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Abstract. Satellite remote sensing is critical for monitoring global inland water quality, yet the complexity and volume of raw 

data archives often hinder their widespread application. Here, we present a standardized, accessible dataset of concurrent daily 

water quality statistics for 5,551 lakes worldwide from 2002 to 2022. Derived from the European Space Agency’s Lakes 

Climate Change Initiative (ESA Lakes_cci), this dataset provides lake-wide statistics—including estimates of mean, ranges 

and extremes, and spatial coverage—for three relevant water quality parameters: chlorophyll-a (Chl-a), lake surface water 25 

temperature (LSWT), and turbidity. Distinctively, these records are harmonized to retain only days on which all three 

parameters are simultaneously valid, facilitating robust multivariate analysis. The data were extracted using HydroLAKES 

polygon boundaries and introduce a novel multi-tiered quality assurance flagging scheme to identify spatial inhomogeneities 

and temporal anomalies, providing a new analytical dimension. By transforming massive, multidimensional NetCDF files into 

easily-accessible tabular formats, this resource eliminates steep computational barriers, supporting researchers and other end 30 

users in conducting macro-scale limnological studies, training machine learning models, and assessing climate change impacts 

on lake water quality and aquatic ecosystems.  The dataset and developed codes are openly accessible at 

https://doi.org/10.5281/zenodo.20347115 (Shahvaran et al., 2026). 
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1 Introduction 35 

Lakes and reservoirs are vital components of the global hydrological cycle, providing essential freshwater resources, 

supporting biodiversity, and regulating regional climates (Tranvik et al., 2009; Woolway et al., 2020). Because their physical 

and biogeochemical properties respond rapidly to atmospheric and radiative forcing (Grant et al., 2021; O’Reilly et al., 2015; 

Persaud et al., 2025), lakes act as critical sentinels of climate change (Woolway et al., 2022b, 2020). Continuous monitoring 

of lake water quality is necessary for managing aquatic ecosystems (Carvalho et al., 2019; Ho et al., 2019), tracking 40 

eutrophication (Ho et al., 2019), and supporting decision-making for global/local initiatives such as the United Nations 

Sustainable Development Goals (Chapman and Sullivan, 2022; Kavvada et al., 2020; Saravani et al., 2024). In recent years, 

satellite remote sensing has become a fundamental tool for large-scale limnological monitoring, providing long-term 

observations of essential climate variables such as chlorophyll-a (Chl-a) concentration (i.e., a proxy of eutrophication and 

algal blooms (Carlson, 1977)), lake surface water temperature (LSWT), and turbidity (Calamita et al., 2024; Carrea et al., 45 

2023). Among the most robust sources of these observations is the European Space Agency’s Lakes Climate Change Initiative 

(ESA Lakes_cci) (Carrea et al., 2023), which offers a homogenized, multi-sensor global archive of satellite imagery and 

processed water quality products (Carrea et al., 2023). Yet, despite their scientific value, accessing and utilizing these remote 

sensing data present substantial technical barriers, particularly for non-technical end-users such as applied limnologists, 

ecologists, and water resource managers (Schaeffer et al., 2013). First, the sheer volume of ESA Lakes_cci’s global daily 50 

archive (approximately 768 GB) requires specialized knowledge of command-line retrieval protocols (e.g., wget or API 

scripting) and significant computational storage. Second, the data are distributed in multidimensional file formats (i.e., 

NetCDF). While standard in the climate sciences, these file formats often pose steep learning curves for researchers and other 

end-users accustomed to tabular data and can present challenges in conventional geographic information system (GIS) software, 
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frequently leading to spatial misalignment and inaccurate map projections. Furthermore, these source files contain numerous 55 

intermediate bands such as remote sensing reflectance; while crucial for algorithm development and atmospheric correction, 

these bands are largely unnecessary for researchers seeking only the final derived water quality parameters. 

Beyond format and storage constraints, transforming raw global pixel arrays into usable, lake-specific time-series data requires 

computationally intensive geospatial processing (Chen et al., 2022; Sagan et al., 2020). End-users must independently mask, 

intersect, and aggregate georeferenced grid cells against complex geometric boundaries (e.g., lake polygons) to extract relevant 60 

statistics for their specific water bodies of interest. For researchers conducting multivariate modeling or time-series analysis 

(Ho et al., 2019; Hou et al., 2022; Woolway et al., 2024), or training machine learning or deep learning algorithms (Duan et 

al., 2025; Mahdian et al., 2026; Shen, 2018), aligning concurrent observations of Chl-a, LSWT, and turbidity is a major 

operational hurdle that demands complex temporal harmonization and extensive data cleaning (Woolway et al., 2021b). 

