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Abstract

Optimal estimation (OE) is applied as a technique for retrieving sea surface temperature (SST) from
thermal imagery obtained by the Spinning Enhanced Visible and Infra-Red Imager (SEVIRI) on Meteosat
9. OE requires simulation of observations as part of the retrieval process, and this is done here using
numerical weather prediction fields and a fast radiative transfer model. Bias correction of the simulated
brightness temperatures (BTs) is found to be a necessary step before retrieval, and is achieved by filtered
averaging of simulations minus observations over a time period of 20 days and spatial scale of 2.5° in

latitude and longitude. Throughout this study, BT observations are clear-sky averages over cells of size
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0.5° in latitude and longitude. Results for the OE SST are compared to results using a traditional non-
linear retrieval algorithm (“NLSST”), both validated against a set of 30108 night-time matches with
drifting buoy observations. For the OE SST the mean difference with respect to drifter SSTs is -0.01 K
and the standard deviation is 0.47 K, compared to -0.38 K and 0.70 K respectively for the NLSST
algorithm. Perhaps more importantly, systematic biases in NLSST with respect to geographical location,
atmospheric water vapour and satellite zenith angle are greatly reduced for the OE SST. However, the OE
SST is calculated to have a lower sensitivity of retrieved SST to true SST variations than the NLSST.
This feature would be a disadvantage for observing SST fronts and diurnal variability, and raises

questions as to how best to exploit OE techniques at SEVIRI’s full spatial resolution.

1 Introduction

The temperature of the ocean surface is routinely retrieved from broad-band infra-red brightness
temperatures (BTs) observed by sensors on both geostationary and polar-orbiting satellites. Sea surface
temperature (SST, also represented in this paper by variable x) is one of the most precisely derived
geophysical quantities from satellite observations. Nonetheless, users’ requirements for the accuracy,
resolution and timeliness of SST become more demanding, and increasing attention is paid to understanding
and correcting the differing bias characteristics of various SST products [e.g., Donlon et al, 2007]. In this
study, we explore the nature of biases in SSTs obtained from the Spinning Enhanced Visible and Infra-
Red Imager (SEVIRI) on board the meteorological satellite Meteosat-9. Meteosat-9 is a geostationary
platform located in the equatorial plane at 0° longitude. SEVIRI observes a given location with a constant
viewing geometry every 15 minutes, with ground resolution of ~5 km near nadir and increasing with
increasing zenith angle towards the limb view. The present operational SST product is a “split-window”
retrieval (defined below) based on radiative transfer modelling and empirical offset adjustment [Merchant
and Le Borgne, 2004]. It is generated and distributed on a 3-hourly cycle by Météo-France in the context

of the Ocean and Sea Ice Satellite Application Facility.
2
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The advantages of the repeated observations of SST available from geostationary orbit are two-fold:
greater daily fractional coverage (within the observed disk) than with a polar-orbiting sensor because of
repeated opportunities to view the surface between the moving field of clouds; and the unique clarity with
which large-scale diurnal variations in SST can be observed using hourly or higher temporal resolution

[e.g., Merchant et al., 2008a].

The split-window retrieval technique is the “traditional” SST estimator, following the proposal of Anding
and Kauth [1970]. The name refers to the fact that it employs two channels (nominally centred on 11 and
12 pm) within the same band of relatively high atmospheric transmittance (the window between about 10
um and 13 pm). For night-time retrievals, these are often augmented with a third channel around 3.8 pm.
This latter channel can greatly improve the accuracy and precision of SSTs because of the extremely non-
linear variation of emitted radiance with temperature at this wavelength for a surface with at temperature
in the terrestrial range; however, there is significant solar radiation at this wavelength which renders the

channel very difficult to use for SST retrieval for day time scenes.

The usual form of the SST estimator (whether two-channel or three-channel) is a linear (or nearly linear)

combination of brightness temperatures (BTs) [Anding and Kauth, 1970]:

(1) f=a,+a'y,

where X is the estimated SST, ao is an offset coefficient, a is a column vector of weighting coefficients
and y, contains the observed BTs. The coefficients in the retrieval equation may be derived by regression
of observed BTs to in situ measurements or by regression using BTs simulated using radiative transfer

modelling. For two-channel retrievals, one widely adopted form [Walton et al., 1998] is the non-linear
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SST (NLSST) algorithm, in which coefficients weighting the 11 and 12 um are a (weak) function of a

prior SST, and this is the form used at Météo-France for SEVIRI SSTs.

Biases in SST may arise from: error in specifying retrieval coefficients from either forward modelling or
instrumental biases [e.g., Merchant and Le Borgne, 2004]; undetected cloud; stratospheric aerosol; near-
surface stratification (if the target is estimation of the bulk SST); and tropospheric aerosols. Apart from
these biases related to calibration and quality control, linear and near-linear retrievals of SST are
fundamentally subject to two other systematic contributions to error [Merchant et al., 2006a]: prior error
(familiar from the theory of atmospheric sounding) and error arising from non-linearity of the physics of

radiative transfer at infrared wavelengths.

The prior and non-linearity errors have complex spatial and temporal characteristics and are comparable
in magnitude. Prior error arises as an intrinsic consequence of the form of the retrieval. Clear-sky BTs
over the ocean are influenced by various geophysical quantities: principally by the skin SST and the total
column water vapour in the atmosphere through which the SST is viewed by the radiometer; and more
subtly by the leading modes of the vertical distribution of water vapour, the tropospheric lapse rate, the
air-sea temperature difference, and (via their effects on emissivity and reflectivity) wind speed and
salinity. Not all of the spatio-temporal variations in these geophysical quantities can be fitted
simultaneously by variations in BT at only two or three surface-sensitive wavelengths; the result is that
these variations manifest as geographically complex biases in retrieved SST. These biases are typically
small — less than 1 K — but are not negligible relative to the demands of contemporary users [Donlon et

al., 2007].

Merchant et al. [2008b] showed, for the case of the Advanced Very High Resolution Radiometer
(AVHRR) on Metop-A, that optimal estimation (OE) with radiance bias correction could significantly

address these biases present in traditional SST retrievals, as well as reducing single-pixel noise in SST.

