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ABSTRACT

The timing and intensity of monsoons strongly regulate the Indian subcontinent’s climate, shaping water quality and availability. In 2019, a

delayed monsoon following an exceptional heatwave offered a unique case to assess lake responses to climatic extremes. We analyzed sat-

ellite-derived lake turbidity and chlorophyll-a data from 42 lakes and reservoirs across the region. Our approach combined time alignment

measurement analysis, cross-correlation, and clustering to investigate the main drivers of variability. Results showed that monsoon precipi-

tation was the main driver of turbidity dynamics. Turbidity time series were more closely aligned with precipitation and air temperature, and

cross-correlation analysis indicated a consistent 1-month lag between cumulative precipitation and turbidity. Available lake water level data

confirmed that large fluctuations can occur within short timescales, strongly influencing water quality. Cluster analysis of annual turbidity and

chlorophyll-a patterns provided insights into lake responses to heatwaves and monsoon periods. Turbidity cluster patterns largely followed

precipitation patterns, whereas chlorophyll-a clusters reflected the influence of lake morphology, phytoplankton dynamics, and interactions

with turbidity changes. Overall, our findings highlight the strong dependence of lake water quality on monsoon dynamics and emphasize the

potential of remote sensing for monitoring and adaptive management in a changing climate.
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HIGHLIGHTS

• Potential compound responses of lake water quality to heatwaves and monsoon events were investigated using satellite data.

• Monsoon precipitation was the main driver of water turbidity dynamics.

• High variation in lake water level was related to changes in water quality.

• Lake chlorophyll-a patterns were complex and more related to individual lake characteristics and additional anthropogenic pressures.

1. INTRODUCTION

The occurrence of extreme climatic events, such as heatwaves and storms, is predicted to increase in frequency, intensity
and duration (Seneviratne et al. 2021; You & Wang 2021; Shaw et al. 2022; Sauter et al. 2023; Yang & Yuan 2025),

becoming a concerning issue in both ecological research and in the global change agenda. Recent research has shown
that the frequency, severity and duration of heatwaves have significantly increased in many parts of the world, including
Europe (Dosio & Fisher 2018), North America (Habeeb et al. 2015; Meehl & Tebaldi 2004), Australia (Perkins & Alex-

ander 2013) and Asia, spanning from Middle East (Rezaee et al. 2025) to East Asia (Ding et al. 2010), consistent with
the growing impacts of climate change globally (Perkins-Kirkpatrick & Lewis 2020). There is general agreement that
changes in the frequency and severity of extreme climate events and in the variability of weather patterns will have signifi-

cant consequences for human and natural systems (Thornton et al. 2014). Increasing frequencies of heat stress, drought
and flooding events are projected for the rest of this century and it is likely that anthropogenic influence has significantly
increased the probability of occurrence of heatwaves (IPCC 2013). Air temperature heatwaves can induce lake heatwaves,
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which are periods of unusually warm surface water, impacting thermal structure and ecosystem processes (Woolway et al.
2021). Summer heatwaves can affect lake ecosystems, potentially altering species and community composition (Rasconi
et al. 2017), pushing lake ecosystems to their resilience limit (Woolway et al. 2021) and resulting in changes in aquatic
food webs. Common severe consequences include phytoplankton blooms (Joehnk et al. 2008) and mass fish die-off

events (Till et al. 2019). Over time, an increase in the exposure of lake ecosystems to hot temperature extremes may
lead to an irreversible loss of species as already observed in the oceans due to the increased frequency of marine heatwaves
(Smale et al. 2019; Straub et al. 2019). Intense and prolonged heatwaves can also reduce the ecological services that lakes
provide, such as the provision of safe water for drinking and agricultural irrigation, recreational uses, and economic

benefits like fisheries and tourism, all negatively impacting local economies and threatening health conditions (Caretta
et al. 2022; Parmesan et al. 2022; Woolway et al. 2022a). Despite a rising awareness of their importance, the scientific
understanding of lake heatwaves is still at the beginning (Woolway et al. 2022b).

