
Citation: Zhang, M.; Han, G.; Wu, X.;

Li, C.; Shao, Q.; Li, W.; Cao, L.; Wang,

X.; Dong, W.; Ji, Z. SST Forecast Skills

Based on Hybrid Deep Learning

Models: With Applications to the

South China Sea. Remote Sens. 2024,

16, 1034. https://doi.org/10.3390/

rs16061034

Academic Editor: Jorge Vazquez

Received: 9 January 2024

Revised: 10 March 2024

Accepted: 10 March 2024

Published: 14 March 2024

Copyright: © 2024 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

remote sensing  

Article

SST Forecast Skills Based on Hybrid Deep Learning Models:
With Applications to the South China Sea
Mengmeng Zhang, Guijun Han , Xiaobo Wu *, Chaoliang Li, Qi Shao , Wei Li , Lige Cao, Xuan Wang,
Wanqiu Dong and Zenghua Ji

Tianjin Key Laboratory for Marine Environmental Research and Service, School of Marine Science and Technology,
Tianjin University, Tianjin 300072, China; zhangmengmeng@tju.edu.cn (M.Z.); guijun_han@tju.edu.cn (G.H.);
chaoliang_li@tju.edu.cn (C.L.); shaoqi@tju.edu.cn (Q.S.); liwei1978@tju.edu.cn (W.L.); clg@tju.edu.cn (L.C.);
xuanwang@tju.edu.cn (X.W.); wanqiu_dong@tju.edu.cn (W.D.); jzh1999@tju.edu.cn (Z.J.)
* Correspondence: xb_wu@tju.edu.cn

Abstract: We explore to what extent data-driven prediction models have skills in forecasting daily
sea-surface temperature (SST), which are comparable to or perform better than current physics-based
operational systems over long-range forecast horizons. Three hybrid deep learning-based models
are developed within the South China Sea (SCS) basin by integrating deep neural networks (back
propagation, long short-term memory, and gated recurrent unit) with traditional empirical orthogonal
function analysis and empirical mode decomposition. Utilizing a 40-year (1982–2021) satellite-based
daily SST time series on a 0.25◦ grid, we train these models on the first 32 years (1982–2013) of
detrended SST anomaly (SSTA) data. Their predictive accuracies are then validated using data from
2014 and tested over the subsequent seven years (2015–2021). The models’ forecast skills are assessed
using spatial anomaly correlation coefficient (ACC) and root-mean-square error (RMSE), with ACC
proving to be a stricter metric. A forecast skill horizon, defined as the lead time before ACC drops
below 0.6, is determined to be 50 days. The models are equally capable of achieving a basin-wide
average ACC of ~0.62 and an RMSE of ~0.48 ◦C at this horizon, indicating a 36% improvement in
RMSE over climatology. This implies that on average the forecast skill horizon for these models is
beyond the available forecast length. Analysis of one model, the BP neural network, reveals a variable
forecast skill horizon (5 to 50 days) for each individual day, showing that it can adapt to different time
scales. This adaptability seems to be influenced by a number of mechanisms arising from the evident
regional and global atmosphere–ocean coupling variations on time scales ranging from intraseasonal
to decadal in the SSTA of the SCS basin.

Keywords: satellite sea-surface temperature; long-range forecast skill; deep neural networks; empiri-
cal orthogonal function; empirical mode decomposition; South China Sea

1. Introduction

Compared to the traditional physical equations-based forecasts produced by modern
Earth system models that are computationally complicated and expensive, data-driven
learning algorithms, including many different kinds of tools ranging from statistical meth-
ods to the field of machine learning, are quickly gaining favor in areas where more reliable
reference data from oceanographic observations and reanalyses are available. Among
them, artificial neural networks-based deep learning algorithms exhibit great potential
to enhance predictive ability since they are able to extract spatiotemporal features from
data automatically and identify those that are not explicitly represented in the physical
model [1] and they relieve the computational burden as well. Satellite-based long time
series of gridded daily sea-surface temperature (SST) available since the 1980s are one of
such data sources used for establishing data-driven prediction models. The last few years
have seen extensive applications of various types of data-driven approaches for daily SST
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forecasts based on satellite SSTs, given the importance of SST in thermal communication
between the ocean and atmosphere and in benefiting a wide spectrum of applications. The
established daily SST prediction models in the literature are mainly divided into two cate-
gories, namely site-specific and site-independent [2]. Realization of the daily SST forecast
in the site-specific category is either restricted to a few locations or the SST values averaged
over a region with spatial and temporal variability of SST at once for a selected region
being left out of consideration [3]. As for the site-independent category, although spatial
correlation can be effectively taken into account, the daily SST forecast skill horizon length
is usually restricted, and often shorter than 10 days [4]. To overcome the shortcomings
of the prediction models in the literature and adapt to the characteristics associated with
geo-scientific analysis, traditional time series techniques such as empirical orthogonal func-
tion (EOF) analysis and empirical mode decomposition (EMD) are introduced to develop
hybrid artificial intelligence models [5,6]; in doing so, the skillful daily SST forecast range
over climatology can be extended up to 30 days. The question now is to what extent deep
learning-based prediction models have skills in forecasting SST, which are comparable to
or better than current forecast horizon achieved by the state-of-the-art global operational
forecasting system, namely the Navy Earth System Prediction Capability (Navy-ESPC)
fully coupled atmosphere–ocean–sea ice prediction system developed for subseasonal
forecasting at the U.S. Naval Research Laboratory [7]. The Navy-ESPC ensemble-based
forecast significantly expands the forecast horizon for SSTs in the tropics and midlatitudes
out to 60 days, in which the skill of the model forecast is defined as its ability to have lower
root-mean-square error (RMSE) than that of climatology.

