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In situ data are widely used to provide a ground truth for the calibration and validation of satellite sea-surface
temperature (SST) retrievals. They are also used to monitor long-term changes in the climate. For these
applications, and others, it is necessary to understand the uncertainties in the data. Near-coincident SST
observations from the Advanced Along-Track Scanning Radiometer (AATSR) and in situ platforms were used
to understand the characteristics of errors in the measurements. The mean random error on the AATSR
retrievals was found to be 0.14 K. The in situ errors were modelled as a constant offset plus a random error. For
ships, the standard deviation of the constant offset was estimated to be 0.71 K and the mean random error
was 0.74 K. For drifting buoys, the standard deviation of the constant offset was estimated to be 0.29 K and
the mean random error was 0.26 K. These results suggest that there is a need to revisit current assessments of
the adequacy of in situ observing systems. The trend in global-average SST between 1991 and 2007 calculated
from in situ data was compared to its counterpart calculated from the ATSR instruments. The in situ record
warms more slowly than the ATSR record, probably due to a decrease in the fraction of relatively warm-
biassed ship observations contributing to the global-average SST over the period and a corresponding increase
in the fraction of relatively unbiassed drifting buoy observations.

Crown Copyright © 2011 Published by Elsevier Inc. All rights reserved.

1. Introduction

ments will become even more important, particularly in areas where
observations are sparse and potentially unreliable (Goddard, DeWitt, &

Sea-surface temperature (SST) measurements constitute one of
the longest global climate data records and are used extensively in
climate analyses. Skilful forecasts of the climate can be made at seasonal
(Folland, Parker, Scaife et al., 2006) and decadal (Keenlyside, Latif,
Jungclaus et al., 2008) lead times due to the persistence of SST anomalies
from month to month and year to year. Consequently, it is essential
to be able to measure accurately the state of the sea surface and to
understand the uncertainties in those measurements. As the focus of
climate monitoring and forecasting shifts to a more regional scale, a
comprehensive understanding of the uncertainties in climate measure-
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Reynolds, 2009).

The majority of the climate record for SST comes from measurements
made in situ by ships, drifting buoys and moored buoys (Rayner, Brohan,
Parker et al., 2006, Worley, Woodruff, Reynolds et al., 2005). Although the
measurements can be used to estimate such metrics as the global annual
average temperature as far back as 1850, they are often sparsely dis-
tributed, yielding little information on short period events or at small
spatial scales. Since the 1970s, satellite measurements of the sea surface
have provided this additional detail (e.g. Chiodi & Harrison, 2006) and
almost-global coverage is achieved by infra-red instruments starting in
the early 1980s.

An important question is whether the observations - both satellite
and in situ - constitute a record of SST that is adequate for the purposes
of climate analyses. Global Ocean Observing System (GOOS, 1999)
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requirements state that, for climate change detection, the benchmark
accuracy of the processed SST signal should be 0.1 K on 200-500 km
squares monthly. It places a constraint both on the measurement error of
the instruments and on the long-term stability of the observing network.
Another consideration is that the sampling for in situ observations
should be sufficient to remove bias from satellite products, both for
climate applications and when atmospheric aerosol loading is high. The
GOOS requirement recommends an accuracy of 0.1 K in 500 km squares
on weekly time scales. However, it should be noted that some satellite
instruments, for example the Along Track Scanning Radiometers, do not
need to be calibrated using in situ observations.

In order to establish whether the accuracy of the observed SST
record is adequate for such applications, it is necessary to characterise
the uncertainties in the data. Because of the difficulties involved in
measuring the temperature of a micrometre-thin film of sea surface
through several kilometres of atmosphere, some satellite measure-
ments are calibrated against in situ data. Ideally, the calibration would
be made against equivalent radiometric measurements, but the cost of
such devices means that it is not practical to deploy them in large
numbers. In situ thermometric data are available in large numbers but
are of variable quality and introduce a further uncertainty because the
skin temperature as measured by the satellite needs to be converted
to an equivalent bulk temperature as measured by the in situ ther-
mometer. Uncertainties are largest during the day particularly when
wind speeds are low and insolation is high, thus allowing a near
surface warm layer to form that can be several degrees warmer than
the water at depth.

The ATSR (Along Track Scanning Radiometer) instruments were
designed to deliver SST measurements that meet the demanding
requirements of climate analyses (Llewellyn-Jones, Edwards, Mutlow
et al., 2001). The dual-view configuration allows aerosol biasses to
be detected and removed from the data without recourse to in situ
measurements; the on-board calibration ensures the long-term sta-
bility of measurements from the instrument. O'Carroll, Eyre, and
Saunders (2008) have demonstrated that ATSR retrievals have
relatively low measurement errors. Corlett, Barton, Donlon et al.
(2006) and Barton (2007) showed that the biasses and other errors
in ATSR retrievals are generally lower than for other satellite SST
retrievals making them an ideal reference data set. A reanalysis of
the SST record produced by the ATSR instruments will provide the
backbone for future climate quality analyses of SST (Merchant,
Llewellyn-Jones, Saunders et al., 2008).

The adequacy of the global ocean observing system has been
assessed by Zhang, Reynolds, and Smith (2006) and Zhang, Reynolds,
Lumpkin et al. (2009). They calculated the number of buoys and
ships needed in each 10° square to reduce satellite biasses of 2 K to
below 0.5 K and biasses of 1 K to below 0.3 K. This approach has been
used to target the deployment of drifting buoys since 2005 and
thereby make best use of the available resources. Their approach
depends on a thorough assessment of the uncertainties in the in situ
data.

So, a key question for understanding both in situ and satellite
records is, how accurate are the in situ data?

