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Abstract

Global ocean forecast and reanalysis systems, a@s@l under the Global Ocean Data
Assimilation Experiment (GODAE), are a powerful meato assess the impact of different
components of the Global Ocean Observing SystemOQ&OGODAE systems can be exploited
to help identify observational gaps and to ultihatmprove the efficiency and effectiveness of
the GOOS for constraining ocean models for oceadligtion and reanalysis. Many tools are
currently being used by the GODAE community to eatd the GOOS. Observing System
Experiments (OSEs), where different componenthefGOOS are systematically with-held, can
help quantify the extent to which the skill of a deb depends on each observation type.
Observing System Simulation Experiments (OSSEs)eravhthe impact of hypothetical
observation types is assessed through some fotmimmfexperiment, help evaluate the potential
benefits of future observation types. Singular ¥eanalysis can quantify the sensitivity of the
ocean circulation to small perturbations, potehtiabentifying regions where additional
observations are likely to benefit ocean foreca&tmlysis sensitivity, via the influence matrix,
and adjoint-based techniques can be used to rbutiaesess the influence of individual
observations and observation types on an analf$iese methods are therefore useful for
evaluating and improving assimilation systems andidentifying the most and least beneficial
components of the GOOS for a given system. A sofitexamples using these approaches to
observing system evaluation from a GODAE perspedne presented in this paper.
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1. Introduction

The development and application of data assimifaéahniques for numerical weather prediction (NWP)
and more recently for operational oceanography hedd¢o the growing use of models and assimilation
tools for the assessment and design of atmosphadcoceanic observing systems (e.g., Rabier et al.
2008). The development of operational ocean foteggstems is a key initiative of the Global Ocean
Data Assimilation Experiment (GODAE). All GODAE ggms are underpinned by the Global Ocean
Observing System (GOOSyww.ioc-goos.ory that is comprised of satellite altimetry, satellisea
surface temperature (SST) programs, delivered trothe GODAE High Resolution SST effort
(GHRSST;www.ghrsst-pp.orjy and in situ measurements from the Argo progridmm,tropical moored
buoy, XBT and tide gauge networks. Each of thesseofation programs are expensive and require a
significant international effort to implement, migm, process and disseminate. While many compsnent
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of the GOOS are primarily intended for climate aggtions, their application to operational ocean
forecast systems, such as those developed undgB@BAE, is important. In this paper, we present
results from Observing System Experiments (OSEd)se@ing System Simulation Experiments
(OSSEs), and diagnostics from assimilation systehz seek to assess the benefits of different
observation types and arrays to realistic oceagchmt and reanalysis systems.

The OSEs described here generally involve the mie denial, or with-holding, of different
observation types from a data assimilating modarder to assess the degradation in quality of deho
forecast or analysis when that observation typeoisused. These OSEs seek to quantify the impact of
different observation types on each specific foseca analysis system. Importantly, the impact adhe
observation type may strongly depend on the detdilhhe model into which they are assimilated, the
method of assimilation and the errors assumedeaassimilation step. We therefore present restdts f

a range of different models and applications im@@mpt to identify the robust results that are iwam to

a number of different systems.

OSSEs typically involve some sort of twin experiaevhere “synthetic observations”, usually extrdcte
from a model, are assimilated into an alternativadeh or mapped using an analysis system. Similarly,
variational methods, such as singular vector anmchabmode analysis, do not use real observatiauts, b
instead interrogate model physics and model sgitigs to identify regions in which small perturlmsis

are quickly amplified. It is assumed that additioolaservations in regions of high sensitivity akelly to
better constrain a data assimilating model. Thgpest of analyses, though idealised, may be used to
assess the impact of some hypothetical array oérebsons that may not exist yet. This means that
OSSEs and variational methods can be used to baterito the design of future observing systems,
quantifying their possible impacts and limitations.

Techniques that are increasingly being used byNW&” community, for assessing and monitoring
observing systems, include analysis sensitivity.(eCardinali et al. 2004) and adjoint-based pracesl
(Langland and Baker, 2004). These techniques efidgt diagnose the impact of assimilated
observations on a given analysis or forecast. Thongt widely adopted by the ocean forecasting
community yet, several groups are developing cdifiabiin this area, with the intention of routigel
applying them to operational systems to monitor asgkss the time-evolving GOOS.

The inaugural Ocean Observing Panel for Climate ROD- GODAE meeting on OSSEs and OSEs was
held at UNESCO/IOC in Paris, France in November72@@vw.godae.org/OSSE-OSE.himIThis was
the first international meeting dedicated to théjesct of observing system evaluation using GODAE
systems. Many of the ideas and results presentttsipaper are based on presentations from theGOOP
GODAE OSSE/OSE meeting. This paper is organisddlsvs: results from various OSEs and OSSEs
are presented in sections 2 and 3 respectivelgsaription of emerging techniques is included ictisa

4 and some conclusions are reported in section 5.

