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Abstract
Turbidity is a key indicator of water quality and has significant impacts on underwater light availability
of lakes. But the spatiotemporal variability of turbidity, which is important for understanding
comprehensive changes in thewater quality and status of aquatic ecosystems, remains unclear on a
global scale. In this study, the spatial distribution pattern, seasonal variability, spatiotemporal
variability, and influencing factors of turbidity in 774 lakes worldwide have been investigated using the
turbidity product of CopernicusGlobal Land Service (CGLS) derived from Sentinel-3OLCI.We
found that 63.4%of lakes show low turbidity (� 5Nephelometric TurbidityUnits). The ranking of
turbidity by climate zone is as follows: arid climate> tropical climate> temperate climate∼ polar
climate> cold climate. Turbidity decreased significantly in 40%of studied lakes, and increased
significantly in 32% lakes. The lakewith low turbidity has less seasonal variation, and there is a large
seasonal variation in lake turbidity in the tropical and polar climate zones ofNorthernHemisphere.
Positive covariates to turbidity of global lakes includewind speed of lake, slope, surface runoff, and
population in the catchment. Conversely, negative covariates include lake area, volume, discharge,
inflowof lake, andGDP. Abundant water volume, favorable flow conditions, andmore financial
investments in lakemanagement can help to reduce turbidity. Thesefindings highlight the
spatiotemporal changes of global lake turbidity and underlyingmechanisms in controlling the
variability, providing valuable insights for future lakewater qualitymanagement.

1. Introduction

Climate change has caused a variety of extremeweather events and other climatic phenomena. The global
annualmean temperatures from2015 to 2022were the eight warmest on record despite the cooling impact of a
LaNina event [1]. These changes have led to strong responses in global lake ecosystems [2–4]. For example, a
pervasive and rapidwarmingwas observed in global lake summer surface water temperatures [5, 6]; 53%of
global lakewater storage decreased statistically significantly over the period 1992–2020 [7]; the storage returns of
global reservoir decreased except for those inNorthAmerica, Europe and Siberia during 1999–2018 [8]; and
total suspended sediments (TSS) have decreased inmost lakes of theMiddle and Lower Yangtze River basin over
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the period 2000–2014 [9]. Healthy aquatic ecosystems are crucial for sustaining biodiversity of water bodies,
safeguarding our drinkingwater resources, and supporting humanwell-being [10–12].

Turbidity is a key indicator of water clarity [13, 14], and it is ameasurement of diffuse attenuation or side
scattering atNIR (Near Infrared)wavelength [15]. Attenuation is the sumofNIR scattering andNIR absorption,
reduced underwater light availability at depth, and it is largely a proxy of particle scattering and concentration
sinceNIR absorption of pigments andCDOM is low. Turbidity can bemeasured by two approaches,
nephelometry and turbidimetry, for low and high turbidity levels, respectively [15]. Increasing turbidity reduces
water clarity for transmitted light, facilitating the thermal stratification of the lake [16], further altering the lake
mixing regime together with the increasing air temperature, and the in-lake biogeochemical process [17, 18].
Therefore, it is of significance to reveal how changes in aquatic ecosystems respond to climate change and the
major driving factors.

Turbidity, total suspendedmatter (TSM), and transparency are closely relatedwater quality properties [9],
because all of them are tightly related to the scattering of suspended particles. Accordingly, turbidity is directly
correlatedwith TSM [19–21]. High concentrations of TSM (such as suspended sediment, phytoplankton,
allochthonous organic particles (e.g. plant debris)) typically indicates a higher turbidity and lowerwater
transparency [22, 23]. Turbidity can be influenced by natural factors (climate, hydrology, geography, lake
specific properties, etc) [17] and human activities (domestic and industrial wastewater discharge, agricultural
fertilizer application, land use change, etc) [24–26].Many studies have shown that the turbidity in shallow lakes
ismore likely to increase with the increase of lakewind under the process of sediment re-suspension [9, 27, 28].
Previous analyses inChina [22, 29, 30],Minnesota of theUSA [31], and southernCanada [26] have shown that
deeper lakes generally have lower turbidity compared to shallow lakes.However, lake depth andwind can not
completely dominate the fate of lake turbidity. For example, the highwater clarity of shallow lakes in the Eastern
China Plain in summerwas highly related to lowTSMas the strong precipitation andweak sediment
resuspension, while lowwater clarity of deep lakes in thewesternChina plateauwas highly related to
chlorophyll-a due to the intense phytoplankton growth under the high temperature in summer [22]. Also, as the
decrease inwind speed [14], and long-term increase in vegetation coveragewithin the catchment, e.g.,most
lakes in northeast China have exhibited a statistically significant decrease in lake turbidity [32]. Therefore, the
response of lake turbidity to natural factors and human activities demonstrates a high degree of regional
heterogeneity and complex dynamicmechanisms, and current research on the dynamic patterns of turbidity
and influencing factors across global lakes remains relatively limited.

