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Abstract

Air temperature and relative humidity have been the main parameters of meteorology study. In
the past data could be obtained from in-situ observations, but the observations are local and sparse,
especially over ocean. Now we can get them from satellites, yet it is hard to estimate them from sat-
ellites directly so far. This paper presents a new method to retrieve monthly averaged sea air temper-
ature (SAT) and relative humidity (RH) near sea surface from satellite data with artificial neural
networks (ANN). Compared with the observations in Pacific and Atlantic, the root mean square
(RMS) and the correlation between the estimated SAT and the observations are about 0. 91°C and
0.99, respectively. The RMS and the correlation of RH are about 3.73% and 0. 65, respectively.
Compared with the multiple regression method, the ANN methodology is more powerful in building
nonlinear relations in this research. Thus the global monthly average SAT and RH are retrieved from
the fixed ANN network from July 1987 to May 2004. In general the annual average SAT shows the
increasing trend in recent 18 years. The abnormality of SAT is decomposed with the empirical or-
thogonal function (EOF). The leading three EOFs could explain 84% of the total variation. EOF1
(76.1% ) presents the seasonal change of the SAT abnormality. EOF2 (4.6% ) is mainly related
with ENSO. EOF3 (3.3% ) shows some new interesting phenomena appearing in the three main
currents in Pacific, Atlantic and Indian Ocean.
Key words: sea surface air temperature, relative humidity( RH) , artificial neural network ( ANN) ,

empirical orthogonal function( EOF)

0 Introduction

Air temperature (SAT) and humidity (RH) near
sea surface have been the main parameters in the cli-
mate study and the important indices of interaction be-
tween ocean and atmosphere. It is helpful to study and
protect our environment. But we know little about it
yet, for data are sparse over ocean. Now it is consid-
ered to be a good alternative to obtain knowledge over
ocean via satellites. Air temperature and humidity are
difficult to be estimated from satellite data directly so
far, for the physical principles among them are not
known clearly. Ref. [1] presented a multivariable lin-
ear regression equation of SAT with AMSU-A bright-
ness temperatures from the 52.8GHz and 53. 6GHz
channels and satellite-derived sea surface tempera-
tures. In Ref. [2] the relationship between the Bowen

ratio and sea-air temperature difference under unstable
conditions over sea was obtained. Ref. [3] presented
an exponential pattern to derive real-time SAT and RH
from NOAA TOVS data. Other statistical methods were
also developed *®'. These years artificial neural net-
works ( ANN) methods were applied more and more in
this field ™"

The empirical orthogonal function ( EOF) is one
of the effective methods in meteorology and oceanogra-
phy, which could help to decompose some complicated
oceanographic and meteorological phenomena into in-
dependent temporal and spatial modes. EOF was ap-
plied to analyze the variations of SST in Delaware

"1 In Ref. [12] EOF was applied to analyze

global patterns of monthly mean anomalies of atmos-

bay

pheric mass with medium-range weather forecasts re-a-
nalysis. In this research, EOF is applied to analyze the
main changes of the long-term retrieved SAT.
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Although methods in the derivation of SAT and
other parameters have been developed for many years,
their accuracies still need to be improved. Meanwhile
most researches were focused on the tropical zone or a
small local area before. This research means to extend
the scope of research to the global and only satellite da-
ta are used here. Data with higher spatial resolution
and longer time-series are applied to this approach,
which is developed based on Ref. [8]. The Long-term
and large-scale satellite data are collected to retrieve
the monthly average SAT and RH from satellite data by
ANN method. The advantages of ANN are shown by
the comparison with a nonlinear regression function.
Furthermore the fixed ANN network is used to estimate
the SATs during 1987 - 2004. Then the surface air
temperature anomaly data ( SATA) are calculated and

EOF is adopted to analyze the main variation of the SA-
TA.

