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A B S T R A C T   

Sea level change is not uniform across the oceans and high-resolution sea level trend (SLT) models reveal that the 
rate of sea level change differs between different waters. In this study, we developed a new method for obtaining 
a high-resolution, 1′×1′-grid SLT model, using the time-varying mean sea surface (MSS) of several MSSs 
calculated from averaged multi-satellite-derived sea surface heights (TOPEX/Poseidon, Jason-1/2/3, ERS-1/2, 
Envisat, GFO, Cryosat-2, SARAL/AltiKa, Sentinel-3A, HY-2A) over different periods. We applied this model to 
estimate the mean sea level change in the China seas and their adjacent ocean (0◦–41◦N, 100◦–140◦E). This new 
model revealed the patterning of sea level change within the study region in detail, and detected a sea level 
change dipole south of Japan. A zonal SLT pattern was identified in three regions: the region of the North Pacific 
Subtropical Counter Current (an eastward current located in the band of 19.5◦–22.5◦N, populated with eddies), 
and the areas east of Taiwan and east of Luzon Island. Moreover, the rate of sea level rise in the offshore zone was 
found to be ~ 0.67 mm/yr (20%) higher than that in the open ocean. This finding has important implications for 
coastal protection.   

1. Introduction 

The global ocean, which accounts for 71% of the Earth’s surface, 
plays a key role in the global climate change. Sea level changes are an 
important indicator of global climate change (Cazenave et al., 2014; 
Elipot 2020). The global mean sea level (GMSL) has been rising mainly 
due to global warming caused by the greenhouse effect (Church et al., 
2001; Intergovernmental Panel on Climate Change (IPCC), 2014). 
Ongoing sea level rise (SLR) will cause considerable damage to the 
global economy and coastal cities, and directly threaten the develop
ment and even the survival of humankind (Nicholls and Cazenave, 2010; 
Nicholls et al., 2011; Niu et al., 2020). 

Since the late 1960s, the GMSL has been rising continuously at an 
accelerating rise (Church and White, 2006; Watson et al., 2015; Watson, 
2016; Mu and Yan, 2018; Voosen, 2020). Satellite altimeter data show 
that the rate of GMSL rise is approximately 3.3 mm/yr after correcting 
for interannual variability (Cazenave et al., 2014). Data from the last 
decade suggest that meltwater from the Greenland ice sheet has 

propelled the rate of SLR to 4.8 mm/yr with few signs of slowing down 
(Voosen, 2020). The rate of sea level change is not uniform across the 
global ocean, but differs between different waters (Nicholls and Caze
nave, 2010; Guo et al., 2015; Mu and Yan, 2018; Voosen, 2020). For 
example, the average rate of SLR in the four China seas (South China, 
East China, Yellow, and Bohai Sea) between 1993 and 2012, estimated 
from the altimeter data of TOPEX/Poseidon (T/P), Jason-1 and Jason-2, 
was approximately 4.64 mm/yr—faster than the global mean rate (Guo 
et al., 2015). Moreover, this rate differed across the four China seas. In 
the tropical Pacific region along the U.S. west coast, however, sea level 
dropped at a rate of 3–5 mm/yr between 1993 and 2009 (Nicholls and 
Cazenave, 2010). There is, therefore, an urgent need for a high- 
resolution sea level trend (SLT) model that can resolve fine-scale sea 
level change in different seas. Such a model can provide important in
sights into the mechanisms of regional sea level change. 

SLTs are usually obtained through least-square fitting to tide gauges 
or satellite altimetry observation time series (Mu and Yan, 2018), and 
represents the average sea level change trend in the study area during 
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the period of observation. SLT estimations are affected not only by the 
period of observation, but also by interannual changes in sea level 
mainly caused by El Niño–Southern Oscillation (Cazenave et al., 2014). 
For instances, the rate of GMSL rise dropped from 3.5 mm/yr in 2002 to 
approximately 2.5 mm/yr in 2008; after correcting for interannual 
variability; however, this slowdown in GMSL rise disappeared (Caze
nave et al., 2014). This demonstrates that data post-processing, such as 
correcting for interannual sea level change, is essential for the accurate 
estimation of the rate of SLR. 