In recent years, Sentinel satellites (such as Sentinel-1, Sentinel-2, and Sentinel-3) [33],MODIS and Landsat
satellite data have beenwidely used for assessments of lakewater quality, including Secchi DiskDepth
[22, 34, 35], SPM [9, 29, 36], and turbidity [14, 37, 38]. For example, surfacewater temperature and total
phosphoruswere found as the important factors in explaining the variability of lake turbidity between 2002 and
2012 in European [37]. The increase in turbidity of Tonle Sap Lake in the lowerMekong River during 2004–2021
wasmore significantly influenced by human activities [38]. However, these previous studies primarily focused
on individual lakes or regional lake, and few studies conducted comprehensive investigation on revealing the
spatiotemporal variability of lake turbidity response to climate-geography-hydrology-human interaction
influences on a global scale. In this study, we close this research gap and detect the spatiotemporal variability of
global lakes from January 2017 toDecember 2022 by utilizing remotely sensingwater turbidity of 774 lakes
worldwide from theCopernicus Global Land Service (CGLS), which is based on 300m resolution Sentinel-3
satellite data and aggregated in 10-day averages. The non-parametricMann-Kendall [39–41] and Sen’s slope
[42] analysismethodswere used to analyze the spatial distribution pattern, seasonal variability, spatiotemporal
variability of turbidity in different types of lakes (natural lakes/reservoirs, deep / shallow lakes, and climate
classes), and then correlation analysis and general linearmodel (GLM)were used to reveal the influencing
factors. This study provides important information to understand the dynamics of turbidity of global lakes.

2.Materials andmethods

2.1.Data sources and data processing
TheCopernicusGlobal Land Service (CGLS, https://land.copernicus.eu/global/ ) provides different water
quality products for lakes and reservoirs in thewhole world. Turbidity is available in 10-day averaged 300m
raster data for the periods between 2002 to 2012, based on EnvisatMERIS, and for 2016 to present, based on
Sentinel-3OLCI. The version 1 products of CGLS consist of data for 1015 lakes. The products are processed
using theCalimnos processing chain [43]. They are based on a combination of algorithms for TSM retrieval
[44–46]which apply suitable spectral bands for a priori estimated optical water types [47]. The TSMestimates
obtained in suchmanner are then converted to turbidity (conversion factor of 1.17NTU/gm−3 as formulated
by [19, 20]).
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Thewater quality data derived fromEnvisatMERIS (2002–2012) of CGLS have been extensively used in
previous studies and showed reliability [37, 38, 48, 49]. These analyses derived from theCGLS have shown that
theCalimnos processing chain can be applied to both sensors, EnvisatMERIS (2002–2012), and Sentinel-3OLCI
(2016-present) [50]. The further optimizedCalimnos v2was applied to Sentinel-3OLCI (2016 - present), and a
newLake Ice Cover algorithmwas used to getmore accurate icemasking andwater surface [50]. The validation
results (9 lakes were included) in theCGLS quality assessment report [51] show the lakewater turbidity derived
fromSentinel-3OLCI (2016 - present) performedwell, and consistency between Sentinel-3OLCI turbidity and
observations is high between years (2016–2019), indicating the suitability of the Sentinel-3OLCI for detecting
spatiotemporal changes of turbidity.We also performed cross validationwith remote-sensed Forel-Ule Index
(FUI) [52], highly related to turbidity [30]. The results showed that the R of linear regressionmodel between FUI
and turbidity in 41.1% available lakeswas� 0.45 (99/241 lakes), the R in 36.1% lakes was� 0.5, and the R in
14.1% lakeswas� 0.7 (figures S1, S2, and table S1). This cross validation further confirms the reliability of the
turbidity data.

In this study, lake-wise spatial aggregation of the 10-day raster datawas carried outwith the same Python
scripts used by [48]. It iteratively runs the operator StatsOp in ESA’s SNAP toolbox [53] for the lake shapefiles
provided byCGLS, and extracts the spatialmedian value from theCGLS turbidity raster data for all analysis in
this study. Of the 1,015 lakes, we excluded 271 lakes which have no data formore than 30%of the time series,
and time points were filtered out if less than 50%of the lake’s surface was visible for any given 10-day period. For
the data gaps resulting from ice or cloud coverage, wefill in the data gaps in the time series using a bootstrapping
approach inside a 1-year-longmovingwindow centered around the date of interest [48]. Finally, themonthly
turbidity time series of 774 lakes, from January 2017 toDecember 2022, were used in this study.

Raster data of potential covariates (see table S2)were extracted in a similarmanner. In extracting the spatial
average value of covariates in the lake catchment, we prepared the drainage catchments of lakes using the
HydroATLAS dataset [54, 55] and lake boundaries fromCGLS. TheHydroLAKES database [56]was used to
verify and correct some erroneous CGLS polygons. The covariates considered in this study include: lake
attributes (geographical coordinates, lake area, lake depth, slope, lake type, etc) from theHydroLAKES,
meteorological data (temperature, precipitation, surface runoff, wind speed, etc) from the ERA5-land dataset
[57], the global population from theGridded Population of theWorld (GPW) version 4 [58], gross domestic
product (GDP) from theGridded global datasets forGrossDomestic Product [59]. Furthermore, the Köppen-
Geiger climate classification [60]was used. A full description and data sources of the covariates are described in
table S2 section of Supplementary Information.