Until the 1990s, most in situ measurements were made by
Voluntary Observing Ships (VOS). In the past, the measurements
from VOS ships were not made with the needs of climate researchers
in mind and the variation in bias and accuracy means that they do not
often meet the stringent GOOS requirements. Several analyses have
attempted to quantify the uncertainties associated with in situ SST
measurements. The biasses associated with the different methods
used by ships to make SST measurements have been analysed by a
number of authors, most recently Kent and Kaplan (2006). Emery,
Baldwin, Schlussel et al. (2001), Smith and Reynolds (2002), Kent
and Challenor (2006), and O'Carroll et al. (2008) made estimates of
the random measurement uncertainties in ship and buoy data.
More recently, Kent and Berry (2008) proposed a new error model

for in situ data that combines the usual random term (intra-platform
error) with a bias term that varies from ship to ship (the inter-
platform error). The basic rationale is that a ship's thermometer
which is mis-calibrated such that it reads 0.5 K too high (inter-
platform error) will never get closer than 0.5 K to the true SST other
than by a chance combination of random errors (intra-platform
error). In this scheme, aggregating the observations from many ships
or buoys with independent inter-platform errors is the only way to
reduce the average error to zero. Brasnett (2008) used this error model
implicitly in a scheme for calculating bias corrections for individual
ships.

The analysis of measurement uncertainties is complicated by the
fact that in situ observations are typically widely separated. Ideally,
high quality, well-calibrated, coincident observations would be used to
characterise the data, but these are rarely available in large quantities
and, where they are available, it is not given that the results will gen-
eralise to other times and locations. Usually, pairs of in situ observa-
tions are compared making it harder to disentangle the individual error
components.

For the purposes of the analysis presented here, the ATSR instru-
ments are used as a consistent reference field with low measurement
error (O'Carroll et al., 2008) and low detector bias (Barton, 2007, Corlett
et al., 2006) that is independent of the in situ record. Near-coincident
pairs of in situ and AATSR observations are used to assess the error
characteristics of the in situ data.

The in situ and ATSR data are described in Section 2. A basic error
analysis is detailed in Section 3 for comparison with earlier studies
and to further establish the low-error character of the AATSR
retrievals. In Section 4, the error model is extended to include inter-
and intra-platform errors. In Section 5 the consequences of non-
normal error distributions are explored. The insights gained from the
first five sections are used in Section 6 to reassess whether the in situ
network is fit for purpose as assessed against the GOOS requirements
for satellite calibration. In Section 7, attention is turned to the longer
term and the ATSR instruments are used to verify the accuracy of long-
term trends in the in situ global climate record. Summary and con-
clusions are given in Section 8.

2. Data

The ATSR (Along Track Scanning Radiometer) series of instruments
provide an almost complete record of SST from 1991 to the present.
ATSR-1 flew from 1991 to 1995 and ATSR-2 from 1995 to 2008. The
AATSR instrument is mounted on the ESA (European Space Agency)
Envisat satellite which was launched in 2002. Envisat is in a near-polar
sun-synchronous orbit, which crosses the equator at 10:00 local time
on the descending node. The AATSR instrument has an inclined conical
scan configuration, observing in the forward (55°) and nadir direc-
tions. Three infra-red channels centred in the atmospheric windows
at 11 um, 12 pm and 3.7 pm are used to retrieve the skin SST and
additional channels in the visible spectrum are used for cloud clearing.
During daylight hours, there is the possibility of solar contamination
of the 3.7 um channel. Therefore retrievals using all three channels
are only available at night. The instrument was designed to give
SST retrievals with an accuracy of better than 0.3 K and a long term
stability of better than 0.1 K decade ™.

The AATSR record from 2002 to 2007 was consistently reprocessed
at the Met Office from the ESA AATSR METEO product and the level 1b
brightness temperatures using the December 2005 Case C retrieval
coefficients (http://earth.esrin.esa.it/services/auxiliary_data/aatsr/
ATS_SST_AXVIEC20051205_102103_20020101_000000_20200101_
000000) that were made operational on 7th December 2005 as
recorded in the change log (http://earth.eo.esa.int/pcs/envisat/aatsr/
events/) and are based on the HITRAN 2000 database. ATSR1 and
ATSR2 data are processed using version 2 of the METEO product from
NEODC (http://neodc.nerc.ac.uk/?option=displaypage&Itemid=
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91&op=page&SubMenu=—1). The skin SSTs were converted to a
sub-skin temperature using the scheme of O'Carroll, Watts, Horrocks
et al. (2006). The sub-skin SST is more directly comparable with the in
situ data. Because they are likely to be of higher quality than other
retrievals, dual-view, three-channel (D3) retrievals were used in this
analysis. As D3 retrievals are only available at night, only night-time
observations were used in the analysis and complications arising from
diurnal heating of the near-surface layer are not considered further.
O'Carroll et al. (2008) estimated the measurement error on the D3
product to be about 0.16 K.

The spatial resolution of the ATSR data was 10 arc min in latitude
and longitude. The 10 arc min product was used in preference to the
1 km full resolution product because its error characteristics had
already been established by O'Carroll et al. (2008).

For the greater part of the analysis in this paper, the D3 night-time
retrievals are used, but in the final section, D2 night-time retrievals
from the ATSR-1 instruments are also used. There is a residual bias in
the D2 retrievals for which a latitude-dependent correction has been
developed. The data used here were corrected using the values given
in Table 1, which are an older version of the corrections estimated for
AATSR retrievals: http://envisat.esa.int/pub/ESA_DOC/ENVISAT/
AATSR/Latitude_Dependent_Bias_Correction.pdf.

