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A B S T R A C T

Sea surface salinity (SSS) provides crucial information about ocean environments, influencing global hydro-
logical cycles, thermohaline circulation, and climate change. Although L-band passive microwave radiometers
have provided satellite-based SSS data, there are gaps due to the limited daily coverage of the sensors. This study
proposes a U-Net-based spatial gap-filling model for global SSS using Soil Moisture Active Passive (SMAP) sat-
ellite data. The proposed model utilizes SSS swath data from the target and past days to generate daily global SSS
maps with full coverage, incorporating only past temporal information. Additionally, bias-corrected data using
gradient-boosted regression trees (GBRT) are employed to reduce inherent errors in the SMAP SSS data. We
designed 24 schemes using data from the past 3, 5, and 7 days for both GBRT-corrected and original SMAP SSS
data, with one to four times oversampling for low-salinity water, where the number of samples is significantly
small. Validation results using masked-out pixels indicate that the gap-filling models with GBRT-corrected SSS
data from the past 3 and 5 days and four times oversampling yielded the best performance, with root mean
square errors (RMSEs) of 0.388 and 0.413 psu, respectively. Compared with the in situ Argo data for 2020, the
RMSEs were 0.237 and 0.241 psu for the two models, respectively, significantly outperforming the SMAP Level 3
8-day SSS, which requires future data (RMSE of 0.456 psu). Notably, these models successfully filled gaps over
coastal areas where low SSS (<30 psu) fluctuated due to freshwater discharge from inland areas. This study
proposes an effective, novel gap-filling method for generating bias-corrected global daily SSS without delay,
meeting operational needs. Moreover, the proposed gap-filling framework can be applied to other environmental
swaths or even grid datasets.

1. Introduction

Sea salinity plays an essential role in the global water cycle as an
indicator of evaporation, precipitation, river runoff, ice formation, and
melting (Lagerloef and Font, 2010). Monitoring sea surface salinity
(SSS) provides critical information about oceanic thermohaline circu-
lation, global hydrological cycles, and climate change (Kim et al., 2023).
Since 2009, L-band microwave radiometers [Soil Moisture and Ocean
Salinity (SMOS), Aquarius, and Soil Moisture Active Passive (SMAP)]
have been used to monitor global SSS from space. The L-band micro-
wave sensor-derived SSS products have a resolution of 25 to 100 km
(Dinnat et al., 2019); however, due to their relatively long revisit time

(≥3 days) with daily along-track data, they do not cover the global
ocean daily. Aquarius ended its mission in June 2015, and since then,
SMOS and SMAP have provided SSS observations of the global ocean at
various temporal scales (Reul et al., 2020). The Center Aval de Traite-
ment des Données SMOS Expertise Center SSS Level-3 (L3) 8-day
running mean SSS products were provided with an average of 9 and
18 days using a slipping Gaussian kernel (Boutin et al., 2018).
Furthermore, the Jet Propulsion Laboratory’s SMAP SSS L3 daily prod-
uct was provided with an 8-day running average using Gaussian weight
for 3.5 days before and after the target date (Fore et al., 2020; Qin et al.,
2020). By November 2021, SMOS L3 products were only available every
4 days, and the SMAP L3 daily product was not provided in real-time
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because it requires future data.
Several studies have been conducted to reconstruct SSS products by

primarily assimilating in situ data into ocean models such as the Nucleus
of European Modeling of the Ocean and Regional Ocean Modeling
Systems and satellite-retrieved data (Droghei et al., 2018; Martin, 2014;
Mu et al., 2019; Nardelli et al., 2016; Zujev et al., 2021). Furthermore,
optimal interpolation and three- or four-dimensional variational data
assimilation methods have been used to reconstruct SSS. Additionally,
Data Empirical Orthogonal Functions and distance weighting are
frequently used to reconstruct satellite-retrieved along-track SSS prod-
ucts (Alvera-Azcárate et al., 2016; Li et al., 2019). The Hybrid Coordi-
nate Ocean Model (HYCOM; reanalysis data) provides high spatial
resolution (0.08◦) SSS data every 3 h; however, it overestimates the SSS
of coastal low-salinity water regions (Jang et al., 2022). By taking ad-
vantages of data assimilation from multiple sources from both the past
and future of the target date, these reconstruction approaches have
achieved high performance. However, this assimilation suffers from its
innate limitation of lag-time, which fails to produce daily products in
near real-time.

With recent advances in deep learning, there have been studies on
the reconstruction of satellite data. Convolutional neural networks
(CNNs) have played a key role in spatial modeling and have been
adopted in various studies for reconstruction. Using deep learning, Wu
et al. (2022) produced an all-weather gapless MODIS land surface
temperature dataset using CNN and generative adversarial network
(GAN). Moreover, Xing et al. (2022) reconstructed the MODIS normal-
ized difference snow index using U-Net and partial convolutions. For
oceanic research, Barth et al. (2020) suggested a reconstruction model of
sea surface temperature (SST) from an advanced very high-resolution
radiometer using a data interpolating convolutional autoencoder (DIN-
CAE), which was further improved by Barth et al. (2022). DINCAE is
based on CNN with an encoder-decoder structure similar to U-Net. As
DINCAE utilizes and predicts SST anomalies to reconstruct time-series
data, the temporal variability of SST was calculated to reduce a widely
known smoothing problem (Barth et al., 2020). DINCAE has been widely
adopted to reconstruct other oceanic variables, such as chlorophyll-a
(Han et al., 2020; Luo et al., 2022), suspended particulate matter
(Barth et al., 2021), and SST, with multiple satellite sensors (Jung et al.,
2022). The primary advantage of deep learning is its flexibility and fast
inference time, which can address the limitations of traditional
approaches.