With the development of satellite altimetry technology, satellite 
missions such as ERS-1/2, T/P, Jason-1/2/3, Geosat Follow On (GFO), 
Envisat, ICESat, Cryosat-2, SARAL/Altika (SRL), HY-2A, and Sentinel- 
3A, have collected abundant altimetric data, including exact repeat 
mission (ERM: e.g., T/P) and geodetic mission (GM: e.g., ERS-1/168) 
data. These datasets can be merged to derive a high-resolution (e.g., 
1′×1′) mean sea surface (MSS) models (Jiang et al., 2002; Jin et al., 
2011; Schaeffer et al., 2012; Jin et al., 2016; Pujol et al., 2018; Yuan 
et al., 2020a), such as the global MSS models CNES_CLS11 (Schaeffer 
et al., 2012), CNES_CLS15 (Pujol et al., 2018), DTU15 (Andersen et al., 
2016), and DTU18 (Andersen et al., 2018). The MSS is the average sea 
surface height (SSH) derived from altimeter satellites over the obser
vation period; therefore, it does not contain sea level change informa
tion (e.g., interannual variability). This information, nevertheless, can 
be obtained from MSS models by averaging the SSHs over different 
observation periods. For example, assuming that MSS models A, B, and C 
are the average SSHs for 1993–2012, 1994–2013, and 1995–2014, 
respectively, there is one year of sea level change information between 
models A and B, and B and C. Since the mean SSH of models A, B, and C 
changes over time, these models are referred to as time-varying MSSs. 

Based on this background, here, we develop a new sea level model
ling approach that uses time-varying MSSs, constructed from multi- 
satellite altimeter data, to derive an SLT model with an 1′×1′ grid, 
and apply this model to estimate the sea level change in the China seas 
and its adjacent ocean (CSO: 0◦–41◦N, 100◦–140◦E). We demonstrate 
that this model can accurately represent the spatial distribution char
acteristics of sea level change in the CSO. Besides the introduction, this 
paper is composed of the following three sections. Section 2 introduces 

data sources, and section3 introduces methodology. Section 4 presents 
the results and analysis, especially the SLT model on a 1′×1′ grid in the 
CSO. Section 5 presents the conclusions of this study. 

2. Data sources 

The satellite altimeter mission data used in this study were derived 
from the along-track Level-2+ (L2P) products released by Archiving 
Validation and Interpretation of Satellite Oceanographic Data (AVISO). 
These missions included ERS-1/2, T/P, Jason-1/2/3, Envisat, GFO, 
Cryosat-2, SRL, HY-2A, and Sentinel-3A. These missions data were 1-Hz 
along-track sea level data corrected for various errors (instrument er
rors, environmental perturbations, ocean sea state bias, atmospheric 
pressure, and the tide effect). These corrections are detailed in the along- 
track L2P product handbook (CNES, 2017). 

Multi-satellite altimeter data from January 1993 to December 2019 
in the CSO region were selected, as shown in Fig. 1. To reduce the 
contamination of the data by seasonal ocean changes and interannual 
signals, ERM data for the entire year were selected as much as possible 
(Schaeffer et al., 2012; Pujol et al., 2018; Yuan et al., 2020a). Moreover, 
to improve the spatial resolution of the MSS model, GM data, including 
ERS-1/GM, Jason-1/GM, HY-2A/GM, Cryosat-2, and SRL/drifting phase 
(DP), were also used. 

Some other data products were also used for verification: these 
included the delayed-time gridded monthly mean of sea level anomalies, 
estimated from multi-satellite altimeter data from January 
1993–September 2019 (AVISO); the SLT models with a 30′×30′ and 
60′×60′ grid, by the National Oceanographic and Atmospheric Admin
istration’s (NOAA) Laboratory for Satellite Altimetry and the 
Commonwealth Scientific and Industrial Research Organization 
(CSIRO), and the altimeter data of T/P and Jason-1/2/3 over December 
1992–September 2020 and January 1993–December 2019, respectively. 

3. Methodology 

We developed a new method for deriving sea level change, and for 
mapping the SLT in the CSO on a 1′×1′ grid. The multi-satellite altimeter 

Fig. 1. Multi-satellite altimeter data from January 1993 to December 2019, grouped into 19-year-long moving windows shifted by one year (start date: January 
1993). (Note: The contents in parentheses represent the repeated cycle of the altimeter mission). 
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data from January 1993 to December 2019 were divided into nine 
groups (Fig. 1). An MSS model with a 1′×1′ grid was then established 
separately for each group. Nine MSS models with the same grid size were 
thus obtained. These MSS models, corresponding to different periods of 
observation, form a time-varying MSS, which was used to derive a high- 
resolution SLT model. The data processing process included three main 
steps: 1) data grouping, 2) establishment of the MSS models, and, 3) 
construction of the grid model of the SLT. 

