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Abstract

Complex perturbations in the profile and the sparsity of samples often limit the validity of rapid environmental
assessment (REA) in the South China Sea (SCS). In this paper, the remote sensing data were used to estimate
sound speed profile (SSP) with the self-organizing map (SOM) method in the SCS. First, the consistency of the
empirical orthogonal functions was examined by using k-means clustering. The clustering results indicated that
SSPs in the SCS have a similar perturbation nature, which means the inverted grid could be expanded to the entire
SCS to deal with the problem of sparsity of the samples without statistical improbability. Second, a machine
learning method was proposed that took advantage of the topological structure of SOM to significantly improve
their accuracy. Validation revealed promising results, with a mean reconstruction error of 1.26 m/s, which is
1.16 m/s smaller than the traditional single empirical orthogonal function regression (sEOF-r) method. By
violating the constraints of linear inversion, the topological structure of the SOM method showed a smaller error
and better robustness in the SSP estimation. The improvements to enhance the accuracy and robustness of REA in
the SCS were offered. These results suggested a potential utilization of REA in the SCS based on satellite data and

provided a new approach for SSP estimation derived from sea surface data.
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1 Introduction

The core objective of rapid environmental assessment (REA)
is to provide environmental nowcasts for operational activity in
any arbitrary region of the global ocean. As a thorough under-
standing of variations in the sound speed profile (SSP) can help
enhance the performance of sonar in civil and military applica-
tions, the rapid assessment of the SSP has become a focus of re-
search in the area. However, as SSP measurement with broad
spatiotemporal coverage is extremely time-consuming and la-
borious, it is almost impossible to obtain the 3D structure of the
sound speed via in situ measurements. Although the water
column is optically opaque, remote sensing is the only platform
that can provide real-time observations of the ocean at a large
scale. Therefore, it is feasible to obtain rapid assessments of the
SSP using remote sensing data.

The thermal expansion and contraction of the water column,
and conduction of heat on the surface of water form an intrinsic
link between the parameters of the surface and profiles of the
subsurface. Therefore, related research has focused on the sea
level (SL) and the sea surface temperature (SST). Carnes con-
firmed the relationship between remote sensing data (SL and
SST) and subsurface profiles in the Gulf Stream (Carnes et al.,
1990), and then estimated the subsurface profiles of the Northw-

est Pacific and Northwest Atlantic Oceans by using single empir-
ical orthogonal function regression (SEOF-r) (Carnes et al., 1994).
As the empirical orthogonal function (EOF) and linear regres-
sion can significantly improve the efficiency of inversion, SEOF-r
has been widely used in REA models, such as the US Navy’s fore-
casting system for the ocean (Fox et al., 2002). In the framework
of sSEOF-r, the vertical spatial and temporal characteristics of the
oceanographic profile can be calculated by using remote sensing
data in linear empirical relationships between the parameters of
the surface and the subsurface (Meijers et al., 2011). A celebrated
instance is that of the Modular Ocean Data Assimilation System
(MODAS), which provides a dynamic climatology that can be
used to obtain the height and temperature of the sea surface to
predict underwater structures by constructing synthetic profiles
generated by regression analysis (Rahaman et al., 2016). The SSP
has also been reconstructed directly via sEOF-r (Chen et al.,
2018).

In recent years, machine learning theory has been intro-
duced to problems similar to the above. Since machine learning
is a universal framework to solve for the inherent characteristics
of the training set, nonlinear relationships between parameters of
the surface and subsurface can be extracted without any assump-
tion about the vertical structure of the water column. Hjelmervik
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used k-means clustering and gradient search to estimate real-
time profiles from the surface parameters (Hjelmervik and
Hjelmervik, 2013, 2014), and Chapman reconstructed subsurface
velocities in the South Indian Ocean based on self-organizing
maps (SOM) from the Archiving, Validation and Interpretation of
Satellite Oceanographic data satellite product (Chapman and
Charantonis, 2017). Compared with linear regression, machine
learning has shown a better capability to reconstruct the subsur-
face profile (Bao et al., 2019; Su et al., 2019). However, one draw-
back of this method is the large amount of training data needed,
where few samples of poor quality can significantly reduce its ac-
curacy and reliability (Jain and Ali, 2006; Frederick et al., 2020).