4
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Here, we undertake a comparable study in the context of SEVIRI on Meteosat-9. In comparison with the
previous study, this paper will have a greater focus on the relative properties of coefficient-based and OE-
based SSTs, to better put the properties of the latter approach in context. The issue of bias correction of
simulated BTs used in the OE process was important in the case of Metop-A and is important in this
study too; however, bias correction for a geostationary imager is different because each location is viewed
always at the same zenith angle; thus the bias correction technique developed here is quite different to
that of the previous paper. We also discuss the question of the most appropriate prior SST to use for OE,

which was not fully addressed in the previous paper.

Thus, this paper proceeds as follows. In the next section, we describe the data on which this study is
based, including the available prior SSTs. Next, the operational NLSST algorithm is described and
analyzed in terms of its biases compared to in situ observations, its degree of noise amplification, and the
sensitivity of its retrieved SST to real changes in SST and atmospheric water vapour content. Then, a
straightforward implementation of OE for SST is described and is likewise analyzed. Next, we
demonstrate an approach to bias correction, of both BTs and prior SST, that is shown to be effective in
reducing OE SST biases further. The paper concludes with some final discussion of the results and their

implications.

2 Satellite, NWP and in situ data

The study exploits three months of data, at three-hourly intervals from 0000 UTC 1 February to 30 April,
2008, extracted from the operational chain at the Centre de Météorologie Spatiale (CMS), Lannion,
France. As part of these operations, full resolution SEVIRI imagery is screened for cloud. To render the
data set for this study, we use observations averaged over clear-sky pixels to 0.5° resolution in latitude

and longitude, on a 241 by 241 grid from 60° south to 60° north, and 60° west to 60° east. (These co-
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ordinates are those of the centres of the outermost cells.) The number of clear-sky pixels contributing to
each 0.5° cell is also retained, varying in the data set from 1 to 186; this affects the propagation of
radiometric noise into cell averages and is informative about the prevalence of cloud cover at the
observation time. Four thermal channels were extracted, namely those centred near 3.8, 8.7, 11 and 12
um, all the BTs being consistent with the EUMETSAT definition of calibration that has been operational

since 17 March 2008.

Having all four surface-sensitive thermal channels allows calculation for night-time cells of an infra-red
index for Saharan Dust [Merchant et al., 2006a]. The Meteosat-9 version of a simplified Saharan Dust

Index (SDI) is:

(2) SDI = 1.39+0.53973(y55 — ys,) — 0.820135(y,, — y,,)

where yj, is the BT for the channel centred near wavelength A. Saharan dust is a significant feature of the
disk viewed by Meteosat-9, and is associated with SST biases if not corrected for [Merchant et al.,
2006b]. In this study, however, we retain only BTs where the SDI is less than 0.25; dust-related bias is
not our focus here, and we thereby eliminate the most-affected data. (The SDI is an index that is by
design comparable in magnitude for dust outbreaks to the 0.55 um aerosol optical depth (AOD), although
it is only loosely correlated with AOD. SDI in excess of 2 is seen for a strong dust event, and clear-sky
pixels are dust contaminated with high probability for SDI > 0.25). Other than for this important
screening step, the 3.8 and 8.7 um channels are not otherwise used in this study: the operational retrieval
of SST and the OE SST proposed here both rely on the split-window channels only. Not switching from
two-channel to three-channel retrieval for night-time cells has the advantage of consistency of retrieval
throughout the diurnal cycle. Lastly, in order to minimize the complications introduced by the ocean
surface’s diurnal cycle of temperature, we use only observations for which the solar zenith angle exceeds

90° (i.e., with the Sun below the horizon).
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Optimal estimation involves forward modelling — simulation of the expected BTs in this case — before
solving the inverse problem of estimating the SST. The fast radiative transfer simulation is performed
here by RTTOV9 [Saunders et al., 2002]. The required inputs to the forward model are atmospheric
profiles of temperature and humidity, and the underlying surface temperature. Numerical weather
prediction (NWP) fields supply these profiles, and we obtain forecasts at three-hourly intervals and 0.5°
resolution from Météo-France’s ARPEGE forecasting system. The conclusions of this study are not
expected to depend on the source of NWP fields, although the geographical distribution of bias
corrections would undoubtedly be changed were other sources of NWP fields to be used. For each cell for
each 3-hourly slot, RTTOVO is run on the ARPEGE profiles to provide a simulated BT for each channel
and (following Merchant et al. [2008b]) the partial derivatives of the BTs with respect to SST and total
column water vapour (TCWYV, also represented by variable w). We assume throughout that the NWP

fields used are sufficiently close to reality to give an effective point for local linearization of the

X
relationship between y, x and w. OE will be undertaken using a reduced state vector, z(x) :{ } . LetF
w

represent RTTOV9. We can then define, for use later in the paper, the tangent linear

IF(x,) y 11/ ay 1

matrix, K ={ 3 0 }z dy ox dy dw , where X is the state (a vector containing the NWP profile
Y/ 1/ 12

ox ow

and SST) for a given cell and slot, around which K provides a linearized forward model.

The NWP SST, xo, is a model field into which in situ observations of SST from drifting buoys (“drifters”)
have been assimilated. Thus, xj is not independent of the drifter SSTs against which our derived satellite
SSTs are to be validated. Because of this, we do not use the NWP SST as our prior for optimal
estimation, we use it only for forward modelling. This is a refinement compared to Merchant et al.

[2008b]. Our prior SST, x,, where a stands for a priori, will be a satellite-only SST analysis routinely
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produced at CMS. This analysis SST uses night-time SST observations from Meteosat-9, Metop and

NOAA AVHRR and is produced for a nominal analysis time of 0000 h UTC.

We do use the NWP profile to give the prior estimate of TCWV, so w, = wy.