Rapid changes in temperature and weather conditions can also have ecological implications (e.g., You & Wang 2021). Pas-
sing from extremely high temperatures occurring during heatwaves to sudden temperature declines brought by low-pressure
conditions can pose a potential threat to lake ecosystems (Free et al. 2022). The occurrence of cold and cloudy systems lead-

ing to drops in temperature and periods of low irradiance can disrupt lake metabolism, particularly in eutrophic shallow
lakes, leading to a rapid decline in primary production and significantly negative net ecosystem production, lowering
oxygen concentrations and can lead to fish kills (Jeppesen et al. 2021). Moreover, when low-pressure conditions are

accompanied by precipitation, the impact directly on the lake surface and through the catchment runoff can be severe,
with increased input of material and nutrients leading to increased lake turbidity, with subsequent potential influence on phy-
toplankton dynamics (Stockwell et al. 2020). Northern Hemisphere monsoon precipitation has recently shown increasing
trends (Collins et al. 2024), although the main drivers remain unclear (Huang et al. 2020).

With a population of 1.3 billion, India is one of the hot spots experiencing severe heatwaves, which generally occur
during May–June (https://www.dataforindia.com/population-growth/; Hari et al. 2022). Since the beginning of the century,
a significant increase in the number of mega heatwaves has been recorded for the Indian subcontinent (Rohini et al. 2016;
Vittal et al. 2020a; Hari et al. 2022). The occurrence of heatwaves over India is mostly associated with high-pressure sys-
tems characterized by anticyclonic wind patterns and sinking air which prevents cloud formation, with subsequent clear
sky conditions, intense surface heating and decreased soil moisture (Ratnam et al. 2016; Zore et al. 2021). The recent

deadly heatwaves of 2015 and 2019 claimed more than 1,200 lives for heat exhaustion, dehydration, and heatstroke
(Dunn et al. 2020; Dube et al. 2021). The 2019 heatwave, one of India’s longest and most intense heatwaves in decades,
occurred from mid-May to mid-June (Indian Meteorological Department 2020) and air temperatures reached 51 °C in
Rajasthan, Northern India, which is considered the region with the highest risk of heatwaves in the country (Vittal

et al. 2020b). The year 2019 was registered as one of the warmest in India since 1901 (India Meteorological Department
2020), with an overall mean air temperature 0.36 °C above the annual average, with hot and dry conditions recorded. Many
countries in Africa, Europe, Asia, and Australia also reported record high annual air temperatures, and lake temperatures

increased on average across the globe in 2019 (NOAA 2019). After the 2019 intense long heatwave, India experienced one
of its heaviest summer monsoon rains (starting from late June) since 1995 (Dunn et al. 2020). June is a crucial month in
India, as the region awaits the arrival of monsoons which bring relief from the heatwaves during the drier pre-monsoon

season. The population of the Indian subcontinent strongly relies on the water supply from the Indian summer monsoon
(Singh et al. 2019), as it provides about 80% of the annual rainfall to South Asia and is the strongest component of the
global monsoon system (Jin & Wang 2017). Monsoon rainfalls induce air temperature cooling (Zhou et al. 2019), replenish
freshwater ecosystems and recharge water reservoirs. A slight delay in monsoon onset dates (5–7 days) could cause more
severe and long-lasting heatwaves.

A positive trend in Indian summer monsoon rainfall was clearly detected in satellite-based estimates and in situ obser-
vations between 2002 and 2014 (Jin & Wang 2017). Such a revival of the Indian summer has been attributed to enhanced

land-sea temperature contrast due to the accelerated warming of the Indian continent compared to the tropical Indian
Ocean (Roxy 2017). However, the Indian Ocean dipole also influences the intensity of the Indian Summer monsoon
rains. In October 2019, the Indian Ocean dipole exhibited its greatest magnitude since 1997, with anomalous warming

of the Western Indian Ocean and cooling in the Eastern Indian Ocean (Blunden & Arndt 2020). The increasing frequency
and intensity of extreme climate events, such as heatwaves and floods, are among the most expected and recognized
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consequences of climate change. Prediction of water quality parameters becomes a challenging task with these extremes

since water quality is strongly related to hydro-meteorological processes and sensitive to climate change (Fabian et al.
2023).