3.1. Data grouping 

Fig. 1 shows the nine multi-satellite altimeter datasets grouped into 
19-year-long moving windows starting in January 1993 and shifting by 
one year. A one-year interval was present between adjacent datasets, as 
well as between the MSS models interpolated from these datasets. 

As shown in Fig. 1, each group contained different satellite altimeter 
data; however, the altimeter data of the T/P series (T/P, Jason-1/2/3) 
were continuous within each group. The mean along-track SSHs of the 
uninterrupted joint T/P series were used as the fundament for estab
lishing the MSS model in the next step of model development. These 
SSHs also served as a reference for calculating sea level anomalies, 
which were used for ocean variability correction. However, the period of 
the fundament different between the different groups: for instance, the 
period of Group1 was from January 1993 to December 2011, whereas 
that of Group 2 was from January 1994 to December 2012. 

3.2. MSS model establishing 

To obtain a high-resolution SLT model, a high-resolution MSS model 
must first be established. The MSS model obtained by interpolating the 
multi-satellite altimeter data was subjected to several procedures of data 
processing (Yuan et al., 2020a; 2020b), including the unification of 
reference ellipsoid, ocean variability correction, crossover adjustment, 
and gridding (Fig. 2). 

The satellite-derived SSH is the distance between the sea surface and 
the surface of the reference ellipsoid. However, different altimeter sat
ellites use different earth ellipsoid parameters; the SSHs derived from 
different satellite missions differed as a result. Before the multi-satellite 
altimeter data can be integrated to determine an MSS model, the 
satellite-derived SSHs must to be unified in relation to the same refer
ence ellipsoid. Because the L2P satellite mission data were unified in 
relation to the same reference ellipsoid as that used in T/P (CNES, 2017), 
the establishing of an MSS model in this study consisted of three main 
data processing procedures: ocean variability correction, crossover 
adjustment, and gridding. 

3.2.1. Ocean variability correction 
The ocean variability correction refers to the correction of the ERM 

and GM data for temporal variation. Because the ground tracks of 
altimeter satellite with ERM are coinciding with each other, the 
correction of the ERM data for ocean variability can be done though 
collinear adjustment (Rapp et al., 1994; Jiang et al., 2002; Jin et al., 
2011). Collinear adjustment was used to reduce the anomalous temporal 
variation in SSH caused by large-scale ocean anomalies (such as El Niño/ 
La Niña) in a specific period and to obtain the mean along-track SSH 
(Jiang et al., 2002; Yuan et al., 2020a; 2020b). This was done in three 
steps: (i) from among all the collinear tracks, the track with the 
maximum number of observations was selected as the reference track; 
(ii) the SSH at each point on the collinear tracks corresponding to the 

point on the reference track was calculated by collinear analysis (Cheney 
et al., 1983; Wang and Rapp, 1992); (iii) the time-averaged SSH was 
calculated by averaging the SSH of the points on the collinear tracks. A 
mean track was thus obtained. 

Collinear adjustment is well-suited for the correction of the ERM data 
for temporal variation, but it cannot be applied to the GM data. Fortu
nately, our datasets contained ERM data (that could be corrected for 
ocean variability) from one or more missions with the same observation 
period as that of the GM data (Table 1). The observations derived from 
different altimeter satellites during the same observation period were 
considered to have the same ocean variability. Sea level anomalies in the 
ERM data (e.g., T/P) were then used as a reference, to correct ocean 
variability of the GM data (e.g., ERS-1/GM). 

The objective analysis method was used for the correction of the GM 
data for temporal variation. This method uses a priori statistical 
knowledge of the signal-data noise covariance functions (Le Traon et al., 
1998). In this study, we applied a global suboptimal space/time objec
tive analysis that considered along-track correlated errors (Le Traon 
et al., 1998; Ducet et al., 2000). To correct a GM data point for ocean 
variability, we initially selected the reference data points in a large 
subdomain with a space and time scale of 1000 km and 10 days, 
respectively. From among these data points, a smaller subdomain was 
then selected, comprising data points with the typical space scale of 
ocean signals (approximately 200–300 km) (Le Traon et al., 1998). 
Outside this smaller subdomain, only one in three to five data points was 
retained (Le Traon et al., 1998). This objective analysis method has been 
applied successfully for the determination of MSS models, such as 
models CLS11 and CLS15. More details on this method are provided in 
the literature (Le Traon et al., 1998; Ducet et al., 2000; Le Traon and 
Dibarboure, 2004). 

