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Highlights
What are the main findings?

e  Satellite products (sea surface temperature and salinity) showed generally agree-
ment with in-situ data, and acceptable performance for Secchi disk depth, surface
chlorophyll-a, net primary production, and sea level anomaly across 12 Exclusive
Economic Zones (EEZs) of the South Pacific Island Countries (SPICs).

e  During the past decades, satellite data revealed general rises in regional sea surface
temperature and sea level, with marked within-EEZ-scale heterogeneity in inter-
annual changing rates of chlorophyll-a and net primary production, underscoring the
need for national-scale assessments.

e  Satellite data could help constrain CMIP6 uncertainty, but it is subject to the accuracy.

e  Southeastern EEZs exhibit sensitivity to satellite-based constraints, leading to pro-
nounced changes in CMIP6 projections.

Abstract

The marine environment in the South Pacific Island Countries (SPICs) is sensitive and
vulnerable to climate change. While large-scale changes in this region are well-documented,
national-scale analyses that address management needs remain limited. This study eval-
uated the performance of satellite-derived datasets—including sea surface temperature
(SST), sea surface salinity (SSS), Secchi disk depth (SDD), chlorophyll-a (Chl-a), net primary
production (NPP), and sea level anomaly (SLA)—against in situ observations, and analyzed
their spatial and temporal variability across 12 national Exclusive Economic Zones (EEZs)
during 1998-2023. Validation results presented that current satellite datasets could provide
applicable information for EEZ-scale analyses. In the past decades, the SPICs experienced
a general increase in SST and SLA, accompanied by marked within-EEZ heterogeneity
in Chl-a and NPP variations, with Papua New Guinea exhibiting the largest within-EEZ
inter-annual variability. In addition to monitoring, satellite data would help to constrain
the uncertainty of CMIP6 results in the SPICs, subject to the accuracy of specific products.
By 2100, Nauru might experience the most vulnerable EEZ, while the marine environment
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in the French Polynesian EEZ can keep relatively stable among all 12 EEZs. Meanwhile,
CMIP6 projections in the Southeastern EEZs are more sensitive to satellite-based constraints,
showing pronounced adjustments. Our results demonstrate the potential of combining
validated satellite data with CMIP6 models to provide national-scale decision support for
climate adaptation and marine resource management in the SPICs.

Keywords: satellite; marine environment indicator; CMIP6; national-scale analysis; South
Pacific Island

1. Introduction

The South Pacific Island Countries (SPICs) consist of numerous island nations and
regions dispersed across the tropical Pacific Ocean [1]. Despite their wide geographic
dispersion and small land areas, the SPICs possess extensive Exclusive Economic Zones
(EEZs), which account for approximately 97% of their maritime jurisdictions [2]. Marine
resources form the cornerstone of sustainable development in these nations, providing
essential services such as food, transportation, and tourism [3]. In the context of ongoing
global climate change, the SPICs have been identified as among the regions most vulnerable
to its adverse impacts [4,5]. In recent decades, discernible changes in marine environment
variables—sea level, temperature, ocean acidification, and chlorophyll-a (Chl-a)—have
been observed across the SPICs [6-9], contributing to declines in the sustainable supply
capacity of freshwater and fisheries [10,11]. Obtaining reliable information on the current
status, historical, and potential future variations in the marine environment remains a
key scientific priority to support in time adaptation measures and the pursuit of local
sustainable development goals within the SPICs [6,12].

In addition to the large-scale overall changes observed in the surrounding waters, the
status and variations in marine environment indicators presented apparent differences
on SPICs EEZs-scale [6,13]. Reports showed that Samoa experienced the highest rate of
seawater warming between 1983 and 2021, at 0.31 °C per decade. During the period from
1993 to 2020, the Solomon Islands recorded the fastest rate of sea level rise, ranging from
3.5 to 5.5 mm/year [14]. Despite the overall trend of warming seawater and rising sea levels
(when evaluated using averaged values across the entire EEZs), certain regions within EEZs
of Kiribati and French Polynesia could present a downward trend in water temperature and
sea level height [8]. However, for the SPICs national-scale decision-making, the available
knowledge and spatial scale from regional observations are limited [15,16]. With evidence
indicating increasing variability and uncertainty in the global climate system [3] it is
imperative to acquire science-based data and information at the national scale within the
SPICs to support the formulation of local development strategies [6].

The simulation results of CMIP6 (Coupled Model Intercomparison Project Phase 6)
provide an important scientific basis for formulating future ocean management strategies
in the SPICs. CMIP6 has projected high-confidence changes in ocean ecological conditions,
such as sea level rise and increased marine heatwaves [5]. However, the influence of ENSO
(El Nifio-Southern Oscillation) events could introduce considerable uncertainty into current
CMIP6 model projections of the marine environment indicators in the SPICs [17-20]. As
current predictions for small island regions are primarily derived from global-scale CMIP6
models, whose accuracy diminishes at finer spatial scales, their reliability remains variable,
which would result in uncertainties when applied at the national EEZ scale. [21].

Since deployment, satellite observations have become a pivotal approach in ana-
lyzing the status and variations in the marine ecological environment, owing to their
flexible observation across multiple spatial (from meter to kilometer) and temporal (from
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hourly to monthly for past decades) scales [22]. In the SPICs region, satellite observations
have contributed to the monitoring of several critical marine-related issues, e.g., quantita-
tive assessment of sea level rise, sea surface temperature (SST) increases, Chl-a declines,
etc. [8,14,23]. Studies have also utilized satellite data to obtain insights into regional de-
velopment strategy issues, such as fishery yields [24,25], freshwater supply [26], coastal
erosion [8], by grabbing fundamental variabilities information in marine hydrodynamic
(e.g., temperature, fronts, and salinity) [9,27] and ecological indicators (e.g., Chl-a, water
quality, and pH) [3,23,28]. Meanwhile, by incorporating additional constraints, satellite
observations have enhanced the accuracy of model predictions in this region. For instance,
the widely used OISST (Optimum Interpolation Sea Surface Temperature) product is an
assimilation result incorporating in situ (buoy, float, and ship-based) and satellite data [29].
Dhage and Widlansky [15] assessed the ability of CMIP6 simulations to predict sea surface
height and precipitation by comparing multi-model means with contemporaneous satellite
observations in the SPICs. By applying the satellite-derived robust relationship between
net primary production (NPP) and Nifio 3.4 SST anomalies as a constraint, Kwiatkowski
et al. [20] found that the model-derived sensitivity of NPP to Nifio 3.4 SST anomalies could
decrease by 17-40%, which would help to reduce the probability of extreme projections in
tropical NPP decline.

Yet, in meeting the need for taking national-scale climate adaptation actions, the
present satellite-based assessment results still have certain gaps [30]. Current satellite-
based national-scale analyses have mainly focused on variations in atmospheric, SST, sea
level, and wave dynamics [14], with limited capacity to address climate-related issues
affecting local marine ecosystems [6,11]. Meanwhile, through indirect measurements of
water optical properties, inevitable uncertainties exist in satellite observations [31]. Field
survey data are crucial for evaluating the performance of satellite-derived products across
multiple indicators [22]. Given the scarcity of in situ observations in the SPICs [9], efforts
are needed to enhance the assessment of the regional availability of satellite data for
relevant indicators, and to strengthen the coupling between satellite observations, in situ
measurements, and model predictions [6,32].

