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[1] We present a method of selecting a small number of observing locations for capturing
the leading spatial modes of an ocean field and reconstructing the field, assuming
sufficient historical data for extraction of the field’s empirical orthogonal functions
(EOFs). The selection metric contains two main requirements: (1) The EOFs should have
large magnitudes at the selected locations. (2) The cross products between the EOFs
should be small at the selected locations. We select observing points sequentially: adding
points one by one, without modifying the already picked ones. Selection of each
location is by a simple sorting based on the presented metric. We apply the method to the
Pacific sea surface temperature (SST) field, using the Smith-Reynolds SST data set and
the Tropical Atmosphere Ocean Project (TAO) buoys’ SST measurements. We
demonstrate that using observations at a small number of selected locations, one can quite
accurately estimate the leading modes’ amplitudes. Consequently, the full field can be
reconstructed by observations at the selected locations. To evaluate the performance gain
realized by employing the presented algorithm, we also provide two comparisons. In
the first, we confine selections to regions considered logistically accessible. In the second,
we use locations of existing buoys. The reconstruction error using observing locations
selected by our algorithm is significantly lower than that using the buoys’ locations. The
presented algorithm takes into account mismatch between the base data set and the
observations.
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1. Introduction

[2] Estimation of synoptic ocean fields using a limited
number of observing locations is a pervasive problem in
oceanography. Location selection is the key. We need to
pick the locations that are ‘‘representative’’ of the field, so
that we can use observations at those locations to capture
the variability of the field and reconstruct the field. In this
paper, we take advantage of the perspective that a field is
composed of spatial modes. We note that for each mode, the
large-magnitude spots are representative locations because
the mode’s amplitude can be more accurately estimated
from observations at those spots [Zhang and Bellingham,
2006]. This prompts us to develop a mode-based method for
selecting observing locations.
[3] Selecting observing locations is a hard problem.

Suppose the whole field has N grid points, and we are to
select a set of L observing locations. Then there are N !

N�Lð Þ!L!
candidate sets of locations. For each candidate set, one can
use observations at the L locations to make estimates for the
other locations in the field. For instance, when the objective

analysis method [Bretherton et al., 1976; Davis, 1985] is
used, we can obtain the least mean-square error estimate for
any desired location as a linear combination of the L
observations which are weighted by the spatial covariances
between the observing locations and the desired location. In
theory, one could search through all the candidate sets and
compute the corresponding mean-square estimation errors
for the full field. The set that gives the smallest error
becomes the best choice. In practice, when N and L
increase, the above brute-force search rapidly turns infeasi-
ble. For example, when N = 100 and L = 10, the total
number of candidate sets is 1.7 � 1013. One practical
procedure is to start from some initial configuration of
observing locations, and then adjust them by trial and error
[Bretherton et al., 1976]. The configuration that minimizes
the estimation error is selected. This procedure, however, is
prone to missing better options of observing locations.
[4] Barth and Wunsch [1990] used a simulated annealing

method for optimal observational array design. An energy
function is defined to evaluate the performance of any array
configuration. The optimum configuration is expected to
minimize the energy function. The array is initialized to
some configuration, and then updated iteratively. In each
iteration, small random perturbations are applied to the
current configuration. If the new configuration yields an
energy reduction, it is accepted. If the new configuration
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yields an energy increase, it is accepted only with a
probability P = e�

E2�E1
T , where E1 and E2 are the energies

of the current and new configurations, and T is a control
parameter. The control parameter T is lowered in successive
iterations, resulting in a diminishing probability of accept-
ing higher energy configurations. This method is inspired
by the process of thermal annealing, hence termed ‘‘simu-
lated annealing.’’ Since the iterative perturbations are in
small steps, convergence is slow. In practice, convergence
to the global minimum energy point can hardly be guaran-
teed [Barth and Wunsch, 1990]. A drawback of this class of
iterative methods is that in each iteration, the perturbation is
random. As a result, not only the computational load is
typically high [Gloor et al., 2000; Patra and Makasyutov,
2002], but also it is hard to get an insight on how the
optimum is reached.
[5] Empirical orthogonal function (EOF) analysis pro-

vides a compact description of the spatial and temporal
variabilities of a statistical process in terms of orthogonal
functions [Emery and Thomson, 1998]. EOFs are actually
the eigenvectors of the spatial covariance matrix of the
studied field. An ocean field can be considered a superpo-
sition of a set of spatial modes (i.e., the EOFs) weighted by
their respective amplitudes. The variance of a mode’s
amplitude represents the statistical significance of that
mode, i.e., how much of the ocean field’s variability is
contained in that mode. EOF analysis reveals the compris-
ing spatial modes and their weights. Hence one can use the
EOFs as a basis for selecting observing locations.
[6] Oke and Schiller [2007] presented an EOF-based

