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Abstract 

Long-term chlorophyll-a (Chl-a) phenology and recurrent high-Chl-a conditions provide 

important evidence for identifying spatially persistent water-quality concerns in coastal 

bays. However, seasonally normalized screening of high-Chl-a recurrence at the sam-

pling-cell scale remains limited for subtropical multi-bay coastlines, where regional mon-

soon forcing, hydrodynamic retention, riverine inputs, aquaculture, and coastal develop-

ment jointly shape phytoplankton variability. Based on Copernicus Marine ocean-colour 

records from 2003 to 2024, this study developed a reproducible ~4 km sampling-cell 

framework for seven coastal bays in Fujian, China. Monthly geometric-mean climatolo-

gies, phenological metrics, P90-based high-Chl-a exceedance frequencies, monitoring-pri-

ority classes, and exploratory machine-learning diagnostics were derived. Bay-scale phe-

nology showed clear divergence: Sansha and Xinghua Bays exhibited winter or year-end 

Chl-a enhancement, Xiamen Bay peaked in summer, and Quanzhou Bay reached an early-

autumn maximum. Four seasonal phenological regimes further revealed cell-scale heter-

ogeneity, with C2 representing winter-enhanced, high-amplitude cycles and C3 identify-

ing cells with the most frequent seasonally normalized high-Chl-a exceedances. High- and 

moderate-priority cells were concentrated mainly in Sansha and Xinghua Bays, whereas 

Dongshan and Quanzhou Bays showed only localized priority cells. Exploratory diagnos-

tics indicated that distance to the bay mouth was the most important correlate of recurrent 

high-Chl-a susceptibility, suggesting the role of bay-scale exchange and retention gradi-

ents. This framework converts long-term ocean-colour archives into spatially explicit phe-

nological and anomaly-screening evidence to support targeted coastal water-quality mon-

itoring and ecosystem management. 

Keywords: chlorophyll-a; phytoplankton; coastal bays; satellite remote sensing; seasonal 

phenology; high-Chl-a exceedance; coastal water-quality monitoring 

 

1. Introduction 

Coastal bays are among the most sensitive compartments of the land–sea continuum 

to external forcing [1,2]. Their semi-enclosed morphology, restricted water exchange, 

complex shorelines, riverine inputs, aquaculture activities, and coastal development al-

low physical and biogeochemical signals to accumulate over short spatial scales. Under 
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climate-driven ocean changes and intensifying human use, these systems may exhibit pro-

nounced shifts in temperature, stratification, residence time, turbidity, nutrient retention, 

and phytoplankton dynamics [1,3–5], with subsequent implications for marine fishery re-

sources [6]. Long-term bay assessment therefore requires spatially explicit indicators that 

capture both seasonal variability and persistent intra-bay heterogeneity. 

Satellite-derived chlorophyll-a (Chl-a) provides an operational indicator for this pur-

pose. Chl-a is closely linked to phytoplankton biomass and ocean-colour variability, and 

its temporal fluctuations reflect changes in light availability, nutrient status, water-column 

mixing, and biological production [7]. Satellite ocean-colour observations also provide re-

peated, synoptic, and spatially extensive measurements that cannot be achieved by field 

sampling alone [8]. These characteristics make satellite Chl-a suitable for comparative 

analyses across multiple bays and long time scales [9–11]. For long-term coastal monitor-

ing, satellite-derived Chl-a records can therefore be used to characterize seasonal variabil-

ity, spatial gradients, and recurrent high-value features in water-colour-related ecological 

signals [12]. In this context, Chl-a serves as an observational layer for identifying recurrent 

seasonal patterns, relative anomalies, and candidate areas requiring targeted monitoring 

and field validation. 

Field observations and satellite ocean-colour time series have been widely used to 

examine phytoplankton phenology, seasonal cycles, bloom timing, long-term variability, 

and Chl-a anomalies [13–19]. For semi-enclosed bay monitoring, however, three limita-

tions remain. First, bay-scale averages may obscure pronounced intra-bay heterogeneity 

in seasonal peak timing and seasonal amplitude. Second, high-Chl-a values are difficult 

to interpret without a local seasonal baseline, because normal seasonal maxima may be 

confused with anomalous signals. Third, many remote-sensing assessments remain de-

scriptive, whereas coastal monitoring requires spatial products that can support field val-

idation and monitoring design. These limitations call for an integrated workflow that 

combines monthly phenological metrics, seasonally normalized high-anomaly screening, 

data-availability control, and monitoring-priority classification. 

The Fujian coast on the western Taiwan Strait provides a particularly informative 

regional setting for this study because it combines pronounced environmental gradients 

with strong ecological and socioeconomic dependence on coastal waters. Its coastal bays 

are jointly influenced by the East Asian monsoon, Taiwan Strait circulation, upwelling, 

river plumes, aquaculture, and coastal development, resulting in strong seasonality and 

complex land–sea interactions [20–23]. For example, Chl-a variability in the Taiwan Strait 

is coupled with monsoon processes [21], and land–sea interactions along the western Tai-

wan Strait are modulated by monsoon transitions [23]. Local river plumes and bay-scale 

aquaculture may further affect water exchange and ecological conditions in nearshore wa-

ters [24,25]. Ecologically, recurrent eutrophication and harmful-algal-bloom risks make 

the seasonal dynamics of Chl-a relevant to coastal ecosystem condition and seafood safety. 

Economically, Fujian is a major marine-economy and mariculture region in China, and 

the ecological condition of its coastal bays directly affects aquaculture production, fisher-

ies management, and sustainable coastal development [26,27]. The coexistence of con-

trasting bay morphologies, exchange conditions, and development pressures within the 

same regional climatic setting therefore provides a valuable natural comparison system 

for distinguishing shared seasonal forcing from bay-specific ecological responses. Despite 

this regional importance, comparative studies of long-term Chl-a phenology and recurrent 

high-Chl-a signals across Fujian coastal bays remain limited, particularly at sampling-unit 

scales that preserve intra-bay variability. This gap constrains the separation of regional 

seasonal patterns from local areas of monitoring concern. 

