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Abstract

In this study, a moored array optimization tool (MAOT) was developed and applied to the South China Sea (SCS)
with a focus on three-dimensional temperature and salinity observations. Application of the MAOT involves two
steps: (1) deriving a set of optimal arrays that are independent of each other for different variables at different
depths based on an empirical orthogonal function method, and (2) consolidating these arrays using a K-center
clustering algorithm. Compared with the assumed initial array consisting of 17 mooring sites located on a 3°x3°
horizontal grid, the consolidated array improved the observing ability for three-dimensional temperature and
salinity in the SCS with optimization efficiencies of 19.03% and 21.38%, respectively. Experiments with an
increased number of moored sites showed that the most cost-effective option is a total of 20 moorings, improving
the observing ability with optimization efficiencies up to 26.54% for temperature and 27.25% for salinity. The
design of an objective array relies on the ocean phenomenon of interest and its spatial and temporal scales. In this
study, we focus on basin-scale variations in temperature and salinity in the SCS, and thus our consolidated array
may not well resolve mesoscale processes. The MAOT can be extended to include other variables and multi-scale
variability and can be applied to other regions.
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1 Introduction

Oceanography depends on observations. Accurate and suffi-
cient observations are the essential prerequisites for revealing
ocean phenomena, understanding ocean variability, and improv-
ing ocean prediction skills. The continuous measurement of
ocean variables at fixed stations, such as a moored buoy array or
subsurface mooring array (collectively referred to as moored or
mooring array hereafter), is one of the most important ap-
proaches to collect long-term time series of the three-dimension-
al data on ocean temperature, salinity, and velocity. Although the
ideal number of moored array sites is “the more the better”,
available sites, however, could never be adequate to cover the in-
vestigated domain due to costly instruments required for each
site in reality. Therefore, it is important to determine the optim-
um array design using a limited number of station sites. The site
locations in an optimum array design should be the most “rep-
resentative” of the area of interest and would thus yield the best
estimation or prediction of oceanic characteristics (Lermusiaux,
2007; Zhang et al., 2020).

One way of determining an optimum array design is by con-
ducting an observation system simulation experiment (OSSE)

(Masutani et al., 2010). The OSSE approach was first used in the
meteorological community to assess potential improvements in
numerical weather prediction with additional observations in-
volved and was later widely used to design the meteorological
station network (Arnold and Dey, 1986). The application of
OSSEs in physical oceanography has been promoted by an in-
crease in ocean observation. Examples include optimal designs
of a tide gauge array (McIntosh, 1987), tropical Atlantic mooring
array (Hackert et al., 1998), monitoring array for the North At-
lantic meridional overturning (Hirschi et al., 2003), tropical Indi-
an Ocean mooring array (Ballabrera-Poy et al., 2007; Oke and
Schiller, 2007; Sakov and Oke, 2008), Pacific Ocean mooring ar-
ray (Zhang and Bellingham, 2008; Liu et al., 2018b), and mooring
arrays for regional and coastal seas (Frolov et al., 2008; Yildirim
etal., 2009; Fu et al., 2011; Xue et al., 2011; Zhang et al., 2019;
Geng et al., 2020). The OSSEs have also been employed to assess
the ability of a moorings observing system in monitoring the in-
traseasonal variability of currents in the northwestern tropical
Pacific Ocean (Liu et al., 2018a). In addition, several investiga-
tions have used OSSEs to propose an optimum sampling design
for hybrid instruments and platforms, e.g., glider-mooring ob-
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serving system (Alvarez and Mourre, 2012) and Argo-mooring
observing system (Gasparin et al., 2015).

