.14, respectively.

Needless to say that also the state vector x contains ASSTA and ASLA calculated in the
same way from model output as for the observation vector from observations. Additionally
we include in the state vector information about temperature (T) and salinity (S) which
the data assimilation should improve accordingly to the misfit between observed and
simulated ASSTA and ASLA.

x(ti ) = ASSTA(ti , x1 ), . . . , ASSTA(ti , xj ), . . . , ASSTA(ti , xm );
ASLA(ti , x1 ), . . . , ASLA(ti , xj ), . . . , ASLA(ti , xm );

TA(ti , x1 , z1 ), . . . , TA(ti , xj , zk ), . . . , TA(ti , xm , zd );

SA(ti , x1 , z1 ), . . . , SA(ti , xj , zk ), . . . , SA(ti , xm , zd ) ,
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where
TA(ti , xj , zk ) = T(ti , xj , zk ) − hTit (xj , zk ) and

(4.19)

SA(ti , xj , zk ) = S(ti , xj , zk ) − hSit (xj , zk ).

(4.20)

Here hTit and hSit are the temporal mean simulated temperature and salinity fields, which

serve as reference for the temperature and salinity anomaly fields (TA,SA) and correspond
to the missing MDT in ASLA.
Under optimal circumstances the covariance information in P should include all processes

concerning the state vector. However, due to limitations of the OI method and the significance of observations, it is sometimes reasonable to include only processes which can
be estimated from observations with an appropriate accuracy and/or can be reproduced
by the OI method within an appropriate error range. We already defined in section 4.4.1
processes, for which this is not the case. Those are vertical displacement of heat content
and changes in basin mean content of mass, heat and salt.

We will limit the impact of data assimilation on these processes by manipulating the
EOFs, which carry the covariance information used in P . Usually the EOFs are computed
from a matrix, in which the columns are configured in the same way as the state vector.
We will deviate from the standard method by using the derivative fields DSSTA, DSLA,
DTA and DSA to calculate the EOFs instead of using ASSTA, ASLA, TA and SA fields.

Due to the orthogonality requirement of the EOF computation we are able to eliminate
processes from the EOFs representation, which could change the mean value of a certain
area. This can be done using a matrix, which contains only the anomalies from the particular mean value. Therefore, DTA and DSA are calculated according to the following
equations
DTA(ti , xj , zk ) = T(ti , xj , zk ) − hTit (xj , zk ) − hTix (ti , zk ) + hTit,x (zk ) and

(4.21)

DSA(ti , xj , zk ) = S(ti , xj , zk ) − hSit (xj , zk ) − hSix,z (ti ) + hSit,x,z .

(4.22)

In words we substract in Eq. 4.21 and Eq. 4.22 the change of the basin mean value from
salinity anomaly fields SA and the change of the basin mean temperature profile from
temperature anomaly fields TA. Defining DTA and DSA in this way we see that
hDTAix,z (ti ) = hDSAix,z (ti ) = 0

(4.23)
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and, furthermore,
hDTAix (ti , zk ) = 0

(4.24)

i.e., DSA and DTA possess a zero basin mean value for each time step and, furthermore,
DTA possesses zero horizontal mean values over the individual z-levels for each time step,
respectively.
DSLA, which serves as linkage to the ASLA observations is defined correspondingly as
1
DSLA(ti , xj ) = −
ρr

Z

zjl 

0m

ρT,S (ti , xj , zk ) − ρhTit ,hSit (xj , zk )−

(4.25)


ρhTix ,hSix,z (ti , zk ) + ρhTit,x ,hSit,x,z (zk ) dz,

kg
l
where ρr =1000 m
3 is a reference density and zj is the local maximum depth in meters at
position xj . The index of ρ indicates according to which T/S fields density is calculated.

DSSTA is equivalent to ASSTA because

DSSTA(ti , xj ) = DTA(ti , xj , z1 ) = ASSTA(ti , xj ).

(4.26)

From the derivative fields above we are able to build the matrix XP , which we use to
calculate the derivative EOFs,
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.
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DSA(tq , x1 , z1 ) 
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.

(4.27)

.
DSA(tq , xm , zd )

where each individual mode of EOFP possesses a zero basin mean value for salinity and
temperature, as well as zero horizontal mean values of temperature over the individual
z-levels. Because the update during the analysis in Eq. 2.23 can be understood as adding
a linear combination of EOFs to the forecast state xf , we ensure in this way that the
update conserves the basin mean content of salt and heat. Furthermore, the updates in
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temperature fields are limited to horizontal displacement processes, the temperature stratification on basin scale is not changed.

Limiting only the vertical update for temperature has an impact on covariances between
salinity and temperature fields, which is not easy to estimate. Processes may gain importance for the analysis, which, although they are included in the simulation, are not
significant for the mutual evolution of both fields. To avoid such uncontrollable side effects it is more reasonable to drop the covariances between both fields as a whole and
split XP into contribution from temperature and salinity fields. For the DSLA field we
therefore calculate the contribution from thermo-steric DSLAT and halo-steric DSLAS
heights according to
1
DSLA (ti , xj ) = −
ρr
T

1
DSLA (ti , xj ) = −
ρr
S

Z
Z

zjl 

0m

zjl 

0m

ρT,hSit (ti , xj , zk ) − ρhTit ,hSit (xj , zk )−

(4.28)


ρhTix ,hSit,x,z (ti , zk ) + ρhTit,x ,hSit,x,z (zk ) dz
ρhTit ,S (ti , xj , zk ) − ρhTit ,hSit (xj , zk )−

(4.29)


ρhTit,x ,hSix,z (ti , zk ) + ρhTit,x ,hSit,x,z (zk ) dz.

We then are able to approximate, due to the non-linearity of the equation of state, XP by
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and by the corresponding EOFs and PCs from XPT and XPS




S
XP ≈ EOFT
P EOFP ·

PCT
P (t1 ) · · ·

PCSP (t1 ) · · ·

!
PCT
P (tq )
PCSP (tq )

,

(4.31)

where all EOFs in EOFPT and EOFPS are orthogonal. P is then given, corresponding to
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Eq. 2.17, by
T



P = SS = EOFT
P

 ΛT
P
S
EOFP
0

0
ΛSP

!

EOFT
P
EOFSP

!

,

(4.32)

T
S
S
where ΛT
P and ΛP are the variances of PCP and PCP , respectively.

Blending of Observations and Model Simulation
The described method above has its drawbacks. Analysis in Eq. 2.23 also includes a blending of forecast and innovation due to the ratio of observation errors and corresponding
variance of background error covariance matrix, which serves as an estimate for the quality/accuracy of the forecast. Due to subtracting the basin mean value of salinity and the
basin mean temperature profile the variance of DTA, DSA and DSLA differs from the
variance of TA, SA and ASLA, respectively. The ratio of the standard deviation over the
whole investigated period from simulated DSLA to ASLA is shown in Fig. 4.15. Unfortunately, we are not able to compensate ASLA observation with regard to the changes
made because we are not able to estimate the strength of the impact for the individual
positions. However, we may conserve the ratio of observation errors and corresponding
variance of background error covariance matrix by corresponding manipulation of the observation errors. Technically this is done by multiplication of the observation errors with
the ratio shown in Fig. 4.15 before assimilation. Changes of temperature variances due to
the temporal constraint of covariance matrices described in the next section 4.4.1 are not
taken into account because these are actually wanted.

Abbildung 4.15: Ratio of simulated DSLA/ASLA, which is used to adjust observation errors
of ASLA during analysis step in order to take into account the change of variance due to
modification of the covariance matrix described in section 4.4.1.

Configuration of Temporal Localization
In order to further constrain the analysis of temperature fields we limit the time win-
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dow from which the needed covariance information is derived. This has two effects: 1st
we ensure that simulated long-time variability (e.g., the inter annual and inter seasonal
processes) will not dominate our reconstruction; 2nd we take into account that variances
of temperature fields and, therefore, the quality/accuracy of the forecast may differ within
a seasonal cycle. Both should cause the analysis to be closer to the forecast.
In order to guarantee the continuity of the solution we derive the EOFs (EOFT
P (ti )) and
T
PCs (PCP (ti )) for temperature at each time step using a symmetric time-window centered
around the analysis time step (ti )
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.
0

This implies that the covariance matrix P and the reconstruction operator K become
functions of time and Eq. 4.32 changes accordingly to
 ΛT (t ) 0

P i
S
P (ti ) = S(ti ) S(ti )T = EOFT
(t
)
EOF
P
P i
0
ΛSP

!

!
EOFT
(t
)
P i
.
EOFSP

(4.34)

In this study we have used ∆k = 45 days, i.e., the covariance matrix captures dynamical
processes on time scales up to ≈3 months.
Timing of Assimilation and Observation Errors
Timing of assimilation is adapted to the availability of altimeter data, which has the lowest temporal resolution. This decision was taken because assimilation of data using an OI
approach as it is described above may create instabilities during the update. Underlying
physical processes are considered only statistically from the assimilation scheme while the
numerical model solves them explicitly. In general the agreement between statistically and
explicitly resolved processes is better for smaller updates. Therefore, we should keep the
number of applied updates during a certain time interval small in order to be as close to
the explicitly solved ocean state as possible, but at the same time avoid large deviations
of the simulated state from observations.
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Data from global SST analysis is sub-sampled correspondingly as it is displayed in Fig. 4.16.
Therefore, the time interval between two analysis steps is chosen to be one week where
we stop the model, compute the corresponding covariance matrix for the particular time
step, extract the forecast fields, calculate the update and finally start the model again
from the updated forecast field as it described in Eq. 2.23 to Eq. 2.25.

For the assimilation experiment we use the temporal varying measurement errors for
ASSTA and ASLA as they are derived according to the descriptions in section 4.4.1.

Abbildung 4.16: Timing of assimilation is adapted to the availability of altimeter observations
and the global SST analysis data is sub-sampled correspondingly. Therefore, time interval
between two analysis steps is one week. Therefore, the time interval between two analysis steps
is chosen to be one week where we stop the model, compute the corresponding covariance
matrix for the particular time step, extract the forecast fields, calculate the update and finally
start the model again from the updated forecast field as it described in Eq. 2.23 to Eq. 2.25.

