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Abstract

:

Sea surface salinity (SSS) is a crucial indicator that is used to monitor the hydrological cycle in the ocean system. In this study, we evaluated the simulation skill of the Coupled Model Intercomparison Project Phase 6 (CMIP6) models in reproducing the SSS in the Asian Marginal Seas (AMSs). The results show that the AMSs’ SSS simulated by most CMIP6 models is generally in good agreement with the observations in terms of spatial patterns and seasonal variability. However, these models tend to overestimate the SSS in the Eastern Arabian Sea and the Bay of Bengal by up to 1.3 psu, while they underestimate the SSS in the Bohai Sea, the Yellow Sea, the Southern South China Sea, and the Indonesian Seas, with the bias exceeding −1.5 psu. Additionally, the seasonal variations in the Sea of Okhotsk, the Bay of Bengal, and the Arabian Sea exhibit large biases with phase shift or reversal in some CMIP6 models. Notably, the observed magnitudes in the AMSs are significantly higher than the global average of 0.2 psu, ranging from 0.22 to 1.19 psu. Furthermore, we calculated the projected trends in sea surface salinity under different future scenarios by using the CMIP6 models. The results reveal relatively larger SSS freshening trends in the second half of the 21st century compared to the first half. Specifically, the freshening trends for the Shared Socio-Economic Pathway (SSP) of low- (global radiative forcing of 2.6 W/m2 by the year 2100), medium- (global radiative forcing of 4.5 W/m2 by 2100), and high-end (8.5 W/m2 by 2100) pathways are 0.05–0.21, 0.12–0.39, and 0.28–0.78 psu/century, respectively. The most rapid freshening trends of SSS are observed in the East China Seas and the Indonesian Seas, which are over two times greater than the global mean. On the other hand, the SSS freshening trends in the Arabian Sea are slightly lower than the global mean SSS freshening trend.
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1. Introduction


Sea surface salinity (SSS) is widely used as an indicator for monitoring the hydrological cycle in the Earth’s climate system [1,2,3,4], as it reflects climate variability [5,6,7,8,9,10,11] and oceanic processes, such as ocean circulation [12], sea-level changes [13], instability waves [14,15], and Rossby waves [16]. The ocean circulation is primarily driven by change in seawater density, which is determined by temperature and salinity [17,18]. Changes in the density of surface water due to the colder or saltier water can cause it to sink to great depths, maintaining the ocean circulation, for example, the Atlantic Meridional Overturning Circulation (AMOC) [19,20,21,22,23]. Moreover, the melting of sea ice results in the freshening of the surface seawater, which significantly impacts the ocean ecosystem, such as the algae assemblages [24].



Numerical models of the ocean, climate, and Earth systems are essential tools for comprehending and predicting SSS. The simulation accuracy of SSS is one of the most important indicators for model assessment [25,26]. Approximately 20 years ago, the World Climate Research Programme’s (WCRP) Working Group on Coupled Modelling (WGCM) proposed the Coupled Model Intercomparison Project (CMIP), with a specific focus on better understanding and perdition of climate change, which served as the main database for the Assessment Report of the Intergovernmental Panel on Climate Change (IPCC) [27,28,29,30,31]. Now phase six of the CMIP (CMIP6) is finalized, with over 70 models from 33 institutes contributing to it [31].



The IPCC Assessment Report 5 (IPCC-AR5) report points out that the basin-scale patterns of simulated salinity are consistent with the observations but have negative salinity errors within 15–90° N, which are probably originated from surface flux errors [32]. In the CMIP6 models, the simulation of the CMIP6 multi-model ensemble mean (MME) shows a strong negative (fresh) bias in the upper ocean (<300 m) in the Northern Hemisphere, and an increase in fresh bias in surface salinity compared to the previous phase, phase five, of the CMIP (CMIP5) models [25,33]. Both the CMIP5 and CMIP6 models overestimate seasonal variations of the SSS in the tropics in the region 20° S–20° N, although they are generally consistent with the observations [25].



For regional simulations of SSS in the Indian Ocean, Fathrio et al. (2017) reveal negative biases in the Western and Southeastern Indian Ocean in the CMIP5 MME, whereas positive biases are found in the Bay of Bengal. The main causes of the biases in SSS simulation are evaporation, precipitation, and ocean dynamics. In the tropical Pacific Ocean, model biases in surface forcing are found to be the main factors contributing to the uncertainties in salinity simulation [34,35]. However, recent studies suggest that most CMIP6 models have improved in simulating the geographical distribution of the SSS interannual variability in the tropical Pacific compared to CMIP5 models [36].



