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Abstract 

Tropical lake ecosystems are vulnerable to degradation due to climate change and anthro-
pogenic pressure. These dual pressures lead to ecological change and alterations in 
aquatic parameters, including chlorophyll-a (Chl-a). Lake Poso is the third-largest lake in 
Indonesia; Chl-a variability and phenology in this tropical lake remain understudied due 
to brief observational records. This study characterizes the spatiotemporal variability and 
phenology of Chl-a in Lake Poso, Indonesia, over two decades (2003–2025) to establish a 
multi-decadal baseline and detect early indications of increasing phytoplankton biomass. 
Chl-a was derived from combined Terra and Aqua MODIS observations processed in 
Google Earth Engine, followed by trend, phenological, and spatial analyses. Results reveal 
a significant increase in annual Chl-a and a general upward tendency across the study 
period. Climatological reconstruction identifies a distinct bimodal phenology, with a pri-
mary peak in December and a secondary peak in April. Interannual trends show no sig-
nificant shift in Start of Season timing; however, primary peak magnitudes tend to in-
crease (+0.079 mg m−3 yr−1), largely influenced by extreme episodic anomalies. Spatial anal-
ysis reveals heterogeneous increases in Chl-a, particularly in the central and northern 
zones. These findings suggest a possible early trajectory toward higher phytoplankton 
biomass and establish the first satellite-derived multi-decadal Chl-a baseline for Lake 
Poso. 
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1. Introduction 
Global ecosystems, including freshwater systems, are being substantially reshaped 

by climate change [1]. Beyond climate pressure, freshwater ecosystems worldwide are 
simultaneously burdened by anthropogenic activities and catchment-scale environmental 
change, making them increasingly susceptible to ecological degradation [2–4]. In lakes, 
Chl-a is an important indicator of ecosystem conditions. It is used to quantify phytoplank-
ton biomass, trophic status, and aquatic ecosystem health and degradation [5,6]. Analyz-
ing strong Chl-a variability is crucial for understanding lake phytoplankton biomass pat-
terns, phenological shifts, and the potential for ecosystem degradation, which may be as-
sociated with climate change and anthropogenic pressures [7]. Beyond changes in mean 
Chl-a concentration, the seasonal organization of phytoplankton biomass, commonly re-
ferred to as Chl-a phenology, provides additional ecological information on when produc-
tivity begins to increase, when seasonal peaks occur, how intense those peaks are, and 
how long elevated productivity persists within an annual cycle [8,9]. 

Current studies on long-term lake Chl-a variability are dominated by temperate [10–
12] and subtropical regions, where Chl-a dynamics are driven by seasonal fluctuations in 
lake temperature and stratification, as well as light and nutrient availability [13–15]. In 
contrast, research on Chl-a variability and lake phenology in equatorial regions, including 
Indonesia, is relatively rare [16]. Indonesia has over 840 lakes and 162 dams, but there are 
limited systematic studies on long-term Chl-a characteristics and trends [17,18]. Previous 
studies in Indonesia have been conducted at Lake Towuti, Rawapening, and Lake Warna, 
using paleolimnological approaches, including sediment core analysis, to reconstruct past 
conditions [16,19–21]. However, there remains a profound lack of literature that explores 
Chl-a variability through continuous time-series monitoring and phenological analysis 
[22]. These lakes may be influenced not only by local catchment processes, but also by 
monsoonal rainfall and large-scale climate anomalies such as El Niño-Southern Oscilla-
tion (ENSO), which may affect hydrological inputs, water-column stability, and phyto-
plankton productivity. 

Lake Poso is the third largest and one of the oldest tropical lakes in Central Sulawesi, 
Indonesia. As an ancient lake formed through tectonic activity, Lake Poso is characterized 
by high levels of endemic biodiversity and long sediment records accumulated over geo-
logical timescales. These characteristics make ancient lakes particularly sensitive indica-
tors of long-term environmental change, as their biological communities have co-evolved 
with regional climate dynamics and are therefore more vulnerable to novel anthropogenic 
and climatic pressures compared to younger lake systems [23,24]. The lake plays an im-
portant role in the local community, serving as a means of transportation and supporting 
agriculture, fisheries, tourism, and surrounding settlements. Other pressures affecting 
changes in the ecological condition of Lake Poso include land-cover changes within the 
catchment area. Hydrological modification of the lake upstream to optimize water storage 
capacity has altered seasonal water fluctuations, leading to the accumulation of organic 
matter in the shallow zone. This condition causes changes in Total Suspended Solids, Dis-
solved Oxygen, Chemical Oxygen Demand, Nitrate, and phosphorus [25,26]. Deforesta-
tion in the catchment area due to plantation activities, agricultural expansion, and natural 
forest canopy loss has increased soil erosion, leading to sedimentation and nutrient 
transport to the water body [25,27]. 

A historical study by Lehmusluoto et al. [28] in the early 1990s shows that Lake Poso 
had an oligotrophic (low productivity) status. However, the recent studies by Sulawesty 
et al. [29] and Kaban et al. [27] found that Poso Lake has a mesotrophic to eutrophic status. 
These phenomena may be associated with increased nutrient intake and other factors, 
such as erosion and sedimentation, that lead to eutrophication, which has multidimen-
sional consequences for water and ecological quality, as well as socioeconomic impacts 
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[30–33]. However, the extent to which these reported trophic changes are expressed in 
long-term Chl-a variability, seasonal timing, and spatial distribution remains poorly un-
derstood. Water quality monitoring in Indonesia’s lakes, including Poso, is generally con-
ducted in a fragmented and limited snapshot of time points, such as single-season surveys 
[27,29], solitary [25], and short-term temporal [34]. As a result, the historical record is too 
brief to capture actual temporal variations in Chl-a. This limitation complicates interpre-
tation, as single measurements may reflect only short-lived anomalies or temporary sea-
sonal shifts rather than long-term trends [8,35]. 

This fundamental limitation of continuous, spatially consistent data can be overcome 
through satellite remote sensing, which offers systematic, repeated observations across 
entire lake surfaces and provides the long-term historical archive necessary for robust 
phenological and trend analysis. In recent years, several studies have applied satellite re-
mote sensing to monitor Chl-a and other water-quality parameters in Indonesian and 
Southeast Asian inland waters [36]. Used Landsat 8 OLI imagery for multitemporal Chl-
a monitoring in Lake Matano and Lake Towuti, demonstrating the applicability of me-
dium-resolution satellite data for relatively clear Indonesian lakes but also highlighting 
the influence of atmospheric correction uncertainty on Chl-a estimation [37]. Assessed re-
mote sensing of water quality in Lake Toba by constructing satellite-based time series of 
turbidity and Chl-a as indicators of eutrophication, while Lalovic et al. [37] used Sentinel-
2 imagery to estimate several water-quality parameters, including Chl-a, in Lake Rawa 
Pening. At the Southeast Asian scale, satellite observations have also been used to estimate 
Chl-a and monitor algal blooms in Laguna de Bay, Philippines, using Sentinel-2 and Sen-
tinel-3 data [38,39]. These studies provide an important foundation for remote sensing of 
inland waters in the region. However, they have generally focused on algorithm evalua-
tion, Chl-a estimation, short-term spatial mapping, validation against field measurements, 
limited image-date comparisons, or event-based monitoring, rather than continuous 
multi-decadal reconstruction of Chl-a variability and phenology [36,37,40]. Although 
high-resolution imagery such as Sentinel-2, Landsat 8/9, or Planetscope is ideal for analy-
sis in confined areas such as lakes, their revisit frequency and historical continuity may be 
less suitable for extracting consistent multi-decadal phenological metrics. Whereas sen-
sors such as Moderate Resolution Imaging Spectroradiometer (MODIS) provide high-fre-
quency observation and have been available since the early 2000s, offering an opportunity 
to reconstruct long-term Chl-a variability at monthly, seasonal, interannual, and pheno-
logical scales. Remote sensing data are crucial for analysis of long-term variability within 
a climatological framework. 

