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Sea Surface Temperature, a key parameter of the Earth system, suffers from severe data gaps due to cloud cover
and sensor limitations. To address this problem, this study develops an adaptive Convolutional Long Short-Term
Memory spatio-temporal reconstruction model via Bayesian optimization. This model generates the Seamless
Global Daily SST products (SGD-SST 2.0). The products, which have a spatial resolution of 9 km, support cross-
sensor coverage and cover the period from 2003 to 2025. The model develops a dynamic time-step selection
mechanism driven by data missing rates. It also introduces an adaptive post-processing strategy that considers
latitudinal effects. In particular, addressing the high missing rate characteristic of Moderate-Resolution Imaging
Spectroradiometer data, a Visible Infrared Imaging Radiometer Suite pre-trained model transfer learning strat-
egy is developed. It enables seamless reconstruction of cross-sensor multi-source products between Moderate-
Resolution Imaging Spectroradiometer sea surface temperature (2003-2012) and Visible Infrared Imaging Ra-
diometer Suite sea surface temperature (2013-2025), generating 22-year global daily sea surface temperature
products. For validation experiments, four verification methods are employed: in-situ validation, time-series con-
sistency analysis, comparison with other methods, and latitude-stratified comparison. Validation results demon-
strate a Correlation Coefficient of 0.994, Root Mean Square Error of 0.916 K, and Mean Absolute Error of 0.602 K.
Compared with the previous SGD-SST 1.0 products, SGD-SST 2.0 products show significantly improved recon-
structing accuracy especially in mid-low latitude regions. SGD-SST 2.0 products are available for download at
https://huggingface.co/datasets/namelesswang/SGD-SST_2.0/tree/main.

1. Introduction ing of SST holds significant importance for weather prediction, ecologi-

cal assessment, fisheries management, and other fields (O’carroll et al.,

Sea Surface Temperature (SST) is a key physical quantity character-
izing energy exchange at the ocean-atmosphere interface. It is also a
crucial element for revealing multi-scale processes in the global climate
system (Minnett et al., 2019). SST directly regulates the exchange of
heat, momentum, and gas fluxes between the ocean and atmosphere.
It profoundly influences atmospheric circulation, ocean thermal struc-
ture, and ecosystems. From a societal perspective, spatio-temporal vari-
ations of SST drive extreme weather events, long-term climate trends,
and regional environmental phenomena. Therefore, accurate monitor-

2019).

Generally, SST data are primarily obtained through two ways: in-situ
measurements, and satellite remote sensing retrieval. Satellite remote
sensing technology has been operationally implemented since 1981.
Owing to its advantages of high spatial and temporal resolution, it has
become a core mode for acquiring global ocean temperature distribution
characteristics (Haghbin et al., 2021; Zhang et al., 2024b). It comple-
ments in-situ measurements in terms of accuracy and regional coverage.
However, both techniques have inherent limitations. In-situ measure-
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ments are constrained by the density of observation platforms, resulting
in sparse spatio-temporal coverage. Although satellite retrieval enables
large-scale monitoring, it suffers from significant data gaps caused by
cloud obstruction, aerosol interference, and solar glint effects. These is-
sues have become the bottlenecks restricting its applications in multiple
fields (Kolbe et al., 2025; Luo et al., 2021; Nielsen-Englyst et al., 2023;
Zhang et al., 2020).

SST serves as a core parameter for ocean-atmosphere interactions.
Its high-precision reconstruction and prediction form a critical founda-
tion for climate monitoring, ecological assessment, and disaster early
warning. In recent years, relevant works have developed two main
categories of methods: physics-driven approaches and data-driven ap-
proaches. These approaches are described as follows:

In terms of physics-driven approaches, HYCOM represents an ad-
vanced data assimilation system based on physical mechanisms. Its core
advantage lies in combining hybrid coordinate modeling with multi-
source data fusion. This provides a physically constrained framework
for dynamic repair of missing satellite SST data (Gao, 2008). Although
HYCOM has achieved breakthroughs in data assimilation accuracy,
it relies on traditional interpolation methods. These methods still re-
sult in systematic biases in extreme data missing scenarios. Addition-
ally, computational costs grow exponentially with increasing resolu-
tion. Statistical models are represented by Data Interpolation Empiri-
cal Orthogonal Function (DINEOF). DINEOF achieves missing data re-
pair through spatio-temporal feature decomposition. It operates without
prior assumptions, becoming one of the mainstream methods for spatio-
temporal missing data reconstruction. Ping et al. (2016) addressed the
efficiency and accuracy bottlenecks of the traditional DINEOF algorithm
in high missing rate scenarios. A Variable Optimal EOF Improved Al-
gorithm (VE-DINEOF) was proposed. By dynamically selecting spatio-
temporal feature modes, it significantly improves the performance of
missing data reconstruction in complex marine environments. However,
although VE-DINEOF shows excellent performance in sea data, it relies
on pre-setting maximum EOF numbers and sub-region divisions. This
results in parameter sensitivity issues (Shi et al., 2024; Sukresno, 2010;
Zhang et al., 2024a).

In terms of data-driven approaches, Long Short-Term Memory
(LSTM) neural network has become a research hotspot in recent years
due to its efficient modeling capability for time-series data. For instance,
Jia et al. (2022) constructed a 5-day short-term SST prediction model
based on LSTM for the complex dynamic environment of the East China
Sea. Through sensitivity experiments and regional transfer analysis, this
study provides a new reference method for SST prediction in small and
medium-scale sea areas. LSTM demonstrates efficient capture capabil-
ity for seasonal cycles and short-term trends in single-point time-series
modeling. However, its main limitation lies in focusing solely on tem-
poral dimension feature extraction. It insufficiently utilizes the spatial
correlation of SST and the spatial propagation mechanisms of dynamic
processes (Koner et al., 2016; Xiao et al., 2019; Zhang et al., 2022).

To address the issues of LSTM, Hirahara et al. (2021) proposed a
generative adversarial network (GAN) incorporating adversarial physi-
cal model loss, to address the cloud obstruction problem in satellite SST
data. This method fuses physical constraints from data assimilation with
efficient reconstruction capabilities of deep learning. It achieves high-
precision for SST restoration, while avoiding the high computational
cost of traditional data assimilation methods. However, this method is
limited by a fixed 3-day time window, capturing only short-term tempo-
ral features. Additionally, this study focuses on local region reconstruc-
tion at 64 x 64 pixels, targeting only small-scale scenarios. It exhibits
limitations in handling spatio-temporal continuous features of global-
scale SST fields (Gavahi et al., 2023; Marullo et al., 2014).

To provide a structured synthesis of the SST reconstruction methods
discussed above, their core characteristics, advantages, and limitations
are summarized in Table 1.
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Although the aforementioned methods demonstrate advantages in
specific scenarios, high-precision global-scale daily SST reconstruction
still faces three main challenges:

1) Difficulty in eliminating interpolation biases in extreme missing sce-
narios;

2) Existing spatio-temporal modeling fragmentation issues (e.g., LSTM
focuses solely on single-point time-series, while GAN is limited to
local region restoration);

3) Long-term products suffer from sequence discontinuity caused by
sensor replacement.

Therefore, three key objectives must be achieved in complex marine
dynamic environments: spatio-temporal modeling adaptability, long-
term sequence continuity, and multi-dimensional accuracy verification.
How to address these issues has become a key breakthrough point in
current research. To solve the above problems, this study proposes the
following innovative solutions:

e An adaptive ConvLSTM spatio-temporal reconstruction model based
on Bayesian optimization is developed. This model incorporates a
dynamic time-step selection mechanism driven by data missing rates,
and introduces an adaptive post-processing strategy that accounts for
latitudinal effects. These innovations not only significantly improve
the reconstruction accuracy in regions with high data missing rates,
but also effectively preserve key oceanographic features (e.g., ocean
fronts).