This study aims to investigate the simulation skill and projected trends of SSS in the Asian Marginal Seas by using CMIP6 models. Based on the outputs of the CMIP6 models, these questions will be answered in this study. The data and methods used in this study are introduced in Section 2. In Section 3, we compare the SSS bias between the CMIP6 models and the observations and analyze the seasonal variation of spatial mean salinity and SSS trend based on projected simulations under three Shared Socioeconomic Pathway (SSP) scenarios. Conclusions are given in Section 4.




2. Data and Methods


2.1. Data


2.1.1. Observations


EN is a global objective analysis product from the Met Office Hadley Center, and the latest version of the data is EN.4.2.1. The salinity data in EN4 is sourced from various databases, including the World Ocean Database, the Arctic Synoptic Basinwide Oceanography, the Global Temperature and Salinity Profile Program, and Argo floats [37]. EN4 provides monthly ocean salinity profiles from 1900 to the present day, with a horizontal resolution of 1° × 1°. In this study, we used EN4 data spanning from 1900 to 2014. The AMSs are divided into nine regions, namely the Bering Sea (Region A), the Sea of Okhotsk (Region B), the Japan/East Sea (JES) (Region C), the East China Seas (including the East China Sea, the Yellow Sea, and the Bohai Sea, ECSs) (Region D), the Philippine Sea (Region E), the South China Sea (SCS) (Region F), the Indonesian Seas (Region G), the Bay of Bengal (Region H), and the Arabian Sea (Region I), based on the geographic location surrounding the Asia continent (Figure 1).




2.1.2. CMIP6 Models


To better understand climate change, the Coupled Model Intercomparison Project (CMIP) was proposed 20 years ago by the Working Group on Coupled Modelling (WGCM) of the World Climate Research Program (WCRP) [27,28,29,30,31]. The current phase of this project is CMIP6, and it aims to assess the simulation capability of various climate variables, including SSS. In this study, historical simulation data (1900–2014) from the CMIP6 models were used (henceforth, HIST6) to evaluate the SSS simulation skill. The historical simulations were forced by externally imposed forcing, including both natural (e.g., solar variability and volcanic aerosols) and anthropogenic factors (e.g., CO2 concentration and aerosols) [31].



To determine the trend of SSS under various emission scenarios for future periods (2015–2100), three CMIP6 future scenarios datasets were used, namely Shared Socio-Economic Pathway (SSP) 1–2.6, SSP 2–4.5, and SSP 5–8.5 (henceforth SSP126, SSP245, SSP585). The SSPs were used to explain the possible future greenhouse gas emissions under different global socio-economic changes that may take place by 2100. The three SSPs can be linked to climate policies to generate different outcomes at the end of the century (analogous to representative concentration pathways (RCPs)), with radiative forcing of 2.6, 4.5, and 8.5 W/m2 in 2100.



In this study, monthly mean outputs from CMIP6 models (Table 1) were used. For simplicity, only one mean member, the “r1i1p1f1” of the CMIP6 historical outputs, was used. Historical ensembles with 41 models, SSP126 and SSP245 ensembles with 26 models, and SSP585 ensembles with 27 models from CMIP6 were considered. To calculate the MME, the outputs of the CMIP6 models were interpolated horizontally onto a 1° × 1° uniform horizontal grid, using linear interpolation.





2.2. Methods


A Taylor diagram, which indicates how closely a pattern matches observations, provides a concise statistical summary for evaluating the simulation of SSS [38]. Three statistics are included in the diagram: the correlation coefficient (r) measures the relationship between the model and observations, the spatial standard deviation (σ) measures the spatial difference of the model field or the observed field, and the centered root-mean-square (RMS) error E′ measures the difference between the model and observed fields after removing their respective means. The relationship between three values satisfies the Law of Cosines. The Taylor diagram displays each model as a point: models that fall closer to the reference field have better performance, while models that are further away have poorer performance. The “model” field (m) and “reference” field (o) represent the models and observations, respectively. The variables r, σ, and E′ are defined as follows:
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where mn and on are the values of “model” and “reference” fields at each grid point, respectively; N is the total grid point number of the field; and the overbar indicates the overall mean of a field. Since different fields use different units of measurement, their statistics must be non-dimensionalized before being displayed on the same graph. Therefore, the RMS difference and the two standard deviations were normalized by the observed standard deviation of each field before plotting.



If a model has a low correlation (indicating low similarity) but also a low RMS error (indicating close agreement with observations), it is difficult to know if the simulation result of this model is good or bad. Therefore, it is necessary to define a skill score to assess the ability of model simulation. In this paper, we used the Taylor Diagram (TD) Score, which is defined as follows:


  T D = | 1 − r | + | 1 −     σ   m       σ   o     | +    E ′      σ   o      



(5)




where r, σ, and E′ have the same meaning as in the previous formulae.