Although the above method has been used in many parts of
the world, the rapid assessment of the SSP has not been imple-
mented in the South China Sea (SCS). The SCS is the largest mar-
ginal sea connecting the Indian Ocean and the Pacific Ocean. Its
unique semi-closed basin structure, monsoon, exchange of wa-
ter with the ocean, and other factors contribute to the complex
distribution of its SSP, which poses a challenge to REA schemes.
Compared with the other waters, samples from the SCS are
sparse, and this makes it difficult to implement the relevant
methods. This study used SSP inversion for the REA of the SCS.
Challenges to the obtaining the REA of the SCS were examined,
and a method of SSP inversion based on SOM was proposed. The
SSPs in 2018 were estimated and compared with the results of
SEOF-r. As the SCS had a complex mechanism of perturbations in
its profile, the inversion of the SSP in this region can help devel-
op better methods for REA.

2 Data

Both sEOF-r and the SOM method were tested on the same
training and validation datasets. The remote sensing data in-
cluded the sea level anomalies (SLA) and sea surface temperat-
ure anomalies (SSTA), and Argo profiles were used to establish
samples of the SSP.

The remote sensing data were obtained from the Copernicus
Project (https://resources.marine.copernicus.eu). Both the SLA
and SSTA were obtained from L4 satellite observation products
with a temporal resolution of one day and spatial resolution of
0.25°.

All the Argo data were obtained from the Global Ocean Argo
Scattering Data Collection (July 1997-June 2020) (Li et al., 2020),
and were considered only if the depth of the sample from shal-
lower than 5 m to deeper than 1 000 m. The SSPs were calculated
via the empirical sound speed formula through the profiles of
temperature and salinity (Del Grosso, 1974). Profiles in the range
of 12°-20°N and 110°-120°E from 2009 to 2018 were selected to
test inversion. A total of 1 679 profiles were obtained, ranging
from 5 m to 1 000 m. As most variations were in the upper layers
of the ocean, the depth-variable sampling rate proposed by the
World Ocean Atlas 2018 was used. The training dataset consisted
of all profiles in the SCS from 2009 to 2017, and 56 profiles from
2018 were used as the test set. The background profiles were the
annual average data at a spatial resolution of 0.25° at the center of
the clustering result of SCS class. Figure 1 shows all the SSPs. It is
clear that the upper layers of the ocean featured a wide range of
variation in sound speed. To analyze the reconstruction, the root
mean-squared error (RMSE) was used to define the reconstruc-
tion error,
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Fig. 1. Sound speed profile samples and background profile.

where ¢™ and ¢ are the measured and the reconstructed profiles,
respectively; DN is the number of depth samples; SN is the total
number of samples; d is the reference number of depth sample
point; and s is the reference number of sample

3 Methods

In the problem of SSP inversion, the sound speed profile
c(z,t) at depth z and time ¢ can be expressed as (Bianco and Ger-
stoft, 2017)

oet) = @) + 3wk, @

where ¢o(2) is the background profile; it is the stable, invariant
part that can usually be approximated by the average value. The
part that is perturbed over time is expressed as the superposition
of EOF K(z) and its projection coefficient as(f). As higher orders
of $ often contain more noise in the reconstruction of the SSP, the
superposition is truncated without risking the loss of information
on the SSP. The EOF has been proved to be the most effective
basis function for the SSP, and no more than five orders of it can
be used to describe perturbations in the SSP. For a detailed intro-
duction to the EOF, the interested reader can refer to LeBlanc
and Middleton (1980).

To analyze the difficulties of REA in the SCS, this study con-
sidered the classic SEOF-r as competing method. Based on a
large number of historical observations, an approximately linear
relationship was noted between the parameters of the surface
and the projection coefficients. By taking advantage of the empir-
ical relationships between SLA, SSTA, and coefficients of the EOF
as, sEOF-r can be expressed as

as(t) =As0 + A1 < SLA(t) + A 2SSTA(t)+
A5s3SLA(t) X SSTA(t), s=0,1, 27 Tt G7 (3)

where A is the unknown coefficient to be determined using his-
torical samples, dy is the coefficient of a constant term, and G is
the order used for reconstruction. Once A has been obtained
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through a regression analysis of the historical data, the SLA and
SSTA can be entered in Eq. (3) to calculate as; the SSP can then
be finally reconstructed using Eq. (2).