Previous long-term time-series research on lake Chl-a was conducted by Cao et al. 
[41], who analyzed variability in eutrophic Lake Taihu (China) from 1984 to 2019. Simi-
larly, Palmer et al. [8] demonstrated that satellite remote sensing can be used to retrieve 
and map phytoplankton phenology in Lake Balaton (Hungary) using ten years of Medium 
Resolution Imaging Spectrometer (MERIS) satellite time-series data, while Maeda et al. 
[35] reconstructed more than three decades of Landsat-derived Chl-a in high-latitude 
Finnish lakes to examine temporal shifts in phytoplankton phenology. Collectively, these 
studies demonstrate that satellite time-series data extend beyond spatial Chl-a mapping, 
enabling the quantification of bloom phenology, including timing of onset, peak magni-
tude, bloom duration, and interannual trajectories, across multi-decadal observation win-
dows. Although satellite studies have been conducted in Indonesia and Southeast Asia, 
long-term analyses are still lacking to understand monthly, seasonal, and interannual 
changes, long-term trends, the timing and magnitude of blooms, and how these patterns 
vary in tropical lakes. To date, no study has reconstructed a continuous multi-decadal 
MODIS-derived Chl-a time series for Lake Poso that simultaneously addresses long-term 
trend detection, phenological characterization, and spatial heterogeneity, leaving a critical 
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gap in understanding productivity dynamics of this ancient tropical lake over climate-
relevant timescales. 

Consequently, a systematic assessment of multi-decadal Chl-a dynamics in tropical 
lakes is imperative to elucidate how these ecosystems respond to the interplay of regional 
monsoonal forces and global climatic anomalies. The current study aimed to investigate 
the spatio-temporal variability, phenological patterns, and long-term trends of MODIS-
derived Chl-a concentration in Lake Poso, Indonesia, spanning 2003 to 2025 using com-
bined Terra and Aqua observations. Specifically, this study seeks to (1) characterize the 
monthly, seasonal, and interannual variability of Chl-a concentration over more than two 
decades; (2) identify long-term trends and phenological characteristics of Chl-a dynamics, 
including the timing, magnitude, and persistence of seasonal productivity peaks; and (3) 
examine the spatial heterogeneity of Chl-a concentration across Lake Poso to determine 
whether distinct lake zones exhibit different productivity patterns. 

2. Materials and Methods 
2.1. Study Area 

Lake Poso is located in Poso Regency, Central Sulawesi Province, Indonesia (coordi-
nates range from 1°44′40.7″ S to 2°03′41.2″ S and 120°30′46.3″ E to 120°42′49.1″ E; Figure 
1). The lake is an ancient tectonic lake and is situated at approximately 485 m above sea 
level. Recent studies describe Lake Poso as the third-largest lake in Indonesia, with a sur-
face area of approximately 368.9 km2 and a maximum depth of approximately 400 m [25]. 
This lake lies in the collision zone between the Eurasian and Pacific tectonic plates, over 
metamorphic bedrock. The local climate around Lake Poso is humid tropical, with an av-
erage annual rainfall of 3075 mm. The rainy season peaks in April and May, and the dry 
season in August and September. Rainfall in these areas is influenced by Sea Surface Tem-
perature (SST) variability in the western Pacific and ENSO [42]. 

 

Figure 1. Study area. 
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Indonesia has three main rainfall patterns: monsoon, equatorial, and local. The Lake 
Poso catchment lies within the equatorial rainfall zone, receiving two rainfall peaks annu-
ally linked to the northward and southward migration of the Inter-Tropical Convergence 
Zone (ITCZ) across the equator. The ITCZ’s six-month cycle provides a persistent signal 
marking the onset of the rainy season. This is reflected in the average monthly rainfall 
climatology from Climate Hazards Center Infrared Precipitation with Stations (CHIRPS) 
data (2003–2025) in the Lake Poso watershed, which shows two distinct rainfall peaks. 
The first and highest rainfall is in April, with a secondary peak in November, separated 
by a dry-season minimum in August (Figure 2). 

 

Figure 2. Climatological mean monthly rainfall over the Lake Poso watershed based on CHIRPS 
data for 2003–2025. 

2.2. Data Acquisition 

This study uses the MODIS sensor for Chl-a analysis, which was acquired and ana-
lyzed in Google Earth Engine (GEE), a cloud computing platform highly effective for tem-
poral and spatial data analysis. To ensure data availability, we used both Terra MODIS 
(MOD09GA.061) and Aqua MODIS (MYD09GA.061) daily surface reflectance products 
over the observation period from January 2003 to December 2025. 

The MOD09GA and MYD09GA Version 6.1 products provide atmospherically cor-
rected surface reflectance for MODIS bands 1–7, with 500 m surface reflectance bands and 
1 km observation and quality assurance layers. Because both Terra and Aqua observations 
were used, the combined dataset increased temporal sampling density and reduced data 
gaps caused by cloud contamination, scan geometry, and missing observations. Chl-a is 
calculated separately for each daily Terra and Aqua image. The daily Chl-a values from 
both sensors are then combined into a monthly composite using a per-pixel median, which 
is robust to outliers and residual cloud contamination. Combining both sensors also in-
creases the number of valid daily observations available for each monthly composite, im-
proving temporal representativeness relative to using a single sensor’s overpass alone. 
However, no explicit correction was applied for potential systematic differences between 
Terra and Aqua arising from their distinct overpass times or from long-term sensor cali-
bration drift, as concurrent in situ data needed to characterize such differences were not 
available for Lake Poso. 

The study area boundaries were precisely defined to ensure spatial consistency over 
two decades of observation. We applied the Normalized Difference Water Index (NDWI) 
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on the Landsat 7 ETM (2003) and Landsat 8 OLI imagery to delineate the water surface 
area. The extraction results were overlaid to construct a temporally consistent water mask 
representing the stable open-water surface of Lake Poso during the study period. To en-
sure accurate Chl-a extraction, a 1500 m internal buffer zone from the lakeshore was ap-
plied. These procedures are crucial for removing spectral noise along the shoreline, reduc-
ing the adjacency effect of land reflectance, avoiding interference from water-bottom re-
flectance in the shallow littoral zone, and eliminating Chl-a detection from aquatic plants 
along the lake shore [43,44]. The final analysis mask therefore represents the inner open-
water zone of Lake Poso and was used consistently for all temporal, phenological, trend, 
and spatial analyses. 

2.3. Pre-Processing 

The preprocessing procedure was applied in GEE to minimize bias caused by atmos-
pheric disturbances. This step is necessary given the characteristics of the tropical region, 
with high cloud cover and humidity. To ensure the quality of surface reflectance data, we 
applied the atmospheric and Cloud Masking algorithm using bitwise operations on the 
MODIS quality bands by extracting information from the state_1 km and QC_500 m bands. 
In the state_1 km band, several bitwise operations are used to identify and remove pixels 
detected as cloud (bits 0–1), cloud shadows (bit 2), and the internal cloud algorithm flag (bit 
10). The information in the QC_500 m band was processed to evaluate sensor integrity at 
500 m resolution, ensuring that only the best reflectance estimates are used in analysis. 

Although the study area boundaries were defined by overlaying NDWI extraction 
and buffer areas, red-band-based filtering was applied to ensure the quality of water pix-
els. This filtering process used the reflectance pixel value to identify and remove pixels 
with negative or zero reflectance values, producing only positive pixel values. Negative 
and zero reflectance indicate a very dark cloud shadow, sensor detection failure, or a 
shadow-edge pixel that passes the bitwise correction [45]. This additional filtering step 
was used as a conservative quality-control procedure to ensure that Chl-a estimation was 
applied only to valid water pixels. 