A moored array design is essentially an optimization problem
to identify optimal observation locations under constrained con-
ditions. The most commonly used methods for qualifying the ef-
fectiveness of an array fall into three classes: (1) numerical mod-
eling with data assimilation schemes (Fujii et al., 2019; Zhang
et al., 2020), (2) conditional nonlinear optimal perturbation
(CNOP) or singular vector (SV)-based targeted observation
(Palmer et al., 1998; Zhang et al., 2020), and (3) empirical ortho-
gonal function (EOF)-based determination of the best observing
locations (Oke and Schiller, 2007; Zhang and Bellingham, 2008).
Data assimilation can significantly improve the simulation cap-
ability of an ocean model by assimilating observational data into
the model to reduce biases between the simulated and observed
ocean. Its advantage for the design of an optimum observation
system lies in the fact that it directly contributes to improving
ocean simulation and prediction. The data assimilation-based
approach has been successfully applied to both open and coastal
oceans (Ballabrera-Poy et al., 2007; Vecchi and Harrison, 2007;
Sakov and Oke, 2008; Fu et al., 2011; Oke and Sakov, 2012; Liu
etal., 2018a, 2018b; Fujii et al., 2019; Geng et al., 2020). The dis-
advantage of the data assimilation-based approach is that its
huge computation needs require a High-Performance Comput-
ing Cluster (HPCC). Therefore, it is not possible to perform this
analysis on personal computers or workstations, and it is also dif-
ficult to switch between different HPCC platforms. The SV- or
CNOP-based approaches seek optimal observation locations
based on the fastest growth of initial errors in a forecast model
(Mu and Duan, 2003). The CNOP-based approach has been
demonstrated to be effective for improving predictions of ocean-
atmospheric phenomena, such as the El Nifio-Southern Oscilla-
tion, Indian Ocean Dipole, and Kuroshio variability (Hu and
Duan, 2016; Feng et al., 2017; Zhang et al., 2017, 2019).

In addition to the data assimilation and CNOP approaches,
both of which use numerical modeling and therefore require HP-
CC support, the EOF-based approach provides a simple and eco-
nomic approach for optimum array design (Oke and Schiller,
2007; Zhang and Bellingham, 2008). An EOF analysis can decom-
pose an ocean field into a set of spatial modes weighted by cor-
responding time series coefficients (Thomson and Emery, 2014).
Hence the ocean field can be reconstructed by the superposition
of several leading modes, with the reconstruction error determ-
ined by the number and accuracy of these modes and their amp-
litudes. The optimum array is then identified by picking the loca-
tions that yield the smallest reconstruction error. An EOF analys-
is resolves only individual two-dimensional variables. Con-
sequently, the optimum arrays for ocean temperature and salin-
ity at different depths are inconsistent with each other. Therefore,
it needs an appropriate method to consolidate these arrays as
vertically consistent, which has not been fully addressed yet.

The South China Sea (SCS), the largest semi-enclosed mar-
ginal sea in the Northwest Pacific Ocean, has multi-scale dynam-
ic processes (Hu et al., 2020). Researchers have built and contin-
ue to maintain long-term continuous observation stations in the
SCS. The Ocean University of China (OUC) has maintained a
moored array in the northeastern SCS since 2009. This array has
successfully captured ocean dynamic processes such as Luzon
Strait transport and deep currents (Yang et al., 2007; Zhang et al.,
2015; Zhao et al., 2014), Kuroshio loop current (Sun et al., 2020),
deep west boundary current (Zhou et al., 2017), as well as meso-
scale eddies, internal waves, and internal tides (Huang et al.,
2017, 2018; Wang et al., 2020). The South China Sea Institute of

Oceanology, Chinese Academy of Sciences has organized an an-
nual series of scientific open cruises with the goal of establishing
a mesoscale hydrological and marine meteorological observa-
tion network in the SCS (Yang et al., 2015; Zeng et al., 2015). The
First Institute of Oceanography, Ministry of Natural Resources
has conducted a 10-year observation in the Karimata Strait fo-
cused on the SCS-Indonesian seas water exchange and its im-
pacts on seasonal fish migration (Wei et al., 2019). The moored
arrays of these observation networks, however, focus more on
specific scientific issues, and thus the distribution of these arrays
is concentered in the northeastern SCS and in the Luzon and
Karimata straits. The overall coverage is still rare, resulting in
gaps in understanding and prediction of the three-dimensional
SCS. Li et al. (2014) suggested that the SCS western boundary
current (SCSWBC) region is a potential target observation area to
improve forecast skill of ocean model over the SCS. Using an en-
semble-based data assimilation method, Geng et al. (2020) sug-
gested that the OUC arrays might oversample at the northwest of
Luzon Strait and undersample at the northwest of Luzon Island.
Their proposed optimal array provides better coverage in the
northern SCS than the OUC arrays.