All methods of inversion are based on the assumption that
modes of the EOF in the area of inversion at sea are consistent. In
the ocean, 2°x2° latitude/longitude grids are often used for inde-
pendent processing (Chen et al., 2018). However, owing to the
complex topography and dynamic activities of the SCS, the con-
sistency of the EOF in the grid cells is doubtful. Moreover, the
core defect in the operation of such methods is the sparsity of
samples of the profile. The Argo float is the main source of these
samples. However, for political and economic reasons, the Argo
float has recorded few activities in the SCS. For example, after
quality control, only 147 profiles in the range of 18°-19°N and
118°-119°E were obtained from 2008 to 2018, and the relevant
samples were from a specific period. The lack of samples and
their coverage in time introduce uncertainty to the results.

Expanding the area of inversion can increase the number of
samples, but the consistency of the EOF is difficult to guarantee
in this case. Therefore, the consistency of modes of the EOF must
be analyzed. In this paper, k-means clustering on the projection
coefficients was used to check for the consistency of the modes of
the EOF. By using the projection coefficients as the training set,
the sth element of the training data vector is the Sth-order projec-
tion coefficient a;. For a given cluster distribution, b}’ is the sth
element of the data vector representing the mth cluster. The val-
ues of b* can be estimated by averaging all data vectors,

N
1
b= N > Omnd, “)

n=1

where 7 is the sample number, N is the total number of samples,
Np,is the total number of samples in the mth cluster, and ay is the
sth element of the n2th sample. If sample 7 is assigned to cluster
m, Omn = 1, and dmn = 0 for the other clusters. The standard devi-
ations o of all M cluster can be calculated by

o= if:a i(u”—h’”)z. )

n=1m=1 s=1

The lowest deviations represent the lowest Euclidean dis-
tance, which is the best result of clustering. To solve the above,
the fast k-means algorithm is used in 100 independent parallel
runs to ensure that the global optimum is obtained.

Figure 2 shows the consistency of EOFs in the SCS. To ana-
lyze their consistency, profiles from the Pacific Ocean were intro-
duced, and a total of 27 620 profiles were finally obtained. The
Argo samples from the SCS were concentrated in the basin, and
almost all profiles belonged to the same class that was different
from that of profiles of the Pacific Ocean. The results of cluster-
ing showed that samples from the SCS had a similar dynamic
nature, where the center of the class could be used to approxim-
ate the background profile of all samples from the SCS. To deal
with the problem of sparsity of the samples, all samples were
statically analyzed in one grid cell. Modes of the EOF in the SCS
exhibited spatial variation; if the samples were clustered in more
classes, they scattered into different classes. Therefore, inversion
errors increased with the expansion of the area of inversion.

Figure 3 shows the shapes of the first five modes of the EOF.
According to the distribution of the amplitude of the EOF, the
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Fig. 2. Distribution of clustered samples when five-order empir-
ical orthogonal function coefficients were clustered into four
classes. The class centers are marked by asterisks.

perturbation in sound speed mainly occurred in the range of
depth of 200 m, and the amplitude was close to zero at around a
depth of 1 000 m. We focused on reconstruction within 1 000 m.
Table 1 gives properties of the reconstruction of the first five lead-
ing orders. The cumulative variance contribution of the first five
modes was 96.7%. Although the SSP samples were recorded in a
large area of the sea, a few leading modes of the EOF could still
described most of the variations, and this confirmed the consist-
ency of the EOF for the SCS. To identify the main modes of SSP
perturbation while reducing noise, the first five orders of EOF
were used in the subsequent comparison between the SEOF-r
and the SOM method.