2. Observing System Experiments (OSES)

A determination of the requirements of the GOOSdperational oceanography is the primary goal of
the studies described in this section. Collectivele seek to assess the importance of different
observation types for meeting the needs of a wanébperational oceanographic applications, raggin
from observation-based mapping systems, like th&ld/Aviso, short-range prediction systems from
GODAE partners (e.g., Bluelink, Mercator, NRL, UKeMOffice), and seasonal prediction (e.g.,
ECMWEF). These studies also seek to assess theagmvef observing systems that is needed for differe
applications: the number of satellite altimeters aisrecurring question that several groups have
considered.

a. Observation-based Mapping Systems

The Ssalto/Duacs center has led several studietnguito identify the most appropriate satellite
configuration to observe the mesoscale ocean \liiyalising an analysis system, rather than a niadel
system. Focusing first on the Mediterranean Sed, later on the global oceans, Pascual et al. (2006;
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2007) have demonstrated the benefits of merging @aim four altimeter missions to produce high
resolution global and regional maps of sea levehzalies (SLA). An illustration of the impact of the
number of altimeters on mapped SLA and eddy kinetiergy (EKE) using the Ssalto/Duacs processing
system (based on Optimal Interpolation, Ol; Dudeale 2000) is given in Figure 1. Here the EKE is
computed from geostrophic velocities that are aetifrom gridded SLA. In areas of intense variapilit
the root-mean-squared (RMS) differences betweetassical configuration of two altimeters (Jason-
1+ERS2/Envisat) and the scenario merging data fmm altimeters can reach 10 cm for SLA and 400
cné/s’ for EKE. This represents a significant percentafighe signal variance. At mid- and high-
latitudes, previous studies have shown a clearnestimation of EKE due to the high frequency arghhi
wavenumber signals that cannot be adequately mappetbmbining data from only two altimeters
(Ducet et al. 2000; Le Traon and Dibarboure 2002cBet et al. 2004).
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Figure 1: (a, ¢) RMS of SLA and near-surface EKE eghated with data from 4 altimeters (Jason-1 + T/P
interleaved + ERS2/ENVISAT + GFO); (b, d) RMS diffeence between mapped SLA (and near-surface EKE)
using data from 4 and 2 altimeters; adapted from Pazual et al. (2006).

The impact of four altimeters is expected to beipalarly important for operational forecast andibysis
systems. Pascual et al. (2008) quantify the degjcadin the quality of the altimeter products wheear-
Real-Time (NRT) data are used compared to whenydldime (DT) data are used. Three main sources
of errors are identified in NRT data: the orbitléss accurate; the latency of data is a problerd; an
observation windows necessarily favour “old” daaa NRT systems. Validation with independent in-situ
data demonstrates the degradation of NRT maps aeehpa DT maps (Table 1 and

Table2). That is, 4 altimeters in NRT are needed to getdame performance as 2 altimeters in DT. The
statistics in Table 1 show comparisons between-s@dace velocities derived from drifting buoys and
SLA maps. Similarly, the statistics in

Table 2 show comparisons between SLA from tide gauges 3l maps. Some of the discrepancies
between SLA tide gauge data and SLA maps are plpldaie to the mapping procedure in addition to
the errors in the altimeter data and to the nunob@ltimeters used. For both tables, SLA maps uging
and 4 satellites, and using NRT and DT data aressh®he results from
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Table 2 also highlight the importance of continuous adesnn the processing of altimeter data. For
instance the differences between the old and nevd®a relates to specific corrections such as tddl
high frequency corrections. These improvements maselted in a significant reduction in the errofs
altimeter observations.

Table 1: RMS difference (in cm/s) between drifteand altimeter-derived velocities in areas of interes
variability (with RMS variability > 20 cm/s) and at latitudes of greater than 10 from the equator; adapted
from Pascual et al. (2008). Comparisons are for theeriod October 2002 — August 2003.

Delayed-Time Near-Real-Time
Variable 2 missions 4 missions 2 missions 4 missions
U 11.23 10.72 12.06 11.30
V 10.70 9.97 11.63 10.69

Table 2: RMS difference (in cm) between tide gaugsea-level and mapped altimetry for the old delayetime,
the new delayed-time and the near-real-time systenadapted from Pascual et al. (2008). Comparisons efor
the period October 2002 - August 2003.

Variable Old Delayed-Time New Delayed-Time Near-Real-Time
2 missions 4.72 4.26 4.82
4 missions 4.27 3.94 4.42

A series of OSEs using the Global Observed Oceamluets (Larnicol et al. 2006) that combine
remotely-sensed (SLA, SST) and in situ observatiaising the method described by Guinehut et al.
(2004; see section 3, below), facilitates a quatitié assessment of the relative contributions from
different components of the GOOS. Figure 2 showsRMS errors of sub-surface temperature (T) and
salinity (S) using this approach (errors are basedlifferences between the mapped fields and in sit
profiles that are used to produce the maps). Taieahstrates that more than 40% of the temperature
signal can be reconstructed at depth from remaehsed data using a simple statistical methodegtall
synthetic fields) and that the complementary uséndditu measurements (denoted combined fields in
Figure 2) improves the estimation by an additiditaR0%.
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Figure 2: RMS (solid lines) and mean (dotted linesgrror in predicting sub-surface temperature (left)and S
(right) anomalies using Levitus monthly mean climablogy (red), synthetic fields (blue), combined fiells
(green); adapted from Larnicol et al. (2006).
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b. Short-range Mesoscale Prediction Systems