2.4. Algorithm and Data Processing 

The Chl-a concentration was estimated using a 4th-order polynomial empirical 
model based on the NASA Ocean Color 3 for MODIS (OC3M) Algorithm [46,47], as 
adapted to the spectral band configuration of the MOD09GA/MYD09GA surface reflec-
tance product [48]. This algorithm uses the band-ratio reflectance values at the blue and 
green wavelengths to identify phytoplankton pigment absorption in water optics. The 
physical basis of this approach is that Chl-a strongly absorbs light at the blue wavelength 
while reflecting green wavelengths. Hence, an increasing Chl-a concentration yields a pro-
gressively smaller blue-to-green reflectance ratio [49]. The standard OC3M formulation 
requires remote sensing reflectance (Rrs) to be derived from the maximum of the two blue 
channels (443 nm, 488 nm) and the green channel (547 nm) [50]. However, the 
MOD09GA/MYD09GA product provides only seven land surface reflectance bands (B01–
B07) and does not include the 443 nm or 488 nm bands. Consequently, a single-band ad-
aptation, Band 3 (469 nm), was used as the blue proxy and Band 4 (555 nm) as the green 
reference, following precedents in the inland water remote sensing literature [51,52]. It is 
important to note that MOD09GA provides atmospherically corrected land surface reflec-
tance (ρsur), which is conceptually distinct from above-surface remote sensing reflectance 
(Rrs) for which OC3M was originally formulated. The atmospheric correction applied in 
MOD09GA (MAIAC-based or standard 6S) is optimized for land surfaces and does not 
include the aerosol and sun-glint corrections specific to open-water retrievals. Further-
more, because MODIS Bands 3 and 4 were substituted for the standard OC3M bands and 
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the original polynomial coefficients were applied directly without site-specific field cali-
bration, the model lacks direct empirical validation. Consequently, the derived Chl-a val-
ues must be interpreted strictly as a relative proxy for phytoplankton biomass rather than 
absolute, validated concentrations. Absolute values should not be interpreted as direct 
equivalents of laboratory-measured chlorophyll-a concentrations because no local calibra-
tion or validation dataset was available. This approach is nonetheless consistent with re-
cent inland water studies that have applied land-optimized surface reflectance products 
for long-term Chl-a trend analysis in the absence of water-specific atmospheric correction 
[51,52]. The main indicator of this algorithm is the spectral ratio between the surface re-
flectance at the Blue channel/Band 3 (459–479 nm) and the Green channel/Band 4 (545–565 
nm), calculated using Equation (1). 𝑋 = 𝑙𝑜𝑔ଵ଴ ൬ 𝜌௦௨௥ (𝐵𝑙𝑢𝑒 𝐵𝑎𝑛𝑑)𝜌௦௨௥ (𝐺𝑟𝑒𝑒𝑛 𝐵𝑎𝑛𝑑)൰ (1)

The Chl-a value, expressed as a nominal concentration (mg m−3), was retrieved using 
a fourth-order polynomial function of X, as defined in Equation (2): 𝐶ℎ𝑙 − 𝑎 = 10(௔బା௔భ௑ା௔మ௑మା௔య௑యା௔ర௑ర) (2)

where   the coefficients are 𝑎଴ = 0.2424; 𝑎ଵ = −2.7423; 𝑎ଶ = 1.8017;  𝑎ଷ =0.0015;𝑎𝑛𝑑 𝑎ସ = −1.2280 , standard OC3M polynomial coefficients in NASA OCv6 
(https://oceancolor.gsfc.nasa.gov/data/reprocessing/r2009/ocv6/, accessed on 20 Decem-
ber 2025). To ensure the reliability and validity of the Chl-a value, we remove outlier data 
that may be caused by sun glint or thin cloud cover. The Chl-a estimation values are lim-
ited to the range of 0 to 100 mg m−3. 

2.5. Data Analysis 

2.5.1. Chlorophyll-a Analysis 

Chl-a estimation was conducted on daily MODIS data. We applied a composite ag-
gregation process and used the median operator to produce monthly composite data, mit-
igating extreme and null values caused by atmospheric contamination or those that re-
mained after cloud masking. We also applied annual and seasonal aggregation to produce 
the spatial composite of Chl-a concentration using the mean operator. Due to cloud-cover 
dynamics in Central Sulawesi, we also applied quality control to data based on percent 
cover. The cloud-masking process may leave only a small portion of the image available for 
Chl-a analysis, resulting in a generalized Chl-a profile. To ensure spatial representativeness 
of monthly composites while retaining sufficient temporal coverage given the high cloud 
frequency of the tropical study region, a month was retained for analysis only if at least 25% 
of pixels within the inner buffer zone were cloud-free. This threshold was selected to balance 
data completeness and the risk of spatial bias introduced when composites are derived from 
a very small fraction of available pixels. The months that do not meet this threshold are 
labeled “NaN” and excluded from the composite and statistical analyses. 

The Chl-a concentration processing results are exported as a raster (.tif), and the pixel 
values are extracted into a monthly tabular format for further analysis over 23 years. Tem-
poral analyses are conducted to cover monthly, seasonal, and interannual variability. 
Long-term trends were identified using the moving average method to eliminate short-
term anomalies and reveal systematic patterns of Chl-a concentration changes throughout 
the study period/Spatial pattern analysis was conducted through visual and quantitative 
interpretation of Chl-a concentration distributions in annual and seasonal climatology 
composites to identify the spatial dynamics of Chl-a distribution in the study area. 
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2.5.2. Phenology Analysis 

Phenology is a scientific discipline that studies the timing of periodic events in the 
life cycles of flora and fauna, which are significantly influenced by environmental condi-
tions and climate pressure [53]. Over time, this terminology has also been widely applied to 
represent the biological event [54]. Measuring phenological metrics is essential for quanti-
fying organisms’ life cycles and estimating shifts in biological responses due to environmen-
tal change [53]. Understanding these phenological patterns is important for assessing the 
ecological status of a water body and identifying factors driving environmental changes, 
such as temperature stratification, solar radiation, and ice cover. A study by Maeda et al. 
[35] examined the seasonal patterns and temporal dynamics of phytoplankton blooms. 

To get a comprehensive understanding of Chl-a seasonal dynamics, we applied phe-
nological analysis using a hydrologically based time-series reconstruction rather than the 
standard calendar (January–December) to produce a representative pattern of results. We 
used the hydrological year that runs from July to June. This setting aims to show the tran-
sition from the dry season (August–September) to the wet Season in one cycle, which is 
driven by the northward shift in the Inter-Tropical Convergence Zone (ITCZ) and modu-
lated by ENSO variability [55,56]. The discrete monthly composite data were converted 
into a continuous daily time series (365 days) using a standard Cubic Spline interpolation 
(k = 3) technique. This method can produce smooth curves while preserving the pattern’s 
characteristics without introducing extreme artificial oscillations. These daily curves serve 
as the primary basis for extracting phenological metrics with higher temporal resolution. 