The operational chain gathers in situ SST observations taken around 0000 h UTC, from drifting buoys
(“drifters” hereafter). Within each 0.5° cell where one or more drifter observations are available, the
single drifter observation nearest in time to the slot is retained — i.e., there is no averaging of the in situ
observations. In all satellite-drifter comparisons, we use only night-time satellite observations with low
SDI. Doing satellite-drifter comparisons using only night time data minimizes biases associated with
variable diurnal heating of the near-surface ocean; this is appropriate even when developing retrievals that
apply for day and night [e.g., Merchant and Le Borgne, 2004], as here. The matching of satellite and buoy
observations 1is therefore relatively loose (up to 12 hours difference time and located within a cell of
dimension ~50 km). Nevertheless, these satellite-drifter matches are adequate to examine the relative
performance of different SST estimators. The match-up database (MDB) was implemented from the 21

February, with no matches associated with the imagery collected before that point.

A final source of SST observations that we use here is the Advanced Along Track Scanning Radiometer
(AATSR). Night-time dual-view three-channel (“D3”) SSTs from AATSR have low noise (~0.3 K at
pixel resolution) and low bias (~0.2 K, plus some effect of Saharan dust when present), and will be used
as an additional reference to explore biases in SEVIRI SSTs. The principal limitation of AATSR SSTs is
coverage: the scanning geometry used to obtain the dual-view capability limits the swath to ~500 km. The
sensor is on a polar-orbiting platform (Envisat) with a three-day repeat cycle and ~10.30 h equatorial
crossing time, so, typically a given cell will be observed every third night, and an AATSR SST will be

available if there is some clear sky within the cell.
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3 Comparisons of available SSTs

We first compare the CMS analysis SST and the ARPEGE NPW SST. Figure 1(a) shows the CMS
analysis SST averaged over the three-month study period. The difference between this field and the NWP
SST is shown in Figure 1(b). Consider the differences with relatively fine spatial structure seen off the
coasts of Newfoundland and Argentina and south of South Africa. These are areas of strong spatial
gradients in SST associated with boundary currents. When cloud cover permits, the satellite SSTs that
inform the CMS analysis should place the locations of strong SST gradients accurately, while the sparser
information from drifters assimilated into the NWP system may not. These differences therefore are likely
at least partly to reflect sampling effects in the two data sets. The other striking feature is the area of
negative bias of CMS relative to NWP SST across the Gulf of Guinea and the northeast tropical Atlantic,
mostly north of the equator. This bias arises because all the satellites contributing to the CMS analysis
tend to be negatively biased across this region, to varying degrees. We interpret this, along with the other
more subtle large-scale differences in Figure 1(b), as a result of prior error in the operational SST
retrievals. Saharan dust no doubt contributes to negative biases in this area, but is not the principal cause
in this case: corrections [Merchant et al., 2006b] for Saharan dust are implemented at CMS, and in any
case the mean SDI over this period, Figure 1(c), is too small and of the wrong geographical distribution to
account for the major part of the tropical Atlantic bias. Nor is it merely the column amount of water
vapour in the atmosphere, Figure 1(d), that accounts for the bias, since other equally humid areas do not
show the same bias. Atmospheric conditions in the east tropical Atlantic are dominated by deep
convective activity that propagates westward within the inter-tropical convection zone, which moistens
the middle and upper troposphere. The vertical distribution of water vapour relevant to the satellite SST
biases is that of clear-sky areas in-between convective and other cloudy areas, which one expects to be
less humid than the mean water vapour profile of the region. There is extensive cirrus in this area and
unscreened thin cirrus may affect satellite retrievals. In short, there are a number of possible factors that

distinguish this region, and role of each in the SST biases is at present unclear.
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To explore the biases in the operational SST from SEVIRI, we use the drifter SSTs in our data set. For
this and all subsequent comparisons with drifters, we use only night-time data whose SDI is less than
0.25. This minimizes the complications for interpretation that would arise from having diurnal variability
and significant Saharan dust present in the validation data. There are 30108 matches in this category. The
spatial distribution of the matches in the match-up data base is uneven, as presented in Figure 1(e), and
some areas have no in situ observations available. Nonetheless, many of the features of the CMS-NWP
comparison are also seen in Figure 1(f), in particular the northeast tropical Atlantic bias. There are also
contrasts with the CMS-NWP difference map, as one would expect given that sensors other than SEVIRI
contribute to the CMS analysis. The tropical Atlantic negative bias extends across to the coast of South
America. It should be borne in mind that some biased drifter observations can get through quality controls
and into a data set such as this MDB, and it seems likely that this is the explanation of the area of
apparently warm bias north of Egypt. (Our reasons to think this are not given for the sake of brevity.)
This may also be the case for the isolated cell with mean difference exceeding +1.5 K in the Gulf of

Guinea.

Figure 2 (a) and (b) verify using the MDB that the CMS analysis SST contains biases on large-scales
(averages over 10° zones) at the level of a few tenths of kelvin, whereas for the NWP SST the large-scale
biases are apparently an order of magnitude smaller. (Since NWP SST is obtained by assimilating drifter
SSTs, this is not an independent test and should give small biases by design.) The standard deviation (SD)
of the twelve zonal-mean differences in each plot is 0.17 K for the CMS SST and 0.02 K for the NWP
SST. The plot for the operational SST shows that the SEVIRI SSTs entering the analysis have yet
stronger zonal structure, with the SD of the zonal-mean differences being 0.37 K. The CMS analysis

procedure moderates these biases.

10
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To quantify the overall relationships between the SSTs, we present statistics in Table 1. The conventional
statistics, mean and SD, are supplemented by the median and the robust standard deviation (RSD). For a
Gaussian distribution, the median equals the mean, and the RSD equals the SD. Where outliers or non-
Gaussian wings to a distribution are present, the mean and SD can be quite significantly modified,
whereas the median and RSD are less affected and give a picture of the distribution of the central majority
of data. The median and RSD can thus be more informative about the behaviour of SST estimators under
ideal conditions, where all BTs used really are from clear-sky areas that are free of significant aerosol,
while the mean and SD describe more the behaviour of the whole system, including the effects of

unscreened cloud or aerosol contamination in the BTs used.