According to the guidelines for drinkingwater quality of theWorldHealthOrganization (WHO), thewater
turbidity should be below 1NTU for drinking purpose and not exceed 5NTU for other consumption purposes
[23]. The average turbidity of global 774 lakes between January 2017 andDecember 2022was divided into two
groups (low turbidity:� 5NTU, and high turbidity:> 5NTU).Meanwhile, considering that a large number of
lakes inCanada in this study (with low values) andwater quality guidelines for the protection of aquatic life
based onCanadian council ofministers of the environment (CCME), lake average turbidity infigure S1was
further divided into 6 categories (0∼1, 1∼2, 2∼5, 5∼10, 10∼15,>15NTU). Furthermore, lake types (natural
lake or reservoir)were reported as important influencing factors for lakewater storage [7]. Turbidity differences
between natural lakes and reservoirs, as well as between deep and shallow lakes [22, 29, 30]were also analyzed.
The sources of guidelines are described in theMethods section of Supplementary Information.

2.2. Time series analysis
To eliminate the impact ofmonthly seasonal cycles on all the variables (turbidity and other covariates), the
seasonal-trend decomposition procedure based on Loess (STL)methodwas used. Thismethod, widely used in
the time-related data analysis [61, 62], can decompose time series into three component sub-series: seasonal,
trend, and residual:

( )= + +Y T S R 1t t t t

where Yt is the observed value at the date t;Tt is the trend component (hereafter referred to as TC-STL); St is the
seasonal component; Rt is the residual component which represents the remaining variation beyond seasonal
and trend components. Therefore, the time series in this study includes the raw time series of turbidity, and the
TC-STL of all variables.

Afterwards, Sen’s slope analysismethod [42]was used to estimate the change in slope of the time series (TC-
STL and raw time series). The Z statistics fromnon-parametricMann-Kendall (hereafter referred to asM-K test)
were used to detect the significance of changes of the time series. There is no statistically significant change in
variable time series when the |Z|1.96 (significance levelα= 0.05); otherwise, the change in variable time series
is statistically significant at significance levels. Negative values of Z indicate decreasing trends in variable time
series, whereas positive value indicates upward trends.
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2.3. Statistical analysis
For the analysis of lake turbidity with reference to lake types and proprieties, climate regions, and social
perspectives, we used correlation analysis andmultiple general linearmodel (GLM).We calculated the Pearson
correlation coefficient to identify the linear relationships between Z value of turbidity obtained fromM-K test
and various covariates considering different lake conditions. The p-value (2-tailed significance test) and Pearson
correlation coefficient for each covariate were also used to indicate the strength and direction (positive or
negative) of the relationship. The influence of the covariate onZ value of turbidity is statistically significant when
p-value of the Pearson correlation coefficient is less than 0.05.

The possible covariates and drivers of lake turbidity include precipitation, temperature, runoff, wind speed,
lakewater storage, lake depth, and anthropogenic activities, etc. Referring to the statistical analysis of Gilarranz
et al (2022) [48], we choseGLM,whichwas commonly used in studying the driving factors of water quality
[29, 63, 64], and used the binary values (1 or 0) for the response variables to analyze the variability of global lake
turbidity. Before using theGLM, all explanatory variables were scaled, andwere log-transformedwhen
necessary to normalize the data. This process helps deal with the nonlinear effect [65]. ThreeGLMs, considering
a binomial distribution, were applied to assess the relationship between these covariates and drivers, and the
temporal variation of turbidity. In the threeGLMs, the response variable was set to either 1 (significant increase
in lake turbidity) or 0 (significant decrease) inGLM1; the response variable was either 1 (significant increase in
lake turbidity) or 0 (nonsignificant increase) inGLM2; and the response variable was either 1 (significant
decrease in lake turbidity) or 0 (nonsignificant decrease) inGLM3. Through these threemodels, we can
determine the contribution and direction of each driving factor to the lake turbidity under the scenarios of
significant increase/decrease (GLM1), significant/non-significant increase (GLM2), and significant/non-
significant decrease (GLM3).We conducted variable selection that when the correlation coefficient between the
original explanatory variables is greater than 0.5, one of the two is deleted to avoid the strongmulticollinearity
[66], and the remaining variables were scaled so that the effect sizes are comparable. Thefinal selectedmodels
werefitted to the data bymaximizing log-likelihood. Thefinal used variables are shown in SI appendix. All the
analyses were performedwithR 4.1.2. It should be noted that turbidity and other variables in these statistical
analyses used the TC-STL of these variables.