However, when it comes to SMAP data, most gap-filling studies rely
on traditional pixel-level machine learning approaches that do not fully
learn the spatial features of the input data, failing to capture the spatial
dependencies and relationships inherent in the dataset. Machine
learning-based gap-filling of SMAP products has primarily been con-
ducted for soil moisture using random forest (Mao et al., 2019; Tong
et al., 2021). Although deep learning approaches have demonstrated
success in gap-filling missing values in remotely sensed data, SMAP
products have been insufficiently explored due to irregular data
coverage and wide missing swath areas (Singh and Gaurav, 2023).
Moreover, gap-filling of SSS has rarely been conducted, even with
traditional machine learning techniques. Recent studies have repeatedly
emphasized the critical importance of gap-filled SSS (Kim et al., 2023;
Lee et al., 2022; Nardelli et al., 2016; Shin et al., 2023). As most deep
learning-based studies have focused on local regions (Shin et al., 2023),
research encompassing the global ocean is also required.

In this context, this study aimed to fill the gaps in global SSS using
deep learning. By incorporating U-Net, the proposed model can effec-
tively fill gaps in global SSS data without relying on future data. To the
best of our knowledge, this is the first attempt to adopt a deep learning
approach for filling global gaps in SSS. The proposed model provides
gap-free global SSS data in a timely manner, making it suitable for
operational purposes unlike the SMAP L3 global SSS product that is not
provided in real time. Moreover, rather than using the original SMAP
SSS, we further employed gradient-boosted regression trees (GBRT)-

corrected SSS by Jang et al. (2022) (detailed in Section 2.1) as the input
SSS for gap filling. The uncertainty of SMAP SSS was significantly
reduced when using the GBRT-corrected SSS (Jang et al., 2022). The
research objectives can be summarized as: (1) producing real-time daily
gap-filled global SSS data based on a deep learning approach, (2)
analyzing gap-filling results using intentionally masked original SSS
data, in situ Argo data (an international program that collects informa-
tion from inside the ocean), and SMAP SSS products, and (3) demon-
strating the feasibility of deep learning in SSS applications. This paper is
organized as follows: The data used in this study are introduced in
Section 2. Section 3 describes the specific gap-filling and validation
methods. Next, the deep learning-based gap-filled SSS findings are
analyzed and discussed in Section 4, followed by the conclusion in
Section 5.

2. Data

2.1. GBRT-corrected SSS

Before conducting gap-filling, GBRT-corrected SSS was developed by
combining SMAP and HYCOM SSS data using GBRT to enhance the
quality of global SSS (Jang et al., 2022). To generate GBRT-corrected
SSS, the inputs included data used in the SMAP L2 SSS retrieval algo-
rithm (SMAP brightness temperature of H- and V-polarization and land
fraction, HYCOM SSS, sea surface temperature, and wind speed) along
with other ancillary data (distance from land and precipitation). The
GBRT-corrected SSS outperformed both SMAP and HYCOM SSS across
all oceans, providing more accurate data for SSS gap filling. Detailed
methods and results of the GBRT-corrected SSS can be found in Jang
et al. (2022).

Fig. 1 shows the percentage of days with no data per pixel for daily
GBRT-corrected SSS between April 2015 and December 2020 (2,056
days). The GBRT-corrected SSS data above 80◦N was excluded due to
errors in the input data (Jang et al., 2022). The high missing rate in polar
regions is caused by uncertainties related to low sea temperatures and
sea ice. Data coverage increases in high-latitude regions due to over-
lapping footprints by along-tracks. The average daily missing rate was
40.1 % (ranging from 31.4 % to 95.5 % over 2,056 days). We also
compared the Jet Propulsion Laboratory SMAP combined active–passive
SSS Level 2B (L2B) and L3 8-day running mean SSS (Version 5) products
to gap-filled SSS results.

2.2. In situ data

Argo, a global network of drifting profile floats that measures sea

Fig. 1. The percentage of days with no data per pixel for daily GBRT-corrected
SSS between April 2015 and December 2020. The pixel spatial resolution is
0.25◦, as the GBRT-corrected SSS is based on SMAP SSS data.
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temperature and salinity in the upper 2000 m of the ocean, provided
data obtained from the Coriolis Data Center (http://www.coriolis.eu.
org/). Data in delayed mode with quality control flags of 1 or 2

(indicating good or probably good quality) were used (Kolodziejczyk
et al., 2021). For colocation with SMAP grid data, Argo SSS data were
selected with a time delay of around 6 h and distances between satellite

Fig. 2. The flow chart for gap filling of global sea surface salinity (SSS) data.

Fig. 3. Comprehensive processes for (a) building patch samples with historical data, (b) training the model, and (c) inferring global SSS using Gaussian weighted ± 2
days and past 5 days for input data as examples. The land mask is represented in black for patch data in (a) and (b).
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and Argo data of less than 12.5 km (based on the SMAP pixel size of 25
km). We used 7,758 global Argo SSS data from 2020 as the validation
data.

3. Methodology

The U-Net deep learning model was used to gap-fill the GBRT-
corrected SSS product (Jang et al., 2022) to generate daily global SSS
data (Fig. 2). The aim of this study is to generate gap-filled SSS data
despite some areas being missing at the current timestamp (Fig. 3). To
train the gap-filling model, we need both gap-containing and gap-free
data pairs, which are difficult to obtain in real-world scenarios. There-
fore, gap filling was performed using Gaussian weighting before
generating training samples. To minimize the impact of land or coastal
pixels where invalid data exist, boundary padding was applied around
no-data pixels. Additionally, low SSS samples were oversampled to
mitigate the significantly skewed sample distribution. Gaussian
weighting and preprocessing steps are described in detail in Sections 3.1
and 3.2.

