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Algal blooms have emerged as one of the most severe environ-
mental problems in inland waters, posing grave threats to 
both public health and aquatic ecosystems worldwide1. The 

majority of reported algal blooms in freshwater lakes are greenish in 
colour2 and manifest themselves as unsightly scums that blanket the 
water surface3,4. The detrimental impacts of algal blooms include 
not only reductions in aesthetic appeal and potential recreational 
opportunities but also, and more severely, the production of toxins 
in drinking-water resources that can lead to illness or even mortal-
ity of animals and humans5. For instance, exposure to microcystins 
(a class of toxins produced by some cyanobacteria) caused 76 fatali-
ties in Brazil in 1996 (ref. 6). More recently, in 2020, 330 elephants 
died in Botswana by ingesting toxic cyanobacteria-contaminated 
waters7. Unfortunately, under ongoing global warming and escalat-
ing anthropogenic activities, algal blooms are anticipated to increase 
globally in the coming decades4,8,9.

Before effective mitigation efforts can be taken, the spatial and tem-
poral distribution of algal blooms must be understood. However, some 
species of phytoplankton (for example, cyanobacteria) can regulate 
their depth in the water column by adjusting their buoyancy3, leading 
to patchy distributions that are difficult to characterize10. Fortunately, 
surface bloom scums can be formed in calm weather, allowing them 
to be detected via remotely sensed observations11. Satellite-delineated 
bloom extents are generally considered more reliable than those deter-
mined from field surveys, and their successful applications can be 
found from individual lakes to subcontinental-scale lake groups11–18 
(Supplementary Note 1). A recent study explored global trends in 
lacustrine phytoplankton blooms based on just 71 lakes19; here we 
expand beyond this to provide a more comprehensive database of algal 
blooms at the global scale, which is currently not available. We exam-
ine two fundamental questions regarding algal blooms in freshwater 
lakes worldwide: (1) where and how frequently have blooms occurred 
in the past several decades; and (2) how have these geographic and 
temporal patterns changed in the same timeframe?

Creation of a global bloom database
Our global bloom database (GBD) characterizes patterns in algal 
blooms in global freshwater lakes based on 30-m-resolution Landsat 
satellite images obtained between 1982 and 2019 (Methods). The 
GBD includes all global freshwater lakes with a surface area exceed-
ing 0.1 km2 and excludes lakes at high latitudes where we have less 
confidence in interpreting the data. We examined 248,243 lakes 
overall, featuring a total area of 1,671,592.8 km2 or 57.1% of the 
global lake area. The entire archive of Landsat 4, 5, 7 and 8 images 
covering these lakes during the 38-year period was used, totalling 
2.91 million images. We developed a colour-based algorithm to 
identify greenish algal blooms in freshwater lakes using Landsat 
images (Extended Data Fig. 1); extensive validations demonstrate 
the high reliability of this algorithm (Extended Data Table 1 and 
Supplementary Note 2). While algal blooms with other colours also 
exist in marine or saline lacustrine systems2,20, their occurrences in 
freshwater lakes have been rarely reported and are thus excluded 
from this study. We calculated both the maximum bloom extent 
(MBE; representing the total area where algal blooms were detected 
at any time during the study period) and the bloom occurrence 
(BO; that is, the frequency of which algal blooms were detected) 
and estimated their multidecadal changes.

Global patterns of lacustrine algal blooms
In total, the global MBE over the past four decades reached 
312,723.99 km2 or 11.7% of the global lake area (Fig. 1a); Asia 
(12.46 × 104 km2) and North America (9.71 × 104 km2) contributed 
the most (70.9%) to the global MBE, while the MBE minimum was 
found in Oceania (0.19 × 104 km2). The fraction of the MBE to the 
total examined lake area in each continent ranged from 3.2% in 
Oceania to 23.6% in North America. A total of 21,878 lakes (8.8% 
of the examined lakes) experienced algal blooms (hereafter desig-
nated as ‘affected lakes’) at some time between 1982 and 2019; the 
proportion of affected lakes ranged from 4.6% (581 out of 12,726) 
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in Oceania to 14.3% in South America (6,324 out of 44,293). The 
majority of bloom outbreak areas (68.0%) occurred at the latitu-
dinal band of 35–65° N, encompassing North America, North and 
West Europe, and West and East Asia (Fig. 1a). Bloom hotspots are 
also found in the Southern Hemisphere, including central Africa 
and southwestern South America. Large MBE values (>10,000 km2) 
were detected in seven countries, including Russia, China, Uganda, 
Brazil, the United States, Canada and Nicaragua (Fig. 2 and 
Supplementary Table 1).