To bridge these gaps, we present a highly accessible, tabular dataset providing concurrent daily lake-wide water quality 65 

statistics (minimum, maximum, mean, standard deviation, valid pixel count, and spatial coverage ratio) for 5,551 lakes globally, 

spanning the period from 2002 to 2022. By integrating the ESA Lakes_cci Level-3S (L3S) global remote sensing products 

(Carrea et al., 2024, 2023) with explicit lake boundaries from the widely used HydroLAKES v1.0 database (Messager et al., 

2016), this dataset significantly expands the number of monitored water bodies beyond the ~2,000 lakes provided in the 

standard ESA predefined time-series (Carrea et al., 2023), and eliminates the need for extensive geospatial data extraction and 70 

processing by the end-user. We systematically filtered the raw archive to isolate only the essential water quality parameters, 

retaining days where Chl-a, LSWT, and turbidity statistics were simultaneously valid. This strict temporal harmonization was 

deliberately chosen to bypass the complex data-cleaning and gap-handling steps typically required for multivariate time-series 

modeling or training machine learning algorithms, providing end-users with a robust, uninterrupted analytical baseline. 

Packaged in standard, wide-format comma-separated values (CSV) files and accompanied by comprehensive quality 75 

assurance/quality control (QA/QC) flags, this dataset is designed to bypass the technical bottlenecks of raw satellite data 

processing. Crucially, the development of this multi-tiered QA/QC flagging framework represents the primary scientific 

contribution of this dataset, empowering users to dynamically isolate complex spatial artifacts from genuine, extreme 

limnological phenomena. Overall, the presented dataset offers immediate reuse value for a wide range of applications, 

including macro-scale lake water quality assessments (Caroni et al., 2025; Hanly et al., 2025; Topp et al., 2020), climate 80 

change impact studies (Calamita et al., 2024; Woolway et al., 2020), and data-driven ecological modeling (Meyer et al., 2024; 

Read et al., 2019). 

2 Methods  

2.1 Input data description 

Global daily lake water quality products were obtained from the ESA Lakes_cci version 2.1 dataset (Carrea et al., 2024), 85 

specifically the L3S daily merged products on a common 1/120° (= 0.0083̅°; ~1 km resolution at the equator) WGS84 grid 
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covering 1992–2022 (though our extracted dataset spans 2002–2022 due to the absence of concurrent multiparameter 

observations prior to the Envisat/MERIS mission).  

To ensure long-term consistency, the ESA Lakes_cci developers derived Chl-a and turbidity from optical sensors 

(Envisat/MERIS, Sentinel-3A/B OLCI, and Aqua/MODIS) where water pixels were identified using the Idepix algorithm 90 

(Wevers et al., 2022), atmospherically corrected via POLYMER v4.13 (Steinmetz et al., 2011), and processed through a fuzzy 

optical water type (OWT) framework (Moore et al., 2014; Spyrakos et al., 2018). This framework dynamically blends the 

outputs of specific empirical (e.g., blue-green band ratios for clear water) and semi-analytical (e.g., near-infrared/red models 

for turbid water) algorithms to minimize discontinuities across diverse water types (Carrea et al., 2023; Neil et al., 2019). 

These indices and retrieval frameworks are widely established in the literature and have demonstrated high reliability in 95 

capturing complex aquatic biogeochemical dynamics across diverse geographic scales (Pahlevan et al., 2022; Shahvaran et al., 

2025, 2024). On the other hand, LSWT was retrieved from thermal infrared sensors (Envisat/AATSR, MODIS, AVHRR, and 

Sentinel-3 SLSTR) using an optimal estimation (OE) scheme inverted against the RTTOV radiative transfer model (Saunders 

et al., 2018), followed by cross-sensor harmonization to adjust for platform differences. 

2.2 Data extraction and processing 100 

From this global archive, we accessed the complete dataset, totaling approximately 768 GB of daily merged NetCDF-4 files, 

downloaded via the Centre for Environmental Data Analysis (CEDA) archive (Carrea et al., 2024) using wget. These files 

contain essential climate variables, from which we extracted three primary variables: Chl-a concentration (chla_mean in mg 

m−3), LSWT (lake_surface_water_temperature in Kelvin (K)), and turbidity (turbidity_mean in Nephelometric Turbidity Units 

(NTU)). All processing was conducted using Python (v3.10), utilizing the xarray (Hoyer and Hamman, 2017), rasterio (Gillies, 105 

2013), numpy (Harris et al., 2020), pandas (McKinney, 2011, 2010), and geopandas (Jordahl et al., 2021) libraries for high-

performance array handling and tabular data structuring.  

The processing pipeline began by converting the raw NetCDF files into georeferenced TIFFs (EPSG:4326) to ensure consistent 

spatial alignment; this step involved vertically mirroring data arrays to correct coordinate origin discrepancies and masking 

invalid/missing pixels defined by the source _FillValue as NaNs. To extract lake-specific time series, we utilized the 110 

HydroLAKES v1.0 polygon dataset (Messager et al., 2016), which indexes ~1.43 million geospatially explicit distinct water 

bodies worldwide. By utilizing this comprehensive global framework rather than relying solely on the native ESA Lakes_cci 

predefined mask (which contains only ~2,000 lakes), we significantly expanded the number of monitored water bodies while 

ensuring end-users can seamlessly cross-reference our dataset with essential physical lake attributes (e.g., mean depth, volume, 

and watershed area) provided in the HydroLAKES database. Crucially, to preserve geometric fidelity and capture vital 115 

nearshore water quality information, and ensure smaller water bodies were not entirely excluded, we employed a raster-based 

masking approach that included all pixels intersecting the HydroLAKES polygon boundaries (all_touched=True), rather than 

only those strictly contained within. While the source ESA Lakes_cci archive is already rigorously water-masked, prioritizing 
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shoreline pixel inclusion in this manner may still increase susceptibility to optical adjacency effects or sub-pixel land 

contamination, particularly for narrow or morphologically complex lakes.  120 

Daily lake-wide statistics (minimum, maximum, mean, standard deviation, valid pixel count, and spatial coverage ratio) were 

then computed via vectorized zonal statistics (using numpy.bincount for memory management) across every unique 