Currently, there are few investigations on how to design an ef-
ficient and economical array that is capable of detecting the
dominant modes of basin scale variability in the SCS. In this
study, we develop a moored array optimization tool (MAOT) that
combines the EOF-based approach with a K-center clustering al-
gorithm. The MAOT procedure has two steps: (1) derive optimal
arrays of different variables at different depths using an EOF-
based approach following Oke and Schiller (2007), and (2) con-
solidate these arrays using a K-center clustering algorithm. The
MAOT is then applied to derive the optimum array for three-di-
mensional temperature and salinity observations in the SCS. It
should be noted that we focus on variability at an interannual
time scale for simplicity, but the MAOT could consider multi-
scale variability.

The paper is organized as follows: Section 2 describes the
data and methods, the results from a series of experiments are
presented in Section 3, followed by a summary in Section 4.

2 Data and methods

2.1 Re-analysis product

The global reanalysis product Simple Ocean Data Assimila-
tion (SODA) version 3.4.1 was used to provide three-dimensional
temperature and salinity data on a monthly time interval from
January 1980 to December 2015. The SODA3.4.1 is based on the
Modular Ocean Model version 5 with optimum interpolation as-
similation method being applied. The ocean model is forced by
ERA-Interim near-surface atmospheric variables. Flux correction
was applied to improve net surface heat and freshwater flux. The
product covers the domain of 75.25°S-89.25°N, 0.25°E-179.75°W
with a horizontal grid resolution of 0.5°x0.5° at 50 vertical levels.
In the vertical dimension, the grid resolution changes from 10 m
in the upper 100 m to much coarser resolution of around 250 m
in the deep ocean. A detailed description of the SODA3 re-ana-
lysis can be found in Carton et al. (2018).

The SODA re-analysis data have been suggested in good
agreement with Argo and in situ observations (Liang et al., 2019;
Xiao et al., 2019). In addition, there are also lots of studies based
on the SODA data, showing reasonable results of the meridional
overturning circulation in the South China Sea, inter-basin trans-
port through the Luzon, Mindoro and Karimata straits, and ther-
mocline variability, etc. (Zhu et al., 2016; Peng et al., 2018). The
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EOF results of sea surface temperature based on SODA generally
coincide with that of observations (Fang et al., 2006). Therefore,
the SODA data is basically reliable, albeit may not fully capture
all dynamical processes in the SCS.

It should be noted that there may be data-dependent for the
MAOT approach, say, the optimal arrays would not necessarily
consistent with each other based on different reanalysis
products. In fact, the MAOT could give a consolidated array by
considering multi-datasets with multi-variables, which would be
better in terms of “ensemble mean” viewpoint. In this study, the
key point is to show the application of MAOT in objective array
design, therefore, for simplicity, we only use SODA data as an ex-
ample.

2.2 EOF-based approach for optimum array design

The dominant EOFs of the variables could be used as a set of
basic functions.

For a time series of two-dimensional variable such as temper-
ature or salinity at each depth, it can be represented as v (nlon,
nlat, nt), where nlon and nlat are the numbers of zonal and meri-
dional grid point, respectively; nt is the length of the time series.
Before using EOF analysis, the three-dimensional matrix v
should be reshaped as w (n, nt), where n = nlon x nlat is the
number of total grid point of v. Then the reconstructed field w*
can be obtained by

w* =W+ Mc, (1)

where W is time averaged from w, M is an n x m matrix that con-
sist of the first m leading EOF modes of W, which can be written
as Eq. (2), and ¢ is a m x 1 vector of weighting coefficients of the
EOFs that need to be determined to derive w*.

M= [, W ), @

where wf%|;_; 5 . is the i th dominant EOF, and is equal to
the i th column of matrix M.

The coefficients ¢ is determined by calculating the least
squares solution to the linear system,

HMc = u°, 3)

where H is an operator that interpolates the matrix M from grid
space (n x 1) to objective array space (p x 1), and p is the station
number of the array. Thus, the i th column of HM represents the
i th EOF that interpolated to the p locations of the objective array;
and w’ is a p x 1 vector derived from the objective array with the
temporal mean removed.