Focusing on the national-scale requirements for monitoring and evaluating the vari-
ability of marine environmental indicators in the SPICs, this study aims to establish an
integrated satellite-based assessment framework that bridges satellite data and climate
model projections. We selected 12 EEZs, covering most small island states in the South
Pacific and representing the core member states of SPREP (Secretariat of the Pacific Regional
Environment Program), for research. Within the marine biogeographic framework [33]
these EEZs extend across multiple key ecoregions, such as the Western and Eastern Coral
Triangle and the South Pacific Subtropical Gyre Province. Therefore, analyses based on
these 12 EEZs can provide robust and representative insights for the SPICs.

2. Materials and Methods
2.1. Study Area

Our study area encompasses the marine EEZs of the major SPREP (Secretariat of the
Pacific Regional Environment Program) member countries, including Federated States
of Micronesia (FSM), Nauru (NRU), Kiribati (KIR), Papua New Guinea (PNG), Solomon
Islands (SLB), Vanuatu (VUT), Fiji (FJI), Tonga (TON), Samoa (WSM), Niue (NIU), Cook
Islands (COK), and French Polynesia (PYF) (Figure 1a). Referring to the marine ecological
provinces division method [33], we divided the 12 EEZs of SPICs into three parts for
analysis, of which the first part includes FSM, NRU, and KIR (shown in red in Figure 1b).
The second part consists of PNG, SLB, VUT, FJI, and TON (shown in blue in Figure 1b).
The third part includes WSM, NIU, COK, and PYF (shown in black in Figure 1b).
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Figure 1. (a) Spatial distribution of the SPICs in this research. (b) Marine EEZs of the SPICs. Note: the
different font colors in panel (b) distinguish the three categories of the 12 EEZs, classified following the
method of Spalding et al. [33]. EEZs boundary data downloaded from https://www.marineregions.
org/downloads.php (accessed on 23 July 2024).

2.2. Data Used in Research
2.2.1. In Situ Data

Sea surface Chl-a (mg m~3, 1998-2023) was collected from the global bio-optical in
situ compilation dataset (https://essd.copernicus.org/articles/11/1037/2019/ (accessed
on 2 July 2024)). This dataset provides a comprehensive global collection of in situ mea-
surements, which is instrumental for assessing the quality of ocean color satellite data
records [34]. Secchi disk depth (SDD, m, 1998-2023) was obtained from the World Ocean
Database (WOD), which provides a global dataset containing in situ SDD records since 1997
(https:/ /www.ncei.noaa.gov/ (accessed on 2 July 2024)). NPP (mg C m~2d~1,1998-2023),
measured using the C'* incubation method, was collected from the University of Oregon’s
Primary Productivity database (http://orca.science.oregonstate.edu/index.php (accessed
on 5 July 2024)). Since most of the in situ measurements were conducted before the op-
eration of ocean color satellites (i.e., before 1998), we used measured data as input to
evaluate the applicability of the NPP model structure in our study region. In addition,
to evaluate the performance of satellite-derived NPP, monthly observation data at the
ALOHA station were collected for comparison (aco-ssds.soest.hawaii.edu (accessed on 16
December 2025)). ALOHA is a time-series study site with a sampling radius of 9.66 km at
22°45'N, 158°W, 100 km North of O’ahu island. Additionally, ALOHA is located outside
our study area; its similar oligotrophic tropical water characteristics make it a reliable
reference for assessing the applicability of satellite-derived NPP products in oligotrophic
tropical oceans [35]. Given that NPP measurements at the ALOHA station are integrated
over a fixed depth (e.g., 150 m), we employed depth-averaged NPP values for comparison
to ensure a fair assessment.

Field SST (°C, 1998-2023) and sea surface salinity (SSS, psu, 2010-2023) data were
collected from the Surface Ocean CO, Atlas (SOCAT) dataset (https://socat.info/index.
php/ (accessed on 5 July 2024)). The purpose of the SOCAT dataset is to integrate and
provide global ocean observations to support ocean carbon cycle studies. During data
processing, the original survey measurements underwent rigorous quality control before
being compiled into the SOCAT dataset. We used version 2024 in our subsequent analysis
(https:/ /doi.org/10.25921 /9wpn-th28 (accessed on 10 July 2024)). Sea level height (SLH,
cm, 1993-2023) data measured by the Pacific Sea Level and Geodetic Monitoring Project
(PSLGM) were collected in research (http:/ /www.bom.gov.au/pacific/ (accessed on 20
July 2024)). This system provides a continuous record of SLH at several fixed stations. Since
satellite observation is sea level anomaly (SLA, cm, 1993-2023), we assessed its applicability
by comparing the changing rates between SLA and field SLH in the same period. According
to evaluation reports [36,37], the field SLH records at the WSM station may be affected by
station-related issues, including earthquake impacts and land subsidence. Therefore, to
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assess satellite-derived SLA performance, the overall statistical metrics (e.g., R and RMSE)
were calculated both including and excluding the WSM station.

2.2.2. Satellite and CMIP6 Data

Monthly Chl-a (mg m~3), SDD (m), and NPP (mg C m~—2 d~!) data from 1998 to
2023, with spatial resolution of 4 km, were collected from the Global Ocean Phytoplankton
Carbon Fixation Parameter Dataset, which is stored on the Marine Satellite Data Online
Analysis Platform (SatCO,) (https://www.satco2.com/zxsj/qqhy/ (accessed on 2 August
2024)). Among these datasets, SDD was derived following the method of He et al. [38],
which estimated SDD using both the inherent and apparent optical properties of water,
achieving an accuracy of approximately 27.3% in global ocean evaluations, including
offshore regions. The Chl-a data were obtained from a multi-sensor fusion product, as
demonstrated by Yu et al. [39], which is suitable for long-term time-series analyses and
trend detection. NPP data were generated using the VGPM model proposed by Behrenfeld
and Falkowski [40]. Modification was that the euphotic zone depth (Zeu) in the VGPM
model was estimated from SDD rather than Chl-a, thereby improving its performance
in nearshore turbid waters. The applicability of this NPP dataset in such environments,
including the Yangtze River Estuary, has been supported by the findings of Wang et al. [41].

Daily SST (°C) from 1998 to 2023 were collected from the OISST dataset (https://
www.ncei.noaa.gov/ (accessed on 2 August 2024)). We employed the OISST v2.1 product,
and the original daily data were aggregated into monthly averages to analyze. Monthly
5SS (psu) data from 2010 to 2023 were produced by the ESA Sea Surface Salinity Climate
Change Initiative (v5.5) (https://climate.esa.int/en/ (accessed on 10 July 2024)). Monthly
SLA (cm) data for the period 1993-2023 were provided by the Sea Level Thematic Center
(SL-TAC, https:/ /marine.copernicus.eu/ (accessed on 5 August 2024)). This SLA product
ensures broad spatial coverage by integrating measurements from multiple satellites. The
spatial resolution of the satellite-derived SST, SSS, and SLA datasets was 1/4°.