4.4.2 Results from the Data Assimilation Experiment
The simulated state at a certain time step can be understood as an equilibrium between
two forces, which are the model forcing at the time step and the response from the simulated dynamics to the integrated preceding forcing. Because the assimilation scheme does
not consider the forcing and only a small part of the whole model state at a certain time
step, the update from the assimilation scheme will disturb this equilibrium and the part
of the information from the update, which is inconsistent with the simulated dynamics
and/or the forcing, will be erased or altered over the next forecast step.

In order to investigate the general performance of the assimilation we show in Fig. 4.17
comparisons between root mean square errors (RMSE) to assimilated ASSTA and ASLA
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fields from the forecast and analysis fields, thus directly before and after the update. The
behavior of forecast and analysis RMSE characteristics and the difference between the
two are instructive to asses the amount of information, which the model is actually able
to ’draw’ from the assimilation.

The time gap between the fields analyzed here is one forecast step, which is one week.
RMSEs are calculated according to
v
u
N
u1 X
2
t
RMSE =
θ(j) − θ r (j) ,
N

(4.35)

j=1

1 PN
indicates either the temporal (j = t1 , .., tq ) or spatial (j = 1, .., m) mean.
N j=1
θ can stand either for the forecast or analysis field and θ r stands for the corresponding
where

observations, which we use as reference dataset. However, for ASLA we do not use here the
analysis field, which is derived from Eq. 2.23, this is the forecast plus a linear combination of EOFs contained in P , but rather the steric heights, according to Eq. 4.25, directly
calculated from the analysis temperature and salinity fields. The update from Eq. 2.23
and the splitting of steric heights into thermo-steric and halo-steric heights in Eq. 4.30
and Eq. 4.31 implicitly assumes multiple linear equations of state, which are fitted for
each individual position to the corresponding simulated variability over the period used
to calculate P . Although this solution is much more sophisticated than using one linear
equation of state for the entire basin, the temperature and salinity updates calculated
from ASLA misfit are still only approximations. By directly calculating ASLA from the
analysis temperature and salinity field using a non-linear equation of state, we take into
account the errors, which emerge form this approximation.
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Abbildung 4.17: Basin mean RMSE to assimilated ASSTA data (a) and ASLA data (b) from
forecasts (red line) and analysis (green line),respectively. The black line in figures a) and b)
shows the improvement between forecast and analysis. Temporal mean RMSE to assimilated
ASSTA data (c) and ASLA data (d) from forecasts and temporal mean RMSE to assimilated
ASSTA data (e) and ASLA data (f) from analysis. Figures g) and h) show the temporal mean
improvement between forecast and analysis RMSE to assimilated ASSTA data and ASLA
data, respectively.

56

4.4 The Statistical Assimilation Experiment - Optimal Interpolation
In the spatial RMSEs of ASSTA from both, forecast and analysis, (Fig. 4.17a) we find
within the first 2-3 weeks a significant lowering of about 2 ◦ C in the forecast and of about
1.2 ◦ C in the analysis RMSEs, thus the forecast and analysis RMSEs converge. Afterward
both RMSEs run overall parallel and show a rather random oscillation around the lower
level derived by the first drop. The observed behavior indicates a harmonization between
the forced model and the assimilation, which acts as a third force and brings the simulation closer to observations. However, the information from the assimilation scheme is
not consistent enough with the forcing and the dynamics to let the analysis and forecast
RMSEs converge any further. Spatial mean RMSEs of ASLA (Fig. 4.17b) show almost the
same behavior. After the first drop the RMSE values of the forecast for both variables are
approximately twice as high as the corresponding RMSE values from the analysis. However, it is noteworthy that the difference between forecast and analysis RMSE is positive
over the whole investigated period for both assimilated variables, which proves that the
assimilation scheme is capable to improve the observed state as a whole.
In order to give an impression about the spatial characteristics of RMSE values, temporal RMSE fields from forecasts and analyses are shown in Figs. 4.17c,d and Figs. 4.17e,f,
respectively. The corresponding differences between the two are shown in Figs. 4.17g,h.
The temporal RMSE field from analyses of ASSTA (Fig. 4.17e) is almost homogeneous
over the whole basin. Largest differences between forecast and analysis temporal RMSE fields (Fig. 4.17g) can be found in the shallow north west shelf region and along the
Georgian coast in the eastern part of the basin. Both regions are strongly influenced by
river discharge leading to the creation of water masses with low salinity, which are first
relatively stable and stay at the surface for some time before they mix with the rest of the
water body. During this time they are, on the one hand, directly exposed to the surface
forcing and, on the other hand, relatively unaffected by mixing processes. This provides
a damping effect onto variability. Therefore, inhomogeneity between the observations and
the atmospheric forcing may enhance the misfit between observed and simulated values
in these regions.
For ASLA the spatial characteristics of RMSE errors are more difficult to interpret. Temporal RMSE from forecasts (Fig. 4.17d) show high values in narrow bands, which overall
fit the general position of the Rim Current. The Rim Current has a strong influence on
the sea level elevation because of the geostrophic balance between horizontal advection
and pressure gradients due to mass distribution. However, within the assimilation we only
control one side of this balance, which is the mass distribution. Due to the mutual influence between both a new balance forms after we update the mass distribution during
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the analysis, but without a coherent forcing the old balance recovers slowly. Therefore,
no permanent improvement of the forecasts can be achieved in this region and errors sum
up in the temporal mean, what explains the high errors here. Similar spatial features
can be found in the temporal RMSE from analyses. Furthermore, we remind the possible
influence of the bathymetry as an error source, which could increase over the edge of the
shelf in the western part of the basin. However, more plausible is that here the increased
RMSE errors near the Rim Current and the edge of the shelf in the western part of the
basin are due to the implicit use of a linear approximation of the density equation within
the assimilation scheme. Linear approximations of the equation of state are reasonabl
accurate for small changes of density. With increasing changes of density, thus with a
larger misfit between forecast and observation, the estimated temperature and salinity
changes do not perfectly mirror the misfit in density and the bigger errors at the edge
of the shelf may reflect the fact that in this area the quality of the approximation is worse.

For a further investigation of the improvement due to data assimilation we analyze simulated ASLA fields from the free and the assimilation run and compare them against EOFs
derived from observations.

In the following we will not go much into detail about identifying and proving the significance of certain physical processes for characteristics of the individual EOFs, for this
purpose we refer to the papers from e.g. Stanev and Beckers (1999), Stanev and Staneva
(2002) and Grayek et al. (2010a) or the discussion of altimeter data in section 4.4.1. However, even without a detailed knowledge about the underlying physical processes a comparison of observed and simulated temporal and spatial characteristics of ASLA data is
still instructive to asses the performance of the free and assimilation run in terms of depth
integrated distribution and propagation of water masses.

EOF analysis of ASLA data from observations reveals that the dynamics are relatively
complex. The first ten EOFs and PCs explain only ≈90% of the total variance where the

tenth EOF still explains ≈1.3%. In the following we will focus on the first four EOFs,

which explain ≈78% of the total variance, because the patterns of these EOFs are supposed to be connected to physical processes, which are linked to the variation of the Rim
Current and inner basin oscillation as a response to external forcing. Furthermore, we
map the simulated fields onto the basis created by the EOFs and PCs derived from observations in order to make the comparison easier to assess.

Both the EOFs and the PCs derived from observed ASLA EOF analysis build a orthogonal
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basis. Therefore, basis transformation is easily done using the dot product, which can be
expressed as a matrix multiplication of EOFs or PCs with the simulated fields. We derive
EOF and PC equivalents (indexed with e), which correspond to the EOFs and PCs from
observations, according to
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where ASLAθ stands for simulated ASLA from the free or the assimilation run and
l = 1, .., p indicates the mode of the EOF or PC. Although the investigation discussed here is based on model output, which has a daily resolution, the time gap between
the individual time steps ti i = 1, . . . , q for the following analyses is one week, because we
use altimeter observation as reference data.
Neither all of the simulated variance can be expressed within the new basis nor the relative
importance of the individual modes has to be the same as in the observations. Therefore,
we show in table 4.2 the variance explained by the first four EOFs of ASLA observations
as the percentage of the total variance of the corresponding datasets and, in addition, as
the percentage of the summarized variance explained by the used EOFs.
For both simulations, free and assimilation run, the summarized variance explained by
the used four modes (first number in table 4.2) is smaller than in observation, about 11%
in the assimilation run and even 29% in the free run. While we consider the difference
of explained variance between observations and assimilation run as not significant for
the following investigation, we point out that for the free run the following analyses and
figures display only a relatively small part of the variance. However, they contain the
information from the free run, which corresponds best to the observations and, therefore,
are most probably used from the assimilation scheme during the update. The latter makes
a comparison reasonable after all.
For the assimilation run the relative importance of the individual modes (second number
in table 4.2) is overall similar to observations. However, we find a slight strengthening of
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about 5% within the first mode, which may be due to the fact that this mode has the best
signal to noise ratio within the observations. Also for the free run the relative importance
of the first mode is more pronounced than in observations and, furthermore, the third
mode explains more of the total variance as the second mode. The third EOF is assumed
to mirror inner basin oscillation due to advection processes in the deep ocean while we
assume the second together with the first mode in the observation to be connected to Rim
Current variation.
Tabelle 4.2: Variance explained by the first four EOFs of ASLA observations displayed as the
percentage of the total variance of the corresponding dataset (first number) and as the percentage of the summarized variance explained by the used EOFs (second number).