The accuracy of w* depends on how well the operator H is
determined. It is obviously that the columns of M are orthogonal,
and then an orthonormal matrix M can be obtained by normaliz-
ing all columns of M. The orthonormal matrix M satisfy that
M M — 1, where jf" is the transform of M, and I is the identity

\NT / ~
matrix. Therefore, H can be defined as that makes (HM) (HM) =

I. Then, the coefficient ¢ can be calculated from Eq. (3). In prac-
tice, it is no guarantee that there is a H absolutely satisfy

NT
(HM) (HM) = I. So we introduce condition number as a cri-
NT / ~
terion to seek H that makes (HM) (HM as close to I as pos-

sible (Haber et al., 2001). Let B = (H1l~/1) (HM), the condition
number is defined as the product of the norm of B and the norm

of the inverse of B. More details of the procedure were given in
Oke and Schiller (2007).

2.3 K-center clustering algorithm

The EOF-based optimum arrays contain temperature and sa-
linity observations that are inconsistent with each other at differ-
ent depths. Therefore, it is necessary to consolidate these arrays
with consistent station locations at all depths. In previous stud-
ies, the most frequently occurring locations were selected for the
consolidated array. This method is highly dependent on the hori-
zontal grid resolution. In this study, the K-center clustering al-
gorithm, which classifies similar elements into closely related
clusters, is used to consolidate these arrays. The K-center cluster-
ing algorithm is adopted from Park and Jun (2009).

Suppose that N points should be grouped into K(K<N)
clusters. In this study, the K values are determined as the pro-
posed station numbers. The steps of K-center clustering al-
gorithm are as follows:

(1) Initialize the K-center points by randomly select K points
as the initial center of each cluster.

(2) Classify N points to K clusters. Firstly, the Manhattan dis-
tance is used as a dissimilarity measure in this study. The Man-
hattan distance between point i and j is given by

d(i,j) = !xi - xj| + |J’i —J’j| . 4

Secondly, the N points are classified as K clusters by assign-
ing each point to the nearest initial center.

(3) Update the locations of the K-center points. In each
cluster, the Manhattan distance for each point between the rest
of points are calculated with their summation defined as total
distance. The new locations of the K-center points are then selec-
ted as those yield minimum total distances.

(4) Repeat steps (2) and (3) until the change in minimum total
distance for each of the K clusters is smaller than 10~ m, and
then these K-center points is regarded as the final locations.

2.4 OSSE design and assessment

In this study, the temperature and salinity compiled on the
0.5°x0.5° by 50 vertical levels from the SODA3.4.1 re-analysis
product are assumed as the observed real fields. The procedure
of MAOT for optimal array derivation contains the following
steps: (1) starting with an array that includes all of the grid point
of the analysis field in the SCS (a total of 673 points at 0.5°x0.5°
resolution in this study); (2) excluding a single point which res-

NT /
ults in the smallest condition number of (HM) (HM) for the

rest grid points; (3) repeating step (2) until the number of the rest
grid points equal to the initial mooring number. Therefore, the
optimal arrays do not depend on the mooring locations of the ini-
tial array, if the mooring number is fixed. It should be noting that
mooring locations of the initial array must match the grid resolu-
tion of the analysis field, in another word, they must be included
in the 673 points at the 0.5°x0.5° resolution of SODA3.4.1 re-ana-
lysis product. The configuration of mooring locations in the ini-
tial array results in a different optimization efficiency for the op-
timal array. For simplicity, we proposed an initial array for ob-
serving the real field that consisted of 17 mooring sites on a 3°x3°
grid in the SCS (Fig. 1). The OSSEs are conducted for temperat-
ure and salinity at different depths in the upper 2 000 m approx-
imately (5m, 15m, 25 m, 35 m, 46 m, 56 m, 66 m, 77 m, 88 m, 99 m,
110 m, 122 m, 135m, 149 m, 164 m, 181 m, 201 m, 225 m, 253 m,
288 m, 330 m, 382 m, 447 m, 525 m, 619 m, 729 m, 855 m, 997 m,
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Fig. 1. Topography of the South China Sea. White squares rep-
resent the locations of the assumed initial array.