The long-term monthly data (2003–2025) are grouped by hydrological months to cre-
ate the climatology pattern. We analyzed several phenology metrics, including Start of 
Season (SOS), End of Season (EOS), Peak of Season (POS), and Position of Trough (POT). 
SOS is the midpoint of the early Chl-a bloom phase, indicating the first day on which the 
Chl-a concentration exceeds the threshold (>40%), marking the start of a consistent up-
trend (minimum of 10 days). POS refers to the day of the year on which the reconstructed 
Chl-a curve reaches its maximum value within the defined hydrological year, represent-
ing the timing of maximum seasonal phytoplankton biomass or Chl-a concentration [8,35]. 
For example, if the maximum reconstructed Chl-a value occurs in October within the July–
June hydrological cycle, the POS is assigned to the corresponding day in October. EOS 
indicates the time point after the POS at which it moves below the threshold. POT shows 
the lowest Chl-a value in a cycle. We used a threshold of 40% of the annual concentration, 
as defined in Equation (3). 𝑇𝑟𝑒𝑠ℎ𝑜𝑙𝑑 =  𝐶ℎ𝑙 − 𝑎௠௜௡ + 0.40 × (𝐶ℎ𝑙 − 𝑎௠௔௫ − 𝐶ℎ𝑙 − 𝑎௠௜௡) (3)

The 40% amplitude threshold was used to identify the onset and decline of elevated 
Chl-a conditions while reducing sensitivity to short-lived fluctuations. Relative amplitude 
thresholds are commonly used in phenological studies to extract seasonal transition 
points from smoothed biological time series. However, the selected threshold should be 
interpreted as an operational definition of seasonal Chl-a increase rather than a universal 
ecological boundary. 

Based on the literature, there is no absolute threshold for determining phenological 
metrics such as SOS and EOS; it largely depends on the signal-to-noise ratio and seasonal 
amplitude characteristics of the study site [57,58]. Previous studies have widely used 
thresholds ranging from 10% [58] to 15–35% [59–61] and up to 50%. Comprehensive eval-
uations by Ren et al. [62] suggest an optimal range of 25–40%. A stricter 50% threshold 
has also been used, particularly for high-latitude lakes with freeze-driven blooms [35]. 
Therefore, the 40% threshold is considered sufficient to capture the early and end phases 
of biological growth affected by monsoon variability. 
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In addition to the climatological analysis, trend analysis was used to evaluate shifts 
in the pattern of Chl-a concentration over time. The trend shift was analyzed using a de-
viation index, calculated each year relative to the long-term climatological means, with 
the Mann–Kendall and Sen’s Slope Estimator. 

2.5.3. Spatial Variability Analysis 

Spatial variability analysis was conducted to examine the heterogeneity of Chl-a con-
centration across Lake Poso. The study aims to determine whether distinct lake zones have 
different productivity patterns. Seasonal and annual climatological composites were gener-
ated from valid Chl-a pixels during 2003–2025. These composites mapped the long-term 
mean spatial distribution of Chl-a. They also identified persistent high- and low-concentra-
tion areas within the inner open-water zone. Subsequently, for seasonal variability, the sea-
sonal mean data are based on the standard seasonal period (DJF, MAM, JJA, SON). 

Pixel-based descriptive statistics, including monthly, seasonal, and annual mean, 
were calculated to quantify the magnitude and stability of spatial Chl-a patterns. Spatial 
interpretation explored differences between central open-water areas and zones near potential 
catchment or hydrological influences. The 1500 m internal buffer was applied to minimize 
shoreline adjacency effects. The resulting spatial products supplement temporal and pheno-
logical analyses. They help determine whether long-term Chl-a dynamics are spatially homo-
geneous or whether some Lake Poso zones consistently exhibit distinct productivity. 

3. Results 
3.1. Temporal Variability 

3.1.1. Monthly Variability 

Valid-pixel coverage across the retained monthly composites was at least 25%, with 
the majority of months (66%) exceeding 75% coverage and 85% exceeding 50% coverage. 
Only 16% of retained months fell within the 25–50% coverage range. Figure 3 illustrates 
the monthly trend of Chl-a variability in the study area. The results indicate a general 
increase in Chl-a concentration, with 10 of 12 months showing an upward trend. How-
ever, after applying temporal autocorrelation using the Trend-Free Pre-Whitening 
(TFPW) and multiple comparisons with the False Discovery Rate (FDR) method, no sta-
tistically significant increasing trends were detected. The strongest monthly increase oc-
curred in December (Sen’s slope = 0.0769 mg m−3 yr−1 [95% CI: 0.0180, 0.1500], τ = 0.4526, p 
= 0.0698). Notably, April exhibited pronounced interannual variability, with high Chl-a 
values in 2016 and 2022, while in the previous decade, the values for that month consistently 
remained below 3 mg m−3. In July, recurrent spikes in Chl-a were recorded in several years: 
2007 (4.44 mg m−3), 2013 (4.39 mg m−3), 2020 (3.23 mg m−3), and 2022 (6.93 mg m−3). In contrast, 
a downward trend was identified in February and August. March, May, and October dis-
played relatively stable interannual variability compared with highly volatile months such 
as April, July, and December. Overall, the monthly analysis reveals that long-term Chl-a 
intensification in Lake Poso is temporally asymmetric during the October–December tran-
sition period, but not statistically significant. This pattern may indicate that the processes 
associated with higher Chl-a concentrations are most active during the onset of the wet sea-
son but exhibit high interannual variability rather than a consistent long-term trend. 
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Figure 3. Monthly trends of MODIS-derived Chl-a in Lake Poso, 2003–2025. The red dotted lines 
indicate the Sen’s slope trendline. 

3.1.2. Seasonal Variability 

Figure 4 illustrates the seasonal variability of Chl-a from 2003 to 2025, divided into 
four periods: December, January, and February (DJF); March, April, and May (MAM); 
June, July, and August (JJA); and September, October, and November (SON). The findings 
indicate that DJF has the highest ensemble mean of Chl-a, at 2.33 mg m3, along with the 
greatest variability. In contrast, SON has the lowest mean at 1.97 mg m−3 and exhibits the 
most stable trend. Across all seasons, there is an upward trend, but the Mann–Kendall 
results show that only SON exhibited a statistically significant increase (Sen’s slope = 
0.0276 mg m−3 yr−1, τ = 0.4348, p = 0.0040). MAM also showed a positive tendency (Sen’s 
slope = 0.0259 mg m−3 yr−1, τ = 0.2925), although the trend was only marginally significant 
(p = 0.0538). DJF and JJA showed weaker and non-significant trends. These results suggest 
that the long-term Chl-a increase was most statistically robust during the SON season, 
primarily because its low interannual variability enhanced the signal-to-noise ratio. In 
contrast, the absolute maximum biomass and strongest interannual fluctuations remained 
concentrated during the DJF period. 



Limnol. Rev. 2026, 26, 45 11 of 27 
 

https://doi.org/10.3390/limnolrev26030045 

 

Figure 4. Seasonal means (averaged over three months) of MODIS-derived Chl-a in Lake Poso, 
2003–2025: DJF (December–January–February), MAM (March-April-May), JJA (June–July August), 
and SON (September–October–November). The dot lines indicate the Sen’s slope trendline. 

3.1.3. Annual Variability 

At the interannual scale, annual mean Chl-a concentration (Figure 5) ranged from 
1.52 to 3.47 mg m−3, with the lowest value recorded in 2005 and the highest in 2022. The 
mean Chl-a concentration over the full study period was 2.14 mg m−3 (SD = 0.42), a value 
broadly consistent with mesotrophic conditions based on proxy-derived Chl-a estimates. 
Annual Chl-a remained mostly below 2 mg m−3 during 2003–2008, increased episodically in 
2009 and 2013, and became more variable after 2021. The highest annual mean in 2022 ex-
ceeded the previous major peak in 2009, while Chl-a in 2025 remained among the highest val-
ues in the 23-year record. The Mann–Kendall test indicated a statistically significant increasing 
trend in annual Chl-a concentration (τ = 0.3162, p = 0.0369), with a Sen’s slope of 0.0270 mg m−3 
yr−1. This indicates a gradual long-term increase in annual Chl-a, accompanied by a recent 
period of enhanced variability and elevated annual concentrations during 2022–2025. 
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Figure 5. Annual variability and Mann–Kendall trend of MODIS-derived Chl-a in Lake Poso, 2003–
2025. Error bars represent the standard error of the mean (SEM). The red dotted lines indicate the 
Sen’s slope trendline. 