HydroLAKES ID (Hylak_id). During this extraction phase, LSWT values were converted from the source unit of Kelvin to 

degrees Celsius (°C = K − 273.15), and all floating-point statistics were rounded to one decimal place to standardize the final 

tabular outputs. While aggregating data to the lake-wide level inherently compresses fine-scale spatial patterns (e.g., the 125 

gradient between eutrophic nearshore zones and oligotrophic open waters in large lakes), the inclusion of spatial minimum, 

maximum, and standard deviation statistics for each daily observation explicitly allows users to quantify this intra-lake 

heterogeneity. Ultimately, the vast majority of the initial ~1.43 million water bodies were excluded because their surface areas 

were too small to be resolved by the 1 km satellite grid, or they lacked sufficient simultaneous valid retrievals for all three 

parameters, resulting in the final robust subset of 5,551 lakes. The subsequent filtering, temporal transposition, and application 130 

of QA/QC flags (Phases 3–5 of our workflow; Fig. 1) are detailed comprehensively in the next section. 

2.3 Technical validation 

2.3.1 Source data validation 

The reliability of the ESA Lakes_cci variables was previously established by the dataset developers through formal validation 

under the ESA CCI Product Validation Plan (ESA CCI, 2023), utilizing direct satellite-field matchups and inter-product 135 

consistency checks. For LSWT, their published validation against 66,407 matchups (constructed within 3 km and 3 h) across 

79 lakes demonstrated high accuracy for quality levels (QL) 4 and 5, yielding small median biases (−0.22 K for QL4; −0.15 K 

for QL5) and sub-Kelvin robust standard deviations (0.756 K and 0.504 K, respectively) (Carrea et al., 2023); comprehensive 

validation figures and discussions regarding skin-temperature depth offsets are detailed extensively in their original data paper 

(Carrea et al., 2023). For biogeochemical variables, the dataset developers validated reflectance data across 71 lakes against 140 

the LIMNADES database (Spyrakos et al., 2018), showing strong bandwise agreement (e.g., r ≈ 0.86 for MERIS at 560 nm), 

while their Chl-a and turbidity retrievals employed an OWT-weighted blending strategy to mitigate optical complexity errors 

(Moore et al., 2014); notably, while this strategy ensures global applicability, they noted that their evaluation is not fully 

independent as the in-situ sources also supported algorithm tuning. Given this extensive pre-existing validation of the source 

products by the ESA CCI, we therefore did not perform independent in-situ matchups, focusing our technical validation entirely 145 

on the rigorous data filtering and harmonization protocols detailed below. 

2.3.2 Data filtering and harmonization 

Building upon this established global validation on the original data, we performed the extraction of daily lake-wide statistics 

for Chl-a, LSWT, and turbidity clipped to HydroLAKES boundaries, and conducted a series of post-processing QC checks to 
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ensure data integrity and temporal synchronicity. We first harmonized the dataset by strictly retaining only those daily records 150 

that possessed simultaneous valid statistics for all three water quality parameters, discarding any incomplete temporal 

snapshots (e.g., days where thermal data was retrieved but optical parameters were obscured by clouds or sunglint, which 

constitutes a substantial fraction of the original raw archive). Subsequently, we applied logical and physical validation filters 

to the remaining data: entries containing physically impossible negative values (i.e., for Chl-a or turbidity) were dropped and 

the internal consistency of the statistics was verified by enforcing the mathematical hierarchy Min ≤ Mean ≤ Max. Finally, we 155 

ensured data reliability by requiring a minimum valid pixel count of ≥ 1 for all parameters, thereby eliminating artifacts derived 

from empty or null aggregations. 

2.3.3 Quality assurance flagging scheme 

To assist future users in assessing the reliability of individual data points without removing potentially valuable extreme events, 

a multi-tiered flagging system was implemented for all three water quality parameters. Rather than excluding data, we 160 

appended a quality assurance flag (*_qa_flag columns) and a spatial coverage ratio (*_coverage_ratio columns) to each daily 

time step. The flagging scheme assigns a concatenated string of integer codes (e.g., "134" indicating the presence of flags 1, 

3, and 4, but not 2) to any observation violating specific statistical or physical criteria, where "0" indicates high-quality data 

passing all checks. Importantly, while these thresholds are grounded in standard statistical confidence intervals and established 

oceanographic guidelines, they are designed strictly as cautionary indicators rather than definitive classifiers; distinguishing a 165 

genuine extreme event from a sensor artifact ultimately requires context-specific user discretion. The flags were defined as 

follows: 

Flag 1: spatial inhomogeneity (hot pixel artifacts). This flag identifies dates where the maximum pixel value within the lake 

is disproportionately high compared to the lake-wide mean, suggesting sensor glint, cloud edge effects, or processing artifacts 

rather than a natural gradient. A flag is triggered if the spatial Z-score of the maximum value exceeds 4 as depicted in Eq. (1): 170 

𝑍𝑠𝑝𝑎𝑡𝑖𝑎𝑙 =
𝑀𝑎𝑥𝑡−𝜇𝑡

𝜎𝑡
> 4          (1) 

where 𝑀𝑎𝑥𝑡 , 𝜇𝑡, and 𝜎𝑡 represent the maximum, mean, and standard deviation of pixels within the lake for day 𝑡, respectively. 