1152m,1320m, 1498 m, 1683 m, 1875m, 2071 m, and 2271 m).
Therefore, a total of 35 optimal arrays were derived for temperat-
ure and salinity at different depths. The mooring sites for these 70
optimal arrays were not consistent with one another. The K-cen-
ter clustering algorithm was used to consolidate the 70 optimal
arrays into one consolidated array.

The root mean square error (RMSE) between reconstructed
and observed real field data is used to assess the observing abil-
ity of the initial, optimal, and consolidated arrays. The RMSEs at
different depths are calculated as

RMSE =

=3 -l ©)
i=1

where 7 is the number of grid points; y; is the value of the ob-
served real field, and y{ is the value of the reconstructed field.
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Fig. 2.

Since the temperature varies from around 30°C in the mixed
layer to only 2°C in the deep layer, the RMSEs are also larger in
the upper layers and smaller in the deeper layers. Therefore, the
smaller RMSEs at depths do not necessarily mean that there is
better observing ability in the deeper layers than in the upper lay-
ers. The averaged RMSEs (after area weighting) were divided by
the ranges (the maximum minus the minimum) to obtain nor-
malized RMSEs (NRMSEs). These are used to compare the im-
provement of the observing ability.

The optimization efficiency of array 2 relative to array 1 is
defined as

~ (NRMSE1 — NRMSE2)

OE
NRMSE1

x 100%, 6)

where NRMSE1 is the NRMSE for the OSSE using array 1, and
NRMSE?2 is the NRMSE for the OSSE using array 2.

3 Results

3.1 Interannual variability of sea temperature and salinity in the

SCS

Figure 2 shows the standard deviations of sea surface temper-
ature and salinity anomalies in the SCS in SODA3.4.1. The results
show that the strongest interannual variation of sea surface tem-
perature anomalies (SSTA) is in the Luzon Strait and SCSWBC re-
gion, with a standard deviation of approximately 0.6°C. The basin
scale distribution of SSTA standard deviation generally shows
larger values in the northwestern SCS and smaller values in the
southeastern SCS. The sea surface salinity anomalies (SSSA)
show the strongest interannual variation along the northern
slope and in the southeast of Vietnam, with a standard deviation
of approximately 0.5. The distribution of SSSA standard devi-
ation is somewhat opposite to that of SSTA, showing larger val-
ues in the southwestern SCS and smaller values in the northeast-
ern SCS, except for the northern slope.

Figure 3 shows the spatial structure of the first three EOF
modes of the SSTA and SSSA. The variance contributions of the
first three modes are 62.9%, 7.9%, and 6.4% for SSTA and 51.6%,
9.8%, and 5.1% for SSSA. The patterns of the first EOF mode for
SSTA and SSSA are reminiscent of their standard deviation, sug-

110°

114° 118° 122°E

Standard deviation/psu

Standard deviation of sea surface temperature (a) and salinity anomalies (b).
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Fig. 3. Spatial patterns of the first (a), second (b), and third (c) empirical orthogonal function (EOF) modes for sea surface tem-
perature anomalies (SSTA) in the South China Sea; d-f are the same as a-c but for sea surface salinity anomalies (SSSA).

gesting that most of the interannual variations for SSTA and SSSA
can be explained by the first EOF mode (Figs 3a, d). The second
EOF mode exhibits a meridional dipole pattern in both SSTA and
SSSA (Figs 3b, €). The third EOF mode of SSTA shows positive an-
omalies in the northwestern SCS and along the SCSWBC region
and negative anomalies in the eastern SCS (Fig. 3c). For SSSA, the
third EOF mode shows a pattern similar to the first EOF mode of
SSTA, but with an opposite sign, i.e., positive anomalies in the
southern region of the deep basin (Fig. 3f). Overall, the
SODA3.4.1 has well reproduced the dominant EOF modes of
SSTA and SSSA in the SCS as compared to previous observations

Depth/m

(Fang et al., 2006; Yi et al., 2020).