1 Data

There involve two main kinds of data: the satellite
data and the in-situ observations, which are processed
to build and evaluate retrieval models. The satellite da-
ta are the inputs for retrieval models, which include
monthly averages of wind speed ( WS), atmospheric
water vapor (AWV) | liquid cloud water (LCW) , rain
rate (RR) and sea surface temperature ( SST). The
preceding four inputs are obtained by the special sensor
microwave imager ( SSM/1). The spatial resolution of

grid is 0.25° latitude x0.25° longitude. The fifth in-

put is derived from advanced very high resolution radi-
ometer (AVHRR) (4km x 4km resolution). The re-
cord of data spans from July 1987 to May 2004. The
in-situ observations, provided by tropical atmosphere
ocean project ( TOGA-TAO) and national data buoy
center (NDBC) , are used to develop and test the ap-
proach. TOGA-TAO is combined with TAO and PIRA-
TA moored buoys, almost 80 buoys positioned along
the equator between 10° S and 10° N. The period of
TOGA-TAO data is from July 1987 to May 2004, so
there are 203-months observation data for research.
The data from NDBC are provided by 240 buoys/sta-
tions from July 1987 to December 2003. Their posi-
tions are mostly distributed from middle latitude to high
latitude (Fig.1). The real-time measurement arrays of
air temperature over ocean are used to compute the
monthly averages. Because the numbers of available
observations vary widely, the data are averaged accord-
ing to the cutoff criterion of at least 20 observations to

compute the monthly average'’’.

The nearest satellite
data are chosen to match with the in-situ data in the
range of 0.3° centered on the observation positions.
The dew temperatures observed by NDBC have to be
transformed into relative humidity in order to consist
with TOGA-TAO data. The statistical function is adopt-
ed as

RH =100 x exp[ (td —ta) x 0.0623832] (1)
where td and ta are the dew point temperature and the
air temperature, respectively, RH is the corresponding

relative humidity.
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Fig.1 Spatial distributed plot of the observations. The crosses denote the locations of the moored buoys/stations in the NDBC domain.

The triangles represent the locations of the moored buoys from TOGA-TAO. The website is http://www. ndbc. noaa. gov/.

After the process, there get 16,655 items meeting
the cutoff criterion for SAT retrieval from July 1987 to
May 2004. For there are few buoy/station observations
with RH observation in 1980s, there are only 7,980

items for RH retrieval from February 1989 to May

2004. To build the ANN retrieval network, the SAT
and RH data are divided into two parts according time,
sample- [ for developing and training and sample- II for
simulating and validating. For SAT, sample-] in-
cludes 8,482 items from July 1987 to May 1997 and
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sample- I includes 8,173 items during June 1997 -
May 2004. For RH, sample- | includes 4,224 items
from February 1989 to March 1999 and sample- ]I in-
cludes 3,756 during April 1999 - May 2004.

2 Methodology

2.1 ANN method

The back-propagation neural network (BP NN) is
adopted in this research. The ANN architectures for
SAT and RH retrieval are designed as 4-104-1x and 5-
134-1x, respectively. In the architecture of SAT re-
trieval, there includes four input parameters ( AWV,
LCW, WS and SST), 10 nodes in the first hidden lay-
er and 4 nodes in the second hidden layer and one out-
put (SAT). For RH network, there are five inputs
(AWV, LCW, WS, RR and SST) , two hidden layers
(13 nodes in the first layer and 4 nodes in the second
layer) and one output (RH). ‘x’ indicates the biases
nodes associated with each hidden layer and the out-
put. Sample- [ subset is input to the corresponding ar-
chitecture to train the network. The back-propagation

Table 1

algorithm of Levenberg-Marquardt is chosen to adjust
the weights of the network'?'. Once the BP NN fulfills
the training targets, the network is fixed and sample- Il
subset is used to test it. Several trainings are done and
the network with the best accuracy is chosen for re-
trieve the global monthly mean SAT in the further.