A threshold of 4𝜎 was selected to target extreme outliers (> 99.99% confidence in a normal distribution) while accommodating 

the natural non-Gaussian variability often observed in aquatic remote sensing (Campbell, 1995). 

Flag 2: temporal anomaly (climatological outliers). To detect values that deviate significantly from the lake’s long-term 175 

behavior, we calculated a temporal Z-score based on the lake’s entire processed time series. A flag is assigned if the daily 

mean deviates by more than three standard deviations from the long-term mean as shown in Eq. (2): 

𝑍𝑡𝑒𝑚𝑝𝑜𝑟𝑎𝑙 =
|𝜇𝑡−𝜇𝑔𝑙𝑜𝑏𝑎𝑙|

𝜎𝑔𝑙𝑜𝑏𝑎𝑙
> 3         (2) 
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where 𝜇𝑔𝑙𝑜𝑏𝑎𝑙 and 𝜎𝑔𝑙𝑜𝑏𝑎𝑙  are the mean and standard deviation of the parameter over the full study period, respectively. This 

flag highlights potential extreme events (e.g., severe algal blooms) or atmospheric correction failures (e.g., unmasked thin 180 

clouds or heavy aerosols artificially inflating retrievals), allowing users to exercise caution with statistically rare observations. 

 

Figure 1: Schematic workflow of the methodology, from input data acquisition to the final output dataset. Abbreviations: ESA 

(European Space Agency); Lakes_cci (Lakes Climate Change Initiative); L3S (Level-3S / Super-collated); NetCDF (network 

common data form); EPSG (European Petroleum Survey Group); SD (Standard Deviation); LSWT (Lake Surface Water 185 
Temperature); K (Kelvin); QA/QC (Quality Assurance/Quality Control); CSV (Comma-Separated Values). 
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Flag 3: rapid rate of change (temporal consistency). Following the quality assurance of real-time oceanographic data 

(QARTOD) Gross Rate of Change guidelines (Integrated Ocean Observing System, 2014), we evaluated the physical 

plausibility of changes between consecutive observations. A flag is triggered if the absolute difference between two 190 

consecutive data points exceeds three times the long-term standard deviation (3𝜎𝑔𝑙𝑜𝑏𝑎𝑙 ), provided the time gap between 

observations is ≤ 30 days. This constraint ensures that natural seasonal shifts occurring over long data gaps (e.g., winter months) 

are not falsely flagged, focusing detection on physically improbable short-term spikes. 

Flag 4: low spatial representativeness. To quantify how well the available satellite pixels represent the entire lake surface, 

we calculated a coverage ratio for each time step. This ratio is defined as the number of valid pixels divided by the theoretical 195 

maximum pixel count for that lake (derived from HydroLAKES polygon geometry and harmonized with ESA Lakes_cci's 

native spatial resolution). Observations are flagged if their spatial coverage ratio falls below 10% (or, as a fallback for water 

bodies where the theoretical maximum pixel count is undefined, if fewer than 3 valid pixels are retrieved, establishing a basic 

statistical floor to mitigate single-pixel sensor noise). This relative 10% threshold ensures that even in massive lakes where 

absolute pixel counts remain high, observations restricted to a single, isolated clear-sky region are appropriately flagged. This 200 

indicates that the derived statistics may be biased by shoreline adjacency effects or insufficient spatial sampling (Jiang et al., 

2023; Kiselev et al., 2015). 

2.4 Processing hardware  

This extensive geospatial processing, including generating daily statistics for the three water quality parameters (i.e., Chl-a, 

LSWT, and turbidity) across ~1.43 million lakes over the full 31-year raw data period (1992–2022, prior to applying our 205 

temporal filters), requires over one month of continuous computational runtime on a dedicated high-performance workstation 

(System specifications: a 24-core CPU (Intel Core Ultra 9 285K), 128 GB of RAM, and a dedicated GPU with 16 GB of 

VRAM (GeForce RTX 4080 SUPER)). 

3 Results and discussion 

3.1 Dataset structure and metadata 210 

The generated dataset is publicly available and hosted on the Zenodo repository under the DOI: 

https://doi.org/10.5281/zenodo.20347115. To facilitate ease of access, targeted data retrieval, and methodological 

reproducibility, the repository is organized into three primary components: a summary metadata file (hylak_id_description.csv), 

a compressed directory of the temporal data (hylak_id.zip), and a compressed directory of the processing scripts (code.zip). 