3. Results


3.1. Assessment of the Simulation Skill of SSS by the CMIP6 Models


The distributions of the annual mean SSS for the observations and the multi-model ensemble mean (MME) of CMIP6 models are shown in Figure 2a,b, respectively. In the observations, the salty sea surface water is located in the Arabian Sea, with values up to 36.5 psu, while the fresh water is located in the other Asian Marginal Seas (AMSs), particularly in the Northeastern Bering Sea, the west coast of the Sea of Okhotsk, the Northern East China Seas, and the Northeastern Bay of Bengal, with typical values less than 31.5 psu (Figure 2a). The pattern of SSS distribution for CMIP6 MME is generally similar to the observations (Figure 2b). The higher salinity in the Arabian Sea is attributed to strong evaporation and the transport of saltier waters from the Red Sea, while the lower salinity in the Bay of Bengal is linked to higher precipitation and strong river runoff in this region.



Figure 2c displays the differences of the AMSs’ SSS between the CMIP6 MME and the observations. Compared to the observations, the largest negative biases are found in the Northern East China Seas, the Southern South China Sea, and the Indonesian Seas, with the bias exceeding −1.5 psu. The largest positive biases occur in the Eastern Arabian Sea and the Bay of Bengal, with values up to 1.3 psu (Figure 2c). The SSS is also underestimated in the Japan/East Sea and the South China Sea and overestimated in the Northern Bering Sea, with relatively smaller biases of approximately −0.6 and 0.2 psu, respectively (Figure 2c). The spread of models is very large in the Northern East China Seas, the north coast of the Bay of Bengal, and the Indonesian Seas in CMIP6 models, with values up to 3 (Figure 2d). In comparison to the open ocean, the simulated SSS shows relatively large differences between CMIP6 models in the coastal regions, which may be related to the poor representation of river runoff in the models.



Figure 3 shows the biases of simulated SSS in the Asian Marginal Seas in the CMIP6 models. The Bay of Bengal exhibits consistently large positive biases of approximately 1.5 psu in most CMIP6 models, which is roughly 4.6% of the observations (Figure 3). However, 10 of 41 CMIP6 models, including BCC- and CMCC-series models, FIO-ESM-2-0, ICON-ESM-LR, SAM0-UNICON, and TaiESM1, have negative biases of approximately −0.5 psu in the Bay of Bengal (Figure 3). In contrast, most CMIP6 models show fresher sea surface water in the Japan/East Sea (36 of 41), East China Seas (36 of 41), South China Sea (37 of 41), and the Indonesian Seas (38 of 41), with negative biases up to −1.9 (ACCESS-CM2), −4.3 (ACCESS-ESM1-5), −3.2 (IPSL-CM5A2-INCA), and −2.3 psu (IPSL-CM5A2-INCA), which roughly corresponds to 5.6%, 13.1%, 9.6%, and 6.8% of the observation, respectively (Figure 3). In the regions with negative SSS biases, the ACCESS-, CESM2-, CMCC-, GFDL-, and MPI-series models; FIO-ESM-2-0; and TaiEMS1 have a significantly lower simulated SSS, with biases exceeding −1.2 psu (Figure 3). In the Arabian Sea, the CMIP6 models show contradictory results in SSS simulation, with positive/negative bias in 23/18 of the models. Among all CMIP6 models, it can be found that FGOALS-g3 and MRI-ESM2-0 tend to produce systematically large SSS values in each part of the Asian Marginal Sea, with positive biases of 0.2–2.2 psu and 0.3–1.7 psu, respectively (Figure 3).



The Taylor diagram in Figure 4 displays the simulated SSS in the Asian Marginal Seas of the CMIP6 models. The observed SSS is indicated by the blue pentagram, which is located at the point with r = 1, σ = 1, and E′ = 0. A simulation point that is closer to the observation point indicates better agreement with the observations. The CMIP6 models show good agreement with the observations in the Bering Sea, Japan/East Sea, and the East China Seas, as indicated by high spatial correlations (r > 0.8 in most models) (Figure 4A,C,D). However, there are negative correlations between models and observations in the Bering Sea (GISS-E2-2-H), Japan/East Sea (FGOALS-f3-L), and the East China Seas (FGOALS-f3-L), with correlation coefficients of −0.16, −0.05, and −0.9, respectively (Figure 4A,C,D). The South China Sea exhibits the “worst” simulation, with widely dispersed correlation (0.2 < r < 0.95), spatial standard deviation (0.5 < σ < 4), and largest centered RMS error (up to 3) (Figure 4F). The Philippine Sea has the “best” simulation, with high spatial correlations (r > 0.8 in most models), moderate spatial standard deviation (0.7 < σ < 1.7), and E′ < 1 in most models (Figure 4E). The Arabian Sea also shows high spatial correlations (r > 0.75 in most models), which are above the 99% significance level, with moderate spatial standard deviation (0.5 < σ < 2) and E′ < 1.5 (Figure 4I). However, the Sea of Okhotsk, Indonesian Seas, and the Bay of Bengal have dispersed simulation points, indicating cross-model dispersion of SSS simulation in these regions among all CMIP6 models (Figure 4B,G,H).