To answer the question, we develop hybrid deep learning-based prediction models
by employing deep neural networks, such as back propagation (BP), long short-term
memory (LSTM), and gated recurrent unit (GRU), combined with the traditional time series
techniques of EOF analysis and EMD by taking advantages of both in processing nonlinear
and nonstationary signals. Our goal is to explore which timescale the daily forecast horizon
length of SST can be expanded into. We focus on the South China Sea (SCS) basin in this
paper. The SST variability in the SCS exhibits distinctive multiple timescales resulting from
a combination of regional and global atmosphere–ocean coupled processes, including the
monsoons in seasonal, El Niño -Southern oscillation (ENSO) in interannual, and Pacific
Decadal Oscillation (PDO) in decadal timescales [8]. As a leading indicator of basin-scale
climate, the SST variability has profound influence on the local weather in neighboring
coastal areas.

The remainder of this paper is organized as follows. In Section 2, we describe the
dataset and methods used to build the hybrid deep learning-based prediction models to
implement daily forecasts of SST in the SCS basin. In Section 3, we present the results of the
forecasting experiments to demonstrate the performance and feasibility of the established
SST prediction models. Finally, discussion is given in Section 4.

2. Materials and Methods
2.1. Data

We use SST data from the NOAA Optimum Interpolation SST (OISST) v2.1 constructed
by combining observations from different platforms including the Advanced Very High
Resolution Radiometer (AVHRR) satellite data, ships and buoys [9]. The data spatial
resolution is 0.25◦, and its temporal resolution is daily. The OISST dataset employed in this
research spans 40 years from 1 January 1982 to 31 December 2021. Our study area is the SCS
of 0◦–24◦N and 99◦–121◦E. Since the forecast of the SCS SST is based on spatiotemporal
deep learning models with EOF analysis, choosing the whole SCS basin as the target region
will ensure that the obtained patterns are optimal spectral decomposition results for such
an enclosed basin with the Sulu Sea excluded [6]. The SST anomalies (SSTAs) are actually
preferred instead of SSTs themselves in the following modeling process; thus, detrended
time series of the SST data are generated for each of the total 4758 grid points within the
study area after the removal of cyclic component like the climatological seasonal cycle [10]
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and the warming trend of the SST in the SCS basin [11,12]. Figure 1 shows the original SST
and detrended SSTA averaged over SCS during 1982–2021.
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Figure 1. Monthly SSTA and detrended SSTA averaged over SCS during 1982–2021. The warming
linear trend (black dashed line) is shown.

2.2. Methods
2.2.1. Hybrid Model

To acquire a long-range forecast of the SCS SST, we develop hybrid models by combin-
ing the traditional EOF analysis [13] and complete ensemble empirical mode decomposition
with adaptive noise (CEEMDAN) [5,6,14] with each of the three deep neural networks of BP,
LSTM, and GRU. BP is the most efficient and widely used algorithm in deep learning [15].
Both LSTM and GRU are variations of basic recurrent neural networks and capable of learn-
ing long-term sequences [16]. The purpose of adopting different deep neural networks is to
find the more skillful one in prediction and the more efficient one in computation. The de-
tails of the EOF, CEEMDAN and neural works methods are described in Sections 2.2.2–2.2.4,
respectively.

Figure 2 shows the workflow using the three deep neural networks to build the hybrid
prediction models, referred to as BP, LSTM, and GRU for short, which employ BP, LSTM,
and GRU deep neural networks, respectively. There are four steps in all, marked alphabet-
ically as a, b, c, and d, to build any one of the three hybrid models as shown in Figure 2.
In the first step marked with “a. EOF analysis”, the time series of the SSTA is divided
into training, validation, and testing sub-datasets. The classical EOF analysis is performed
on the training subset to obtain its spatial modes, called EOFs and their corresponding
time series called principal components (PCs). In what follows, we find that using those
spatial modes with the accumulative explained variance reaching ~98% to reconstruct the
original data is enough to retain the main characteristics of the spatial structure, and by
doing so, while the desired forecasting results can be reached, the computational cost of the
models is reduced. Therefore, the corresponding PCs, called Sub-PCs, are used as the input
series for the CEEMDAN analysis in the next step marked with “b. CEEMDAN.” Such
advantage of the EOF analysis for data compression and dimensionality reduction can help
accelerate computing and increase the efficiency of the proposed hybrid models. Under the
assumption that the time series can be considered stationary since the length of the available
training data series is reasonably long, by projecting the validation and testing subsets onto
the EOFs derived from the training subset, corresponding time series called pseudo-PCs are
generated and ready to be used for cross-validation to avoid overfitting and assessing the
forecast skill, respectively. During the third step marked with “c. BP/LSTM/GRU”, a deep
learning model, using BP, LSTM, or GRU neural network, is built to generate forecasts of
the derived Sub-PCs with each of them comprised of several intrinsic mode functions and
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a residual from the CEEMDAN analysis. Due to the fact that these derived Sub-PCs are
temporally uncorrelated, each of them can be fed into BP, LSTM, or GRU neural network
separately for training; and its corresponding output can be verified with the pseudo-PCs
derived from the validation and testing subsets. A complete network for BP, LSTM, or GRU
is constructed in which an input, an output, and several hidden layers are involved. Each
hidden layer consists of a limited number of BP, LSTM, or GRU cells. The final step, marked
with “d. Reconstruction”, is the process of reconstruction, during which the predicted
Sub-PCs are combined with the EOFs derived in the first step to obtain the final forecast of
the SSTA field after persistence correction. Note that the ~2% leftover signals in the EOF
analysis are added back to the predicted SSTA field in a manner similar to persistence at
the first three days determined through weighted fitting [17] so that the full field of SSTA
forecast can be achieved in this way.
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The SCS SST variability is profoundly influenced by coupled atmosphere–ocean phe-
nomena across multiple timescales, both regionally and globally. Therefore, splitting the
original time series of SSTA into training, validation, and testing sub-datasets is critical to
capture recurring patterns from the air–sea coupling processes within a sufficiently long
training subset, which makes it possible to extend the range of skillful forecasts for the
SCS SST. We divide the original time series of the 40-year satellite-based SSTA dataset
into training, validation, and testing sub-datasets as follows: the first 32-year (1982−2013)
data go into the training subset, the following one year (2014) data go into the validation
subset for cross-validation to avoid overfitting during the training process, and the last
7-year (2015−2021) data go into the testing subset, which can be regarded as true field
or observations (referred to as truth in the following text), to validate capabilities of the
prediction models.