3.2.2. Crossover adjustment 
The long-wave ocean variation signals, such as part of the radial orbit 

error and seasonal ocean variations, were reduced after the correction of 
the ERM and GM data for ocean variability. However, many residuals 
remained including the residual radial orbit error, low-frequency sea 
level signals, and residual geophysical corrections. These residuals 
resulted in different SSHs on different tracks at the same location. 
Moreover, these residuals were further reduced with the application of 
the crossover adjustment method. 

The crossover adjustment is a general method for integrating multi- 
satellite mission data (Huang et al., 2008). In conventional crossover 
adjustment, the radial orbit error is regarded as one of the main error 
sources affecting altimeter data, and is modelled adequately by either a 
time- or a distance-dependent polynomial (Huang et al., 2008; Yuan 
et al., 2020a). However, the process of solving the equation system in 
conventional crossover adjustment is complicated by a rank deficiency 
problem, and the computational procedure is complex and cumbersome 
(Huang et al., 2008). Moreover, in this study, the radial orbit error was 
of a magnitude similar to that of other physical and geometric un
certainties, such as the inconsistency of the satellite orbit frame and the 
additional error due to the residual ocean variation and geophysical 
corrections. To address these limitations, Huang et al (2008) modified 
the conventional crossover adjustment method by dividing it into two 
steps: (i) condition adjustment method, and, (ii) filtering and predicting 
of the observational corrections along each track. This modified cross
over adjustment is described in detail by Huang et al (2008) and Yuan et 
al (2020a). 

To better reflect the combined effect of the various sources of error 

Fig. 2. Data processing procedures for establishing the MSS model.  
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(radial orbit error, residual ocean variation, and residual geophysical 
corrections) on the altimeter data, an error model (form with a general 
polynomial and a trigonometric polynomial) was used to simulate these 
errors. The model is expressed as follows: 

f (t) = a0 + a1⋅(t − Ts)+
∑m

j=1
(bi⋅cos(j⋅ω⋅(t − Ts)) + cisin(j⋅ω⋅(t − Ts))) (1)  

where t is the time of observation; a0, a1, bi, and ci(i = 1,⋯m) are model 
parameters to be solved; ω represents the angular frequency corre
sponding to the duration of a surveying track (ω = 2⋅π/(Ts − Te), 
where Ts and Te represent the start and end times of the surveying track, 
respectively); and m is a positive integer determined by the length of the 
track. Based on empirical evidence, m is proposed to be 1–2 for a short 
track, 3–5 for a middle-long track, and 6–8 for a long track (Huang et al., 
2008; Yuan et al., 2020a). 

3.2.3. Gridding 
Gridding interpolatesis irregular altimeter data onto a regular grid. 

The least-squares collocation (LSC) technique (Hwang, 1989; Rapp and 
Bašić, 1992), proven to be the most suitable method (Jin et al., 2011), 
was used in this study. This technique considers the prior statistical 
information on the altimeter observations, which is crucial for the ac
curate interpolation of a grid point. In this study, the local LSC predic
tion method assumed a two-dimensional isotropic covariance function, 
described by the second-order Markov function (Jordan, 1972; Moritz, 
1978): 

D(d) = D0⋅(1 + d/α)⋅e− d/α (2)  

where d is the two-dimensional distance between the prediction point 
and computation point, D0 is the signal variance, and α is the correlation 
length (where a 50% correlation is obtained). 

3.3. SLT model construction 

A separate MSS model on a 1′×1′ grid was established for each of the 
nine altimeter data groups (Fig. 1), and nine MSS models were result 
obtained. The fundament of each model was the mean along-track SSHs 
of the uninterrupted joint T/P series over different periods—for 
instance, from January 1993 to December 2011 for the Group1 model, 
and from January 1994 to December 2012 for the Group2 model. In this 
way, the fundament of each model was separated by one year with one 
year of ocean variability information between contiguous models. 
Therefore, the SSHs of grid points at the same position in these nine MSS 
models formed a time series with nine values, namely, 

{
sshi,j

}
, j =

{1,⋯,9}, where i was the i-th grid point in the Group j model. A linear 
regression equation was used to calculate the SLT at each grid point, as 
follows: 

sshi,j = Bi +Ri*j (3)  

where Bi is the constant term of the SSH series at grid point i, andRi is the 
SLT at grid point i, which can be solved using the least-squares method. 
The SLT model with a 1′×1′ grid was thus obtained. 