The TD scores for the AMSs’ SSS, with smaller values indicating better simulation skills, are displayed in Figure 5. The CMIP6 MMEs show better results than most CMIP6 models by averaging the errors/biases, with scores of 0.47, ranking at fourth place (Figure 5). The BCC-series models, which include BCC-CSM2-MR and BCC-ESM1, obtained the “best” AMSs’ SSS simulation, with TD scores of 0.33 and 0.39, respectively, ranking at first and second place (Figure 5). Following them is the SAM0-UNICON, which obtained TD scores of 0.47, ranking at third place, with a slightly better SSS simulation than CMIP6 MME (Figure 5). The IPSL-CM5A-INCA ranks last, with TD scores of 1.89, preceded by the ACCESS-CM2 and ACCESS-ESM1-5, with TD scores of 1.86 and 1.51, respectively, ranking second and third to last (Figure 5).




3.2. Seasonal Variation of the Spatial Mean Salinity


The salinity anomalies of the Asian Marginal Seas and the global ocean in both observations and CMIP6 models are shown in Figure 6. The salinity in the Indonesian Seas and the Arabian Sea shows a pattern where the sea surface water is fresher in the first half of the year and becomes saltier in the second half of the year, whereas the opposite is true in other Asian Marginal Seas (Figure 6). In general, the CMIP6 models reproduce the seasonal variation patterns observed in the AMSs, except for the Sea of Okhotsk, the Bay of Bengal, and the Arabian Sea (Figure 6). In the Sea of Okhotsk, the observed SSS transitions from positive anomalies in January to June and negative anomalies in July to December, while in the CMIP6 models, it changes from positive anomalies in November to May and negative anomalies in May to November, with a value of 0.7 (Figure 6B). Additionally, the EN4 dataset indicates a positive peak in May (0.3 psu) and a negative peak in September (−0.3 psu), while the CMIP6 MME shows a positive peak in March (0.7 psu) and negative peaks in July and August (−0.7 psu) in the Sea of Okhotsk (Figure 6B). In the Bay of Bengal and the Arabian Sea, there are some individual models that show different phase changes than the observations, despite the general consistency between CMIP6 MME and observations. For example, ACCESS-, BCC-, CMCC-, EC-Earth3-, and IPSL-series models in the Bay of Bengal and CAS-ESM2-0, MIROC6, NESM3, and MPI-series models in the Arabian Sea show large differences between CMIP6 models (Figure 6H,I). In the Bering Sea, the models tend to show larger SSS amplitudes than those observed (from 0.3 to −0.25 psu for the CMIP6 MME, and from 0.2 to −0.2 psu in observations; Figure 6A). However, in other Asian marginal seas, the seasonal variations of SSS are well reproduced by the CMIP6 models compared to the observations (Figure 6C–G).



The East China Seas have the largest observed magnitude (the difference between the maximum and minimum of the seasonal change) of the seasonal variation for SSS, with values of 1.2 psu, while the Philippine Sea has the smallest magnitude, with values of 0.22 psu (Figure 6D,E). In the Bering Sea and the Sea of Okhotsk, the models show a larger magnitude of variations than the observations (0.37 and 0.71 psu, respectively), with values of 0.57 and 1.35 psu for the CMIP6 MME, respectively (Figure 6A,B). By contrast, the models show a smaller magnitude of variations than the observations in the Arabian Sea, with values of 0.18 and 0.3 psu for the CMIP6 MME and the observations, respectively. Based on the global average, the magnitude of the seasonal variations for SSS is larger in the models (0.27 psu for the CMIP6 MME) than in the observations (0.2 psu) (Figure 6J). Additionally, the observed magnitude of SSS seasonal variation in the AMSs is significantly higher than the global average, with values ranging from 0.22–1.19 psu (Figure 6).