3. Results

3.1. Spatial difference of average turbidity in global lakes
We found that the average turbidity in 63.4%of the studied lakeswas below 5NTUover the period January 2017
andDecember 2022 (figure 1), which is suitable for diverse consumption regarding the lake turbidity
requirements ofWHO [23]. Lake turbidity below 1NTU (drinkingwater requirements)was observed in only
7.5%of the studied lakes, and almost all of which are deep and large lakes (figures S3, S4). Figure S5 shows the
spatial distribution of lake area (a) andwater depth (b) of 774 lakesworldwide. Specially, two-thirds (63.4%) of
lakeswith low turbidity (� 5NTU) are deep lake (average lake depth greater than 10m), whilemore than 70%of
lakeswith high turbidity (> 5NTU) are shallow lakes. Turbidity in shallow lakes is significantly higher than that
of deep lakes, which have lower variabilities in deep lakes (figure 1(e)). Interestingly, statistically significant
differences in turbidity were found between natural lakeswith different water depths and lake sizes, butwere not
observed in different reservoirs (figure S6). The turbidity in deep natural lakes is significantly lower than that of
all reservoirs, while the turbidity in shallownatural lakes is the opposite. In addition, the turbidity in small
natural lakes is significantly higher than that of large natural lakes and reservoirs (figures S4, S6), while the
difference with that of small reservoirs is not significant. The condition of large natural lakes is also the opposite.
The lake turbidity in arid climate (theKöppen-Geiger B climate classification) is significantly higher than that of
others, while lakes of cold climate (D) had significantly lower turbidity aswell as lower variability. The ranking of
turbidity by climate zone is as follows: B (arid climate)>A (tropical climate)>C (temperate climate)∼E (polar
climate)>D (cold climate). Spatially, lakes inNorthAmerica, Europe, andTibetan Plateau are dominated by
low turbidity, while African lakes are dominated by high turbidity (> 15NTU,figure S3), although some low
turbidity levels in lakes are observed in thewest branch of Rift Valley in Africa. Furthermore, we found that lakes
over Bolivia, Kazakhstan, and the easternChina had predominantlymedium turbidity (5∼ 15NTU, figure S3).

3.2. Seasonal variability in global lake turbidity
We found that the seasonal variation of lake turbidity in E climate zone of theNorthernHemisphere is the
largest, followed by the A climate zone and theC climate zone ofNorthernHemisphere (figure 2). In terms of
continents, lakeswith lowmulti-year average turbidity have small seasonal variations (figure S7), such asNorth
America, Europe, and Southeast Asia, while lakes with highmulti-year average turbidity have large seasonal
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variations, such asWest Africa, East Africa, andCentral Asia. In addition, the seasonal variation of lake turbidity
in SouthAsia is very significant, followed by lakes in SouthAmerica and East Asia.

We furthermapped the seasonal turbidity distribution of global lakes over 2017 to 2022 (figure S8), and
compared the seasonal changes of lake turbidity in different years (figure S9). Similar to the results of the box
plot (figure S7), we found that therewas no obvious seasonal change in lakes inNorthAmerica and Europe.
Comparedwith spring (figure S9), the turbidity of lakes, in Africa, SouthAmerica and India, increased
significantly in summer, and decreased significantly inwinter. Differently, the turbidity of lakes in the Tibet
Plateau decreased significantly in autumn,while increased significantly inwinter.Meanwhile, an interannual
variation in lake turbidity in different seasons alsowas observed (figure S10). Comparedwith the turbidity in
2017, we found that,most lakes inNorth America andNorthern Europe showed a significant increase of
turbidity in the spring, summer, andwinter of 2018–2019. Also, the spring turbidity of lakes in the Tibet Plateau
increased significantly since 2020, while thewinter turbidity increased since 2017. The turbidity of lakes in all
seasons inAfrican andOceania, generally decreased year by year since 2017. The summer turbidity of lakes in the
AmazonRiver Basin increased significantly in 2020 and 2022. The summer turbidity of lakes in Indian increased
since 2017, the autumn turbidity increased significantly in 2019, and thewinter lakes decreased since 2017. The
turbidity of lakes in easternChina, in summer and autumn, generally increased in 2021–2022.

3.3. Spatiotemporal variability in global lake turbidity
Based on the rawmonthly turbidity data, 198 lakes show a statistically significant decrease, and 163 lakes show a
statistically significant increase for the period of January 2017 toDecember 2022 (figure S11(a)). However, from
the results of theM-K test, we found that removingmonthly seasonal cycles from raw time series of lake
turbidity using STL helps identifymore accurate changes, as has been reported in other studies [67, 68]. After the
seasonal cycle was removed, we found that 310 lakes show a statistically significant decrease between 2017 to