Monthly files of in situ data, covering the period August 2002 to
December 2007, were downloaded from the National Centers for
Environmental Prediction (NCEP) near real time marine observations
web page (http://icoads.noaa.gov/nrt.html). The NCEP files contain
Global Telecommunication System (GTS) meteorological reports
from ships, moored buoys and drifting buoys. Drifting buoys typically
take hourly observations (0000, 0100, 0200...2200, 2300 UTC) as do
moored buoys. Some ships take hourly observations, but most take
four observations a day at the synoptic reporting hours (0000, 0600,
1200 and 1800 UTC). The data were quality controlled using the
method described in Rayner et al. (2006). Sea-surface temperatures
were stored to the nearest 0.1 K and latitudes and longitudes to the

Table 1
Latitude dependent corrections applied to ATSR-1 D2 retrievals.

Latitude (°N) Correction (K)
—75 0.15
—170 0.07
—65 0.06
—60 0.03
—55 0.00
—50 —0.02
—45 —0.04
—40 —0.07
—35 —0.10
—-30 —0.12
—25 —0.09
—20 —0.03
—15 0.03
—10 0.06
-5 0.05
0 0.05
5 0.04
10 0.04
15 0.02
20 —0.04
25 —0.08
30 —0.10
35 —0.08
40 —0.06
45 —0.03
50 0.00
55 0.02
60 0.03
65 0.05
70 0.08
75 0.10

nearest tenth of a degree of arc. The observation times were stored to
the nearest 0.01 of an hour UTC.

In the following analysis the moored buoys are split into two
distinct groups: the equatorial moorings consisting of the Indian
Ocean moorings, TAO and PIRATA buoys; and all other moorings.

3. Basic analysis and comparison with previous work

The first step was to perform a simple analysis that could be
compared to earlier estimates of errors in in situ data. This provides a
point of comparison with the existing literature and forms the basis
for the more detailed error analysis performed in the later sections.

A data base was created containing paired near-simultaneous in
situ and AATSR observations made between August 2002 and
December 2007. For each in situ observation all AATSR observations
taken within 1 h and within 1° of latitude and longitude were found.
The closest one was selected. If the in situ observation came from a
ship and no AATSR observation was available within 1 h, the closest
AATSR observation taken within 2 h was used instead. This was done
because many ships take only four measurements each day at fixed
UTC hours (0000, 0600, 1200 and 1800 UTC) and these coincide with
the Envisat overpass times, which occur at fixed local hours, only in
certain limited regions. With a one-hour matchup criterion the
interaction with the Envisat overpass times meant that the coverage
was strongly biassed to certain geographic locations. The effect is
much less pronounced with a two-hour matchup criterion (Fig. 1).

The geographical variation in the numbers of matchups between
August 2002 and December 2007 is shown in Fig. 1. The AATSR-ship
pairs are concentrated in the North Pacific and North Atlantic. There
are far fewer ships and, consequently, far fewer matches in the
southern hemisphere. There are systematic observation shadows,
most notably in the central Pacific where the AATSR overpass time
does not fall within 2 h of a typical ship observation time. The matches
with drifting buoy observations are more evenly spread and the
highest concentrations are in the sub-tropical regions of the Atlantic.
The smallest numbers of AATSR-drifting buoy pairs are found in the
eastern Pacific, which is characterised by persistent cloud cover and
divergent surface currents, and in the region between the Pacific and
Indian Ocean where the complex topography means that there are
few drifting buoys.

The distance between the in situ and AATSR observations was
measured from the centre of the AATSR 10 arc min cell. The dis-
tribution of AATSR-in situ pairs peaks below a separation distance
of 10 km for all observation types (Fig. 2). Fig. 2 also shows the
distribution of SST differences for each AATSR-in situ pair, again split
according to in situ observation type. The drifting buoys have the
narrowest distribution, with a standard deviation of only 0.64 K. The
distribution of AATSR-ship pairs is much broader, with a standard
deviation of 1.31 K. The distributions are non-normal with a positive
kurtosis or excess. Large differences are more likely than they would
be if the differences were normally distributed. The implications of
non-normality are explored in Section 5.

The mean AATSR-drifting buoy difference is 0.1 K. The mean
AATSR-ship difference is —0.08 K. The implied bias between ships
and drifting buoys at the over-pass time is therefore 0.18 K, which is
above the range of values obtained by Reynolds, Gentemann, and
Corlett (2010) - 0.13 to 0.14 K - but similar to that of Emery et al.
(2001), 0.19 K. Ship observations are typically warmer than drifting
buoy observations.

The variance of these distributions will have components due
to the measurement errors of the in situ data and the measurement
error of the AATSR data. Although the distributions of the pair separa-
tions are peaked at low values, significant numbers of pairs have
separations exceeding 20 km. Consequently, there will be a compo-
nent of the variance that arises from the fact that the paired
observations were not made at exactly the same place. To ascertain
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Fig. 1. Number of ATSR-in situ pairs in the analysis for each 5° latitude x 5° longitude box for ships (top) and drifting buoys (bottom) between August 2002 and December 2007.
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the size of the effect, the variance of the observation pairs was plotted
as a function of separation. The relationship is approximately linear
(Fig. 3) and extrapolating the linear relationship to the y-intercept
yields the variance at zero separation. In extrapolating to zero sep-
aration it is assumed that the linear relationship holds at small dis-
tances. Kent, Challenor, and Taylor (1999) showed that the linear
relationship holds at separations below 300 km and above 50 km. The
present analysis shows that the relationship remains approximately
linear down to separations of less than 10 km.