3.1.4. Long-Term Trend and Phenology Analysis Result 

Figure 6 illustrates a long-term trend analysis using a 12-month moving average 
(MA) of the monthly dataset. This MA was applied to reduce seasonal noise and highlight 
interannual-to-decadal variation in MODIS-derived Chl-a. From 2003 to 2007, Chl-a levels 
remained below 2 mg m−3. In contrast, between 2008 and 2014, Chl-a levels exceeded 2 mg 
m−3, with peak values in 2009 and 2013. A declining trend was observed from 2015 to 2020, 
followed by a significant increase beginning in 2021, with a pronounced rise in 2022. Over-
all, the data show an upward trend from 2003 to 2025, although the moderate R2 value 
indicates that the long-term increase was accompanied by substantial interannual varia-
bility. Additionally, the top 10% of monthly Chl-a concentrations reached 3 mg m−3, and 
the number of months with Chl-a levels at or above this threshold increased. The recur-
rence of months with Chl-a ≥ 3 mg m−3 increased over time, suggesting a recent intensifi-
cation of high-Chl-a events in Lake Poso. 

 

Figure 6. Long-term trend and recurrence of high Chl-a events in Lake Poso from 2003 to 2025. 
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Figure 7 illustrates the long-term phenological analysis of Chl-a over the study pe-
riod, which was aligned with the hydrological cycle from July to June. The phenological 
analysis was divided into four stages: SOS, EOS, POS, and POT. The reconstructed clima-
tological curve reveals bimodal Chl-a phenology within the annual hydrological cycle, a 
pattern that distinguishes Lake Poso from the unimodal spring-bloom dynamics typical 
of temperate and high-latitude lakes and may reflect the dual forcing of monsoonal pre-
cipitation pulses on nutrient delivery and water column stability in this tropical deep-
water system. Using a 40% amplitude threshold of 2.16 mg m−3 (calculated from the cli-
matological minimum and maximum). The SOS occurred between November (Day 141), 
reached its POS in December (Day 167) with a climatological maximum of 2.69 mg m−3, 
and terminated EOS in January (Day 292). A secondary peak initiated in March (SOS: Day 
292), reached POS in April with a lower magnitude of approximately 2.37 mg m−3 (POS: 
Day 317), and ended in May (EOS: Day 347) with a duration of 55 days. The POT was 
observed in October at approximately 1.80 mg m−3. Overall, the phenological pattern in-
dicates two seasonal Chl-a pulses, with the dominant peak occurring in December. Com-
parative analysis across multiple threshold levels (20%, 30%, and 40%) and various inter-
polation techniques (Cubic Spline, Linear, and PCHIP) demonstrates that the bimodal sea-
sonal structure, primary peak timing, and secondary bloom dynamics are consistent 
across these methodological variations. 

 

Figure 7. Climatological reconstruction of bimodal Chl-a phenology in Lake Poso derived from 
long-term MODIS observations (2003–2025) illustrating the Start of Season (SOS), End of Season 
(EOS), Peak Magnitude, and Trough (POT) phases based on a July–June hydrological year. 

Figure 8 summarizes the interannual trends in the phenological timing and magni-
tude of Chl-a in Lake Poso from 2003 to 2025. The timing of both primary and secondary 
SOS showed no significant long-term shift, as indicated by weak negative Sen’s slopes 
(−1.64 and −0.10 days yr−1, respectively) and non-significant Mann–Kendall results (pri-
mary SOS: τ = −0.132, p = 0.483; secondary SOS: τ = −0.051, p = 0.854). In contrast, peak Chl-
a magnitude presented the strongest increasing tendency, with a Sen’s slope of +0.079 mg 
m−3 yr−1 and a positive Mann–Kendall tau (τ = 0.324), reaching marginal significance at the 
10% level (p = 0.077), due largely to high-magnitude events such as the 2022 peak. Mean-
while, trough magnitude remained statistically stable over time (τ = 0.056, p = 0.735; Sen’s 
slope = +0.0035 mg m−3 yr−1). Together, these results indicate that long-term changes in 
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Lake Poso Chl-a phenology are more evident in increasing peak intensity than in system-
atic shifts in seasonal onset timing. 

 

Figure 8. Interannual trends of Chl-a phenological metrics in Lake Poso, 2003–2025: (a) Primary Start 
of Season (SOS), (b) Secondary SOS, (c) Peak Magnitude, and (d) Trough Magnitude. 

3.2. Spatial Variability 

Figure 9 illustrates the spatial distribution of Chl-a concentration over 23 years from 
2003 to 2025. During the initial years from 2003 to 2008, Chl-a concentrations were pre-
dominantly low to moderate, ranging from 1 to 2 mg m−3, as represented by a blue-green 
color on the map. Notably, the years 2004 and 2005 exhibited particularly low concentra-
tions. In the subsequent period from 2009 to 2014, Chl-a concentrations increased, display-
ing a dominant green color, contrasting with the previous period’s blue hues. The year 
2009 experienced a marked increase in concentration compared to the prior year. How-
ever, from 2015 to 2020, there was a decline in Chl-a concentrations relative to the earlier 
2009 to 2014 period. Remarkably, between 2021 and 2025, concentrations increased sub-
stantially, with an extreme rise noted in 2022 (3.47 mg m−3), well above the 95th percentile 
threshold (2.75 mg m−3), followed by the persistence or re-emergence of elevated Chl-a 
conditions in 2023–2025. Geographically, the western side of the lake showed lower Chl-
a concentrations than other areas before 2022. However, since 2022, this area has experi-
enced an increase in concentration. The southern side of the lake remains relatively stable, 
while the central and northern sides display high volatility in Chl-a levels. Elevated Chl-
a patches were most frequently observed in the northern sector, particularly during high-
productivity years such as 2009, 2013, 2022, and 2025. In contrast, the southern sector 
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remained comparatively stable, whereas the central basin exhibited the greatest interan-
nual variability. Collectively, the spatial analyses demonstrate that long-term Chl-a inten-
sification in Lake Poso was neither temporally continuous nor spatially homogeneous. 
Rather, it was characterized by episodic expansions of elevated-concentration zones, with 
the most pronounced lake-wide signal emerging after 2021. 

 

Figure 9. Annual spatial distribution of MODIS-derived Chl-a concentration in Lake Poso, 2003–
2025. 

Figure 10 presents the mean composite of monthly climatology. The results indicate 
that December has the highest Chl-a concentration, followed by April, May, and July. This 
is shown by the wider spatial occurrence of high Chl-a classes, particularly in December, 
indicating the strongest lake-wide high-Chl-a signal within the climatological annual cy-
cle. This pattern aligns with the phenological analysis shown in Figure 7, which reveals 
that the primary peak in Chl-a concentration occurs in December, with a secondary peak 
in April and May. The lowest Chl-a concentrations are observed in September and Octo-
ber, corresponding to a POT. Additionally, low concentrations are noted in March, which 
is characterized by a dominant blue-to-green color pattern, consistent with the phenolog-
ical analysis. Thus, the monthly climatological composites confirm that the bimodal Chl-
a phenology was also expressed spatially, with a dominant productivity pulse in Decem-
ber and a secondary increase during April–May, while lower concentrations were more 
evident during March and the September–October period. 
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Figure 10. Monthly climatological spatial distribution of MODIS-derived Chl-a concentration in 
Lake Poso, 2003–2025. 