Figure 1.Global patterns of turbidity in 774 lakes (natural lake and reservoir) between January 2017 andDecember 2022. (a). The
spatial distribution ofmonthly average turbidity, lakes are colored by two turbidity levels (low turbidity:� 5NTU, high turbidity:> 5
NTU) and two lake depth types (shallow lakes:� 10m, deep lakes:> 10m). Each point represents one center of the 774 lakes. Colors
of land illustrate the dominant climate classes inKöppen-Geiger climate classification [60] (tropical climate (A), arid climate (B),
temperate climate (C), cold climate (D), polar climate (E)). b∼ c: Lake average turbidity across different longitudes and latitudes are
summarized. d: The percentage of specific-colored lakes in total lakes studied. e∼ f: The differences of lake turbidity across different
lake depth, lake type (natural lake or reservoir), and theKöppen-Geiger climate classification. 2-sample test (wilcox.test)was used for
data comparison, illustratingwith several degrees of statistical significance (NS: p> 0.05, *: p< 0.05, **: p< 0.01, ***: p< 0.001).
g∼ h: The nonlinear relationship between log-transformed lake turbidity, lake area (g), and lakemean depth (h). The colors of data
points correspond to the different lake depth (g), and lake type (h). The figurewas created using R 4.1.2.
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2022, and 248 lakes show a statistically significant increase (figure 3). The results confirm that the removal of
seasonal cycle strengthens the identification of temporal variation. There is a higher probability ofmisjudgment
in theM-K test including seasonal cycles when the change rate in lake turbidity is small, e.g., for the change rate
ranges from−0.01 to 0.01 (figures S11(c)∼ (d)). Especially, theM-K test with seasonal cycles exhibited the
highest rate ofmisjudgment in lake turbidity in theUnited States (31/78 lakes) (figures S11(a)∼ (b)). Therefore,
this studymainly analyzes the temporal variation of lake turbidity withoutmonthly seasonal cycle, that is, the
change rate of TC-STL of lake turbidity.

The lakes inNortheast America and East Africa are clusteredwith a significant decrease in lake turbidity
(figure 3). For specific countries, Canada has the highest number of lakes with a significant decrease in turbidity
(65/150 lakes) in theworld, while China has the highest number of lakes with a significant increase in turbidity
of our studied lakes (46/111 lakes). Furthermore, particular concerns are the hotspots withmedium and high
average turbidity, such as Bolivia, Kazakhstan, and easternChina, which also show a significant increase in
turbidity (figures 1, 3, S12). There are significant differences for lake turbidity changes in different climate
regions, especially the cold climate (D), tropical climate (A), and polar climate (E) (figure 3(d)). As shown by
figures S13 and 3(c), significant increases in turbidity are observed in lakeswith low average turbidity (2∼ 5
NTU) in tropical climate, while decrease in turbidity are observed in some lakes with high average turbidity (> 5
NTU).Meanwhile, significant decreases in turbidity are observed inmost lakes in cold climate except for the
lakeswith super high average turbidity (> 15NTU), and significant increases in lake turbidity are observed in
most lakes in polar climate except for several lakes with low average turbidity (� 2NTU). As shown infigure S14,
nearly all the studied lakes in polar climate are located on the Tibetan plateau. Unlike the average turbidity of
global lakes, which ismainly affected by lake depths, the temporal variation of global lakes ismainly affected by
lake sizes. As shown infigures S15 and S16, we found that the turbidity in large lakes decreased significantly,
while the turbidity in small lakes increased significantly. No significant difference was observed between the
turbidity changes of lakes with different depths, but therewas a strong significant difference between the
significant decrease in turbidity in shallow large lakes and the turbidity changes in deep small lakes.

Figure 2. Seasonal variability ofmonthly turbidity among different climate classes in global 774 lakes (Northern hemisphere (a), and
SouthernHemisphere (b)). NorthernHemisphere:March toMay is spring, June toAugust is summer, September toNovember is
autumn,December to February is winter; SouthernHemisphere:March toMay is autumn, June to August is winter, September to
November is spring, December to February is summer.
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3.4. Relationships between lake turbidity changes and other factors
Figure 4 features the bivariatemaps based on the Z values of theM-K test for turbidity, precipitation, and air
temperature over the period between Januar0y 2017 andDecember 2022. Thesemaps indicate that the lakes,
around theGreat Lakes and the reservoirs in easternCanada, show a significant increase in air temperaturewith
significantly decreasing precipitation and turbidity figure S17). Other hotspots are theNile basin and the east
branch of the Rift Valley in Africa with significant decreasing of precipitation, temperature and turbidity.
Furthermore, particular concern hotspots with relatively high turbidity and significant increases in lake
turbidity, such as Bolivia andKazakhstan, presented a significant increase in temperature and significant
decrease in precipitation.

We further combined the results of correlation analysis andGLMs to examine the relationship between lake
turbidity changes and other factors (table S3 andfigure 5). In addition to latitude, the other significant factors
can be broadly grouped into three categories: hydroclimatic factors (temperature, runoff, andwind speed),
catchment and lake properties (slope of catchment, lake area and inflow), and socio-economic factors
(population andGDP). A robust and significant negative relationship is observed between latitudes andZ value
of turbidity inGLM1 andGLM2 (figure 5). This indicates that the higher latitudes of lakes decreased the
probability of a lake experiencing a significant increase in turbidity.Meanwhile, the results of the correlation
analysis also show the same relationship (table S3).