The estimations of our SLT model for different grid dimensions and 
datasets (Fig. 3) were mapped with Generic Mapping Tools (GMT: 
Wessel et al., 2019). 

4. Results and discussion 

The obtained SLT model is shown in Fig. 3(a). Fig. 3(a), (b), (c), and 
(d) show the SLT on a grid of 1′×1′, 15′×15′, 30′×30′, and 60′×60′, 
respectively. The SLT shown in Fig. 3(b) was calculated from the 
delayed-time, gridded (15′×15′ on a Cartesian grid) monthly mean of 
sea level anomalies product (AVISO) from January 1993 to September 
2019. The SLTs in Fig. 3(c) and (d) were produced by NOAA and CSIRO, 
respectively, from the T/P and Jason-1/2/3 altimeter data over 
December 1992–September 2020 and January 1993–December 2019, 
respectively. Fig. 3(a), (b), (c), and (d) show that sea level does not 
change uniformly across the ocean. The characteristics of the SLT are the 
same in all four figures, but a higher-resolution grid, such as that in 
Fig. 3(a), reveals the spatial variabilities of the SLT in greater detail. 

As shown in Fig. 3(a), the rate of SLR in the northern East China Sea 
(ESC) during the period of observation increased. This is attributed to 
the significant warming of the northern ESC (Fig. 4) (Tang et al., 2009; 
Yeh and Kim, 2010) due to the combined effect of the variability of the 
Kuroshio and the climate system, as well as the cooling of the coastal 
waters adjacent to the Changjiang River Estuary (Tang et al., 2009). As 
shown in Fig. 3(a), (b), and (c), a sea level change dipole was detected 
south of Japan. This is mainly attributed to the intensification of recir
culation (Wang and Wu, 2019: Figure S2). A zonal SLT pattern occurred 
in the region of the North Pacific Subtropical Counter Current (STCC: an 
eastward current located in the band of 19.5◦–22.5◦N, populated with 
eddies) (Chang and Oey, 2014; Wang and Wu, 2018), and also east of 
Taiwan, and east of Luzon Island. This pattern is attributed to the chang 
in oceanic mesoscale eddies. Anticyclonic eddies contain warm water, 
which increases seawater volume and thus raises the sea level (the steric 
effect), resulting in a higher SLT. In contrast, cyclonic eddies contain 
cool water, which reduces the SLT. In the period of observation, the 
number of anticyclonic eddies increased yearly along the STCC and east 
of Luzon Island, and decreased east of Taiwan (Wang and Wu, 2018). 
This explains the high rate of SLR in the STCC and east of Luzon Island, 
and the zero to negative rate of SLR east of Taiwan. Near Xiasha, in the 
western South China Sea (SCS), the higher rate of SLR (6.26 mm/yr) may 
be caused by the higher frequent of anomalous anticyclonic (warm) 
eddies due to a shift in the SCS circulation system, driven by climate 
change (Xiao et al., 2020). 

Sea level change mainly consists of two components, namely, steric 
(due to changes in ocean temperature and salinity) and mass compo
nents (Mu et al. 2019). Fig. 4(a) shows the steric SLT during January 
1993–December 2019 (on a 60′×60′ grid) calculated from EN4 quality- 
controlled ocean data (EN.4.2.1: Good et al., 2013) with Gouretski and 
Reseghetti bias correction (for details on the calculation method, see 
Gouretski and Reseghetti (2010), Llovel et al. (2013), and Llovel and Lee 
(2015)). The SLT characteristics in Fig. 4(a) are the same as those in 
Fig. 3. Fig. 4(b) shows the mass SLTs (on a 60′×60′ grid) obtained from 
the SLTs of Fig. 3(a) minus the steric SLTs. 

The mean rate of SLR in different waters within the study region was 

Table 1 
ERM data used for the correction of the GM data for temporal variation.  

GM data Corresponding ERM data 

Satellite Cycles Observation period Satellite Cycles Observation period 

ERS-1/GM 030–040 1994.04.10–1995.03.21 T/P 057–093 1994.04.01–1995.04.03 
Jason-1/GM 500–537 2012.05.07–2013.06.21 Jason-2 140–183 2012.04.20–2013.06.30 
HY-2A/GM 118–270 2016.03.30–2019.12.30 Jason-3 004–143 2016.03.18–2020.01.05 
SRL/DP 100–135 2016.07.04–2019.12.16 Jason-3 014–142 2016.06.25–2019.12.26 
Cryosat-2 014–125 2011.01.28–2019.12.12 Jason-2 

Jason-3 
094–303 
024–141 

2011.01.20–2016.10.02 
2016.10.02–2019.12.16  
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estimated from the data produced by different processing groups, as 
listed in Table 2. These results (not including CSIRO) were generally 
higher than 3.0 mm/yr—the rate of GMSL rise between 66◦ N and 66◦ S 
from 1993 to 2020, calculated by the NOAA Laboratory for Satellite 
Altimetry from T/P series data. Once again, our results confirm that SLTs 
vary across different seas. It should be noted that not all the estimates of 
SLR include effects of glacial isostatic adjustment on the geoid, which 
are estimated to be between + 0.2 and + 0.5 mm/yr globally (Peltier, 
2004). 