In addition to the swath data for the target day, past swath scenes
were used to create a partially filled input sequence. We tested the
preceding 3, 5, and 7 days to determine the effect of the input sequence

length. Masked-out pixels and in situ data were used to validate the gap-
filling model and compare the distribution with the SMAP products.
Furthermore, the U-Net model was trained using the original SMAP L2B
daily along-track data and compared with the model based on GBRT-
corrected SSS.

3.1. Gaussian weighting for sample generation

The first step is to apply Gaussian weighting to the daily along-track
data. The proposed U-Net model aims to generate a gap-filled global SSS
from the sequence of the along-track SSS data. Therefore, the target data
in the U-Net model must be gap-filled. Furthermore, due to the long
revisit time and quality flags of SMAP, some pixels from the previous
collection times have no value when used as input data; thus, gap-filled
past data are required. To generate gap-filled SSS data for past data, we
employed the Gaussian weighting method to generate the SMAP 8-day
running mean data (Fore et al., 2020; Qin et al., 2020). By utilizing
past and future information, the Gaussian weight function (Equation (1)
was used to perform the gap filling.

G(t) = e− t2/2σ2 (1)

Fig. 4. An example of input and target data and boundary padding when Gaussian-weighted ± 2 days for gap-filled SSS and the past 5 days was used as input data.
An example of boundary padding was expanded only in East Asia, as shown in the figure.

E. Jang et al.
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where t is the daily time step bounded by − n ≤ t ≤ n with n being the
maximum number of days for past and future data, and σ stands for a
standard deviation of Gaussian distribution. The mean value and the
current time step are set to zero. We verified the data existence E(i, j, t)
for each time step within the range − n ≤ t ≤ n to exclude missing
values in interpolation (Equation (2). To ensure the sum of all Gaussian
function values equals 1, normalized Gaussian weights w(i, j, t) were
calculated for only the valid time steps for each pixel at location (i, j) as
shown in Equation (3). Finally, we used Gaussian weights to sum and
generate gap-filled SSS data for model training (Equation (4). Since the
Gaussian window places more weight on data closest to the center,
which in this study is the target date set as zero, it enables the generation
of accurate and consistent results when past and future data are
available.

E(i, j, t) =
{

0, ifSSS(i, j, t)isNull
1, ifSSS(i, j, t)exists (2)

w(i, j, t) =
G(t)

∑n
t=− nG(t) • E(i, j, t)

(3)

Gaussian SSS(i, j,0) =
∑n

t=− n
(w(i, j, t) • SSS(i, j, t)) (4)

Although the SMAP algorithm uses data from ± 3.5 days from the
target date, we used Gaussian weighted data from ± 2 days. Fig. 3 shows
an example of input and target data using Gaussian weighted ± 2 days
for the gap-filled SSS and the past 5 days of the SSS sequence with the
target date. For example, when future data were available, gap-filled
data with Gaussian weighting were used as input data between
October 22 and October 25, with October 27 as a target date. Next, when
future data were unavailable between October 26 and October 27,
along-track data were used. Notably, gap filling with Gaussian weight-
ing on the target date was performed only during the training phase.
Therefore, the gap-filling model could generate real-time daily global
SSS data.

3.2. Data pre-processing

After the Gaussian weighting, a boundary padding was adopted
around the no-data pixels. Due to the nature of the convolutional pro-
cess, there is a possibility that dummy values over land areas might be
used near coastlines, which is undesirable. For this study, a value of
0 was assigned to pixels lacking data over land, coastal, and polar re-
gions, as well as in the along-track gap areas. These zero-filled pixels
along the coastlines and along-track gaps can cause underestimation
during the convolutional process. To avoid a significant disparity be-
tween the dummy zero and neighboring SSS values, we padded two
pixels adjacent to pixels with no data to the nearest SSS value (Fig. 4).

The U-Net can accept various input and output sizes under specific
conditions detailed in Section 3.3, which is one of its primary advan-
tages. Owing to this flexibility, we used different SSS scales for the
training and inference phases. Considering the extensive land areas in
global SSS, it is more efficient to focus on training only the relevant and
valid ocean areas rather than the entire global dataset (Fig. 3). More-
over, given the constraints on the number of days in the study period for
global-level sampling, patch-level sampling offers significant advan-
tages in terms of sample size. Therefore, we cropped the pre-processed
global SSS data into small patches to exclude inland areas and in-
crease the number of samples. Following a series of tests, the patch size
was set to 40 × 40 pixels, corresponding to a spatial coverage of 1,000 ×

1,000 km with a 20-pixel moving window. As the missing ratio of SSS
varies between the coastal region and the open ocean, we set different
sampling conditions to avoid sparse patches that were almost filled with
missing values. Therefore, the patch size was 40 × 40 pixels, each
containing 1,600 pixels. Over the open ocean, only patches with no

missing values were collected to achieve the highest gap-filling perfor-
mance. In contrast, sample patches with missing values in coastal or
inland areas are unavoidable.

To minimize the performance degradation caused by sparse patch
samples in the open ocean, patches with less than 50 % missing pixels
were collected when at least one land pixel was included. Data between
April 2015 and December 2019 were used as the training datasets,
whereas data from 2020 were used as the test dataset. Table 1 lists the
total number of sample patches extracted from the training dataset. In
training dataset, 80 % of the total samples were randomly selected to fit
the model, while the remaining 20 % were used to determine the
optimal training iteration. The skewed distribution of training samples
by SSS values could significantly affect model performance (Buda et al.,
2018; Mellor et al., 2015). As most SSS samples were collected in the
open ocean, the sample distribution was skewed toward relatively high
SSS values of over 30 (Table 1). The lack of low-SSS samples can result in
a performance drop, especially over enclosed seas (such as the Black Sea,
and Baltic Sea) and coastal areas where salinity is generally low.
Therefore, sample patches with mean SSS < 30 psu were augmented up
to four times with random noise between − 0.5 and 0.5 added to each
input pixel and target SSS samples as Table 1.