¢ Cross-sensor multi-source data reconstruction is realized to build
seamless global daily SST products (named SGD-SST 2.0), which
cover 2003-2025 with a 9km spatial resolution by integrating
MODIS SST (2003-2012) and VIIRS SST (2013-2025) datasets. To
address the high missing rate of MODIS SST data, a cross-sensor
strategy adaptation strategy using a VIIRS pre-trained model is de-
veloped, extending the reconstruction period to 22 years.

¢ A multi-dimensional validation strategy is adopted to evaluate the
performance of SGD-SST 2.0 products, including four aspects: (a)
in-situ validation, (b) time-series consistency analysis, (c) compar-
ison with the DINEOF method, and (d) latitude-stratified compari-
son. Validation results show that, compared with the previous SGD-
SST 1.0 products, SGD-SST 2.0 exhibits significantly improved re-
construction accuracy in mid-low latitude regions. Additionally, it
demonstrates better spatio-temporal continuity than traditional in-
terpolation methods.

The remainder of this paper is organized as follows. Section 2 intro-
duces the used data. Section 3 describes the reconstruction model and
validation approaches. Section 4 presents the experimental results and
validation comparison outcomes. Section 5 provides the conclusions and
future prospects.

2. Data
2.1. MODIS Sea surface temperature products

The Moderate-Resolution Imaging Spectroradiometer (MODIS), a
core payload of NASA’s Earth Observing System, is onboard the Terra
(launched December 18, 1999) and Aqua (launched May 4, 2002) satel-
lites. It achieves high-frequency global sea surface coverage through
complementary morning (10:30 local time) and afternoon (1:30 lo-
cal time) orbits. The sensor has 36 bands (0.4-14.4um). Primary
bands for SST retrieval include mid-wave infrared (MWIR) band-20
(3.75um), band-22 (3.959um), band-23 (4.040um), and long-wave in-
frared (LWIR) band-31 (11.03um), band-32 (12.02um). MWIR bands
excel in night-time SST retrieval without solar interference, benefiting
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Table 1
Summary of mainstream SST reconstruction methods.
Category Method Core Idea Advantages Limitations
HYCOM Hybrid coordinate modeling with ~ Physically constrained frame-  Relies on traditional interpola-
Physics-driven multi-source data assimilation work; breakthrough in assimila-  tion; systematic bias under ex-
tion accuracy treme missing data; computa-
tional cost grows exponentially
with resolution
DINEOF Spatio-temporal missing data re-  No prior assumptions; mainstream  Poor performance in high missing-
pair via EOF decomposition method for spatio-temporal recon-  rate scenarios
struction
VE-DINEOF Dynamic selection of spatio- Significantly improves reconstruc- Requires pre-setting maximum
temporal feature modes tion in complex marine environ- EOF number and sub-region
ments divisions; parameter sensitivity
. LSTM Time-series modeling for SST pre-  Efficient capture of seasonal cy-  Focuses only on temporal di-
Data-driven - . . .. e
diction cles and short-term trends mension; insufficient utilization
of spatial correlation and spatial
propagation mechanisms
GAN Generative adversarial network Fuses physical constraints with Limited by fixed 3-day time

with adversarial physical model
loss

deep learning; high-precision
restoration; avoids high computa-
tional cost

window; targets only small-
scale (64x64 pixels) scenarios;
limitations in global-scale spatio-

temporal continuous features

from high atmospheric transparency and temperature sensitivity. How-
ever, they are susceptible to sensor noise. LWIR bands support day-night
observations via mature split-window algorithms, while their accuracy
is significantly affected by atmospheric water vapor absorption and scan
angle variations (Kilpatrick et al., 2019; Liu & Minnett, 2016).

The missing data issue of MODIS SST products primarily stems from
the combined effects of cloud obstruction and sensor performance lim-
itations. Infrared bands’ reliance on clear-sky conditions results in sub-
stantial observation gaps. After quality control, the global annual av-
erage of valid data approximately accounts for 50%-70%, as shown
in Fig. 1. In complex scenarios such as equatorial convective regions
and polar winters, the proportion of unprocessed pixels due to cloud
obstruction significantly increases (Jia & Minnett, 2020; Kang et al.,
2014).

Furthermore, cloud detection algorithms (e.g., threshold methods
based on brightness temperature differences and texture analysis) ex-
hibit a misclassification rate of approximately 5%-10%. This may in-
correctly categorize some clear-sky pixels as cloudy, leading to data
gaps or low-quality flags. In complex scenarios including polar win-
ters and thin cloud cover, misclassification rates may locally increase
with scene complexity due to reduced spectral contrast and sensor
limitations.

Regarding sensor performance, the MWIR bands’ insufficient pene-
tration capability for low clouds at night exacerbates observation blind
spots in high-latitude winters. Detector noise and early calibration biases
have undergone on-orbit corrections. However, complex atmospheric
conditions such as high-water vapor content and strong temperature
gradients may still introduce systematic errors of certain degrees. These
factors all affect the data continuity and reliability of SST products (Frey
et al., 2020; Kilpatrick et al., 2015), as shown in Fig. 1c.

This study reconstructs missing SST data from MODIS Aqua covering
the period 2003-2012. The data missing rate for the 2003 dataset is
illustrated in Fig. 1a. The MODIS SST products can be downloaded from:
https://oceandata.sci.gsfc.nasa.gov/13/.

2.2. VIIRS Sea surface temperature products

The Suomi NPP satellite, launched on October 28, 2011, serves as
the core satellite of the U.S. National Polar-orbiting Partnership pro-

gram. It operates in a sun-synchronous near-polar orbit with an al-
titude of 824km. The satellite daily crosses the equator at 13:30 lo-
cal time, featuring a 16-day revisit cycle and a 3000 km swath width
to achieve gap-free global coverage. The Visible Infrared Imaging Ra-
diometer Suite (VIIRS) onboard the satellite is a key payload for SST
retrieval. This sensor inherits technical advantages from MODIS and
AVHRR, configured with 22 bands covering the 0.4-12.5pm range. Pri-
mary bands for SST retrieval include mid-wave infrared (MWIR) bands
M12 (3.61-3.79um), M13 (3.973-4.128um), and thermal infrared (TIR)
bands M15 (10.263-11.263um), M16 (11.538-12.488um). The sensor
provides a 750 x 750 m spatial resolution and effectively reduces pixel
distortion at scan edges through pixel aggregation technology (Choo
et al., 2025; Jiang et al., 2024; Liu & Wang, 2018; Zhang et al., 2025).

However, the data integrity of VIIRS is constrained by multiple fac-
tors. As an infrared sensor, it is highly sensitive to cloud coverage. It
relies on the Alternating Decision Tree cloud screening algorithm to ex-
clude contaminated pixels. This algorithm improves effective data cov-
erage by 3%—-6% compared to traditional binary decision trees. Never-
theless, in cloud-intensive regions such as the Intertropical Convergence
Zone and mid-high latitude storm areas, data gaps still occur due to ex-
tensive cloud pixel removal. For instance, certain regions in the equa-
torial Pacific and western Indian Ocean exhibit extremely sparse buoy
data matches. This is mainly caused by persistent heavy cloud cover-
age. During daytime retrieval, mid-wave infrared bands cannot be used
due to solar reflection interference. The retrieval process relies solely
on thermal infrared dual bands (M15, M16), which results in slightly
lower accuracy compared to nighttime three-band algorithms (the night-
time algorithms combine mid-wave infrared bands for improved perfor-
mance). Atmospheric complexity further exacerbates data quality chal-
lenges: regions affected by Saharan dust include the West African coast
and Arabian Sea, where atmospheric aerosols significantly absorb and
scatter infrared radiation, causing cold biases in SST retrieval. Quality
flag systems screen contaminated pixels; however, high-concentration
dust regions may still be misclassified as clear sky, introducing system-
atic errors (Tu et al., 2015; Zhang et al., 2026).