Here, we establish a reproducible, sampling-unit-based framework using long-term 

satellite-derived Chl-a retrievals to support comparative ecological screening by 
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characterizing seasonal Chl-a dynamics, identifying seasonal phenological regimes, and 

screening recurrent high-Chl-a exceedances in representative coastal bays of Fujian. Based 

on the contrasting geomorphological settings, water-exchange conditions, and coastal-de-

velopment backgrounds of the study bays, we propose three working hypotheses. First, 

shared regional hydroclimatic forcing would be modulated by bay-specific hydrogeo-

morphic and anthropogenic contexts, producing distinct seasonal Chl-a dynamics and 

phenological regimes among and within bays. Second, recurrent bay- and month-normal-

ized high-Chl-a exceedances would be spatially uneven and concentrated in localized 

sampling units, indicating differences in monitoring priority and screening-level suscep-

tibility to bloom-prone conditions. Third, available hydroclimatic, spatial, and coastal-de-

velopment proxies would provide diagnostic information on recurrent high-Chl-a exceed-

ance susceptibility, but the strength and transferability of these relationships would vary 

among bays. Accordingly, this study addresses three questions: (1) How do seasonal Chl-a 

dynamics and phenological regimes vary among and within bays, and how may bay-specific 

hydrogeomorphic and anthropogenic contexts help explain these patterns? (2) Where are 

recurrent bay- and month-normalized high-Chl-a exceedances concentrated, and which 

sampling units warrant elevated monitoring priority as screening-level indicators of 

bloom-prone conditions? (3) Which available hydroclimatic, spatial, and coastal-develop-

ment proxies provide diagnostic information on recurrent high-Chl-a exceedance suscep-

tibility, and how robust are these relationships across validation strategies and bays? By 

evaluating these hypotheses, this study provides a reproducible and spatially explicit 

framework for comparative ecological screening, monitoring-priority identification, and 

targeted field validation. 

2. Materials and Methods 

2.1. Study Area 

This study focuses on seven representative coastal bays in Fujian Province, south-

eastern China (Figure 1): Xinghua Bay (XHB), Sansha Bay (SSB), Xiamen Bay (XMB), 

Dongshan Bay (DSB), Quanzhou Bay (QZB), Meizhou Bay (MZB), and Luoyuan Bay 

(LYB). These bays are located along the western coast of the Taiwan Strait and differ in 

shoreline configuration, bay openness, water-exchange conditions, and coastal-use inten-

sity. They are jointly influenced by monsoon forcing, regional circulation, riverine inputs, 

aquaculture activities, coastal development, and land–sea interactions. These contrasts 

(Tables 1 and 2) make Fujian coastal bays suitable for examining spatial differences in 

long-term satellite-derived Chl-a seasonality and recurrent high-Chl-a signals. 

Together, these bays represent ecologically and economically important coastal sys-

tems that support substantial mariculture and fisheries while being exposed to contrasting 

hydrodynamic and anthropogenic pressures. These characteristics make them suitable for 

examining bay-specific differences in long-term satellite-derived Chl-a seasonality and re-

current high-Chl-a exceedances. 

Table 1. Spatial, sampling, and coastal-development attributes of the seven study bays. 

Bay n 
Delineated Bay 

Area (km2) 

Distance to Bay Mouth, 

Median (Range) (km) 

Stable-Water  

Fraction, Mean 

Built-up Share  

in 2015, Mean (%) 

Built-up Growth, Mean 

(Percentage Points) 

Sansha Bay 33 713.89 37.19 0.973 0.097 0.019 

Luoyuan Bay 1 264.7 2.35 0.986 0.286 0.067 

Xinghua Bay 44 619.4 11.37 0.959 0.653 0.088 

Meizhou Bay 4 423.7 2.84 0.93 2.013 0.188 

Quanzhou Bay 8 128.18 8.33 0.943 2.77 0.515 

Xiamen Bay 22 230.12 9.25 0.951 2.144 0.372 

Dongshan Bay 10 247.89 6.03 0.91 1.201 0.174 
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Table 2. Long-term hydroclimatic characteristics of the seven study bays during 2003–2024. 

Bay n Long-Term Mean SST (Degrees C) 
Mean Annual Precipitation, 

(mm yr−1) 

Long-Term Mean  

Wind-Vector Magnitude, (m s−1) 

Sansha Bay 33 20.88 1381 3.56 

Luoyuan Bay 1 20.97 1689 2.15 

Xinghua Bay 44 21.55 1255 5.58 

Meizhou Bay 4 21.79 1264 4.85 

Quanzhou Bay 8 21.99 1444 4.13 

Xiamen Bay 22 22.12 1103 3.77 

Dongshan Bay 10 22.66 1122 3.66 

 

Figure 1. Geographic setting, generalized topography and bathymetry, and spatial distribution of 

retained satellite-derived chlorophyll a (Chl-a) sampling cells in seven coastal bays of Fujian Prov-

ince, southeastern China. (a) Location of Fujian Province within China. (b) Regional distribution of 

the seven study bays along the Fujian coast and the western Taiwan Strait; red boxes indicate the 

spatial extents of the enlarged bay maps shown in panels (c–i). (c–i) Enlarged maps of Sansha Bay, 

Luoyuan Bay, Xinghua Bay, Meizhou Bay, Quanzhou Bay, Xiamen Bay, and Dongshan Bay, respec-

tively. Red dots mark the centres of the retained approximately 4 km satellite ocean-colour sampling 

cells after stable-water masking and data-availability screening. Blue lines indicate generalized 

bathymetric contours at 5 and 10 m derived from the GEBCO_2026 grid, and grey shaded relief 

represents the surrounding land topography. 