At the global, lake-wide level, the standalone hylak_id_description.csv file provides a general overview and climatological 215 

baselines for all 5,551 processed lakes. To prevent redundancy, we do not duplicate the attribute tables inherent to the source 
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HydroLAKES v1.0 database. However, this summary file includes the central latitude and longitude coordinates for each water 

body which allows end-users to easily import the CSV into any standard GIS software or programming interface, enabling 

them to map the dataset spatially and rapidly verify if their specific lake of interest is included in the processed archive. A 

complete metadata description of the variables within this summary file is provided in Table 1. 220 

Table 1: Metadata description of the columns for the hylak_id_description.csv summary file. This 47-column wide-format file 

provides spatial attributes (central coordinates, country), Köppen-Geiger Climate Classifications (KGCC) zones, total valid 

observation counts, and long-term monthly and year-round parameter averages. The first row serves as the header, with each 

subsequent row representing one of the 5,551 processed lakes. 

Column name Description Unit Data type 

hylak_id 

Unique numerical identifier for the lake, 

corresponding to the HydroLAKES v1.0 

database 

Dimensionless Integer 

central_lat_wgs84_dd Central latitude coordinate of the lake Decimal Degrees Float 

central_lon_wgs84_dd Central longitude coordinate of the lake Decimal Degrees Float 

country 
Primary country in which the lake is 

geographically located 
Dimensionless String 

valid_daily_data_count 

Total number of valid, concurrent daily 

observations available for the lake from 

2002–2022 

Dimensionless Integer 

kgcc_value 
Numeric code representing the Köppen-

Geiger Climate Classification (KGCC) 
Dimensionless Integer 

kgcc_abbreviation 
Standard alphabetical abbreviation of 

the assigned KGCC 
Dimensionless String 

kgcc_full_name 
Full descriptive name of the assigned 

KGCC 
Dimensionless String 

chla_mean_mean_[month] 

Long-term concurrent average 

chlorophyll-a (Chl-a) concentration for 

a specific month (12 distinct columns 

representing monthly climatologies 

from *_jan to *_dec) 

mg m−3 Float 

chla_mean_mean_year-round 

Overall long-term mean Chl-a 

concentration, calculated as the 

unweighted arithmetic average of all 

concurrently valid daily observations 

available for the lake. 

mg m−3 Float 

lake_surface_water_temperature_mean_[month] 
Long-term concurrent average lake 

surface water temperature (LSWT) for a 
°C Float 
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Column name Description Unit Data type 

specific month (12 distinct columns 

representing monthly climatologies 

from *_jan to *_dec) 

lake_surface_water_temperature_mean_year-

round 

Overall long-term mean LSWT, 

calculated as the unweighted arithmetic 

average of all concurrently valid daily 

observations available for the lake. 

°C Float 

turbidity_mean_mean_[month] 

Long-term concurrent average turbidity 

for a specific month (12 distinct 

columns representing monthly 

climatologies from *_jan to *_dec) 

NTU Float 

turbidity_mean_mean_year-round 

Overall long-term mean turbidity, 

calculated as the unweighted arithmetic 

average of all concurrently valid daily 

observations available for the lake. 

NTU Float 

At the individual lake level, the hylak_id.zip file contains 5,551 individual CSV files, each corresponding to a single lake. To 225 

ensure seamless cross-referencing with global hydrological frameworks, each file is named according to its unique identifier 

from the HydroLAKES database (Hylak_id column). Every file contains the harmonized, daily time-series records of lake-

wide statistics for Chl-a, LSWT, and turbidity spanning the 2002–2022 period. These files also house the multi-tiered QA/QC 

tracking flags—detailed extensively in the Technical Validation section—allowing users to filter the time-series data based on 

their specific research tolerances for spatial inhomogeneities or temporal anomalies. The structural metadata and exact column 230 

definitions for these individual time-series files are outlined in Table 2. To maintain direct traceability to the source ESA 

Lakes_cci NetCDF files, the original variable nomenclature (e.g., chla_mean, representing the daily 1 km pixel average) was 

preserved; consequently, headers such as chla_mean_mean indicate the lake-wide spatial average of those individual pixel-

level means. 

Finally, the code.zip file contains the suite of Python scripts utilized throughout the methodology. Providing these scripts 235 

ensures full transparency of the extraction, spatial masking, and data aggregation pipelines utilized to transform the raw ESA 

Lakes_cci NetCDF files into the final processed tabular formats. 

Table 2: Metadata description of the columns for the individual lake time-series files. Data are provided as 5,551 individual CSV 

files within the hylak_id.zip file, named via the {hylak_id}.csv convention. Each file shares an identical 22-column wide-format 

structure, with the first row as the header and each subsequent row representing a distinct daily satellite observation based on the 240 
ESA Lakes_cci's image acquisition dates. 
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Column name Description Unit Data type 

date Date of the satellite observation 
YYYY-MM-

DD 
String 

chla_mean_min 
Minimum chlorophyll-a (Chl-a) concentration 

within the lake 
mg m−3 Float 

chla_mean_max Maximum Chl-a concentration within the lake mg m−3 Float 

chla_mean_mean Mean Chl-a concentration within the lake mg m−3 Float 

chla_mean_sd 
Standard deviation of Chl-a concentration within 

the lake 
mg m−3 Float 

chla_mean_count 
Number of valid pixels used for Chl-a 

aggregation 
Dimensionless Integer 

chla_mean_coverage_ratio 
Ratio of valid Chl-a pixels to the theoretical 

maximum pixel count 

Ratio % (0 to 

100) 
Integer 

chla_mean_qa_flag 

Quality assurance flag indicating potential 

anomalies for Chl-a 

(see Technical Validation section for more 

details) 