The aim of this study is to investigate the potential effects of heatwaves and monsoon rainfalls of water quality parameters

for major Indian lakes from Earth Observation (EO) data.
Satellite remote sensing is an important climate system, as it allows for observing the state of key variables across land, ocean

and atmosphere, and their evolution at different spatio-temporal scales (Yang et al. 2013; Zhao et al. 2023). EO data are also
widely used to support policy makers by providing observations for the development of prevention, mitigation and adaptation

measures to face the impacts of climate change (Joyce et al. 2009; Kansakar & Hossain 2016). The detection of large-scale cli-
mate extremes such as floods and droughts, by means of EO data, allows to map changes in both water quality and quantity (e.g.,
Jiao et al. 2021; Albertini et al. 2022), and resilience of aquatic ecosystems. To better characterize the response of water quality

to extreme climate events, it is important to have accurate and long-term climate and water quality data (Fabian et al. 2023).
Using an open-source EO dataset of globally consistent satellite observations of the essential climate variable “Lakes”, key

water quality components, such as Chlorophyll-a concentration (Chl-a) and turbidity, were analyzed across aquatic systems

on the Indian subcontinent for the period 2017–2020. Particularly, a focus on the potential response of water quality to heat-
waves and monsoon rainfalls in 42 Indian lakes covering different climatic and ecological settings in the year 2019 is presented.
By investigating the compound effects of extreme climatic events such as heatwaves and monsoon rainfalls, this study provides

novel insights into the drivers and responses of lake ecosystems which play a crucial role in delivering essential ecosystem ser-
vices across the entire region. Our research addresses key international goals related to climate change and hydrology,
highlighting the urgency of coordinated actions to safeguard freshwater ecosystems under a changing climate.

Figure 1 | Maps of India subcontinent with the selected lakes distribution and air temperature (Kelvin) on 1 June 2019, i.e., during the
heatwave period (a) and 18 July 2019, i.e., during the monsoon period (b).
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2. MATERIAL AND METHODS

2.1. Study area

This study focused on 42 large lakes across the Indian subcontinent, all included in the Lakes_cci dataset. The spatial distri-

bution of these lakes is shown in Figure 1, overlaid on maps of air temperature during the 2019 heatwave (Figure 1(a)) and
monsoon (Figure 1(b)) periods. The lakes are located in the region extending from 10°N to 34°N, from 70° E to 87° E, hence
representing significant latitudinal and longitudinal gradients across multiple ecoregions, from humid subtropical to arid to

highlands. The lake types are mainly reservoirs (33), with only 9 natural lakes.
Land cover (LC) categorization (Figure 2(a)) revealed that most lakes (n¼ 25) had croplands (either rainfed or irrigated) in

their catchments, mainly located in central India. In the rest of the country, lake catchments displayed a mosaic of trees and

shrubs, with only six lakes having their catchment covered prevalently by trees. Most of the lakes are located in regions classi-
fied as tropical, savannah and monsoon (n¼ 21), and the remaining lakes are included in temperate, dry winter, hot summer
regions (n¼ 11) and in arid, hot regions (n¼ 9) (Figure 2(b)). Figure 3 shows lake area, average depth and elevation. Lakes

Figure 2 | Thematic maps of India (dark line) and Pakistan (blue line) with CCI lakes showing lake catchment land cover (LC) of the lake
catchment (a); climatic zones classification (b).
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were categorized as relatively small (,50 km2, n¼ 16) and large (between 50 and 500 km2, n¼ 20), with five very large lakes

having a surface area .500 km2 (Figure 3(a)). Lakes largely fell into three groups by mean depth, shallow (,5 m; n¼ 6),
medium (5–20 m; n¼ 20) or deep (.20 m; n¼ 16), including four very deep lakes (.50 m; n¼ 4) (Figure 3(b)). The lakes
are mainly located at hills altitude (300–500 m asl; n¼ 17), followed by lakes at lower altitudes between 100 and 300 m

asl (n¼ 12) and lakes in lowlands (,100 m asl; n¼ 9), with few lakes (n¼ 4) at highest altitudes (between 700 m asl and
one at 4,522 m asl) (Figure 3(c)).

2.2. Datasets

In this study, we utilized several datasets widely referenced in the literature that guarantee global coverage. In Table 1, we

report a summary of all variables used along with their spatial and temporal resolution, their respective source dataset
and its official reference.

2.2.1. Satellite data: water quality and water level

The Lakes_cci project, funded by the European Space Agency (ESA) in the Climate Change Initiative, provides an open-
source EO dataset of globally consistent satellite observations of the essential climate variable “Lakes” which includes

Chl-a and turbidity products, along with other lakes variables, as lake water level (LWL) and extent, surface water tempera-
ture and ice cover and thickness. The dataset builds on multi-mission satellite data for 2024 lakes for the period 1992–2022 in
a common grid with a 1/120° latitude-longitude resolution (Carrea et al. 2023).

We selected the Lakes_cci dataset as it is a recent and under-explored dataset with high potential due to its long-term data
and global coverage.