Overall, SNPP-VIIRS provides important data support for global SST
retrieval through multi-band infrared radiation measurements. How-
ever, its data quality exhibits significant gaps or accuracy degradation in
regions such as tropical oceans, polar seas, and shallow coastal zones,
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Fig. 1. Global SST coverage rate and data gaps in MODIS and VIIRS Products.

as shown in Fig. 1d. These issues result from the combined effects of
cloud coverage, aerosols, complex surface conditions, and instrument
noise. This study reconstructs missing SST data from SNPP-VIIRS cover-
ing the period 2013-2025. The data missing rate for the 2023 dataset is
illustrated in Fig. 1b. The VIIRS SST products can be downloaded from:
https://oceandata.sci.gsfc.nasa.gov/13/.

2.3. Global sea surface temperature station data

The In-situ SST Quality Monitor (iQuam) system, developed by
the U.S. National Oceanic and Atmospheric Administration (NOAA),
serves as an in-situ measurement data platform supporting satellite SST
products calibration. It integrates multi-source data including Global
Telecommunication System, Argo buoys, and ship observations. This in-
tegration constructs a high-quality dataset covering multiple platforms
such as drifting buoys, moored buoys, and ships. The system imple-
ments strict quality control through binary checks and statistical meth-
ods. It significantly removes outliers while retaining high-precision ob-
servations. Data quality levels are indicated through the quality-level
field. Specifically, 0-2 indicate data of excessively poor quality for use,
while 3-5 respectively represent low quality, acceptable quality, and
optimal quality data (Ahmed et al., 2025; Good et al., 2020; Xu & Igna-
tov, 2014).

This study utilizes iQuam data with quality level 5 as the bench-
mark. It validates the accuracy of reconstructed SST products through
spatio-temporal matching and statistical analysis. It also evaluates error
characteristics in complex environments, providing a basis for algorithm
optimization and model improvement. The standardized quality control
and reliable observations of iQuam offer critical support for quantifying
the reliability of reconstructed SST products, ensuring effective applica-
tions in climate research and numerical simulations.

3. Methodology
3.1. Reconstruction method

The overall flowchart of the reconstruction method is shown in
Fig. 2. This method includes the following steps: First, perform data
preprocessing-screen pure ocean regions from the original data, select
samples with data missing rates meeting requirements within the time
window, simulate missing data using masks, and generate data pairs to
construct a sample dataset. Second, define the parameter space: gen-
erate parameters iteratively through Bayesian optimization and config-
ure ConvLSTM with adaptive time steps. Third, input the training set
into the configured model, train through a joint loss function fused with
monthly average constraints, generate reconstructed SST products com-
bined with latitude-adaptive median filtering post-processing, and per-
form validation. Finally, generate seamless global daily SST products
from 2003-2025 based on the optimized model.

3.1.1. Sample dataset construction

To address the spatio-temporal characteristics and reconstruction re-
quirements of SST data, this study constructs a sample dataset with dy-
namic time windows. This adapts to the adaptive adjustment mechanism
of 9-13 day time steps in the model. The original data adopts VIIRS SST
data with 9km resolution. Considering that MODIS SST data has few
complete samples due to high missing rates, this experiment prioritizes
VIIRS data for sample dataset construction. Preliminary pre-experiments
show that pre-trained models based on MODIS high-missing rate data
poorly perform in SST reconstruction. In contrast, the high integrity of
VIIRS data provides a more reliable spatio-temporal feature learning
foundation for the model.

To ensure seasonal coverage and spatio-temporal continuity of sam-
ples, the screening process incorporates both spatial and temporal cri-
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Fig. 2. Flowchart of the SGD-SST 2.0 reconstruction method.

teria: Spatially, only pure ocean pixel blocks (with 0 land pixels) are
retained to avoid land interference. Temporally, centered on target date
T, the missing rate of ocean pixels must be less than 10% within 13 days
from T—12 to T. This forms long-term continuous valid label samples.

In the data pair generation stage, the basic time range for each sam-
ple is set as T—12 to T. Continuous sub-windows of 9-13 days are dy-
namically extracted according to the model’s adaptive time steps. Ex-
amples include 13 days from T—12 to T and 9 days from T—8 to T. The
specific process is given as follows: First, extract SST data and corre-
sponding ocean masks from 7—12 to 7', and construct a 3D input group
containing time, height, and width dimensions; the mask is used to mark
valid observation areas for each time step. Subsequently, select 8250
simulated masks of 40 x40 from the VIIRS mask library (2013-2024)
with missing rates ranging from 0.3-0.8. Randomly apply these masks
to the complete block of date 7' to generate incomplete input data,
and simultaneously update the mask group for the corresponding time
window to ensure spatio-temporal consistency between input data and
masks (Wang et al., 2025; Young et al., 2024; Zhang et al., 2021).

The finally constructed dataset 9272 sample blocks. Each sample
consists of dynamically extracted 9-13 days incomplete SST blocks (cor-
responding to continuous sub-windows within the 7—12 to T base time
range) and their labels (complete blocks of date T'). Each sample consti-
tutes a spatio-temporal cube of 40x40 pixels x 9-13 days, which carries
high spatial-temporal information density to support model learning.
Moreover, the 8250 simulated missing masks (missing rates: 0.3-0.8)
applied to each complete sample form a large-scale targeted data aug-
mentation strategy, enabling the model to capture generalizable features
for various missing patterns and ensuring the sufficiency of the 9272
samples for the global 22-year reconstruction task. Through long-time
window screening and dynamic sub-window interception, this dataset
directly adapts to the time step adjustment logic of the model. Mean-
while, it introduces diverse missing patterns through simulated masks,
providing training materials highly matching real scenarios for the deep
spatio-temporal reconstruction model. This effectively improves the re-
construction performance of the model under complex missing condi-
tions.

Although all 9272 training samples are derived from 2021, this
dataset covers most typical spatiotemporal patterns of SST in the study

region, including both normal SST variation areas and regions with local
anomalous changes. The core goal of SST missing value reconstruction
is to learn the universal spatiotemporal dependencies and variation laws
of SST, rather than memorizing year-specific climate signals. The 2021
samples adequately cover the statistical characteristics of SST in both
normal and anomalous states (e.g., mean, variance, spatial autocorre-
lation). The model’s reconstruction performance on out-of-sample test
data with an independent climate background (e.g., 2023 SST data) is
consistent with that on the training dataset, indicating that the model
has learned generalizable reconstruction capabilities rather than year-
specific features. Thus, the single-year training data does not introduce
significant temporal bias. Furthermore, while 2021 does not exhibit ex-
treme global climate anomalies such as strong El Nifio/La Nifia events,
the local and moderate-intensity SST anomalies included in the train-
ing set ensure that the model can adapt to most climate scenarios in
other years. For extreme climate years, the fundamental spatiotempo-
ral variation mechanism of SST remains unchanged, and the model’s
ability to capture temperature gradients, spatial continuity, and contex-
tual dependencies can still be effectively applied to guarantee reliable
reconstruction performance.