Dimensionless Integer 

lake_surface_water_temperature_min 
Minimum lake surface water temperature 

(LSWT) 
°C Float 

lake_surface_water_temperature_max Maximum LSWT °C Float 

lake_surface_water_temperature_mean Mean LSWT °C Float 

lake_surface_water_temperature_sd Standard deviation of LSWT °C Float 

lake_surface_water_temperature_count 
Number of valid pixels used for LSWT 

aggregation 
Dimensionless Integer 

lake_surface_water_temperature_coverage_ratio 
Ratio of valid LSWT pixels to the theoretical 

maximum pixel count 

Ratio % (0 to 

100) 
Integer 

lake_surface_water_temperature_qa_flag 

Quality assurance flag indicating potential 

anomalies for LSWT 

(see Technical Validation section for more 

details) 

Dimensionless Integer 

turbidity_mean_min Minimum turbidity within the lake NTU Float 

turbidity_mean_max Maximum turbidity within the lake NTU Float 

turbidity_mean_mean Mean turbidity within the lake NTU Float 

turbidity_mean_sd Standard deviation of turbidity within the lake NTU Float 

turbidity_mean_count 
Number of valid pixels used for turbidity 

aggregation 
Dimensionless Integer 
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Column name Description Unit Data type 

turbidity_mean_coverage_ratio 
Ratio of valid turbidity pixels to the theoretical 

maximum pixel count 

Ratio % (0 to 

100) 
Integer 

turbidity_mean_qa_flag 

Quality assurance flag indicating potential 

anomalies for turbidity 

(see Technical Validation section for more 

details) 

Dimensionless Integer 

3.2 Spatial distribution of the extracted dataset 

The geographical distribution of the 5,551 processed HydroLAKES exhibits a pronounced concentration in the Northern 

Hemisphere, reflecting the natural global distribution of inland water bodies. Furthermore, the volume of valid, concurrent 

daily observations varies significantly by region due to localized climatological constraints on satellite visibility; mid-latitude 245 

lakes generally yield the highest data counts (indicated in red in Fig. 2), whereas high-latitude and equatorial lakes yield fewer 

valid retrievals (indicated in blue to yellow in Fig. 2) due to prolonged winter ice cover, polar darkness, or persistent seasonal 

cloudiness (Sharma et al., 2019).  

3.3 Dataset temporal coverage 

To provide users with an inventory of temporal data gaps and sensor coverage, the daily availability of concurrent records is 250 

visualized in Fig. 3. Although the source ESA Lakes_cci archive dates back to 1992, our final dataset commences in 2002 due 

to the absence of simultaneously valid pixels for the three water quality parameters prior to the launch of the Envisat/MERIS 

optical mission. The density of available observations exhibits a strong seasonal pattern, with summer months yielding the 

highest proportion of valid data across the 5,551 lakes due to optimal clear-sky conditions and the absence of winter ice cover—

considering that most of the lakes are located in the Northern Hemisphere, where summer months denote the warmest period. 255 

Most notably, a substantial reduction in simultaneous data availability is evident between April 2012 and May 2016. This 

interruption is an inherent hardware limitation of the source ESA Lakes_cci dataset; the high-quality biogeochemical 

parameters (Chl-a and turbidity) are primarily derived from the MERIS sensor aboard the Envisat satellite, which ceased 

operations in April 2012, and the OLCI sensor aboard Sentinel-3, which commenced operations in 2016 (Liu et al., 2024). 

Direct scans of the raw NetCDF arrays confirm that global concurrent pixel availability during this specific four-year interim 260 

drop by roughly 70% compared to the subsequent Sentinel-3 era (averaging ~21,600 concurrent pixels annually between 2012–

2015, versus ~62,800 annually between 2017–2022 in our systematic spatial sampling). While the Aqua/MODIS sensor acts 

as a bridge during this four-year gap, it yields significantly fewer valid high-quality retrievals over complex inland waters, 

resulting in the observed sparse—but non-zero—concurrent data coverage. Because our extraction methodology enforces a 

strict harmonizing filter—requiring all three parameters (Chl-a, LSWT, and turbidity) to be concurrently valid on any given 265 

day—the absence of these primary optical missions during this four-year interval results in the observed severe drop in 
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available harmonized records. Finally, as a minor detail regarding the temporal visualization, the faint, isolated vertical line 

appearing at the end of February simply represents data acquired on February 29 during leap years. 

 

Figure 2: Spatial distribution of the 5,551 processed lakes. The map displays lakes integrated from the ESA Lakes_cci dataset 270 
containing valid, simultaneous daily statistics for chlorophyll-a (Chl-a), lake surface water temperature (LSWT), and turbidity over 

the 2002–2022 period. The color scale indicates the total count of daily data entries per lake on a logarithmic scale. 