3.3. Projected SSS Trend under Different Emission Scenarios


Based on EN4 observations, the largest positive trends in SSS are observed in the Eastern Arabian Sea and the Eastern Bay of Bengal. In contrast, the largest negative trends are observed in the Southern Japan/East Sea, East China Sea, and the northeast coast of the Bering Sea, with maximum values exceeding 0.25 psu/century (Figure 7a). The Bering Sea and the Sea of Okhotsk have slightly saltier sea surface water, while the South China Sea and the Indonesian Seas have fresher water, with typical values of approximately 0.08 and −0.12 psu/century, respectively (Figure 7a). The historical simulation results show positive trend of SSS occurring in the Western Sea of Okhotsk, the Western East China Sea, and the Southern South China Sea, with values less than 0.1 psu/century (Figure 7b). The simulated sea surface water is significantly fresher in the Southeastern Arabian Sea and the Western Bay of Bengal, with values of approximately −0.18 psu/century (Figure 7b). However, the distribution characteristics of the SSS trend simulated by the CMIP6 models differ significantly from those observed (Figure 7a,b). The CMIP6 models overestimate the simulated SSS trends in the Northern Japan/East Sea, Yellow Sea, South China Sea, and the Indonesian Seas, with biases of 0.07–0.2 psu/century. On the other hand, the models underestimate the trends in the Eastern Arabian Sea and the Bay of Bengal, with biases of −0.3 psu/century (Figure 7c).



In addition to historical SSS trends in the AMSs, it is critical to forecast how the SSS will change in the future. Figure 7d–f illustrate the projected spatial patterns of AMSs’ SSS trends in the future period (2015–2100) under three different scenarios: SSP126, SSP245, and SSP585. The results suggest that the SSS in the east coast of the Arabian Sea and the Central Bay of Bengal will increase in the future under the SSP126 scenario, with positive trends less than 0.25 psu/century. However, in other AMS regions, the SSS is expected to decrease, with trends ranging from −0.18 to −0.25 psu/century (Figure 7d). The SSP245 and SSP585 scenarios show negative trends in the AMSs as a whole, with values of approximately −0.25 and −0.45 psu/century, respectively (Figure 7e,f). Notably, there are significantly negative trends exceeding −0.5, −0.8, and −1.5 psu/century in the Bering Strait under the SSP126, SSP245, and SSP585 scenarios, respectively (Figure 7d–f), which may be linked to the melting of sea ice.



Figure 8 illustrates the spatial mean time series of SSS changes in both the observations and simulations from the CMIP6 models. The historical simulations of SSS in the Bering Sea, the Sea of Okhotsk, and the Arabian Sea exhibit smaller biases compared to the observations, while larger biases are found in the other AMS regions (Figure 8). In the historical period (1900–2014), the interannual change in SSS trends simulated by the CMIP6 models is not obvious compared with the observation. However, the historical simulations of the CMIP6 models have revealed a significant increase in negative SSS trends since 1975. For instance, the Bay of Bengal shows a spatial mean SSS trend of −0.47 psu/century in the present-day period (1976–2014), which is around 40 times larger than the past-day (1900–1975) trend of −0.012 psu/century in the CMIP6 models (Figure 8H). Similarly, in the Bering Sea and the Arabian Sea, the spatial-averaged SSS trends in the present-day period are −0.18 and −0.3 psu/century, respectively, which are about 10 times larger than the past-day trends of −0.016 and −0.041 psu/century in the CMIP6 models (Figure 8A,I). Conversely, the Indonesian Seas demonstrate an opposite trend, with SSS trends of −0.024 psu/century in the past-day period and −0.011 psu/century in the present-day period (Figure 8G). In other regions of the AMSs, the present-day SSS trends are 2–5 times larger than the past-day trends (Figure 8B–F).



In the future period (2015–2100), the projected changes in SSS by CMIP6 models are expected to occur relatively slowly in the first half of the 21st century but rapidly in the second half (Figure 8). The marginal seas are expected to exhibit negative SSS trends under different future scenarios, with a particularly obvious downward trend under the SSP585 scenario (Figure 8). In the AMSs, except for the Bay of Bengal and the Arabian Sea, the SSS trends under the SSP585 scenario were projected to be approximately three times larger than those under the SSP126 scenario (Figure 8A–G). Furthermore, in the last decade of the 21st century, the Japan/East Sea, the Philippine Sea, the South China Sea, the Indonesian Seas, and the Bay of Bengal show positive SSS trends under the SSP126 scenario, with typical values ranging from 0.13 to 0.43 psu/century.



Based on the observations, positive SSS values are found in the Sea of Okhotsk (0.013 psu/century), the Bay of Bengal (0.083 psu/century), and the Arabian Sea (0.054 psu/century) among the Asian marginal seas. The Bay of Bengal shows the largest positive SSS trend, which is about 1.8 times the global average (0.046 psu/century) (Figure 9). On the other hand, the Japan/East Sea exhibits a significant negative trend in observed SSS, which is about −0.16 psu/century (Figure 9). The simulated sea surface water in the CMIP6 historical simulation became fresher with a negative trend of −0.79 psu/century in the global ocean, which is opposite to the observed trend (Figure 9). In the CMIP6 historical simulation, the strong SSS trend is found in the Bay of Bengal, with a value of −0.15 psu/century, which is about two times the global average (Figure 9).