2.2. Data Sources and Preprocessing 

Satellite-derived Chl-a concentration was obtained from the Copernicus Marine sat-

ellite ocean-colour product available in Google Earth Engine (GEE), using the image col-

lection COPERNICUS/MARINE/SATELLITE_OCEAN_COLOR/V6 and the chlor_a band. 

The analysis covered January 2003 to December 2024. This record was used to characterize 
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monthly climatology, seasonal behaviour, high-anomaly frequency, and monitoring-pri-

ority patterns. 

Auxiliary environmental variables included sea surface temperature (SST), precipi-

tation, air temperature, bay-level geographic attributes, and coastal-development proxies. 

SST was derived from NOAA OISST V2.1, and monthly precipitation was obtained from 

GPM IMERG Monthly V07. Air temperature was extracted from ERA5 reanalysis and ag-

gregated to the monthly scale; the ERA5 Daily product in GEE was used for 2003–2019, 

whereas the ERA5 Hourly product was aggregated to monthly means for 2020–2024. 

Coastal-development proxies were derived from the GHSL built-surface product, includ-

ing the built-up proportion within a 10 km buffer around each sampling unit in 2000 and 

2015, as well as the corresponding change. Spatial attributes included bay area and the 

distance from each sampling unit to the associated bay-mouth point. These variables were 

used to examine spatial associations with high-Chl-a anomalies and to support explora-

tory machine-learning diagnostics. 

Detailed information on the temporal and spatial resolutions and analytical treat-

ment of the response and predictor variables is provided in Table S1. SST, precipitation, 

air temperature, and wind were treated as dynamic variables and aggregated to the 

monthly scale, whereas stable-water fraction, built-up indicators, bay area, and distance 

to the bay mouth were treated as static attributes. Raster variables were linked to the ap-

proximately 4 km Chl-a sampling units without altering the native spatial information 

content of the source products. 

Sampling units were constructed to match the nominal spacing of approximately 4 

km to match the spatial resolution of the ocean-colour product. Candidate points were 

generated at approximately 4 km intervals within the polygons of each study bay. For each 

candidate point, the long-term Chl-a baseline was calculated as the geometric mean of all pos-

itive and non-missing satellite-derived Chl-a retrievals available during the study period. 

Long-term data availability at each point was quantified as the total number of days with an 

available, unmasked satellite-derived Chl-a retrieval. Candidate points with fewer than 300 

satellite-retrieval days were excluded to ensure adequate long-term data support. A stable-

water mask was constructed using Sentinel-2 surface-reflectance imagery acquired from 2017 

to 2020. After cloud and invalid-pixel masking, the temporal median of the modified normal-

ized difference water index (MNDWI) was calculated as follows: 

MNDWI =
B3 −  B11

B3 + B11
  (1) 

where B3 is the green band and B11 is the shortwave infrared band. Pixels with median 

MNDWI values greater than −0.05 were classified as stable water. This water mask was 

then used to screen the sampling units. 

Before formal analysis, the dataset was checked for date fields, sampling-unit identi-

fiers, coordinates, duplicate records, missing values, and invalid Chl-a values. The final 

dataset contained 122 sampling units: 44 in Xinghua Bay, 33 in Sansha Bay, 22 in Xiamen 

Bay, 10 in Dongshan Bay, 8 in Quanzhou Bay, 4 in Meizhou Bay, and 1 in Luoyuan Bay. 

Each sampling unit was assigned a unique identifier and linked to static attributes, includ-

ing bay code, bay name, coordinates, long-term Chl-a baseline, total number of valid Chl-

a observations, water fraction, bay area, distance to the bay mouth, and built-up indicators. 

2.3. Monthly Chl-a Aggregation and Data Reliability 

Monthly Chl-a values were aggregated at the sampling-unit scale using the geometric 

mean to reduce the influence of episodic high values in the right-skewed Chl-a distribu-

tion [28]. For each calendar month, all valid positive Chl-a retrievals were first extracted 

from the Copernicus Marine ocean-colour image collection and log-transformed. The 
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monthly mean of log-transformed Chl-a was then back-transformed to the original scale 

using the exponential function: 

Cm = 𝑒𝑥𝑝 (
1

𝑛𝑚
∑ ln Ci

nm

i = 1
)  (2) 

where Cm denotes the monthly geometric-mean Chl-a for a given sampling unit, Ci de-

notes a valid positive Chl-a observation within the month, and nm denotes the number of 

valid Chl-a observation days in that month. 

Monthly records with nm ≥ 3 were retained. This screening yielded 19,003 valid cell-

month records, with a median of 6 valid observation days per month and an interquartile 

range of 4–9 days. A stricter threshold of (nm ≥ 5) retained 13,340 records and was used 

for sensitivity analysis [17]. 

The final dataset showed uneven sampling support among bays. Xinghua Bay, 

Sansha Bay, and Xiamen Bay contributed most sampling units, whereas Meizhou Bay and 

Luoyuan Bay had limited spatial sampling support (Figure 2b). For the retained monthly 

records, valid Chl-a observation days generally supported the analysis, although data 

availability still varied among years and bays (Figure 2a,c). These differences were con-

sidered when interpreting climatological patterns and monitoring-priority areas. 

 

Figure 2. Data availability and sampling support of the monthly satellite-derived Chl-a dataset dur-

ing 2003–2024. (a) Monthly proportion of available Chl-a sampling units in each bay after monthly 

quality screening. Darker colours indicate a higher proportion of sampling units with valid Chl-a 

records in a given month. (b) Number of approximately 4 km Chl-a sampling units retained in each 

bay for the 2003–2024 common-cell main analysis. (c) Distribution of valid Chl-a observation days 

in the retained cell-month records for each bay. Boxes indicate the interquartile range, orange hori-

zontal lines indicate medians, and whiskers indicate the minimum and maximum values. DSB = 

Dongshan Bay; LYB = Luoyuan Bay; MZB = Meizhou Bay; QZB = Quanzhou Bay; SSB = Sansha Bay; 

XHB = Xinghua Bay; XMB = Xiamen Bay. 