We assess the forecasts of SCS SSTA generated by the three hybrid prediction models,
namely BP, LSTM, and GRU, using the statistical metrics of root mean square error (RMSE),
mean error (ME, or bias), mean absolute error (MAE), spatial anomaly correlation coefficient
(ACC) and time correlation coefficient as evaluation criteria. The calculation formulae are
as follows:

RMSE =

√
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where XP
i,j is the predictive SCS SSTA, and XT

i,j is the verification field (truth) at the ith
spatial grid point and the jth sample. ACC covers all grid points (M = 4758) within the
SCS basin. XP

j =
(

∑M
i=1 XP

i,j

)
/M and XT

j =
(

∑M
i=1 XT

i,j

)
/M are the basin averaged SSTA

at the jth sample from the prediction and truth, respectively. XP
i =

(
∑N

j=1 XP
i,j

)
/N and

XT
i =

(
∑N

j=1 XT
i,j

)
/N are the time averaged SSTA at the ith spatial grid point from the

prediction and truth, respectively.
RMSE reflects the stability of the forecast model and ME can directly reflect the

average deviation but may result in a situation where positive and negative values cancel
out. Therefore, we also use MAE for comprehensive assessment. As a common rule of
thumb used within the European Centre for Medium-Range Weather Forecasts [18], the
skill in the positioning of synoptic-scale features ceases to have value for general predicting
purposes where the ACC value falls below 0.6. In view of this, the forecast skill horizon
in this study is defined as the lead time when the daily SSTA forecast ceases to be more
skillful than the climatology [7,19] and the ACC value falls below 0.6. An ACC value of 0.6
is hereinafter referred to as the ACC threshold. We then use the results from the forecasting
experiments for producing 50-day forecasts, initialized daily from 2015 to 2021, to evaluate
the performances of these three hybrid models.

2.2.2. EOF Analysis

Empirical orthogonal function (EOF) analysis is a classical statistical method in the
field of the atmosphere and the ocean [13]. It can quickly decompose a large amount of
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data and extract the main spatial structure, effectively analyzing the spatial and temporal
variability of the data field while reducing dimensionality. In this study, the data matrix
with the cyclic components and warming trend removed is as follows:

X =

 x1,1 . . . x1,n
. . . . . . . . .

xm,1 . . . xm,n

 (6)

where, M is the number of spatial grid points, N is the length of time series. Then, covari-
ance matrix is constructed:

C =
1
n

X × XT (7)

The eigenvalues (λ1, . . . , λm) and eigenvectors V of covariance matrix are expressed
as follows:

CV = VΛ (8)

where Λ = diag(λ1, . . . , λm), V represents the EOFs, and time coefficient or principal
component PCs can be calculated:

PC = VT × X (9)

2.2.3. CEEMDAN Method

Complete Ensemble Empirical Mode Decomposition with Adaptive Noise (CEEM-
DAN) is developed from EMD, EEMD, and CEEMD. These EMD-based methods can
adaptively decompose original data into several Intrinsic Mode Functions (IMFs) and a
residue with different frequencies and scales.