Through a series of OSEs, Oke and Schiller (200W)pare the relative impact of Argo, SST and SLA
observations on an eddy-resolving ocean reanal@sisfly, they use a 1/fOresolution ocean model
together with an ensemble Ol (EnOl) system (Okal.e2008) to perform OSEs for a 6-month period at
the start of 2006. In these experiments alongctadtimeter, AMSR-E SST (AVHRR SST are with-
held), Argo T and S and XBT data are assimilate8E® include a run with no data assimilation
(NONE); a run that assimilates all observationgnrefd to above (ALL); a run that assimilates Argad a
SST data (Argo+SST), altimeter and SST data (ALT8&¥), and altimeter and Argo data
(ALTIM+Argo). The results from these OSEs are sumssal in Figure 3, where a normalised measure
of skill is presented for each OSE showing the %grBdation relative to a control run, following
Benkiran et al. (2008):

% Degradation = 100 X (RMSE:— RMSEzer) / RM s, (2)

where RMSE is the root mean-squared error, RMSIE the RMSE for a given OSE, RM&E is the
RMSE for a reference model run and RMSis the RMS of observed fields. For Figure 3, RM&ES

for each OSE, where a different data types arehslth and RMSkgr is for a model run where altimetry,
AMSR-E SST, and Argo T/S data are assimilated. rElsalts presented in Figure 3 include statistics fo
coastal SLA (cSLA) and coastal SST (cSST), wheeeShA comparisons are restricted to coastal tide
gauges and where the SST comparisons are resttictedations where the water depth is less thanh 20
m. With the exception of cSLA, all RMSE estimates based on comparisons with both assimilated and
withheld observations. About half of the availaBlego data are assimilated; AMSR-E data are only
assimilated for 1 day in 7; all altimeter data assimilated, but they are spatially and temporally
averaged to form super-observations prior to asaiion. Figure 3 indicates that when no data are
assimilated, the RMSE increases by between 20 30@6lof the observed signal. When altimeter data
are withheld (see Argo+SST) the errors in SLA aBdA increase by 30% and 20% respectively. When
Argo data are withheld (see ALTIM+SST) the erramsTi and S increase by 60-70% relative to the
observed signal. When SST data are withheld (seEIMitArgo) the errors in SST, and particularly in
coastal SST increase significantly, by almost 9% e observed signal.
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Figure 3: The area-averaged % Degradation, from equ#on (1), for different variables. Coastal SLA (cSIA)
is based on comparisons with withheld data from ccdal tide gauges; and coastal SST (cSST) is based o
comparisons with assimilated AMSR-E SST data wherthe bottom depth is less than 200 m; and
comparisons with T and S are here restricted to théop 500 m. Area averages are computed for the remi 90-
180E and 60S-10N; adapted from Oke and Schiller (Bd). When % Degradation is zero, the OSE performed
as well as the reference run (see equation (1)); wh % Degradation is 50% the RMSE increased by 50%fo
the observed signal compared to the reference run.
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A qualitative assessment of the OSEs presentedkeya®@d Schiller (2007) is presented in Figure 4sTh
shows a comparison between withheld AVHRR SST dieldd modelled SST fields from each OSE. The
fields in Figure 4show that when SST is assimilated, the reanalg&His very similar to the observed
SST. By contrast, when SST is not assimilated, tbanalysed SST differs significantly from
observations. Consistent with the comparisons suisathinFigure 3 the non-assimilative case NONE
produced the largest SST differerences among teesceonsidered in Figure 4; these differences are
reduced in ALTIM+Argo, but are smallest in the caassimilating AMSR-E SST.

It is clear fromFigure 4that the mesoscale circulation is qualitativelgnir for each OSE when
altimetry is assimilated, but is quite differenhetwise. For example, the position of the Tasmantfin
January and February, denoted by the separatitredAC from the coast around 32S, is very simiiar
the OSEs that assimilate altimetry. Also note tieustness of the anti-cyclonic circulation arousb@B
and 37S in February and March; and the coastal dezamear 29S in February that is evident in the
observations and the OSEs that assimilate altimetry

The main results from the study of Oke and Schi(2007) are that each observation type brings
complementary information to the GOOS. For exammatellite SST observations are the only
observation type considered that constrains shalleas and continental shelf circulation over wide
shelves (see cSST in Figure 3); altimetry is théy @bservation type that properly constrains the
mesoscale ocean circulation (Figure 3 and Figurart) Argo observations are the only observatiqe ty
that constrains sub-surface T and S (Figure 3)s@hesults indicate that while there is some rednoyl

for representing broad-scale circulation, all oleagon types are required for constraining mesescal
circulation models.