A flowchart of the proposed method is shown in Fig. 4. The
SOM, which projects the training vectors into a topological struc-
ture on a 2D lattice by using competitive learning, is generally
used to classify the data according to the similarity between them
(Charantonis et al., 2015).

In the training phase, the projection coefficients of the EOF,
SLA, SSTA, longitude, and latitude of the profile of one sample
were entered as a training vector to train the map. Based on the
SOM algorithm, all training vectors were assigned to different
classes. Some reference vectors were also constructed between

/’

200 r T

400 | +

Depth/m

600 r T

800 T

1 000

-1 0 1
Amplitude

Fig. 3. First five orders of the empirical orthogonal function.
From left to right are, in order, the first to the fifth order.
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Table 1. Properties of reconstruction of different orders of the
empirical orthogonal function (EOF)

EOF1 EOF2 EOF3 EOF4 EOF5

Variance contribution/% 74.0 137 47 29 14
Cumulative variance contribution/% 74.0 87.7 924 953 96.7
2.00 1.38 1.09 0.85 0.72

Reconstruction error/(m-s1)

neighboring classes to form a 2D artificial neural network togeth-
er with classes of the training vectors.

In the inversion phase, remote sensing data were entered in-
to the neural map to identify the best-matching neuron. This
neuron is defined as the neural unit with has the shortest Euclidi-
an distance in the topological structure. As the distance only per-
formed over the dimensions with available data, Chapman intro-
duced a similarity function to calculate the truncated distance
(Chapman and Charantonis, 2017):

dye ) = 3

icavail

1+ Y (cor) | x (i—u), (6)

Jj€Emissing

where dr is the Euclidean distance, p is the index of each neuron,
u is the neuronal vectors, cOr is the correlation matrix between
the missing and the available variables, avail is the set of input
data (available variables), and missing is the reconstructed out-
put (missing variables) to be solved for. Once the best-matching
unit of the input data has been identified, the reconstructed out-
put can be obtained by the corresponding dimensions of the vec-
tor of the best-matching neuron. By introducing the SOM, inver-
sion is no longer constrained by the pre-set relation, such as that
in Eq. (3). The complex nonlinear relationship between the para-

meters of the surface and the profile of the subsurface was extrac-
ted and expressed by the topological structure. Moreover, as the
latitude and longitude were included in the neuronal vectors to
reflect spatial variation, the SOM method provided a grid-free
means of processing the profiles of all samples as one dataset.

4 Results

Figure 5 shows a comparison of errors in the reconstruction
of the SSP between sEOF-r and the SOM method. Except for a few
samples, the accuracy of reconstruction of the SOM method was
significantly higher than that of SEOF-r. The SSPs reconstructed
by using the SOM had a mean error of 1.26 m/s, whereas this was
2.29 m/s for SEOF-r. The proposed method reduced the error by
relieving the constraint of linear inversion and introducing a loc-
ation-related parameter. In addition, the SOM method yielded
more robust results. The maximum errors of the single SSP in the
SsEOF-r was 5.18 m/s, while the maximum errors in the SOM
method was 2.19 m/s. Only about 18% (48%) of the estimated
SSPs lay within an error limit of +1.5 (+2) m/s. Because the linear
regression model of the sEOF-r is based on the average feature of
samples, the differences between individual characteristics and
statistical feature has led to uncertainty in inversion using SEOF-
1, especially in the SCS that featured a wide range of variation in
sound speed. By eliminating the presupposed analytic expres-
sion, the SOM method greatly reduces the limitation of the
simple linear regression. The total variance in the reconstruction
error was 0.39 m/s using the SOM method, much lower than the
0.94 m/s obtained using SEOF-r. About 77% (93%) of the results
lay within an error limit of +1.5 (+2) m/s, which achieved major
improvements over the linear regression. The SOM method de-
scribed the complex relationship between parameters of the sur-
face and profiles of the subsurface of each sample by using cor-
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Fig. 4. Schematics of the training of the map (blue arrows) and reconstruction of the sound speed profile (red arrows) using self-
organizing map-based inversion. Lat: latitude; Lon: longitude; SSTA: sea surface temperature anomaly; SLA: sea level anomaly.
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Fig. 5. Errors of reconstruction for different sample numbers.
EOF: empirical orthogonal function; SOM: self-organizing map.

responding neurons on the topological map, which clearly im-
proved the robustness of the results of inversion.