In the future scenarios, the SSS trends of the global annual mean are projected to be −0.1, −0.17, −0.29 psu/century in the SSP126, SSP245 and SSP585 scenarios, respectively (Figure 9). Large SSS trends are found in the East China Seas (in SSP126 and SSP585) and the Indonesian Seas (in SSP245), with values of −0.21, −0.39, and −0.78 psu/century under SSP126, SSP245, and SSP585, respectively, which are over two times larger than the global average (Figure 9). The Arabian Sea is projected to experience a slower change of SSS in the future, with values of −0.05, −0.12, and −0.28 psu/century under SSP126, SSP245, and SSP585, respectively; the change rates are slightly smaller than the global average (Figure 9).





4. Conclusions


In this study, we assessed the performance of CMIP6 models in simulating sea surface salinity (SSS) and its seasonal variations in the Asian Marginal Seas (AMSs), as well as the historical and future trends of SSS. The results indicate that although most CMIP6 models successfully capture the spatial patterns of SSS, they tend to overestimate SSS in the Eastern Arabian Sea and the Bay of Bengal and underestimate SSS in the Northern East China Seas, the Southern South China Sea, and the Indonesian Seas. Additionally, the CMIP6 models perform the best in the Philippine Sea and worst in the South China Sea. Overall, the CMIP6 MME obtained a TD score of 0.47, ranking at the fourth place. Among individual models, BCC-CSM2-MR, BCC-ESM1, and SAM0-UNICON show a better SSS simulation performance than the CMIP6 MME, with TD scores of 0.33, 0.39, and 0.47, respectively, ranking first to third. In contrast, IPSL-CM5A-INCA and ACCESS-series models perform poorly in SSS simulation, with TD scores exceeding 1.5 and ranking last.



Next, we analyzed the seasonal variations of SSS in both the AMSs and the global ocean, using both the observations and the CMIP6 models. The results reveal that surface water is typically saltier in the first half of the year but becomes fresher in the second half of the year, with the exception of the Indonesian Seas and the Arabian Sea. In comparison with the observations, large biases of seasonal variation occur in the Sea of Okhotsk, the Bay of Bengal, and the Arabian Sea, with some CMIP6 models exhibiting phase shift or reversal. Notably, the observed magnitudes in the AMSs are significantly higher than those in the global average (0.2 psu), with typical values ranging from 0.22 psu in the Philippine Sea to 1.19 psu in the East China Seas.



Finally, we analyzed the SSS trends in the AMSs for both historical (1900–2014) and future scenarios (2015–2100), using CMIP6 models. During the history period, the observed SSS showed a significant positive trend in the Eastern Arabian Sea and the Eastern Bay of Bengal. On the other hand, the Southern Japan/East Sea, East China Sea, and the northeast coast of the Bering Sea showed a largest negative trend. However, the simulated SSS shows negative trends in the Arabian Sea and the Bay of Bengal, with typical values of approximately −0.18 psu/century. In the future period, the SSS freshening trends are projected to be relatively faster in the second half of the 21st century than in the first half. The CMIP6 models show freshening trends of 0.05–0.21, 0.12–0.39, and 0.28–0.78 psu/century for the SSP126, SSP245, and SSP585, respectively. The most rapid SSS freshening trends are observed in the East China Seas, and the Indonesian Seas, which are over two times greater than the global mean. In contrast, the SSS freshening trends in the Arabian Sea are relatively slow, with typical values slightly smaller than the global mean trend.