method for selecting observing locations. The criterion is
that the EOFs sampled at the selected locations be as
mutually orthogonal as possible. This criterion points out
the orthogonality requirement, but overlooks the require-
ment on the EOFs’ magnitudes at the selected locations.
The selection process is to sequentially exclude locations
until the desired number of locations are left. In typical
scenarios where the total number of candidate locations is
large and the observing locations are few, this method’s time
consumption is high.
[7] In section 2, we derive our selection algorithm [Zhang

and Bellingham, 2006]. The selection metric comprises two
main requirements: at the selected locations, the EOFs
should have large magnitudes, and the cross products
between the EOFs should be small. Using this metric, we
select observing locations sequentially. Selection of each
location is accomplished by a simple sorting. In section 5,
we compare the performance of our method with that of the
method of Oke and Schiller [2007].
[8] The selected observing locations are representatives

for the entire studied field. This enables us to grasp the
whole field’s information via measurements made at a small
number of selected locations. In section 3, we apply the
method to the Pacific sea surface temperature (SST) field.
We use the Extended Reconstruction SST (ERSST) version
2 data set (developed by T. M. Smith and R. W. Reynolds)
[International Research Institute, 2007; Smith and Reynolds,
2004] to extract the EOFs. The Smith-Reynolds data used in
the paper contain 300 months of monthly averaged data
from November 1981 to October 2006, covering 44.5�S-
65.5�N and 69.5�W-99.5�E with a spatial resolution of 1� in
latitude and longitude.

[9] First, we select observing locations for capturing the
temporal variabilities of the leading spatial modes. Guided
by the selected locations, we use SST measurements from
three Tropical Atmosphere Ocean Project (TAO) buoys
[National Oceanic and Atmospheric Administration,
2007c] to estimate the first mode’s amplitude. This leads
us to a very efficient approach for classifying the tropical
Pacific SST time series into warm, cold, and neutral El
Niño-Southern Oscillation (ENSO) episodes.
[10] In section 4, we select observing locations for

reconstructing the full SST field. To reach the minimum
reconstruction error, we find the optimum balance between
the number of included modes and the estimation accuracy
of those modes’ amplitudes. In consideration of logistical
restrictions, we confine selections to certain ‘‘deployable’’
regions where most oceanographic buoys are currently
deployed. We compare the reconstruction performance by
such restricted selections with that by unrestricted selections
and by existing buoys’ locations. To cross check the
reconstruction error, we compute the error in two different
ways: (1) the sum of the estimation errors of the included
modes’ amplitudes and the eigenvalues of the discarded
trailing modes, and (2) the actual mean-square error of the
reconstructed fields.
[11] In practice, we need to consider mismatch between the

base data set and the observations, due to measurement noise,
modeling errors, etc. In section 6, we present the modified
selection algorithm. For the Pacific SST fields, we simulate
mismatch fields based on the error analysis of the ERSST
data set [Smith and Reynolds, 2004], and add the mismatch
fields to the base fields. Then we run the modified algorithm
to select observing locations, and compare the reconstruction
performance with the no-mismatch case. We conclude the
paper with conclusions and discussions in section 7.

2. An Efficient Method of Selecting Observing
Locations

[12] Observations in an ocean field can be expressed by a
linear combination of the field’s EOFs [Emery and Thomson,
1998;Davis, 1976]. Hence the field can be approximated by
a number of leading EOFs. The approximation error is
determined by how many EOFs are used and how accu-
rately each EOF’s amplitude is estimated. In section 2.1,
we express the observation vector by the EOFs. In section
2.2, we formulate the field’s approximation error using a set
of leading EOFs. In section 2.3, we derive an efficient
algorithm for selecting observing locations, with the objec-
tive of minimizing estimation errors of the leading EOFs’
amplitudes.