The median BO among the affected lakes was 4.6% during the 
38-year period (Fig. 1b). The six continents exhibited consider-
able differences in median BO values (minimum, 1.5% in Europe; 
maximum, 5.5% in South America) and their spatial distributions 
(Fig. 1b). Frequent algal blooms (BO > 10%) have previously been 
confirmed in well-studied lakes, such as the Great Lakes in North 
America (specifically, western Lake Erie, Saginaw Bay in Lake Huron 
and Green Bay in Lake Michigan)21, Lake Winnipeg in Canada22, 
Lake Taihu in China16,23 and the Caspian Sea24 (see more lakes in 
Fig. 3). In our study, high BO values (>10%) were recorded in all 
six continents, and nine countries even demonstrated a median BO 
of >10%, including Tunisia, Algeria, Pakistan, Mongolia, Morocco, 
Egypt, Chile, India and Kenya (Fig. 2 and Supplementary Table 1).

A large BO may be aligned with a high MBE value, as was 
observed in North America, central Africa and southeastern South 
America. However, such patterns were not universal. Country-level 
comparisons revealed that countries with high BO values (that is, 
>10%) are not necessarily linked with large MBE values (Fig. 2 and 
Supplementary Table 1). Furthermore, the BO in India peaked at 
~20° N, a latitude that is associated with small MBE values (Fig. 
1). Global MBE patterns were mainly influenced by large lakes, 
whereas the lake size showed a minor impact on BO; both MBE 
and BO demonstrated small changes across different lake depths 
(Extended Data Fig. 2).

Long-term changes in global algal blooms
To examine changes over time, we divided the entire timeframe into 
three periods: 1980–1990s, 2000s and 2010s. From the 1980–1990s 
to the 2000s, algal blooms in global lakes showed insignificant 
changes in terms of both summarized MBE (0.25–0.23 million km2) 
and median BO (3.7–3.6%) (Extended Data Figs. 3 and 4). Trends in 
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BO changes can be site-specific; opposing patterns were revealed in 
the same continent or country, such as the United States (increasing 
in the east, decreasing in the west) and South America (decreas-
ing in the north, increasing in the south) (Fig. 4a). Moreover, all 
six continents showed slight declines of MBE (Extended Data Fig. 
4a), whereas sporadic amplified locations can be identified in some 
countries, such as China, India, Argentina and the United States, 
among others (Extended Data Fig. 3a).

From the 2000s to the 2010s, the global median BO increased by 
44% (from 3.6% to 5.2%) (Fig. 4b and Extended Data Fig. 4b) and the 
global MBE expanded by 3.14 × 104 km2 (or 13.8%) (Extended Data 
Figs. 3b and 4a). The most pronounced increases were detected in 
Asia and Africa, manifesting as more than doubled BO frequencies 
in 15 countries, such as India, Thailand, Indonesia, Uganda, Kenya 
and many others (Supplementary Table 1). Of the 65 countries 
examined, 46 (70.8%) showed BO increases (Fig. 4e). Meanwhile, 
the global expansion of MBE is mainly the result of the remark-
able increases in Asia (2.33 × 104 km2) and Africa (0.93 × 104 km2) 
(Extended Data Fig. 4a), as the MBE in the other four continents 
remained relatively stable. By contrast, bloom events declined in 
Australian lakes during this period and the median BO declined 
from 5.9% to 4.8% in Oceania (Extended Data Fig. 4b).