Mode
1
2
3
4
Sum

Observations
46.57 % / 59.38 %
17.27 % / 22.02 %
9.18 % / 11.70 %
5.41 % / 6.90 %
78.43 % / 100 %

Free Run
34.46 % / 70.11 %
5.64 % / 11.48 %
7.19 % / 14.63 %
1.86 % / 3.78 %
49.15 % / 100 %

Assimilation Run
43.16 % / 63.77 %
12.91 % / 19.08 %
7.63 % / 11.27 %
3.98 % / 5.88 %
67.68 % / 100 %

Fig. 4.18 depicts EOFs and PCs from analysis of ASLA observation together with the PC
equivalents calculated according to Eq. 4.37 from the free run and the assimilation run
using the EOFs shown in Fig. 4.18a,c,e and g, respectively. It is noteworthy that the PC
equivalents from the assimilation run fit almost perfectly the PCs of observations and
for the PC equivalents from the free run we find a good agreement to the first PC from
observations (Fig. 4.18b). Because the first PC of observations mirrors the characteristics
of basin mean steric heights, the good agreement of PC equivalents from both runs is a
direct result of the adjustments applied to observations and the adopted configuration of
the covariance matrix. However, it proves that the used method is well able to conserve
basin steric height characteristics from the free run in the assimilation run. In the second
(Fig. 4.18d) and third (Fig. 4.18f) PCs the free run PC equivalents do not match the PCs
from observations in magnitude, but show a overall agreement with the temporal characteristics. This implies that the underlying physical processes are already present and more
or less accurately timed in the free run simulation. However, the strength of the processes
is not correctly reproduced by the model. Between the fourth PC (Fig. 4.18h) and the
corresponding PC equivalent from the free run an agreement cannot be found.
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Abbildung 4.18: EOF-1-4 (left) and PC-1-4 (right) from analysis of ASLA (black line), dot
product of EOF-1-4 and free model steric heights (red line) and alternatively the product
with steric heights from assimilation run (green line).

Comparison of EOFs from observations against EOF equivalents calculated according to
Eq. 4.36 from the free run and the assimilation run is shown in Fig 4.19. The used PCs
from observation are displayed as black line in Fig. 4.18b,d,f and h. As for the PCs we find
a good agreement between EOFs from observations and EOF equivalents derived from
assimilation run (Fig. 4.19c,g,k and o), although the agreement is not as perfect. In all
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EOF equivalents from the assimilation run we find a slight blurring of spatial patterns,
which gets more pronounced in the higher degree modes (Fig. 4.19k,o). The described
blurring can be explained by the poor signal to noise ratio of ASLA observation, which is
already discussed in section 4.2.1.

In EOF equivalents from the free run we may perceive spatial patterns, which resemble the
characteristics of the corresponding EOFs from observation. However, we also recognize
that those patterns are somehow displaced or skewed in comparison to observations. In the
first and second mode (Fig. 4.19b,f) we find in the western basin features corresponding to
a pattern, which in the observations is positioned in the inner basin, displaced to the north
extending half way into the shelf region. In the third and fourth mode we find the same
amount of maxima and minima in the free run EOF equivalents as in the observations,
but they are skewed anti-clockwise. Both symptoms can be explained by an insufficient
strength of the simulated Rim Current.
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Abbildung 4.19: EOF-1-4 (left) from analysis of ASLA (black line), dot product of PC-1-4 (Fig. 4.18b,d,f)and free model steric heights (middle)
and alternatively the product with steric heights from assimilation run (right).
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4.4.3 Conclusions
The main challenge in this section was to develop a statistical assimilation approach,
which combines observations from different sources in a multivariate way in order to improve model predictions of mass distribution and steric height characteristics in the Black
Sea. Furthermore, a disturbance of the complex temperature profile characteristics and
the basin mean content of mass, heat and salt in the simulation was to be avoided.

Profile measurements of temperature and salinity from available ARGO floats had to be
ruled out from the assimilation, because it was doubtful if the sparse observations from
Argo floats are suitable to reproduce the vertical characteristics within an acceptable error
range. It turned out that in particular the reconstruction of CIL development was too demanding for the observation network. The remaining observations from remote sensing do
not give direct information of the vertical characteristics but we showed that it is possible
to conserve the free model run characteristics as far as possible in the assimilation run by
removing an estimated basin mean mass change from the assimilated signal and a careful
configuration of the used covariance matrix. Based on statistical considerations and due
to the lack of appropriate observations the removed mass signal had to be considered as
error free.

During the analysis of the altimetry data it turned out that the signal to noise ratio of the
adjusted altimetric signal is poor. However, the comparison between steric heights derived
from assimilation run and altimetry showed that the assimilation approach is well able to
reproduce the observed EOF patterns after all. This is a direct result from two characteristics of the assimilated altimetric signal: 1st during assimilation the measurement errors
are considered to be uncorrelated and 2nd the EOF patterns derived from altimetry do
not change much in reaction on the removal of the estimated mass signal, i. e. the EOF
patterns of the data mainly stay the same. The only change is that the remains of the
first mode, which describes basin mean characteristics, moves from first to second EOF.
However, together with the observed poor signal to noise ratio of the adjusted signal the
both mentioned points should be mutually exclusive, because having an Gaussian noise,
which is uncorrelated over the whole basin, with an amplitude, which is much bigger than
the observed signal, only few patterns should be recognizable. Therefore, it is doubtful
that for the altimetric signal in the Black Sea the assumption of uncorrelated observations
errors is true.

The analysis of the adjusted signal from the global SST analysis provided an interesting
insight into the creation of surface water masses and, furthermore, indicated that there
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is probably a link between strong creation of CIL water near the Crimea peninsular and
the propagation and mixing patterns of this water masses. The two observed major water
masses mainly mix in this area which may weaken the stratification here and supports a
relatively strong and deep convection during winter months.
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5.1 The Region
The German Bight is situated in the south-eastern corner of the North Sea and, therefore,
lies on the European continental shelf. The topography of the North Sea together with
the important German rivers is shown in Fig. 5.1. In the present study the focus lies on
the south-western region of the German Bight, which is shown in Fig. 5.6. The sea area of
the German Bight is bordered by the coasts of the Netherlands, Germany, and Denmark
in the south, south-east and east, respectively. Specifications of its extension in northwestern direction differ, but in general the north-western corner is claimed to be at the
eastern edge of the Dogger Bank at approximately 55.5◦ N 4.5◦ E.

Abbildung 5.1: Bottom topography (m) and major rivers of the North Sea taken from
Stanev et al. (2008a).

The most prominent rivers influencing the German Bight are the Rhine, the Elbe, the
3

km
Weser and the Ems. Their combined long time average runoff is approximately 8.3 month
,
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but the exact amount of discharged water in the individual years can be quite variable.

The region is relatively shallow with a maximum depth of approximately 40 m and only
slight gradients in contour lines. The topography of the German Bight is a result of the
retreat of glacial ice cover and rising sea level during the last 10000 yrs and is characterized by the extensive Wadden Seas off the Frisian Coast and the river Elbe’s pronounced
post-glacial valley which extends from the Elbe estuary to the northwest.

1. Thermal stratified from May
to September
2. Thermal stratified in July
(including Zone 1)
3. Thermal stratified in June
(including Zones 1 and 2)
4. Homothermal throughout
the year

Abbildung 5.2: Thermal stratification in the German Bight after Frey and Becker (1990) taken
from Becker et al. (1992).

The tides in the area are quite strong and cause turbulent horizontal and vertical exchanges. Persistent westerly winds dominate the atmospheric conditions. The mean circulation
pattern show a moderate transport of water from the southwest corner of the investigated region to the northeast of the German Bight. The residual current (on a long-term,
climatological time scale) is in the order of 5 cm/s and follows the propagation of the
tidal Kelvin wave. The complicated structure of the bottom topography and the strong
influence of meteorological variability are probably the essential factors in controlling and
forcing the dynamics and the development of frontal structures in the German Bight. The
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1. Haline stratified throughout
the year
2. Haline stratified from March
to August (including Zone
1)
3. Haline stratified from March
to May (including Zones 1
and 2)
4. Haline stratified from June
to August (including Zones
l and 2)
5. Occasionally stratified
6. Homohaline throughout the
year

Abbildung 5.3: Haline stratification in the German Bight after Frey and Becker (1990) taken
from Becker et al. (1992).

following description of water mass configuration in the German Bight together with the
associated demonstrative illustrations (Fig. 5.2 to Fig. 5.4) were adapted from Becker et al.
(1992).

Generally, two main water masses are found in the German Bight: Continental Coastal Water and Central (Southern) North Sea Water (Becker et al. 1983). The Central
Southern North Sea Water in the area can be divided into two slightly differing water
masses, a surface layer and a bottom layer component; the bottom water component of
the Central Southern North Sea Water is found in the post-glacial valley of the river Elbe.
Continental Coastal Water is a mixture of water from the Atlantic and water from the
English Channel, together with water from the rivers Rhine and Ems, and, in the more
eastern and northern parts of the German Bight, run-off from the river Elbe. The thermohaline stratification in the German Bight is triggered by the run-off from the rivers
Weser and Elbe on the one hand (Frey and Becker 1986), and by the development of a
seasonal thermocline in the outer (deeper) part of the area on the other (Czitrom et al.
1988). Off the Weser and Elbe estuaries, there is a persistent haline stratification which
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1. Density
stratification
throughout the year
2. Density stratification from
March to August (including
Zone 1)
3. Density stratification from
March to May (including
Zones 1 and 2)
4. Density stratification from
June to August (including
Zones 1 and 2)
5. Occasionally stratified
6. Density
stratification
throughout the year

Abbildung 5.4: Density stratification in the German Bight after Frey and Becker (1990) taken
from Becker et al. (1992).

triggers a thermal stratification. The run-off waters from the Rhine can occasionally cause
some haline stratification north of the East Frisian Islands.