3.4 Dataset administrative and climatic coverage 

As a descriptive metadata overview, the generated dataset encompasses 5,551 lakes distributed across 124 countries, providing 

extensive geographic and climatic coverage (Fig. 4). Geographically, the dataset is predominantly concentrated in the Northern 275 

Hemisphere, with Canada (33.9%), China (9.8%), the United States (9.7%), and Russia (9.3%) being the only four nations 

containing more than 500 processed lakes. Climatically, the lakes span 27 distinct Köppen-Geiger Climate Classification 

(KGCC) zones (Beck et al., 2023). Continental climates (Group D) represent the clear majority, accounting for 50.1% of the 
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monitored water bodies, followed by Arid (Group B; 15.4%), Tropical (Group A; 14.8%), Temperate (Group C; 12.9%), and 

Polar (Group E; 6.7%) groups. At the specific sub-zone level, the Dfc (continental, no dry season, cold summer) climate is the 280 

most heavily represented, containing 1,693 lakes (30.5%), followed by the Dfb (cold, no dry season, warm summer) sub-zone 

containing 724 lakes (13.0%). 

 

Figure 3: Temporal data availability for the 5,551 processed lakes (2002–2022). The heatmap illustrates the daily proportion of lakes 

possessing valid, simultaneous records for extracted water quality data. The y-axis represents the day of the year (labeled by month), 285 
and the x-axis represents the acquisition year. Blank (white) pixels denote days with no valid observations. 

3.5 Dataset utility and analytical potential 

To demonstrate the dataset’s utility for both macro-scale limnological modeling and high-resolution temporal analysis, we 

summarize the long-term, year-round distributions alongside representative time-series profiles. Across the 5,551 processed 

lakes, the dataset successfully captures global variability and distinct environmental clustering across major climate zones, 290 

while preserving fundamental, statistically significant limnological correlations between parameters such as Chl-a, LSWT, 

and turbidity (Fig. 5). These underlying statistical distributions confirm that the harmonized dataset retains the complex 

environmental signals necessary to support robust multivariate modeling and data-driven applications. Furthermore, the 

embedded QA/QC flagging scheme adds a new dimension for scientific inquiry, enabling researchers to systematically 

evaluate statistical anomalies without discarding valuable extreme events. Moreover, to illustrate the dataset’s temporal fidelity 295 

and seasonal resolution, the locations and spatial extents of a geographically diverse subset of 17 representative lakes spanning 

six continents are shown in Fig. 6, with their corresponding continuous multi-parameter dynamics presented in Fig. 7. These 

time series demonstrate the dataset's capacity to consistently capture distinct intra-annual phenology, such as seasonal thermal 
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gradients and algal bloom cycles, alongside inter-annual dynamics over the 2002–2022 observation period. This offers a 

reliable, ready-to-use foundation for broad-scale ecological modeling and climate impact research. 300 

 

Figure 4: Administrative and climatic distribution of the 5,551 processed lakes. The central choropleth map illustrates the total 

number of processed lakes per country. The surrounding ring chart quantifies the distribution of these lakes across Köppen-Geiger 

Climate Classification (KGCC) zones (Beck et al., 2023), with exact counts per slice. The legend provides standard color codes, and 

full climate descriptions for each represented KGCC zone. A bottom-right reference map displays the global spatial extent of these 305 
zones. 

3.6 Data use and recommendations 

The provided dataset is structured in standardized, wide-format CSV files to maximize accessibility across various 

programming environments and standard GIS software. Because each lake is stored as an individual file named by its 

HydroLAKES ID ({hylak_id}.csv naming convention), users can easily use iterative loops in Python (e.g., using pandas.concat) 310 

or R (e.g., data.table::rbindlist()) to programmatically open, filter, and merge the 5,551 files into a single dataframe for large-

scale analysis. The dataset is particularly suited for training machine learning or deep learning algorithms, conducting macro-

scale environmental clustering, and calibrating regional lake water quality or ecological models. 
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Figure 5: Pairwise relationships and univariate distributions of long-term year-round mean water quality parameters for the 5,551 315 
processed lakes. Diagonal panels display kernel density distributions for Log10-transformed chlorophyll-a (Chl-a) and turbidity, and 

raw lake surface water temperature (LSWT). Off-diagonal scatter plots illustrate bivariate relationships with overlaid density 

contours. Individual lake observations are color-coded by their Köppen-Geiger Climate Classification (KGCC) group (Beck et al., 

2023). 

3.6.1 Handling QA/QC flags and extreme values 320 

A critical technical feature of this dataset is its non-destructive approach to QC. The novel QA/QC flagging scheme serves as 

the core scientific contribution of this work, moving beyond simple data extraction to provide a robust analytical framework 

for end-users. Extreme values and statistical outliers have been deliberately retained to preserve natural environmental 

variability (Seegers et al., 2021), such as short-lived, severe algal blooms (Hallegraeff et al., 2021; Handler et al., 2023; 

Michalak et al., 2013), intense lake heatwaves (Woolway et al., 2025, 2022a, 2021a), or flood/storm-driven sediment 325 

resuspension/plumes (McKinney et al., 2019; Stockwell et al., 2020). Therefore, it is imperative that end-users actively filter 

the time-series data using the provided *_qa_flag columns before conducting analyses. For researchers conducting strict, long-

term climate trend analysis, we highly recommend subsetting the data to exclude observations triggering Flag 1 (Spatial 

Inhomogeneity) and Flag 2 (Temporal Anomaly) to ensure pristine climatological baselines. Conversely, researchers 
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specifically investigating extreme biogeochemical events should carefully evaluate observations triggering Flag 2 or Flag 3 330 

(Rapid Rate of Change) rather than discarding them outright, as these may represent genuine, albeit rare, limnological 

phenomena (Stockwell et al., 2020). 