Throughout the entire study period, algal blooms exhibited a 
dominant increasing pattern across almost the entire globe (Fig. 4c 
and Extended Data Figs. 3c and 4). Steady BO increases were found 
in Asia and Europe, and the most striking increase occurred in Asia 
in the 2010s. Furthermore, although the median BO decreased in 
Africa, North America and South America from the 1980–1990s to 
2000s, such changes have been offset by rapid increases in recent 
decades. Country-level comparisons between the 1980s and the 
2010s revealed that massive BO increases were primarily found in 

Asian and African countries, and prevalent increases were detected 
in 49 (75.4%) of the 65 examined countries (Fig. 4f). The notable 
MBE expansion in the 2010s dominates the net gain of the global 
MBE during the past four decades (Extended Data Fig. 4a).

anthropogenic and climatic drivers
The increase in algal blooms worldwide is undoubtedly associ-
ated with intensifying human activities. One of the main contribu-
tors is the surge in agricultural fertilizer consumption. From the 
1980s to the 2010s, global phosphate and nitrogen fertilizer use 
increased by 54.8% and 53.0%, respectively (Extended Data Fig. 
5). Concurrently, algal blooms in lakes have increased as a result 
of excessive nutrient availability25–27. Asia contributed the most to 
global enrichments in nitrogen (77.5%) and phosphate (84.9%), and 
Africa showed remarkable increases (78.2% and 85.7% for nitrogen 
and phosphate, respectively), agreeing with the high BO and rapid 
increases in lacustrine algal blooms in these two continents (Fig. 4 
and Extended Data Fig. 4). Rapid industrialization and urbaniza-
tion in developing countries in Asia and Africa may also have led 
to enhanced nutrient concentrations in water bodies28–31, further 
exacerbating algal blooms. By contrast, the steady increase in fertil-
izer use in South America apparently had limited impacts on bloom 
trends, possibly due to high precipitation and the relatively short 
residence time of regional lakes (Extended Data Fig. 6). In the more 
developed regions of Europe, North America and Oceania, fertil-
izer use was relatively stable due to nutrient control measures and 
environmental protection policies32,33. As a consequence, the corre-
sponding increases in both BO and MBE appeared less pronounced 
than those in Asia and Africa (Fig. 4 and Extended Data Fig. 4).

Algal blooms in water are sensitive to climate change3, and the 
unprecedented increases in air temperature in the past decades may 
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have contributed to the overall increases in algal blooms (Extended 
Data Fig. 7). Global warming can boost phytoplankton blooms not 
only by accelerating their growth rates34 but also by influencing 
their motility and lake stratification, among other mechanisms35,36. 
However, the magnitudes of these impacts can vary substantially 
under different climate zones and lacustrine environments (with dif-
ferences, for example, in depth, morphology, nutrient level, hydrol-
ogy and the surrounding landscape)26,34,37,38, not to mention the 
complex responses of lake surface temperatures to air temperatures39. 
Therefore, more extensive ecosystem modelling is required to quan-
tify the impacts of temperature increase on phytoplankton blooms 
at the global scale40. Nevertheless, we believe the bloom-stimulating 
effects of climate change have played important roles in shaping the 
recent changes in global algal blooms. In fact, although nutrient dis-
charges in developed countries have been restricted, ongoing and 
widespread increases in algal blooms correspond well with the recent 
warming trend (0.050 °C yr−1) (Extended Data Fig. 7).

Widespread implications
Our results provide clear evidence of an enhanced extent of global 
lacustrine algal blooms over the past four decades, particularly 
due to increases in the 2010s. Frequent algal blooms (for example, 
BO > 10%) occurred in many regions across all six continents and 
throughout the study period. However, changes in bloom extent and 
frequency were not distributed evenly, with the greatest increases in 
many Asian and African countries (Fig. 2). Unfortunately, the high 
risk of algal blooms in these countries, many of which are devel-
oping countries in pursuit of food security and economic develop-
ment, is expected to persist. As such, these regions should represent 
a top priority for management and mitigation efforts in the future. 

Moreover, emerging effects from climate change can counteract the 
benefits of water-quality policies in developed countries, indicating 
the need for strengthened strategies for water-quality improvements.

We present a comprehensive GBD comprising the spatial and 
temporal distributions of algal blooms for global freshwater lakes, 
which provides baseline information for at least three vital applica-
tions: (1) identifying the causes of algal blooms and predicting their 
future occurrence; (2) establishing prevention and mitigation poli-
cies for government authorities and environmental agencies; and 
(3) assessing the ecological, economic and social impacts of histori-
cal and future algal blooms. Furthermore, these applications can be 
performed at both regional and global scales, due to the high spatial 
resolution (30 m) of the GBD. The outcome of this study relies heav-
ily on the ongoing remote-sensing data enabled by Landsat satel-
lites41, as it is simply impossible to use other data in consideration 
of both the spatial scale (global) and temporal scale (1982–2019). 
Continuous and consistent space-based observations will remain 
essential in the future to help understand and mitigate the emerging 
problems of algal blooms.
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Methods
Data sources. Landsat satellite data. The entire archive of Landsat 4, 5, 7 and 8 
images covering the studied lakes was used, comprising a total of 2.91 million 
images. A quality-assurance band is also provided for each image, and pixels 
associated with clouds or cloud shadows are identified and flagged using the Fmask 
algorithm42. The Landsat surface reflectance products43,44, which were originally 
provided by the US Geological Survey, are all available in Google Earth Engine.