Figure 4: Observed SST from (left) AVHRR (with-helddata); and (columns 2-6) modelled SST and surface
currents in the Tasman Sea for OSEs, as labelled the title (NONE indicates no assimilation; ALL indicates
Argo+SST+ ALTIM etc), for different time periods, as labelled in the left column, using the Bluelink

reanalysis system; adapted from Oke and Schiller 7).
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A series of OSEs has been conducted by Benkiraal. €2008) to evaluate the impact of data from
multiple altimeter missions on the forecast skiler 7-days, using the Mercator Océan eddy resplvin
(5-7 km) forecasting system in the North Atlanticgan and the Mediterranean Sea. This system
assimilates along-track altimeter data, SST andsitn profiles using a multivariate Ol scheme.
Specifically, Benkiran et al. (2008) sought to assthe degradation in the forecast skill when tata
fewer altimeters were assimilated. They performmdgal 6-month simulations in which they assimiate
all available SST and T/S profiles and altimetetadaom O to 4 altimeters (T/P, Jason-1, Envisat an
GFO). The OSEs were conducted during the tandemadPJason-1 missions in 2004-2005 when data
from 4 altimeters were available.

Figure 5 summarises the results of Benkiran €28I08), showing the % Degradation, from equation (1
where RMSkseis for the OSEs that assimilate data from 0, 4n@ 4 altimeters; and RM{E: is for the
run that assimilates data from 3 altimeters (Jdsdenvisat and GFO). In this case, RMSEs are fok SL
and are based on comparisons with Jason-1 obsmrgaiivhen no altimeter data are assimilated, tisere
effectively no predictive skill at the mesoscal@n@ersely,Figure 5suggests that skill is added to the
Mercator system when data from 4 altimeters aréméssed, instead of just 3. These results are
consistent with those presented by Pascual e2@06).

Figure 5: A normalised measure of 7-day forecast eor in the North Atlantic, when no altimeter data are
assimilated and when data from 1, 2 and 4 altimetsrare assimilated. Forecast skill is measured agatrthe
forecast error when Jason+Envisat+GFO data are agsilated (REF; see equation (1)). A positive % implis a
degradation of the forecast skill, 0 is the baselmand negative means an improvement. RMSESs in equ@
(1) are based on comparisons with SLA observatiorfeom Jason-1; adapted from Benkiran et al. (2008).

Benkiran et al. (2008) conducted their OSEs in a-time context. That is, they performed OSEs to
produce nowcasts under realistic conditions, exotudnissing data due to latency of data availahilit
They produce 7-day forecasts that are initialiséti ach nowcast and also hindcasts, using allablei
data. Table 3 summarises their results, showingitlwaly SST and in situ T/S are assimilated (ire
altimetry) the error is large (up to ~13cm RMS)blEa3 also shows that with one altimeter, the sibna
improves for the hindcast (~8.5 cm), but the eisastill large for the forecast (~10 cm RMS). Nalso
that to obtain error levels equivalent to the hastavith only one altimeter, data from all 4 altiers are
needed for the initialisation of each 7-day foréaasder realistic conditions; and data from at teas
altimeters are required for the nowcast. Thesdteeate consistent with the conclusions of Paseual.
(2008) who found that 4 altimeters in NRT is roygéaduivalent to 2 altimeters in DT.
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Table 3: RMS of the difference between Jason-1 obsation and 7-day forecast, Nowcast (real-time angkis)
and hindcast (best analysis) for several OSEs wheadtimeter data from 0, 1, 2, 3 and 4 satellites ar
assimilated in addition to in situ T/S profiles andSST; adapted from Benkiran et al. (2008).

SLA RMS No Jason-1 Jason-1 Jason-1+Envisat Jason-1 +Envisat
difference altimetry only + Envisat +GFO +GFO +T/P
7-day forecast (cm) 10.27 9.67 8.95 8.62
Nowcast (cm) 9.15 8.36 7.50 7.08
Hindcast (cm) 12.94 8.38 7.07 6.18 5.63

Results from a series of OSEs designed to assesmpact of different numbers of altimeters using t
UK Met Office system are presented in Figure 6.efdyj they use the 179North Atlantic FOAM
configuration together with an Ol-based method sfirailation (Martin et al 2007) to run a series of
three month integrations beginning in January 200& impact of different numbers of altimeters are
assessed by comparing the modelled SLA with thiendaged along-track altimeter data, and comparing
the modelled surface velocities with those deriiedim surface drifting buoys (which are not
assimilated). These results quantify the improvemerhen one, two and three altimeters are added to
the assimilated observations. The addition of thst faltimeter seems to have the most impact.
Interestingly, different satellites seem to givdifferent level of improvement. For example, theliadn

of GFO seems to result in a greater improvement tha addition of Envisat, although the order in
which the different satellites are added may affbit result. The results are also different fdfedent
regions; surface velocities in the north-east Attaare better than surface velocities in the navést
Atlantic. This indicates that the mesoscale dynarmicthe north-east are probably better constraimed
the altimeters than in the north-west. The diffesein the quality of surface winds in different icet
probably also has a significant influence on thaligof the modelled surface velocities.