For ships, the variance at zero separation was 1.10+0.01 K. For
drifting buoys the variance was 0.06 4 0.001 K2, for moored buoys
0.07 4+ 0.02 K?, and for the equatorial moored buoys, 0.04 4 0.003 K.
The uncertainties are those from the regression, but additional un-
certainties are discussed at the end of the section. The gradient of
the linear relationship represents the small scale variability in the
sea-surface temperature. It is higher for the moored buoys because
many are located in, or near, areas with strong SST gradients such as
the Gulf Stream, Kuroshio and coastal waters. In more thermally
homogeneous areas, such as the tropics, the gradient is much smaller,
as can be seen in the case of the equatorial moorings.

The variance at zero separation contains a component from
measurement errors in the AATSR retrievals. O'Carroll et al. (2008)
used three-way matchups - near-simultaneous SST measurements
from the AATSR, the Advanced Microwave Scanning Radiometer, and
drifting buoys - to estimate the measurement errors for each of the
three platforms. The AATSR uncertainty was estimated to be around
0.16 K.

The paired observation method employed here can be used to
estimate the AATSR uncertainty as well. The earth's surface was
divided into 1° latitude x 1° longitude areas. Pairs of AATSR observa-
tions taken on the same day that fell within a single 1° area were
chosen at random. The distance between them and the difference
between the SSTs were recorded. No more than ten pairs were taken
from each 1° area each day to avoid biassing the final result towards
better-sampled areas.

Fig. 4 shows the total number of pairs taken in each 1° area, along
with the variance of the SST differences as a function of the separation
distance. The estimated variance at zero separation, 0.04 K2, is twice
the AATSR error variance. It corresponds to an AATSR measurement
uncertainty of 0.14 K. The estimate is lower than that of O'Carroll et al.
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(2008), although it is within the range of estimates that they obtained
by varying their experimental parameters (0.12-0.16 K). A number of
factors could explain the discrepancy. The error variances of near-
coincident AATSR retrievals are likely to be correlated over the small
distances considered here. Correlation would reduce the variance in the
difference relative to the case where the retrievals were uncorrelated.
Geographical variation of the error in the AATSR retrievals would mean
that the differing locations of the matchups in the two analyses could
affect the results.

Assuming the AATSR measurement uncertainty is 0.16 K, as it is in
O'Carroll et al. (2008), the standard deviation for ship observations is
1.04 K, which is consistent with the values calculated by Kent and
Challenor (2006), 1.24+0.4 K or 1.3 £0.3 K, but lower than those in:
Kent et al. (1999), 1.5+ 0.1 K; Kent and Berry (2005), 1.34+0.1 K and
1.2+ 0.1 K; and Reynolds, Rayner, Smith et al. (2002), 1.3 K. The
standard deviation for drifting buoy observations, 0.20 K, is: lower
than the estimate in Reynolds et al. (2002) of 0.5 K; higher than in
Emery et al. (2001), 0.15K; and roughly the same as the 0.23 K
reported by O'Carroll et al. (2008). The moored buoys have a standard
deviation of 0.21 K and the equatorial moorings 0.12 K. These values
do not change significantly if the AATSR measurement uncertainty is
assumed to be 0.14 K.

There is a potential complication, in that the AATSR product is
an area average rather than a point observation so the comparison
with the in situ data is not an exact like-for-like comparison. In order
to investigate the likely effect of this problem a toy example was
devised. An array containing random numbers with unit variance and
covariance equal to exp( —dist/200) was created where dist is simply
the distance between the points in the array. These represent the
SST in the example. Pseudo-in situ measurements were created by
picking pairs of points, adding specified noise (0.20 units), calculating
the difference and building up the variance vs distance relationships
as above. AATSR-equivalent observations were created by averaging
together 10 neighbouring points in the array and adding specified
noise (0.14 units). AATSR-in situ pairs were calculated by measuring
the distance from the AATSR cell centre to the in situ location. Final-
ly, pairs of AATSR-equivalent measurements were compared. The
picking of points was repeated 1000 times for 1000 different pseudo-
SST fields. The AATSR and in situ errors were calculated as they were
above by comparing the y-intercepts. The estimated AATSR error was
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Fig. 3. Variance of ATSR-in situ differences as a function of distance for drifting buoys (top left), ships (top right), all moorings (bottom left) and equatorial moorings (bottom right)
between August 2002 and December 2007. The straight line is the linear least squares fit.
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the ATSR-ATSR observation pairs between August 2002 and December 2007. (bottom right) Variance of ATSR-ATSR differences as a function of distance.

underestimated at 0.13 units and the estimated in situ error was
correctly estimated at 0.20 units. The size of the over and under
estimate depends on the relative length scales of the AATSR footprint
and the SST variability. In this example the ratio was 1:20, based on an
AATSR footprint of (at most) 18 km and an SST length scale of 360 km.
Increasing the ratio to 1:7 leads to an underestimate of the ATSR error
(0.12) but only a slight overestimate (0.203) of the in situ error.

The error estimates calculated in this section are a baseline for
comparison with earlier estimates. They assume that the errors on
each measurement are unrelated, an assumption that is questioned in
the next section.

4. Correlation of errors

Kent and Berry (2008) proposed an alternative error model for in
situ observations. They decomposed the error into two components.
The first is a constant offset that is fixed for a given platform (ship,
buoy or mooring) and is the same for all observations made by that
platform. Kent and Berry (2008) called it the inter-platform error; the
same convention is adopted here. The second is an uncorrelated
random error term that is different from one observation to the next.
The variance of the second error term is fixed for each ship and Kent
and Berry (2008) called it the intra-platform error.