All four Landsat satellites have a revisit period of 16 days, and an 8 day 
observational frequency is expected when the datasets from two satellites are 
combined. Images collected from adjacent swaths in the east–west direction (with 
acquisition times one week apart) can increase the coverage of data in the overlapping 
region. The proportion of overlapping areas increases with latitude, from 7.3% at the 
equator to 40.4% at 50° (ref. 45). We excluded overlapping regions in the sequential 
images collected along the orbit track (that is, along the adjacent swaths in the north–
south direction), since these pixels basically constitute identical data. In 2003, the scan 
line corrector of the Landsat 7 Enhanced Thematic Mapper Plus (ETM+) instrument 
failed45 and, thus, the data collected after 2003 were excluded from our study to 
exclude the potential impact of stripes on the bloom detection.

The spatial distribution and temporal coverage of cloud-free Landsat data are 
presented in Extended Data Fig. 8a–d for both the entire period (1982–2019) and 
the different decadal periods (the 1980–1990s: 1982–1999; the 2000s: 2000–2009; 
and the 2010s: 2010–2019).

HydroLAKES. We used the polygons provided by HydroLAKES (Version 1.0)46 to 
determine the lakes examined in our study, and we also used the residence time 
associated with the lakes to examine their potential impacts on algal blooms.

Endorheic basin polygons. We used the polygon shapefile provided by Wang et al.47 
to mask karst and saline lakes in endorheic basins.

Global surface water occurrence. The global surface water occurrence (GSWO) 
dataset provides the probability of the presence of water across the entire globe 
between 1984 and 2015 at a spatial resolution of 30 m. The dataset was produced 
by using the complete archive of Landsat 5, 7 and 8 images48. We used the GSWO 
to determine the extents of the studied lakes and to generate a mask to exclude 
aquatic vegetation (see below).

Global temperature data. Global monthly gridded (0.1° × 0.1° resolution) land surface 
temperature data simulated by the Noah 3.6.1 land surface model49 were used to 
produce a mask to exclude high-latitude lakes in this study (see below). The annual 
anomalies of global land temperature between 1980 and 2019 were also obtained from 
the NOAA National Centers for Environmental Information, which were used to 
examine the impacts of temperature on multidecadal algal bloom patterns.

Global population density data. Population density data from the Gridded 
Population of the World (Version 4; 1° × 1° resolution) dataset were used with 
temperature data to determine the examined lakes in this study (see below), 
and the data were obtained from the Center for International Earth Science 
Information Network at Columbia University50.

Fertilizer data. Fertilizer consumption data were obtained from the Food and 
Agricultural Organization51. We downloaded annual country-level records between 
1982 and 2017 (the most recent year available) to examine the associated impacts 
on global algal blooms.

Determination of studied lakes. All lakes in the HydroLAKES database were 
initially selected, comprising 1.4 million lakes globally. Although smaller lakes are 
also resolvable using 30-m-resolution Landsat observations, the signals of water in 
small lakes could be easily contaminated by either mixed pixels or land adjacency 
effects52,53, causing substantial errors in the detected algal blooms.

Lakes located at high latitudes were excluded from our study (Extended Data 
Fig. 8h) for the following two reasons: (1) high-latitude lakes have long ice cover 
(>6 months each year)54 and the residual errors from the lake-ice mask (that is, the 
Fmask algorithm42, with ~6% of ice detection errors55) may introduce unpredictable 
uncertainties to our results; and (2) high-latitude lakes receive small solar radiation 
and the Landsat instruments may not be sufficient to resolve the water colour due 
to their low signal-to-noise ratios56, especially for clear Arctic lakes (the reflectance 
of which is about 3% for the green band57). In practice, we used a temperature 
mask (summer mean temperature <20 °C) instead of an arbitrary latitudinal limit 
due to the fact that lake ice is more dependent on temperature than latitude58. 
In particular, lakes in northern Europe show a substantially shorter ice-cover 
duration than other lakes located at the same latitude54. We included lakes in 
northern Europe when the regional population density is >10 per km2, although 
they may be within the temperature mask (primarily located in Finland, Norway 
and Sweden; Extended Data Fig. 8h); lakes in such regions show potential risks of 
algal bloom from previous studies59–61. The temperature data used here represent 
the climatological summer mean during 2000–2019, which was generated with 
simulated monthly products using the Noah 3.6.1 land surface model49 (July in the 
Northern Hemisphere and January in the Southern Hemisphere). Note that the 