 

Figure 6: Geographical locations and spatial extents of the 17 representative lakes. The central global map illustrates the distribution 

of the selected lakes across six continents. Surrounding circular insets provide high-resolution views of the explicit lake boundaries. 335 
The corresponding multi-parameter time-series dynamics for these lakes are presented in Fig. 7. 

3.6.2 Limitations and temporal gaps 

Users must account for inherent temporal observation gaps when designing continuous forecasting models (e.g., autoregressive 

integrated moving average (ARIMA) or recurrent neural networks) (Che et al., 2018; Khosravi et al., 2025; Su et al., 2024). 

First, the dataset strictly represents open-water conditions; high-latitude and high-altitude lakes will exhibit systematic data 340 

gaps during winter months due to ice-cover masking, while tropical or coastal lakes may experience prolonged data gaps due 

to persistent seasonal cloudiness. Furthermore, our strict harmonization criterion—requiring simultaneous validity across all 

three parameters—inherently biases the temporal coverage toward clear-sky conditions where atmospheric corrections succeed, 

meaning extreme high-turbidity events or severe blooms that cause optical retrieval failures may be underrepresented. 

Additionally, these observations exclusively reflect satellite-observable near-surface thermal and optical conditions, and 345 

therefore should not be interpreted as representing full water-column dynamics or whole-lake processes, particularly in deep, 
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stratified, or strongly regulated systems. Second, as detailed in Section 3.3, a notable reduction in concurrent data availability 

exists between early 2012 and early 2016 due to source satellite mission transitions. Researchers conducting continuous, 

uninterrupted time-series modeling spanning the full 2002–2022 period are advised to apply appropriate temporal interpolation, 

gap-filling algorithms, or seasonal decomposition techniques to bridge this specific instrumental interim. Furthermore, for 350 

robust long-term trend analysis, anomaly detection, or machine learning model training, we strongly recommend employing 

segmented treatment of the time series or rigorous sensitivity analyses to ensure results are not biased by this transition interval. 

 

Figure 7: Long-term multi-parameter water quality dynamics across a representative subset of 17 global lakes (2002–2022). Three-

dimensional ridgeline plots illustrate continuous temporal variations in mean (a) chlorophyll-a (Chl-a), (b) lake surface water 355 
temperature (LSWT), and (c) turbidity. Daily time-series data were smoothed using a 30-day rolling mean, with lakes ranked in 

descending order along the depth axis by their long-term overall averages 
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4 Conclusion 

This study introduces a globally harmonized, daily lake-wide water quality dataset to provide concurrent records of Chl-a, 

LSWT, and turbidity for 5,551 lakes from 2002-2022. By transforming the extensive ESA Lakes_cci archive into standardized, 360 

tabular formats and aligning observations across parameters and time, the dataset removes major technical barriers that have 

historically limited the use of satellite products in large-scale limnological and climate research. The incorporation of 

HydroLAKES boundaries substantially expands spatial coverage beyond existing predefined lake masks, while the multi-tiered 

QA/QC flagging framework—the central methodological contribution of this work—provides an innovative mechanism for 

identifying spatial artifacts, temporal anomalies, and low-representativeness conditions without discarding potentially 365 

meaningful extremes. Collectively, these features offer a robust, transparent, and ready-to-use resource for ecological modeling, 

machine learning applications, and climate impact assessments. 

By making complex remote-sensing products accessible to a broad community of researchers, practitioners, and decision-

makers, this dataset supports reproducible science and strengthens global efforts to monitor inland water quality under 

intensifying environmental change. The open availability of both the data and the processing code ensures full traceability and 370 

provides a foundation for future methodological extensions, including the integration of additional sensors, variables, and 

higher-resolution products. 

Data availability 

The datasets are openly accessible at https://doi.org/10.5281/zenodo.20347115 (Shahvaran et al., 2026). The repository is 

structured into three components: a compressed directory (hylak_id.zip) containing the daily water quality time-series statistics 375 

and QA/QC flags across all 5,551 lakes, a standalone metadata summary file (hylak_id_description.csv) providing spatial and 

climatological attributes, and a compressed directory (code.zip) containing the data processing scripts. 

Code availability 

All custom Python (v3.10) scripts used for data extraction, processing, and QA/QC are openly accessible at 

https://doi.org/10.5281/zenodo.20347115 (Shahvaran et al., 2026). The processing pipeline relies on standard open-source 380 

libraries, primarily requiring xarray, pandas, geopandas, rasterio, and numpy to be pre-installed in the working environment. 

Supplement link 

The link to the supplement will be included by Copernicus, if applicable. 
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