Figure 6: Anomaly correlation between forecast (left SLA and along-track altimetric SLA from all satellites

and (right) forecast near-surface velocity and neasurface velocity derived from drifting buoys; base on a

series of OSEs that assimilate SLA data from 0-3 t&dlites, using the 1/9 North Atlantic FOAM configuration
for the first 3 months of 2006.

c. Seasonal Prediction Systems

The impact of the different components of the GO@SECMWF operational ocean analyses and
seasonal forecasts is continuously assessed. brd/et al. (2007), the relative importance of tiopical

in situ mooring arrays (TAO, TRITON, PIRATA), XBTand the developing Argo float network was
assessed, showing a major role for the mooringgraadme ways a smaller contribution from Argo than
might have been expected. There were three limitatin that paper: firstly Argo was assessed at a
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relatively early stage of development (2001-2088gondly the assimilation system did not use sglini
data directly and thirdly altimeter data were ne¢dl

In a later paper, Balmaseda et al. (2007) useetiestl version of the ECMWF Ocean Re-Analysis System
(ORA-S3) in which both salinity and altimeter dat@ assimilated. The ORA-S3 system is described by
Balmaseda et al. (2008a). Briefly, ORA-S3 uses abal configuration of the HOPE model, with 1
resolution. A three-dimensional optimal interpaati(3DOI) scheme is used to assimilate T, S and SLA
observations over a 10-day sequential update cyelpo and altimeter observations are systematically
with-held from a series of 6-year reanalysis experits (2001-2006). They show that Argo S is
instrumental in correcting the salinity of the ECNfVEinalysis on a basin-wide scale. The effect ofoArg
temperature is noticeable in the Indian, Atlantid é&Southern Oceans. In the Pacific, the impact is
modest, being confined to the South American coBisé information content of Argo combines well
with the altimeter information in most regions. Theesults show that the assimilation of Argo
observations results in improvements to seasonat&sts of SST for most areas.

The relative contribution of Argo, altimeter and aniogs to the skill of seasonal forecast is pre=e iy
Balmaseda et al. (2008b), based on a series abrsgla®recast experiments from ocean initial candg
generated by with-holding the specific observingtem. The results demonstrate that Argo, altimeter
and mooring observations contribute to the improseinof the skill of seasonal forecasts of SST. For
example, Figure 7 shows the percentage reductitmeimean absolute error of 1-7 month SST forecast,
averaged over the period 2001-2006. Figure 7 detraias that assimilation of Argo observations are
particular beneficial to SST forecasts in the easteopical Pacific (NINO4), altimeter data are
particularly beneficial to the central Pacific atié north subtropical Atlantic (NINO3 and NSTRATL)
and that mooring data have a significant positmpact on forecast skill across the entire tropiRadific
(NINO3 and NINO4). The positive impacts of Argodamooring data on the forecast skill of SST in
seasonal forecasts are also confirmed in JMA’sesydiujii et al. 2008a, see also the article on the
seasonal forecast by Balmaseda et al. in this gatimin).

Figure 7: (a) Percentage reduction in the mean absdkierror of 1-7 month SST forecasts for the period
2001-2006. ALTIM, Argo and Moor refer to the difference between the mean absolute error when altimeter
Argo and mooring data are withheld, respectively. Rsults are presented for the regions denoted in pah(b);

adapted from Balmaseda et al. (2008b).
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3. Observing System Simulation Experiments (OSSES)
a. Assessing the potential impact of new/futureonizion types

The potential impact of new observation types om fitrecast skill of the Mercator system has been
assessed through a series of OSSEs. Tranchani{20@8) have conducted OSSEs to assess the @btenti
impact of the remotely sensed salinity observatifstoemn SMOS (scheduled for launch in 2009), and
Aquarius (planned for 2010). They have simulatedbous sets of SMOS and Aquarius datasets; and have
subsequently assimilated these data in additiorabSST, T/S profiles and altimeter data in aieersf
Mercator Océan 1/3° North Atlantic forecasting eyst using the multivariate SEEK filter. They show
(Figure 8) that assimilation of remotely senseth#globservations is likely to have a positive iagp on

the system performance by reducing the RMS ernosdbnity. They consider different scenarios, véhe
they vary the magnitude of the SMOS observatiorenhe observation error for SMOS observed
salinity is at the expected level for L2, half #»gected level for L2_0.5 and twice the expectedlléor
L2_2. The assumed observation errors for SMOS whtens (SMOS L2) range from 0.2-2.5 psu, and
vary in space and time. They are assumed to deperidctors such as brightness temperature, SST and
wind speed. Based on these OSSEs, Tranchant(@08B) argue that the level of observation errdr wi
have a critical impact on the value of this newesfation type to GODAE systems.

Figure 8: Spatial average of the variance of the gaity difference between the “truth”, every ten days during
2003 for the overall domain, and three different gémates: control run (red dashed line), SMOS L2 (hle
solid line), SMOS L2_0.5 (green solid line, error @ided by a factor of 2), SMOS L2_2 (purple solidihe,

error multiplied by a factor of 2); adapted from Tranchant et al. 2008.