3.3. U-Net

Due to its ability to extract spatial features, the convolutional neural
network (CNN) has recently become one of the most effective methods
for spatial modeling (Ahishali et al., 2021; Chen and Tsou, 2022; Kang
et al., 2022; Lee et al., 2021; Zhou et al., 2024). Features in a CNN
consist of a set of n × n filters in multiple convolutional layers that are
gradually fitted to the given dataset from random initial weights. Similar
to a moving window, convolutional filters calculate dot products over
the corresponding area of an input image. Another set of convolutional
filters performs the same calculation with the output from the previous
layer serving as an input for the subsequent layer. This process is
repeated throughout the entire convolutional layer. An activation
function is used after each convolutional layer to add nonlinearity to the
deep learning model because the dot product in a convolutional layer is
a linear operation. We used the rectified linear unit (ReLU) for an acti-
vation function due to its simple structure, rapid computation, and
robust performance (Ma et al., 2023; Nair and Hinton, 2010; Zhang
et al., 2023).

U-Net (Ronneberger et al., 2015) is one of the most widely adopted
image-to-image models in diverse remote sensing fields (Dedring and
Rienow, 2024; Gao et al., 2021; Masolele et al., 2022; Mukherjee and
Liu, 2021; Zhang et al., 2024). U-Net converts input images into key
abstract features in the encoder and then rebuilds them in the decoder.
The encoder captures important details at different levels, gradually
reducing the image size to focus on key features. The decoder then re-
builds the image, increasing the size back to the original while keeping
important details. Skip connections link layers at the same level in the
encoder and decoder to prevent the loss of details of original data,

Table 1
The number of sample patches per SSS range. The representative SSS value was
calculated by averaging each 40 × 40 sample patch. The plain text indicates the
count of original samples, while numbers that have been oversampled four times
are presented in italics and within parentheses.

Input
past
days

Total number of patch samples per mean SSS range

< 20 20–25 25–30 30–35 > 35 Total

3 16,580
(66,320)

3,537
(14,148)

12,809
(51,236)

218,109 108,946 359,981

5 15,451
(61,804)

3,080
(12,320)

11,227
(44,908)

195,126 104,948 329,832

7 14,653
(58,612)

2,816
(11,264)

10,195
(40,780)

179,870 101,998 309,532

E. Jang et al.



International Journal of Applied Earth Observation and Geoinformation 132 (2024) 104029

6

allowing U-Net to produce accurate and detailed images. Additionally, a
U-Net model can handle arbitrary data sizes that are multiples of kn,
when n is the number of pairs of k-fold upsample and downsample
layers. We adopted U-Net for its flexibility and the comparable perfor-
mance demonstrated in previous studies.

In this study, the proposed model consists of four spatial levels, with
the size halved at each successive level. Each level has two convolutional
layers with 3 × 3 filters and 8, 16, 32, and 64 convolutional filters per
level. The ReLU was used as an activation function after each convolu-
tional layer. To obtain the different scales in the encoder and decoder,

Fig. 5. The study’s model structure. Numbers upon the blue arrow represent the number of convolutional filters per level. (For interpretation of the references to
color in this figure legend, the reader is referred to the web version of this article.)

Table 2
Summary of the schemes used in this study. Schemes were designed with various input data configurations (i.e., either GBRT-corrected or original SMAP SSS data,
three temporal lengths [3, 5, and 7 days] of past data, and four levels [one to four times] of oversampling for low salinity water).

U-Net (without oversampling) U-Net (twice oversampling) U-Net (thrice oversampling) U-Net (four times oversampling)

GBRT-corrected SSS Past 3 days U3G1 U3G2 U3G3 U3G4
Past 5 days U5G1 U5G2 U5G3 U5G4
Past 7 days U7G1 U7G2 U7G3 U7G4

SMAP L2B SSS Past 3 days U3S1 U3S2 U3S3 U3S4
Past 5 days U5S1 U5S2 U5S3 U5S4
Past 7 days U7S1 U7S2 U7S3 U7S4

Fig. 6. Six regions (North Pacific Ocean, North Atlantic Ocean, Equator, Amazon River Plume, Indian Ocean, and Antarctic Ocean) with masked-out pixels (blue
boxes) for model performance evaluation. The background is the average gradient boosted regression trees (GBRT)-corrected SSS between April 2015 and December
2020. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

E. Jang et al.
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three max pooling and up-convolutional layers with 2 × 2 filter size
were used in the encoder and decoder, respectively (Fig. 5). As all
trainable parameters in U-Net are simply a set of convolutional filters
and their respective biases, U-Net can handle various data sizes because
the convolutional operations are applied locally and do not depend on
the overall size of the input data. Specifically, with three max pooling
and up-convolution layers using a 2 × 2 filter, the minimum data size
must be a multiple of 23, or 8. Thus, any data size that is a multiple of 8 is
feasible. By maximizing this benefit, the proposed model can be trained
with patch-level samples (for example, 40 × 40) that satisfy the condi-
tion for gap filling (the composite area of the input data should be equal
to that of the target data). The error between the prediction and refer-
ence values is calculated using the loss function, which should be
minimized. Randomly initialized convolutional filters were gradually
fitted as the number of iterations increased during the backpropagation
procedure based on stochastic optimization. In this study, we used the
mean squared error as the loss function. Furthermore, we used an
adaptive momentum optimizer (Kingma and Ba, 2014), which is one of
the most widely used methods due to its robust performance (Han et al.,
2023; Wu et al., 2022). The proposed model was trained with an Nvidia
RTX 3090 graphics processing unit (GPU) to speed up the training time,
with a batch size of 128. We terminated the model training when the
validation loss did not decrease over three iterations, and the maximum
number of epochs was set to 100 to prevent overfitting. At the time of
inference, the fitted model took an input of 720 × 1440 to generate a
global gap-filled satellite-retrieved SSS directly. Fig. 5 shows the U-Net
structure used in this study.