For hydroclimatic factors, the Z values of wind speed inGLM1has a statistically significant positive effect on
lake turbidity, indicating that wind speed in the catchment increases the probability of a lake experiencing a
significant increase in turbidity. Similar condition is also observed in the shallow natural lakes of the correlation
analysis results (table S3). In addition, a significant and negative relationship between temperature andZ value of
turbidity (figure 5)may suggest that the turbidity of lakeswith highermonthlymean temperature ismore likely
to decrease significantly, while that of lakes with lowermonthlymean temperature ismore likely to increase
significantly, except for the global shallow reservoirs (table S3). Thismay be due to the significant increase of
turbidity inmany lakes located in the cold region (Central Canada and the E climate zone), and the significant
decrease of lake turbidity in the African Rift Valley (hot region) (figures 3, S18). However, there is a robust
positive influence on the increase of lake turbidity from surface runoff in the catchment, while total runoff
presents a robust negative influence on increasing lake turbidity (figure 5).

Figure 3.Results ofM-K test in lake turbidity time series. a: The spatial distribution of Z value of lake turbidity. Significant decreases in
lake turbidity are shown in light blue (40.1%of 774 lakes), while non-significant decreases are shown in blue (12.4%). Non-significant
increases in lake turbidity are shown in orange (15.5%), while significant increases are red (32%). The inserted subplot b shows the
histogramof lakes with four types of turbidity changes. Here, turbidity refer to the TC-STL of lake turbidity. Z values of lake turbidity
are estimated by theM-K test, and constructed on a critical value of±1.96 (p< 0.05). c: The differences of lake turbidity (average
turbidity) across four types of turbidity changes. d: The differences of Z value of lake turbidity acrossmainKöppen-Geiger climate
classification. The testmethod in boxplots for data comparison and the symbols indicating statistical significance are same as figure 1.
Themeaning of the points and the colors of the land on themap are the same as infigure 1.
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The catchment and lake properties, such as water storage volume, lake inflow, lake discharge, catchment
area, and lake area have a consistent and significant positive effect on the decrease in turbidity (table S3). To be
clear here that the correlation between lake area and catchment area is extremely high (Pearson correlation
coefficient> 0.6). On the contrary, a robust positive influence on the increase of lake turbidity from the average
slopewithin 100m around the lakewas observed as well.

For the socio-economic drivers, population density within the catchment is significantly positively
correlated to lake turbidity, while the averageGDP in the catchment has a significant effect on decreased that

Figure 4. 4× 4 tile bivariatemaps of Z values of (a) between air temperature and turbidity, and (b) between precipitation and turbidity.
Turbidity, precipitation, and air temperature refer to their respective TC-STL time series. Z values of turbidity, precipitation, and air
temperature are estimated by theM-K test. Z values for all variable are constructed on a critical value of±1.96 (p< 0.05). Othermaps
of the Z values of precipitation and temperature are shown infigure S17. Colors of land illustrate the dominant climate classes in
Köppen-Geiger climate classification.

Figure 5. Factors affecting the turbidity change based on themultiple general linearmodels. These are threemultiple general linear
models (GLM) using a binomial distribution. The response variable is either 1 (significant increase in turbidity) or 0 (significant
decrease) inGLM1; the response variable is either 1 (significant increase in turbidity) or 0 (nonsignificant increase) inGLM2; and the
response variable is either 1 (significant decrease in turbidity) or 0 (nonsignificant decrease) inGLM3. Red factors represent positive
effects, while blue factors represent negative effects. Effect significance factor is denoted by an asterisk, where ‘means p< 0.1, *

p< 0.05, ** p< 0.01, and *** p< 0.001. In particular, after the non-significant variables were deleted one by one, except for
temperature and low vegetation LAI inGLM1, other significant variables were still significant in thefinalmodels. Z values of all
variable are estimated by theM-K test, and constructed on a critical value of±1.96 (p< 0.05).More detailedmeanings of factors, used
inGLMandfigure 5, are given in table S2.
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probability. In other words, wealthier areas tend to have a higher probability of significant decreases in lake
turbidity, possibly due tomore effective water environmentalmanagement strategies to improvewater
quality [48].

In addition, we further conducted Pearson correlation analysis between lake turbidity and factors in
different climate classes (table S4).Wefirst found some similar relationship to the results of GLMon global
lakes. For example, we found that the catchment and lake properties, such as water volume, and lake area, have a
consistent positive effect on the decrease in turbidity in the lakes of different climate classes, and lake depth (table
S4). In terms of runoff, the relationship between total runoff and deep lake turbidity inD climate class, surface
runoff and shallow lake turbidity inD climate class and lake turbidity in basin 161 in E climate zone is consistent
withGLM.Also, the relationship betweenGDP and deep lake turbidity inC climate class, vegetation index and
all lake turbidity in A climate class, total lake wind speed and shallow lake turbidity inD climate class is
consistent withGLM.