Figure 4 shows the cumulative variation contribution of dif-
ferent numbers of leading EOF modes at different depths for tem-
perature and salinity anomalies. The first 15-18 EOF modes ex-
plain more than 80% of the total variance for temperature anom-
alies in the upper layers. For upper layer salinity, 9-12 EOF
modes are needed to explain 80% of the total variance. The EOF
analysis for both temperature and salinity requires fewer leading
EOF modes to explain 80% of their total variance. The number of
EOF modes used in the reconstructed experiment should be less
than the number of observation locations. Therefore, the config-

ilOO

80

60

3 6 9 12 15 18 21 24
Mode number

Cumulative variance explanined/%

3 6 9 12 15 18 21 24
Mode number

Fig. 4. Cumulative contribution of different numbers of empirical orthogonal function leading modes to the total variance for

temperature (a) and salinity (b) anomalies at different depths.
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uration for this EOF approach is 12, 10, 8, 6, and 4 EOF modes at
1-13, 14-25, 26-31, 32, and 33-35 depth layers, respectively.

3.2 Reconstructed temperature and salinity errors of the OSSEs
The gridded sea temperature and salinity were reconstructed
using values at the grid points of the initial array based on the
EOF approach. The RMSE between the reconstructed and raw
fields is used to assess the array’s ability to accurately represent

110°

114° 118° 122°E 110° 114° 118° 122°E

22°

18°

14°

10°

6°

20

110°

the temperature and salinity in the SCS. Figure 5 shows the
RMSEs of temperature and salinity at different depths, i.e., 5m,
50 m, 100 m, 180 m, 300 m, 500 m, 1 000 m, and 2 000 m. The
largest RMSEs of SST occur in the northeastern SCS and along
the east coast of Vietnam, with values exceeding 1°C. The SST
RMSEs in the deep basin are generally around 0.2°C. The RMSEs
of temperature in the mixed and thermocline layers are greater
than in the surface, intermediate, and deep layers. The largest
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Fig. 5. RMSE:s of reconstructed temperature (a-h) and salinity (i-p) derived from the initial array at different depths. The black
squares are the locations of the initial array. D and E in the sub-panels represent the depth (unit: m) and the corresponding area
averaged RMSE, respectively.
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RMSE:s in the mixed and thermocline layers also occur along the
east coast of Vietnam, a pattern similar to that of SST, and coin-
cide with the distribution of standard deviation and the first EOF
mode of SSTA. The RMSEs of salinity decrease with increasing
water depths from area averaged values of approximately 0.22 at
the surface, decreasing steadily to 0.01 at 2 000-m depth. The oc-
currence of the large RMSEs along the east coast of Vietnam and
in the northern SCS suggests poor observing ability of the initial

array on the SCSWBC.

To obtain the optimal array, the EOF approach was used to
conduct a series of OSSEs for different depths. The optimal ar-
rays for temperature and/or salinity at different depths are gener-
ally not consistent with one another. The locations of the optimal
arrays and corresponding RMSEs distributions are shown in Fig. 6.
The observing ability for the SCSWBC is significantly improved,
as can be seen by the reduction in temperature and salinity
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Fig. 6. RMSEs of reconstructed temperature (a-h) and salinity (i-p) derived from the optimal arrays at different depths. The black
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RMSEs of approximately 0.5-1°C at the surface and 0.05-0.2
around 300 m along the east coast of Vietnam. Moreover, the
area averaged RMSEs for temperature and salinity of the optimal
arrays generally decrease in comparison with those of the initial
array at all depths, suggesting overall improvements in the ob-
serving ability of the optimal arrays.

It is obviously that the OSSEs would yield different optimal ar-
rays for temperature and/or salinity at different depth layers. If all
the locations derived from the OSSEs are considered, the total
number of mooring sites is 351, which is not feasible in practice.
Therefore, a method is needed to consolidate the dispersed loca-
tions into a vertically consistent array. In this study, we use the K-
center cluster to consolidate the huge number of potential moor-
ing sites into a limited number of sites. Figure 7 shows the con-
solidated array with 17 mooring sites. The consolidated array
keeps the mooring sites in the northern edge of the initial array
but moves the middle and east sites further east. The mooring
sites in the central SCS are scattered toward the western and
southeastern boundaries of the SCS.