Krause et al. (1986) describe three different types of fronts in the German Bight. The
seasonal thermal front, i.e. the boundary between the stratified and well-mixed water,
can be observed along the East Frisian coastline. The existence of the upwelling front in
the German Bight depends on the wind conditions and is clearly a transient phenomenon.
Mainly northeasterly to southeasterly winds are favorable weather conditions for an offshore Ekman transport which must be compensated by an upwelling of Southern North
Sea bottom water in the post glacial Elbe valley. A permanent feature is the salinity or
river plume front in the North Frisian Wadden area, which is produced by the inflow of
fresh water from the river Elbe.
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5.2 The Data
5.2.1 FerryBox - Along Track Sea Surface Temperature and Salinity
A FerryBox is an autonomous measurement, data logging and transmission system, which
operates continuously while the carrying ship is on its way (Petersen et al. 2007). Measurements are made using devices, which are either in direct contact with or sample from
a continuous flow of seawater taken from a water depth of 4-6 m. The vessel position is
tracked by Global Positioning System (GPS). It is connected to a station on shore via
Global System for Mobile Communications (GSM) or satellite for remote control and data transfer. The basic sensors used in this study measure temperature, salinity, turbidity,
and chlorophyll a fluorescence.

The North Sea routes so far equipped with FerryBox systems are the ones between Büsum
and Helgoland, Cuxhaven and Harwich, Cuxhaven and Immingham and recently between
Hamburg, Cuxhaven, Chatham, Moss and Halden (Fig. 5.5). The typical cruising speed
is 15 knts. The sampling rate is 10 seconds. Depending on the travel distance, the routes
provide the following revisit times: Büsum-Helgoland, daily, Cuxhaven-Immingham, less
than 36 h, Hamburg-Cuxhaven-Chatham-Moss-Halden about 8 days. The Ferry routes
do not change substantially. However, individual tracks show small deviations from one
to another. Therefore, to simplify the analysis we relate the data to an averaged track.
The maximum deviations from the averaged track can reach 10 km. Figure 5.5 gives the
averaged tracks between Cuxhaven-Immingham and Hamburg-Cuxhaven-Chatham-MossHalden.

The route analyzed here is the one from Cuxhaven to Immingham (see the red line in
Fig. 5.5) for the period 2007-2008. Part of it is plotted in Fig. 5.6 defining the area addressed in the modeling part of the present study. This track is of particular interest for
forecasting activities in the frame of the COSYNA project, which is one of the motivations
for the present study.

The zonal ship position along the track as a function of time is shown in Fig. 5.7a. for a
period of about two years. The color coding refers to the respective SST values. Although
the patterns reveal known regularities associated with the seasonal cycle and coastal-toopen ocean gradients, it is not clear how representative these data are. Intercomparisons
with local (point-wise) observations cannot provide much confidence, because sufficient
longterm local observations along the track in the German Bight are not available. Therefore, we decided to additionally analyze available products based on high resolution
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Abbildung 5.5: FerryBox routes in the North Sea between Cuxhaven-Immingham and HamburgCuxhaven-Chatham-Moss-Halden.

satellite data.

One has to take into account that conventional satellites measure the skin temperature,
hence the consistency with a flow-through FerryBox system, sampling water 4 to 6 metres
below the surface, is not very clear. We partially avoid this problem by using Operational
Sea Surface Temperature and Sea Ice Analysis (OSTIA) data. The OSTIA system produces a high resolution analysis of the current SST for the global ocean using satellite
data provided by the GHRSST (The Group for High-Resolution SST) project, together
with in-situ observations to determine the sea surface temperature (Donlon et al. 2009).
The analysis is performed using a variant of optimal interpolation described by Bell et al.
(2000) and is provided daily at a resolution of 1/20◦ (≈5km). The OSTIA data package
includes also error estimates for the given SST values. The claimed mean error for the
region and period investigated here is ≈1.2 ◦ C.
We sample the OSTIA data along the averaged FerryBox track Cuxhaven-Immingham
and present them in the same way as the FerryBox SST (Fig. 5.7b). The comparison between the analysis based on remote sensing data and in-situ observations shows that both
data sets are overall consistent. Seasonal variability is resolved similarly. However, the
coarser resolution OSTIA data are smoother. One problem is associated with the cooling,
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Abbildung 5.6: Bottom topography (m) of the German Bight and part of the FerryBox track
Cuxhaven-Immingham. The black part of the track is where the bottom is deeper than 30 m.
The dots show the positions of Ems, Deutsche Bucht and Helgoland Reede data stations used
for estimating the quality of the analysis from the numerical model.

a)

b)

Abbildung 5.7: FerryBox SST along the track Cuxhaven-Immingham (a), and OSTIA data (b)
sampled along the FerryBox track. The temporal resolution in the plots is 24h. The data
analyzed and assimilated in the model (in the German Bight) lies between the black lines.
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a)

b)

Abbildung 5.8: Validation of SST from OSTIA and FerryBox data against MARNET
observations.

which lags the same process identified by the in-situ observations by at least 15 days (the
cooling in the coastal area is too slow in the OSTIA data). Furthermore, the interior part
of the basin keeps the higher fall temperatures in 2007, as seen by the FerryBox data, a
bit longer. Larger differences are observed in the coastal waters, particularly in the western part (high along track distance), where the slopes of the isotherms differ substantially.

The comparison of OSTIA and FerryBox data with data from the MARNET stations in
the German Bight (see Fig. 5.6 for the positions of stations) obtained from the German
Federal Maritime and Hydrographic Agency (BSH) reveals a good consistency between
SST from in-situ and remote sensing observations (Fig. 5.8). The MARNET station Ems
and Deutsche Bucht are very close to the ferry track and the agreement between the
independent datasets proves that FerryBox and OSTIA data do not only complement
each other well, but also compare well to ’classical’ in-situ data. This supports the major
hypothesis formulated in the following.

We know that: (1) FerryBox data provide reliable information with natural limitations
regarding spatial coverage; (2) remote sensing products like OSTIA provide large coverage,
but with limitations with respect to different processes in coastal areas. The idea addressed
in the remainder of the chapter quests the hypothesis that the parallel analysis of the
remote sensing and FerryBox data, as well as data simulated by a numerical model, could
increase the efficiency of using the information contained in the FerryBox data when
producing state estimates.
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5.3 The Statistical Data Assimilation Experiment - Optimal
Interpolation
In this section statistical methods are applied to FerryBox data in order to estimate twodimensional SST and SSS fields in the vicinity of the ship route. For this purpose a priori
knowledge about correlation properties of these variables is taken from the numerical
model. The re-construction quality gives insight into the information spread, which can
be exploited in an assimilation system.

5.3.1 Method
Adaption to Observations and Observation Errors
Analysis of Synthetic FerryBox Data
In the following we present an analysis of simulated (synthetic) FerryBox data in order
to have a reference, with which we can assess the performance of the method proposed in
section 5.3 dealing with the propagation (extrapolation) of the information obtained along
the Ferry tracks (Track Domain) into the entire computational domain (Global Domain).

Synthetic SST and SSS data (Fig. 5.9a, b) along the ferry route show a strong M2 tidal
signal as well as a warming trend in June 2007. There are two warm water masses (along
the eastern coast and at 7.3E) and two cold ones (along the western model boundary and
at 7.6E). Salinity decreases from west to east for the whole period. The data shown in
Fig. 5.9a, b include all information extracted from the model along the FerryBox track.
However, in the real measurements these signatures are less pronounced, because the ship
provides information about only one location at a given time.

A sub-sample along the track taken at the positions and times of ship measurements (Ferry sampling rate ∼ 36 h) is shown in Fig. 5.9c, d. Obviously, there is a drastic reduction

of the sampled information compared to the full amount of model data on this track.

Because the dynamics in the region are dominated by tides, it is not quite clear to what
extent the tidal oscillations, which are not sufficiently resolved in the observations, affect
the extrapolation of FerryBox data into the global domain.

The linear interpolation in time to fill the entire time versus space matrix of data in
Fig. 5.9c, d yields Fig. 5.9e, f. For comparison, smoothing the data in Fig. 5.9a, b with a
window of 24 h 50 min (twice the M2 -tide) yields Fig. 5.9g, h. Overall, both types of data
(Fig. 5.9e, f and Fig. 5.9g, h) replicate the major pattern in Fig. 5.9a, b. The comparison
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a)

b)

c)

d)

e)

f)

g)

h)

Abbildung 5.9: Simulated SST (a) and SSS (b) along the FerryBox track from Cuxhaven to
Immingham during June 2007. (c) and (d) show the data from (a) and (b) sampled in the
same way as by FerryBox. (e) and (f) are the linear interpolated in time data from (c) and
(d). (g) and (h) show the data of (a) and (b) smoothed with a window of 24 h 50 min width
(twice the M2 -tide).

75

5 German Bight

a)

b)

Abbildung 5.10: Difference between linearly interpolated (Fig. 5.9e, f) and smoothed (Fig. 5.9g,
h) simulated sea surface temperature (a) and salinity (b) along the FerryBox track.

between Fig. 5.9e, f and Fig. 5.9g, h demonstrates that in the Elbe Estuary and adjacent
shallow area (the area above the black line, which is plotted with yellow color in Fig. 5.6)
the differences are substantial (Fig. 5.10). Therefore, we will not include the data above
the black line in the following analysis. In the deeper area (below the black line, which
is plotted with black color in Fig. 5.6) differences are smaller, but still reach ≈ +/ − 0.5

◦C

in SST and ≈ +/ − 0.25 in SSS. The sensitivity of the extrapolation method to these

differences will be discussed in the following section.

Reconstruction Experiments Based on Synthetic Data
In this section we present experiments giving insight into the sensitivity of the reconstructions with respect to FerryBox data interpolation. A diagram is given in Fig. 5.11, which
describes the different processing steps.