However, the relationship between lake turbidity and precipitation and temperature is different among
different climate classes. For example, a strong positive correlation between temperature and the turbidity of
deep lakes in A climate class, while a negative correlation between temperature and the turbidity of all lakes inC
climate class and deep lakes inD climate class. A positive correlation between precipitation and turbidity of
shallow lakes inC climate class, but a strong negative correlation between precipitation and turbidity of deep
lakes inD climate class.Meanwhile, we also found that the relationship between lake turbidity and horizontal
wind speed and vertical wind speed is different among different climate classes. GDPhas a positive effect on
turbidity of deep lakes in A climate class. Besides, there is a significant positive correlation between trophic and
turbidity of all lakes inD climate class.

4.Discussion

Our study, for thefirst time, provides a comprehensive assessment of the spatiotemporal variability in lake
turbidity on a global scale. Our findings on lake turbidity with different depths are consistent with previous
studies [26, 30, 31] that the average turbidity in global shallow lakes is significantly higher than that of deep lakes,
mainly due to thewind and sediment resuspension [9, 27, 28].We found the turbidity of deep natural lakes is
significantly lower than that of all reservoirs, while the opposite is true for shallow natural lakes. Thewidespread
low average turbidity was found formore than 60% lakes, andmost of them are located inNorthAmerica,
Tibetan Plateau, and Europe [30]. The low average lake turbidity in the first two regionsmay be explained by the
increasedwater depth result from the historical increasedwater storage [22, 69, 70].

Bymapping the Z values of turbidity in global lakes from2017 to 2022, we found a significant latitudinal
difference in turbidity of global lakes (figures 3, 5, and table S3), which ismost likely caused by hydroclimatic
drivers as the opposite changes in lake turbidity between tropical climate, polar climate, and cold climate
(figure 3(d)). The same phenomenon has also been observed in studies aboutwater clarity [34]. Our findings
suggest that the variability in lake turbidity observed in cold climate zones (D) is significantly likely related to the
widespreadwarming (figures 4, S15), increasedwind speed, decreased precipitation, and decreased total runoff
in the region (figure S19) [71, 72]. On the other hand, the observed increase of lake turbidity in tropical climate
(A) is correlated to increased temperature and phytoplankton growth, andmost of themhad positive
correlationswith temperature and LAI (table S4). Previous studies indicate that, as the global warming, the
intensity of algal blooms is increasing rapidly in Africa [22, 73], and the proportion of algal bloomoutbreaks in
tropical lakes is the highest in the past 20 years [70].Moreover, high precipitation and decomposition of large
amounts of organic litter in tropical rainforests [74]may lead to increased turbidity in lakes due to the
runoff [75].

Onemajor difference from the results of other studies [22, 29, 30, 34] is that the turbidity of lakes in the Tibet
Plateau in this study is rising. The discrepanciesmay be due to the different lakes studied and the different time
periods between previous studies and this study.We found that the seasonal and temporal variationwas very
similar based comparison of the lake turbidity of CGLS in Tibet Plateauwith the FUI inWang et al (2021) [52]
during 2016–2018 (figure S2). Also, the seasonal variation (figures S2, S9)was similar with the study ofMi et al
(2019) [76]. The observed increase of lake turbidity had positive correlationswith vertical wind speed, average
turbidity andZ value of total runoff of catchment (table S4). Lakes, in Tibet Plateau and polar climate (E), greatly
affected by sediments brought by glacialmeltwater, have seen a significant increase in lake turbidity, specially in
winter and spring (figure S10), due to increased temperature, glaciermeltwater, runoff, and sediment during the
hottest eight years (https://wmo.int/news/media-centre/eight-warmest-years-record-witness-upsurge-
climate-change-impacts) from2017 to 2022. It was indicated that sediments carried bymeltwater would
increase the lake turbidity in Tibet Plateau, such as the Lake Silingco [76]. Also, lake warmer, which favors
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phytoplankton growth,may be another primary factor controlling the increase of turbidity for lakes, which has
been identified in plateau of westernChina [22, 73].

Furthermore, our studyfinds that the increase in lake turbidity is significantly likely related to slope and
surface runoff. The catchmentwith higher slope and stronger surface runoff intensity will cause stronger soil
erosion andmore suspendedmatter, resulting in an increase in lake turbidity [77, 78]. The slope and surface
runoff in the catchment increased the probability of a lake experiencing an increase in lake turbidity, while lake
area,flow condition (discharge, inflow, total runoff), water storage of lake largely significantly decreased that
probability. This finding is also consistent with the results of study inCanada [26], China [29], and Lake Toshka
in Egypt [79]. The significant decrease in turbidity inmany lakes over the east branch of Rift Valley in Africa,
with the relatively small lake area, large lake depth and high average turbidity (> 15NTU, figure S3), is primarily
attributed to the increase inwater storage [69, 70] and the high total runoff (figure S19). The dilution effect from
large total runoff on lake turbidity is obvious at the global scale.