Regarding the dataset partition, this study follows a “training-
application-external validation” paradigm. The training set is composed
of all 9272 sample blocks derived from the 2021 VIIRS SST data, which
serve as high-quality labels paired with simulated missing masks. After
training, the model is directly applied to two completely independent
sequences for testing: the 2003-2012 MODIS SST data (cross-sensor test)
and the 2013-2025 VIIRS SST data (cross-time test). The final validation
relies on the performance of the full 22-year reconstructed SST prod-
ucts, which are rigorously evaluated against the independent iQuam
in-situ observation database. All quantitative metrics reported in this
manuscript are obtained from this strict external validation, which veri-
fies the reliability and generalization of the proposed model and training
strategy.

3.1.2. Bayesian optimization-based adaptive ConvLSTM spatio-temporal
reconstruction model
1) Adaptive Time Step Adjustment Mechanism
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Fig. 3. Bayesian optimization-based adaptive ConvLSTM spatio-temporal reconstruction model.

To enhance the model’s adaptability to dynamic features of spatio-
temporal data, the Smooth Time Step Selector module is designed in
Fig. 3. It dynamically adjusts the time step length input to ConvLSTM
based on data missing rates. This module achieves smooth transitions
using the Sigmoid function, avoiding discrete jumping issues of tradi-
tional fixed threshold methods. Specifically, the module receives data
missing rate r as input. It maps r to the real number domain through
linear transformation:

x=(r—-0)-s (€8}

where 6 is the threshold and s is the slope parameter After generating
weight w via the Sigmoid function w = , the time step length is
calculated by Eq. 2:

Imin) * W 2)

This enables continuous adjustment within the interval [¢in, max]
(during training, 7.,;, =9 and t,,, = 13; parameters remain consistent
during testing). This mechanism allows the model to dynamically adapt
to scenarios with different data integrity levels: When the missing rate
is high, expand the time window to capture long-term temporal depen-
dencies. When data integrity is high, shrink the window to focus on
local spatio-temporal features, balancing computational efficiency and
feature extraction capability.

2) Bayesian Optimization Strategy

Considering the data processing differences between training and
testing phases, a Bayesian optimization strategy is adopted to indepen-
dently optimize the model’s key parameters (threshold 6, slope s) as
below (Frazier, 2018; Pelikan, 2005; Snoek et al., 2012; Wang et al.,
2023).

Data block division and missing rate characteristics: In the train-
ing phase, the global 2160 x 4320 data is divided into 40 x40 small
blocks. Missing values are artificially introduced through simulated
masks with a relatively low missing rate range focusing on the 0.1 ~ 0.2
interval. This controls the complexity of training data. In the testing
phase, 540 x 540 data blocks under real scenarios are directly processed.
The missing rates are affected by actual observation conditions, showing
a wide distribution range mainly concentrated in the 0.5 ~ 0.9 interval.

Tre ™

= tmin + (fnax —

Training Phase: Threshold 6,;, €[0.1,0.2] and slope s, €
[10,100]. For low missing rate scenarios, a larger slope enhances func-
tion response sensitivity. This ensures the model accurately captures
local spatio-temporal features when data is relatively complete.

Testing Phase: Threshold 6, € [0.5,0.9] and slope s € [1,20].
For high missing rate scenarios, a smaller slope slows the function
change rate. This allows the model to stably adjust the time window
during large-scale missing, avoiding overfitting caused by sparse data.

Optimization Implementation Details: The objective function is
guided by minimizing a custom loss function (see Section 3.1.3 for
specific formulation), integrating the Adam optimizer and MultiStepLR
learning rate scheduler. An early stopping mechanism is embedded in
the training process. Training terminates when the training loss does not
decrease significantly for 3 consecutive epochs to avoid overfitting. Ex-
perimental pruning is implemented through Optuna (an open-source hy-
perparameter optimization framework Akiba et al. (2019)) to improve
search efficiency in high-dimensional parameter spaces. This strategy
deeply couples the time step adjustment mechanism with data scenar-
ios. It ensures the model efficiently extracts spatio-temporal features in
both simulated training and testing scenarios.

Numerical Example: To concretely illustrate the mechanism of the
adaptive time step adjustment, consider a set of parameters optimized
for a typical high-missing-rate testing scenario: threshold 6 = 0.6, slope
s =5, with bounds 7.,;, =9 and 7,,,,, = 13.

Case 1 - High missing rate (» = 0.8): Input missing rate r is above
the threshold 6.

Compute: x =(r—-60)xs=(08-0.6)x5=1.0

Then: w = Sigmoid(x) = Sigmoid(1.0) ~ 0.73

Finally: t = round (#,,, + (fuax — fnin) X w) = round (9 + (13 - 9) x
0.73) ~ round(11.9) =

Interpretation: For a data block with 80% missing pixels, the mechanism
selects a longer time step (12 days), expanding the temporal window
to integrate information from more distant observations. Case 2 - Low
missing rate (r = 0.3): Input missing rate r is below the threshold 6.
Compute: x =(r—0)xs=(03-0.6) x5=-1.5

Then: w = Sigmoid(x) = Sigmoid(—1.5) ~ 0.18

Finally: 1 = round(t Tmin) X w) = round (9 + (13 — 9) x

min T (tmax -
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Fig. 4. Basic unit structure of ConvLSTM.

0.18) ~ round(9.7) = 10

Interpretation: For a relatively complete data block (30% missing), the
mechanism opts for a shorter time step (10 days), focusing on the
nearest frames to capture fine-grained local dynamics.

3) ConvLSTM spatio-temporal reconstruction model

In the spatio-temporal feature extraction stage, the proposed frame-
work employs a ConvLSTM model to process incomplete SST data
over consecutive periods. The key is to enhance the spatial feature
capture capability of traditional LSTM through convolution operations
(Graves, 2012). As shown in Fig. 3, the model is composed of multi-
ple stacked ConvLSTM Cell units. Each unit realizes joint modeling of
spatio-temporal information through a convolutional gating mechanism
(Chai et al., 2019; Hu et al., 2020; Lin et al., 2020; Moishin et al., 2021;
Mustageem & Kwon, 2020).

Each ConvLSTM Cell inherits the gating mechanism of traditional
LSTM, while it replaces fully connected operations with 3 x 3 convo-
lutional layers to preserve the spatial structure of the input data. As
depicted in Fig. 4, the specific gating process is given as follows:

Forget Gate: The forget gate determines the retention degree of the
previous cell state ¢,_,. It calculates the spatial correlation between the
current input x, and the previous hidden state h,_; through a 3 x 3 con-
volution layer:

Ji=oWyp s x,+ Wyp s by +by) 3)

where ¢ is the Sigmoid function (output range [0, 1]). W, ; and W
are 3 X 3 convolution kernel weights. b, is the bias term. * denotes the
convolution operation. The forget gate output f, is used to selectively
retain valid information in ¢,_;.

Input Gate: The input gate is responsible for screening new infor-
mation from the current input and consists of two parts:

a) Update Signal: Determine the positions requiring update through
the Sigmoid layer:

i, =c(Wy % x,+ Wy % hy_| +b;) @

b) Candidate State: Generate information-containing candidate cell
states through the Tanh layer:

¢, = tanh(W,, % x; + Wy, % h,_| +b,) 5)

After element-wise multiplication of these two components, they jointly
update the cell state together with the forget gate output.

Cell State Update: Combining the outputs of the forget gate and
input gate, the current cell state ¢, is updated as follows:

¢=fi0c_1+i, 08 (6)

where © denotes element-wise multiplication, enabling selective forget-
ting of historical states and fusion of new information.

Output Gate: The output gate determines the output proportion of
cell state c,. First, the output weight is determined through the Sigmoid
layer, then the hidden state h, is generated after Tanh processing:

0, =0(Wy, * x,+ Wy, % h,_ +b,) @
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This process ensures the output contains only valid information re-
lated to current spatio-temporal features.