2.4. Seasonal Rhythm Metrics and Type Classification 

Seasonal phenological metrics were calculated from the long-term monthly climatol-

ogy of each sampling unit. The main metrics included long-term geometric-mean Chl-a, 

monthly climatological Chl-a, seasonal amplitude, coefficient of variation, peak month, 

and circular peak timing [15,29]. The main metrics included the long-term geometric-

mean Chl-a, monthly climatological Chl-a, seasonal amplitude, coefficient of variation 

(CV), peak month, and circular peak timing [30]. Seasonal amplitude was defined as the 

difference between the maximum and minimum monthly climatological Chl-a values: 
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𝐴 = 𝐶max − 𝐶min  (3) 

where A is the seasonal amplitude, and Cmax and Cmin are the minimum monthly climato-

logical Chl-a values, respectively. The CV was calculated as the standard deviation of 

monthly climatological Chl-a divided by its mean: 

𝐶𝑉 =
𝜎𝐶

𝜇𝐶
  

(4) 

where σC and μC denote the standard deviation and mean of monthly climatological Chl-

a, respectively. Circular peak timing was used to preserve the temporal continuity be-

tween December and January. 

Exploratory seasonal phenological regimes were identified using sampling-unit-

level phenological metrics. Candidate clustering methods included K-means clustering 

and Gaussian mixture models (GMMs), with candidate cluster numbers ranging from 2 

to 6 [16,31]. All metrics were z-score-standardized before clustering. The final classifica-

tion scheme was selected by jointly considering the silhouette coefficient, minimum clus-

ter size, and ecological interpretability [32]. The main analysis adopted a four-cluster K-

means solution, which grouped the sampling units into four seasonal phenological re-

gimes, denoted as C0–C3. 

Throughout this study, “seasonal Chl-a dynamics” refers to the observed intra-an-

nual variation in Chl-a, whereas “seasonal phenological regimes” refers specifically to the 

four cluster-derived classes (C0–C3). 

2.5. Monitoring-Priority Classification 

High-Chl-a anomalies were defined using percentile thresholds to account for back-

ground differences among sampling units, bays, and calendar months. Three P90-based 

anomaly definitions were compared [18,33]. 

The first definition was the cell-month P90 threshold, calculated separately for each 

sampling unit and calendar month. A monthly geometric-mean Chl-a record was labelled 

as a high anomaly when it exceeded the historical 90th percentile for the same sampling 

unit and calendar month. 

The second definition was the bay-month P90 threshold, calculated from all valid 

monthly cell records within the same bay and calendar month. A sampling-unit record 

was classified as a high anomaly when its monthly Chl-a exceeded the corresponding bay-

month threshold. This definition preserved the calendar-month background within each 

bay while retaining spatial contrasts among sampling units in the same bay. Therefore, it 

was adopted as the primary definition for monitoring-priority classification. 

The third definition was the regional-month P90 threshold, calculated from all valid 

records across the seven bays for the same calendar month. This definition was used as a 

comparative benchmark to evaluate how regional-scale normalization affected anomaly 

frequency and hotspot patterns. 

For each definition, the high-anomaly frequency of each sampling unit was calcu-

lated as the proportion of valid monthly records classified as high anomalies. These fre-

quencies were used to compare anomaly definitions, map recurrent high-Chl-a areas, and 

support monitoring-priority classification. 

Sampling units with high anomaly frequency and sufficient data support were as-

signed to higher monitoring priority. Units with moderate anomaly frequency or inter-

mediate data support were assigned to medium priority. Units with low anomaly fre-

quency were assigned to lower priority. Sampling units with limited data support were 

flagged for cautious interpretation, even when their anomaly frequency was high. This 

rule reduced the influence of sparse observations on the final priority map and aligned 

the classification with the data-reliability constraints of the satellite record. 
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2.6. Machine-Learning Assessment 

A machine-learning assessment was conducted to examine whether hydrometeoro-

logical, geographic, and coastal-development proxy variables contained information re-

lated to the susceptibility of high-Chl-a anomalies. This assessment served as a diagnostic 

component of the monitoring framework and was interpreted through model perfor-

mance under multiple validation schemes. 

Two modelling tasks were defined. For the classification task, the binary occurrence 

of high anomalies under the primary bay-month P90 definition was used as the response 

variable. For the regression task, the standardized Chl-a anomaly was used as a continu-

ous response variable. Candidate predictors included sea surface temperature, air tem-

perature, precipitation, 10 m wind components, wind speed, distance to the bay mouth, 

bay area, stable-water fraction, built-up proportion, built-up growth, month, and year. 

Sampling-unit identifier, bay code, bay name, longitude, and latitude were excluded from 

the predictor set to reduce direct spatial memorization. 

Three algorithm groups were compared. Logistic regression was used as the linear 

baseline for the classification task, with continuous predictors standardized before model 

fitting. Random forest was used as a nonlinear ensemble model [34]. It predicts by fitting 

multiple decision trees on bootstrap samples and random predictor subsets, allowing non-

linear associations and interactions among predictors to be represented. Histogram-based 

gradient boosting was used as a boosting model [35]. It improves predictive performance 

by sequentially updating decision-tree learners and is computationally efficient for tabu-

lar data. Corresponding regression variants were used for the continuous-anomaly pre-

diction task where applicable. 

Model performance was evaluated using three validation schemes: random train–

test splitting, bay-grouped validation, and temporal holdout validation using 2020–2024 

as the test period [36]. Classification performance was assessed using ROC-AUC, PR-AUC, 

and calibration behaviour [37,38]. Regression performance was assessed using RMSE and 

MAE. Permutation importance was calculated on validation data to summarize predictor 

contributions [39]. The machine-learning results were interpreted as exploratory suscep-

tibility diagnostics within the broader Chl-a monitoring framework. 