Define the operator Ej(.) in which for the given data, it produces the jth mode obtained
by EMD. Define wi(t) as the ith added white noise. Let x(t) be the original targeted data.
Add white noise wi(t) with the original time series data so that

Xi(t) = x(t) + ϵ0wi(t) (10)

where ϵ0 is a noise coefficient. Then, decompose each xi(t) by the original EMD method to
get the first component, i.e., first mode IMF. The first mode true IMF is the mean of all IMFs:

IMF1 =
1
I ∑I

i=1 IMFi1 (11)

Next, compute the first residue component as:

R1(t) = Xi(t)− IMF1 (12)

Then, the noise component ε1E1(wi(t)) is added to the obtained residue R1(t); and
EMD decomposition is performed on the remaining signals after the white noise is added
to obtain the second IMF component:

IMF2 =
1
I ∑I

i=1 E1(R1(t) + ε1E1(wi(t))) (13)

Repeat for other IMFs till the residue is not possible to decompose further. Final
residue is computed:

RN(t) = X(t)− ∑N
k=1 IMFk (14)

where N is the number of IMFs.
The CEEMDAN method can eliminate the modal aliasing in EMD by adding adaptive

noise and can solve the non-linear and non-stationary problem by decomposing the original
data into IMFs of different frequencies [20].
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2.2.4. Neural Network

1. BP (Back-propagation) neural network is a multilayer feedforward neural network
consisting of input, hidden, and output layers. Each layer is fully interconnected, and
no interconnection exists in the same layer. One or more hidden layers can exist. The
governing mathematical equations in the forward propagation mode of the BP algorithm
are given as follows:

Yj = σM
i=0W1

ijXi + f1M (15)

Lj = f
(
Yj
)

(16)

ZK = σN
j=0W2

jKLj + f2 (17)

H = f(ZK) (18)

where Xi is the input vector, M is the number of input layer nodes, W is the weight value,
f1 and f2 are the threshold parameters, Yj is the node input value of the hidden layer, Lj is
the output value after the nonlinear transfer function, f is activation function, N is the
number of hidden layer nodes, Zk is the input value of the output layer node and H is the
output value of the output layer node. If the output results do not match the expectations,
then they enter the reverse propagation process. The governing mathematical equations of
reverse propagation process are given as follows:

Wji(t) = Wji(t − 1) + ηaρj(t)xi(t) + αa∆Wji(t) (19)

fj(t) = fj(t) + ηbρj(t)xi(t) + αb∆fj(t) (20)

ρ(t) =
1
2

G

∑
p=1

[
H − Ĥ

]2
(21)

α is the momentum constant, η refers to the learning rates, ρ is error signal, G is the
number of data in the training data set, H and Ĥ is the desired output and actual output,
respectively. The process of forward and backward propagations is repeated until the error
between the output and the expectation is reduced to an acceptable level or the number of
learning times reaches a predetermined value [21].

2. Long Short-Term Memory (LSTM) neural network is a variation of the recursive
neural network (RNN), which is mainly used to solve the problems of gradient disappear-
ance and gradient explosion in the process of long-sequence training [22]. LSTM have
gating mechanisms in each cell where three different input types are fed into, these are
xt, ht−1, and Ct−1. The governing mathematical equations in LSTM networks are given as
follows:

ft = σ(Wf · [ht−1, xt] + bf) (22)

it = σ(Wi · [ht−1, xt] + bi) (23)

ot = σ(Wo · [ht−1, xt] + bo) (24)
∼
Ct = tan h(Wc · [ht−1, xt] + bc) (25)

Ct = ft × Ct−1 + it ×
∼
Ct (26)

ht = ot × tan h(Ct) (27)

where ht and Ct are hidden layer vectors, xt is input vector, bf, bi, bC and bo are bias vectors,
Wf, Wi, WC and Wo are parameter matrices, and σ and tanh are activation functions [23].

3. Gated Recurrent Unit (GRU) neural networks possess a similar cell structure to
LSTM networks. However, their simpler gating mechanisms in comparison with LSTM
networks allow the system to perform complex computations with fewer resources in
a lesser amount of time. Thus, the training of these networks is performed at a higher
speed [24]. One of the main differences between GRU and LSTM networks is the fact
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that, unlike LSTM networks, GRU networks combine the cell state and hidden state in
one variable, namely ht. The mathematical operations which allow GRU networks to
accomplish the above operations are given as follows:

zt = σ(Wz · [ht−1, xt] + bz) (28)

rt = σ(Wτ · [ht−1, xt] + bτ) (29)

h′
t = tan h(Wh · [rt ∗ ht−1, xt] + bh) (30)

ht = (1 − zt) ∗ ht−1 + zt ∗ h′
t (31)

where ht are hidden layer vectors, xt are input vectors, bz, br, and bh are bias vectors,
Wz, Wr, and Wh are parameter matrices [24].

The critical parameters adopted in these three hybrid models were determined through
tuning experiments by achieving the best performance of the model. In the end, we build
unified three-layer neural networks and each layer has 100 neurons. The input length
is set to 30 and the output length is set to 50 by trial and error, which means that we
use the previous 30 days of the data for predicting the next 50 days. In addition, we use
adaptive moment estimation (Adam) as the gradient optimization algorithm, which has
the advantages of high computational efficiency and better learning effect. The rectified
linear unit (ReLU) function is used as the activation function, which avoids the gradient
vanishing problem of sigmoid function and tanh function. The batch size for training is set
to 500.