The inter-platform error can arise for a number of reasons. Persistent
biasses between different methods of measurement have been noted
since the early 20th century. Some ships' crews measure the
temperature of water scooped up in specially designed buckets, others
read the temperature of the water taken in to cool the ship's engines.
Each method leaves its own characteristic biasses in the data (Kent &
Kaplan, 2006). But there are also variations peculiar to a particular ship.
James and Fox (1972) identified engine inlet biasses that depended,
amongst other things, on the size of the ship, the depth of the water inlet
and the distance travelled by the water between inlet and thermometer.
Brasnett (2008) identified the inter-platform errors in ship data. Instead
of including the differences in an error model, the observations from
each ship were compared to a background analysis and the differences
were used to calculate a ship-by-ship bias correction.

One difficulty with estimating inter-platform errors consistently
is that the errors need to be calculated relative to a reference field.

Ideally, the reference field would closely approximate the true SST.
Existing comparison standards such as simultaneous oceanographic
profiles (Folland, Reynolds, Gordon et al., 1993) are too few to make
reliable estimates, so it has been necessary to make practical com-
promises. Kent and Berry (2008) exploited model analysis output
from the Met Office Numerical Weather Prediction system as a ref-
erence SST, but were unable to separate cleanly the model errors
from the measurement errors. The Brasnett (2008) analysis compared
SSTs to an interpolated analysis, essentially comparing the SST to an
average of all other observations including the observations to be
corrected. The method assumed there was no geographical correla-
tion between errors from different ships. This might not be true
because ship biasses and errors depend on the country that recruited
the ship and ships recruited by a given country tend to have a limited
geographical range.

SST retrievals from the AATSR instrument are a good candidate
for a reference data set. They have low measurement errors and they
are characterised by temporal stability with little geographical varia-
tion in bias. In the following, it is assumed that, aside from a random
measurement error, the AATSR retrievals are perfect. i.e. they have no
bias relative to the true SST.

Individual in situ platforms were identified using their call sign, an
alphanumeric indicator unique to that ship or buoy. The mean and
variance of the SST differences between the AATSR-in situ pairs were
calculated for platforms with 25 or more paired observations where the
separation was less than or equal to 20 km. 25 observations were
required to ensure that the spread in the inter-platform error estimates
was not artificially inflated by random intra-platform errors. The mean
difference is an estimate of the inter-platform error and the variance
of the differences is an estimate of the sum of the intra-platform error
variance and the AATSR error variance. Subtracting the AATSR error
variance at zero separation, 0.16 K, gives an estimate of the intra-
platform error. This will contain a small contribution from SST variability
at distances less than 18 km, so the resulting intra-platform errors will
be slightly overestimated. However this will mostly affect the intra-
platform errors which are the least critical for the observing system
assessment performed in Section 6 as they diminish rapidly when
observations are averaged together. Distributions of the inter- and intra-
platform errors are shown in Figs. 5 and 6.
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Fig. 5. Distributions of inter-platform error for drifting buoys (top left), ships (top right), moorings (bottom left, equatorial moorings are shown in grey) and equatorial moorings
(bottom right) between August 2002 and December 2007. Only platforms with more than 25 ATSR-in situ pairs are shown.

To check the validity of the assumption that persistent AATSR
biasses were unimportant, the distributions were recalculated after
the AATSR data had been ‘corrected’ by removing a geographically-
varying average AATSR-buoy difference. The mean and standard
deviations of the distributions changed by less than 0.02 K in each
case with some increasing and others decreasing.

The distribution of inter-platform errors was widest for the ship
observations and narrowest for observations from drifting buoys and
equatorial moorings. Out of 839 ships, 10 had biasses exceeding 2 K and
122 had biasses exceeding 1 K. By contrast, 97% of drifting buoys had
biasses smaller than 0.5 K, and fewer than 2% exceeded 1 K. The intra-
platform errors show a similar behaviour. The average intra-platform
error for drifting buoys was 0.18 K whereas the average for ships was
0.63 K. Ship observations have higher uncertainties on the average
than drifting buoy observations. It is not true, however, that all ship
observations are unreliable. Around 29% of ships had inter-platform
errors of less than 0.3 K and intra-platform errors of less than 0.5 K and
around 8% of ships had both inter- and intra-platform errors of less than

0.2 K. The converse is also true: although most drifting buoys had low
errors, around 1% exhibited gross errors in excess of 1 K.

The spread in inter-platform errors is large for all moorings and the
intra-platform errors exceed 1K in some instances. However, the
equatorial moorings in the TAO, PIRATA and Indian Ocean arrays have
a much smaller range of inter- and intra-platform errors.

For gridded SST products, it is necessary to convert uncertainties
on single observations into uncertainties on a grid-box average. For a
population of m ships and drifters with inter-platform errors op; and
intra-platform errors 0y; the grid-box average uncertainty oy, can be
written as:

2 -2 2 -2 2 2 .
Ot = N "3 mNiOg + N °3;_ 0y 0y + sampling error

(1)

Where N is the total number of observations and n; is the number
of observations from platform i. The final term is a sampling error
term that is not considered here. An assessment of sampling errors

Drifting bu'oys ' 40k Ships ' ' E
400 F E
> > E E
9 300t ERO
o) o)
= =]
g 2004 R E
i i
100 E 10 F E
0 - 0 . . Al
0.0 0.5 1.0 15 0.0 0.5 1.0 15
25 _ Moorings' E 15[ Equatoriall Moorings ' ' ]
20 F B
> >
< 9 10t -
o g
g g
x 10 1@ sf ]
5 .
ob | A o . o . . .
0.0 0.5 1.0 15 0.0 0.5 1.0 15

Fig. 6. Distributions of intra-platform error for drifting buoys (top left), ships (top right), moorings (bottom left, equatorial moorings are shown in grey) and equatorial moorings
(bottom right) between August 2002 and December 2007. Only platforms with more than 25 ATSR-in situ pairs are shown.