2.2 Multiple regression method

ANN algorithms are powerful mathematical tech-
niques in representing nonlinear relationships among a
set of parameters. To validate it, a nonlinear regression
function is built to compare with the ANN method. The
estimation of SAT is taken as an example. The same
data set as used in the ANN training ( sample- [ 8,482
data sets) is applied to fit a multiple nonlinear regres-
sion function (MNR) as

SAT = a, + a,W + a,V + a;C + a,SST + b, W

+ b,V +b,C° + b,SST (2)

where parameters of W, V, C and SST represent WS,
AWV, LCW, and SST, respectively. The coefficients

in the function are shown as Table 1.

Values of coefficients

) a, a, as

b, b, b b,

-4.1363 0.3211  0.2891

-8.2425 0.8927

-0.0211 -0.0024 10.7535 -0.0031

2.3 Empirical orthogonal function method
Empirical orthogonal function (EOF) is one of the
important statistical methods, which is widely used in
meteorology. The matrix could be decomposed into a
series of ranked eigenvectors with EOF, each of which

1341,

could explain the total variation percentage'
this research, EOF is applied to decompose SATA from
1987 to 2004 in order to find their main variations and
causes. The leading eigenvectors are the emphases,
which imply most of the total variation. The corre-
sponding spatial modes and temporal series could be
recognized to be related with some physical phenome-

na.
3 Result and analysis

3.1 Accuracy and comparison

Here the sample-1I dataset observed from TAO
and NDBC are taken as the standard. The results of
SAT and RH from ANN are compared with them.
Fig. 2 shows the scattered plot of SAT and RH from
ANN with the independent testing items. In Fig.2(a),
the RMS and the correlation of SAT are 0.91°C and
0.99, respectively. Small bias is obtained. The esti-

mations are equal or nearly equal to the observations.
In Fig.2(b), the RMS and the correlation of RH are
3.73% and 0.65, respectively. There is a relatively
large difference between the ranges of them. The scope
of observations is [ 60% , 100% |, but the retrieval re-
sult centralizes in the range of [68% , 93% ]. The ac-
curacies differ greatly in different areas. The better re-
sults observed in the low latitude [25°S, 25°N], the
RMS of SAT and RH are 0.53°C and 2.03% , respec-
tively. The bigger error at the high latitude domain,
the RMS for SAT is 1.06°C and for RH 3.85% . There
are two main reasons for the big bias in high latitude .
(1) sparse in-situ data, (2) affection by the climate
and the terrain. Only 5,154 SAT and 1,025 RH in-si-
tu data are distributed at the high latitude domain. It is
difficult for us to find exact estimations with sparse ob-
servations. Most of in-situ data distribute in the gulf or
near the coast. Parameters around nearshore derived
from satellite, especial SST and wind, are bigger errors
than those over open oceans so errors of inputs may be
passed to the estimations. Meanwhile the complicated
weather in high latitude makes it difficult to obtain the
accuracy as high as in low latitude. The accuracy of
estimations is different in different seasons. The big er-
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rors mainly happen in the period from October to Janu-
ary, especially in January (not shown). In winter cold
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snaps happen frequently and the weather is unstable.
Thus it brings bigger errors in unstable condition.
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Fig.2 (a) Scattered plot of the monthly average SAT from ANN methodology and the observations. (June 1997 ~ May 2004, n =
8173 observations). (b) Scattered plot of the monthly mean RH from ANN and the observations. ( April 1999 ~ May 2004, n

=3756 observations)

In order to illuminate the advantage of ANN, the
results from ANN are compared with those of the MNR
method. Fig. 2 and Fig. 3 show the results from ANN
and MNR, respectively. The root mean square ( RMS)
of SAT between MNR and observations is 1. 0°C and
the correlation is 0. 99 (Fig. 3). The RMS and the
correlation between the ANN and the observations are
0.91°C and 0.99, respectively (Fig.2(a)). Most of
the results from these two methods agree well with in-
situ data, except the cases of low temperatures. There
appear larger errors in MNR than that in ANN in the
cases below 3°C. The bias of ANN method is less than
that of MNR and the correlation of ANN is a little high-
er. It is evident that the ANN methodology is more
powerful in nonlinear simulations than the MNR meth-
od. Thus ANN methodology is chosen to retrieve global
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Fig.3 Scatter plot of the monthly average SAT from multiple

nonlinear regression method and the observations from

June 1997 to May 2004 (n =8173 observations)

SAT and RH parameters. In the following parts, the
results from ANN would be presented in detail.