The operational SST is an example of the “non-linear SST” formalism, i.e., is:

T
a,+aS+a,S +a5xc} {yu}
—a,S—asx, Yi2

(3) fc=a0+alS+{
where S = secant(6)-1.0, @is the satellite zenith angle, y;; and y, are the 11 and 12 um BTs, and x. is a
climatological SST estimate, taken from the five-day fine-scale climatology of Casey and Cornillon
[1999]. The coefficients in ( 3 ) are defined by radiative transfer modelling followed by least-squares
regression [Le Borgne et al., 2006]. The radiative transfer model used was an earlier version of RTTOV
[Saunders et al., 2002], and it was applied to a radiosounding data base [Francois et al., 2002]. The above
formulation has a weight (a,+a3S) that multiplies the 11 um channel BT alone, and a factor (asS+asx.)
that multiplies the difference between the 11 and 12 pm channels. In fact, operationally, smoothing of the
atmospheric correction is applied [Harris and Saunders, 1996] to reduce noise, by averaging y;;-y;2 (for
clear-sky pixels, according to the cloud detection scheme) over a ~50 km kernel centred on each pixel,

before multiplication by the factor (a4S+asx.) in the retrieval algorithm.

11
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We re-apply the operational coefficients to the BTs in the MDB to create what we will refer to as the
NLSST. Although we use only cells with SDI < 0.25, the SDI correction is operationally defined for the
range 0 < SDI < 1, so we also apply the SDI correction where applicable. The results are not identical to
the operational SSTs: compare Figure 2(a) with 2(d). The differences arise only because the atmospheric
correction smoothing cannot be applied to 0.5° resolution BTs. The absence of the smoothing makes the
NLSST noisier (SD against drifters is 0.70 K for NLSST rather than 0.55 for the operational SSTs; see
Table 1). This is most marked for cells with relatively few contributing pixels, as shown by Figure 3. The
natural interpretation of this is that it is pixels that are surrounded by other pixels flagged as cloudy that
are more likely to have some residual cloud contamination affecting their BTs. Smoothing of the
atmospheric correction dilutes the effect of the additional noise and slight negative bias caused by
undetected clouds. We should emphasize, therefore, that although using the same coefficients, the NLSST
results presented here for comparison purposes do not represent the performance of the SST product

delivered operationally.

We will use the NLSST hereafter as the point of comparison for the optimal estimation technique, since
OE will be applied on exactly the same BTs as the NLSST, and thus like-for-like comparisons can be
made. The zonal biases of the NLSST are shown in Figure 2(d). Figure 4 shows the NLSST behaviour
with TCWYV, satellite zenith angle, difference in brightness temperature (11 um minus 12 pm) and SST.
Because the equatorial bias of the NLSST coincides with the highest NWP TCWYV values, there is a
dependence of —0.6 K in the mean over the range of water vapour, and this also appears as a negative bias

for small zenith angles, large BT difference and the warmest bin for SST.

Four maps of mean properties of the NLSST are shown in Figure 5 to be compared with OE results. In
(a), the mean NLSST compared to drifter SST is shown. The tropical Atlantic bias in validation is
somewhat more exaggerated in the absence of atmospheric correction smoothing, as also seen in Figure 3.

Figure 5(b) shows the random error in SST attributable to radiometric noise in the observations. This is

12
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estimated as follows. First, we need estimates of the single-pixel radiometric noise for SEVIRI.
EUMETSAT [2001] reported that for the SEVIRI sensor on Meteosat-8, the noise equivalent differential
temperature is 0.11 K and 0.15 K for the 11 and 12 um channels respectively. Here, we will assume,
conservatively, that the noise is € = €;; = €5 = 0.15 K in each channel of the SEVIRI sensor on Meteosat-
9. Assuming independence of the radiometric noise between pixels, the cell-averaged random error in BT
is then &h,, where n. is the number of clear-sky pixels available in cell c. Assuming independence of

radiometric noise between channels, the expectation of the noise-induced error in retrieved SST is:

(4) \/(a2 +a,S+a,S+asx, ) (8112 /'n )+ (a,S +a.x, ) (6‘122 /nc)

This equation predicts that the SST retrieval for a cell is more noisy when n, is small or the channel
radiometric noise is large, as one expects. The noise also depends on satellite zenith angle, via the term S.
Since, in the NLSST as formulated in ( 3 ), all the coefficients a; tend to be positive, the retrievals become
more noisy towards the limb view. For example, the single pixel noise using ( 4 ) at nadir is 0.40 K and at
60° of satellite zenith angle is 0.52 K. The mean result of this combination of coverage and zenith angle

for this data set is Figure 5(b).

Having run RTTOVO simulations for each cell, we are also able to quantify the sensitivity of the NLSST

to true changes in SST and to variations in TCWYV, which are evaluated using

(5)

Figure 5(c) shows that the NLSST sensitivity to SST is between 0.9 and 1.0 for much of the disk, but
drops to as low as 0.5 for humid atmospheres viewed at oblique angles. For unusually dry atmospheres
observed at oblique angles, it happens that sensitivity greater than 1.0 can occur (up to 1.2), but this

doesn’t happen on average. The sensitivity is not 1.0 because the change in BT associated per unit change
13
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in SST locally (the partial derivative) is in general not the same as (BTpolar — BTiopical)/(SSTpotar —
SSTiopical), Which, using an obvious nomenclature, represents the “total derivative” that is fitted by a
global regression to derive retrieval coefficients. The underlying reason is that SST, TCWV and
atmospheric transmittance are all spatially correlated. Regional SST coefficients [e.g., Shenoi, 1999] can
be beneficial for retrieval over smaller spatial scales for which these partial and “total” derivatives are

closer in magnitude.