Please cite this article as: Kennedy, ].J., et al., Using AATSR data to assess the quality of in situ sea-surface temperature observations for
climate studies, Remote Sensing of Environment (2011), doi:10.1016/j.rse.2010.11.021



image of Fig.�5
image of Fig.�6
http://dx.doi.org/10.1016/j.rse.2010.11.021

8 JJ. Kennedy et al. /| Remote Sensing of Environment xxx (2011) xXx-Xxx

can be found in Morrissey and Greene (2009), Kent and Berry (2008)
and Kennedy et al. (2011a). To better understand Eq. 1 it is instructive
to consider the case where each of the m platforms takes the same
number of observations and each platform has the same inter- and
intra-platform error characteristics. The above formula then reduces
to:

Oy = 0§/N + o /m + sampling error 2)

The equi-partition of observations between the platforms mini-
mises the grid-box average uncertainty for a given number of obser-
vations N and platforms m. It also shows that it is only possible to
reduce grid-box average uncertainties to a minimum by increasing
the number of observations (N) and the number of different platforms
making them (m). Fig. 7 shows a schematic representation of the
variance for the case where 0, and 0}, are each 0.71 K.

For many platforms the values for the inter- and intra-platform
errors will be unknown, but the platform type - ship, drifter, mooring -
will be. With such a wide range of inter- and intra-platform errors
(Figs. 5 and 6) it is not straightforward to choose values for oz and o3
that are representative for the different platform types. The choice
is complicated by the fact that the distributions are non-normal and that
there is some correlation between the values of the inter- and intra-
platform errors: a ship that has a large inter-platform error is more likely
to have a large intra-platform error.

To work out representative values for each platform type, pseudo
grid-box averages were created. The sampling error was assumed to
be zero as was the true grid-box average SST. A number of ships, m,
and a number of observations per ship, N/m, were chosen and m
sample values of the inter-platform and intra-platform errors were
drawn from the distributions shown in Figs. 5 and 6. The N/m pseudo-
observations for Ship 1 were randomly generated from a normal
distribution with mean equal to the inter-platform error and standard
deviation equal to the intra-platform error. The pseudo-observations
for Ship 2 were calculated in the same way and so on for each of the m
ships. The average of all the pseudo observations, the number of ships
and the total number of observations were recorded and the process
was repeated 10,000 times for values of m and N/m between 1 and 50.

Figs. 8 and 9 show the variance of the 10,000 pseudo grid-box
averages as a function of the number of observations and the number
of platforms for ships and drifting buoys respectively. The variance
for a single observation is the sum of the inter- and intra-platform
error variances. Values of 0z and 0, were estimated using multiple
regression to fit Eq. 2 to the variances. The sampling error was set to
zero. The grey lines show the best-fit calculated according to Eq. 2. The
representative values of the inter-platform and intra-platform
errors for ships were 0.71 K and 0.74 K respectively. For buoys the
inter-platform error was 0.29 K and the intra-platform error was
0.26 K.

The sum of these values should approximately equal the error
variances at zero separation deduced in the previous section. The ship
data are consistent, but the drifting buoy data are not. The sum of the
inter- and intra-platform variances exceeds the variance at zero
separation calculated from the individual observations. One possible
reason is that buoys often exhibit larger biasses towards the end of
their lifetime. The biasses last only a short time so they make only a
small contribution to the distributions in Figs. 2 and 3, which are
based on individual observations. However, the biasses would have a
larger effect on the statistics for a single buoy leading to an increase in
the estimated uncertainty derived from the distributions shown in
Figs. 5 and 6.

5. Non-normality of the error distributions

For many applications of SST data, it is assumed that the
measurement errors are approximately normal. It is clear from the
AATSR-in situ pairings that the error structure of in situ observations is
non-normal, with a positive kurtosis characterised by a high, narrow
peak and broad tails. Although the errors on individual observations are
not normal, when large numbers of observations are aggregated into
gridded products, the central limit theorem states that the distribution
of the gridded averages will approach that of a normal distribution.

Pseudo-gridded averages were generated by drawing samples
from the distribution of AATSR-ship differences shown in Fig. 2 and
averaging them together. A 25% trimmed mean was used to calculate a
gridded average from the samples. 100,000 examples of gridded
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averages containing 1 observation were created, 100,000 containing 2
observations and so on up to 50 observations. The variance and kurtosis
of those estimates are shown in Fig. 10.

For small numbers of observations the observed kurtosis implies
that the distributions are non-normal. A true normal distribution will
have a kurtosis of zero. The kurtosis decreases until about 20 obser-
vations after which little improvement is seen. Estimates of kurtosis,
however, are strongly affected by small perturbations from perfect
normality and such a deviation from zero is not significant. This suggests
that the distribution of grid-box averages comprised of fewer than 20
independent observations might exhibit significant deviations from
the normal distribution. If the analysis is sensitive to such outliers, it
might be necessary to exclude such grid-boxes from consideration or
take steps to minimise their effect.

6. Using the error estimates to assess the in situ network

One of the GOOS requirements for in situ sea-surface temperature
measurements states that the sampling and accuracy should be suffi-
cient to remove bias from satellite products. Here, the target accuracy is
0.1 K in a 500 km square on weekly time scales. It is not clear exactly
what ‘target accuracy’ means. It is often taken to mean that the standard
deviation of the expected errors is smaller than 0.1 K. Another way of
looking at it is to calculate the probability that the error in a grid square
exceeds 0.1 K, which is the method followed here.

In situ SST data for 1-7 June 2006 were extracted from the GTS
archive and quality-controlled. The number of unique platforms
making observations in each 5° grid box (~500 km at the equator) was
recorded, along with the number of observations made by each
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Fig. 10. Variance and Kurtosis of gridded averages as a function of number of observations.

unique platform in each grid box and the type of platform. Three
pseudo-data sets, using error models of different complexity, were
created using this information. Sampling error is not considered, but
we note that sampling error can be an important component of the
total grid-square uncertainty and that the uncertainties calculated
here will therefore underestimate the true error.