exclusion of high-latitude lakes is not because there is no bloom risk but because 
we have less confidence in interpreting the data from those lakes. Numerically, we 
reduced the initially selected number of lakes to 248,243, and the total area of the 
selected lakes is 1,671,592.82 km2, approximately 57.1% of the global lake area or 
1.1% of the global land surface area.

Algal bloom detection algorithm. We developed an automatic algal bloom detection 
algorithm by introducing the colour space created by the Commission Internationale 
del’éclairage (CIE, or, in English, the International Commission on Illumination) 
in 1931 (ref. 62) (see the rationale of this algorithm in Supplementary Note 1). Most 
reported bloom-occurring freshwater lakes were mainly manifested as greenish 
colours. Accordingly, higher concentrations of phytoplankton would make the 
water appear greener. Therefore, bloom-containing pixels should be located in the 
green gamut of the CIE xy chromaticity diagram, and greener pixels (with stronger 
blooms) tend to be closer to the upper border. By contrast, waters dominated by 
constituents other than phytoplankton appear as different colours, such as bluish 
for clear oligotrophic waters, yellowish to reddish for turbid waters, and brownish to 
dark for waters that are rich in coloured dissolved organic matter63. To discriminate 
bloom-containing waters from bloom-free waters, we can define a boundary in the 
two-dimensional CIE coordinate system. It is important to note that, in oceans or 
saline lakes, algal blooms can appear as yellowish to brownish colours20, such as for 
spring blooms with large colonies (mostly diatoms and dinoflagellates) in the Baltic 
Seas64 and the winter golden algal bloom in brackish lakes in Texas in the United 
States (dominated by Prymesium parveum)2; however, such blooms were rarely 
reported in freshwater lakes and are excluded from the current study.

To determine the optimal discrimination criteria for algal blooms using the 
CIE colour space, training bloom pixels (67,966 in total) were carefully delineated 
from Landsat 5 Thematic Mapper (TM) images. Bloom pixels were selected from 
22 lakes (whose sizes ranged from 142.0 km2 to 67166.2 km2) in which outbreaks 
of algal blooms had previously been reported (Supplementary Table 2). The 
delineation process was performed through visual interpretation by examining 
RGB composites and the corresponding floating algae index (FAI) images. The FAI 
images were calculated as follows:

FAI = RNIR − Rred − (RSWIR − Rred) × 0.5 (1)

where Rred, RNIR and RSWIR are the surface reflectances in the red, near-infrared and 
short-wave infrared bands, respectively. The calculation formula here is slightly 
different from the original form in Hu et al.65; the formula was modified to make 
it less dependent on the locations of the central wavelengths and thus obtain more 
consistent values from all Landsat instruments.

We sampled pixels from greenish features in the RGB images when they 
displayed high FAI values, representing densely aggregated surface or subsurface 
phytoplankton. The sampled lakes are distributed in different climate zones and 
have variable water backgrounds (from relatively clear to extremely turbid waters). 
The acquisition times of the used images span two decades (1986–2011) and 
different seasons. Therefore, the samples collected here can almost exhaustively 
characterize algal bloom conditions in freshwater lakes.