CMIP6-derived sea surface Chl-a (mg m~3), SST (°C), and NPP (mg C m 2 d—1) data
under the SSP1.26 and SSP5.85 scenarios were obtained from NOAA'’s Climate Change
Web Portal (https://aims2.1Inl.gov/search (accessed on 22 June 2025)). Spatial resolution
of CMIP6 data is 1°. SSP1.26 and SSP5.85 are commonly selected in CMIP6 studies because
they represent the lower and upper bounds of future anthropogenic forcing, enabling a
robust assessment of climate-driven changes and their sensitivity to emission pathways.
In this study, 30-year moving averages covering the period 1985-2100 were analyzed. For
each indicator, ensemble values from all available CMIP6 models at the web server portal
were employed to minimize model-specific biases.

2.3. Analysis Method
2.3.1. Statistical Parameters

To evaluate the accuracy of satellite-derived data, statistical parameters were calculated
as follows: (1) MRE (median relative difference, Equation (1)). (2) RMSE (root mean
squared error, Equation (2)). These statistical parameters provided the uncertainty for the
comparison. In addition, the correlation coefficient (R) and significance level (P) were also
evaluated. Statistical analyses were conducted using OriginPro 2024 software:

LN |Yi — Y

MRE :ﬁzile 1)
1 N "

RMSE —\/ it (i — ¥,)? )
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where y. and y, are in situ and satellite data, respectively; N is the number of matching
data pairs.

2.3.2. Approach to Obtain the Changing Rates

To minimize the influence of intra-annual variability on the analysis of long-term
changing rates, we first calculated monthly anomaly datasets for each indicator. Anomaly
data was obtained by subtracting the monthly climatological means from the original
satellite data. These anomalies were then subjected to least-squares regression to estimate
the changing rates, defined as the slope of the fitted lines. This approach was applied to
indicators including SSS, SST, Chl-a, SDD, and NPP. For SLA, since the satellite-derived
data are already provided in anomaly form, we directly used the original SLA values
for rate estimation. The statistical significance (p-value) of the estimated changing rates
(slopes) was assessed using a two-tailed t-test, which is an integral output of the linear
regression analysis performed in OriginPro 2024. All fitting analyses were performed using
OriginPro 2024 software. The calculation of the monthly anomaly Xanom is expressed as:

xanom<ir m) = xorig(il m) — Xclim (T}’l) 3)

where Xorig(i,m) is the original value for the year i and month m, and Xgim (m) is the
climatological mean value for a specific month m over the research period (SSS: 2010-2023;
SST, Chl-a, SDD, and NPP: 1998-2023).

2.3.3. Satellite-Based Statistical Downscaling Approach

To discuss the regional-scale uncertainty inherent in CMIP6 model projections for
small island regions, a satellite-based statistical downscaling framework was adopted
following the approach of Leroux et al. [42]. This method relies on the principle that
the historical climatological state and variability, as derived from satellite observations,
can serve as physical constraints for refining coarse-resolution CMIP6 outputs at the
national EEZ-scale [43,44]. Previous studies have shown that, although absolute values may
vary substantially among models, the temporal relationship between simulated historical
climatological variables and projected future climatological variables is often approximately
linear across models [45].

As shown in Figure 2a, we first examined the relationship between CMIP6 simulations
for the present period and their corresponding projections for the end of the century, as-
suming a linear relationship. When a statistically significant correlation was identified, the
present-day simulations and future projections were considered to be mutually constrained,
with uncertainties quantified by the inter-model relative deviations. Meanwhile, as the
remote sensing products have been regionally evaluated, satellite-derived estimates for
the present period were regarded as reliable and used, together with their uncertainties
quantified by the MRE values based on in situ observations, to constrain the CMIP6 sim-
ulations. CMIP6 models whose simulations at the present period are consistent with the
satellite-derived estimates were then selected, and projections from these models were
treated as the constrained future estimates. In practice, at first, for each CMIP6 model, its
data within individual EEZ for the two periods (1985-2015 and 2020-2049) were extracted
and spatiotemporally averaged. Then, we collected all CMIP6 models’ results and used
the results from the two periods to establish a linear relationship. This relationship is then
constrained by historical data from satellite observations, resulting in constrained estimates
with reduced uncertainty for future climatological variables.
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Figure 2. Schematic diagram of satellite-based statistical downscaling approach. (a) Main processing
flow; (b) Quantification of key parameters. Dots within the gray shadow area represent the predicted
results of CMIP6 models after applying constraints.

The calculations were as follows:

(1) For the marine environment indicator (SST, Chl-a, and NPP in this research), the
satellite-derived Xsat (climatological mean) and 6sat (MRE values) during 1998-2023 were
calculated within each EEZ as:

Xsat = %Z?}: 1 Xsat, i (4)
dsat = MRE values based on filed data by Equation (1) (5)

where Xsat, i is the satellite-derived regional mean results within each EEZ, N is the number
of monthly data. These metrics represent the observed baseline conditions and natural
variability from high-resolution satellite observations, which are later used to constrain
CMIP6 model projections.

(2) A linear function was established to connect CMIP6 projections for 2070-2099 and
the mean values from two earlier periods (19852014 and 2020-2049). The inter-model
variability of CMIP6 projections in the 2070-2099 period (dcmip) was also calculated to
represent the uncertainty of the linear function.

CMIP62070-2099= A X mean(CMIP6 1985-2014 and CMIP6,020 2049) + B (6)

dcmip = abs(Xemip,i — Xemip) x 100%/Xcmip (7)

where A and B denote the slope and intercept obtained from linear regression performed
independently for each EEZ and all climate models under the chosen scenario (SSP1.26 or
SSP5.85). Xcmip, i is the regional mean from each CMIP6 model-derived within different
EEZs on the 2070-2099 period, and Xcmip is the ensemble mean from all available CMIP6
models on the 2070-2099 period.

(3) [Xsat x (1 — dsat), Xsat x (1 + dsat)] were used as a constraint range and applied
to constrain the mean (CMIP619g5 2014 and CMIP62020_2049) in Equation (6) to achieve linear
function constrained results: CMIP6 (Xsat x (1 — 6sat)) and CMIP6 (Xsat x (1 + dsat)).

(4) The final scope of constrained results was then obtained as shown in Equation (8).
For the ensemble of CMIP6 models, only those with predicted results on 2070-2099 falling
within the above scope were adopted to form the constrained predictions.

https:/ /doi.org/10.3390/rs18010165
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[min(CMIP6 (Xsat x (1 — &sat)) x (1 £+ dcmip), CMIP6 (Xsat x (1+ dsat)) x (1 + dcmip)),
max(CMIP6 (Xsat x (1 — dsat)) x (1 £ dcmip), CMIP6 (Xsat x (14 dsat)) x (1 £ dcmip))]

(®)

(5) To quantify the impact of the downscaling constraint, the statistical values (‘sigma’
of normal distribution fitting using OriginPro 2024 software) were compared before and
after applying satellite-based adjustment. A reduced ‘sigma’ value indicates a decline in
model uncertainty due to the satellite constraint.

The final downscaled products provide EEZ-scale refined projections of SST, Chl-a, and
NPP changes between 1985 and 2014 and 2070-2099. These results reflect both the historical
satellite-observed climatology and the long-term CMIP6 trends, thereby enhancing the
regional relevance of projected marine environment changes for the SPICs.