In the first of the three data sets, the full error model and all
information in the distributions was used. Estimates of the inter- and
intra-platform errors for each unique platform were drawn from the
appropriate distributions in Figs. 5 and 6. Random pseudo-observa-
tions were generated for each unique platform with mean equal to the
inter-platform error and standard deviation equal to the intra-
platform error. The number of observations generated for each unique
platform was equal to the number made by the platform between 1
and 7 June. The process was repeated for all unique platforms and
the pseudo-observations were averaged together onto a 5° grid. The
process was repeated 1000 times to give a representative range of
realistic measurement errors.

In the second, the error model described in Eq. 1 was used. It
assumes that there are correlations between the data, but that the
distributions of inter- and intra-platform error are normal. Estimates
of the generic inter- and intra-platform errors for each platform
were taken from Section 4. For ships these were 0.71 K and 0.74 K and
for drifters, 0.29 K and 0.26 K. For each unique platform an inter-
platform error was drawn from a normal distribution with standard
deviation equal to the generic inter-platform error. Random pseudo-
observations were then generated and averaged as in the first case.

In the third, the errors were assumed to be uncorrelated between
observations. For each platform the generic intra-platform error and the
generic inter-platform error were summed in quadrature. Random
pseudo-observations were generated for each unique platform with
mean equal to zero and standard deviation equal to the summed error.
The pseudo-observations were then averaged as in the first case.

Fig. 11 shows the probability that the error in the gridded pseudo-
observations exceeds 0.1 K for the error models and error values
deduced in this paper. If an accuracy of 0.1 K is understood to mean
that the standard deviation of the errors is 0.1 K and that the errors are
normally distributed, the probability that the error exceeds 0.1 K
should be one third or less. There are large areas in Fig. 11 where the
probability exceeds this threshold even before errors due to under-
sampling are considered. Fig. 12 shows the probability that the error

on a grid-square average exceeds 0.1 K for different combinations
of numbers of observations and numbers of ships and drifting buoys
for the full error model.

The differences between the three error models are interesting. In
the simplest model shown in the lower panel, the errors are considered
to be uncorrelated. This is a common assumption (see for example
Rayner et al., 2006 and Zhang et al,, 2009) and, under this assumption,
many areas meet the criterion that the probability of the error exceeding
0.1 K is less than one third. Those areas where the probability exceeds
one third are areas where there are few observations.

The middle panel of Fig. 11 shows the results for the intermediate-
complexity model. In this case, most grid squares exceed a probability
of one third. This is unsurprising because the correlation between the
errors increases the uncertainty. The inter-platform error of a drifting
buoy is 0.29 K, implying that more than 8 drifting buoys would be
needed (0.29/sqrt(9)<0.1) in one grid square to reduce the uncer-
tainty on the average below 0.1 K. It is unlikely that 8 drifting buoys
would congregate by chance in one grid square.

The upper panel of Fig. 11 shows the probabilities for the most
complex error model. The area where the requirement is met is
smaller than in the lower panel because of the correlation between
the errors. However, the area is larger than in the middle panel. This is
because the distributions from which the inter-platform errors are
drawn for the upper panel are more sharply peaked than the normal
distributions used in the middle panel. The peaking makes it more
likely that a small inter-platform error will be drawn.

The perceived adequacy of the observing network depends on the
choice of error model. Furthermore, the parameters of more realistic
error models are not easy to estimate and the approach taken was only
possible because of the proven stability and low uncertainty that are
characteristic of the AATSR data. The results derived here suggest that
observing system specifications should be revisited as understanding of
the observations improves and that it might be wise to allow some
redundancy in observing system design.

7. Long-term trends

Because the historical record of SST consists of in situ measure-
ments that were not made for the purposes of climate monitoring, its
long-term stability is questionable. A number of authors (Folland &
Parker, 1995, Rayner et al.,, 2006, Smith & Reynolds, 2002) have
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Fig. 11. Probability that measurement error exceeds 0.1 K for a weekly average 5° square for 1 to 7 June 2006. White areas indicate regions where there are no data. For normally
distributed errors with standard deviation 0.1 K the probability of exceeding 0.1 K is 0.33. The top panel shows the case where the full error model is used. The middle panel shows
the case where the intermediate-complexity model is used. The lower panel shows the case where the errors are assumed to be uncorrelated.

addressed the problems associated with changes in measurement
method prior to 1942, but recent research (Thompson, Kennedy,
Wallace et al., 2008) shows that there are likely to be uncompensated
biasses in SST data after this date. The evolution of observation
technology has continued to the present day and large numbers of
measurements are now made by drifting buoys. The comparisons

earlier in the paper showed that there is a bias between ships and
drifting buoys, with ships biassed warm relative to drifting buoys by
around 0.18 K. Smith, Reynolds, Peterson et al. (2008) remarked that
the relative bias combined with an increase in the number of drifting
buoy observations would lead to an underestimate of the warming
trend in global-average SST.
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The ATSR series provides an estimate of long-term SST change that
now spans almost 20 years. Because of the high quality of the mea-
surements and the special attention that has been given to their
stability, the ATSR retrievals do not need to be calibrated against buoy
measurements. Consequently, they can be considered to be indepen-
dent from the in situ record. An independent record is invaluable for
corroborating the trends seen in the in situ data.