Figure 8 shows the RMSEs of reconstructed temperature and
salinity derived from the consolidated array. The largest temper-
ature RMSEs with values exceeding 1°C occur in the northwest of
Luzon Strait at the surface, in the central SCS and southwest of
the Luzon Strait at 50 m, along the north coast, and in the central
and southern regions of the SCS and at 100 m. The largest tem-
perature RMSEs at 180 m and 300 m, with values of approxim-
ately 0.5-0.7°C, occur along the pathway of the SCSWBC. The dis-
tribution of salinity RMSEs is different from that of temperature.
The largest salinity RMSEs generally occur along the pathway of
the SCSWBC in the mixed and thermocline layers. In the inter-
mediate and deep layers, the salinity RMSEs show uniform distri-
bution over the deep basin of the SCS. Overall, although the
RMSEs of the consolidated array are larger than those of optimal
arrays at each depth, the consolidated array still has smaller
RMSEs than the initial array at most of the depth layers, except

110° 114° 118° 122°E

20

Fig. 7. Consolidated array based on the K-center clustering al-
gorithm. The solid stars indicate the clustered sites. The colored
dots indicate locations for the optimal arrays at all depths, and
different colors represent different categories in the K-center
cluster.

for the temperature at 100 m. These results suggest that the con-
solidated array is an improvement in the observing ability for
three-dimensional temperature and salinity over the initial array.

The NRMSE is used to compare the improvement in ob-
serving ability between the optimal and consolidated arrays (Fig. 9).
The large NRMSEs in temperature for the initial array occur at
approximately 300-1 500 m, where values of above 0.15 suggest
poor observing ability in intermediate and deep layers. In com-
parison, the optimal arrays for each depth significantly reduce
the NRMSEs below 100 m. The largest reductions occur at 330 m
(0.09) and 1 320 m (0.11). The NRMSE:s for the consolidated ar-
ray are basically equivalent to those of the optimal arrays at each
depth. The largest difference in the NRMSEs between the consol-
idated and optimal arrays occurs at 110 m, with values of 0.03.
The NRMSEs in salinity decrease with increasing water depth,
decreasing rapidly from 0.34 to 0.09 below 800 m and decreasing
gently in the upper 800 m. The pattern of changes of salinity
NRMSEs at different depths coincides well with that of temperat-
ure. The optimal and consolidated arrays also show improve-
ment in the observing ability for salinity, with their normalized
RMSE curves nearly coinciding with one another. These results
confirm the efficiency of the K-center clustering algorithm in
consolidating the optimal arrays.

Figure 10 shows the optimization efficiency of the consolid-
ated array in comparison to the initial and optimal arrays. The
largest improvement of the observing ability for both temperat-
ure and salinity occurs in the Luzon Strait and the SCSWCB re-
gion, with optimization efficiency up to approximately 30%-40%
(Figs 10a, b). In the deep basin and southern edge of the SCS, the
optimization efficiencies are between 5%-10% in temperature,
and 0-10% in salinity, respectively. It should be noted that the
optimization efficiencies of the consolidated array are lower than
the optimal arrays for both temperature and salinity. However,
the optimal array for temperature generally does not have good
ability in observing salinity, and vice versa. Therefore, in compar-
ison to the overall optimization efficiencies of 23.01% and 26.44%
in temperature and salinity for the optimal arrays, the consolid-
ated array, which overall optimization efficiencies are 19.03% and
21.38%, is a considerable scheme for array designment.

3.3 Array design with increasing mooring sites

By setting different numbers of categories, i.e., the K values in
the K-center cluster, we have conducted a series of OSSEs to ob-
tain a set of consolidated arrays with station numbers from 15 to
30. The averaged NRMSEs of temperature and salinity show rap-
id reductions from 0.13 to 0.10 (temperature) and 0.18 to 0.13 (sa-
linity), while the station number increases from 15 to 20 (Fig. 11a).
However, the reductions are only 0.007 and 0.01, when the sta-
tion number increases from 20 to 30 (Fig. 11a). Therefore, 20 is
considered to be the most cost-effective station number for the
consolidated array. The selection of 20 for the most cost-effective
number of stations is corroborated by the NRMSEs of temperat-
ure and salinity at different depths with consolidated arrays con-
sisting of 17, 20, 23, and 26 stations (Figs 11b, c). The NRMSEs
drop by 0-0.03 for temperature and 0-0.04 for salinity, when the
station number increases from 17 to 20. However, the NRMSEs
generally coincide with one another for the consolidated arrays
with station numbers of 20, 23, and 26.