In order to estimate the quality of the reconstruction, two experiments are carried out
dealing with the reconstruction of the PCs corresponding to SST and SSS from synthetic FerryBox data. In the example described below, all reconstructions are based on the
datasets shown in Fig. 5.9, along with the EOFs and PCs of SST/SSS data of the entire
global domain from the same month (June 2007). The global domain data and the reconstructed PCs are smoothed with a 24h 50min rectangular window. Measurement noise in
the synthetic FerryBox data is due to the sampling rate of the ferry and the interpolation.
Instrument noise is regarded as negligible compared to interpolation errors and therefore
is not considered.
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Abbildung 5.11: Data flow diagram for experiments in the section 5.3.1 and the assimilation
in section 5.3.2. In section 5.3.1 simulated data from hydrodynamic model is used and no
localization was applied. Here the experiments RE-GLO-SM and RE-GLO-SI use smoothed
global data and sampled and interpolated global data as input for 1D track data, respectively.
Sampling from the mean ferry track in section 5.3.1 is at the time of FerryBox measurements
while it is at reference time of the OSTIA data in section 5.3.2. For the data assimilation
experiment in section 5.3.2 we use SST/SSS FerryBox measurements, which are projected on
the mean ferry track and interpolated in time. Furthermore, the reconstruction operator is
localized for the update of each individual position in global domain. For more details we
refer to the text.
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The experiments are performed using the re-construction technique described in section 2.2. We either use data along track directly extracted from smoothed global domain
data (without applying any sub-sampling) or sub-sampled and interpolated along track
data. We will refer to the first and second experiment as RE-GLO-SM and RE-GLO-SI
respectively. The comparison of the two experiments reveals the influence of the FerryBox
sampling and the applied linear interpolation.

The results of the experiments for SST are shown in Fig. 5.12. The first three PCs of
SST input data in Fig. 5.12a and Fig. 5.12b correspond to the data presented in Fig. 5.9e
(smoothed) and in Fig. 5.9g (sampled and interpolated), respectively. Both sets of PCs
explain more than 90% of the variance. The first and second PCs are overall similar to
PCs derived from the global domain data (Fig. 5.9c). The third PC of the global domain
data differs around 18th of June from the track data. Furthermore, the PCs from the
sampled and interpolated track data show sharp edges, which are due to the sampling
rate and applied interpolation.

Reconstructions of the first and second PC in RE-GLO-SM (Fig. 5.12d) and RE-GLO-SI
(Fig. 5.12e) look almost identical and compare overall well to the original PCs. The third
PCs of both experiments disagree with the global PC curve around the 18th of June.
Furthermore, there are small differences from the original data in the reconstruction of
the second PC in RE-GLO-SI, as this is the case at the 12th and 25th of June and at the
end of the analysis period. Additionally, there are still some medium fluctuations in the
third PC of RE-GLO-SI.

Taking into consideration that the third PC gives only ≈3.5% of the total variance in the
global domain one can conclude that under realistic assumptions for the measurement

error and using the localized approach the subsampling process has only a small impact
on the reconstruction of M2 averaged SST fields.
Fig. 5.13 depicts the results from the experiments with the SSS data. The first three PCs
of SSS input data shown in Fig. 5.13a and Fig. 5.13b are derived from the data presented
in Fig. 5.9f (smoothed) and in Fig. 5.9h (sampled and interpolated), correspondingly, and
explain more than 85 percent of the variance. The temporal characteristics of SSS are
quite different for the FerryBox track and the global domain (Fig. 5.13c). This indicates
that there is only a weak connection between dominant characteristics along the track and
the global domain. One further problem is that the mean temporal variance of salinity
values on the track described by the first three EOFs of the global domain is very small
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a)

b)

c)

d)

e)

Abbildung 5.12: The first three PCs from analysis of SST during June 2007 (a) from the smoothed data along the FerryBox track, (b) sampled and interpolated data along the FerryBox
track and (c) smoothed SSS of the entire model area. Reconstruction of global domain PCs
from RE-GLO-SM (d) and RE-GLO-SI (e) experiment using the first twenty PCs from sampled and interpolated data along the FerryBox track.
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(0.015) in comparison to the interpolation errors shown in Fig. 5.10. With such low signal
to noise ratios a good reconstruction quality cannot be expected.
a)

b)

c)

d)

e)

Abbildung 5.13: The first three PCs from analysis of SSS during June 2007 (a) from the smoothed data along the FerryBox track, (b) sampled and interpolated data along the FerryBox
track and (c) smoothed SSS of the entire model area. Reconstruction of global domain PCs
from RE-GLO-SM (d) and RE-GLO-SI (e) experiment using the first twenty PCs from sampled and interpolated data along the FerryBox track.

In summary the following conclusions can be drawn:
• If time averaged SST and SSS fields with a smoothing window of 24h 50min are
considered, it is feasible to approximate the characteristic FerryBox sampling and
to assume that the measurements taken along an entire ships track are acquired
instantaneously.
• The FerryBox SST measurements capture the main dynamical features of the time
averaged 2D fields.
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• The re-construction of SSS fields from FerryBox data is more demanding than SST
fields.
These results give some hints about both the potential and the limitations of the use of
FerryBox data in an assimilation system. This issue will be addressed in more detail in
the next section.
Spatial Reconstruction Error Estimates
The method introduced in section 2.3. is used to study seasonal variations of the reconstruction quality in the following. In order to analyze dynamical processes on seasonal
time scales we use covariance matrices based on EOFs (EOFti ) and PCs (P Cti ), which
are calculated for each time step using a symmetric time-window centered around the
time step (ti ).


x1 (ti−∆k ) · · ·

..

X(ti ) = 
.
xm (ti−∆k ) · · ·

x1 (ti )
..
.

···

xm (ti ) · · ·


x1 (ti+∆k )

..
 = EOFt · P Ct .
.
i
i

xm (ti+∆k )

(5.1)

The time-window has a width of 2∆k + 1 = 31 days, i.e., each covariance matrix captures
dynamical processes on time scales up to one month.

Seasonally averaged reconstruction error estimates are shown in Fig. 5.14. For SST (Fig. 5.14)
background statistics indicate that the major part of the global state can be reconstructed
with a relatively small error throughout the whole year. The spatial characteristics in winter (December to February) and autumn (September to November) fit roughly the shape
of the bottom topography shown in Fig. 5.6. This indicates that the dominant influence
for the reconstruction error is the water column depth. On the average, for the summer
period (June to August) we have relatively low error estimates from 7.5◦ E to 8.2◦ E longitude consistent with the general current pattern, which follows the bottom slope (parallel
to the coast from the south-western corner to the north-eastern corner of the model area).
This indicates that during stratified conditions the role of transport becomes more important. The average for the spring period (March to May) can be considered as a mix
between winter and summer characteristics indicating the development of stratification.
Larger re-construction errors above 3◦ C (deep red in the figures) are found in the shallow
regions of the model. An explanation for this is that in general the temperature variability
in shallow regions is much higher compared to the variability in the deeper regions where
the ferry track is located. For this reason the correlation in the shallow areas is more
sensitive to the assumed measurement error. Additionally, the correlation with the data
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a)

b)

c)

d)

e)

f)

g)

h)

Abbildung 5.14: Seasonal averaged SST (left side) and SSS (right side) reconstruction error
estimates for 2007. Values above (3 ◦ C for SST and 1.5 for SSS) are in deep red.
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along the ferry track may be weak. Because shallow areas often show mixed conditions,
the temperature characteristics here are in general dominated by the local forcing while
transport processes and long term storage characteristics play only a minor role.
Reconstruction errors for SSS (Fig. 5.14b,d,f,h) in winter and autumn roughly mirror the
characteristics in SST error estimates. However, the correlation lengths are shorter leading
to a poor re-construction performance in the center and the south-eastern corner of the
model domain.
Additional experiments (not shown here) using data of the whole ferry track up to Cuxhaven brought no improvement in the reconstruction error estimates of this region. We
conclude that the temporal characteristics in these regions are too complicated to be extrapolated from the limited information along the ferry track. This may be due to the
input from Elbe river and the corresponding processes in this region. Extended propagation of Elbe river input during stratified conditions may also be the cause for the high
reconstruction errors estimated in the north of the ferry track during the Spring and
Summer periods.
Assimilation Setup
Configuration of Covariance Matrix, Observation and State Vector
The experiments considered in this section are based on a combination of information from
forcing fields (coming from meteorological analyses data) and local observations from the
FerryBox. A consistent blending of these different components in an assimilation procedure requires the treatment of some additional problems, which are beyond the issues
discussed in the context of reconstruction in the previous sections. The variables we observe (SST and SSS) only constitute a small part of the model state. On the other hand,
these variables have a very close connection to the atmospheric model forcing. Therefore,
the major part of the updated characteristics will be lost very rapidly when restarting the
model. In order to enhance the influence of the assimilation we additionally reconstruct
and update the temperature and salinity value of the whole water column. However, the
observed surface values do not contain sufficient information about the stratification of
the water column and we rather adopt the simulated stratification without applying any
changes. Up to now the state vector x only contained either SSS or SST at the individual
position of the model area. Coherent reconstruction of the whole water column is technically achieved by an extension of the state vector.
In the following we define xj as the temperature or salinity profile at position j = 1, ..., m
and x̂j and xj as the corresponding surface and mean value of the profile, respectively.
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We then extend the matrix of the global state X by adding the individual mean values of
the water column xj at the individual positions of the global state


x̂1 (t1 )
 .
 ..


x̂m (t1 )
X=
 x (t )
 1 1
 .
 ..

xm (t1 )

···
···

···

···


x̂1 (tq )
.. 
. 


x̂m (tq )
.
x1 (tq ) 

.. 
. 

xm (tq )

(5.2)

The state vector has now dimension 2 m. However, this does not complicate the assimilation from a statistical point of view, because we are checking the suitability of the used
correlations during the localization of the covariance matrices.

A complete temperature or salinity profile for the update of the forecast field is derived
from the mean and surface values using additional shape information from the forecast.
The following linear approach ensures that the salinity and temperature values at different
depths have the same relative distance to the mean xj and surface values x̂j as in the
forecast profile:
xaj (d) = φj (d) · (xaj − x̂aj ) + x̂aj j = 1, ..., m with

(5.3)

φj (d) =

(5.4)

xfj (d) − x̂fj
xfj − x̂fj

j = 1, ..., m.

Here, d stands for the individual discrete depth in the model, x is either temperature
or salinity and the indices f and a stand for forecast and analysis, respectively. Because
φj becomes very large for mixed conditions (xfj − x̂fj → 0), we use a threshold of 10 for
it, which is equivalent to assuming that the value of xfj (d) is closer to the mean value

of the water column xfj and, therefore, intensifies the mixing. The difference between the
forecasted and updated distance between xj and x̂j can be assumed to be relatively small.