3. Results
3.1. Forecasts Verification

To assess the overall performances of these three hybrid models, we calculated the
averaged MAE, RMSE and ACC as a function of the forecast horizon length over the period
2015–2021 (Figure 3). The corresponding MAE, RMSE and ACC of the persistence (dark
blue bars), a reference forecast obtained by persisting the initial SSTA field across all lead
times, are also presented in Figure 3 to provide a baseline for evaluating the model forecasts.
While the SCS SSTA has a persistence length of 18 (22) days as indicated by the RMSE
(MAE) of persistence crossing climatology ~0.75 ◦C (~0.61 ◦C), the ACC of persistence
forecast falls below 0.6 on day 5. This illustrates that, by comparison, ACC is a stricter
criterion than MAE and RMSE for measuring the forecast skill horizon. As such, the above-
mentioned 50-day forecast horizon used in the SSTA forecasting experiments is actually
defined according to the ACC threshold of 0.6. Results indicate that, on average, all three
models are equally capable of providing skillful forecasts of the daily SCS SSTAs out to
50 days in terms of MAE, RMSE and ACC. The forecast skill scores for the three models
are overall notably higher than persistence or climatology forecasts at all lead times. For
each of them, RMSE (MAE) rises steadily as lead time increases. An averaged RMSE (MAE)
of ~0.48 ◦C (~0.37 ◦C) is attained at the end of the 50-day forecast window, which is up
to 36% (39%) smaller than climatology. ACC declines more quickly than the rise in MAE
and RMSE, especially when the forecast lead time is shorter than ~15 days. An averaged
ACC of ~0.63 is attained at the end of the 50-day forecast window, which is up to four
times larger than persistence. This indicates that, on average, the forecast skill horizon for
all three models is beyond the available forecast length (50 days) in terms of MAE, RMSE
and ACC.

Given their capabilities of learning time sequences by exhibiting almost the same
forecast performance, whereas the BP model actually executed faster and only took around
20% of the running time of either LSTM or GRU model for implementing 50-day forecasting
experiments over the period 2015–2021, in what follows, only those results from the BP
model are examined in detail.
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Figure 3. Averaged (a) MAEs (◦C), (b) RMSEs (◦C) and (c) ACCs for the SCS SSTA forecasts at lead
times of 1–50 days generated by persistence (dark blue bars), BP (yellow bars), LSTM (green bars),
and GRU (light blue bars). The black dashed line in (a,b) indicates the climatology (~0.61 ◦C and
~0.75 ◦C) of the basin-wide SSTA for the period 1982–2021, and the black dashed line in (c) is an ACC
of 0.6, which is a rule of thumb for measuring “usefulness” of predictions.

Figure 4 shows the boxplots of the bias as a function of forecast lead time for the daily
SCS SSTA forecasts. The dot in each box denotes the mean value, while box limits indicate
the range of the central 50% of the bias, with the central line within the box marking the
median and the circles above and below the whiskers representing the outliers that are
either above 99.5th or below 0.5th percentile. As expected, the spread of the bias shows a
tendency for increasing with increasing lead; and such increasing tendency becomes slow
at lead times longer than ~15 days in terms of both interquartile range (box) and whiskers
(dashed lines). The 99% forecast bias remains within the range of approximately −0.57 ◦C
to 0.59 ◦C at the end of the 50-day forecast window. The daily SCS SSTA forecasts are warm
biased, according to the medians (or means), just a little bit, with relatively large values
(less than 0.04 ◦C in terms of median or mean) observed in the middle of the forecast range,
i.e., at lead times of 20–35 days. It is clear that more warm outliers than cold ones exist at
the lead times longer than one day.

We are also interested in the forecast skill horizon for the instantaneous SSTA forecast
generated by the BP model on individual days. The basin averaged daily RMSE and ACC
for the SCS SSTA forecast are presented in Figure 5a,c as a function of forecast lead time
from one to 50 days for the period 2015–2021. For comparison, the persistence forecast
results are shown in Figure 5b,d. When the RMSE (ACC) for each individual day is larger
(smaller) than the climatology (ACC threshold), a blank area is shown. As the blank areas
in the RMSE of the BP model’s forecasts (Figure 5a) are difficult to see, black arrows are
used to indicate them at the top of the panel. More blank areas are in Figure 5c,d for ACC
than in Figure 5a,b for RMSE for both the model and persistence, because, as indicated
above, ACC is a stricter skill metric than RMSE. In fact, Figure 5a (Figure 5c) shows that
there are ~3% (~41%) of the total forecast days when the RMSE (ACC) of the BP model is
less skillful relative to the climatology (the ACC threshold) to provide SSTA forecasts out
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to the 50 days during the period 2015–2021; for persistence, Figure 5b (Figure 5d) shows
the initial SSTA field can be persisted across the 50 days for 5% of the total forecast days
(only a few days during the first half of 2019) in terms of RMSE (ACC). The least forecast
skill horizons of the daily SCS forecasts for the BP model and persistence determined by
RMSE (ACC) are 14 and 2 days (5 and 1 day(s)), respectively.
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Figure 4. Boxplot of bias (◦C) in the daily SCS SSTA forecasts produced by the BP model as a function
of forecast lead time for the period 2015–2021. The box and whiskers show the interquartile range
and 99% confidence intervals, with circles above and below the whiskers representing the outliers.
The central line and dot within the box denote the mean value and median, respectively.
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(a,c) and persistence (b,d) at lead times of 1–50 days for the period 2015–2021. The blank areas in (a,b)
indicate RMSEs are larger than the climatology (~0.75 ◦C), and those in (c,d) indicate ACCs smaller
than the threshold of 0.6. Black arrows at the top panel point to the blanks.