In the CSO, the mean rate of SLR calculated from our model was 3.42 
mm/yr, consistent with the rate estimated from the AVISO and NOAA 
data, and slightly faster than that estimated from the CSIRO data (2.55 
mm/yr). The mean rate of SLR in the Bohai Sea (BS: 117.5◦–122◦E, 
37◦–41◦N), Yellow Sea (YS: 119◦–123◦E, 34◦–38◦N), ECS (117◦–130◦E, 
23◦–31◦N), and SCS (105◦–120◦E, 3◦–23◦N) were 3.96, 4.29, 4.02, and 
4.45 mm/yr, respectively. These values were slightly higher than those 
calculated from the data provided by AVISO, NOAA, and CSIRO. 
Moreover, the mean rate of SLR in the Xisha (XIW) and Nansha (NIW) 

islands waters were 6.26 and 4.52 mm/yr, respectively. These values 
were higher than those estimated from the AVISO, NOAA, and CSIRO 
data. 

We also calculated the SLT in the offshore zone and the open ocean 
(Fig. 5), the lines 20–100 km away from the coastline used as the 
boundaries, respectively. The rate of SLR in the offshore zone was found 
to be approximate 0.67 mm/yr (~ 20%) higher than that in the open 
ocean. This finding is highly significant for the estimation of costal 
destruction—especially in coastal cities—due to SLR. 

5. Conclusions 

Most studies of sea level change rely on time series of the global 
average sea level. In this study, a new method for estimating the sea 
level change in the China seas and their adjacent ocean is proposed, and 
an SLT model with a 1′×1′ grid is developed. This high-resolution 
model, based on the time-varying MSS derived from several MSS 
models that incorporate multi-satellite altimeter data over different 

Fig. 3. SLT models in the China seas and their adjacent ocean. (a) Developed in this study (Shandong University of Science and Technology: SDUST) (Grid: 1′×1′; 
Period: January 1993–December 2019); (b) Calculated from the delayed-time gridded monthly mean of sea level anomalies product (AVISO) (Grid: 15′×15′; Period: 
January 1993–September 2019); (c) NOAA Laboratory for Satellite Altimetry (Grid: 30′×30′; Period: December 1992–September 2020); (d) CSIRO (Grid: 60′×60′; 
Period: January 1993–December 2019). 
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periods of observation, reveals the sea level change in the study region in 
great detail. 

The SLT model demonstrates that sea level does not change uni
formly across the China seas and their adjacent ocean. This observation 
is of great significance for understanding the mechanisms of regional sea 
level change. Notable patterns of sea level change in the study region 
include a sea level change dipole south of Japan and a zonal SLT pattern 
appears in the STCC region, east of Taiwan, and east of Luzon Island. 
This differentiation of SLTs across the study region is attributed to 
changes in oceanic mesoscale eddies, a discordant Kuroshio (Wang and 

Wu, 2018) and variability in the climate system. 
The rate of SLR in the China seas and their adjacent ocean is 3.42 

mm/yr—higher than the global mean rate of approximately 3 mm/year. 
Moreover, within this region, the rate of SLR varies, from 3.96 mm/yr in 
the Bohai Sea, to 4.29, 4.02, and 4.45 mm/yr in the Yellow, East China, 
and the South China Sea, respectively. In the Xisha and Nansha island 
waters, sea level rises at a rate of 6.33 and 4.59 mm/yr, respectively. 

We also found that the rate of SLR in the offshore zone is approxi
mately 0.67 mm/yr (~ 20%) higher than that in the open ocean. This 
result is of great significance for the prevention of coastal destruction 
due to SLR. 
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Table 2 
Mean rate of sea level rise in different waters (mm/yr).  
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Fig. 5. Rate of sea level rise in the offshore (in red) and open ocean (in blue) with the lines 20–100 km away from the coastline used as the boundaries, respectively.  
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