More recently, Giraud et al (2008) have performetefnal twin experiments using Mercator Océan
systems, simulating surface velocity measurement manner that mimics that of synthetic aperture
radar (SAR) data in coastal regions (see Chaprah &005) or optical flow methods applied to SST o
ocean colour data (see Vigan et al. 2000) in amdito more conventional observations (altimeter
residuals, T/S profiles and SST). Their goal wasvaluate the potential of these innovative obsema

in the perspective of an eventual degradation efafkimeter coverage in the near future. They hesesl

an eddy resolving forced simulation (1/12° NortHaAtic and Mediterranean NEMO configuration) to
simulate the observations; and have subsequendynieted them into the eddy permitting (1/3°)
Mercator Océan forecasting system in the NorthriitaOcean (Benkiran and Greiner 2007) following
the fraternal twin experiment methodology. They alode that ocean prediction systems could benefit
from space-based velocity measurements - providedobservation errors remains below 7 cm/s; and
provided they are used to complement satellitenaltiy. Importantly, Giraud et al (2008) note thag t
impact of these surface velocity measurements dhool be expected to compensate for a total loss of
altimeter capacity.
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b. Large-scale variability

Based on a series of OSSEs, where “synthetic ohsens”, sampled from the CLIPPER model
(Treguier et al., 1999) are mapped in the Nortlaitit Ocean using an optimal interpolation mettibd,
study by Guinehut et al. (2002) suggests thata @y of profiling floats cycling every 10 daysténded
to represent an idealised Argo array, can retreelarge proportion of the large-scale and low-ferory
variability of the 200 m temperature fields (Fig@®). Furthermore, Guinehut et al. (2004) show byat
combining Argo-like data with synthetic T/S pro&lprojected from satellite SLA and SST, a muchebett
estimate of the sub-surface temperature field @reproduced (Figure 9c¢). The combination of the tw
data sets is particularly instrumental in reduding aliasing due to the mesoscale variability. Gtest
with the results presented in section 2, theselteegudicate that together, SLA, SST and in sit& T/
observations can readily be mapped to realisticajlyesent features of the mesoscale ocean ciaulat

Figure 9: (a) RMS of the large-scale and low-frequeay reference field for temperature anomalies at 20th

depth; (b) the RMS of the mapping error for an idedised 3 resolution Argo array; and (c) the RMS of the

mapping error of T at 200 m depth using an "optimal' combination of synthetic SLA, SST and T/S from an
idealised 3 resolution Argo array; adapted from Guinehut et al (2004).

c. Ensemble approach to Observing System Assesanbtesign

Based on a series of OSSEs, using models of diffeesolution (coarse-intermediate-high resolution)
that have different surface fluxes and are integtdor different periods, Sakov and Oke (2008) ssse
the CLIVAR-GOOS Indian Ocean Panel (CG-IOP) moor@may for the tropical Indian Ocean (Figure
10). Using an ensemble data assimilation techrilqeng rank each of the proposed mooring sites (1" i
the “best”; “33” is the “worst”) in terms of redug the analysis error variance. Additionally, Salaow
Oke (2008) apply their technigque to objectively igesan alternative mooring array for the tropical
Indian Ocean and conclude that observations toetts# and north-east of the region of interest, and
observations due south of India are most impoffiantesolving intraseasonal variability. They fititht
observations near’S, where seasonal Rossby waves dominate, are mmpdor observing seasonal-to-
interannual variability in the tropical Indian Ocealhese findings are consistent with many of the
conclusions of Vecchi and Harrison (2007), Oke SnoMiller (2007) and Ballabera-Poy et al. (2007)pwh
also performed different flavours of OSSEs thaterfecussed on the tropical Indian Ocean.

d. Variational approach to Observing System Design

Calculation of singular vectors using a model'gj&art linear approximation and its adjoint can hery
effective approach to observing system design. ingasingular vectors correspond to perturbatiomss th
lead to the fastest growing modes of a system.eikample, Fujii et al. (2008b) compute the singular
vectors for the MOVE system to investigate the $ypeperturbations that influence the large meander
in the Kuroshio Current. Specifically, they showtth perturbation that projects onto the leadingwdar
vector around 133E and 31N leads to a growing fdemtion and a further development of the large
meander (Figure 11). An example of such perturbatie given in Figure 11a, showing perturbations to
vertical velocity and pressure at 820 m depth.ietjal. (2008b) show that these perturbations eaotd
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advection across the Kuroshio Current and downmgelid the north. This results in baroclinic inskdpi

and the development of an anticyclonic circulatiorthe deep layers. The corresponding anomalies to
SSH that coincide with these developments are suisethin Figure 11b-d, showing the development of
a large meander about 2 months after the initialupeation. This analysis indicates that to properl
predict the Kuroshio meander, a forecast model rbastvell constrained by data assimilation around
133E and 31N and particularly at depths of 1000300m. This implies that additional observations in
that region are likely to benefit the forecasth# tariability of the Kuroshio Current.

Figure 10: The modelled variance of the intraseasohanixed layer from three different models (top) andthe
estimated analysis error variance (bottom) when olegvations from the CLIVAR/GOOQOS-Indian Ocean Panel
mooring array are mapped using an ensemble approacihe numbers in each panel denote the mooring
locations and the ranking of each location (i.e.he locations marked “1” are the “best” location); alapted
from Sakov and Oke (2008).