Note that the forecast skill lengths of the BP model have been simultaneously extended
over persistence in terms of both RMSE and ACC. The BP model has skill clearly out to
50 days in the forecasts with remarkably high ACCs when the SCS SSTAs have the most
significant persistence; for example, those time bands starting roughly from the beginning
of 2016, 2019, and 2021, respectively, as shown in Figure 5d.
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The daily RMSE and ACC time series of the BP model (blue solid and dashed lines in
Figure 6) are correlated well with those of persistence at the beginning of the 50-day forecast
window, especially the ACC (blue dashed line in Figure 6). The correlation coefficient for
RMSE (ACC) at forecast lead time of one day is as high as ~82% (~87%), it then declines
rapidly at lead times up to ~15 (30) days with ~43% (~30%) being attained, and then
maintains relatively large (small) fluctuations till the end of the forecast window.
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Figure 6. Correlation coefficients, computed as a function of forecast length for the period 2015–2021,
between RMSE and ACC derived from the BP model (black solid line) and persistence (black dashed
line), and for RMSE (blue solid line) as well as ACC (blue dashed line) derived from the BP model
and persistence.

The smaller (larger) the RMSE (ACC), the better the model fits the truth. As shown in
Figure 5, for forecast lead times less than a few days, small daily RMSEs always correspond
to large ACCs for the BP model and persistence forecasts, and vice versa. This can be further
identified by the fact that, at a forecast lead time of one day, the correlation coefficient
between RMSE and ACC time series from the BP model (persistence) is ~67% (~72%),
as indicated by the black solid (dashed) line in Figure 6; it then goes down quickly with
increasing lead for the first few days, especially for the BP model forecasts. At a forecast
lead time of five days, for example, it drops to ~43% (~44%) for the model (persistence)
forecasts. After that, the correlation between the RMSE and ACC time series produced
by the persistence remains almost unchanged (~42%) at forecast lead times shorter than
~20 days and then decreases with forecast lead time at a relatively slow rate and reaches
~32% at the end of the forecast window. For the model forecasts, the correlation between
the RMSE and ACC time series slowly reduces to approximately 13% at a forecast lead time
of ~41 days, and then stays almost unchanged till the end of the forecast window.

To evaluate the spatial distribution of the model forecast skill, we calculate the monthly
mean RMSEs in the model forecasts for each grid at lead times of 1–50 days first for the
period 2015–2021. Only those at lead time of 50 days are plotted in Figure 7 (second row
onward, excluding the first panel in the second row that is the annual SSTA climatology),
which means these maps are valid at the 50-day forecast time. Monthly SSTA climatology
is shown in the first row. Since the forecasting experiment started on 1 January 2015, the
monthly mean RMSE at lead time of 50 days is not available for the month of January;
and only forecasts for the last 10 days were used to calculate monthly mean RMSE for the
month of February in year 2015.
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Figure 7. Maps of monthly SSTA climatology (◦C; the first row) and RMSE (◦C; the second to last
row, excluding the first panel in the second row, which is the annual SSTA climatology) for SCS
SSTA forecasts by the BP model at a lead time of 50 days in each year for the period 2015–2021. The
black contour indicates the value of ~0.75 ◦C corresponding to the mean value of the annual SSTA
climatology for the entire SCS basin.

As shown in the first panel of the second row of Figure 7, the isotherms of the annual
SSTA climatology are oriented along an axis in the northeast-to-southwest direction. Spatial
variability of the annual mean SSTA in the northern SCS region is larger than the mean
value (~0.75 ◦C) in the entire basin as shown by black contours, and smaller than that in
the south. The same situation applies for most months, as indicated in the top panels of
Figure 7. The large variability of the SSTA in the north is actually a potential barrier to the
learning ability of the model in a long-range forecast, which can be confirmed from the
similar spatial distribution of the monthly mean RMSEs of the model forecasts at a lead
time of 50 days, as seen in the panels from the second to last row in Figure 7. At first glance,
the monthly mean RMSEs of the model forecasts at the end of the 50-day window for the
period 2015–2021 are apparently smaller than the corresponding monthly climatologies in
most regions and months; and the predictability for the southern region is clearly higher
than that for the northern region. The months with relatively large errors in the northern
region include early spring months in 2016 (see the third panel in the third row of Figure 7),
and late-winter and spring months in 2018 (see the second to fifth panels in the fifth row of
Figure 7). This also happens to correspond to relatively large variability of the monthly
mean SSTA in the meantime in the northern SCS (from February to May in the top panels
of Figure 7). November 2019 is an exception with large errors occurring in the deep-water
area of the central SCS (see the next to last panel in the sixth row of Figure 7).

Next, the forecast skill horizon on which the RMSE crosses the monthly mean cli-
matology is identified for each grid and each month. Then, the composite map of the
forecast skill horizon for the entire SCS basin for each year from 2015 to 2021 is obtained
by keeping the least forecast skill horizon for each grid among 12 months in that year and
plotted in the top and middle panels of Figure 8. Meanwhile, the numbers of grids with
the monthly mean RMSE of the model forecasts smaller than the corresponding monthly
mean climatology are derived at lead times of 1–50 days for the period 2015–2021. The
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frequencies characterizing the proportion of these grid numbers of the entire SCS basin for
each month during the period 2015–2021 are shown in the bottom panel of Figure 8.
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Figure 8. (Top and middle) Composite map of the forecast skill horizon for each year when the
monthly RMSE of the model forecasts in each grid crosses the corresponding monthly climatological
RMSE during the period 2015–2021. (Bottom) Frequency distribution (%) for the numbers of grids
with the monthly RMSE of the model forecasts for the SCS basin less than the corresponding monthly
climatology at lead times of 1–50 days during the period 2015–2021.