We designed 24 schemes with various input data configurations (i.e.,
either GBRT-corrected or original SMAP SSS data, three temporal
lengths [3, 5, and 7 days] of past data, and four levels [one to four times]
of oversampling for low salinity water) to examine the effects of various
factors for the gap-filling models. Schemes, expressed using acronyms,

are summarized in Table 2: For example, the U-Net model using GBRT-
corrected SSS data from the past 5 days and four times oversampling is
referred to as U5G4 and the U-Net model using SMAP SSS data from the
past 3 days and without oversampling is referred to as U3S1.

3.4. Performance evaluation

The training and test datasets were separated by year (training data
from April 2015 to December 2019 and test data from 2020) to evaluate
model performance. Two methods were used to assess the gap-filled SSS:
using masks of the original SSS data and in situ Argo data. First, the
original SSS values for the selected regions were masked out before
model training, and the gap-filled values of the regions were compared
with the original values. Six regions (North Pacific Ocean, North Atlantic
Ocean, Equator, Amazon River Plume, Indian Ocean, and Antarctic
Ocean) were chosen based on SSS distribution and the missing data rates
(Fig. 6). Values were eliminated with a 20 × 20 window size every 30
days in the 2020 test dataset. We eliminated 28,057 pixels for the
validation. Second, the gap-filled SSS data from the U-Net model were
further validated using in situ Argo data. We used 7,758 global Argo SSS
data points from 2020 as the validation data. The gap-filled SSS was
assessed using three statistical metrics: root mean square error [RMSE;
Equation (5)], coefficient of determination [R2; Equation (6)], and mean
bias [MB; Equation (7)].

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑

(M − O)2

n

√

(5)

R2 =

⎛

⎜
⎝

∑
(M − M)(O − O)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑

(M − M)
2

√
∑

(O − O)2

⎞

⎟
⎠

2

(6)

Fig. 7. The root mean square error (RMSE) and mean bias (MB) for masked-out pixels of the results of U-Net models versus original pixel values with test datasets for
2020. The results were derived from the U-Net model using GBRT-corrected SSS and SMAP L2B daily along-track data. The blue bar represents the results from GBRT-
corrected SSS (G1-G4) and the red bar corresponds to SMAP L2B SSS (S1-S4). Refer to Table 2 for schemes. In each subplot, U stands for U-Net, and the following
number is for number of past days used for gap filling. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of
this article.)
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MB =
1
n
∑

(M − O) (7)

where M is the gap-filled SSS data, O is the masked area of the original
SSS data or the in situ Argo data, n is the total number of data points, and
M and O are the mean values of each SSS data set.

Additional comparisons with the original SMAP SSS product were
conducted. To justify the use of the GBRT-corrected SSS, the U-Net
model trained with the SMAP L2B daily along-track data was compared
with the model based on the GBRT-corrected SSS (the proposed model).
Furthermore, the gap-filled SSS was compared with the SMAP L3 8-day
running mean SSS data incorporating future observations to demon-
strate that gap-filling with only past data can yield robust performance.

4. Results and discussions

4.1. Comparison with masked-out pixels

The validation results using the masked-out pixels for 2020 (Fig. 6)
are summarized in Fig. 7. U-Net models with GBRT-corrected SSS input
data for the past 3, 5, and 7 days were tested. Oversampling improved
the gap-filling results using GBRT-corrected past SSS data for 3 and 5
days as input data. The R2, RMSE, and MB of the U5G4 model were 0.94,
0.413 psu, and 0.02 psu, respectively, while those of the U5G1 model
were 0.94, 0.423 psu, and − 0.13 psu, respectively. As the amount of
oversampled data increased, smoothing in the resultant SSS was miti-
gated, increasing accuracy. Increasing the number of low SSS (<30 psu)
samples up to four times, as detailed in Section 3.2, effectively improved
performance in both quantitative and qualitative evaluations. This is
further discussed in Section 4.3 with distribution maps. However,
oversampling did not always improve performance when using GBRT-
corrected past data for 7 days. This suggests that too long past

sequences can fail to take advantage of oversampling because of accu-
mulated random noise and high dependency on past SSS data. We
observed no significant difference in accuracy when the SSS data from
the past 3 and 5 days were used as input data. However, compared to the
model using the past 3 days, the model using the past 5 days produced
gap-filled results closer to the original values; the results are discussed in
detail in Section 4.3.

The results of the U-Net model trained using SMAP L2B daily along-
track data were compared with those obtained using the GBRT-corrected
SSS (Fig. 7). The RMSE of the U-Net model with the SMAP SSS ranged
from 0.896 to 1.007 psu, whereas the model with GBRT-corrected SSS
ranged from 0.388 to 0.618 psu. SMAP L2B data have significant spatial
noise and inconsistency, particularly in areas of high uncertainty, such
as polar regions with low sea surface temperatures (Lagerloef and Font,
2010). When comparing GBRT-corrected SSS with SMAP SSS (Fig. 8),
the higher spatial inconsistency in the SMAP SSS influenced the image
learning of the U-Net model, resulting in relatively low accuracy of the
gap filling. We used the GBRT-corrected SSS to improve this limitation
of SMAP SSS through the synergistic use of HYCOM reanalysis model
data and other ancillary data based on GBRT (Jang et al., 2022), leading
to successful gap-filling. As the evaluation over masked pixels measures
the performance of gap-filling models (Zhu et al., 2017), the model
design plays a crucial role. However, data noise also significantly affects
the performance (Fig. 7). Therefore, studies on gap filling should
accompany the enhancement of sea surface salinity (SSS).