Sea surface salinity is a crucial indicator of the ocean hydrological cycle and has a significant impact on the properties and energy of tropical instability waves (TIWs) [39]. Additionally, it is highly responsive to tropical cyclones [40]. Therefore, it is essential to accurately simulate SSS. Furthermore, the projected SSS can be valuable in assessing climate change and making ecosystem-based management decisions in marginal seas [41]. In the future, it can be expected that the surface water will become fresher, which will increase surface stratification and hinder vertical mixing. This will have a direct influence on species at all levels.
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Figure 1. Study regions of the Asian Marginal Seas (AMSs), with a background color map representing the distribution of the climatological annual mean sea surface salinity (unit: psu). The study regions are indicated by boxes, as follows: A. Bering Sea; B. Sea of Okhotsk; C. Japan/East Sea; D. East China Seas (including the East China Sea, the Yellow Sea, and the Bohai Sea, ECSs); E. Philippine Sea; F. South China Sea (SCS); G. Indonesian Seas; H. Bay of Bengal; and I. Arabian Sea. 
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Figure 2. Observed and simulated annual mean sea surface salinity (SSS; unit: psu). (a) EN4; (b) multi-model ensemble mean (MME) of the CMIP6 models; (c) biases between the CMIP6 MME and EN4; (d) cross-model standard deviation of the simulated SSS in the CMIP6 models. 
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Figure 3. Model biases of area-averaged sea surface salinity in CMIP6 models compared with EN4 observations (unit: psu). The alphabetical order of A–I in the x-axis represents different Asian Marginal Seas that are marked by boxes in Figure 1. A. Bering Sea; B. Sea of Okhotsk; C. Japan/East Sea; D. East China Seas (including the East China Sea, the Yellow Sea, and the Bohai Sea, ECSs); E. Philippine Sea; F. South China Sea (SCS); G. Indonesian Seas; H. Bay of Bengal; and I. Arabian Sea. 
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Figure 4. Taylor Diagram of simulated annual mean sea surface salinity (SSS) in different regions of the Asian Marginal Seas (AMSs) in the CMIP6 models. ((A) Bering Sea, (B) Sea of Okhotsk, (C) Japan/East Sea (JES), (D) East China Seas (ECSs), (E) Philippine Sea, (F) South China Sea (SCS), (G) Indonesian Seas, (H) Bay of Bengal, and (I) Arabian Sea.) The black solid contours indicate the normalized spatial standard deviation (σm/σo) with respect to that of EN4 (σo). The dashed blue contours and dashed black lines indicate the centered root-mean-square bias (E′) and spatial correlation coefficient (r) of annual mean SSS between models and EN4, respectively. The EN4 is defined as the reference point (blue pentagram), with normalized spatial standard deviation (σo/σo), E′, and R equal to 1, 0, and 1, respectively. The black pentagrams donate the CMIP6 multi-model ensemble means (MMEs). The σm, σo, E′, and R are defined in Section 2.2. 
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Figure 5. Taylor Diagram Score of the simulated sea surface salinity (SSS) in the Asia Marginal Seas (AMSs). Blue pentagrams indicate the CMIP6 multi-model ensemble means (MMEs), with scores of 0.47. The sequence numbers from 1 to 20 are affiliated with the institutions listed in Table 1. 
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Figure 6. Spatial mean seasonal variation of the sea surface salinity (SSS) of each part of the Asian Marginal Seas (A–I) and global mean SSS (J) in the observations and the CMIP6 models. The salinity anomalies are relative to the annual average. The red and black solid contours indicate the observations and CMIP6 multi-model ensemble means, respectively. 
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Figure 7. Linear trends of the sea surface salinity (SSS) for the historical period (1900–2014) and the future period (2015–2100). (a) EN4; (b) multi-model ensemble mean (MME) of the CMIP6 historical simulation; (c) biases between the CMIP6 MME and EN4; (d) SSP126, (e) SSP245, and (f) SSP585 are the multi-model ensemble means of the SSS trend for the future scenario simulations under the Shared Socio-Economic Pathway (SSP) in CMIP6 models (unit: psu/century). 
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Figure 8. Spatial mean time series of sea surface salinity (SSS; unit: psu) from observation (black), multi-model ensemble means (MME) of the CMIP6 historical simulation (red), and MME of the simulations under SSP126 (pink), SSP245 (green), and SSP585 (blue), with the uncertainty between the models (shaded) for the Asian Marginal Seas (AMSs) in January. The “k” means the SST trend for historical (1900–2014) or future (2015–2100) period (unit: psu/century), and different colors of “k” correspond to the colorful line. 
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Figure 9. Trends of spatial mean sea surface salinity (SSS) in the global and each Asian Marginal Sea (unit: psu/century). The alphabetical order of A–I in the x-axis represents different Asian Marginal Seas that are marked by boxes in Figure 1. A. Bering Sea; B. Sea of Okhotsk; C. Japan/East Sea; D. East China Seas (including the East China Sea, the Yellow Sea, and the Bohai Sea, ECSs); E. the Philippine Sea; F. the South China Sea (SCS); G. Indonesian Seas; H. Bay of Bengal; and I. Arabian Sea. 
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Table 1. Details of models used in CMIP6 analysis of Asia Marginal Seas (AMSs).
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No.