The NLSST obtained for a given location and true SST is also sensitive to fluctuations in the humidity of
the intervening atmosphere, Figure 5(d). The reason this sensitivity is not, as we would like, zero is
similar to that given for the SST sensitivity above. It is not that the coefficients are somehow “wrong’:
this effect is intrinsic to the NLSST formalism. For most locations, the sensitivity is negative, such that
increased column water vapour reduces the retrieved SST. This effect has been observed in SEVIRI SSTs
compared to SSTs at moorings in the equatorial Atlantic. A 20% variation in TCWYV (see Figure 5(d))
would, according to our estimate, give a decrease in NLSST of 0.5 to 1 K in this region. The dependence
on water vapour is weakly positive for tropical areas in the extreme limb and for areas affected by dry air

outflows from deserts: off the west coasts of the Sahara and Namib deserts, and over the Red Sea.

Regional coefficients may reduce the magnitude of sensitivity to TCWV, but would not eliminate it. Or—
were an independent, and sufficiently accurate, estimate of w available—a local correction for TCWV
fluctuations could, in principle, be designed. But the complexity of such ad hoc solutions would probably
be comparable to that of performing optimal estimation, which gives a local solution that is optimized

with respect to the available prior information and forward model.
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4 Initial optimal estimator

The optimal estimation method broadly follows that of Merchant et al. [2008b]. The reader is referred to
that paper for discussion in greater depth than given here, and for the equations for the optimal estimate,

the propagated instrumental noise in the retrieved estimate, and the cost function (all referred to below).

Briefly, the OE is a maximum a posteriori (MAP) estimate [Rodgers, 2000]. We can consider MAP as the
adjustment or nudging of the prior SST in the light of the difference between the observed BTs and the
BTs that are simulated assuming the prior SST to be correct. The nudging is “optimal” in that it takes
appropriate account of errors in combining the prior SST and the information in the observations.

Appropriate estimation of errors is therefore crucial to making OE work well. If the error in the prior
SST, ey, is small and the observations are noisy compared to e, 9y, O’ the result will be little different

to the prior. OE also assumes that the prior and the observations (relative to the forward model) are
unbiased. Here, we already know this not to be the case for the prior SST, the CMS analysis SST, so we
need to accommodate the bias in the formulation of the model for prior error. (We also will find in the
next section that the observations and forward model are biased relative to each other, and will address

this with a scheme for bias correction.)

The assumptions for our implementation of OE are summarized in Table 2, and are mostly comparable to
Merchant et al. [2008b]. The main point of difference is in the use of a prior SST from a satellite-only
analysis, which, as mentioned above, is distinguished here from the prior from NWP used for forward
modelling, in order to ensure independence of the OE SST from our validation data. With this

arrangement, the forward model is

(6) F(x,)=Flx,)+ Klz(x, )~ 2(x,)) = F(x,)+ %Y (x, ~x,)
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We also need to account for the fact that the CMS analysis SST is biased, indeed, shares with the NLSST
aspects of bias that we would wish the OE SST to improve upon. An estimate of the global random error
is available from Table 1 (the SD compared to drifters), and is ~0.4 K. But were we to use this for our
prior error, most of the tropical Atlantic bias ~1 K would likely be preserved in our result. So, for this
initial implementation, we illustrate the effect of enlarging the prior error to accommodate bias. We
calculate the mean square difference of the CMS and NWP SSTs for each cell over the 3-month period,
smooth this using a 9-cell boxcar filter (so that small-scale areas of difference do not have an inordinate
local effect). We then take the square root of the sum of the resulting field and the global random variance
relative to drifters of 0.4* K*. The result is shown in Figure 6(a). Note that the elevated prior errors
obtained in the locations of western boundary currents may be inappropriate, since the disagreement of
the CMS and NWP fields may be exaggerated by spatial sampling effects in locations of the strong

thermal gradients.

We refer to the SST from this initial optimal estimator as “OE1 SST” from this point. The mean
difference against drifter SSTs is shown in Figure 6(b). The tropical Atlantic biases are clearly improved
relative to Figure 5(a). In terms of zonal bias, this is quantified in Figure 7(a). All zonal biases are now
within 0.4 K of zero. The -1 K negative bias of NLSST for the zone covering 0°N to 10°N and the
positive biases in the southern high latitudes have been markedly improved. The zonal structure is
reminiscent of (but has not improved upon) that of the prior SST, Figure 2(a). A significant contributory
factor in the improvement compared to the NLSST comes from reducing the impact of noisy
observations, as shown in Figure 7(b). The cells with few contributing BTs, some fraction of which are
suspected to be cloud contaminated, have much reduced bias and scatter SD than was the case for the
NLSST. This works because the observation error is larger for small 7., so the OE tends give a stronger

weight to the prior SST, since this gives a lower-error solution.
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If errors are Gaussian and well-estimated, the “cost” of the OE solution attained is a x2 distributed
variable with a mean value equal to the number of independent channels of observation (here, two)
[Rodgers, 2000]. Large values of cost indicate that the solution is far from the prior SST, or that the
solution found is inconsistent with the BTs in some way, or both. The MAP estimate is, in fact, the
solution that minimizes the cost, and solutions with relatively large cost are statistically unexpected given
the assumed errors, and may therefore be outliers for which the assumed errors are inappropriate. The
cost is therefore a useful indicator of the quality of retrieved SST. We see, for example, in Figure 7(c) that
the SD is a strong function of cost, with the two thirds of data with > < 2 having SD of 0.43 K. OE1 also
shows less dependence on TCWV, zenith angle, BT difference and SST than was the case for NLSST
(not shown). Enough has been shown at this point to demonstrate that OE1 has lessened the impact of the
least reliable observations and allows the least reliable retrievals to be identified. Since there remain
undesirable bias characteristics evident in OE1, although less so than in the NLSST, we consider next the
question of bias in the observations relative to the forward simulations, and explore whether addressing

these can improve on the bias characteristics of OE].

5 Brightness temperature bias correction

Statistics of simulated minus observed brightness temperature for all cells with observations within the
three month period are given in Table 3. Given that we are seeking to limit our biases in retrieved SST to
a few tenths of Kelvin, the biases in the split-window channels are significant. The differences between
mean and median and between SD and RSD tell us that the distributions of simulation minus observation
(hereafter, “S-0O”) have significant positive tails—interpreted as cloud contaminated (cold) observations.
We do not wish our bias correction scheme to adjust for cloud contamination, so the first step is to
exclude from consideration these outliers as best we can. Cells with S-O falling outside the range given

by the median +3 X RSD in any of the four channels are not used in the bias correction scheme. This
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excludes 6.5% of cells and brings the conventional and robust statistics into much closer alignment, with

the mean biases in the 11 um and 12 pm channels becoming +0.18 and +0.47 K respectively.