4.2. Comparison with in situ data

Table 3 compares the values of the pixel gaps filled by the U-Net
models with the Argo in situ data. The results of the models were further
compared with the SMAP L3 8-day running mean SSS. Similar to the
validation based on the masked-out pixels, oversampling improved the

Fig. 8. (a) GBRT-corrected SSS and (b) SMAP SSS for July 19, 2020.

Table 3
The root mean square error (RMSE) and mean bias (MB) for the results of U-Net models versus in situ data
with validation datasets for 2020. The lowest RMSE per input data and past day are in bold.

SMAP L3 8-day running mean SSS RMSE (psu) MB (psu)
0.456 0.09

GBRT-corrected SSS SMAP L2B along-track SSS

U3G1 U3G2 U3G3 U3G4 U3S1 U3S2 U3S3 U3S4

RMSE (psu) 0.316 0.246 0.244 0.237 0.648 0.654 0.674 0.646
MB (psu) − 0.21 0.07 − 0.06 0.01 0.09 − 0.17 − 0.16 0.07

U5G1 U5G2 U5G3 U5G4 U5S1 U5S2 U5S3 U5S4

RMSE (psu) 0.256 0.245 0.247 0.241 0.667 0.645 0.631 0.680
MB (psu) − 0.09 − 0.07 0.07 0.03 0.14 0.19 − 0.04 − 0.23

U7G1 U7G2 U7G3 U7G4 U7S1 U7S2 U7S3 U7S4

RMSE (psu) 0.263 0.505 0.238 0.384 0.809 0.627 0.813 0.650
MB (psu) − 0.11 − 0.33 0.00 0.29 0.50 − 0.04 0.50 − 0.14
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gap-filling results. The R2, RMSE, and MB of the U5G4 model were 0.97,
0.241 psu, and 0.03 psu, respectively, whereas those of the U5G1 model
were 0.97, 0.256 psu, and − 0.09 psu, respectively. For in situ data-based
validation, the U-Net models using GBRT-corrected SSS were more ac-
curate than those using SMAP L2 SSS. Improving SSS by GBRT (Jang
et al., 2022) likely enhanced gap-filling through the bias correction
process based on in situ measurements, as described in Section 2.1. Li
et al. (2019) gap-filled weekly near-global SSS using the Aquarius L2
along-track SSS data based on a weighted average fitting approach,
resulting in accuracy comparable to our U5G4 model. It should be noted
that the U5G4 model proposed in this study has a higher temporal res-
olution (i.e., daily) than the Aquarius gap-filled SSS (i.e., weekly),
capturing detailed temporal variations in SSS.

Fig. 9 depicts scatterplots of Argo in situ data versus SMAP L3 8-day
running mean SSS and the results of the U-Net models using GBRT-
corrected and SMAP L2B SSS (i.e., U5G4 and U5S4). The U-Net
models based solely on past GBRT-corrected SSS outperformed the gap-
filled SMAP 8-day mean SSS based on past and future data. The results
based on SMAP SSS showed that U5S4 (Fig. 9b) performed worse than
SMAP L3 SSS (Fig. 9c) in terms of R2 and RMSE. This suggests that
Gaussian weighting could be effective if future data were available.
Since Gaussian weighting was employed to construct training samples
from historical data, this validates the rationale of Gaussian weighting in
sample building for this study. By integrating GBRT-based correction
(Jang et al., 2022), the proposed model outperformed SMAP L3 SSS
(Fig. 9a), eliminating the need for future data in near real-time
applications.

Time-series validation of the proposed U-Net models for gap filling
was conducted using Argo data periodically measured in four selected
areas: the Amazon River plume and the Bay of Bengal, where low
salinity waters are primarily observed; the Yellow Sea, where high and
low salinity waters are dynamically mixed; and the equatorial region,
where high salinity waters predominate (Fig. 10). The results of U5G4
and U5S4, and SMAP L3 8-day running mean SSS were compared. In
April, the U5G4- and U5S4-based SSS data in the Amazon River plume
had a similar temporal pattern, but were 1 psu lower than the Argo data
(Fig. 10b). In the Argo location, low salinity water and high salinity
water were mixed on April 14, so the difference between Argo and gap-
filled SSS data was large due to the smoothing effect caused by the
surrounding pixels in the gap-filled SSS. Between the two models, U5G4
performed slightly better than U5S4. On the other hand, the SMAP L3 8-
day running mean SSS did not exhibit the temporal pattern of low
salinity water (Fig. 10b). Similar results were found for the Bay of Bengal
(Fig. 10c). The SMAP L3 8-day running mean SSS estimated low salinity
water (28–29 psu) in this region but did not exhibit SSS variations over
the dates similar to Argo or gap-filled SSS data. Note that the 8-day
running mean often results in a smoothed SSS by considering data
from multiple days, which may contain variations. The SSS gap-filled by
Alvera-Azcárate et al. (2016) using the Data Empirical Orthogonal
Function in the North Atlantic Ocean and the Mediterranean Sea
exhibited a similar difference when compared to the SMOS SSS in the
Douro and Gironde River plumes. The U5G4 model proposed in this
study showed similar accuracy with previous studies focusing on river
plumes with dynamic changes (Alvera-Azcárate et al., 2016). In the