In the proposed framework, the ConvLSTM model is configured
with 6 layers, with hidden dimensions of [16, 32, 64, 64, 64, 64] sequen-
tially and 3 x 3 convolution kernels. After dimension adjustment, input
data is fed into each ConvLSTM Cell layer sequentially by time steps.
The first layer receives single-channel input and extracts basic spatio-
temporal features through 3 x 3 convolution. Subsequent layers first cap-
ture multi-scale spatio-temporal dependencies with incrementally in-
creasing hidden dimensions (16 — 32 — 64). The last three layers main-
tain 64-dimensional hidden states to deep feature extraction. Each layer
performs cyclic calculations by time steps to explicitly capture dynamic
changes in the temporal dimension of input data. Outputs are passed to
the next layer after ReLU activation. The hidden state output from the
final layer takes the result of the last time step as spatio-temporal fea-
ture representation, which is processed by the final convolution layer for
reconstruction. This design incorporates cyclic processing of time steps
in each layer. It also combines spatial feature extraction by 3 x 3 con-
volution kernels. This enables the model to capture dynamic evolution
of time-series while mining spatial local correlations. It achieves deep
fusion of spatio-temporal features, providing refined feature support for
missing SST data reconstruction in complex regions.

Building on this foundation, this paper designs a latitude-adaptive
median filtering post-processing method for regions with high missing
rates such as high-latitude sea ice-covered areas. It achieves differential
smoothing for different latitude regions by dynamically adjusting the
filtering window. The method calculates the filtering window size based
on latitude values: For the i-th latitude row, the window width w is
determined as follows:

_, |90 —ILatiil]
w=2 [—90 7J +1 ®

where Lat[i] represents the latitude value corresponding to the current
row. This design allows lower-latitude areas to obtain larger windows
to capture broader spatial correlations. While higher-latitude areas use
smaller windows to avoid detail loss caused by over-smoothing.

In practical implementation, one-dimensional median filtering is ap-
plied individually to each latitude row (as illustrated in algorithm 1).
The SST matrix T,,,, is processed row by row to generate the filtered
matrix Tereq- DUring processing, land pixels are set to NaN using a
land mask Mask;,,4 to prevent interference from land features on ocean
region filtering. This method effectively suppresses outliers in high-
missing-rate areas while preserving local detailed features of SST. It
enhances the spatial continuity of reconstruction results along latitude
gradients. It is particularly suitable for noise smoothing in complex high-
latitude sea ice environments such as the Arctic (Moishin et al., 2021).

Algorithm 1 Latitude-adaptive Median Filter.
Input:
T,.xn: Sea surface temperature matrix
Lat: Latitude vector (degrees)
Output: Thjereq: Filtered SST matrix with land masked

: end for
. return Tﬂltered

1: fori « 1 tom do ‘

2: w?2- [—907‘;“(;“[1“ -7J +1

3 Ttiteredli> 11 < MedianFilter1D(T'[i, : 1, w)
4

5

3.1.3. Model training and optimization

In the model training and optimization process, this framework de-
signs a loss function based on the spatio-temporal distribution character-
istics of SST data. It also introduces a post-processing mechanism to im-
prove reconstruction quality. Considering that monthly VIIRS SST data
has higher effective data coverage and spatial consistency than daily
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Fig. 5. Original and reconstructed SGD-SST 2.0 results from March 10, to 13, 2020.
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Fig. 6. Original and reconstructed SGD-SST 2.0 results from April 6, to 8, 2005.
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Fig. 7. Spatio-temporal matching scatter plots of the original VIIRS/SGD-SST 2.0 products and in-situ data for the four seasons in 2018.

data, the total loss function combines reconstruction loss and monthly
smoothing loss. This combination focuses on constraining the recon-
struction accuracy of missing regions. The reconstruction loss measures
the pixel-wise difference between the reconstruction result and the real
label. It drives the model to learn the mapping from spatio-temporal
features to true values. The monthly smoothing loss suppresses outliers
using the spatial consistency of monthly average SST.
The reconstruction loss is defined as:

1
Lyee = 357101 = Mp) 0 (SS5To ~ SST,|3 ©
The smoothing loss is designed as:
1 2
Lgno = ﬁ”(l -~ Mp)O(SSTee — SSTmOmh)”2 (10)

where N represents the number of samples. M;- denotes the mask for the
current SST data at date T. ST}, and S.ST,; respectively represent the
reconstructed SST block and the original seamless SST block. S STy, onm
denotes the monthly average SST block. The total loss function of the
deep spatio-temporal fusion model combines the reconstruction loss L.,

and the smoothing loss L, as follows:

Liotal = Lyec + ® Lo 1D

10

In the reconstruction loss function, the model gradually approxi-
mates real data by evaluating the difference between reconstructed SST
data and true labels. This enables global SST reconstruction. In the
smoothing loss function, outliers in SST reconstruction are suppressed
using monthly average values. Both loss functions only calculate errors
for missing regions. This focuses the deep fusion model on reconstruct-
ing missing areas. In the total loss function, the weight factor w that
balances L., and Ly, is fixed at 0.1.

The Adam optimizer was used during the training phase. The initial
learning rate was set to 0.001, decaying by a factor of 0.5 every 100
epochs. The batch size was fixed at 128, with a total of 500 training
epochs to fully capture data distribution characteristics. Experiments
were implemented based on the PyTorch framework, relying on hard-
ware configuration including NVIDIA RTX 4090 GPU, i9-12900K CPU,
and 64GB RAM. Based on the above hardware and training configura-
tion, the total training time of the proposed model is approximately 36
hours. For the inference (reconstruction) task, processing a single daily
global SST field with a resolution of 2160 x 4320 pixels takes about
45 to 60 seconds on the same GPU. The main computational cost is
concentrated in the training phase, and the model exhibits favorable
efficiency for batch processing long-term time series data after train-
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Fig. 8. Spatio-temporal matching scatter plots of iQuam SST vs. VIIRS SST for years with distinct climate backgrounds (2015, 2021, 2022).

ing. This ensured high efficiency for large-scale data training. By com-
bining monthly scale constraints with adaptive filtering, this solution
effectively balances global reconstruction consistency and local detail
accuracy. It provides optimized support for reliable reconstruction of
complex global SST products.

3.2. Validation method

To further verify the accuracy and effectiveness of the SGD-SST 2.0
products in this work, four validation methods are adopted:

a) In-situ validation: Using in-situ observation data from the iQuam sys-
tem as the true values of SST, to validate the reconstructed SST data.
b) Time-series consistency analysis: From the temporal dimension, eval-
uating the temporal continuity between reconstructed SST data and
original valid SST data, and analyzing the consistency of long-term
variation trends.
Comparison with DINEOF method: Comparing the reconstruction
results of SGD-SST 2.0 products with DINEOF, a classical recon-
struction method for SST. Through quantitative indicators and visual
analysis, verifying the reconstruction accuracy and spatio-temporal

c)

11

feature preservation capability of the proposed method in complex
missing scenarios.

Latitude-stratified comparison: Latitude-stratified comparison fo-
cuses on the mid-low latitude region (60°S — 60°N). SGD-SST 2.0 and
1.0 products are respectively matched and compared with in-situ ob-
servation data.

d

For evaluating the accuracy of reconstructed SST data, the site-
product spatio-temporal matching method plays a critical role. This
study uses in-situ SST data with quality level-5 provided by the iQuam
system, covering all types of measured data.

In the temporal dimension, considering that both S-NPP and Aqua
satellites pass by at 13:30 local time, data from the 12:30-14:30 time
window in the iQuam station data is selected as the matching dataset for
validation. This selection ensures the tight temporal matching between
SST station data and reconstructed products, effectively reflecting SST
conditions around the satellite overpass time.