Blending of Observation and Model Simulation
The reconstruction operator given by Eq. 2.14 blends the information from the numerical
model and the observations taking into account the respective forecast and measurement
errors. In our approach the model error covariance matrix is estimated using data from a
certain period, i.e., the respective covariances represent the natural variability. We make
the assumption that the covariance structure of the forecast errors is identical to the
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background statistics. To get realistic values for the forecast error variances, we take a
scaling approach. A scaling factor for the background statistics is introduced assuring that
the mean ratio of the background variance and the observation variance along the ship
track is equal to unity, i.e.
EOFtsGL
= ηEOF GL with
i
η=

n
o
1 X V ARj
.
n
V ARjm

(5.5)
(5.6)

j=1

Here, V ARjo and V ARjm are the variances of the FerryBox observation and the free model
run at the ship track position j.
Configuration of Spatial Localization
The OI assimilation scheme used for the following experiment includes a distance-dependent
localization as it is described in section 2.4.2, which filters out long-range correlations in
the background covariance matrix P . A Gaussian function, which depends on the Euclidean distance c between the updated point in state space and the observations is used as
a filter. For the scaling of the Gaussian decay we use the threshold distance D, at which
the influence of observations is set to zero. In order to avoid an update in the Wadden
Sea, where correlations with the FerryBox track are not reliable, D is chosen to be 30 km,
which is the shortest distance between the FerryBox track and the northern shore of the
barrier islands.

Timing of Assimilation and Observation Errors
In the following experiment the measurement error covariance matrix R is assumed to
be stable and diagonal with an error standard deviation of 0.5 ◦ C for SST and 0.25 for
SSS. An update of the forecasted field is performed every 24 hours at 12 o’clock model
time, where we stop the model, extract the forecast field and restart the model from the
updated global state.

5.3.2 Results from the Data Assimilation Experiment
The previous sections discussed the estimation of two-dimensional SST and SSS fields from
Ferrybox observations at the time the measurements were taken. In this section we go one
step further and analyze the potential of the data for forecast skill improvements. As
already pointed out there are many assimilation methods described in literature, which
are applicable to this problem (e.g., Evensen 2003, Brasseur 2006, Nerger et al. 2006,
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Dobricic and Pinardi 2008). For this study we decided to use a relatively simple assimilation approach based on optimal interpolation (OI), because we want to make statements
about the potential of FerryBox data for forecast skill improvements in general, rather
than statements about specific assimilation techniques.

Results and comparisons described in the following are based on simulated fields for the
free run and the data assimilation (DA) run at the analysis time (12 o’clock) and have a
temporal resolution of 24 hours. For comparisons OSTIA data was biliniarly interpolated
on model grid. SST and salinity data from MARNET stations, as well as similar data
from Helgoland Reede (the later made available by Biological Institute Helgoland and the
Alfred Wegener Institute for Polar and Marine Research Bremerhaven) were sub-sampled
according to the assimilation interval and time. Furthermore, the salinity measurements
derived from MARNET stations start at 6 m depth and are compared against the respective simulated values. For the following analyses spatial and temporal root mean square
errors (RMSE) between datasets are calculated using the equation
v
u
N
u1 X
2
t
RMSE =
θ(j) − θ r (j) ,
N

(5.7)

j=1

where θ can stand for SST, SSS or salinity at 6 m depth from simulated or reconstructed
1 PN
field. θ r stands for the corresponding observation used as reference dataset and
N j=1
indicates either the temporal (j = t1 , .., tq ) or spatial (j = 1, .., m) mean. Furthermore,
we use, at some positions in the text, the Skill as an indicator to asses the performance
of data assimilation. Skill is calculated according to
Skill =

RMSEr − RMSEDA
RMSEDA
=
1
−
,
RMSEr
RMSEr

(5.8)

where RMSEDA stands for the RMSE calculated from the output of the data assimilation run and RMSEr for the RMSE calculated from the corresponding reference dataset.
Where it is not explicitly mentioned we use for the DA Run the analysis fields, thus the
fields directly after the update.

As a first step the deviations of both the 24 hrs forecast and the analysis from the FerryBox measurements used as input for the assimilation are investigated. A comparison of the
respective RMSEs for the spatial mean is shown in Fig. 5.15a for SST and in Fig. 5.15b
for SSS. As expected the OI analysis is taking the model state closer to the observations
over the entire considered period.
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a)

b)

Abbildung 5.15: Analysis of DA forecast and analysis RMSE to assimilated SST (a) and SSS
(b) FerryBox measurements.

In Fig 5.16 we analyze the performance of the SST assimilation by comparing the SST
global domain field from analysis with independent observations from OSTIA. In order
to give an impression about the quality of the used reference datasets (OSTIA and free
run) we present the annual average of the error range of the OSTIA data as contained
in the standard product (Fig. 5.16a ) and the annual mean RMSE between OSTIA data
and simulations from the free model run (Fig. 5.16b). The RMSE values in the inner part
of model area lie slightly below or above the error range of OSTIA. This proves that the
model already performs very well here. RMSE values for the shallow near coastal regions are significantly higher than the claimed error range of OSTIA. However, one might
suspect that the error range of the satellite derived OSTIA data in these regions could be
too optimistic.
The improvement of the DA run with respect to the free run taking OSTIA data as a
reference is shown in Fig. 5.16d. One can see that the assimilation is in fact able to improve the SST estimates within a larger area around the ship route. The areas with a
negative impact of DA are mostly due to an inadequate response of the model to the
analysis rather than the analysis itself, which is rather localized around the ship track. To
our knowledge, there are no global scale observation of SSS for the investigated region,
therefore, analyses of SSS are not included here.
With respect to the spatial mean RMSE values (Fig. 5.16e) and the improvement of spatial mean RMSE values due to assimilation (Fig. 5.16f) it becomes obvious that in general
we improve the whole global state with the OI method.
Comparisons of simulations against independent in-situ observations from MARNET and
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a)

b)

c)

d)

e)

f)

Abbildung 5.16: Annual mean for 2007 of the error range of OSTIA SST (a). (b) and (c) show
temporal mean RMSE for the same period calculated at analysis time according to Eq. 5.7
using OSTIA SST and SST from the Free Run and DA Run analysis fields, respectively. (d)
shows the Skill of DA Run (Eq. 5.8), which corresponds to (b) and (c). (e) gives spatial mean
RMSE calculated analog to (b) and (c), while (f) displays the corresponding Skill of DA Run.
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Helgoland Reede are given in Fig. 5.17. With exception of the Station Ems, which will be
considered later in the text, the misfit between model and in-situ observations (numbers
in brackets in the legend) is comparable for the free run and the analysis. However, assimilation of data results in a clear qualitative improvement during some periods, which
will be described in the following.

Regarding SST values at the beginning of the assimilation period up to April we find
a misfit between the free run and the observations of 2-3◦ C at Deutsche Bucht station
(Fig. 5.17a) and a misfit of 1-2◦ C at Helgoland Reede (Fig. 5.17e), which are corrected almost completely in the assimilation run. However, during the warming period from April
to August a bias between assimilation runs and the Helgoland Reede data emerges. Furthermore, the single peak at 15th of June is enhanced in the assimilations. Two peaks are
also found in the FerryBox observations in June at the Deutsche Bucht station, which is
close to the ferry track. Therefore, the enhancement at Helgoland Reede may be due to
too strong linkage to ferry track in the background statistics. This hypothesis is supported
by the fact that in the free model run both stations show two peaks during this period,
which promotes a strong connection in the background statistics.

For the salinity values at the Deutsche Bucht station (Fig. 5.17b) and Helgoland Reede
(Fig. 5.17f) we also find significant improvements at the beginning of the period (at the
end of January and from the middle of February to the middle of March) and additionally
at the beginning of November. However, data assimilation blurs the multi-peak structures
in April at both positions, which are relatively well captured by the free mode run. This
may be due to the interpolation method.

The Ems station is very specific, because it is located close to the eastern open boundary
of the model area, where the model is forced with the input from a coarse resolution
outer model, as it is described in section 3.2. The low variability of salinity at this station
in the free run indicates that the influence of the outer model is still strong here. A
poor performance of the model at this position is therefore not surprising. This is a good
demonstration of the known fact that deficiencies in the free model statistics can hamper
an improvement of the state estimates with an assimilation approach, which is focused on
optimizing the result for the whole observation vector.

5.3.3 Conclusions
We have shown that FerryBox data agree overall well with recently available remote sensing data products and classical in-situ measurements as, e.g., provided by fixed MARNET
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a)

b)

c)

d)

e)

f)

Abbildung 5.17: Comparison of simulated SST (a,c,e) and SSS (b,d,f) from the Free Run and
DA Run analysis fields against MARNET and Helgoland Reede observations. The numbers
in brackets are RMSE calculated according to Eq. 5.7 with respect to MARNET or Helgoland
Reede data.
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data stations. It is demonstrated that FerryBox measurements in addition give valuable
information on the annual thermodynamics.

A method was proposed to extrapolate one-dimensional FerryBox data to larger twodimensional regions. The method is based on the Kalman filter and makes use of statistical a priori information from a numerical model. Maps of extrapolation errors were
presented. The impact of the special FerryBox sampling characteristics on the extrapolation was investigated based on synthetic data. It was shown that a simple filter approach
in combination with a linear interpolation technique is sufficient to deal with the aliasing
problem related to the M2 tides. It is demonstrated that the method is able to resolve
major patterns of the M2 averaged SST and SSS characteristics.
To overcome the natural limitations of the FerryBox measurements regarding spatial and
temporal coverage we have presented a method, which is able to extrapolate the data
and give an estimate of the expected reconstruction errors. We found that with a careful
selection of the measurement errors a good performance of the extrapolation method can
be achieved for SST. The extrapolation and assimilation of SSS data turned out to be
more demanding. However, the SSS data seem to provide valuable information on processes taking place on synoptic and short time scales.