The ideal bias correction scheme for our purpose will adjust the simulations for the following possible
origins of non-zero S-O: systematic error in calibration, systematic error from the approximations
inherent in the fast forward model, and systematic biases in the atmospheric profiles obtained from NWP.
It must not correct for bias in prior SST, otherwise we will destroy the signal that has the potential to
improve on the prior SST. For this reason, using for our simulations an SST field that is distinct from the
prior SST is helpful, although not in itself sufficient. The NWP SST appears to be negligibly biased with
respect to drifters on large scales, as we have seen. There may be bias at its full 0.5° resolution, however,
because of the sparseness of coverage by in situ measurements in some areas, relative to this resolution.
Because of its low resolution, there will definitely be local biases in the NWP SST field compared to the
~5 km scales of SEVIRI’s resolution. The bias correction scheme we apply therefore smooths out spatial
structure to 2.5° using boxcar spatial filtering. This scale may also be more appropriate to systematic
biases in atmospheric profiles which we wish to correct for; certainly 0.5°, the full NWP resolution,

would seem too fine for this purpose.

The correction of the atmospheric NWP also requires a separation by time scale. The scheme must
average over the synoptic time-scale. It must not, for example, “correct” to-day’s simulations in the light
of yesterday’s bias arising from mis-location of a humidity gradient associated with a weather front. On
the other hand, we do wish to adjust for persistent tendencies of the NWP system to deviate from true
atmospheric structure. A time-scale between the synoptic and seasonal is therefore appropriate, and we
select 20 days. Through the three months of data studied, the field of 20-day running average S-O
evolves. Figure 8 shows the bias correction obtained for days 21 and 41 of the study period. The former is
based on S-O observed on days 1 to 20 and the latter on days 21 to 40, the data processing being

summarized in Figure 9. There is sufficient similarity between Figure 8(a) and (b) to show that there is
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some persistent spatial variability that is usefully captured using a 20 day interval. The range of predicted
S-O in Figure 8, from —1 to +1 K, is comparable to the range of OE1 SST biases that we wish the scheme

to improve.

This approach to BT bias correction is different to that adopted for Metop-A in Merchant et al. [2008b].
There, bias correction was done using empirical fitting of S-O to analytic functions of x, w, € and
latitude. Our original intention to follow that precedent was undermined by failure to find empirical fits
that convincingly delivered the same efficiency of correction in the case of SEVIRI. Considering the
relatively complex spatial patterns present in Figure 8, it is difficult to imagine what analytic functions
could be found to fit them well. The approach taken here using persistence of S-O is well suited to a

geostationary sensor, where a given location is always viewed at the same zenith angle.

6 Optimal estimation after BT bias correction

The BT bias correction improves the results of optimal estimation. This second implementation gives
results we refer to as “OE2” SST. In Figure 10(a) we see that the zonal mean biases are reduced
compared to OE1 (Figure 7) and are smaller than those of the NLSST, the SEVIRI operational SST, and
the CMS analysis SST used as prior. This is the most important result: that with BT bias correction, OE
on SEVIRI can partially correct biases in the satellite-only prior SST provided by the CMS analysis. We
discuss this further below. The OE2 SSTs show less dependence on the number of pixels per cell than the
operational scheme with smoothed atmospheric correction: compare Figure 10(b) and Figure 3(b). After
BT bias correction, the dependence of OE2 minus drifter statistics on the retrieval cost is more like that
seen in the case of Metop-A in previous work. There is little systematic variation of the mean OE2 minus

drifter SST with factors such as water vapour (Figure 11), except for cold SST under very dry skies.
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Summary statistics of the OE2 SSTs against drifters are given in Table 4, for all matches and for the
97.5% of “best” data according to the retrieval cost. Although the results are evidently an improvement
on the NLSST applied to the same BTs, the SD and RSD are greater than for the CMS analysis SST
compared to drifters. But shouldn’t an optimal estimate always improve on the prior error variance by
adding an independent observation? This is only “guaranteed” if the situation matches the assumptions
underlying optimal estimation theory. OE2 violates several of these assumptions: (i) The error
distributions for the observations relative to the forward model (S-O) are not Gaussian: although the
outliers, including suspected cloud contamination, were filtered in the BT bias correction, that filtering
has not been applied to the MDB. (i1) The prior SST error is not zero-mean, it is known to be biased, and
the error model for the prior has had to accommodate this. (iii) Although some care has been taken to
provide appropriate error estimates for S, (NWP error covariance) and Sg (error covariance of
observations relative to forward model), these have not been optimized for the system. (iv) Despite the
bias in the tropical Atlantic, the CMS analysis SST has low noise at 0.5° scales: the analysis system can
take advantage of assumptions of temporal correlation of SST and incorporates three-channel (lower-

noise) SSTs from AVHRRSs on polar-orbiting platforms.

So, the more interesting result of the OE2 experiment is the fact that the results show less geographical
bias than the CMS analysis SST (except for cold waters viewed by SEVIRI at high satellite zenith
angles). The details of this can be studied in Figure 12, (a) to (c). Figure 12(a) shows OE2 minus drifter
SST, and can be compared to Figure 5(a) for the NLSST and Figure 1(f) for the SEVIRI operational SST.
Reduced bias, particularly in the tropical Atlantic but also elsewhere, is evident. Figure 12(b), the OE2
minus NWP SST over the three month period, can be compared to Figure 1(b) for the CMS analysis.
Over most of the disk the OE2 is closer to the NWP on average than the CMS analysis. The remaining
biases in OE2 appear even less marked in the comparison with AATSR SSTs in Figure 12(c). The
AATSR SSTs consist of dual-view three-channel retrievals averaged to 0.5° cells consistent with the rest

of the data.
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Propagation of radiometric noise into the OE2 SST is much less (Figure 12 (d)) than with NLSST (Figure
5(b)). The OE2 SSTs are also much less sensitive to fluctuations in atmospheric water vapour, according

to the estimate in Figure 12(e).