4. Discussion 
4.1. Long-Term Temporal Variability of Chl-a and Trophic Implications 

The analysis of the Chl-a time series in Lake Poso over 2003–2025 reveals a visual 
upward trajectory, although the statistical test indicates the trend is not statistically sig-
nificant (p > 0.05) (Figure 3). Despite the statistical insignificance, the 12-month moving 
average still indicates an accumulation of approximately 0.69 mg m−3 over the full obser-
vation period (Figure 6). This finding aligns with a global trend in a satellite imagery anal-
ysis of 71 major lakes worldwide [63], which concluded that the intensity of algal blooms 
has increased significantly since the 1980s, with a sharper rate of increase after 2000, sim-
ilar to Lake Poso. 

The first increase occurred in 2009 and coincided with a spike in Chl-a concentration 
in February, which reached 7.44 mg m−3. As shown in Figure 7, February falls within the 
post-peak declining phase of the primary productivity cycle, well below the climatological 
December peak, confirming that this concentration spike constitutes an anomaly relative 
to the established seasonal baseline. In the same year (2009–2010), a regional climate 
anomaly occurred, characterized by a very rapid transition from El Niño to a strong La 
Niña [64]. This transition caused climate whiplash and unseasonal forcing, potentially in-
creasing nutrient input into the lake’s waters. However, the productivity response of Lake 
Poso to ENSO forcing cannot be straightforwardly predicted, as ENSO-induced precipi-
tation anomalies across Indonesia are spatially heterogeneous and highly variable in mag-
nitude depending on the season as well as the phase and intensity of ENSO [65], such that 
the direction and magnitude of rainfall anomalies in Central Sulawesi under any given 
ENSO event cannot be assumed from broad regional generalizations alone. To further 
contextualize this interannual anomaly, Figure 11 compares the 12-month moving-
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average Chl-a series with the Niño 3.4 index and the Dipole Mode Index (DMI), which 
capture ENSO and the Indian Ocean Dipole (IOD) events. Visual inspection suggests that 
elevated Chl-a does not consistently coincide with positive Niño 3.4 or positive DMI con-
ditions, and that several episodes appear anti-phased rather than synchronous. Pearson 
correlation showed no significant relationships between raw monthly Chl-a and Niño 3.4 
(r = −0.09, p = 0.16) or DMI (r = −0.01, p = 0.88). However, moving-average Chl-a data show 
that Niño 3.4 exhibited a weak but significant negative correlation (r = −0.15, p = 0.015), 
whereas DMI remained non-significant (r = −0.07, p = 0.25). These results indicate a weak 
but detectable association between ENSO variability and longer-term Chl-a trends, but no 
discernible influence from IOD variability. This pattern is climatologically plausible be-
cause, over much of Indonesia and the Maritime Continent, El Niño and positive IOD 
generally suppress rainfall. In contrast, wetter anomalies are more often associated with 
La Niña and, in some settings, negative IOD phases. However, these relationships remain 
strongly modulated by season, region, ENSO intensity, and ENSO–IOD interaction [65–
67]. If Chl-a enhancement in Lake Poso is mediated primarily through rainfall-driven nu-
trient input from the catchment, then years with elevated Chl-a may be more consistent 
with wetter hydroclimatic anomalies than with El Niño-positive IOD conditions. How-
ever, because rainfall responses in Central Sulawesi are spatially heterogeneous and lo-
cally modulated, Figure 11 should be interpreted as qualitative evidence of possible cli-
mate co-variability rather than as proof of direct causal forcing. 

 

Figure 11. Interannual variability of the 12-month moving average chlorophyll-a in Lake Poso rela-
tive to the Niño 3.4 anomaly index and Dipole Mode Index (DMI) during 2003–2025. The dashed 
line indicates the long-term linear trend in chlorophyll-a. 

Based on a historical study [28], the baseline condition of Lake Poso is oligotrophic, 
with a Chl-a concentration of 0.28 mg m−3, and was dominated by diatoms (Aulacoseira 
sp.) in 1993. This historical reference, which predates the MODIS observation period by a 
decade, establishes a long-term ecological baseline that contextualizes the full magnitude 
of change documented in this study. The 1993 in situ value is markedly lower than the 23-
year satellite-derived mean of 2.14 mg m−3 and the estimated 2003 range of 1.41 to 3.22 mg 
m−3. However, direct comparison cannot be made due to the different methodologies. The 
1993 value is a single in situ measurement, while the MODIS estimate is a satellite-derived, 
spatially and temporally averaged retrieval that serves as a relative proxy rather than 
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field-validated absolute concentrations. Given these methodological differences and in-
herent calibration uncertainties at low Chl-a levels, the reported magnitudes must be in-
terpreted with caution. Even so, this substantial difference in magnitude is consistent with 
potential long-term variations in chlorophyll levels since the 1990s. However, in situ data 
would be needed to confirm any shift in trophic status. The extent to which this difference 
reflects genuine ecological change versus methodological artifacts cannot be precisely 
quantified with the available data. However, the consistency of MODIS-derived values 
with the independently measured ranges of Lukman [68] and Serdiati et al. [69] suggests 
the shift is not solely a methodological artifact. Other data from the early 2000s, Lukman 
[68] cited in Serdiati et al. [69], showed that Chl-a concentrations at several points in Lake 
Poso ranged from 0.24 to 1.69 mg m−3. On the other hand, the analysis result for the same 
year indicated that Chl-a concentrations ranged from 1.25 to 4.44 mg m−3, with an annual 
average of 1.82 mg m−3 (SD ± 0.86). The consistently higher MODIS-derived range relative 
to the in situ values of Lukman [68] is methodologically expected, as satellite pixels spa-
tially integrate open-water and nearshore productivity gradients, including localized 
high-Chl-a zones near tributary inflow points that discrete field sampling stations do not 
capture. Unfortunately, there are no published studies on Lake Poso’s Chl-a during the 
2008–2021 period, despite this period indicating significant fluctuations and a notable in-
creasing trend in Chl-a concentration. A study by Sulawesty et al. [29], which sampled 
three stations in the Lake Poso area, found relatively low Chl-a concentrations at stations 
labeled DP1, DP5, and Kodina, recording values of 0.19, 0.48, and 0.21 mg m−3, respec-
tively, in March 2021. March corresponds to the SOS transition of the secondary pheno-
logical cycle (Figure 6), one of the lowest points in the climatological annual Chl-a curve, 
which contextualizes the low field-measured values of Sulawesty et al. [29] as temporally 
consistent with the established seasonal pattern. The spatial heterogeneity identified 
across lake zones, particularly the differential behavior of the western, central, and northern 
areas, implies that local hydrological inputs, basin morphology, and circulation patterns 
may modulate the spatial expression of productivity responses to regional climate and 
catchment forcing. The spatial data show that the pixel values in March 2021 ranged from 
0.59 to 38 mg m−3, with a monthly average of 1.19 mg m−3 (SD ± 1.54). The average indicates 
that pixel values were dominated by low Chl-a concentrations, with some pixels showing 
very high Chl-a levels. In contrast, a study by Kaban et al. [27] conducted in 2021 at five 
locations showed that Chl-a concentrations in Lake Poso ranged from 6.80 to 10.45 mg m−3. 
However, the sampling month was not specified in detail. Based on this study, the year 2021 
was indeed among the lowest in annual mean Chl-a across the 23-year record (Figure 2). 