The extrapolation method makes use of certain correlation properties of the SST and SSS
fields. It was shown that these properties change significantly during the annual cycle. During autumn and winter, which are characterized by mixed conditions, spatial patterns of
error estimates reflect the water column depth implying a significant influence of storage
processes. From spring to summer transport processes (e.g. Elbe river input propagation
for SSS and general circulation pattern along the coast for SST) become more important
due to the developing stratification.

Data assimilation of FerryBox SST/SSS data proved that, in general, the quality of global state estimate is improved, although the information derived from FerryBox track
is limited. Comparisons with independent observations from remote sensing, as well as
with in-situ observations from MARNET and Helgoland Reede demonstrated that the
improvements in the state estimates are more pronounced for synoptic and short time
events.
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6 Closing Remarks
It is shown within this study that data assimilation is well able to significantly improve
the state estimates derived from ocean models even if we are using relatively simple tools
like OI in combination with temporal and spatial localization approaches. Furthermore,
this tools proved to be flexible enough to be applied in ocean regions with different physical circumstances, like it is the case for the Black Sea and the German Bight, without
changing the basic equations. However, it is also demonstrated that a careful consideration of the statistical and physical background of what is observed and what one intend to
improve in the simulation is essential in order to not only bring the simulation closer to
observations but create a physical meaningful update. More advanced data assimilation
methods, which estimate the necessary correlation patterns in a more sophisticated way
than the used OI method, maybe more precise here but hold there own difficulties and the
first challenge for the data assimilation user always should be to carefully asses the realism and consistency of the found correlations and the sensitivity of the simulation to the
used data. Therefore, data assimilation can only work with a detailed a priori knowledge
about the oceanographic processes within an investigated region, as it is already mentioned in the introduction of this study. Furthermore, is the development of advanced ocean
models always superior to the application of data assimilation and should never replace it.
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7.1 Appendix 1: Description of Surface Forcing Terms
The surface momentum flux in the model is introduced through the wind stress components:
(τx , τy ) = ρa Cd |W |(Wx , Wy )

(7.1)

where (Wx , Wy ) are the wind components at 10 m, ρa is the density of air, and Cd is the
drag coefficient, which is stability dependent and computed following Hellerman and Rosenstein
(1983) as a function of the wind speed and the difference between the atmospheric temperature (Ta ) and SST (T ).
The heat flux at the surface can be represented as
QT = Qs − Ha − LEa − Qb .

(7.2)

Here, the downward flux of solar radiation is
Qs = Qtot (1 − 0.62 Cl + 0.0019 × Sel )(1 − A),

(7.3)

where Qtot is the solar radiation reaching the sea surface under a clear sky, Cl is the
fractional cloud cover, Sel is the solar elevation at noon and A is the sea surface albedo.
The sensible heat flux is
Ha = ρa cp a Ch |W | × (T − Ta )

(7.4)

where ρa is the air density, cap is the specific heat capacity of the air and Ch is the turbulent
exchange coefficient for temperature taken as dependent upon stability of stratification in
the boundary layer and wind magnitude. Furthermore, W is the 10 m wind speed and T
and Ta are SST and atmospheric temperature at 2 m. The latent heat is LEa , where
Ea = ρa cp a Ch |W | × [esa (T ) − resa (Ta )]0.622/pa

(7.5)
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is the evaporation, L the latent heat of evaporation, esa (T a) is the saturation vapor
pressure at air temperature, and pa is the atmospheric pressure at sea surface. The upward
flux resulting from the long wave radiation loss at the sea surface is
p
Qb = εσT 4 (0.39 − 0.05 esa (Ta )(1 − δCl) + 4εσT 3 (T − Ta ),

(7.6)

where ε is the emissivity of the ocean, σ is the Stefan-Boltzmann constant, and δ is
the latitude dependent cloud correction factor (Clark et al. 1974). Turbulent exchange
coefficients are taken as stability dependent. SST is provided continuously by the model
and the ECMWF data is interpolated at the model time step.

7.2 Appendix 2: Black Sea Water Cycle
While the precipitation and evaporation for the Black Sea can be derived from climatological data or forecasts and reanalyses based on operational atmospheric models (e. g.
ECMWF or NCEP), there are no up-to-date basin wide river runoff data, not to speak
of data available in real-time. In some of our earlier studies dealing with the numerical
simulation of the Black Sea circulation we were either relaxing the surface salinity to
climatology (Stanev et al. 2003) or using the monthly mean data of Altman and Kumish
(1986) and Simonov and Altman (1991). However, the present study addresses one specific period, for which we want to compare climatic runs with the ones employing data
assimilation. In order to have a comparable realism of simulations, we need river runoff
data appropriate for the period of interest in this study.

Hydrological models are still not mature enough to produce river runoffs usable in oceanography, although some hydrological studies dealing with global estimates or estimates
integrated over large catchment areas (Dai and Trenberth 2002) show promising results.
However, direct outputs for runoff from atmospheric models collected over the Danube
catchment area showed not to be sufficiently consistent with observations (Georgievski and Stanev
2006). Therefore, we demonstrate below another approach unifying historical observations
and up-to-date atmospheric model outputs.

Climatological compilations of historical observations of individual components of water
fluxes over the Black Sea are available as monthly mean data for the period of 1923-1994
(Altman and Kumish 1986, Simonov and Altman 1991, Peneva et al. 2001). Not available is the climatic data for evaporation minus precipitation integrated over the catchment
area of the Black Sea. However, this is actually the variable inherently connected to the
river runoff. Therefore, we make the hypothesis that the evaporation minus precipitation
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integrated over the Black Sea is statistically well correlated to the same characteristics
for the catchment basin.

An analysis of the data reveals a linear regression between precipitation and principal components (PC) from multivariate EOF (Empirical Orthogonal Function) analysis
(Preisendoerfer 1998, von Storch and Zwiers 1999) of long-time observations of river runoff and precipitation (Fig. 7.1). Based on this result and available atmospheric analysis
data, it appears possible to reconstruct the river runoff for the Black Sea with an error of
about 23% of the observed signal.
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b)
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Abbildung 7.1: Linear regression between annual precipitation and PCpr -1 (a) and PCpr -2 (b)
from multivariate EOF-Analyses of long-time observations of precipitation and river runoff.

River runoff is assigned to the individual rivers and drainage regions following Jaoshvili
(2002). Danube gives 57.5% of the total runoff. The collective contribution of Dnieper,
Dniester and Southern Bug is 15.9% of the total, the one of Georgia’s rivers is 13.2% of
the total. The remaining 13.4% explains the contribution of small rivers, therefore, it is
distributed along the coast following the shares given by Jaoshvili (2002).

Constructing surface fresh water flux for the Black Sea numerical model does not completely solve the general problem with closing the water and salt budgets because the
transport through the straits is still missing. The best solution would be to either have
real time estimates from observations for straits dynamics, or a high quality straits model
forced with open ocean conditions at its two ends, providing water flows for our basin
scale model. So far, no available real time data exist, neither are the strait models mature
enough to provide realistic performance needed to formulate boundary conditions in the
strait.

In our earlier numerical modeling studies of Black Sea circulation the water fluxes in the
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straits have been either provided from climatological data (Stanev 1990, Kara et al. 2008),
or have been computed from simple conceptual models (Stanev et al. 1997, 2003, 2004),
constrained in a way to avoid long term trends in the Black Sea salinity.

The present study has been carried out in the frame of German Priority Program Mass
Transports in System Earth (http://www.massentransporte.de/), one focus of which was
the use of GRACE data for different ocean applications, including the redistribution of
water between different areas on land and sea. What has been realized after some preliminary work was that the combination of gravity data, giving information about the
water mass, and altimeter data, giving information about the joint effect of changing
sea level due to fresh water and heat fluxes, illustrates potentially very large changes
in the transport through the Bosporus Strait. This transport has been earlier estimated
by Unluata et al. (1989) and Peneva et al. (2001) using long term climatological and tidal gauge data. In the following, we will use the concept developed by Peneva et al. (2001).

Provided that we have data for buoyancy fluxes affecting the sea level, as well as observations for the sea level itself, we can reconstruct the Bosporus transport as a residual
using the water budget equation of the form:
′
Qbt
B = P + R − E − sdζ̃ /dt

(7.7)

where Qbt
B is the total transport through the strait, indexes ’bt’ and ’B’ stay for barotropic
and Bosphorus, correspondingly, and s is the area surface. In the above equation the
observed MSL signal ζ̃ where ’ ˜ ’ stands for basin mean is corrected for the effect of
temperature expansion:
dζ̃ ′ /dt = d/dt(ζ̃ − ζ̃T ).

(7.8)

The simulations, presented below could be considered as 0-D-modeling in which we compute evaporation and heat expansion using described bulk aerodynamic formulas. Precipitation is derived from the ECMWF data, river run-off was reconstructed as described
above, MSL was taken from the same merged gridded delayed time altimeter products,
which are used for the rest of the study.

Fig. 7.2 illustrates the barotropic transport in the Straits of Bosporus computed as described in Eq. 7.7. The black curve shows anomalies of observed MSL change over time
presented in terms of basin volume change and the blue curve displays the change of basin
volume due to water fluxes (R+P-E). The difference between the two curves gives thus
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an estimate of the flow in the strait, that is the red curve in Fig. 7.2.
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Abbildung 7.2: Anomalies of the basin volume change: derived from altimeter observations minus simulated thermal expansion (black line), due to atmospheric water fluxes plus river
runoff (blue line), and the total transport through the Bosporus Strait calculated as the
difference between the two others (red line).
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Abbildung 7.3: Comparison between basin mean sea level anomaly (MSL) from NEMO output
and basin mean salinity.

Because we work in terms of anomalies, the only constraint we introduce is that for the
time of integration the MSL does not change much. Therefore, we choose to ’correct’ the
integral of the positive part of fresh water balance as
(p + r)corr = (p + r)(1 − s∆ζ̃/(p + r))

(7.9)

where p and r are accumulated over integration time precipitation and evaporation and
∆ζ̃ is the change of MSL over the same period.