The surface reflectances in three visible bands (that is, Rred, Rgreen and Rblue) for 
the selected bloom samples were transformed into the CIE xy chromatic colour 
space using the following equations66:

x = X/ (X + Y + Z) (2)

y = Y/ (X + Y + Z)

X = 2.7689Rred + 1.7517Rgreen + 1.1302Rblue

Y = 1.0000Rred + 4.5907Rgreen + 0.0601Rblue

Z = 0.0000Rred + 0.0565Rgreen + 5.5943Rblue

As expected, all points are located in the greenish gamut of the chromaticity 
diagram (Extended Data Fig. 1a,b) and the colours range from yellow-green to 
bright green. We determined the lower boundary for the scattered points in the 
diagram; this boundary represents the lightest green colour of the selected bloom 
pixels. Points falling above the boundary are greener than the lightest green 
and are supposed to represent more severe blooms (Extended Data Fig. 1b and 
Supplementary Note 1). The lower boundary of the sample pixels was determined 
as follows. First, we grouped all the sampled pixels into different bins according 
to the magnitude of the X chromatic coordinate (bin interval: 0.005). Second, 
we estimated the first percentile (Q1%) of the associated mean Y values in the 
chromatic coordinates for all bins. Third, the lower boundary was established 
through a third-order polynomial regression over the Q1% values of these bins, 
which can be expressed as

Y = 223.201344X3
− 189.247165X2

+ 51.708314X − 4.108605. (3)
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The use of the first percentile instead of the lowest boundary is to exclude 
potential speckle noise from individual pixels in the Landsat images.

Since the algorithm was developed based on training samples from TM images, 
slight band adjustments were conducted when applying the algorithm to ETM+ 
and Operational Land Imager (OLI) images to account for disparities in their 
band configurations67. An adjustment factor, estimated using the spectral response 
functions, was applied to adjust the ETM+ and OLI bands to the analogous TM 
bands (see the methodology in ref. 68).

Practical workflow for bloom detection. The practical workflow for algal bloom 
detection is illustrated in Extended Data Fig. 9. Several masks were applied to 
minimize potential contamination from poor image quality and background 
lacustrine environments.

The masks for clouds and cloud shadows generated by the Fmask algorithm42 
were first applied to each Landsat surface reflectance image. However, abnormally 
high or low values on water surfaces were also detected among the remaining clear 
pixels, which may be attributed to residual errors from the Fmask or atmospheric 
correction methods43,44. We used several thresholds (that is, Rgreen > 0.02 and 
reflectance at all visible bands of <0.5) to exclude those pixels.

Highly turbid waters (which have a low possibility of algal blooms) were 
also masked during the bloom detection. This mask was conducted through 
a turbid index (TI), which is estimated using the same baseline subtraction 
form as the FAI but with the three different bands: green, red and NIR 
(TI = Rred − Rgreen − (RNIR − Rgreen) × 0.5). Highly turbid waters are expected to show 
positive TI values due to their enhanced reflectance in the red band relative to the 
other two bands69.

Three additional disturbances may also cause greenish water bodies even in 
extremely clear water bodies and, thus, further masking processes are required.

First, floating-leaved and emergent aquatic vegetation in lakes often exhibits 
greenish colours and is commonly found in shallow lakes (such as the lakes in 
the Yangtze Plain in China)70 and hence can be misclassified as blooms via the 
CIE algorithm. We used the GSWO dataset to exclude areas where the water 
occurrence is less than 95%. The theoretical justification for this threshold is that 
areas with aquatic vegetation have relatively low inundation frequencies and often 
show minimum chances of eutrophication. We further ensured that regions with 
extremely severe blooms (for example, Lake Erie and Lake Taihu) showed a higher 
water occurrence of >95% and thus were not masked. By contrast, submerged 
aquatic vegetation tended to be determined as bloom-free pixels using the CIE 
algorithm, as they often appear as dark colours in Landsat images.

Second, water bodies surrounded by green mountains or forests can exhibit 
greenish colours. This is because of the signals reflected from adjacent vegetation 
(in either a specular or diffuse manner) off the water surface, and the magnitude 
of the reflection is a function of the surface state71. Indeed, such reflections occur 
at both visible and longer wavelengths, and a strong reflected signal in the NIR 
band (the red edge for vegetation) can lead to a positive FAI on Landsat images. We 
estimated the positive FAI occurrence (the ratio between the number of positive 
FAI values and the number of valid observations) and found that potentially 
contaminated regions always show consistently high values. A typical example, 
namely, the Danjiangkou Reservoir in China, is shown in Supplementary Fig. 1a. 
High positive FAI occurrences were discovered across the entire reservoir, although 
the water here has been reported as being of high quality72. Nevertheless, a careful 
examination showed that a threshold of 50% can be used to safely mask the 
potential contamination for this reservoir and other similar water bodies.