3.2 SAT and RH retrieved from ANN

The above comparisons in the TAO and NDBC do-
mains indicate that satellite data could act as an effi-
cient alternative to estimate SAT and RH over open
oceans by ANN. The global monthly mean SAT and
RH from July 1987 to May 2004 are derived from the
fixed ANN networks. Fig. 4 presents two cases of glob-
al SATs retrieved from ANN, one is for the normal and
the other is the warm case. Fig.4(a) is the estimation
in January 2003. The SATs distribute regularly from
north to south. The values of SAT in the south hemi-
sphere are higher than that in the north on the same
latitude,, which is consistent with the seasonal feature.
The cold tongue along the western coast of South Amer-
ica, the warm pool in the Indian Ocean and western
Pacific Ocean are well presented in the SAT figures,
for there is high relativity between SAT and SST. This
conclusion agrees with that of Jones et al. (2003).
Fig.4(b) shows the results derived in January 1998,
when strong El Ni 1 o happened. We could see the
SATs are higher in this warm case than that in the nor-
mal, especially that at low latitudes. The cool tongue
along the western coast of South America almost disap-
pears and there the cool tongue is replaced by warm
water. It means some information of ENSO could be
detected by observing air temperature like that from sea
surface temperature.
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(a) SAT retrieval in January 2003
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(b) SAT retrieval in January 1998

Fig.4 Monthly mean air temperature near sea surface derived from ANN method.

The magnitude is shown by the greyscale bar of the image.

3.3 Analysis of SAT with EOF

The annual average SAT is undulate during the pe-
riod of 1988 ~2003 (Fig.5). The highest value of an-
nual average SAT (14.57°C’) appears in 1998, when
the strong El Ni i o happened. The lowest (14.25°C)
appears in 1989 when the La Ni 1 a happened. When
the values of SAT are averaged per five years, the in-
creasing trend appears obviously with the ratio of
0.166°C/decade. The result is consistent with the
global warming. However, we could not confirm the fi-
nal trend for there are no enough data.

Trend of SAT
14.6
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Fig.5 Trend of the annual averaged SAT from 1988 to 2003.
The line denotes the annual average SAT. The dashed

line represents the SAT after averaged per five years.

In order to find the main variation of SAT these
years, EOF is applied to decompose the SAT anomaly
matrix. As stated above, the monthly averages SAT
from July 1987 to May 2004 have be retrieved from
ANN. Then they are arranged into a two dimensional
data matrix according to the time. Some location will
be eliminated once its SAT value is absent in some
month. After processed, the matrix of 43073 x 203 is
got, where 43073 is the number of spatially distributed
locations and 203 is the length of samples. In order to
analyze the abnormal variability of SAT, the long-term
average SAT is subtracted from the SAT to get surface
air temperature anomaly ( SATA). Thus EOF is ap-
plied to decompose the SATA matrix. The leading
three eigenvectors and their EOFs are obtained. The
results are presented in Table 2. The leading three
EOFs could explain 84% of the total variance (figure
not shown). The first EOF ( EOF1), which accounts
for 76.1% , mainly represents the seasonal variation of
SAT. The shape of temporal series is similar to the
curve of sine function and the period is almost one
year. The opposite seasonal signs with out of phase
over the two hemispheres are well shown. The corre-
sponding time series show negative anomalies occur in
boreal winter while positive in austral summer. It could
be considered that EOF1 mainly accounts for the SAT
variation affected by the seasonal change.
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Table 2 Variances explained by EOFs
EOF Percent