3. Results 

3.1. Monthly Chl-a Seasonal Dynamics Among Bays 

Bay-scale monthly climatology shows clear seasonal differences in satellite-derived 

Chl-a among the seven Fujian coastal bays (Figure 3). Several bays exhibit elevated Chl-a 

during winter, although peak timing and seasonal amplitude vary among bays. Sansha 

Bay (SSB) shows the strongest seasonal contrast, with winter maxima (4.92 mg m−3, Dec–

Jan) and a pronounced spring minimum (4.18 mg m−3, Apr–May). Xinghua Bay (XHB) 

displays a similar winter-enhanced pattern, characterized by high winter values, a decline 

during spring, and a gradual increase toward late autumn and winter. Dongshan Bay 

(DSB) and Meizhou Bay (MZB) also show higher Chl-a in winter. In contrast, Xiamen Bay 

(XMB) exhibits its maximum in summer (Jul), with median Chl-a reaching its maximum 

around July. Quanzhou Bay (QZB) has the smallest peak-to-trough range among the 

seven bays (1.46 mg m−3), with monthly median Chl-a ranging from 4.35 mg m−3 in May 

to 5.81 mg m−3 in September. 

Overall, the monthly climatology reveals a broadly shared regional pattern, with 

winter Chl-a maxima and spring-to-early-summer minima in most of the surveyed bays. 

However, the timing and magnitude of seasonal variation differ among bays, with 

Xiamen Bay (XMB) and Quanzhou Bay (QZB) showing the clearest departures from this 

general pattern. Xiamen Bay reaches its maximum median Chl-a in summer (Jul), whereas 
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Quanzhou Bay exhibits a comparatively flatter seasonal trajectory and reaches its 

maximum in autumn (Sep). These shared and contrasting bay-scale patterns were further 

examined at the sampling-unit scale through the classification of seasonal phenological 

regimes and the screening of recurrent high-Chl-a exceedances. 

 

Figure 3. Bay-scale monthly climatology of satellite-derived chlorophyll-a (Chl-a) concentration in seven 

Fujian coastal bays during 2003–2024. Blue lines indicate the monthly median climatological Chl-a 

concentration for each bay, and shaded areas indicate the interquartile range. Red points indicate peak 

months in the monthly climatology. The value of (n) in each panel denotes the number of retained 

sampling units in the corresponding bay. DSB = Dongshan Bay; LYB = Luoyuan Bay; MZB = Meizhou 

Bay; QZB = Quanzhou Bay; SSB = Sansha Bay; XHB = Xinghua Bay; XMB = Xiamen Bay. 

3.2. Spatial Distribution of Seasonal Chl-a Phenological Regimes 

The exploratory seasonal Chl-a phenological regimes show pronounced spatial 

heterogeneity among and within Fujian coastal bays (Figure 4). Some bays are characterized 

mainly by one or twophenological regimes, whereas multiple regimes coexistwithin Sansha 

and Xinghua Bays. These results indicate that the seasonality of satellite-derived Chl-a is 

spatially structured at both the bay scale and the intra-bay scale. 

Sansha Bay (SSB) and Xinghua Bay (XHB) show the strongest intra-bay heterogeneity. In 

Sansha Bay, C2 occupies a large proportion of the retained sampling units, whereas C0 

and C3 also occur in several local areas, indicating distinct seasonal Chl-a phenological 

regimes within the same bay. Xinghua Bay likewise contains all four types, C0–C3, with 

different regime distributed between inner-bay settings and relatively open-water 

sampling units. These two bays therefore show the clearest co-occurrence of multiple 

seasonal Chl-a behaviours within a single bay. 

The spatial composition of the other bays is relatively simpler. Xiamen Bay (XMB) is 

dominated by C1, with only a few sampling units assigned to other rhythm types, 

indicating a comparatively consistent seasonal Chl-a pattern. Quanzhou Bay (QZB) 

contains fewer retained sampling units and is composed mainly of C0 and C1. Dongshan 

Bay (DSB) also shows a relatively simple type composition, although local differences 

among C0, C1, and C3 are still present. Luoyuan Bay (LYB) and Meizhou Bay (MZB) retain 
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only a small number of sampling units and therefore mainly provide local-scale rhythm 

information. 

 

Figure 4. Spatial distribution of satellite-derived Chl-a seasonal rhythm types in representative 

Fujian coastal bays. Each panel shows the distribution of retained approximately 4 km satellite Chl-

a pixel-centre sampling units in a different bay: (a) Sansha Bay, (b) Luoyuan Bay, (c) Xinghua Bay, 

(d) Meizhou Bay, (e) Quanzhou Bay, (f) Xiamen Bay, and (g) Dongshan Bay. Different colours 

indicate the four exploratory Chl-a seasonal rhythm types (C0–C3) identified from sampling-unit-

level seasonal metrics derived from monthly Chl-a variability. 

3.3. Seasonal Characteristics of the Four Phenological Regimesa 

The four seasonal phenological regimes show systematic differences in monthly Chl-

a trajectories and phenological metrics (Figure 5). C0 represents an intermediate seasonal 

pattern. Chl-a remains within a moderate range in most months, and its seasonal ampli-

tude and variability metrics are also intermediate among the four types. C1 is the most 

stable seasonal type. Its monthly curve is relatively flat, and both seasonal amplitude and 

coefficient of variation (CV) are lower than those of the other types. This combination in-

dicates that C1 represents a low-amplitude Chl-a seasonal regime. 

C2 shows the strongest seasonal contrast. Its Chl-a curve declines from relatively high 

winter values to a spring minimum and then increases again toward the late-year months. 