In the spatial dimension, taking the iQuam in-situ data as the cen-
ter, KD-tree strategy is used for fast search. KD-tree is a tree-like
data structure that stores data points in k-dimensional space for ef-
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Fig. 9. Spatio-temporal matching scatter plots of the original VIIRS/SGD-SST 2.0 products and in-situ data for 12 months in 2023.
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Fig. 10. Spatio-temporal matching scatter plots of the original VIIRS/SGD-SST 2.0 products and in-situ data for 12 months in 2006.
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Fig. 11. (a) Continuous daily time-series variation curves of original and reconstructed SGD-SST 2.0 in Different Regions for VIIRS and MODIS SST data (Part 1:

VIIRS).

ficient retrieval. In this study, it can efficiently find points close to
the in-situ data in large datasets. Meanwhile, the Haversine formula
is used to calculate geographical distances. Both S-NPP VIIRS and
Aqua MODIS SST data have a spatial resolution of 9 km. Based on this
factor, a radius of 4.5km is selected as the matching spatial range.
This setting could effectively ensure that matching points precisely fall
within individual pixels, greatly improving the accuracy and represen-
tativeness of mutual matching between in-situ data and reconstructed

products. It makes the in-situ validation results more reliable and
persuasive.

4. Experimental results and validation

In this section, we present experimental results and related valida-
tions, to demonstrate the effectiveness of the proposed reconstruction
framework. Through this framework, this work successfully generates
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seamless global daily SST long-term products from Aqua MODIS and S-
NPP VIIRS for the period from January 1, 2003 to December 12, 2025.
The SGD-SST 2.0 products are stored in NetCDF4 format and can be
downloaded from the provided link.

In the experiments of this section, Standard Deviation (Std_Dev,
Eqg. 12), Root Mean Square Error (RMSE, Eq. 13), Mean Absolute Er-
ror (MAE, Eq. 14), and Correlation Coefficient (CC, Eq. 15) are used
to evaluate the performance of the reconstruction method, as depicted
below:

12)

13
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Fig. 11. (b) Continuous daily time-series variation curves of original and reconstructed SGD-SST 2.0 in Different Regions for VIIRS and MODIS SST data (Part 2:

MODIS, continued).
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To improve the statistical rigor of the quantitative evaluation, 95%
confidence intervals (CIs) for all above metrics were further calcu-
lated using the bootstrap method with 1000 resamples. The statisti-
cal analysis was conducted based on 86,947 spatio-temporally matched
point pairs from January 2023. Narrow confidence intervals across
all metrics indicate high statistical precision and reliability of the re-
construction results. The RMSE for January 2023 is 0.9599 °C, which
is slightly higher than the global average RMSE of 0.916 K over the

ccC

(15)

15

period 2013-2025. This difference is reasonable and consistent with
statistical and physical principles: the single-month dataset only cov-
ers short-term spatiotemporal samples affected by local climate fluc-
tuations and data variability, leading to a relatively higher error. In
contrast, the long-term multi-year global average smooths out short-
term anomalies and random fluctuations, resulting in a lower over-
all error. The detailed metrics with 95% CIs are summarized in Ta-
ble 2.

Through the site-product spatio-temporal matching method de-
scribed above, the accuracy comparison between the original SST prod-
ucts and the reconstructed SGD-SST 2.0 products is conducted, as listed
in Table 3.

To further demonstrate the temporal fidelity and statistical rigor of
the reconstruction, we conducted an in-depth validation focusing on
May 2023-a period with abundant in-situ observations-incorporating
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Fig. 12. Comparison of SST Reconstructed Results between DINEOF and SGD-SST 2.0 in May 4, 2003.
Table 2

Key metrics with 95% CI (Bootstrap: 1,000 resamples; 86k spa-
tiotemporal pairs, Jan 2023).

Metric Value (95% Confidence Interval)

Bias (Mean Error, ME)
Correlation Coefficient (CC)
Root Mean Square Error (RMSE)
Mean Absolute Error (MAE)

-0.1959 °C [-0.2023, -0.1893] °C
0.9931 [0.9929, 0.9933]

0.9599 °C [0.9432, 0.9762] °C
0.6097 °C [0.6048, 0.6143] °C

Table 3

In-situ validation evaluation metrics of original SST
products and the reconstructed SGD-SST 2.0 products
from 2013 to 2025.

Evaluation index

SST Products

Number CC RMSE MAE
Original SST 502,091 0.993 0.779 0.526
SGD-SST 2.0 1,204,901 0.994 0.916 0.602

additional diagnostic metrics as suggested by the reviewer. Key results
include:

e Bias (Mean Error, ME): 0.177°C, indicating a slight systematic over-
estimation.

 Coefficient of Determination (R?): 0.980, showing that the model
explains 98.0
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o Time-Series Correlation: Based on 566 stations with >15 consecu-
tive days of observations, the average correlation is 0.617 (median:
0.705), with over 50

¢ Root Mean Square Error (RMSE): 1.067°C.

e Mean Absolute Error (MAE): 0.716°C.

e Overall Correlation Coefficient (CC): 0.990.

These results confirm that the proposed model not only maintains
reliable overall accuracy (R*=0.980, overall CC=0.990) but also ex-
hibits stable temporal consistency at well-observed stations, with over
half of the stations achieving time-series correlations greater than 0.7.
The model’s inherent capability to preserve spatio-temporal structures,
as highlighted by other diagnostic metrics, is further discussed in the
Discussion section.

4.1. Reconstruction results of SGD-SST 2.0 products

As shown in Figs. 5 and Fig. 6, this section presents SGD-SST 2.0
products from S-NPP VIIRS during March 10-13, 2020, and from Aqua
MODIS during April 6-9, 2005. The left columns of Figs. 5 and Fig. 6
show the original incomplete SST data, while the right columns display
the reconstructed results of SGD-SST 2.0 products.

Different from conventional cross-sensor strategy adaptation based
on network parameter fine-tuning and layer freezing, the cross-sensor
transfer from VIIRS to MODIS in this work is implemented via the dy-
namic adaptation of reconstruction strategies, rather than modifying
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Fig. 13. Comparison of SST Reconstructed Results between Transformer-based Transformer-SSMA and SGD-SST 2.0 (high missing rate scenario).

network weights or freezing specific layers. The primary discrepancy be-
tween VIIRS and MODIS SST data lies in the distribution of data-missing
patterns, instead of low-level spatial features. To enable the VIIRS pre-
trained model to adapt to MODIS data, a Bayesian optimization strategy
is designed as a lightweight task adaptation layer. During the inference
phase, it analyzes the actual missing rate of MODIS SST and dynamically
optimizes key operational parameters (e.g., time-window threshold) to
match the missing characteristics of the target dataset. This “pre-trained
model plus dynamic strategy adaptation” scheme effectively transfers
the high-quality reconstruction capability learned from VIIRS to MODIS,
ensuring stable and reliable reconstruction performance on the MODIS
dataset.

From the spatial dimension, the reconstructed SGD-SST 2.0 results
show reasonable spatial continuity in connecting missing regions with
adjacent valid regions. For instance, in Fig. 5d, the southern Indian
Ocean experienced cloud cover, creating missing regions in the origi-
nal SST data. Through spatio-temporal context correlation, the recon-
structed SGD-SST 2.0 result generates the smooth area. This area could
match the surrounding SST gradients, reducing the edge discontinuities
common in traditional interpolation methods.