Fig. 9. Scatter plots of Argo in situ data versus results of U-Net models using (a) U5G4 (with GBRT-corrected SSS) and (b) U5S4 (with SMAP L2B SSS), and (c) SMAP
L3 8-day running mean SSS. Refer to Table 2 for schemes.
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Fig. 10. Day-SSS plots and (a) the location of in situ Argo data used for temporal comparison marked as blue circles. The x-axis of the plots is day of 2020. The Argo
data were compared to the gap-filled SSS using the proposed U5G4 model, the U5S4 model, and the SMAP L3 8-day running mean SSS ((b), (c), (d), and (e)). The
background of (a) is the averaged GBRT-corrected SSS from April 2015 to December 2020. The range of locations for the Argo floats used in each region is indicated
in the graph. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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Yellow Sea, where low salinity water and high salinity water are
dynamically mixed, the U5G4 model performed better than the U5S4
model and the SMAP L3 8-day running mean SSS (Fig. 10d). In the
equatorial region, the Argo and gap-filled SSS values differed by less
than 0.5 psu (Fig. 10e), and both models successfully gap-filled high
salinity waters without significant temporal variations. These temporal
validations over multiple regions revealed that the U5G4 model using
the GBRT-corrected SSS resulted in better performance than the U5S4
model using the SMAP L2 daily along-track data and the SMAP L3 8-day
running mean SSS.

4.3. Spatial distribution of the gap-filled SSS

The spatial distribution of the SSS gap-filled by the U-Net models
based on the past 5 days in the Amazon River plume region for July 29,

2020, is depicted in Fig. 11. Compared with the original GBRT-corrected
SSS (Fig. 11a), the smoothing pattern of low-salinity water areas in the
gap-filled data (Fig. 11b–11e) was mitigated by increasing the over-
sampled data. Fig. 11f and 11 g show the SSS along a row of pixels with
the same longitude (black dashed line in Fig. 11a) when input data from
the past 3 and 5 days were used in the models, respectively. When data
from the past 3 days were used as inputs to the models, all four over-
sampling levels resulted in significant deviations from the original
GBRT-corrected SSS values. However, when using data from the past 5
days, greater oversampling resulted in SSS values closer to the original
GBRT-corrected values. The outcome of four times oversampling (the
red line in Fig. 11g) was comparable with that of the original GBRT-
corrected SSS (black line in Fig. 11g). Samples of < 30 psu per patch
were oversampled; however, the number of low-salinity pixels was
substantially smaller than that of the other pixels. In the patches, the

Fig. 11. Spatial distribution and comparison plots of the SSS data gap-filled with different oversampling levels in the Amazon River plume region for July 29, 2020:
(a) GBRT-corrected SSS and (b) U5G1 without oversampling, (c) U5G2 with twice oversampling, (d) U5G3 with thrice oversampling, and (e) U5G4 with four times
oversampling using data from the past 5 days as input. The plots (f) and (g) compare the results of each model for pixels along the black dashed line in (a) on the same
latitude using data from the past 3 and 5 days, respectively. The x-axis of the plot represents the longitude of each pixel.
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Fig. 12. Spatial distribution and comparison plots of the SSS data gap-filled with different oversampling levels in the East China Sea for July 19, 2020: (a) GBRT-
corrected SSS and (b) U5G1 without oversampling, (c) U5G2 with twice oversampling, (d) U5G3 with thrice oversampling, and (e) U5G4 with four times over-
sampling using data from the past 5 days as input. The plots (f) and (g) compare the results of each model for pixels along the red dashed line in (a) on the same
latitude using data from the past 3 and 5 days, respectively. The x-axis of the plot represents the longitude of each pixel. (For interpretation of the references to color
in this figure legend, the reader is referred to the web version of this article.)
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average proportion of pixels with a value < 30 psu was 18.8 %. Since
low-salinity water and seawater do not mix well due to their different
densities (Akhil et al., 2020), their shape was preserved, and gap filling
was fairly effective. Smoothing after gap-filling mostly occurred in the
30–33 psu range, where low-salinity water and seawater were mixed.
Fig. 11 shows how the gap-filling model effectively used oversampling of
low-salinity samples while minimizing the smoothing problem. Fig. 12
depicts low-salinity water from the Yangtze River in the East China Sea
using the gap-filling models of this study. As more oversampling and

data from the past 5 days were used, the results were fairly comparable
to the original values (GBRT-corrected SSS), similar to the Amazon River
plume region shown in Fig. 11.

Fig. 13 shows the results gap-filled by the U5G4 model on August 4,
2020. The proposed U-Net model produced successful gap-filling results
compared with the original global ocean data (Fig. 13a and 13b). Three
areas with significant salinity changes—the Gulf of Mexico (Fig. 13c,
13d, and 13e), the Amazon River plume (Fig. 13f, 13 g, and 13 h), and
the Bay of Bengal (Fig. 13i, 13j, and 13 k)—were compared in further

Fig. 13. Spatial distribution of the (a) GBRT-corrected SSS and (b) gap-filled SSS with the U-Net model using data from the past 5 days and four times oversampling
(U5G4) for the global ocean on August 4, 2020. Three low salinity regions are shown in detail: the Gulf of Mexico (c, d, and e), the Amazon River plume (f, g, and h),
and the Bay of Bengal (i, j, and k). The gap-filled results were compared with images from the recent past (e, h, and k).
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detail. Low salinity water is formed by significant freshwater input from
the Atchafalaya and Mississippi rivers in the Gulf of Mexico, the Amazon
River in the plume region, and the Ganges and Irrawaddy Rivers in the

Bay of Bengal. The low-salinity water patches in the original images
demonstrate that these patches were filled in all regions. Our proposed
gap-filling model performed effectively in open oceans with low saline

Fig. 14. Spatial distribution of the (a and b) GBRT-corrected SSS, (c) gap-filled SSS using the proposed U-Net model, and (d) SMAP L3 8-day running mean SSS data
in the Amazon River plume region. The expanded low salinity water is marked with a black circle (b and d).