	
Institute (Country)

	
Model Name

	
Resolution (lon × lat)

	
HIST6

	
SSP126

	
SSP245

	
SSP585






	
1

	
CSIRO (Australia)

	
ACCESS-CM2

	
360 × 300

	
√

	
√

	
√

	
√




	
ACCESS-ESM1-5

	
360 × 300

	
√

	
√

	
√

	
√




	
2

	
AWI (Germany)

	
AWI-CM-1-1-MR

	
830,305 × 1

	
√

	
√

	
√

	
√




	
AWI-ESM-1-1-LR

	
126,859 × 1

	
√

	
×

	
×

	
×




	
3

	
BCC (China)

	
BCC-CSM2-MR

	
360 × 232

	
√

	
√

	
√

	
√




	
BCC-ESM1

	
360 × 232

	
√

	
×

	
×

	
×




	
4

	
CAMS (China)

	
CAMS-CSM1-0

	
360 × 200

	
√

	
√

	
√

	
√




	
5

	
CAS (China)

	
CAS-ESM2-0

	
360 × 196

	
√

	
√

	
√

	
√




	
FGOALS-f3-L

	
360 × 218

	
√

	
√

	
×

	
√




	
FGOALS-g3

	
360 × 218

	
√

	
√

	
√

	
√




	
6

	
NCAR (USA)

	
CESM2

	
320 × 384

	
√

	
×

	
×

	
×




	
CESM2-FV2

	
320 × 384

	
√

	
×

	
×

	
×




	
CESM2-WACCM

	
320 × 384

	
√

	
√

	
√

	
√




	
CESM2-WACCM-FV2

	
320 × 384

	
√

	
×

	
×

	
×




	
7

	
YHU (China)

	
CIESM

	
320 × 384

	
√

	
√

	
√

	
√




	
8

	
CMCC (Italy)

	
CMCC-CM2-HR4

	
1442 × 1051

	
√

	
×

	
×

	
×




	
CMCC-CM2-SR5

	
362 × 292

	
√

	
√

	
√

	
√




	
CMCC-ESM2

	
362 × 292

	
√

	
√

	
√

	
√




	
9

	
CCCma (Canada)

	
CanESM5

	
360 × 291

	
√

	
√

	
√

	
√




	
10

	
EC-Earth-Consortium (Europe)

	
EC-Earth3

	
362 × 292

	
√

	
√

	
√

	
√




	
EC-Earth3-AerChem

	
362 × 292

	
√

	
×

	
×

	
×




	
EC-Earth3-CC

	
362 × 292

	
√

	
×

	
√

	
√




	
EC-Earth3-Veg

	
362 × 292

	
√

	
√

	
√

	
√




	
EC-Earth3-Veg-LR

	
362 × 292

	
√

	
√

	
√

	
√




	
11

	
FIO (China)

	
FIO-ESM-2-0

	
320 × 384

	
√

	
√

	
√

	
√




	
12

	
NOAA-GFDL (USA)

	
GFDL-CM4

	
1440 × 1080

	
√

	
×

	
√

	
√




	
GFDL-ESM4

	
720 × 576

	
√

	
√

	
√

	
√




	
13

	
NASA-GISS (USA)

	
GISS-E2-1-G

	
288 × 180

	
√

	
×

	
×

	
×




	
GISS-E2-2-H

	
360 × 180

	
√

	
×

	
×

	
×




	
14

	
IPSL (France)

	
IPSL-CM5A2-INCA

	
182 × 149

	
√

	
√

	
×

	
×




	
IPSL-CM6A-LR

	
362 × 332

	
√

	
√

	
√

	
√




	
IPSL-CM6A-LR-INCA

	
362 × 332

	
√

	
×

	
×

	
×




	
15

	
MIROC (Japan)

	
MIROC6

	
360 × 256

	
√

	
√

	
√

	
√




	
16

	
MPI-M (Germany)

	
ICON-ESM-LR

	
235,403 × 1

	
√

	
×

	
×

	
×




	
MPI-ESM-1-2-HAM

	
256 × 220

	
√

	
×

	
×

	
×




	
MPI-ESM1-2-HR

	
802 × 404

	
√

	
√

	
√

	
√




	
MPI-ESM1-2-LR

	
256 × 220

	
√

	
√

	
√

	
√




	
17

	
MRI (Japan)

	
MRI-ESM2-0

	
360 × 363

	
√

	
√

	
√

	
√




	
18

	
NUIST (China)

	
NESM3

	
362 × 292

	
√

	
√

	
√

	
√




	
19

	
SNU (Korea)

	
SAM0-UNICON

	
320 × 384

	
√

	
×

	
×

	
×




	
20

	
AS-RCEC (China)

	
TaiESM1

	
320 × 384

	
√

	
√

	
√

	
√








Note: Resolution is represented by the grid numbers of longitude × latitude. The available and unavailable outputs are marked by “√” and “×” for the historical (HIST6), the SSP126, SSP245, and SSP585, respectively.
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