3. Results and Discussion

3.1. Performance of the Satellite-Derived Data in Research Areas
3.1.1. Match-Up Between Satellite and in Situ Data

Unlike in situ measurements performed at fixed locations, satellite-derived pixels
reflected an average state of the observation object in a certain square (depending on the
production spatial resolution, e.g., 4 km) as the satellite passed by. During the performance
evaluation process, a flexible spatiotemporal scale is required to balance the trade-off
between maximizing the number of matched data points and ensuring the closest possible
alignment between satellite and in situ observations in both time and space [46]. In this
research, the field dataset was first filtered according to the boundaries of the EEZs of
12 SPICs. The satellite data were then matched with filtered in situ data at the nearest
pixel on a monthly scale (Spatio-temporal matching schemes are shown in Table 1). To
assess the spatio-temporal representativeness of the limited matched-up in situ data, we
compared the distribution of the matched-up in situ dataset against that of the entire in
situ dataset over the study period and region. The station distribution of the matched-up
in situ dataset stations is shown in Figure 3, the station distribution of the entire in situ
dataset around the EEZs is shown in Supplementary Figure S1, and the comparison of the
frequency distribution between the matched-up in situ data and the entire dataset is shown
in Supplementary Figure S2. The frequency distributions of in situ SSS, SST, Chl-a, SDD,
and NPP demonstrate that the matched-up data are reasonably distributed in the entire
dataset (Supplementary Figure S2). This indicates that although the matched-up in situ
data are sparse, they capture the key variation features in the entire in situ dataset.

Table 1. Spatio-temporal matching strategy of the multi-source remote sensing data.

Parameter SSS SST Chl-a SDD NPP SLA
(Units) (psu) €O (mgm-3) (m (mgCm-2d1 (m
Rempora  monthly monthly monthly monthly  monthly  monthly
Spatial 25km  4km  4km  4km 4km 0.25°
Resolution
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Figure 3. Spatial distribution of satellite and in situ matching up data pairs within the 12 EEZs
(Exclusive Economic Zones) of SPICs (South Pacific Island Countries) for marine environment
indicators. (a) SSS (sea surface salinity), (b) SST (sea surface temperature), (¢) Chl-a (chlorophyll-a),
(d) SDD (Secchi disk depth), (e) NPP (net primary production), and (f) SLA (sea level anomaly).

3.1.2. Evaluation of Satellite-Derived Data

Figure 4 presents the comparison results of satellite and in situ data based on matched-
up data pairs in the EEZs of the 12 SPICs. In general, satellites can serve as a reliable
platform for monitoring marine environment changes in this region. Satellite-derived data
showed the highest consistency with field observations for SST and SSS, with R of 0.98 and
0.87, and RMSE of 0.42 °C and 0.16 psu, respectively. Among the ecological indicators
(Chl-a, SDD, and NPP), Chl-a performed best, exhibiting an MRE of 0.25 and an R of
0.72. For SDD and NPP, although the R values of match-up data decreased, significant
correlations were still observed, with p-values < 0.0001 and MRE values < 0.40 (Figure 4d,e).
For NPP, the evaluation of NPP model structure suitability using in situ observations as
input supported the subsequent application of satellite-derived data in similar marine
regions (Figure 4e). Based on field data at the ALOHA location, the satellite-derived NPP
could perform relatively consistent variability with in situ observations, with MRE and
RMSE values of 0.30 and 1.44 mg C m~3 d !, respectively (Supplementary Figure S3).
For the hydrodynamic indicator (SLA or SLH), satellite-derived SLA showed consistent
variability with in situ SLH observations over the same period. Across different EEZs
in the study area, both in situ and satellite observations revealed a persistent sea level
rise from 1993 to 2023 (Figure 5). Statistical analyses further supported the applicability
of satellite-derived SLA in this region. Except for the WSM region, which exhibited a
notable deviation, satellite-derived SLA captured sea level change rates consistent with
those recorded by in situ SLH at other monitoring sites (Figure 4f). In fact, according
to evaluation reports [36,37], the SLH records at WSM are considered unreliable due to
station-related issues, such as earthquake impacts and land subsidence. Therefore, we
also assessed the applicability of satellite-derived SLA in the region after excluding the
potentially unreliable WSM station (Figure 4f). The validation metrics improved notably,
with R increasing from 0.19 to 0.48 and RMSE decreasing from 0.0023 to 0.0014 m/year.
Overall, the relative consistency between satellite data and in situ observations in this
area supports research using satellite data to analyze changing characteristics of marine
environment indicators across different EEZs.
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Figure 4. (a—e) Density scatter plots of satellite and in situ matching data pairs for SSS (sea surface
salinity), SST (sea surface temperature), Chl-a (chlorophyll-a), SDD (Secchi disk depth), and NPP
(net primary production); (f) Comparison results of changing rates for field-observed SLH (sea level
height) and satellite-derived SLA (sea level anomaly) with and without the WSM data. The prefixes’
RS and ‘IS’ represent satellite and in situ results, respectively.
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Figure 5. Variability of satellite-derived SLA (sea level anomaly) and field SLH (sea level height) in
the 1993-2023 period.

3.1.3. National-Scale Uncertainty Analyses

The uncertainty of satellite-derived data is associated with water constituent concen-
trations, exhibiting spatial variability [47]. To assess the applicability of satellite data for
supporting EEZ-scale analyses in this region, we compared the median values within each
EEZ based on all available matchup data. As shown in Figure 6, satellite-derived SSS and
SST show high consistency with in situ observations across all EEZs, with MREs generally
below 0.2% for SSS and 2% for SST. The EEZ-averaged errors were 0.62% (MRE) and 0.22 °C
(RMSE) for SST, and 0.06% (MRE) and 0.03 psu (RMSE) for SSS, respectively. For SDD, the
largest deviation was found in VUT, where MRE exceeded 50%. In other EEZs, SDD MREs
remained below 30%. NPP exhibited larger intra-EEZ variability, but except for slightly
higher deviations in PYF (34%), the MREs were generally within 20%, indicating acceptable
consistency between satellite models and field observations. In contrast to the point-based
assessment (Figure 4c), larger differences between satellite-derived and in situ Chl-a were
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found at the EEZ scale, with an overall MRE of 45%. In TON, FIJ, VUT, and PNG, MREs of
Chl-a ranged between 60% and 80%. We further conducted three binned analyses for Chl-a,
SDD, and NPP, using Chl-a thresholds of 0.1 and 0.2 mg m~3 as bin cutoffs. For SDD, MREs
remained below 20% across bins. For Chl-a, in EEZs with median values below 0.2 mg
m 3, satellite and in situ values showed reasonable consistency (MREs < 35%). However,
when Chl-a exceeded 0.2 mg m~3, MRE increased to approximately 58%. As a comparison,
NPP estimates (which depend on Chl-a as a model input) showed MRE within 20% in high-
productivity waters (>400 mg C m~2 d 1) when in situ Chl-a data were used, highlighting
the importance of improving Chl-a retrieval accuracy under high-biomass conditions.
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Figure 6. (a—f) Accuracy evaluation of satellite data at the EEZ-scale (Exclusive Economic Zones) for
the 12 SPICs (South Pacific Island Countries); (c) a magnified view of the main data distribution area
in (b); (g-i) based on (d—f), but the data matching points are binned into three categories according to
the Chl-a (chlorophyll-a) values (0.1 and 0.2 mg m~3), with the countries marked on the legend.