2.1. Observation Vector Expressed by the EOFs

[13] Observations can be expressed by the field’s EOFs.
Since the EOFs are typically extracted from a base data set,
there generally exists an error between the EOF representa-
tion and the true observation, for example due to measure-
ment noise. For clarity of derivations, we do not consider that
error in this section. In section 6, we will take the error into
account and present a comprehensive algorithm.
[14] Suppose an ocean field has N grid points. At any

time instant, all observations can be expressed by an N � 1
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column vector W. Suppose the mean has been removed, so
W has a zero mean.
[15] The covariance matrix of W is

RWW ¼4 E WWT
� �

; ð1Þ

where T stands for transpose.
[16] RWW’s eigenvalues are denoted by l1, l2, . . ., lN in

descending order, and the corresponding eigenvectors are
denoted by U1, U2, . . ., UN. The eigenvectors are orthog-
onalized and normalized,

UT
i Ui ¼ 1 ð2Þ

UT
i Uj ¼ 0 for i 6¼ j: ð3Þ

[17] Then W can be expanded on a basis spanned by the
eigenvectors, known as the Karhunen-Loève expansion
[Van Trees, 1968],

W ¼
XN
i¼1

ciUi: ð4Þ

[18] By premultiplying both sides with Ui
T and utilizing

equations (2) and (3), we see that amplitude ci is W’s
projection on the ith eigenvector Ui,

ci ¼ Ui
TW ¼ WTUi: ð5Þ

[19] Ui are called the EOFs. Since Ui are the basis vectors
that construct the spatial field, they are also deemed the
spatial modes. In this paper, ‘‘EOFs’’ and ‘‘spatial modes’’
are used interchangeably.
[20] It can be shown that amplitude ci is also zero mean,

and is uncorrelated with cj for i 6¼ j. The variance of ci
equals li,

E c2i
� �

¼ li ð6Þ

E cicj
� �

¼ 0 for i 6¼ j; ð7Þ

where ci describes the studied field’s variability in terms of
the ith EOF. The EOFs with small i are the leading spatial
modes, because their amplitudes have larger variances and
thus make more contributions to the total variance of the
field.
[21] We place all the eigenvectors (column vectors) in an

N � N matrix Q = [U1 U2 � � � UN], and express the EOF
amplitudes by a column vector C = [c1 c2 � � � cN]T. Then
equation (4) can be rewritten as

W ¼ QC: ð8Þ

[22] Suppose owing to resource limitations, we can only
afford to make observations at L locations (L < N). Then the
observation vector is an L � 1 column vector,

Wobs ¼ PobsW ; ð9Þ

where we use an L � N matrix Pobs to facilitate the notation
of the observing locations. Suppose observations are made
at locations kl, l = 1, 2, � � � , L. Then Pobs has L rows. On the
lth row, the klth element is one and all the other elements are
zero. For instance, when N = 6, L = 3 with k1 = 2, k2 = 4,
and k3 = 5 (i.e., observations are made only at the second,
fourth, and fifth grid points), Pobs is

Pobs ¼
0 1 0 0 0 0

0 0 0 1 0 0

0 0 0 0 1 0

2
4

3
5: ð10Þ

[23] Incorporating equation (8) into equation (9), we have

Wobs ¼ PobsQC; ð11Þ

i.e.,

Wobs kð Þ ¼
XN
j¼1

cjUj kð Þ
� �

k ¼ k1; k2; � � � ; kL: ð12Þ

[24] When the observations are made in a time series, ci is
also a function of time. Our goal is to obtain a close estimate
of ci of the leading spatial modes, using observations at just
a few selected locations.

2.2. Approximation Error Using the Leading Modes

[25] Now we formulate the error of approximating the
field by a set of leading modes whose amplitudes are
estimated by the observations. Suppose we desire to ap-
proximate W by a weighted sum of M basis vectors Vi,

WM ¼
XM
i¼1

ciVi 	 W : ð13Þ

[26] The mean-square approximation error is

xM ¼ E W �WMð ÞT W �WMð Þ
h i

: ð14Þ

[27] It can be proved that to minimize xM, we should
select Vi to be the M leading EOFs U1, . . ., UM [Fukunaga,
1990]. Correspondingly, ci is the EOF amplitude. This
optimum linear approximation minimizes xM among all
choices of M basis vectors,

xM min ¼ E W �
XM
i¼1

ciUi

 !T

W �
XM
i¼1

ciUi

 !" #

¼ E
XN
i¼1

ciUi �
XM
i¼1

ciUi

 !T XN
i¼1

ciUi �
XM
i¼1

ciUi

 !" #

¼ E
XN

i¼Mþ1

ciUi

 !T XN
i¼Mþ1

ciUi

 !" #

¼
XN

i¼Mþ1

li; ð15Þ

where we used equations (4), (2), (3), and (6).
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[28] When the field is observed at L (M � L < N)
locations, we can estimate ci using the L observations.
Replacing ci with its estimate ĉi, we have