The model performs better than monthly climatology out to 50 days in most regions
of the southern SCS basin, in particular in year 2021, based on the composite map of the
forecast skill horizon measured by RMSE for each year during the period 2015–2021 (top
and middle panels in Figure 8). Lower predictability is observed in the northern region,
especially along the coastal regions and within the Beibu Gulf in most years, which is
consistent with the spatial distribution of the monthly SSTA climatology. The least forecast
skill horizon is only one day determined by the monthly climatology (see dark blue in the
top and middle panels of Figure 8). The bottom panel of Figure 8 shows that for the entire
SCS basin there are actually at least ~78% grids in each month when the RMSE is smaller
than the corresponding monthly climatology during the period 2015–2021. The number
of grids occupies a relatively small proportion in March 2016 and late-winter and spring
months of 2018 for the lead times is longer than 30 days, which is consistent with the time
periods during which relatively large monthly mean RMSEs in the model forecasts occur.

3.2. Time Scales of Forecast Skill Horizon

The forecast skill horizon in terms of ACC for the daily SCS forecast of the model
exhibits prominent features with multiple time scales (Figure 5c). In light of this, we focus
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more on the ACC next. To find dominant temporal modes of variability associated with
the forecast skill horizon, we obtain the wavelet power spectrum [25] for the time series
of the forecast skill horizon determined by the ACC threshold of 0.6 for each individual
daily SCS forecast during the period 1982–2021 (Figure 9, left panel). Here, we employ the
complete SSTA time series, not just the testing sub-dataset, so that longer time-scale features
embedded in the forecast skill horizon can be extracted. Global wavelet spectrum (Figure 9,
right panel) is calculated by averaging the wavelet power spectrum over time. The most
distinct peak revealed in the computed global wavelet spectrum is a sharp maximum
at a period of about one year, which persists throughout almost the entire time period.
Other significant peaks exceeding the 95% confidence level for a red-noise process in the
computed spectrum are observed at about 60 days, six months, in the range of 2–5 years,
and ≥~10 years. The wavelet power spectrum (Figure 9, left panel) is clearly nonstationary
in these period bands. Next, we perform preliminary explorations to try to relate these
significant wavelet peaks to various regional and global coupled air–sea phenomena.
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Figure 9. (Left) Wavelet power spectrum (shading) of the daily forecast skill horizon determined
by the ACC threshold of 0.6. Cone of influence is shown by the solid line. (Right) Global wavelet
spectrum (solid curve) calculated by the time average of the wavelet power spectrum. The dashed
lines in both panels represent the 95% confidence level for a red-noise process.

The strong annual maximum revealed in the computed global wavelet spectrum is
associated with the fact that the forecast skill horizon tends to be longer and out to 50 days
in most cases during the winter months for the period 1982–2021 as illustrated by the
monthly mean ACCs of the daily SCS SSTA forecasts produced by the model (Figure 10a).
As has been demonstrated in Figure 6, a good correlation (>66%) is found between the
daily ACCs in the forecasts of the BP model and persistence (blue dashed line) at lead times
shorter than ~5 days. And this conclusion still holds for the monthly ACCs by comparing
Figure 10a,b, in which the monthly ACCs for persistence at lead times of 1–5 days are
displayed. Such annual phasing of inter-annual SSTA strong persistence is consistent with
the fact that the temporal persistence of the SCS SSTAs is seasonally varying, which is the
greatest in winter (Figure 10d). It may be due to, as explained in [26], that the winter SSTAs
that persisted at depth below the shallow mixed layer during the summer months become
re-entrained into the mixed layer during the following winter.

The band of peaks between about 2 and 5 years in the computed spectrum is thought
to be related to the prominent interannual signal of the ENSO events. As noted, interannual
variability of the SCS SSTA is significantly correlated with the ENSO signals [8]. To look
into this, we obtain the smoothed ACCs (Figure 10c), with a 12-month running mean
filter applied to the monthly mean ACCs in Figure 10a, at lead times of 1–50 days for the
period 2015–2021. Whilst the highest correlation coefficient of ~0.46 between the basin
monthly SCS SSTA (purple solid line in Figure 10c) and Niño 3.4 index (purple dashed
line in Figure 10c) is found when the former lags the latter by five months, the interannual
variation of the forecast skill horizon is correlated well with the basin averaged monthly SCS
SSTA (Figure 10c). During the warm episodes of the ENSO (El Niño), higher predictability
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is evident with the forecast skill horizon easily extending out to 50 days associated with the
El Niño events in 1997–1999, 2009–2010, and 2015–2016.
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Figure 10. Monthly mean (a) and 12-month running mean ACCs (c) of the forecasts produced by the
BP model at lead times of 1–50 days for the period 1982–2021. Monthly mean ACCs of the persistence
at lead times of 1–5 days are given in (b). The purple solid and dashed lines in (c) represent the
basin-wide averaged monthly SSTA and Niño 3.4 index, respectively. Those with ACCs smaller than
the threshold of 0.6 are indicated by the blank area. (d): Seasonally dependent temporal persistence
of SSTAs starting in December, March, June, and September, respectively, calculated by correlating
SSTAs from the 1st to the final day of each month with the SSTAs on subsequent days over a 30-day
period across all years by using a correlation threshold of 0.6 [26,27].