3 are associated with equato-

Climatological Chl-a concentrations above 0.2 mg m™
rial upwelling zones and nearshore waters (Section 3.2.1). However, in KIR, which is
affected by equatorial upwelling, satellite and in situ Chl-a showed 22% MRE. Therefore,
the discrepancies in Chl-a between satellite-derived and in situ data should be mainly
concentrated in the coastal areas of this region. Previous studies have highlighted several
key indicators affecting the regional accuracy of satellite-derived Chl-a products, including
the accuracy of remote sensing reflectance (Rrs) inputs, the structure of the algorithms, and
the spatiotemporal matchup methods [48,49]. Rrs accuracy is affected by both atmospheric
correction [50,51] and radiative transfer conditions such as optical shallow depth and sun
glint [47]. In our study region, although wildfires and volcanic activity can intermittently
elevate terrestrial aerosols, sea-salt aerosols remain the dominant component of the re-
gional aerosol composition [52]. Under these conditions, the current atmospheric correction
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algorithms employed for generating global satellite products can achieve satisfactory per-
formance. Evaluations suggest that commonly used sensors (SeaWiFS, MODIS, MERIS)
could produce accurate Rrs in clear waters within the study area [53,54], with uncertainties
in the blue and green bands Rrs—used for Chl-a inversion—generally within 15% [55].
Optically shallow conditions, which are widespread in nearshore areas, likely constitute
a significant source of error in satellite-derived Chl-a estimates. Given the 4 km spatial
resolution of the global products employed in this study, pixels in nearshore regions may
contain a mixture of optically shallow and deep waters, compromising the accuracy of
satellite Chl-a. Satellite Chl-a products we selected generally rely on blue-to-green band
ratio algorithms when Chl-a concentrations exceed 0.25 mg m 3 [56]. The fundamental
assumption of global blue-green band ratio algorithms for ocean color remote sensing
is that Chl-a absorbs strongly in the blue wavelengths while comparatively reflecting
green wavelengths. Therefore, Chl-a concentration can be retrieved from the blue—green
reflectance difference in the phytoplankton-dominated waters [57]. This assumption under-
pins classical global Chl-a algorithms (e.g., OC3, OC4), widely implemented in NASA’s
ocean color products [56].

However, numerous studies have demonstrated that while the blue-green ratio corre-
lates well with Chl-a in open ocean conditions, it frequently overestimates Chl-a concen-
trations in optically complex inland and coastal waters due to interference from colored
dissolved organic matter (CDOM), non-algal particulates, and other constituents [58]. Un-
like the global models” assumption of optically deep conditions, spectrally selective bottom
reflectance in shallow waters alters both the magnitude and shape of Rrs spectra, leading
to substantial biases in satellite products, especially in the non-phytoplankton-dominated
(Case-2) waters [59]. Furthermore, the IOCCG report [60] on ocean color algorithm perfor-
mance emphasizes that strong blue absorption by CDOM and enhanced green scattering
from suspended particles greatly violate the core assumptions of global algorithms, leading
to substantial uncertainties in chlorophyll retrievals. Dekker et al. [61] showed that in dif-
ferent coastal zones of Australia and the Caribbean, due to significant disparities in water
optical constituents (e.g., Chl-a, CDOM, suspended sediments) and substrate reflectance,
the mean absolute error (MAE) between retrieved (e.g., Chl-a) results using global scale
algorithms and in situ measurements could be 50% larger than that at the global scale.
Aurin and Dierssen [62] provided a concrete example, indicating that in CDOM-dominated
waters off the U.S. East Coast, standard ocean Chl-a algorithms (e.g., OC4) could overesti-
mate Chl-a concentrations by 200-300% without adjustment. By incorporating regionally
tuned optical parameters for correction, this bias could be constrained to within 30%.

In nearshore waters, the blue-green bands method often requires spectral adjustment
(e.g., inclusion of red bands) or coefficient tuning to improve accuracy [63]. Evaluation
in New Caledonia [64] indicated an underestimation of about 33% by blue-to-green ratio
models, with similar underestimation recently also reported in Fiji [65]. Dupouy et al. [66]
showed that for shallow coral reef lagoons in South Pacific islands (e.g., Fiji and New
Caledonia), regional optimization of parameters in standard ocean color algorithms (e.g.,
OC3, OCI) or the development of region-specific algorithms could reduce the root mean
square error (RMSE) of Chl-a estimation by approximately 20-30%. This finding provides a
useful benchmark for our future work. Acknowledging the potentially higher uncertainty
in nearshore regions, our results generally reinforce the reliability of satellite data for ana-
lyzing marine environment variability at the EEZ-scale in the SPICs. As research transitions
from EEZ-scale to ecosystem-scale assessments, further enhancing the utility and service
capacity of satellite-derived products will require several advances, e.g., strengthening
in situ networks to provide sufficient data for accuracy assessment, refining satellite ap-
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proaches by incorporating bottom reflectance effects [61,67], and developing regionally
optimized models [62,66].

3.2. Variability of Marine Environment Indicators in EEZs
3.2.1. Climatological Intra-Annual Change

Figure 7 presents the climatological spatial distributions of SSS, SST, Chl-a, SDD, NPP,
and SLA in the 12 EEZs of SPICs and their surrounding waters. In general, the marine
environment in the study region exhibits apparent spatial variability, with distinct patterns
observed across different indicators. SSS is relatively low (~34 psu) in the Northwestern
part and the ocean near PNG. From Northwest to Southeast, SSS gradually increases from
approximately 34 to 36 psu. In contrast, SST reaches its maximum (~30 °C) in the warm
pool region (near PNG) and decreases to ~26 °C at latitudes above 15°S. Elevated Chl-a and
NPP values are observed near island coasts and in areas influenced by equatorial upwelling,
reaching up to 0.2 mg m > and 600 mg C m~2 d~!, respectively. In the oligotrophic gyre
centers, Northwest and Southeast of the equator, Chl-a and NPP are generally below 0.1
mg m > and 300 mg C m~2 d 1. SDD exhibits an inverse relationship compared to Chl-a
and NPP, being shallow (<40 m) in high-biomass zones and deep (up to ~70 m) in the
low-biomass gyre centers. SLA demonstrates a latitudinal gradient, maintaining values of
about 0.05 m near the equator and decreasing to about 0.03 m at latitudes greater than 15°S.
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Figure 7. The climatological spatial distributions of marine environment indicators in EEZs (Exclusive
Economic Zones) of the SPICs (South Pacific Island Countries) and surrounding waters. (a) SSS (sea
surface salinity), (b) SST (sea surface temperature), (c) Chl-a (chlorophyll-a), (d) SDD (Secchi disk
depth), (e) NPP (net primary production), and (f) SLA (sea level anomaly).