So far, good news, but it is important to consider Figure 12(f) carefully. This shows that the benefits
identified above have come at a cost: the better conditioning of the OE2 retrieval (in terms of reduced
bias, reduced noise and less sensitivity to water vapour) has been achieved by a heavier reliance on prior
SST information. The OE2 sensitivity to true changes in SST at a given place is lower than with the
NLSST, which is not a desirable feature. Lack of sensitivity is probably also the main factor behind the

low noise propagation for tropical atmospheres at large zenith angles in Figure 12(d).

This lack of sensitivity arises mainly in areas of low transmittance because OE2 (MAP) gives the local
minimum error solution given two available estimates of SST: from the BTs and from the prior. In low
transmittance atmospheres, any changes in BT from SST variations are weak, and therefore this signal
needs to be amplified by the retrieval. However, this amplification makes the estimated based on BTs
very noisy compared to the (fairly narrow) error specified for the prior; therefore in these circumstances,

the prior can be the dominant contribution to the retrieval.

Put another way, one can’t expect an OE system to deliver sensitivity to large diurnal variability (~3 K
amplitude) or large frontal steps in SST (~2 K) if the prior is a smooth SST field with an assumed error of

0.6 K.

Lack of sensitivity to SST is not ideal for looking at fronts or diurnal variation, but the OE2 could still be
useful on the larger scales of this study, particularly when the OE2 SSTs are used as part of a system. If

the SEVIRI observations on day n modify the prior SST field used on day n+1 with weight i (0 <i < 1),
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526  then we can expect OE2 to be able to track the full amplitude of SST anomalies that persist for more than
A -1
527 (i %j days. For the equatorial region, this time scale is 8 days if i is 50%. This expectation will be a

ox

528  subject of future study.
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7 Discussion

Optimal estimation can be interpreted as dynamic calculation of SST coefficients tailored to the
observational context of a particular time and location, as estimated by the prior fields available. The
resulting SST estimates are optimal in the sense that they provide the minimum error solution — if the
prior fields and the forward-model-relative-to-observations are both unbiased and have well-
characterized errors. Both this paper (for SEVIRI) and Merchant et al. [2008b] (for METOP) have shown
that OE can bring significant benefit to the retrieval of SST, albeit at the cost of investing significant
effort into bias correction and error characterisation. The benefits are improved retrieval statistics
compared to drifting buoys (random errors and biases with respect to geographical location and
parameters such as total column water vapour), reduced confounding of variations in atmospheric water
vapour as SST variations, and the availability of a powerful additional statistic (the cost) for quality

control.

However, for the case of SEVIRI, the instrumental noise, the forward modelling errors (including bias
correction errors), and (away from nadir) the viewing geometry all conspire to give relatively low
sensitivity of OE SST to true SST variations, Figure 12(f). As explained above, this is because the
optimal estimate in these circumstances is one that relies heavily on the prior SST. This is the penalty
paid for the other benefits that the OE SSTs have over the NLSSTs. Thus, there is a trade-off, and the
merits of one form of retrieval compared to the other need to be considered in the light of the intended

application of the SSTs.

In summary, we have shown that combination of bias correction scheme and optimal estimation presented
here would have a positive impact on the bias, noise and water vapour sensitivity of SEVIRI SSTs,
although in the sensitivity of the OE2 SSTs to rapid (diurnal) or local (frontal) changes in SST would be

lowered in most areas. This suggests that the OE2 scheme is most useful at the larger scales and in the
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context of an SST analysis system. All validation measures would show significant improvement with the

OE2 SSTs compared to NLSST.

The obvious question for further research is: how can optimal estimation be best applied to SEVIRI at full
sensor resolution? Aspects to consider are: the nature of the prior SST, particularly its spatial resolution;
how to use the differing lengths scales of variability in ocean and atmosphere to achieve noise reduction
(equivalent to atmospheric smoothing); and how to design the OE to increase sensitivity to SST in order

to accurately capture frontal gradients and diurnal variability.
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TABLES

Table 1. Statistics of differences between various SST estimates in the match-up data base for this study.

Difference Mean/K SD/K Median/K RSD/K
CMS minus NWP —-0.05 0.35 —-0.06 0.30
CMS minus Drifter —-0.04 0.40 -0.05 0.30
NWP minus Drifter +0.01 0.38 +0.01 0.28
Operational minus Drifter —0.20 0.55 -0.21 0.45
NLSST minus Drifter —-0.38 0.70 -0.31 0.55
NLSST minus Operational —(.17 0.48 —0.06 0.30

N =30108

Table 2. Summary assumptions implemented for optimal estimator.

Aspect of
optimal

estimator

Assumptions implemented

Error in x, ey,

Prior TCWV, w
Error in w, e, /
kg m?

Prior error
covariance, S,
Radiometric

noise in cell c,

/K

Random error in CMS SST against drifters (Table 1) combined with geographical bias
of CMS SST compared to NWP SST from ARPEGE - see Figure 6(a).
NWP fields (ARPEGE)

Error is [Merchant et al., 2008b]: w(0.1 + (75 — w)/150)

For both 11 um and 12 um channel [Merchant et al., 2008b]: /i 0.15K
nC
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RTTOV9 For both 11 um and 12 pum channel: sec(@)0.15 K, where @ is the satellite zenith

forward model angle.

random error

E
ot 0.152(se02(9)+% j 0

Uncorrelated:

covariance  of
0 0.152(56c2(0)+% j
observations & ‘
model, S,
Iterations None; assume that prior X, is always close enough that solution lies within linear range

(i.e., K varies negligibly between prior and solution).
Skin and diurnal Constant —0.2 K skin effect assumed, method of Merchant et al. [2008b]. Retrievals
effects are sub-skin estimates, and thus should be unbiased compared to night-time drifter

SSTs. Currently no model for diurnal warming effects for day-time retrievals.