Figure 12 shows a consolidated array consisting of 20 stations,
considered to be the most appropriately scaled array for ob-
serving three-dimensional temperature and salinity in the SCS.
In addition to the fixed scale consolidated array with 17 stations,
there is one additional station located in the southern Luzon



Qu Menggxue et al. Acta Oceanol. Sin., 2022, Vol. 41, No. 7, P. 65-77 73

110° 114° 118° 122°E 110° 114° 118° 122°E

110°

114° 118° 122°E 110°  114° 118° 122°E

e
=)

o
(=)}
RMSE of temperature/°C

D=500, £=0.27

110° 114° 118° 122°E 110° 114° 118° 122°E

D=1000, E<0.18

110°

D=2 000, £<0.04

114° 118° 122°E

110°

114° 118° 122°E

o

RMSE of salinity

4 0.05

D=300, £=0.03 D=500, £=0.02

D=1 000, £<0.02

D=2 000, £=0.01
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Strait and two additional stations located in the central SCS
basin. The locations along the pathway of the SCSWBC basically
do not change, whereas the mooring locations in the southeast-
ern SCS have been slightly modulated.

4 Summary
In this study, we developed a MAOT consisting of the EOF-
based approach and the K-center clustering algorithm modules.

The MAOT was then used to conduct a series of OSSEs for
moored array optimization in the SCS with a focus on three-di-
mensional temperature and salinity. First, the EOF-based ap-
proach was used to obtain a set of optimal arrays independent of
one another for temperature and salinity at different depths.
Second, the K-center clustering algorithm was used to obtain a
consolidated array with determinate mooring locations, based on
the optimal arrays set. The optimization efficiencies of the con-
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solidated array are lower than the optimal arrays with only tem-
perature or salinity is considered. However, the optimal array for

temperature generally does not have good ability in observing sa-
linity, and vice versa. Therefore, the consolidated array would
achieve best performance in synchronously observation for tem-
perature and salinity.

The initial array was assumed to consist of 17 mooring sites,
located on a 3°x3° horizontal grid. It should be noted that
changes in the initial array configuration (mooring number and
locations) do not result in a different consolidated array. Instead,
this only leads to different optimization efficiencies. In comparis-
on with the initial array, the overall optimization efficiencies of
the consolidated array are 19.03% for temperature and 21.38% for
salinity, although there are negative optimization efficiencies in
some areas of the SCS. The largest improvement in the observing
ability for both temperature and salinity occurs in the Luzon
Strait and the SCSWCB region, with optimization efficiencies of
up to approximately 30%-40%. In the deep basin and southern
edge of the SCS, the optimization efficiencies are between
5%-10% for temperature and 0-10% for salinity. For the optimal
arrays, the overall optimization efficiencies are 23.01% for tem-
perature and 26.44% for salinity, which are larger than that of the
consolidated array by 3.98% and 5.06%, respectively. The reduc-
tion of optimization efficiencies of the consolidated array as com-
pared with the optimal arrays occurs along the north slope of the
SCS and in the east of Vietnam.

Optimization efficiency can be further improved by increas-
ing the number of moorings. However, when cost and effective-
ness are considered, a cost-effective number of mooring sites for
the consolidated array can be determined. Our analyses show
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that when the mooring number is increased to 20, the optimiza-
tion efficiencies reach 26.54% for temperature and 27.25% for sa-
linity. However, the optimization efficiencies are not signific-
antly improved when moorings in excess of 20.

An optimal array design should accommodate different pur-
poses, such as studying ocean phenomenon at different spatial
and temporal scales. In this study, we focused on basin-scale in-
terannual variations in temperature and salinity in the SCS. The
consolidated array we developed may not be adequate to resolve
mesoscale processes, such as ocean fronts, mesoscale eddies,
and internal waves, as well as sub-mesoscale and small-scale
processes. Nevertheless, the MAOT proposed in this study is use-
ful for many applications and could be extended to other regions.
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