W 0
M ¼

XM
i¼1

ĉiUi: ð16Þ

The actual approximation error becomes

x0M ¼ E W �
XM
i¼1

ĉiUi

 !T

W �
XM
i¼1

ĉiUi

 !" #

¼ E
XN
i¼1

ciUi �
XM
i¼1

ĉiUi

 !T XN
i¼1

ciUi �
XM
i¼1

ĉiUi

 !" #

¼ E
XM
i¼1

ciUi þ
XN

i¼Mþ1

ciUi �
XM
i¼1

ĉiUi

 !T"

�
XM
i¼1

ciUi þ
XN

i¼Mþ1

ciUi �
XM
i¼1

ĉiUi

 !#

¼ E
XM
i¼1

ci � ĉið ÞUT
i

 ! XM
i¼1

ci � ĉið ÞUi

 !" #

þ E
XN

i¼Mþ1

ciU
T
i

 ! XM
i¼1

ci � ĉið ÞUi

 !" #

þ E
XM
i¼1

ci � ĉið ÞUT
i

 ! XN
i¼Mþ1

ciUi

 !" #

þ E
XN

i¼Mþ1

ciU
T
i

 ! XN
i¼Mþ1

ciUi

 !" #
: ð17Þ

[29] By equation (3), the second and third terms
vanish. By equations (2), (3), and (6), the first term reduces

to
PM
i¼1

E[(ci � ĉi)
2 ], and the fourth term reduces to

PN
i¼Mþ1

li.

Therefore equation (17) reduces to

x0M ¼
XM
i¼1

E ci � ĉið Þ2
h i

þ
XN

i¼Mþ1

li: ð18Þ

[30] Thus the approximation error x0M is composed of two
terms. The first term is the sum of the mean-square errors of
ĉi of the M leading modes. The second term is the sum of
the variances of the (N–M) trailing modes that are dis-
carded. On the one hand, we want to include more modes
(i.e., a larger M) to reduce the second error term. On the
other hand, when the total number of observing locations L
is fixed, the first error term typically grows with M because
estimations of ci become less accurate. To reach the mini-
mum x0M, we take the following steps.
[31] 1. Set M successively to 1, 2, . . . L, and evaluate x 0M

for each setting. The second term of x0M is straightforward.
The crux is with the first term: given M (M � L), how to

select the L observing locations so that
PM
i¼1

E[(ci�ĉi)
2] is

minimized.
[32] 2. Select the optimum M that gives the minimum x0M,

and select the corresponding L observing locations.
[33] In the following, we focus on the essential problem:

given M, how to select the L observing locations that

minimize
PM
i¼1

E[(ci�ĉi)
2].

[34] We know that ci is estimated by the L observations.
In equation (9), we replace W by its leading-modes

approximation W0
M =

PM
i¼1

ĉiUi. Then Wobs is approximated

by Pobs

PM
i¼1

ĉiUi. The mean-square approximation error of

Wobs is

xobs M ¼ E Wobs � Pobs

XM
i¼1

ĉiUi

 !T

Wobs � Pobs

XM
i¼1

ĉiUi

 !" #
:

ð19Þ

[35] For each candidate set of L observing locations, the
least mean-square error (LMSE) estimates of ci that mini-
mize xobs_M are

ĉ1 LMSE

ĉ2 LMSE

..

.

ĉM LMSE

2
6664

3
7775 ¼ PobsQMð ÞT PobsQMð Þ

h i�1

PobsQMð ÞTWobs

h i
; ð20Þ

where the N �M matrix QM = [U1 U2 � � � UM] only contains
the M leading EOFs. The above solution exists provided
that [(Pobs QM)

T (Pobs QM)] is positive definite.
[36] For any set of L observing locations, eLMSE =PM

i¼1

E [(ci � ĉi_LMSE)
2] can be evaluated when we plug in

equation (11). In theory, one could search through all the
N !

ðN�LÞ!L! candidate sets of L locations, and select the one that
minimizes eLMSE. In practice, however, this search rapidly
becomes infeasible when N and L increase. This is the same
problem encountered in section 1 for observational array
design using objective analysis.