Table 3. Simulation-minus-observation statistics.

Channel Mean/K SD/K Median/K RSD/K

3.8um —0.83 1.05 -1.03 0.64
87um +0.31 1.40 +0.15 0.76
ITum  +0.29 1.63 +0.12 0.86
12um  +0.58 1.55 +0.43 0.95

N = 8.8 x 10° except for 3.8 um channel (night only) for which N = 4.2 x 10°

Table 4. Statistics of the OE2 SST minus drifter SSTs.

OE2 —drifter Mean/K SD/K Median/K RSD/K N

Data subset

All matches  —0.01 0.47 -0.01 0.34 30108 = 100%

X <4 +0.01 044  —0.00 0.33 29347 = 97.5%
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Figure 1. [Previous page] (a) The daily 0000 h UTC SST analysis from CMS averaged over 1 February to 30 April,
2008 and presented at 2.5° resolution of latitude and longitude. The map projection is the Earth as seen from Meteosat-
9, and contours of satellite zenith angle at 24°, 48°, 60° and 72° are overlaid. (b) Averaged difference of the CMS
analysis SST from the NWP SST field obtained from the ARPEGE numerical forecasting system, into which in situ
SSTs have been assimilated. (c) Averaged Saharan dust index. (d) Averaged total column water vapour from ARPEGE.
(e) Base 10 logarithm of the number of matches per 2.5° cell: e.g., yellow (2.0 to 2.1 on the scale) indicates N between
10% = 100 and 10*! = 125 inclusive. No drifter observations are available in white areas. (f) Averaged difference of the

operational SEVIRI SST from drifter SST.

Analysis ARPEGE
2.0 T ‘ ‘ T T 2.0 : : T T
1.5 1 1.5 1
' '
. 1.0F N = 6532 . 1.0
= =
1 52 1%
D0ak, x D0ak
= = & =
S 00 e a 00
[ e [
9w —05¢ 1 o —05¢ 1
Q =
—1.0F 1 —1.0F ]
-1.5 . s ‘ . . -1.5 ‘ s ‘ . .
—B0—40-20 0 20 40 60 —B0—40-20 0 20 40 60
Latitude Latitude
(a) (b)
Operational NLSST
2.0 T : ‘ T T 2.0 ‘ : T T
1.5 1 1.5 1
e e
~ 1.0 b x N = 6532 . 1.0
= N
Wl x =
U 0AaEE win % 5 BB asf
= =]
& 0.0 s I 00
| R —
- 7]
4 —0.5F * 1 @ 0.5
(o = =
—1.0F 1 —1.0F = 1
-1.5 . s ‘ . . -1.5 ‘ s ‘ . .
—B0—40-20 0 20 40 60 —B0—40-20 0 20 40 60
Latitude Latitude
() (d)

Figure 2. (a) CMS minus drifting buoy SST against latitude in 10° zones. Plus (+) symbols and associated error bars
show the mean and standard error of the bias for each zone. Crosses (x) show the zonal standard deviation. The filled
bars show the population of each zone relative to the most populated zone, which is normalized to 1, and which contains
N = 6532. (b) As (a) but for NWP SST. (c) As (a) but for operational SSTs from SEVIRI. (d) As (a), but NLSST with no

smoothing of atmospheric correction.
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Figure 3. Dependence of satellite minus drifter SST mean and SD on the number of pixels contributing to a cell, N.

Diamonds: mean difference. Error bars: plus and minus 1 SD. Bar graph: number of cells in each range of N, relative

to the most populous range which is normalized to 1. The horizontal axis is logarithmic to base 2, such that the third

range (for example) includes cells where the number of pixels equalled or was greater than four (2°) and was fewer than

eight (23). (a) NLSST minus drifter SST. (b) Operational SST minus drifter SST.
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Figure 4. Dependency of satellite minus drifter SST on (from left to right) total column water vapour, satellite zenith

angle, brightness temperature difference between the 11 and 12 um channels, and SST. The satellite SST is the NLSST

(see main text). Data points are in grey. The mean (diamonds) and +SD (bars) are plotted for bins of with 10 kg m’

(TCWY), 10° (zenith angle), 1 K (BT difference) and 5 K (SST). (A small fraction of points in these and similar plots

may be beyond the vertical range to allow sufficient discrimination of the majority of data.)
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Figure 6. (a) Assumed prior error in SST. (b) OE1 SST compared to drifters.
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Figure 7. (a) Zonal mean difference of OE1 SST from drifter SSTs; symbols as Figure 2. (b) As Figure 3(b), but for
666

OE1 SST. (¢) Variation of OE1 minus drifter SST as a function of the cost of the MAP solution. Diamonds: mean in
667

each bin with respect to cost of width 0.5. Error bars: plus and minus one SD around mean. Bar chart in grey: relative
population per bin.
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Figure 9. Schematic diagram of the procedure for estimating bias correction fields.
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Figure 10. (a) Zonal mean bias, standard errors, SD and relative population for OE2 SST minus drifter SST. Symbols

as in Figure 2. (b) Mean +/- SD of OE2 minus drifter as a function of number of contributing pixels in the 0.5° cell. (¢)

Dependence of mean and SD on the cost of OE2 retrieval.

OEZ2 — Drifter / K

[

0 20 30 40 50 BO
NWP TCWY [/ kg m™

70

OEZ — Drifter / K

u} 20 40 B0
Zenith Angle / degrees

Figure 11. As Figure 4, but for OE2 SST.
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Figure 12. [Previous page.] Aspects of OE2 SST. (a) Mean OE2 minus drifter SST. (b) Mean OE2 minus independent
NPW SST. (¢c) Mean OE2 against independent satellite SST: dual-view three-channel night-time retrievals from the
Advanced Along-Track Scanning Radiometer. (d) Radiometric noise propagation into OE2 SST estimates. (e)

Sensitivity of OE2 SST to the total column water vapour. (f) Sensitivity of OE2 SST to changes in true SST.
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