Figure 8 shows the climatological monthly variability of environment indicators across
different EEZs, using regional median values. For the upwelling-influenced equatorial
provinces (FSM, NRU, and KIR), SST remained high throughout the year, while intra-annual
variability in SSS was limited. The relatively stable physical conditions supported weak
seasonal variability in biological indicators (Chl-a and NPP), although Chl-a and NPP in KIR
and NRU remained higher than those observed in FSM. In contrast, the Southeastern small
island (TON, WSM, NIU, COK, and PYF) EEZs were characterized by high salinity levels
(5SS > 35 psu) and pronounced seasonal SST fluctuations. SST was higher in December—
April compared to in May—-November, with seasonal amplitudes reaching up to 4 °C.
Meanwhile, these regions generally exhibited low biological productivity, with Chl-a and

3 and

NPP peaking in June-August, but their maximum values remained below 0.9 mg m™
350 mg C m~2 d~!, respectively. Compared to the Southeastern small island EEZs, SST
in the large island EEZs (PNG, SLB, VUT, and FJI) regions remained slightly higher, and

SSS lower (SSS < 35 psu), with SST decreasing and SSS increasing during May-November.
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Chl-a and NPP in these areas were also higher than in the small island group, but still
lower than in upwelling-influenced NRU and KIR EEZs. Across all EEZs, SDD exhibited an
inverse relationship with Chl-a. In high-Chl-a regions, such as KIR and NRU, SDD values
were typically less than 45 m, whereas in the oligotrophic Southeastern EEZs, SDD reached
up to 65 m. Regarding SLA, Southeastern regions exhibited minimal seasonal variability
(~0.03 m), while other EEZs displayed greater fluctuations with amplitudes around 0.05 m.
It is worth noting that changes in environment variables do not completely align with the
ecological provinces classification by Spalding et al. [33]. Distinct intra-annual variation
patterns can be observed within the same ecological provinces, e.g., the changes in Chl-a
(Figure 8c) and SLA (Figure 8f).
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Figure 8. Climatological monthly variability of regional median environment indicators in the
12 EEZs (Exclusive Economic Zones) of the SPICs (South Pacific Island Countries). (a) SSS (sea
surface salinity), (b) SST (sea surface temperature), (c) Chl-a (chlorophyll-a), (d) SDD (Secchi disk
depth), (e) NPP (net primary production), and (f) SLA (sea level anomaly).

3.2.2. Inter-Annual Variability

Over the past decades, all the 12 EEZs of SPICs have experienced a general increase in
SST (1998-2023) (Figure 9b) and sea level rise (indicated by 1993-2023 SLA) (Figure 9a). In
contrast, changes in biomass varied by region, with significant declines in Chl-a observed
in several EEZs during 1998-2023. The reduction in Chl-a contributed to enhanced light
penetration in the upper-layer waters, as indicated by increases in SDD. NPP—a key
indicator for fisheries support—showed a declining change in all EEZs. Regarding SSS, an
opposite change was observed over this region from 2010 to 2023. In the Eastern EEZs, SSS
increased, whereas in the Western EEZs, surface waters became fresher, with decreasing
SSS values.

Figure 10 offers a national-scale perspective by illustrating the regional median, max-
imum, and minimum rates of change, together with the proportion of areas exhibiting
statistically significant (p < 0.05) rates within each EEZ. Consistent with the patterns shown
in Figure 9, both SLA and SST exhibited positive trends across all EEZs, with significant
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change areas covering over 100% and 70% of each EEZ, respectively. Among them, PYF
recorded the smallest rates of increase in SLA (0.0028 m yr~') and SST (0.014 °C yr~ 1),
whereas SLB showed the highest rate of sea level rise (0.0061 m yr—!). Relatively strong
warming (>0.027 °C yrfl) was also observed in FSM, TON, and WSM. Apart from PNG,
where a slight increase in Chl-a was observed (0.0006 mg m~2 yr~1), all other EEZs showed
a decline in surface Chl-a. NRU exhibited the largest rate of decline (—0.0011 mg m 3 yr™1),
although this change was confined to only 4% of its EEZ. In contrast, NIU, COK, and PYF
experienced significant and spatially extensive declines (over 50% of their EEZ area). While
SDD increased in PNG, NRU, KIR, SLB, and VUT, other EEZs exhibited declining variability.
As shown in Figure 10e, NPP declined across all EEZs. The largest declines occurred in NRU,
SLB, VUT, and NIR, at approximately —4 mg C m~2 d~! yr~!. In contrast, the weakest de-
clines occurred in FSM, PNG, and PYF, where rates were less than —3 mg C m2d-1 yr‘l.
Regarding SSS (Figure 10f), no statistically significant change was detected in the NRU.
Substantial declines in SSS were found in VUT, FJI, and TON (around —0.024 psu yr_l),
whereas WSM, COK, and PYF showed notable increases (~0.022 psu yr—!). It is also worth
noting that the considerable spatial heterogeneity in change rates was evident within
individual EEZs. For variables such as SSS and SDD, both negative and positive rates
co-occurred within the same EEZs. In particular, PNG exhibited the largest within-EEZ
variability across all indicators, judging by the difference between the maximum and
minimum values.
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Figure 9. The annual change rates of marine environment indicators in EEZs (Exclusive Economic
Zones) of the SPICs (South Pacific Island Countries) and surrounding waters. Only statistically
significant (p < 0.05) change rates are colored. (a) SLA (sea level anomaly), (b) SST (sea surface
temperature), (c) Chl-a (chlorophyll-a), (d) SDD (Secchi disk depth), (e) NPP (net primary production),
and (f) SSS (sea surface salinity).

3.3. Evaluation of the CMIP6-Projected Results on EEZs Scale
3.3.1. CMIP6-Projected Results

Consistent with current understanding based on local records, ocean warming en-
hances stratification and reduces biomass [11,23] CMIP6 projections widespread ocean
warming and associated biomass decline in the study area by the end of the 21st century
(Figure 11). The projected changes are closely linked to both the development scenarios and
the indicators considered. SST increases faster under SSP5.85 than under the low-emission
scenario SSP1.26. If the high-emission scenario SSP5.85 persists, SST in this region is
expected to rise by approximately 3 °C by 2100. Even under SSP1.26, SST is projected to in-
crease by about 1 °C. In contrast, due to overlapping uncertainty ranges, projected changes
in Chl-a and NPP exhibit no significant differences between the two scenarios. On average,
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by 2100, the CMIP6-derived Chl-a and NPP are projected to decline by approximately
0.05 mg m~3 and 56 mg C m~2 d !, respectively.
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Figure 10. Change rates of research indicators in the 12 EEZs (Exclusive Economic Zones). Blue bars
are the regional median change rates. Symbols ‘+” and ‘—’ represent the maximum and minimum
rates within each EEZ. Red values represent the proportion of area with significant (p < 0.05) change
in the EEZs. (a) SLA (sea level anomaly), (b) SST (sea surface temperature), (c) Chl-a (chlorophyll-a),
(d) SDD (Secchi disk depth), (e) NPP (net primary production), and (f) SSS (sea surface salinity).
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Figure 11. Variability of CMIP6-derived SST (sea surface temperature), Chl-a (chlorophyll-a), and
NPP (net primary production) in the 12 EEZs (Exclusive Economic Zones) of SPICs (South Pacific
Island Countries) under SSP1.26 and SSP5.85 scenarios. The red dots represent the climatological
regional mean values derived from satellite data for the period 1998-2023.
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At the national scale, the largest projected changes in SST, Chl-a, and NPP are observed
within the NRU EEZ, while the PYF EEZ is projected to maintain relatively stable ocean
conditions (Table 2). In addition, when we used satellite-derived climatological results
(1998-2023) as a reference, we found discrepancies between CMIP6 results (1984-2014)
and satellite estimates across EEZs and indicators. For SST, the CMIP6 simulations exhibit
overall consistency with satellite-based data. However, for Chl-a, CMIP6-derived results
are higher than satellite estimates across all EEZs. In FSM, NRU, KIR, PNG, and WSM, the
Chl-a discrepancies between CMIP6 and satellite results exceed the differences projected
between SSP1.26 and SSP5.85. For NPP, CMIP6 results are higher than satellite values in
PNG and PYF, but substantially lower in NRU and NIU. Considering that the satellite data
have been validated against in situ observations in this region, these comparisons highlight
the need for further evaluation of CMIP6 model applicability at the EEZ-scale within the
SPICs region.