Based on the Trophic State Index (TSI) by Carlson [70], water is classified as oligo-
trophic if the Chl-a concentration is under 2.6 mg m−3. However, the OECD [71] standard 
sets the upper threshold of oligotrophic at <2.5 mg m−3 annual mean. Under both frame-
works, the proxy-derived Chl-a estimates are generally consistent with oligotrophic con-
ditions across most years of the observation period. The exceptions are spotted over sev-
eral years, notably 2009 (2.60 mg m−3), 2022 (3.47 mg m−3), and 2025 (2.77 mg m−3), which 
correspond to mesotrophic ranges based on proxy-derived Chl-a estimates that ranged 
between 2.6 and 7.3 mg m−3 (TSI) and 2.5–8.0 mg m−3 (OECD). Although Chl-a gives a 
strong indication of phytoplankton biomass, the classification of trophic status based on 
the Carlson TSI and the OECD standard is a multi-parameter approach. Comprehensive 
ecosystem assessments on this framework ideally also evaluate the nutrient parameters 
(Total Phosphorus and Nitrogen) and water transparency. Chl-a concentration can be a 
direct proxy for measuring the biological response to a water body. Therefore, the meso-
trophic indications in certain years within this dataset may represent algal biomass 
blooms, but not fully reflect a baseline nutrient concentration change in Lake Poso. Fur-
thermore, the OECD framework not only relies on the annual mean but also highlights 
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the Peak condition. The monthly data show a spiking extreme condition in the specific 
months that are way higher than the annual mean, such as December 2022 (9.62 mg m−3), 
February 2009 (7.43 mg m−3), and September 2025 (5.13 mg m−3). The proxy-derived peak 
value in December 2022 exceeded the OECD threshold commonly associated with oligo-
trophic conditions (<8.0 mg m−3), indicating the occurrence of a temporary algal bloom, a 
pattern spatially corroborated by the 2022 annual composite in Figure 9, which shows the 
most widespread occurrence of elevated Chl-a concentration classes (>3.5 mg m−3) across 
the lake basin in the entire 23-year record. Rather than reflecting a completed trophic state 
transition, the upward trend can be an early signal of the ecological transition. The recur-
rent extreme spikes, with increasing magnitudes and high volatility, indicate an increase 
in intensity and frequency of algal blooms. According to Scheffer and Carpenter [72] and 
Carpenter et al. [73], this change can be an indicator and an early trigger of a shifting 
ecological dynamic, and may represent characteristics consistent with systems reported 
to experience declining resilience. This interpretation is further supported by the linear 
trend model in Figure 6 (R2 = 0.255), wherein the moderate explanatory power reflects the 
substantial interannual variability superimposed on the long-term directional signal, 
which is a pattern characteristic of systems approaching a regime shift threshold, where 
episodic high-magnitude events of increasing frequency and intensity precede structural 
ecological reorganization [72]. 

4.2. Seasonal Phenology Dynamics of Chl-a 

Climatological phenological analysis shows that maximum rainfall closely matches 
Chl-a peaks, with about a one-month lag between the November rainfall peak and the 
December Chl-a peak, and near synchrony between the April rainfall peak and the April–
May secondary Chl-a pulse. These observations align with established timescales of nu-
trient transport and phytoplankton responses in tropical lake systems [74,75], providing 
direct empirical evidence that bimodal Chl-a phenology here appears closely associated 
with dual peak rainfall forcing, rather than the temperature-controlled stratification cycles 
typical of temperate lakes [8,35]. The dry-season Chl-a trough (August–October) coincides 
with the rainfall minimum, confirming that decreased rainfall, and likely reduced riverine 
nutrient inputs, was the principal suppressive mechanism on lake productivity. Im-
portantly, similar bimodal productivity patterns, driven by two peak rainfall factors, are 
seen in deep tropical African lakes [76–78] and in Indonesian coastal and estuarine waters 
[77]. These findings collectively support the view that bimodal phytoplankton phenology 
is a characteristic feature of equatorial aquatic ecosystems subject to semi-annual ITCZ 
migration [55], where the dual passage of the ITCZ across the equator generates two an-
nual wet-season pulses that drive corresponding productivity responses. 

The interannual phenological trend analysis (Figure 8) shows no significant long-
term shift in the long-term SOS metric, but the peak magnitude tends to increase. It indi-
cates that trophic change in Lake Poso reflects an increase in seasonal productivity rather 
than phenological shift. These findings differ from the warming-driven timing shifts re-
ported in temperate systems [35]. The stable seasonal cycle aligns with Lake Poso’s rainfall 
variability. According to Aldrian and Susanto [79], it produces two annual peaks in No-
vember and April, linked to the ITCZ’s biannual migration. Amplified Chl-a peaks in 
anomalously wet years such as 2016 and 2022 reflect the ENSO effect, which causes an 
increase in rainfall in central Indonesia (During La Niña) and also suppresses it (During 
El Niño) [65]. IOD is a secondary covariate after ENSO that also affects the rainfall varia-
bility across the Maritime Continent [56,79]. Given this regional variability, Chl-a phenol-
ogy is mainly influenced by its local rainfall variability rather than a uniform tropical sig-
nal. To our knowledge, this study provides the first satellite-based characterization of 
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phytoplankton phenology for an Indonesian lake, offering a benchmark for further inves-
tigation across Indonesia’s diverse lake systems. 

4.3. Implications for Long-Term Lake Monitoring and Management 

The long-term variability of Chl-a indicates an early warning of ecological transition 
from oligotrophic to mesotrophic conditions in Lake Poso. This transitional stage, affect-
ing ecological concerns, includes potential alterations in primary productivity and oxygen 
depletion, which could further stress the lake’s endemic biodiversity [80]. If this trajectory 
continues toward eutrophication, the system may eventually face more severe degrada-
tion, including the risk of harmful phytoplankton succession [80–83]. 

A comprehensive analysis is needed to understand the signs of changes in the trophic 
status of Lake Poso. This is important because conventional trophic classification schemes 
are generally state-based rather than trajectory-based: they classify lake condition using 
discrete values of Chl-a, total phosphorus, or Secchi depth, but provide limited infor-
mation on whether a lake is stable within a trophic class or moving toward another trophic 
state [70,71]. Recent studies on Lake Poso rely on short-term monitoring that is highly 
influenced by short-term bias. For instance, in 2022, the lake recorded an annual average 
Chl-a concentration of 3.47 mg m−3 and was classified as mesotrophic. Yet, this annual 
mean aggregates highly heterogeneous temporal conditions within a year, ranging from 
1.46 mg m−3 in January, representing strong oligotrophic conditions, to 9.62 mg m−3 in De-
cember, which borders on eutrophic conditions. Therefore, annual mean Chl-a and point-
in-time trophic classification may obscure short-lived but ecologically meaningful high-
productivity episodes. In contrast, the phenological approach used in this study reveals 
the seasonal structure of change, particularly the finding that SOS timing remained rela-
tively stable while peak Chl-a magnitude increased. This indicates that ecological change 
in Lake Poso is currently expressed more strongly through the amplification of seasonal 
productivity peaks than through a systematic shift in bloom onset timing. 

In addition, monitoring that relies solely on sampling at a few points can lead to spa-
tial bias that does not accurately represent the entire lake. The annual and monthly spatial 
composites showed that Chl-a variability was not spatially uniform, with greater temporal 
variability in the central and northern parts of the lake and a post-2021 increase in areas 
that previously showed relatively lower concentrations. To address these limitations, field 
monitoring should incorporate both spatial stratification and phenological timing. Moni-
toring schedules should be designed to capture trophic conditions based on natural sea-
sonal cycles rather than arbitrary administrative calendars. For Lake Poso, this means that 
in situ sampling should include low-Chl-a periods, the September–October trough, the 
December primary peak, and the April–May secondary peak, rather than relying on a sin-
gle annual survey. Therefore, future monitoring strategies must integrate continuous re-
mote sensing data to observe spatiotemporal variability and in situ measurements as va-
lidity controls. In the next stage, integrating remote sensing and field data must serve as 
the foundation for developing a robust, temporally dynamic model of trophic status. Con-
sequently, variability in trophic status patterns in Lake Poso can be observed comprehen-
sively. Such an integrated framework would also allow managers to distinguish between 
persistent trophic enrichment and short-term seasonal anomalies, which is essential for 
interpreting ecological change in a tropical lake with strong intra-annual variability. 