For the socio-economic drivers, ourfindings indicates that the increases in lake turbidity will becomemore
common as the increasing population in the catchment, but are expected to decrease significantly as increase in
per capitaGDP [48]. Thismay be because of the improvement of water quality after water environment
treatmentwith high investment, such as Lake Apopka inUS (https://lake.wateratlas.usf.edu/waterbodies/
lakes/7800/) [80], LakeDianchi and Lake Tai inChina [29]. However, we also found that the influence of GDP
on lake turbidity in A climate class is positive (table S4). Thismay be caused by the imbalance between economic
development and environmental protection in underdeveloped areas, as demonstrated in the environmental
Kuznets curve (EKC) theory [81, 82]. In contrast to previous findings [22, 29], ourfindings suggest that increases
in lake turbidity in China aremore extensive over the period (2017–2022), althoughwe confirm there is a
significant decrease in lake turbidity in several lakeswith severe eutrophication, such as LakeDianchi and Lake
Tai. This contrast indicates that the difference in results ismost likely due to the different study periods [7] and
the extreme heat inChina in 2022 [83].

This global-scale attribution of lake turbidity change has important implications forwater resources
management, water security, and other benefits for humanity and ecosystems. Particularly, it is necessary to
focus on the lakes with relatively high average turbidity and significant increasing turbidity such as those in
Bolivia, Kazakhstan, and easternChina. InKazakhstan, where theGDP is relatively low comparedwith the
developed countries, there is a significant increase in temperature and a significant decrease in precipitation,
probably leading to an increase in lake turbidity in the future. The issue aboutwater resourcesmanagement in
Central Asian countries ismultifaceted, complex, and closely related to agricultural activities. To restore and
maintain healthywater environments for lakes will require prolonged and comprehensive strategies [84].
Moreover, despite the relatively higherGDP in eastern China, stronger lakemanagement efforts still are
necessary in the future tomaintain ecosystemhealth [35] due to the region’s large population density and
extensive pollutant retention in lakes.

This research reveals the spatial distribution of averagemonthly turbidity in global lakes, analyzes the
seasonal variability, and spatiotemporal variability of lakes turbidity, and highlights the relationship between
variability of lakes turbidity and other factors, such as hydroclimatic conditions, catchment characteristics, lake
properties, and socio-economic factors. Although there are some limitations in the study, especially length of the
time series, satellite observations provide near real-time, high-resolution data formonitoring the lake turbidity
on a global scale. Another limitation is related to lakewater boundaries (maximumwater extent observed), the
identification of shallowwater areas, and lake ice detection inCGLS. For the lake turbidity inCGLS before 2020,
we found thatmany pixels near the lake boundaries showed extremely large values during the freezing period.
Thismay be because lake turbidity inCGLS in the period 2016–2019 generated usingCalimnos processing chain
v1.3.0 applied a static, incomplete, icemask, and icemasking performed nominally [43]. But lake turbidity in
CGLS after 2020was produced byCalimnos processing chain v1.4.0, which differs from v1.3.0with improved
lake ice detection. Therefore, in this study, lake turbidity when the visibility of the lake surface was less than 50%
of lakewater boundaries due to lake ice or cloud cover were deleted during data preprocessing to reduce data
errors caused by the above limitation.Overall, our results highlight the importance of different factors and
underlyingmechanisms in the spatiotemporal variability of global lake turbidity, providing valuable insights for
future lakewater qualitymanagement. Future studies should combinemore fieldmonitoring data and used
nonlinear regression, such as RandomForest, to improve the ability of understanding the causality between lake
turbidity and different factors.

5. Conclusion

Weanalyzed the spatiotemporal patterns of turbidity in 774 large lakes in theworld. The average turbidity in
63.4%of the studied lakeswas below 5NTU. The ranking of turbidity by climate zone is as follows: B>A>C∼
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E>D. For natural lakes, the turbidity in shallow (small) lakes is significantly higher than that of deep (large)
lakes. There is a large seasonal variation in lake turbidity in the E&A climate zone inNorthernHemisphere.
While the lakeswith low turbidity have less seasonal variation, such asNorthAmerica, and Europe. The
turbidity decreased significantly in 40%of studied lakes, and increased significantly in 32% lakes. The key
factors, with a positive correlation to turbidity, include slope, surface runoff, wind speed, and population, while
a negative correlation is observed between turbidity and lake area, volume,flow conditions, andGDP.However,
the effects of some specific factors, such as precipitation, temperature, andGDP, are different for the turbidity in
different classes of lakes. This study suggests the important potential processes for spatiotemporal variability in
global lakes turbidity include hydrological process, soil erosion, sediment transport and re-suspension process.
Highwater level, good flow conditions, andmore financial investments in lakemanagement can help to reduce
lake turbidity.
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