Figure 11: (a) Perturbation fields for pressure (conbur; dotted lines are negative) and vertical veloty
(shading; positive is downward) at 820 m depth; angb-d) SSH anomalies (scales are different for eagianel)
that result from the perturbations represented in @nel (a) at day 0. Thick lines show the axis of Kashio
Current in the background state; adapted from Fuijii et al. (2008b).

4. Emerging Techniques

Within NWP, techniques have been developed to melyti evaluate observation value and understand
patterns of observation impact on forecast skilj.(eRabier et al. 2008). The techniques are desligo
qguantify the information provided by observations the assimilation and in the forecast. These
diagnostics are important since all observationsndb have equal value in reducing forecast error
because of what is measured, where and when theunesaents are taken, and the accuracy of the
measurements. These new techniques can be broaaigcterized in terms of either measuring the
impact of observations on the analysis or on thedcast.
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a. Analysis Sensitivity Procedure

Common to the application of most statistical dasaimilation systems, such as OIl, EnOIl, EnKF and
3DVar is the employment of a gain matrik. The gain matrix depends on the observation and
background error covariances assumed by the sygtesimple function of the gain matrix, referred to
here as the influence matrix, is given KyH' (Cardinali et al. 2004). The influence matrix isvell-
known concept in statistical fields, but has ondgently been derived for modern data assimilation
systems. The influence matrix can diagnose thdivel@ontributions of observations and background
fields to a given analysis; the relative influemdalifferent observation types; and the effectiegies of
freedom of signal (DFS) in different data typesr Emample, Cardinali et al. (2004) report that thoe
ECMWEF system, the global observation influencedach assimilation is around 15%. That means that
85% of each analysis is attributable to the baakgddield. Of those observations, Cardinali e{2004)
also report the relative contributions of differastiservation types for a typical analysis (e.g.%25
surface based and 75% satellite-derived obsensjtion

Generally, analysis of the influence matrix can phetientify low-influence and high-influence
observations. We might expect low-influence obs#ona to be those either in data-rich areas orehos
assumed to have high observation errors. Converb@-influence observations tend to be in data-
sparse or dynamically active regions, and thosanasd to have low observation errors. Importantly,
analysis of the influence matrix does not necelssguantify the value of observations — rather it
guantifies how much of the observations are userbyssimilation system given the assumed error
estimates therein.

Using the practical method of Chapnik et al. (20€8) approximating the diagonal elements of the
influence matrix, known as the self-sensitivitiesg present some preliminary estimates of the
Information Content (IC) and the DFS of differeibservation types for the Bluelink system in Figlige
Figure 12 shows the number of observations in thstralian region, divided by data type, where each
observation counted may represent a super-obsanvatimultiple measurements (see Oke et al. 2008).
The DFS is the estimated sub-tracéKdH" for each data type and is an estimate of the afeeaumber

of independent observations assimilated. The IEsgnted as a percentage, is based on the ratie of t
DFS and the number of observations. Based on tressdts, it appears that both altimetry and SST
observations are well used by the Bluelink systelowever, information from the Argo data is clearly
not extracted by the Bluelink system in an optimal. This suggests that the error estimates usddeby
Bluelink system (Oke et al. 2008) need to be readsand refined.

Figure 12: Preliminary estimates of the Information @ntent (IC; %), degrees of freedom of signal (DFS3nd
the number of assimilated super-observations (# Olp$or the Bluelink reanalysis system in the regio®0-
18C°E, 60°S-equator, computed for 1 January 2006. The scalerfthe IC is to the left and the scale for the DFS
and # Obs is to the right.
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b. Adjoint-based Procedure

The sensitivity of a forecast to observations cancbmputed using the adjoint of the assimilation
procedure K" whereK is the gain matrix) together with the adjoint bé tforecast model (Langland and
Baker, 2004). The procedure can be used to agdsesmpact of any, or all, of the observations uised
the assimilation on reducing a measure of the &mteerror. The forecast error cost function isdgfly
formulated to represent errors in the position atréngth of oceanographic features of interest,(e.g
ocean fronts and eddies), although model prognesti@bles can be directly used (e.g., T, S, véldci
One advantage of the adjoint-based method is thet mot necessary to selectively add or remove
observations or observing systems from the asdionlaas in conventional OSEs, which change the
analysis constraints on the remaining data andatiten the outcome of the assimilation and subsequen
forecast. Another advantage of the method is thaékvation impacts can be partitioned for any dubise
the data assimilated; by instrument type, obseweedble, geographic region, or vertical level. &Althe
method iscomputationally inexpensive, compared to OSEs, eand be readily integrated into an
operational ocean analysis/forecast system. Iisi worth noting however, that this technique reegia
linear assumption that is probably most appropfiateshort-term (days) forecast problems, but maty n
be valid for longer term (months) forecast problemgh as seasonal prediction using a coupled ecean
atmosphere model.