2.3. Our Observing Locations Selection Algorithm

[37] To develop an efficient selection algorithm, we
consider the mean-square error of projecting Wobs onto each
individual mode. Suppose we intend to select L observing
locations for estimating ci by projection. We denote such an
estimate by ĉi_individual, adding the subscript for distinction
from ĉi_LMSE in equation (20). To solve for ĉi_individual, we
project Wobs onto Ui and minimize the mean-square error,

xi individual ¼ E Wobs � Pobs ĉi individualUið Þ½ �T
h

� Wobs � Pobs ĉi individualUið Þ½ �
i
: ð21Þ
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[38] The estimate of ci that minimizes the above error is

ĉi individual ¼
UT

i P
T
obsWobs

UT
i P

T
obsPobsUi

¼

PkL
k¼k1

Ui kð ÞWobs kð Þ½ �;

PkL
k¼k1

U2
i kð Þ

ð22Þ

where k is the index of the L observing locations.
[39] Incorporatingequation (12) intoequation (22),wehave

ĉi individual ¼

PkL
k¼k1

Ui kð Þ
PN
j¼1

cjUj kð Þ
� �( )

PkL
k¼k1

U2
i kð Þ

¼

PN
j¼1

cj
PkL
k¼k1

Ui kð ÞUj kð Þ
� �( )

PkL
k¼k1

U2
i kð Þ

: ð23Þ

[40] The mean-square error of ĉi_individual against ci is (see
Appendix A for the derivation of equation (A5)),

eci individual ¼ E ci � ĉi individualð Þ2
h i

¼

P
j6¼i

lj

PkL
k¼k1

Ui kð ÞUj kð Þ
� �( )2

8<
:

9=
;

PkL
k¼k1

U2
i kð Þ

" #2 ð24Þ

[41] To minimize eci_individual, it is required that at the
selected locations, (1) Ui should have large magnitudes, and
(2) the cross products of Ui and the other EOFs should be
small, where the cross products are weighted by lj, j 6¼ i.
[42] We use a most simplified case to illustrate the first

requirement. Consider a random field X that has only two
grid points with measurements X(1) and X(2), respectively.
To facilitate geometric interpretation, we express X(1) and
X(2) as the abscissa and ordinate respectively, as shown in
Figure 1. Suppose X(1) and X(2) have a joint Gaussian
distribution represented by the shaded ellipse. Any mea-
surement in the field can be expressed by a vector X(1)~i +
X(2)~j, where~i and~j are unit vectors on the X(1) and X(2)
axes, respectively.
[43] Unit vector U1 is the principal EOF corresponding to

the larger eigenvalue l1. Its projections on the X(1) and X(2)
axes are U1(1) and U1(2), respectively. Unit vector U2 is the
minor EOF corresponding to the smaller eigenvalue l2. Its
projections on the X(1) and X(2) axes are U2(1) and U2(2),
respectively. Any measurement vector can be rewritten as
c1U1+ c2U2 where c1 and c2 are the amplitudes of the two
EOFs. Suppose the task is to estimate c1 by using only one
observation, X(1) or X(2). Which one should we choose?
[44] Consider the blue dot lying on U1. Its distance from

the origin is just c1 (noting that U1 is of unit length).
First, let us estimate c1 by X(1), using equation (22) (noting
that L = 1),

ĉ1 ¼
X 1ð Þ
U1 1ð Þ : ð25Þ

[45] All points on the vertical dotted green line have the
same projection X(1) on the abscissa. Hence their ĉ1 as
estimated by equation (25) are the same, but their true ĉ1
actually vary over a range denoted by the short thick green

Figure 1. Geometric interpretation of the first requirement on selecting observing locations.
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bar on U1. Thus the short thick green bar depicts the error
range of ĉ1 estimated by X(1).
[46] For comparison, now we estimate c1 by X(2), still

using equation (22),

ĉ1 ¼
X 2ð Þ
U1 2ð Þ : ð26Þ

[47] All points on the horizontal dotted red line have the
same projection X(2) on the ordinate. Hence their ĉ1 as
estimated by equation (26) are the same, but their true c1
actually vary over a range denoted by the long solid red line
on U1. Thus the long solid red line depicts the error range of
ĉ1 estimated by X(2).
[48] The thick green bar is much shorter than the solid red

line, which means that using X(1) gives a more accurate ĉ1
than using X(2). The underlying reason is explained by the
simple geometry: because U1 leans more toward the X(1)
axis (i.e., U1