Table 2. Changes (denoted by the symbol A) in SST (sea surface temperature, °C), Chl-a (chlorophyll-
a, mg m~2), and NPP (net primary production, mg C m~2 d 1) within each EEZ (Exclusive Economic
Zones) from 1984 to 2014 to 2070-2099 under the SSP1.26 and SSP5.85 scenarios.

SSP1.26 SSP5.85
ASST AChl-a éj:;g ASST AChl-a é:gpg
o -3 o -3
O (mg m—3) m-2d-1) O (mg m~—3) m-2d-1)
FSM 1.11 —0.047 —79.63 3.05 —0.064 —89.02
NRU 1.42 —0.098 —190.81 3.46 —0.145 —246.70
KIR 1.36 —0.068 —104.07 3.38 —0.105 —152.99
PNG 1.06 —0.088 —136.86 3.02 —0.127 —156.76
SLB 1.02 —0.040 51.81 2.92 —0.063 71.20
VUT 0.90 —0.015 36.44 2.92 —0.027 27.36
FJI 0.97 —0.019 35.31 291 —0.023 30.69
TON 0.98 —0.016 —43.04 291 —0.014 —78.86
WSM 1.02 —0.023 —42.61 2.71 —0.028 —33.38
NIU 0.94 —0.012 —90.07 2.78 —0.012 —119.62
COK 0.89 —0.013 —-17.21 2.55 —0.020 —14.51
PYF 0.65 —0.012 —6.75 2.19 —0.009 —3.60

The bold and underlined values indicate the regions exhibiting the largest and smallest changes for each indicator
under a given scenario, respectively.

3.3.2. Re-Analysis of CMIP6 Projections with Satellite Results as Constraints

Taking the PNG region under SSP5.85 as an example (Figure 12), applying constraints
would not alter the trends of rising SST and declining Chl-a and NPP. Meanwhile, applying
constraints can reduce the uncertainty associated with projected SST, as evidenced by an
approximate 8% decrease in the statistical fitting indicator (sigma, representing the width
of the normal distribution). For Chl-a, the uncertainty in projections is expected to decrease
by approximately 15% and 36% for the periods 1985-2049 and 2070-2099, respectively. Ad-
ditionally, only one model fell outside the constraint boundaries for NPP; the adjustments
nonetheless resulted in substantial reductions in uncertainty—approximately 25% for the
period 1985-2019 and 15% for 2070-2099. When taking downscaling analysis at all EEZs,
we observed that NRU and PYF remained, respectively, the regions with the largest and
weakest projected changes in SST, Chl-a, and NPP (Table 3). Regarding the influence of
constraints on the magnitude of change between 1985 and 2014 and 2070-2099 (Figure 13),
we found that statistical downscaling showed minimal effect in FSM, PNG, and SLB. In
contrast, for NRU and KIR, following statistical downscaling, the projected changes in Chl-a
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under SSP5.85 were weaker compared to the original estimates, as indicated by the ratio
(<1) shown in Figure 13. Noticeable differences occurred in the Southeastern EEZs—VUT,
FJI, WSM, and COK—where the magnitude of Chl-a changes under two scenarios was
reduced after downscaling. For TON, NIU, and PYF, the downscaled projections even
showed opposite trends for Chl-a under the SSP5.85 scenario, shifting from a decrease with
the pre-downscaling estimates (Table 2) to an increase (Table 3).
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Figure 12. CMIP6 projected 2070-2099 (a) SST (sea surface temperature), (b) Chl-a (chlorophyll-a),
and (c) NPP (net primary production) with 1998-2023 satellite constraints in the PNG (Papua New
Guinea) EEZ (Exclusive Economic Zones) region under the SSP5.85 scenario. Black dashed lines
represent fitted results between CMIP6 projections for 2070-2099 and the mean values from two
earlier periods (1985-2014 and 2020-2049). The red dashed lines indicate the mean satellite-derived
results for 1998-2023. The red-shaded areas represent the ranges of MREs (median relative difference)
for each satellite-derived indicator. The gray-shaded areas denote the inter-model standard deviation
of CMIP6 projections for 2070-2099. The green-shaded areas highlight the CMIP6 projections con-
strained by satellite results. Panels (d—f) illustrate the statistical characteristics of CMIP6 data before
and after applying the satellite constraints, providing the mean (mu) and standard deviation (‘sigma’
derived from normal distribution fitting using OriginPro 2024, indicative of uncertainty) values. The
curves and color shadows respectively represent the original and constrained prediction results.

Table 3. Changes (denoted by the symbol A) in SST (sea surface temperature, °C), Chl-a (chlorophyll-
a, mg m~3), and NPP (net primary production, mg C m~2 d~1) within each EEZ (Exclusive Economic
Zones) from 1984 to 2014 to 2070-2099 under the SSP1.26 and SSP5.85 scenarios after applying satellite
constraints.

SSP1.26 SSP5.85
ASST  AChl-a ﬁi‘; P(I; ASST  AChl-a a\l\; P(I;
o -3 o -3
(@) (mgm=3) =, a1 (@) (mgm=) ", a-1)
FSM 0.99 —0.046 —79.63 * 2.72 —0.066 —89.02#
NRU 1.43 —0.092 —190.81* 3.63 * —0.109 —246.70*
KIR 1.26 —0.057  —104.07 * 3.06 —0.067 —152.99*
PNG 1.06 % —0.088 —136.73 2.74 —0.123 —160.64
SLB 0.85 —0.037 51.81% 2.57 —0.056 71.20 *
VUT 0.93 —0.009 38.91 2.81 —0.002 27.36 *
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Table 3. Cont.
SSP1.26 SSP5.85
ASST AChl-a ﬁg;g ASST AChl-a énNgP(I;
o -3 o -3
(@) (mgm=3) 7, a1 (@) (mgm=) ", a-1)
FJI 1.00 —0.014 39.86 2.95%# —0.004 30.69 #
TON 1.00 * —0.011 —43.04 % 3.03 * 0.005 —78.86"
WSM 0.94 * —0.015 —43.19 2.51 —0.010 —3591
NIU 0.95* —0.006 —90.07 * 2.89* 0.009 —122.63
COK 0.84 —0.010 —19.38 2.30 —0.009 —10.49
PYF 0.61 —0.008 —7.31 2.31 0.001 —4.90
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The bold and underlined values indicate the regions exhibiting the largest and smallest changes for each indicator
under a given scenario, respectively. Data marked with an *” indicate cases where no robust constraint relationship

was found (2 < 0.5). Symbol ‘# means the constraints cannot filter out outlier CMIP6 models.
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Figure 13. The ratios of the difference for CMIP6-derived SST (sea surface temperature), Chl-
a (chlorophyll-a), and NPP (net primary production) between 1985 and 2014 and 2070-2099
periods, before and after applying satellite constraints. Ratios are calculated as (X»g70-2099 —
X1985-2014)°OMSTAN /(X000 0099 — X1985-2014)°" 8™, in which the ‘X’ are the mean values of ensem-
ble CMIP6 models.