Since ocean observing and assimilation/forecastesys are in continuous evolution, an efficient
procedure that allows the impact of observationset@egularly assessed is clearly needed. In additi
monitoring the impact of observations on the fosgcthe adjoint-based procedure can be used tdageve
more optimal observing networks. Forecast errosisigities to hypothetical observations in combioat
with the real observations can easily be calculaEedreme beneficial impacts from the hypothetical
observations will indicate a need for increasedingumonitoring at those locations. Finally, theodat-
based procedure is useful for adaptive samplingthla application, the impact of adding targeted
observations to the regular observing networks educing forecast error at some future time over a
specific region is assessed. Knowledge of foregast sensitivities in advance can be used by opera

to target deployments of observations, such asogkders, to areas where the potential for foreea®r
growth is high. The impact of the additional gliddrservations on the actual forecast error can ligen
directly assessed in the next assimilation updstdec An adjoint-based data impact system is being
developed for the global HYCOM forecast systemhia U.S. The system is expected to be producing
routine assessments of the GOOS by 2010.

5. Conclusions

One of the purposes of this paper is to identifyribust and important results from a series of O&#
OSSEs performed by different research teams fange of different applications. One recurring resul
from different OSEs includes the apparent complitagnnature of different observation types (e.g.,
Guinehut et al. 2004, Figure 1 and Figure 9; Lainét al. 2006, Figure 2; Oke and Schiller 200 guire

3, Figure 4; Balmaseda et al. 2008b, Figure 7)s Theans that none of the observation types in the
GOOS is redundant. Each different observation fypegs unique contributions to the GOOS and all
observation types should be routinely assimilatgd féirecast and reanalysis products; and more
importantly maintained by the international comntyni

Another result that is common to many studies s mlecessity of assimilation of altimeter data to
represent mesoscale variability (e.g., Oke andligcléi007, Figure 3, Figure 4; Martin et al. 2061gure
6; Pascual et al. 2008, Table 1 and

Table 2; Benkarin et al. 2008, Figure 5, Table 3). Morapwecouple of studies demonstrated that for
NRT applications data from 4 altimeters is neededttain errors that are comparable to systemgusin
altimeters in delayed-mode (e.g., Pascual et 8820able 1 and

Table 2; Benkiran et al. 2008, Table 3). This is becautdlifferences in the quality of NRT data
compared to DT data; and due to the latency of deligery in NRT. This has important implicatioror f
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operational systems that use altimeter data in NRTthe event that the altimeter coverage is
compromised in the future, the study by Girardlef2008) indicates that assimilation of unconvenl
data types, like surface velocities derived fronRS#ata or other remote sensing products, may g@som
way towards filling the void. However, they notathhese data types will not compensate for a tosal

of altimeter observations. More optimisticallyjstanticipated that future wide-swath altimeter siuas

will go some way towards solving this problem, wittore complete global coverage and shorter repeat
cycles.

Several studies have demonstrated the importanéegaf observations. These include several OSEs and
OSSEs based on analysis systems (e.g., Guineblut28104, Figure 9; Larnicol et al. 2006, Figureagyl
OSEs based on both short-range and seasonal pwadgstems (e.g., Oke and Schiller 2007, Figure 3,
Figure 4; Balmaseda et al. 2008b, Figure 7; Fujale2008b). Several of these studies specifioadited

that Argo is the only observation platform that\ypdes global-scale information for constrainingrséy.

We reiterate, however, that the ocean forecastorgnounity must continue to improve the prediction
systems to more effectively use in situ observatiogluding Argo profiles, as suggested in sectian

All GODAE systems considered in this paper incl&&T observations as an essential core data set. The
consistent uptake of SST observations is a credite GHRSST program that provides high level dyali
controlled SST data in NRT. Based on the OSEs ptedeby Oke and Schiller (2007; Figure 3, Figure
4), it is clear that SST is also essential for @spnting mesoscale ocean variability, particulamly
shallow regions where altimeter data becomes somewireliable.

The versatility of OSSEs and variational data agatian techniques are also demonstrated in thigepa
where it is shown that insight into observing stgiés for resolving specific processes, like thedshio
meander (Fujii et al. 2008b, Figure 11), and spetiine-scales of variability (e.g., Sakov and QK#®8,
Figure 10) can be gained. The impact of new observadypes, like surface salinity observations, has
also been assessed, with promising results (Tramehal. 2008, Figure 8).

We note that many groups from the NWP communitytinely provide statistics on data impacts; in
some cases - every day for every assimilation cyide methods discussed in sections 2 and 3 of this
paper (OSE and OSSESs) are very expensive - andemili are not applied routinely. They are also of
limited value. For example, they will not automatlg identify the impacts of changes in the Argoagr

— as the total number of Argo floats fluctuates #radr spatial distribution changes. By contrastilee
NWP community have demonstrated, the routine agfitin of computationally efficient methods, such
as those referred to in section 4 can readily bgliep to operational systems in NRT — and can
potentially support the maintenance and developmktite GOOS on an ongoing basis.

During the new sustained phase of GODAE, so c&le&dDAE OceanView, more efforts should be given
to OSE and OSSE studies; and to the performanobsarving system evaluation in NRT using methods
like those described in section 4. Developmentndérnational coordination and cooperation on these
topics is essential. This is needed to provide ister and educated responses to space and in-situ
agencies and organisations in charge of a sustgiobdl and regional ocean observing systems. it jo
GODAE OceanView/OOPC Observing System EvaluatioskT&eam has been proposed with these
objectives in mind.
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