The Bosporus inflow is introduced in the model as evaporation flux in the same way as in
Kara et al. (2005, 2008). With the described forcing data, we use in the Black Sea NEMO
the correlation, between basin mean salinity and MSL (overall negative) looks realistic
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(Fig. 7.3, the major events are well represented).

7.3 Appendix 3: Analysis of Black Sea Forcing Factors
In the following we investigate different surface forcing terms and their influences on simulated sea level, focusing on the major characteristics of model forcing for the period of
integration (more detail on the air-sea exchange in the area of the Black Sea can be found
in the paper by Stanev et al. 2003).

7.3.1 Wind Forcing
Seasonal variability for the period 2002-2006 agrees very well with data analyzed by
Stanev et al. (2003). Furthermore, stronger wind mixing in winter tends to decrease the
stability of stratification, which favors vertical convection and enhances rates of water
mass formation. It is noteworthy that although we use quite different data sources, the
ranges are very consistent (slightly higher here) with the ones presented in Fig. 3 of
Stanev et al. (2003), which have been computed for a different period. Furthermore, the
area-averaged monthly wind-stress curl in the Black Sea is positive throughout the year
(2002-2006), as was the case with the earlier analyzed forcing (Stanev et al. 2003). This
result proves that the mean mechanical forcing is relatively stable in this basin, at least
for the analyzed period.

The horizontal pattern of the mean wind stress in 2002-2006 curl also supports the earlier
analyses. As it was the case presented by Stanev et al. (2003) the most positive anomalies
(cyclonic curl) are located in the eastern Black Sea (Fig. 7.4). Coastal anomalies (anticyclonic, in particular along some coasts) are also consistent with the ones displayed
by Stanev et al. (2003), though wind data are for different periods. Obviously, these are
quasi-permanent climatic features in the Black Sea, which are well pronounced during
different time slots.

7.3.2 Heat Fluxes and Changes in Steric Heights
It is noteworthy that the surface heat flux QT affects the sea level through water expansion:
dζT
αQT
=
dt
ρ0 cp w
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a)
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Abbildung 7.4: Temporal variability of basin mean wind stress curl (a). The basin-mean year
has been computed as a mean of individual years during the integration. Averaged for the
period of integration wind stress curl (b).

where

dζT
dt

, α, ρ0 , and cp w are the sea-level change due to heat flux, heat expansion factor

of sea water, the water density, and the specific heat capacity. The index ’T ’ in the above
formula stays for ’thermal’, and ζT is usually called thermal steric height.
The temporal variability of basin averaged total heat flux expressed in buoyancy units
Bh = −g

αQT
ρ0 cp w

(7.11)

and the mean for the period of integration are shown in Fig. 7.5b and Fig. 7.6a, correspondingly. In the above formula g is the acceleration due to gravity and α = 1.3 × 10−4 [◦ C−1 ]
is the thermal expansion coefficient.
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Abbildung 7.5: Temporal variability of model forcing. The basin-mean year has been computed
as a mean of individual years during the integration. In order to facilitate the comparison
of individual contributions of heat and fresh water fluxes the data are presented in terms of
thermal and haline buoyancy fluxes. (a) thermal buoyancy flux, (b) haline buoyancy flux.

A quantitative description of the thermal steric effect is given by the following relationship,
Bh
dζT
=− .
dt
g

(7.12)

Because of this intimate relationship between heat, buoyancy flux and steric height, we
analyze below not only the forcing, but also the response as seen by the changes in heat
content (density for constant salinity) simulated by the model
δζT
1
=−
δt
ρ0

Z

dl
0

δρT,S0
dz
δt

(7.13)

where dl is the local depth and ρT,S0 is density calculated from simulated temperature (T )
and constant salinity (S0 ). The time change in Eq. 7.13 is estimated for the whole duration
of integration δt. It is noteworthy that the horizontal patterns of thermal buoyancy flux
(Fig. 7.6a) are qualitatively similar, but much better structured than the heat fluxes of
Schrum et al. (2001) derived from coarser atmospheric data without using interactively
simulated SST.
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a)

b)

Abbildung 7.6: Averaged for 2002-2006 surface buoyancy flux due to temperature (Eq. 7.11)-(a)
and horizontal distribution of the change in thermal steric height for the whole period (Eq.
7.13)-(b).

The spatial average of Eq. 7.13 and Eq. 7.12 is ≈ −2.0 × 10−9 m2 s−3 . However, the dif-

ference between the horizontal distribution of heat flux (Eqs. 7.11, 7.12, Fig. 7.6a) and
the temporal change of heat content of the water column (Eq. 7.13, Fig. 7.6b) displays
the role of transport. Without advection, the two figures should be identical, as this is
the case with the basin averaged characteristics. Comparison between the two patterns
in Fig. 7.6 is instructive of how the heat flow propagates into the model. The strongest
cooling, as seen in the left panel (remember that heat and buoyancy fluxes have opposite

signs), is not maximum in the shallow-most coastal zone where temperature is minimum.
This result has been previously discussed in detail by Stanev et al. (2003). Additionally, in
Fig. 7.6 we see that the maximum cooling of the entire water column is along the eastern
coast, which cannot be expected from Fig. 7.6a.
The seasonal variability of the basin mean heat flux (Fig. 7.5b) follows approximately
the same course like the independent estimates presented by Stanev et al. (2003). The
differences in the ranges just illustrate the fact that during different periods changes of
thermal forcing are possible (Schrum et al. 2001), which could affect not only the physical
but also the ecological system in the Black Sea (Oguz 2005).
Comparison between Fig. 7.6 and Fig. 7.5b demonstrates that the annual mean values
are substantially smaller than the winter or summer ones. This issue has been thoroughly
discussed by Stanev et al. (2003) where it has been demonstrated that the principal difference between water mass formation in the ocean and enclosed seas, as for example the
Black Sea, is that in the latter the water mass formation is due to the large amplitude
of the seasonal cycle, while in the former outcropping exists during all times making the
water mass formation more effective.
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7.3.3 Air-Sea Freshwater Exchange
We define surface buoyancy due to salinity as
Bs = gβQW S

(7.14)

where β = 7.5 × 10−4 psu−1 is the saline contraction coefficient, QW = R + P − E is the

difference between river runoff and precipitation, from one side and evaporation, from
the other, S is the surface salinity (18 psu in the Black Sea). More information about
how the river runoff and precipitation are prescribed in the model is given in Appendix
2. Evaporation is computed from Eq. 7.5. The temporal variability and the mean for the
period of integration of Bs are shown in Fig. 7.5c and Fig. 7.7a, respectively.

A comparison with earlier estimates (Peneva et al. 2001, see their Fig. 8b and Schrum et al.
2001, see their Fig. 2a, respectively) reveals a good agreement and demonstrating the consistency of the actual fresh water forcing with the climatic estimates.

As this was the case with the heat forcing, there is a complete disagreement in the mean
characteristics for the period from direct estimates (Eq. 7.14, Fig. 7.7a) and the ones based
on the analysis of the time rate of change of vertically integrated salt content expressed
through density (Fig. 7.7b)
δζS
1
=−
δt
ρ0

Z

dl
0

δρT0 ,S
dz
δt

(7.15)

where ρT0 ,S is the density computed from the simulated salinity (S) and constant temperature (T0 ). The latter figure reveals the interior part of the Black Sea to become saltier over
the investigated period while the salinity in the coastal part decreases. Some differences
between the two figures are explained by the fact that fresh water fluxes due to rivers (local
sources in the model) are not accounted for in Fig. 7.7a, while they are present in Fig. 7.7b.
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a)

b)

Abbildung 7.7: Averaged for 2002-2006 surface buoyancy flux due to salinity (Eq. 7.14)-(a),
(rivers, which are point-sources are not included here), and horizontal distribution of the
change in haline steric height for the whole period (Eq. 7.15)-(b).

7.3.4 Effects of Forcing on the Steric Heights
The above results reveal that although horizontal buoyancy gradients caused by temperature and salinity have comparable values (Fig. 7.6, Fig. 7.7), the basin mean integrals
show big differences. Basin mean buoyancy caused by seasonal variation of salinity (Fig.
7.5c) is much smaller than basin mean buoyancy caused by seasonal variation of temperature (Fig. 7.5b). Translated into changes in steric height, the seasonal amplitudes of the
basin mean sea steric height caused by the fresh water flux are about 1 mm while the
ones caused by the heat flux reach 5 cm.

7.3.5 Accuracy of Estimates of Model Forcing
After analyzing the individual forcing factors, it is instructive to compare the ranges of
seasonal and year-to-year variations for the period 2002-2006 (Table 7.1). A comment
about these estimates is needed. With the exception of the precipitation, taken from
atmospheric analysis data, and known to be associated with large errors, all other forcing
factors are computed: heat flux and evaporation from bulk aerodynamic formulas, which
are not very accurate either, river runoff is statistically reconstructed from precipitation
data, total transport through the strait is computed as a residual from sea level change
(accurate altimeter data) and water fluxes (not as accurate). Obviously, errors could be
expected, associated with the model forcing, however, we believe that they are not bigger
than the ones for any estuarine model with open boundaries.
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Tabelle 7.1: Contribution of different terms to seasonal range in the MSL estimated for 2002-2007

Seasonal range in MSL expressed in [km3 ] [first number] and [m] [second number]
precipitation

evaporation

river runoff

Bosporus

heat flux

25.44 / 0.06

55.12 / 0.13

21.02 / 0.05

59.36 / 0.14

29.68 / 0.07

Interannual range in MSL expressed in [km3 ] [first number] and [m] [second number]
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water flux

heat flux

25.44 / 0.06

4.24 / 0.01
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Aydoğan, B., Ayat, B., Öztürk, M. N., and Çevik, E. O.: Current velocity forecasting in straits
with artificial neural networks, a case study: Strait of Istanbul, Ocean Eng., 37(5-6), 443–453,
2010.
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