The errors of reconstruction at different depths are shown in
Fig. 6. The RMSE of the SSP samples is 3.89 m/s with the maxim-
um value of 6.26 m/s at 60 m. The SOM method performed ef-
fectively by reducing the mean error to 1.26 m/s and the maxim-
um value to 2.26 m/s. The SSP estimated form the SOM method
has an error of only about 0.15% as compared with the sound
speed values. In addition, the error incurred by the SOM method
was lower than that of the EOF method at almost all depths. As
temperature was the dominant factor influencing the large vari-
ation in sound speed in the upper layers of the ocean, the large
variations in SSP were observed owing to seasonal and diurnal
variations in the mixed layer. We can infer that internal solitary
waves and other dynamic marine activities also led to the con-
centration of error at these depths. Although the RMSE of the SSP
samples was larger than 4 m/s in the surface layers, the recon-
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Fig. 6. Reconstruction errors at different depths. EOF: empirical
orthogonal function; SOM: self-organizing map.

struction errors for both methods were also small. The accurate
estimation near surface is because that the SSP near the surface is
directly controlled and estimated by parameters of the sea sur-
face. Similarly, the errors were less at deeper layer where the per-
turbations of sound speed were also less.

Figure 7 shows an example of the largest error in reconstruc-
tion using the SOM method. The maximum absolute error for the
SOM method and the sEOF-r method were 3.55 m/s and 8.28 m/s,
respectively, while the SOM method performed better at about
two-thirds of the estimated depth. It is clear that the results of the
SOM method still agreed better with the measured profile than
those of sEOF-r. The main error in inversion still occurred due to
error in the estimated depth of the mixed layer. As shown by the
error between depths of 400 m and 800 m, perturbations in the
sound speed caused by turbulence or water mass were difficult to
describe. Because the daily average of the sea surface temperat-
ure was used, short-term perturbations were difficult to repres-
ent based on the inversion of the parameters of remote sensing.

Figure 8 shows a comparison between the measured and the
estimated values of the first five projection coefficients. It is clear
that the SOM method delivered close to perfect results. The
sEOF-r method significantly deviated from the reference line. For
the first five orders, the Pearson correlation coefficients of the
measured projection coefficients and the inversion results of the
SOM (sEOF-r) method were 0.91 (0.25), 0.78 (0.73), 0.83 (0.24),
0.89 (0.70) and 0.86 (0.46), respectively. With an increase in or-
der, the error in the projection coefficient tended to increase. In
light of the contribution of the reconstructed mode of the EOF to
the variance and errors in inversion, five orders of inversion were
sufficient to ensure the accuracy of reconstruction without incur-
ring a large error in case of the SCS.

5 Conclusions

Based on k-means clustering, this study showed that the EOFs
of the SSP of the SCS were consistent. The problem of too few
samples to determine the REA of the SCS was solved by expand-
ing the area of inversion to the entire SCS. However, due to the
complexity of and spatial differences in perturbations of the SSP,
the classical sSEOF-r method could not be used to accurately cal-
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Fig. 7. An example of sound speed profile reconstruction. The
sample used had the largest error in self-organizing map (SOM)
reconstruction. EOF: empirical orthogonal function.
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culate the SSP.

A machine learning method based on the SOM was proposed
and verified here. We used the topology of neurons for the rapid
assessment of the SSP. For all samples of SSP from the South
China Sea in 2018, the average reconstruction error was 1.26 m/s,
only half of that incurred by sEOF-r. The maximum error in SSP
inversion occurred at a depth of around 100 m, and was likely
caused by large variations in the mixing layer. As the neuronal to-
pology of the SOM method can accommodate more parameters,
for instance, net radiation and wind speed, this can help further
reduce the error caused by fluctuations in the mixing layer.
Moreover, to solve the problem of sparse samples for the SCS,
further work is needed to introduce physical mechanisms to en-
sure the accuracy and robustness of its REA.
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