Third, karst lakes with high concentrations of minerals can appear as a greenish 
colour (see the example in Supplementary Fig. 1b) and, thus, these lakes can be 
incorrectly labelled as containing algal blooms through optical remote sensing, 
even under high water-clarity conditions73. These kinds of lakes are located in 
endorheic basins, where the inflow of minerals accumulates through the constant 
evaporation of lake water. Fortunately, endorheic lakes are located primarily in 
uninhabitable mountainous or desert regions47 and as a result of their distances 
from anthropogenic nutrient-containing pollutants. The blooms in such lakes, if 
any, should be less pronounced and of limited impact on drinking-water safety. 
We masked most lakes in endorheic basins with only several exceptions, including 
the Caspian Sea in Asia and the Great Salt Lake and several adjacent lakes in the 
United States, as these lakes show a high surrounding population density and 
have previously been reported to exhibit cyanobacterial blooms24,74. The masking 
process of karst lakes also excluded saline lakes from our study (except for the few 
lakes mentioned above), since saline lakes are mostly located in endorheic basins75. 
Therefore, the scope of the current study is focused on algal blooms in freshwater 
lakes.

Creation of a global bloom database. The practical workflow (Extended Data Fig. 
9) for algal bloom detection was applied to 2.91 million Landsat images between 
1982 and 2019 (see specific composition above) to generate a GDB and the entire 
process was conducted through Google Earth Engine. The MBE and BO data, the 
two products in the GDB, were obtained using the following methods.

For each pixel, we recorded (1) the number of times that the pixel was classified 
as containing an algal bloom during 1982–2019 (denoted as Nbloom) and (2) the 
number of valid Landsat observations (Nvalid) (that is, not classified as clouds or 

cloud shadows by the Fmask algorithm42). The BO was estimated by normalizing 
Nbloom against Nvalid, and represent the proportion of Landsat observations during 
which a bloom outbreak is recorded. To ensure sufficient observations and thus 
meaningful statistics, we excluded pixels with Nvalid < 111 (that is, fewer than 
three valid observations in a year on average) from the BO calculations. When 
calculating the BO values for 1° × 1° grid cells, the Nbloom and Nvalid values in a cell 
are integrated first. We estimated the BO distributions and the associated median 
values for 1° × 1° grid cells in different countries, different continents and the 
entire globe (Figs. 1 and 2). Note that countries with fewer than five grid cells were 
excluded from the estimations of BO distributions, and a total of 65 countries 
remained (Fig. 2).

The MBE represents the total area of pixels where algal blooms were detected 
at least once (that is, Nbloom > 1) during the entire study period. However, to avoid 
potential misclassification due to speckle noise from the Landsat images, we used 
Nbloom ≥ 5 instead of Nbloom > 1. A sensitivity analysis was performed using values 
of Nbloom ≥ 3 to Nbloom ≥ 8, which resulted in minor changes to both the global total 
MBE (<8%) and the median BO (relative magnitude of <3%). The pixel-level MBE 
values were aggregated into 1° × 1° grid cells and then integrated into the country 
scale and continental scale (Figs. 1 and 2). Note that when the total water area is 
<10 km2 in a 1° × 1° grid, the associated MBE and BO are not presented in the 
global maps (Figs. 1 and 2).

Multidecadal changes in algal bloom patterns. We examined long-term 
changes in global algal blooms by differentiating between three time periods 
(that is, the 1980–1990s, 2000s and 2010s). During each period, we estimated the 
corresponding BO and MBE. Similar to the calculation used in the entire study 
period, a minimum Nvalid value was used during each period to exclude areas with 
insufficient valid observations from the final statistics; the thresholds were 45, 30 
and 30 for the 1980–1990s, 2000s and 2010s, respectively. Note that although it is 
more straightforward to conduct an interannual trend analysis using four decades 
of datasets, our compromise is to account for the relatively long revisit period of 
Landsat and the dynamic nature of algal blooms. We also compared the fraction 
of cloud-free Landsat images with the total number of Landsat images during each 
period (Extended Data Fig. 8e–g) and found that the spatial patterns of this ratio 
were highly consistent across the three time periods, which is probably due to 
the stable climatic conditions for any given location. Since the BO was calculated 
by normalizing the total number of cloud-free observations, it represents the 
frequency of an algal bloom that has been detected by satellites. As such, the 
changes in the number of available images (when two different Landsat satellites 
are available) are not expected to show notable impacts on BO values.