Capabilities to obtain enough field data, the performance of CMIP6 models’ predic-
tion for different indicators, and regional marine characteristics would account for the
inter-country variability in downscaling analysis. As reported by SPREP [68], insufficient
baseline data remain a major limitation for projecting climate impacts for small island
developing nations (FSM, KIR, NRU, SLB, TON, and WSM). The CMIP6 models have
shown varying degrees of skill in simulating oceanic conditions [69]. Compared with the
high confidence in projected sea surface warming, the rates and magnitudes of biomass and
NPP changes exhibit larger uncertainty and display substantial regional variability [5,70].
In addition, the inter-annual changes in Chl-a and NPP in the Southeastern oligotrophic
EEZs were generally low (as shown in Figure 9). These weak signals may be masked by the
CMIP6 model uncertainty and internal variability, thereby increasing the predicted uncer-
tainty [71]. As reported by Schlunegger et al. [72], the time of emergence for statistically
detectable Chl-a variability in CMIP6 simulations occurs approximately 20 years later in the
Eastern marine regions than in the western parts of our study area. The EEZ, such as Nauru,
are located in the equatorial Pacific, where marine ecosystems are strongly influenced by
ENSO-driven variability, wind-driven upwelling, and thermocline depth fluctuations [73].
These processes lead to high natural variability in chlorophyll and primary productivity
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and increasing projected vulnerability [19,74]. In contrast, EEZs such as French Polynesia
are primarily situated in the subtropical Southeastern Pacific, where oligotrophic condi-
tions prevail, and large-scale circulation and thermodynamic forcing dominate [75]. The
relatively stable physical environment results in lower natural variability and more stable
ecosystem responses under future climate scenarios [76,77]. The same regional character-
istics also explain why satellite data provide a stronger constraint on CMIP6 projections
in Southeastern EEZs. Lower background variability enhances the signal-to-noise ratio,
while satellite chlorophyll and primary productivity products generally perform better in
open-ocean oligotrophic waters [18,19]. In addition, CMIP6 models exhibit more coherent
systematic biases in subtropical oligotrophic regions, allowing satellite observations to
more effectively discriminate between models [20]. As a result, satellite-based constraints
lead to more pronounced adjustments of CMIP6 projections in Southeastern EEZs com-
pared to equatorial or coastal-influenced regions. It should also be noted that our purpose
is mainly to analyze the inter-country differences in CMIP6 performance before and after
downscaling. To obtain convincing results of predicted change rates and magnitudes, a
more comprehensive evaluation of the uncertainties in CMIP6 data within the specific EEZ
regions is required [15]. In the absence of sufficient field data and given the substantial
spatiotemporal mismatch between CMIP6 outputs and field observations, it is challenging
to directly evaluate model performance at the EEZ scale. Our analysis reinforces confidence
in using validated satellite data to assess CMIP6 performance at the EEZ scale in the PICTs
region, as demonstrated in previous studies for other regions: the South China Sea [78] and
the European marine [69].

The spatial resolution mismatch between satellite observations (4 km) and CMIP6
model outputs (~1°) represents an inherent limitation for small island EEZ-scale analy-
ses. Averaging coarse-resolution CMIP6 grid cells to the EEZ-scale inevitably smooths
critical local environmental gradients captured by the satellite data, which are ecologically
important for islands. As Evans et al. [21] demonstrated, for small island climates, the
coarse resolution of the existing CMIP6 models is fundamentally insufficient. For most
islands, higher-resolution (1 km-level) climate predictions need to be applied to capture the
topography, coastline, and local circulation processes that determine the island’s climate,
while islands surrounded by lagoons require even higher resolution [21,79]. However, this
high resolution is only starting to become available [80,81]. In the future, when constructing
observation constraints, it is advisable to consider resampling high-resolution satellite data
to a scale that matches the CMIP6 model, thereby reducing the uncertainty caused by scale
mismatch. On the other hand, as we discussed in Section 3.1.3, satellite-derived Chl-a and
NPP products are known to be less reliable in high-biomass waters and shallow coastal
regions, where optical complexity, bottom reflectance, and non-algal particles can introduce
additional uncertainties [60-62]. We therefore emphasize that the satellite-based constraint
could be effective when satellite retrieval algorithms have been validated and associated
uncertainties are lower.

4. Conclusions

Focusing on the national-scale requirements for assessing marine environment changes
in the SPICs region, this study evaluated the applicability of satellite-derived datasets in
representing the variability of key oceanic indicators that are of regional concern. The main
findings are as follows:

(1) Validation results support our confidence in using current satellite products (SST, SSS,
SDD, Chl-a, NPP, and SLA) to conduct EEZ-scale assessments. Further investiga-
tion is required to assess their applicability at nearshore or community—ecosystem
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scales, where increased local optical complexity and dynamic processes may introduce
greater uncertainties.

(2) All 12 EEZs experienced seawater warming and sea-level rise, while Chl-a, NPP,
SDD, and SSS exhibited within-EEZ heterogeneity. Among the study areas, Papua
New Guinea exhibited the largest within-EEZ inter-annual variability across the
analyzed indicators.

(8) Satellite-derived data would help to constrain the uncertainty of CMIP6 model projec-
tions in the SPICs, subject to the accuracy of the satellite products. By 2100, Nauru
EEZ is projected to be the most vulnerable, while French Polynesia is expected to
maintain relatively stable oceanic conditions among all 12 EEZs. In contrast, signifi-
cant changes are exhibited between unconstrained and constrained CMIP6 projections
in the Southeastern EEZs.

Opverall, this study highlights the essential role of satellite observations as both monitor-
ing tools and model constraints. The findings could offer actionable national-scale evidence
for the application of satellite data in regional climate adaptation planning, sustainable
marine resource management, and policy development in the SPICs.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/1s18010165/s1: Figure S1: Spatial distribution of the entire in situ
dataset around the 12 EEZs (Exclusive Economic Zones) of SPICs (South Pacific Island Countries)
for SSS (sea surface salinity), SST (sea surface temperature), Chl-a (chlorophyll-a), SDD (Secchi
disk depth), NPP (net primary production), and SLA (sea level anomaly). Figure S2: Comparative
frequency distributions between the matched in situ dataset and the entire in situ dataset around
the EEZs, with fitted normal curves. Figure S3: Comparison results for satellite-derived NPP (net
primary production) based on in situ data at the ALOHA station.
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