Temperature extreme distributions appear in two critical regions:
the Western Pacific warm pool and the Eastern Atlantic cold pool. In
the reconstruction results, these distributions maintain consistent spatial
patterns with the original SST data. No abnormal jumps are observed in
Figs. 5 and Fig. 6, and unreasonable temperature gradient reversals are
also absent in SGD-SST 2.0 products.
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From the temporal dimension, although the original daily SST results
show high similarity and correlation, there are still differences and vari-
ations to varying degrees between them. The reconstructed SGD-SST 2.0
results are given in the right columns of Figs. 5 and Fig. 6. They demon-
strate the performance of the proposed reconstruction method in two
key aspects: firstly, it maintains consistent information across consecu-
tive time-series SST data; secondly, it effectively fills specific informa-
tion in different time-series SST data. In summary, the proposed method
demonstrates superior consistency and reliability in spatio-temporal fea-
ture fusion and detailed information recovery.

4.2. In-situ validation

In-situ SST data provided by iQuam could be served as the true
SST values. After applying the site-product spatio-temporal matching
method, it could be used to validate remote sensing satellite SST re-
trieval and reconstruction results. Details of the site-product spatio-
temporal matching method are provided in Section 3.2.

Fig. 7 presents spatio-temporal matching scatter plots between
SGD-SST 2.0 products and in-situ data for the four seasons of 2018.
The horizontal axis represents original VIIRS and gap-filled SGD-SST
2.0 data, while the vertical axis represents in-situ SST data obtained
from the iQuam system. In Fig. 7, the red dashed line indicates the
1:1 line. Ideally, data points where the two datasets are completely
consistent should lie on this line. The closer the data points are to
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Fig. 14. Comparison results among SGD-SST 2.0, SGD-SST 1.0 and other related products.

this line, the higher the consistency between VIIRS SST and iQuam
SST.

Statistical results from the figures show an average of approxi-
mately 317,600 matching points (with 333,499, 315,974, 308,273, and
312,786 points in each figure, respectively). CC ranges from 0.991 to
0.996, indicating high correlation between the two datasets and con-
firming the reliability of the reconstructed SGD-SST 2.0 data. RMSE
ranges from 0.795 to 1.046, and bias ranges from 0.038 to 0.157. These
results demonstrate that the reconstructed SGD-SST 2.0 products have
high accuracy and credibility.

This subsection presents spatio-temporal matching analyses between
reconstructed data and in-situ data for VIIRS SST (2023, Fig. 9) and
MODIS SST (2006, Fig. 10), respectively. For VIIRS SST, the monthly av-
erage number of matching points is approximately 107,933. CC ranges
from 0.985 to 0.996. RMSE (0.755-1.177) and BIAS (-0.075-0.196)
show that RMSE reaches 1.177 in July due to increased summer weather
systems (monsoons, typhoons) and cloud cover, resulting in slightly
prominent errors.

To further validate the cross-year generalization ability of the pro-
posed model, we conducted supplementary quantitative experiments on
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Table 4

Cross-year generalization metrics of the proposed

model.
Year BIAS RMSE CC
2021 (neutral/training) 0.072 0.925 0.994
2022 (moderate anomaly) 0.143 0.942 0.993
2015 (strong El Nifio) 0.100 0.888 0.995

years with distinct climate backgrounds. The model was trained exclu-
sively on 2021 neutral climate data, and evaluated on three datasets:
2015 (strong El Nifno), 2022 (moderate anomaly), and 2021 (the train-
ing/neutral year), with corresponding spatio-temporal matching visual-
izations and statistical metrics (see Table 4 and Fig. 8).

Statistical results in Table 4 show that core metrics remain stable
across diverse climate conditions: the variation of RMSE is less than
0.06, and CC ranges from 0.993 to 0.995. This quantitatively confirms
the strong cross-year generalization ability of the proposed model, in-
dicating that it learns general spatiotemporal dependencies rather than
year-specific climate signals. Furthermore, these results empirically sup-
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port our assertion that the 2021 dataset covers most typical spatiotem-
poral patterns.

Both types of satellite data show high matching with in-situ data
(strong correlation reflected by the CC values of VIIRS and MODIS).
Despite error fluctuations in certain months (e.g., VIIRS July, MODIS
February and July) due to environmental factors, SGD-SST 2.0 data
demonstrates high overall reliability and could provide solid data sup-
port for global daily SST analysis.

4.3. Time-series consistency analysis

To further verify the temporal consistency of the SGD-SST 2.0 prod-
ucts, this subsection selects three different regions (low, mid, and
high latitudes) from VIIRS and MODIS SST data as analysis objects:
low-latitude region (1.806°S, 107.958°W), mid-latitude region (35.875°S,
116.875°W), and high-latitude region (55.708°S, 61.125°W). Continuous
daily time-series variation curves for these three regions are presented,
as shown in Fig. 11.

The horizontal axis represents the continuous daily time-series from
day 1 to day 365 in 2023 for VIIRS SST data and in 2003 for MODIS
SST data. The vertical axis represents SST values. In Fig. 11, the blue
curve represents original valid SST values, and the red curve represents
reconstructed SGD-SST 2.0 values for missing SST values.

As depicted in Fig. 11, the reconstructed SGD-SST 2.0 results in dif-
ferent sea areas exhibit fine temporal consistency with the original SST
data. In high-latitude regions, due to large-area missing original SST
data caused by cloud and sea ice coverage, the satellite-observed orig-
inal SST data are only available for 117 days in a year. The SGD-SST
2.0 products still demonstrate reliable temporal consistency, as shown
in Fig. 11c.

Overall, in regions with less missing of original SST data, the SGD-
SST 2.0 products could stably reflect the temporal consistency and spe-
cific characteristics. This time-series consistency analysis demonstrates
the stability of the proposed method and the usability of the SGD-SST
2.0 products.

4.4. Comparison with DINEOF and deep learning-based methods

To verify the superiority of the SGD-SST 2.0 products in spatial con-
sistency, this section selects the Data Interpolating Empirical Orthogonal
Functions (DINEOF) method as the benchmark for comparison with the
SGD-SST 2.0 products. DINEOF’s core principle involves performing fea-
ture decomposition on the original spatio-temporal field, extracting the
first few principal modes that explain the maximum data variance, and
then using these modes’ spatio-temporal characteristics to reconstruct
missing values.

As shown in Fig. 12, although the reconstruction results of the DI-
NEOF could reflect the overall distribution trend of SST, obvious noise
is visually observed in the results. In contrast, the reconstruction results
of SGD-SST 2.0 exhibit better visual smoothness, preserving key spatial
features of SST while effectively suppressing interference from irrele-
vant noise. This difference is more pronounced in scenarios requiring
capture of subtle fluctuations such as SST diurnal variations: SGD-SST
2.0 could maintain detailed features while avoiding false fluctuations
caused by noise introduction.

From the perspective of methodological principles, DINEOF relies on
modal truncation strategies for its robustness to data noise. When noise
energy overlaps with effective signal energy in the modal space, per-
fect separation becomes difficult to achieve. In contrast, SGD-SST 2.0
leverages the nonlinear modeling capabilities of deep learning models.
By constructing ConvLSTM with spatio-temporal feature interactions, it
could automatically learn complex patterns in SST data. This charac-
teristic enables SGD-SST 2.0 to more accurately characterize the real
variation trends of SST while maintaining spatial continuity.