Understanding Chl-a phenology can inform lake ecosystem management, particu-
larly during seasons with high Chl-a concentrations. The 23-year satellite-derived Chl-a 
baseline established in this study provides a quantitative reference for future monitoring, 
allowing managers to evaluate whether future peak Chl-a, annual means, or spatially ex-
tensive high-Chl-a events exceed the historical range of variability. Management efforts 
should focus on reducing excessive external nutrient inputs into the lake from the 
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surrounding watershed [84]. Controlling these nutrient surges before and during identi-
fied seasonal peaks is critical to preventing sudden and drastic spikes in Chl-a levels. A 
practical early-warning approach could define a phenology-based alert threshold, for ex-
ample, when annual peak Chl-a exceeds the 90th or 95th percentile of the 2003–2025 cli-
matological baseline for two or more consecutive years. Such exceedance could trigger 
targeted field investigation, nutrient-source assessment, catchment audit, and review of 
land-use or runoff-control measures. Without proactive seasonal management to limit nu-
trient loads, the lake remains highly vulnerable to sudden ecosystem shifts, which would 
disrupt its ecological resilience and its utility as a primary water resource [72]. This is 
particularly important because Lake Poso is an ancient, tectonically formed tropical lake 
with high ecological value and endemic biodiversity. As a result, it may be more sensitive 
to rapid productivity changes than ordinary managed reservoirs or highly disturbed low-
land lakes [25,27,85]. Therefore, the monitoring framework developed here can support a 
more proactive lake-governance strategy by combining MODIS-based long-term observa-
tion, phenology-informed sampling, spatially stratified in situ validation, nutrient moni-
toring, rainfall and lake-level data, and catchment land-cover assessment. 

4.4. Uncertainty, Limitations, and Future Research Directions 

This study has provided a baseline for understanding the long-term Chl-a phenology 
in Lake Poso, but it has several uncertainties and limitations to acknowledge. The most 
notable constraint of this study is the lack of continuous field observational data for com-
parison, calibration, and validation of satellite-derived Chl-a variability. This limitation is 
particularly important in tropical inland waters, where optical remote sensing can be af-
fected by suspended sediments, colored dissolved organic matter (CDOM), atmospheric 
correction uncertainty, sun-glint effects, and mixed pixels [86,87]. Consequently, the Chl-
a values in this study should be interpreted primarily as relative indicators of long-term 
phytoplankton biomass variability rather than as fully validated absolute concentrations. 
Furthermore, the 500 m spatial resolution of MODIS constrains the characterization of 
fine-scale Chl-a heterogeneity in nearshore zones, tributary-influenced areas, and ecolog-
ically important littoral habitats [88]. The 1500 m internal buffer inherently restricts the 
detection of ecological changes in lake shoreline and littoral zones. 

Furthermore, a typical challenge for optical remote sensing in tropical regions is the 
persistent heavy cloud cover, which significantly reduces the availability of clear satellite 
imagery [89]. Although data gaps can be mitigated through interpolation and smoothing 
techniques, this process can introduce inherent uncertainties, particularly during the peak 
of the rainy season. 

Therefore, interpolated and smoothed phenological curves should be interpreted as 
reconstructed seasonal trajectories rather than direct daily observations, particularly dur-
ing periods with limited valid satellite pixels. These limitations need future research to 
achieve a more comprehensive understanding of Chl-a and lake water productivity. Fu-
ture studies should combine MODIS temporal continuity with higher-resolution sensors 
such as Sentinel-2 and Landsat 8/9 to improve the detection of nearshore, inflow-influ-
enced, and littoral-zone variability. A full-record Terra-only and Aqua-only trend recon-
struction was beyond the scope of this study. Therefore, potential sensor-specific biases 
cannot be completely excluded. Water-optimized atmospheric correction approaches, 
such as ACOLITE or iCOR, should also be evaluated to reduce uncertainty associated with 
the use of land surface reflectance products for inland-water Chl-a retrieval [90]. 

Based on these study findings, future field sampling needs to be conducted and sys-
tematically aligned with the identified phenological seasonal cycles to capture accurate 
temporal variability. To better understand the trophic status of the lake ecosystem, a re-
mote sensing-based trophic status model needs to be developed. Adapting multi-
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parameter indices, such as the Carlson Trophic State Index [70], for direct application to 
satellite imagery would be a significant advancement for future monitoring. Recent work 
has shown that TSI can be estimated from satellite data with useful accuracy for inland 
waters when supported by in situ observations and appropriate modeling strategies [91]. 
Developing an empirical algorithm specifically for tropical lakes will enable spatiotem-
poral mapping of lake trophic states and provide a comprehensive framework for ad-
vanced management and conservation of Lake Poso’s ecosystem. Finally, this study did 
not explicitly quantify the relative contributions of climatic variability, rainfall anomalies, 
ENSO, IOD, catchment land-cover change, nutrient loading, lake level, or hydrological 
processes to the observed long-term increase in Chl-a. Although Figure 10 provides qual-
itative context for possible anti-phased or co-varying behavior between Chl-a and large-
scale climate indices, the present analysis does not include formal lag-correlation, partial-
correlation, or multivariate attribution tests. Therefore, the relative roles and signs of 
ENSO and IOD forcing on Lake Poso Chl-a remain unresolved. In addition, the annual 
trend analysis was based on only 23 observations, which may limit statistical power for 
detecting subtle long-term changes. Future research should integrate satellite-derived 
Chl-a with meteorological, hydrological, land-use, and in situ water-quality datasets to 
distinguish climate-driven variability from direct watershed or anthropogenic forcing. 
Such integration would strengthen causal interpretation and support more robust early-
warning monitoring for Lake Poso and other tropical lake systems in Indonesia. 

5. Conclusions 
This study provides the first multi-decadal, satellite-based characterization of chlo-

rophyll-a dynamics in Indonesia, with a case study of ancient tropical Lake Poso, Central 
Sulawesi, using 23 years of combined Terra and Aqua MODIS observations from 2003 to 
2025. The results show a gradual but statistically detectable increase in MODIS-derived 
Chl-a estimates, signaling an early increase in phytoplankton biomass. However, Chl-a 
alone should not be interpreted as definitive evidence of lake-wide eutrophication. 

The temporal increase was not uniform across the annual cycle. Monthly and sea-
sonal analyses showed that Chl-a intensification was most evident during the late-year 
transition period, particularly from October to December, whereas SON exhibited the 
strongest seasonal trend. Phenological reconstruction also revealed a bimodal seasonal 
pattern, with a dominant December peak and a secondary April–May pulse. Interannual 
phenological analysis showed no significant shift in seasonal onset timing, but an increas-
ing tendency in peak magnitude, suggesting that long-term change in Lake Poso is ex-
pressed more through intensification of seasonal productivity than through a systematic 
shift in bloom timing. 

Spatial analysis confirmed that Chl-a increases were heterogeneous across the lake 
basin, with greater variability in the central and northern zones, and that post-2021 in-
creases occurred in areas that previously showed lower concentrations. Together, these 
findings establish a quantitative ecological baseline for Lake Poso and demonstrate the 
value of integrating long-term satellite observations, hydrological-year phenology, and 
spatial analysis for monitoring ancient tropical lakes. The Terra–Aqua MODIS framework 
developed here provides a scalable approach for long-term water-quality monitoring in 
Indonesia’s tropical lake systems, particularly where continuous in situ observations re-
main limited. 
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