Pixel-level estimates were then aggregated into 1° × 1° grid cells. We estimated 
the absolute differences in BO (Fig. 4) and relative differences in MBE (Extended 
Data Fig. 3) for each grid among these periods, and then we compared the 
changes in the BO distributions among the different time periods at the national, 
continental and global scales (Extended Data Fig. 4).

Data availability
Source data are provided with this paper. The Landsat images and the GSWO 
dataset are available in the data archive of Google Earth Engine (https://developers.
google.com/earth-engine/datasets), the HydroLAKES dataset was obtained at 
https://www.hydrosheds.org/pages/hydrolakes and the endorheic basin polygons 
were downloaded from https://doi.org/10.1594/PANGAEA.895895?format=html
#download. Global land surface temperature data were obtained from https://disc.
gsfc.nasa.gov/datasets/FLDAS_NOAH01_C_GL_M_001/summary and annual 
temperature anomalies can be found at https://www.ncdc.noaa.gov/cag/global/
time-series/globe/land/ytd.

Code availability
The code for the automatic algal bloom detection algorithm can be assessed at 
https://code.earthengine.google.com/325dfdde02b381419bb81a71bee769d7 and 
the code for other analysis of this study is available from the corresponding author 
upon reasonable request.
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Extended Data Fig. 1 | See next page for caption.
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Extended Data Fig. 1 | Development of the Cie-based bloom detection algorithm. (a) CIE color space; (b) Density plots of the selected bloom-
containing pixels in the CIE xy chromaticity coordinates and their distributions in the CIE color space; (c) Examples to show the performances of the CIE 
algorithm in classifying algal blooms (green features in the right panels) in Hongze Lake, China and Lake Okeechobee, USA. More examples are shown in 
Supplementary Fig. 2.
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Extended Data Fig. 2 | Maximum bloom extent (MBe, in km2) and bloom occurrence (Bo, in %) grouped by different lake sizes and depths. In the box 
plots, the bottom and top of the boxes are the first and third quartiles, respectively, the bar in the middle shows the median, and the whiskers show the 
minimum and maximum values.
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Extended Data Fig. 3 | Global maps of multidecadal maximum bloom extent (MBe, in km2) changes presented as 1˚×1˚ grid cells in different periods. 
(a) 1980-1990s to 2000s; (b) 2000s to 2010s; (c) 1980-1990s vs 2010s.
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Extended Data Fig. 4 | statistics of multidecadal algal bloom changes for six continents and the entire globe. (a) Summarized maximum bloom extent 
(MBE, in km2); (b) Box plots of bloom occurrence (BO, in %). In the box plots, the bottom and top of the boxes are the first and third quartiles, respectively, 
the bar in the middle shows the median, and the whiskers show the minimum and maximum values.
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Extended Data Fig. 5 | Long-term changes in fertilizer consumption on six continents. (a) Phosphate; (b) Nitrogen. The results are recompiled 
country-level data from the Food and Agricultural Organization (FAO).
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Extended Data Fig. 6 | Box plots of residence time for bloom affected lakes in different continents. In the box plots, the bottom and top of the boxes are 
the first and third quartiles, respectively, the bar in the middle shows the median, and the whiskers show the minimum and maximum values.
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Extended Data Fig. 7 | Long-term changes in global land temperature. The data are presented as the anomalies with respect to long-term average (1901-
2000), and the slopes of trends in different periods are annotated.
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Extended Data Fig. 8 | spatial distribution and temporal coverage of cloud-free Landsat 4, 5, 7 and 8 observations for different periods. Number of 
cloud-free observations for different periods: (a) 1980-1990s, (b) 2000s, (c) 2010s and (d) 1982-2019. The three panels to the right (e, f and g) show the 
fraction of cloud-free Landsat images to the total number of Landsat images during different periods; (h) Mask used to determine the examined lakes in 
this study (that is, black areas), and the light gray show areas we have less confidence in interpreting the data from those lakes (see Methods).
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Extended Data Fig. 9 | Practical workflow for algal bloom detection. Working steps for lake algal bloom detection using a novel CIE-based algorithm, 
several masks were performed to exclude potential disturbances from poor image quality and other environmental impacts.
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Extended Data Table 1 | accuracy assessments of the Cie-based algorithm
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