To further comprehensively evaluate the performance of the pro-
posed method, we additionally compare it with a recent deep learning
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Table 5
Comparison of RMSE, MAE and CC under different missing rates.
Missing Rate (%) Method RMSE MAE CC
69.2855 SGD-SST 2.0 0.8294 0.5151 0.9924
’ Transformer-SSMA ~ 1.7693 1.0130  0.9661
67.4914 SGD-SST 2.0 0.7137 0.5226 0.9942
’ Transformer-SSMA 1.7133 0.9205 0.9704
66.0507 SGD-SST 2.0 0.7234 0.5294 0.9951
’ Transformer-SSMA 1.3968 0.8204 0.9776
Table 6
Comparison between SGD-SST 1.0 and 2.0 products.
SST Products SGD-SST 1.0 SGD-SST 2.0
Period 2013-2024 2003-2025
Sensor VIIRS VIIRS and MODIS
R 0.991 0.993
RMSE 0.818 0.696
MAE 0.612 0.522
Average Bias 0.136 0.089
Standard Deviation 0.806 0.690

approach: the Transformer-based SSMA (Spatial-Spectral Multi-head At-
tention) method. This method adopts a spatial-spectral multi-head atten-
tion mechanism to capture long-range dependencies in SST data, which
is representative of state-of-the-art deep learning reconstruction frame-
works. The comparative experimental results are presented in Fig. 13,
with quantitative metrics supplemented in the corresponding table.

Visually, as shown in Fig. 13, the Transformer-based SSMA method
achieves relatively smooth reconstruction results but struggles to adapt
to the complex missing patterns of satellite SST data (e.g., large-area
continuous missing regions caused by cloud cover). In contrast, SGD-
SST 2.0 maintains higher spatial consistency in large missing regions and
better preserves subtle SST gradient features. Quantitatively, the SSMA
method also lags behind SGD-SST 2.0 in key metrics such as RMSE and
CC, especially under high missing rates (>0.6).

To further quantify and compare the performance differences of the
two methods under different missing rates, this paper presents detailed
quantitative comparison results in the table. Specifically, the table re-
ports the RMSE, MAE, and CC values of SGD-SST 2.0 and Transformer-
SSMA at three representative missing rates (69.2855%, 67.4914%, and
66.0507%). All metrics are derived from original experimental data, en-
suring a fair and reliable performance comparison under identical miss-
ing data scenarios.

The core reason for this performance gap lies in the design focus
of the methods: the Transformer-based SSMA emphasizes general long-
range feature capture through complex attention mechanisms, but lacks
targeted adaptation to the specific missing characteristics of satellite SST
data. In contrast, SGD-SST2.0/s core innovation is the dynamic adap-
tive reconstruction mechanism tailored to missing patterns-via Bayesian
optimization, it dynamically adjusts key operational parameters (e.g.,
time-window threshold) according to the actual missing rate and dis-
tribution of the input data. This design directly addresses the key chal-
lenge of satellite SST reconstruction (i.e., diverse and variable missing
patterns) and avoids the inefficiency of merely increasing network com-
plexity. Thus, SGD-SST 2.0 achieves more stable and reliable perfor-
mance in this specific task Table 5.

4.5. Comparison between SGD-SST 2.0 and SGD-SST 1.0

Based on the situ-product spatio-temporal matching method, this
section conducts in-situ validation for the SGD-SST 1.0 and SGD-SST
2.0 products. The comparison between SGD-SST 1.0 and 2.0 products is
listed in Table 6.

As shown in Fig. 14, a comparison of the matching results with in-
situ data reveals that the SGD-SST 2.0 products demonstrates optimized
bias performance in most latitudinal regions relative to the SGD-SST
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1.0 products. For instance, in regions such as 0-15°S, the SGD-SST 2.0
products exhibit smaller bias fluctuations, indicating more stable per-
formance. This enhancement stems from fundamental mechanistic im-
provements in the core model of SGD-SST 2.0 products.

As displayed in Fig. 14, in the 45°S-30°N domain, SGD-SST 2.0 prod-
ucts show superior bias performance over 1.0 in all regions except
0-15°N, with absolute bias <0.2°C indicating enhanced reconstruction
accuracy. These indicators collectively show that SGD-SST 2.0 products
have better consistency with in-situ data.

Besides, the reconstruction accuracy of SGD-SST 2.0 products has
significantly improved compared to the SGD-SST 1.0 products in the
mid-low latitude regions (60°S-60°N).

The SGD-SST 1.0 products employ a deep spatio-temporal fusion
model, which represents a static architecture. It extracts and fuses fea-
tures through fixed downsampling-upsampling paths and gated convo-
lutions. This design inherently assumes a uniform expectation for the
spatio-temporal completeness of input data. When confronted with high-
proportion, non-uniform data gaps prevalent in real-world scenarios (es-
pecially in high-latitude sea-ice zones or areas with high cloud cover-
age), its fixed receptive field and temporal window struggle to capture
sufficient long-term dependencies. This limitation may lead to disconti-
nuities in the reconstructed regions.

In contrast, SGD-SST 2.0 products are built upon a data-driven adap-
tive ConvLSTM model. Its core innovation is the introduction of a
"data-missing-rate-driven dynamic time-step selection mechanism." This
mechanism dynamically and smoothly adjusts the model’s observational
time window length based on the real-time missing data status. Specif-
ically, it automatically expands the window to mine long-term clima-
tological signals when data is sparse, and contracts it to focus on local
fine-scale evolution when data is complete. This "adaptive adjustment
based on data status" capability endows the model with inherent robust-
ness against complex and variable observational conditions.

Furthermore, the post-processing in SGD-SST 1.0 products did not
explicitly account for the geographical zonation of oceanic phenom-
ena. SGD-SST 2.0 products address this by introducing a "latitude-effect-
adaptive post-processing method." The core of this method is a median
filter with a dynamically adjusted window size, where the window size
decreases as the absolute latitude increases. This design incorporates a
clear physical rationale: the SST field in low latitudes has a large spa-
tial correlation scale, making it suitable for larger windows to smooth
noise; conversely, key features like oceanic fronts and eddies in mid-to-
high latitudes are smaller in scale and exhibit strong gradients, requiring
smaller windows to preserve their morphological structure and sharp-
ness. Consequently, this processing significantly improves the fidelity
of key oceanic dynamical features in mid-to-high latitudes, while also
effectively suppressing random noise globally. This allows the SGD-SST
2.0 products to enhance accuracy without causing feature blurring.

5. Conclusions

To address the issue of missing SST data, this study constructs an
adaptive ConvLSTM spatio-temporal reconstruction model via Bayesian
optimization, generating seamless global daily products from 2003 to
2025 (SGD-SST 2.0). In-situ validation, time-series consistency analysis,
comparison with DINEOF method, and latitude-stratified comparison
are conducted. These analyses confirmed the SGD-SST 2.0’s advantages
in accuracy, temporal consistency, and spatial continuity. Notably, the
detail preservation capability of SGD-SST 2.0 products is significantly
improved in mid-low latitude regions, comparing with previous SGD-
SST 1.0 products.

Despite these achievements, this study still has two notable limita-
tions that need to be addressed in future research. First, the current
model relies solely on satellite SST time-series data for reconstruction,
without integrating other auxiliary physical variables (e.g., sea surface
height, sea surface wind, and salinity). The incorporation of such multi-
source data could provide stronger physical constraints, which may fur-
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ther enhance the physical rationality and reconstruction accuracy, es-
pecially in regions with persistent cloud cover and long-term data gaps.
Second, the reconstruction performance is inherently constrained by the
coverage of input observations. For areas with nearly complete lack of
satellite observations (e.g., certain high-latitude ocean regions in win-
ter), the model cannot generate reliable SST estimations-a common chal-
lenge for global remote sensing product reconstruction. Nevertheless,
current research is limited to satellite SST data. Future plans include
incorporating auxiliary data such as sea wind and multi-source hetero-
geneous information fusion. Besides, subsequent works will promote the
integration with physical model.
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