2(1)>U1
2(2)), using X(1) is preferable for esti-

mating c1.
[49] The second requirement is due to the projection

approach used for estimating ĉi_individual, as expressed in
Equations (21) and (22). When we project a vector onto a
set of orthogonal unit basis vectors, the projection on each
basis vector is precisely the amplitude of that basis vector. If
the basis vectors are not orthogonal, the projection will not
be precisely the amplitude; that is, there will be an estima-
tion error. Therefore, to obtain a good estimate of
ĉi_individual, it is required that [Ui(k1) � � � Ui(kL)] and
[Uj(k1) � � � Uj(kL)] be as orthogonal as possible (for i 6¼ j);
that is, their cross products should be as small as possible.
[50] Now we move on to the goal of selecting L observing

locations for the M leading spatial modes. On the basis of
equation (24), the sum of eci (for i = 1, � � �, M) is

XM
i¼1

eci individual ¼
XM
i¼1

P
j6¼i

lj

PkL
k¼k1

Ui kð ÞUj kð Þ
� �( )2

8<
:

9=
;

PkL
k¼k1

U 2
i kð Þ

" #2 : ð27Þ

PM
i¼1

"ci_individual in equation (27) comprises estimation

errors for all the included modes. Hence we propose to

use
PM
i¼1

"ci_individual as a metric for selecting the L observing

locations. Therefore our selection algorithm is

kf gselected¼ kf g
argmin XM

i¼1

P
j6¼i

lj

PkL
k¼k1

Ui kð ÞUj kð Þ
� �( )2

8<
:

9=
;

PkL
k¼k1

U 2
i kð Þ

" #2

8>>>>>><
>>>>>>:

9>>>>>>=
>>>>>>;
;

ð28Þ

where {k}selected denotes the set of L selected locations
{k1_selected, k2_selected, � � �, kL_selected.}
[51] We do not attempt to select the whole set of L

locations all at once, because that would require searching

through a pool of candidate sets whose size grows facto-
rially with L. Instead, we take sequential steps to select the L
locations.
[52] 1. Pick the first location k1_selected, using equation

(28),

k1 selected ¼ arg min
k1

XM
i¼1

P
j6¼i

lj Ui k1ð ÞUj k1ð Þ
� �2n o
U2

i k1ð Þ½ �2

8>><
>>:

9>>=
>>;

¼ arg min
k1

XM
i¼1

P
j6¼i

ljU
2
j k1ð Þ

n o
U2

i k1ð Þ

8>><
>>:

9>>=
>>; ð29Þ

The k1_selected is easily found by a simple sorting through all
grid points.
[53] 2. Keep k1_selected fixed, and move on to pick the

second location k2_selected, still by equation (28),

k2 selected ¼ arg min
k2

PM
i¼1

P
j6¼i

lj Ui k1 selectedð ÞUj k1 selectedð ÞþUi k2ð ÞUj k2ð Þ½ �2
� �

U2
i
k1 selectedð ÞþU2

i
k2ð Þ½ �2

8<
:

9=
; :

ð30Þ

Again, k2_selected can be found by a simple sorting through
all the remaining grid points excluding k1_selected.
[54] 3. Sequentially pick k3_selected, � � �, kL_selected.
[55] Note that after observing locations are selected, we

will estimate ci by equation (20) (a joint solution).

3. Selecting Observing Locations for Capturing
the Leading Modes of an Ocean Field

[56] We apply the presented method to selecting observ-
ing locations in the Pacific SST field. We use the ERSST
version 2 data set as the base data set for extracting the
EOFs. In section 3.2, observing locations are selected for
capturing the leading spatial modes. Guided by the selected
locations, in section 3.3 we use SST measurements from
three TAO buoys to estimate the first mode’s amplitude. In
section 3.4, we classify the ENSO episodes by measure-
ments from only two TAO buoys within the Niño 3.4
region.

3.1. Leading Spatial Modes

[57] The Smith-Reynolds SST data set was built upon in
situ measurements made by ships and buoys, as well as
satellite measurements (since 1981). First, quality controlled
data were averaged onto a grid. Then SST climatology and
low-frequency anomalywere computed. SST high-frequency
anomaly was estimated by fitting a set of spatial modes to the
measurements (the climatology and the low-frequency anom-
aly removed). Finally, the climatology, the low-frequency
anomaly, and the high-frequency anomaly were added to-
gether as the reconstructed SST. Since November 1981,
satellite SST data became available to provide denser meas-
urements. So in the paper, we use data from November 1981
toOctober 2006, containing 300months of monthly averaged
data. We only use data for the Pacific Ocean: 44.5�S-65.5�N
and 69.5�W-99.5�E, with a spatial resolution of 1� in latitude
and longitude. The whole SST field studied has 15604 grid
points in the ocean.
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