The semi-annual cycle in the computed spectrum corresponding to relatively strong
persistence in the monthly ACCs (Figure 10b) may be mainly affected by monsoons over
the SCS [28,29]. The first peak near 60 days in the computed spectrum may correspond
to an intraseasonal cycle, which is the coupled result of intraseasonal SST variation with
atmospheric intraseasonal oscillations [30]. The last significant peak around 10 years in the
spectrum, just exceeding the 95% confidence level, perhaps matches the decadal change
in the intraseasonal variability of SSTA [31] or is induced by the PDO [8]. All of these
preliminary inferences need to be verified through further exploration in the future.

The persistence of the SCS SSTA became stronger after 2007 (Figure 10b), with the most
significant persistence occurring in the early spring months of 2019 (see Figure 5d). At the
same time, the model performance is accordingly enhanced on the basis of persistence after
2007; and the forecast skill horizon of the model can be extended out to 50 days more easily



Remote Sens. 2024, 16, 1034 16 of 19

and frequently with relatively high ACCs (Figure 10c). This is another interesting topic
worthy of in-depth investigation in the future.

3.3. Impact of Tropical Cyclones

To demonstrate the impact of severe weather systems, such as tropical cyclones (TCs),
on the performance of the model forecast, we examine the forecast results under normal
and severe weather conditions separately. The TC track data used are from the China
Meteorological Administration (CMA) best track dataset [32]. There were a total of 65 TCs
from 2015 to 2021. Following [17,33,34], we use 5 days (Figure 11, black lines), 10 days
(Figure 11, blue lines) and 30 days (Figure 11, red lines) before and after the TC passage
plus the duration of the TC as the time window of severe weather condition. As shown
in Figure 11, the ACC under normal weather conditions is higher than that under severe
weather conditions as the forecast length increases; and yet the averaged ACC at the end
of the 50-day forecast cycle under a 10-day and 30-day time window of severe weather
conditions is still higher than the threshold of 0.6. On the contrary, the RMSE under
normal weather conditions is larger than that under severe weather conditions as forecast
length increases (the solid blue line and the solid black line overlap). Notice that Shao et.al
obtained the same results [17], which will be an interesting topic for future discussions.
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Figure 11. Basin averaged RMSEs (◦C; rising lines) and ACCs (descending lines) for SCS SSTA
forecasts at lead times of 1–50 days generated by the model under normal (solid lines) and severe
(dashed lines) weather conditions for the period 2015–2021.

Six out of the 65 TCs passing over the SCS were classified as typhoons. They are
used to examine the performance of the model when the forecast skill horizon is out to
50 days. For each of these six typhoon cases, the SST changes on the day when the typhoon
reaches its peak intensity and is calculated over the 50-day forecast window for the truth
and forecast. As shown in the bottom panels of Figure 12, the bias in the SSTA forecast
is not evident during the passage of the typhoon except for Nakri (2019), with both the
RMSE (0.66 ◦C) and ACC (0.79) of the SCS SSTA forecasts being the maximum among the
six typhoon cases.

Such performance achieved by the model under a severe weather system indicates
that, due primarily to its short life span and limited impact area, TC is not necessarily an
obstacle to the predictability of SCS SSTA in the long range.
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Figure 12. SST changes (◦C) in the truth (top) and forecast (middle) and the forecast error (bottom)
on the day when the typhoon reaches its peak intensity over the 50-day forecast window. Thick black
line shows typhoon track, and colored circles denote typhoon intensity. Time when typhoon reaches
its peak intensity is labeled in the form of two-digit month and day (i.e., mmdd) in each top panel.

4. Discussion

The overall performances show that the hybrid deep learning-based prediction models
established in this study, namely BP, LSTM, and GRU, demonstrate equal capabilities and
can skillfully extend the daily SCS SSTA forecasting lead time to 50 days in terms of both
RMSE and ACC. This is comparable to the state-of-the-art operational systems in long-
range forecasting, such as the Navy-ESPC. It shows that the forecast skill horizon for each
individual day measured by ACC, ranging from 5 to 50 days, exhibits prominent features
with multiple time scales. The significant periods revealed by the computed spectra of
the forecast skill horizon time series corresponding to the ACC threshold of 0.6 include
those of ~60 days, six months, one year, in the range of 2–5 years, and about ≥10 years.
Preliminary explorations demonstrate that such evident variability on time scales from
intraseasonal to decadal embedded in SCS SST fluctuations in nature caused by various
mechanisms, including internal ocean variability, local and remote stochastic atmospheric
heat and momentum flux forcing, can be extracted by the proposed hybrid algorithms
to realize long lead-time forecasting. In addition, data-driven mechanisms represent a
valuable opportunity to unmask the physics that we do not yet know [35].

Challenges remain for deep learning-based algorithms to implement daily SSTA
forecasting skillfully at long lead times for each individual day. Reliable time series data are
not as abundant and long enough right now, which hinders the long-range prediction ability
of data-driven models and their wide range applications, such as forecasting subsurface
ocean variables. One way for achieving skillful forecasts at long lead times consistently
is to develop a class of models that are driven by data and obey physical principles and
then combine their advantages. Yet, to increase the prediction length, identifying the
factors that impact the SSTA evolution in the coupled atmosphere–ocean system involved
different atmospheric and oceanic processes with highly complicated variability in both
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space and time has always been the central focus and the challenge for the development of
physics-based models.
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