Percent cumulative

1 76.1 76.1
2 4.6 80.7
3 3.3 84.0

The second EOF ( EOF2) explains 4.6% of the
variances. It is found that in the temporal series of
EOF2 a high peak appears during the E1 Ni i o period
of 1997/1998. Combined with the corresponding spa-
tial mode, large-scale high positive anomalies appear
along the equator in eastern Pacific, where it should be
cool in normal state. The maximum value of positive
anomaly is up to 0.026°C. Meantime in western Pacif-
ic the SATAs are negative. They are out of phase be-
tween the eastern and western in Pacific from 0°S to
22°S. Perhaps EOF2 explains the contribution of EN-
SO to the anomaly of SAT over oceans.

In the spatial pattern of EOF3, we find that there
are some similar phenomena of SATA over three ocean-
ic currents: Kuroshio in Pacific, Gulf Stream in the
west of Atlantic and Mozambique current in the west of
Indian Ocean. The SATAs are opposite on the two
sides of these currents. Negative anomalies appear to
the south of these currents while positive anomalies
emerge to the north. The area of anomaly affected by
Gulf Stream is larger than that of Kuroshio, for the vol-
ume of the former is larger than that of the latter.
These phenomena are worthy to be further studied.
Over the waters of 30°S ~51°S, the positive and nega-
tive SATAs appear by turns. This phenomenon is very
like the spatial distribution of the Antarctic Circumpo-
lar Current, which was described in Ref. [ 15]. In the
area from 38°N to 58°N, there are large-scale positive
anomalies. It can be thought that maybe the global
warming phenomenon is more obvious in high latitude

of the northern hemisphere these years.
4 Conclusions

A method of ANN is developed to retrieve monthly
average SAT and RH from satellite data. It is managed
to deal with the problems of sparse observations over
ocean. Compared with the MNR method, ANN meth-
odology is more powerful in establishing nonlinear rela-
tions in this field, especially in the case of low SAT.
Compared with the in-situ data from TAO and NDBC,
the RMS of SAT and RH from ANN are 0.91°C and
3.73% , respectively. In the lower latitude, the accu-
racies are better and the RMSs are improved to 0. 53°C
(SAT) and 2.03% (RH). The accuracy of SAT in
low latitude is equal to that obtained by Jones et

al. "' which is known as the best accuracy so far. Al-
though the accuracy of RH is not as good as that of
SAT, a new experiment is shown here for further re-
search. The main obstacle is the lack of observations,
especially in the high latitude. More in-situ data are
needed in the further research to find the relation and
improve the accuracy.

The above analysis shows the ability of ANN to
extract the accurate results of SAT and then the SATs
retrieved from 1987 to 2004 are analyzed. The annual
average of SAT shows an increasing trend in the recent
18 years. The SATAs are decomposed by EOF. The
leading three eigenvectors could explain 84% of the to-
tal variances. The annual variability is the dominant,
which is showed by EOF1 (76. 1% of variance). It
means that SATAs are mostly affected by the solar irra-
diation. ENSO phenomena could be found from EOF2.
The biggest positive anomaly happens in the eastern
Pacific during the strong EI Ni 1 o of 1997/98. The
least appears in the La Ni N a of 1989. In EOF3 spatial
pattern, there is a large scale positive SATA in the
high latitude area. It could be accounted for that the
warming phenomena mainly appear in the high latitude.
This result is close to the conclusion in Ref. [ 16 ],
which indicates that the global air temperatures are
warming in the recent decades and positive anomalies
mostly happen in the high latitudes on the northern
hemisphere. It is surprising that the SATAs are out of
phase on the two sides of the three currents of
Kuroshio, Gulf Stream and Mozambique current. The
positive anomalies happen to the north of these currents
and negative to the south. It may be the currents’ re-
sponses to the global warming. Tt is encouraged that
the signal of SATA could imply the information of the
Antarctic Circumpolar Current. It may be taken as a
favorable evidence as the Antarctic Circumpolar Cur-
rent. Here we only tell the phenomena resulted from
EOF, while its causes and validations are not includ-

ed.
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