Fig. 13 shows two estimates of the monthly global average SST
anomaly covering the ATSR period from 1991 to 2007. One estimate

is from the combined ATSR record, the other from HadSST2 (Rayner
et al., 2006). Observations from both data sets were processed in the
same way to give a 5° latitudex5° longitude monthly gridded
product and the anomalies are expressed relative to the HadSST2
climatology. Short gaps still exist in the ATSR record, but these should
be reduced by future reprocessing of the data. The sudden drop in
temperatures in 2007 is associated with the strong La Nifla that
developed during the latter half of the year. The trend in the ATSR
data is 0.25 K/decade, the trend in the uncorrected HadSST2 data is
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Fig. 13. (top) Co-located monthly, 5° area global average SST anomalies August 1991 to December 2007 (relative to 1961-1990) for the ATSR instruments (red) and HadSST2 (black,
Rayner et al., 2006). D3 retrievals were used where they were available, but between 1992 and 1996 D2 retrievals from the ATSR-1 instrument were used. The dashed black line is an
estimate of the HadSST2 time series corrected for the bias between drifting buoys and ships. (bottom) Fractional contribution of drifting buoy observations to the global average
calculated by taking the area weighted average of the fraction of drifting buoy observations in each grid box. The correction is shown on the right-hand axis.
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0.19 K/decade. Trends were calculated using the Ordinary Least
Squares method (Davis, 1973).

Between 1992 and 1996, the ATSR series is cooler than the in situ
series. During this period, the 3.7 pm channel on the ATSR-1 instrument
failed so only D2 retrievals were available. The ATSR1 instrument also
suffered problems with its cooling system that might have affected
retrievals. There appears to be an overall warm bias in the ATSR series,
which tracks the HadSST2 series most closely in the early 1990s when
many observations came from ships and therefore are likely to have
exhibited a warm bias.

There is a clear trend to higher temperatures in both series. There is
also a general warming of the ATSR data relative to HadSST2. This could
be symptomatic of the increase in the number of drifting buoy
observations that went into making HadSST2 (Fig. 13, lower panel).
The bias is most obvious after 2004. Many additional drifting buoys were
launched during the first months of 2005 leading to a doubling of the
monthly total of drifting buoy observations in a six-month period.

An adjustment for this effect has been applied to the in situ SST
series shown in Fig. 13. A global-average adjustment was calculated
by multiplying the fractional contribution of drifting buoy observa-
tions by the average difference between drifting buoy and ship
observations, —0.18 K (see above). Because the absolute biasses of
the different observation types are unknown, the zero-point for the
adjustment to the anomalies is arbitrary. The trend in the adjusted
series allows for changes in the observing array and is therefore
expected to be closer to the true trend, which is of primary interest
for studies of long-term climate change. The adjustment was set to
average zero over the period 1991-1995 so that the lines overlie one
another and the improvement in the trend can be most clearly seen.
The resulting series, shown as a dashed line, more closely tracks the
long-term changes in the ATSR data. The adjustments range from
—0.02 Kin 1991, to around 0.08 K in 2007. The trend in the adjusted
HadSST2 data is 0.24 K/decade, which is much closer to the trend seen
in the ATSR data (0.25K/decade), than was the trend in the
unadjusted data (0.19 K/decade).

It should be noted that this is not a demonstration of the stability of
the ATSR data. Problems, such as the potential warm bias in the
retrievals, remain in the data. Many of these will be addressed by the
ATSR Reanalysis for Climate project (ARC, Merchant et al., 2008)
which will provide the basis for future climate quality analyses of SST.
Nevertheless, such comparisons highlight the need for an ongoing re-
evaluation of the biasses in the global observing system and the value
that can be derived from multiple independent estimates of climate
variables.

8. Summary

Pairs of AATSR observations were used to estimate the errors in the
AATSR 10 arc min SST product. The errors were shown to be around
0.14 K, within the range of errors estimated by O'Carroll et al. (2008)
and much smaller than for most in situ sources.

Using the AATSR as a reference data set, the error characteristics
of in situ SST measurements were explored by comparing them to
almost-coincident AATSR observations. When the error estimates were
assumed to be independent and identically distributed the results were
comparable to others in the literature. The ship observations exhibited
errors of around 1.04 K; drifting buoy observations had errors of 0.20 K;
Moored buoys, 0.21 K; and the equatorial moorings of the TAO, PIRATA
and Indian Ocean arrays, 0.12 K.

The in situ error model was then extended. In situ errors were
described by a constant offset (the inter-platform error) combined
with a randomly varying term (the intra-platform error). The inter-
and intra-platform error characteristics for the different in situ plat-
forms were estimated from the data. The standard deviations of inter-
platform and intra-platform errors of ships were 0.71 K and 0.74 K

respectively. For drifting buoys the inter-platform and intra-platform
errors were 0.29 K and 0.26 K respectively.

The distributions of inter- and intra-platform errors are non-
normal. It was shown that averages of fewer than 20 independent
observations are likely to deviate from normality with large errors
occurring more often than might be expected if normality were
assumed.

The effect of these considerations was highlighted by showing that
the perceived adequacy of the in situ network for the correction of
satellite biasses depends on the choice of error model. Assuming that
the errors are uncorrelated can potentially lead to a false impression
of adequacy and an underestimate of the uncertainty.

A comparison of the long-term temperature changes in global SST
estimated from the independent in situ and ATSR records was made. It
provides further evidence for a previously anticipated change in bias
in the in situ data arising from an increase in the number of drifting
buoy observations since the 1970s. The results suggest that warming
of the global oceans between 1991 and 2007 is underestimated in
HadSST2 by around 0.05 K/decade. In HadSST3, a more comprehen-
sive assessment of data biasses was carried out, showing that the
transition from ships to drifting buoys is only one factor that affects
the stability of the modern in situ SST record. (Kennedy et al. 2011b).
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