This trajectory is consistent with the metric distributions: C2 has the highest seasonal ampli-

tude and the highest CV. The agreement between curve shape and metric summaries indicates 

that C2 represents a winter-enhanced, high-amplitude seasonal regime. C3 shows a different 

feature. Its Chl-a remains relatively high across multiple months, and its high-anomaly fre-

quency is the highest among the four types. This pattern indicates that C3 is characterized by 

frequent exceedance of its background threshold rather than by a single seasonal pulse. In this 

sense, C3 represents a high-anomaly-prone Chl-a seasonal regime, whereas C2 represents a 

high-amplitude seasonal Chl-a rhythm type. 
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Taken together, Figures 4 and 5 show that Chl-a variability in representative Fujian 

coastal bays is expressed through three related dimensions: spatial location, seasonal 

curve shape, and anomaly tendency. The rhythm-type classification integrates these di-

mensions into a sampling-unit-scale analytical framework. The results indicate that water 

units with different seasonal Chl-a dynamics can coexist within the same bay. Differences 

among rhythm types were reflected not only in mean concentration levels, but also in 

seasonal amplitude, relative variability, peak timing, and high-Chl-a anomaly frequency. 

 

Figure 5. Seasonal characteristics and metric differences among Chl-a phenological regimes. (a) Mean 

monthly Chl-a seasonal trajectories of the four exploratory phenological regimes (C0-C3) identified from 

the retained approximately 4 km satellite Chl-a sampling units. Lines indicate type-level monthly mean 

Chl-a, and shaded areas indicate variability among sampling units within each type. (b–e) Differences in 

four sampling-unit-level phenological metrics among the four types: (b) seasonal amplitude, (c) coeffi-

cient of variation (CV), (d) peak month, and (e) high-anomaly frequency. Overall, the figure shows that 

the four regimes differ not only in seasonal curve shape, but also in fluctuation intensity, peak timing, 

and anomaly tendency of satellite-derived Chl-a seasonality. 

3.4. Monitoring-Priority Zones Based on Chl-a Phenology and High-Anomaly Frequency 

The monitoring-priority classification translates sampling-unit-scale Chl-a phenolog-

ical characteristics and high-anomaly information into a spatial screening layer for bay 

monitoring (Figures 6 and 7). The resulting priority classes are unevenly distributed both 

among bays and within individual bays. High-priority and medium-priority units are 

most evident in Sansha Bay (SSB), Xinghua Bay (XHB), and Xiamen Bay (XMB), whereas 

Quanzhou Bay (QZB) and Dongshan Bay (DSB) are dominated mainly by low-priority 

units, with only a few localized high- or medium-priority units. 

SSB and XHB show the clearest intra-bay heterogeneity. In both bays, high-priority, 

medium-priority, low-priority, and low-confidence units occur simultaneously, indicat-

ing that monitoring concern varies substantially at the intra-bay scale. In SSB, high- and 

medium-priority units are interspersed with low-priority units across the retained sam-

pling grid. XHB shows a similar mixed pattern, in which high- and medium-priority units 

co-occur with extensive low-priority areas. These results indicate that bay-scale summary 

values alone would obscure localized monitoring-priority zones. 
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Overall, the monitoring-priority classification indicates that recurrent high-Chl-a sig-

nals and pronounced phenological variability are not evenly distributed along the Fujian 

coast. SSB, XHB, and XMB contain the main concentrations of high- and medium-priority 

units, whereas QZB and DSB show more localized priority patterns. Luoyuan Bay (LYB) 

and Meizhou Bay (MZB) primarily reflect the limitation of insufficient data support. This 

screening result provides a spatial basis for subsequent field validation and targeted mon-

itoring in coastal bays. 

 

Figure 6. Spatial distribution of monitoring-priority classes for retained Chl-a sampling units. Each 

panel shows the distribution of retained approximately 4 km satellite Chl-a pixel-centre sampling 

units in a different bay: (a) Sansha Bay, (b) Luoyuan Bay, (c) Xinghua Bay, (d) Meizhou Bay, (e) 

Quanzhou Bay, (f) Xiamen Bay, and (g) Dongshan Bay. Colours indicate the monitoring-priority 

class assigned from sampling-unit-scale Chl-a rhythm characteristics, high-anomaly frequency, and 

data-confidence information. High-priority and medium-priority units represent water units with 

strong Chl-a anomaly tendency and/or pronounced seasonal rhythmic variability, whereas low-con-

fidence units indicate insufficient sampling support for a stable priority assignment. 

3.5. Exploratory Machine-Learning Diagnostics of High-Chl-a Anomaly Susceptibility 

Exploratory machine-learning assessment indicates that the susceptibility of high-

Chl-a anomalies contains diagnostic information, but model performance is sensitive to 

the validation strategy (Figure 8). Under random splitting, the histogram-based gradient 

boosting model and random forest achieve relatively high ROC-AUC values. Under bay-

group cross-validation, however, tree-based models show a marked performance decline, 

indicating limited transferability across bays. In the temporal holdout validation, the ran-

dom forest retain moderate discriminatory ability, with a ROC-AUC of approximately 

0.79. The calibration curve showed that observed high-anomaly frequency generally in-

creases with predicted susceptibility, although the calibration points remain below the 
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ideal 1:1 line. This suggests that the model is more suitable for relative susceptibility rank-

ing than for calibrated probability estimation. Permutation importance shows that dis-

tance to bay mouth, stable-water fraction, and built-surface percentage in 2000 are the 

leading contributors, indicating that spatial setting, water-pixel dominance, and coastal-

development background contain exploratory diagnostic information related to recurrent 

high-Chl-a signals. 

 

Figure 7. Percentage composition of monitoring-priority classes in each bay. Bars show the propor-

tions of retained approximately 4 km Chl-a sampling units classified as high priority, medium pri-

ority, low priority, and low confidence in each bay. DSB = Dongshan Bay; LYB = Luoyuan Bay; MZB 

= Meizhou Bay; QZB = Quanzhou Bay; SSB = Sansha Bay; XHB = Xinghua Bay; XMB = Xiamen Bay. 

 

Figure 8. Machine-learning diagnostics of high-Chl-a anomaly susceptibility. (a) ROC-AUC values 

of three classification models under different validation strategies, including random splitting, bay-

grouped cross-validation, and temporal holdout validation. The dashed line indicates ROC-AUC = 

0.5. (b) Calibration plot of the random forest model under temporal holdout validation, showing 
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the relationship between observed high-anomaly frequency and model-predicted susceptibility. 