Fig. 15. Spatial distribution of the (a and b) GBRT-corrected SSS, (c) gap-filled SSS using the proposed U-Net model, and (d) SMAP L3 8-day running mean SSS data
in the East China Sea. The expanded low salinity water is marked with a black circle (b and d).
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changes and low-salinity water regions with significant salinity distri-
bution changes due to freshwater influx.

Figs. 14 and 15 compare the results of the U5G4 model with SMAP L3
8-day running mean SSS in the Amazon River plume region and the East
China Sea, respectively. Fig. 14c and 15c show how the proposed gap-
filling model produced results similar to the low-salinity water patches
shown in the original GBRT-corrected SSS images (Fig. 14a and 15a). In
contrast, in the SMAP L3 8-day running mean SSS, the low-salinity water
patches appeared to expand more (black circles in Fig. 14d and 15d).
Two days later, expanding low-salinity water patches were visible in the
real-time GBRT-corrected images (Fig. 14b and 15b). This demonstrates
how the future expansion of low-salinity water impacts the SMAP L3 8-
day running mean SSS, which used future data as input. Our proposed
gap-filling model only employed past data, effectively filling the gap in
the global SSS without considering future events.

4.4. Novelty and limitations

The novelty of this study can be summarized as follows: First, it is one
of the few studies to adopt a CNN for spatial gap filling of global SSS.
Despite recent explorations of deep learning in oceanic studies, such as
SST gap filling, there has been little research on its SSS applications.
Second, by using the U-Net structure with arbitrary input sizes, the
proposed model can accept various input sizes during the training and
inference phases. Therefore, this model can be used for either regional or
global applications, allowing easy fine-tuning. From the pretrained
global model, it is possible to train the model with local samples,
enhancing the predicted results when additional data are available.
Additionally, the arbitrary input size reduces computational costs. Using
smaller patches (40 × 40) in the training phase reduced the required
memory compared with larger inputs (720 × 1440 for global coverage).
Once the model is trained, the SSS gap filling can be completed within a
few seconds. Moreover, our model showed a high correlation with in situ
measurements with the GBRT-corrected SSS from Jang et al. (2022).
Lastly, our model produced a daily global gap-filled SSS without delay.
From an operational perspective, this can significantly contribute to SSS
research and other models that use SSS as their input.

Despite these novelties, some limitations remain. Even with the
ability of U-Net to retain details from the input, some blurry predictions
were observed. This might be caused by convolutional operations,
whose return values represent receptive input filters. Such a smoothing
issue can be mitigated using generative models or super-resolution
techniques. Another limitation is that an additional gap-filling process
is required to construct the target samples. In this study, we utilized
Gaussian gap-filling with 2-day buffers for past and future data. The
quality of the training samples largely depends on the performance of
the interpolation method. Although no significant performance drop
was observed in this study due to Gaussian interpolation, the inherent
error associated with the additional interpolation process still remains.
Lastly, the pre-processing gap filling near the coastline is also a limita-
tion because the suggested model could not automatically deal with
dummy zero values.

5. Conclusions

This study proposed a daily gap-filling model for SSS using a
sequence of satellite swath data with the U-Net deep learning model.
Unlike the SMAP L3 8-day running mean SSS, the proposed model does
not rely on future datasets. The model can accept arbitrary input sizes, so
we used 40 × 40 patch samples in the training phase and 720 × 1440
global images in the inference step. This flexibility reduced the time and
computational resources required during training and significantly
increased the number of samples. When evaluating the gap-filling
models with the masked-out test pixels, the overall RMSE was lower
for the model using GBRT-corrected SSS than that for the one using
SMAP SSS. This is likely due to the GBRT-corrected SSS having lower

spatial and temporal noise than the SMAP SSS data, thanks to bias
correction with in-situ samples. Different levels of SSS sequences and the
oversampling of low-salinity water were investigated. Oversampling
significantly improved the two types of validations (using masked-out
pixels and Argo in situ data). Based on quantitative performance and
visual investigation, the U5G4 model yielded the best performance
among multiple schemes. Compared with the SMAP L3 8-day running
mean SSS, which used past and future data, the proposed model was
unaffected by significant SSS changes from future data over coastal
areas. With the fast prediction of SSS using the pretrained model, it is
highly expected to produce bias-corrected daily gap-filled SSS with the
GBRT-corrected SSS dataset and U-Net models. Generating high-quality,
daily gap-filled global SSS data for near real-time applications will
greatly enhance the monitoring and modeling of oceanic environments.
Although this study addresses gaps in SSS swath data, it can be further
extended to other sensors, such as the Geostationary Ocean Color Imager
(GOCI)-II, to monitor real-time low-salinity water in the East China Sea,
where highly fluctuating SSS patterns are found, especially in summer
(Jang et al., 2024; Sung et al., 2022).
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Barth, A., Alvera-Azcárate, A., Licer, M., Beckers, J.-M., 2020. DINCAE 1.0: a
convolutional neural network with error estimates to reconstruct sea surface
temperature satellite observations. Geosci. Model Dev. 13 (3), 1609–1622. https://
doi.org/10.5194/gmd-13-1609-2020.
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