The dashed diagonal line indicates ideal calibration. (c) Permutation importance of predictors in the 

random forest model. Horizontal bars indicate mean importance, and black error bars indicate the 

variability of importance across repeated permutations. 

4. Discussion 

4.1. Main Spatiotemporal Patterns of Chl-a in Fujian Coastal Bays 

The monthly climatology shows that satellite-derived Chl-a seasonality in Fujian 

coastal bays cannot be reduced to a single regional pattern (Figure 3). Sansha Bay and 

Xinghua Bay exhibited strong winter or late-year Chl-a signals, Xiamen Bay showed a 

warm-season peak, and Quanzhou Bay displayed weaker seasonality with a moderate 

increase in early autumn. These contrasts indicate that annual mean Chl-a or bay-scale 

averages may obscure key seasonal information, including peak timing, seasonal ampli-

tude, and intra-annual trajectories. This interpretation is consistent with recent phyto-

plankton phenology research showing that bloom peak timing, maximum concentration, 

amplitude, and duration provide ecological information that cannot be captured by mean 

biomass alone [29]. 

These seasonal differences should be interpreted within the regional hydroclimatic 

setting of the western Taiwan Strait. Monsoon forcing, strait circulation, coastal currents, 

plume transport, wind mixing, and stratification can modify light availability, nutrient 

supply, water residence time, and water-mass exchange [20,40–42]. Recent work in the 

Taiwan Strait further indicates that phytoplankton responses to plume influence and nu-

trient limitation can be nonlinear, with Chl-a not necessarily increasing in proportion to 

river-derived material inputs [43]. This regional complexity provides a plausible back-

ground for the coexistence of winter-enhanced, warm-season, and weakly seasonal Chl-a 

patterns along the Fujian coast. 

At the bay scale, local geomorphology and land–sea interactions may further modu-

late this regional seasonal forcing. Semi-enclosed bays differ in openness, water-exchange 

efficiency, shoreline complexity, aquaculture intensity, and proximity to riverine or urban 

inputs. These factors can affect turbidity, nutrient retention, water residence time, and the 

coupling between inner-bay and offshore waters. Similar bay-scale modulation has been 

reported in Zhanjiang Bay, where seasonal and spatial Chl-a patterns were attributed to 

the combined influence of land-derived nutrient transport, aquaculture activities, climatic 

conditions, hydrodynamic processes, and adjacent coastal currents [13]. The Fujian results 

therefore indicate that comparable regional forcing can generate distinct Chl-a seasonal 

trajectories after being filtered by local bay morphology and water-exchange conditions. 

4.2. Phenological Regimes and Within-Bay Heterogeneity 

The seasonal phenological regimes identified in Figures 4 and 5 show that Chl-a var-

iability in Fujian coastal bays cannot be adequately described by mean concentration 

alone. Instead, differences among sampling units were expressed through seasonal am-

plitude, peak timing, intra-annual trajectory, and exceedance recurrence. This multidi-

mensional interpretation is consistent with satellite-based phenology studies showing 

that peak timing, intensity, duration, and recurrence provide ecological information that 

is not captured by mean Chl-a alone [29,44,45]. 

The coexistence of multiple seasonal phenological regimes within Sansha Bay and 

Xinghua Bay is particularly important because it demonstrates that bay-scale climatolog-

ical averages can mask substantial intra-bay heterogeneity. Sampling units located in in-

ner-bay waters, tidal channels, bay-mouth areas, and relatively open waters may experi-

ence different combinations of material retention, tidal exchange, riverine influence, 
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turbidity, and seasonal mixing, thereby producing distinct seasonal Chl-a trajectories 

within the same semi-enclosed system. Comparable intra-bay differentiation has been re-

ported in coastal and semi-enclosed systems, where phytoplankton-related Chl-a patterns 

are jointly influenced by nutrient availability, plume transport, water exchange, hydrody-

namic processes, and local environmental gradients [13,43,46]. For Sansha Bay, previous 

studies have also shown that intensive mariculture, riverine inputs, and complex hydro-

dynamic processes can affect nutrient budgets and biogeochemical variability, providing 

a plausible context for the observed coexistence of multiple phenological regimes [25,47]. 

Consequently, sampling units exposed to similar regional monsoon forcing may still ex-

hibit different seasonal trajectories because local hydrogeomorphic conditions modify the 

regional signal. From a monitoring perspective, this finding indicates that bay-wide aver-

ages alone may overlook localized water bodies with distinct phenological behaviour or 

recurrent high-Chl-a exceedances. 

The contrast between C2 and C3 further illustrates why seasonal amplitude and ex-

ceedance recurrence should be interpreted separately in monitoring applications. A high-

amplitude seasonal cycle, as represented by C2, reflects predictable intra-annual variation, 

whereas the recurrent exceedances associated with C3 indicate repeated departures from the 

bay- and month-specific background. Thus, a sampling unit with pronounced seasonality 

does not necessarily represent a location with recurrent monitoring concern. For Fujian coastal 

bays, separating these two dimensions prevents predictable seasonal maxima from being 

treated as equivalent to recurrent high-Chl-a exceedance and provides a clearer basis for mon-

itoring-priority screening. 

4.3. Monitoring-Priority Differentiation and Exploratory Environmental Diagnostics 

The monitoring-priority structure differed markedly among bays (Figures 6 and 7). 

Sansha Bay (SSB) and Xinghua Bay (XHB) contained more high-priority and medium-

priority units, and multiple priority classes coexisted within each bay (Figure 7). This spa-

tial heterogeneity was consistent with the seasonal phenological-regime analysis, which 

identified multiple seasonal Chl-a regimes within the larger bays. These large and geo-

morphologically complex bays share several conditions that may favour the accumula-

tion, persistence, and recurrence of high-Chl-a states: restricted inner-bay water exchange, 

land-derived nutrient inputs from river discharge and urban runoff, and intensive coastal 

aquaculture. In Fujian nearshore waters, high-Chl-a signals have been reported around 

major mariculture bays, including SSB and XHB. In SSB, nutrient dynamics are influenced 

jointly by riverine inputs, intensive mariculture, and exchange with adjacent coastal water 

[47–49]. A historical source assessment across seven Fujian bays reported the highest total 

nitrogen and total phosphorus loads in XHB and identified land-based discharges and 

aquaculture as major regional pollution sources [26]. Published studies also document 

substantial anthropogenic nutrient pressures in XMB and QZB, although the main source 

areas differ: major pollution inputs to XMB are concentrated around the Jiulong River 

Estuary and the western and northern inner-bay waters, whereas higher nutrient pressure 

in QZB occurs near the Jinjiang Estuary, the southern inner bay, and shoreline outfalls. 

The higher-priority units were mainly located in inner-bay settings, where nutrients de-

livered by river discharge and urban runoff, together with aquaculture-derived materials, 

may be retained for longer periods under limited flushing conditions. Bay-mouth and rel-

atively open-water units are more strongly affected by tidal flushing, dilution, and off-

shore exchange, which may reduce the persistence of locally elevated Chl-a. This spatial 

pattern indicates that recurrent high-Chl-a signals are structured by both bay-scale con-

trasts and intra-bay gradients. 

Monsoon alternation provides a temporal gating mechanism through which these 

spatial gradients are expressed as phenological signals. During the northeast monsoon 
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season, enhanced coastal currents, vertical mixing, and nearshore water intrusion can re-

plenish nutrients in semi-enclosed bays and sustain elevated winter–spring Chl-a condi-

tions (Figure 3). 

During the southwest monsoon season, wind-driven upwelling along the western 

Taiwan Strait and in topographically favourable areas may inject subsurface nutrients into 

the euphotic zone and modify the timing of summer Chl-a enhancement [50]. These sea-

sonal source pathways provide bay-specific context for the observed Chl-a patterns. In 

SSB, winter nutrient enrichment has been linked to the intrusion of nutrient-rich coastal 

water superimposed on mariculture inputs, whereas XMB experiences strong flood-sea-

son pollutant delivery through the Jiulong River and a documented concentration of his-

torical red-tide events in late spring and summer [47,51,52]. Ecological responses within 

Fujian bays depend on whether these external nutrient pulses are retained long enough 

to support phytoplankton growth. The same upwelling signal may generate a clear Chl-a 

response in retention-prone inner-bay waters, appear weaker near well-flushed bay 

mouths, or form transient offshore high-Chl-a patches when biomass is mainly controlled 

by lateral transport [53]. 

Distance to the bay mouth provides an integrated spatial proxy for this inner-bay–

bay-mouth gradient. This variable primarily represents differences in water-exchange in-

tensity, tidal flushing, residence time, dilution capacity, and material-retention potential. 

River discharge, urban runoff, sewage outfalls, and many aquaculture activities are com-

monly concentrated near river estuaries, shorelines, and inner-bay waters, whereas 

coastal-current intrusion and upwelling may deliver nutrients from the bay mouth or ad-

jacent shelf. It therefore helps explain why recurrent high-Chl-a anomalies were more 

likely to occur in exchange-limited inner-bay units. In the machine-learning diagnostics, 

distance to the bay mouth ranked highest in random forest permutation importance (Fig-

ure 8c), further supporting the inference that high-anomaly susceptibility is strongly con-

strained by the intra-bay exchange–residence–dilution continuum. This result is con-

sistent with the inward concentration of high-priority units shown in Figures 6 and 7. 

4.4. Uncertainty Analysis and Limitations 

Several sources of uncertainty define the spatial and interpretive scope of this satel-

lite-based screening framework. Satellite-derived Chl-a in coastal waters can be affected 

by optical complexity, suspended particulate matter, coloured dissolved organic matter, 

shallow-water effects, and algorithm uncertainty [54–56]. In addition, the approximately 

4 km sampling-unit scale cannot resolve fine-scale aquaculture structures, small estuarine 

plumes, or nearshore gradients. Only one and four retained satellite-based sampling units 

were available for Luoyuan Bay and Meizhou Bay, respectively. Their results therefore 

provide localized descriptive evidence rather than bay-representative estimates. These 

bays were retained to preserve regional geographic coverage and to demonstrate the ap-

plication of the framework under limited spatial coverage, whereas the principal compar-

ative interpretations were based on the five bays with broader retained-unit representa-

tion. Targeted field validation would further clarify the ecological interpretation of recur-

rent high-Chl-a exceedances, while the present framework provides a reproducible ap-

proach for regional screening and monitoring-priority identification. 

5. Conclusions 

This study used a reproducible sampling-unit framework to characterize long-term 

satellite-derived Chl-a dynamics in seven representative Fujian coastal bays. The results 

showed clear differences in Chl-a seasonality among bays. Sansha Bay and Xinghua Bay 

exhibited strong winter or late-year signals, Xiamen Bay showed a warm-season peak, 

and Quanzhou Bay reached a local peak in early autumn. 
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At the sampling-unit scale, four seasonal phenological regimes were identified. C2 rep-

resented a winter-enhanced, high-amplitude regime, whereas C3 was associated with more 

frequent bay-relative high-Chl-a anomalies. The coexistence of multiple phenological types 

within Sansha Bay and Xinghua Bay indicates substantial intra-bay heterogeneity. 

The monitoring-priority classification translated seasonal rhythm and high-anomaly in-

formation into a spatial screening layer. High-priority and medium-priority units were 

concentrated mainly in Sansha Bay and Xinghua Bay, whereas Dongshan Bay and Quan-

zhou Bay showed more localized high-priority units. The proposed workflow provides 

an interpretable basis for targeted coastal-bay monitoring and subsequent field validation. 
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