Relevant for this study, are the Lakes_cci products (v2.1) of Chl-a and turbidity available for the 42 lakes. These products

are generated from Sentinel-3 Ocean and Land Colour Instrument (OLCI) via the Calimnos v1.4. processing chain. It com-
bines several functionalities as radiometric and atmospheric corrections; the latter performed with POLYMER v4.13 and
optical water type classification (Simis et al. 2023). This classification is then used to apply the algorithms for retrieving

Chl-a and turbidity, as described by the tuning techniques in Neil et al. (2019).
The Lakes_cci LWL products, which are only available for seven out of 42 lakes, used to support the water quality analysis,

were derived from radar altimetry observations collected by Poseidon-3 (Jason-2), Poseidon-3B (Jason-3), and the SAR alti-
meter onboard Sentinel-3 over the study period. Altimetric heights and their associated uncertainties were computed

following the methodologies described in Carrea et al. (2023) and Crétaux & Birkett (2006). All the satellite-derived variables
in the Lakes_cci dataset are provided with related uncertainties, while the quality of the retrieved Chl-a, turbidity and LWL
products is assessed by comparison with independent in situ measurements (Carrea et al. 2023).

From this dataset, we considered variables for the period 2017–2020 (Table 1), which was selected both to ensure consist-
ent coverage from Sentinel-3 OLCI and to provide a medium-term context around the 2019 target year. For the analysis, Chl-a
and turbidity from 42 lakes were considered. These variables are available as time series of maps. We selected valid pixels in

Figure 3 | Thematic maps of India (dark line) and Pakistan (blue line) with CCI lakes showing lake area (km2) (a); lake average depth (b); lake
elevation (m a.s.l.) (c).
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Table 1 | Description of the source and resolution of the datasets used in this study

Category Variable Product Source Time step Reference

Water quality Chlorophyll-a Lake Water Leaving
Reflectance (LWLR)
– ESA Lakes_cci v2.1

Sentinel-3 (2016–2020), 300 m–

1 km
Daily, 2017–
2020

Carrea et al.
(2023)

Turbidity Lake Water Leaving
Reflectance (LWLR)
– ESA Lakes_cci v2.1

Sentinel-3 (2016–2020), 300 m–

1 km
Daily, 2017–
2020

Carrea et al.
(2023)

Water level Water level Lake Water Level
(LWL) – ESA
Lakes_cci v2.1

Sentinel-3 (2016–2020), 300 m–

1 km
Daily, 2017–
2020

Carrea et al.
(2023)

Morphological Lake surface area HydroLAKES (v1.0) HydroSHEDS Temporal
snapshot

Messager
et al.
(2016)

Length of shoreline HydroLAKES (v1.0) HydroSHEDS Temporal
snapshot

Messager
et al.
(2016)

Shoreline
development Total
lake or reservoir
volume

HydroLAKES (v1.0) HydroSHEDS Temporal
snapshot

Messager
et al.
(2016)

Average lake depth HydroLAKES (v1.0) HydroSHEDS Temporal
snapshot

Messager
et al.
(2016)

Average long-term
discharge flowing
through the lake

HydroLAKES (v1.0) HydroSHEDS Temporal
snapshot

Messager
et al.
(2016)

Average residence
time of the lake
water

HydroLAKES (v1.0) HydroSHEDS Temporal
snapshot

Messager
et al.
(2016)

Elevation of lake
surface

HydroLAKES (v1.0) HydroSHEDS Temporal
snapshot

Messager
et al.
(2016)

Average slope within
a 100 m buffer
around the lake
polygon

HydroLAKES (v1.0) HydroSHEDS Temporal
snapshot

Messager
et al.
(2016)

Area of the watershed
associated with the
lake

HydroLAKES (v1.0) HydroSHEDS Temporal
snapshot

Messager
et al.
(2016)

Catchment type Lake catchment Lake-TopoCat HydroLAKES v1.0; MERIT Hydro
v1.0.1; MERIT Hydro-Vector;
Global Lake area, Climate, and
Population (GLCP) database.

– Sikder et al.
(2023)

Climate type Climate classification Köppen-Geiger climatic
zones

Resampled Köppen-Geiger maps –
0.01°

Temporal
snapshot

Beck et al.
2023

Land surface
characteristics

Land cover ESA CCI Landcover
dataset (v2.1.1)

Sentinel-3 – 300 m Annual - 2019 Defourny
et al.
2023

Meteo-climatic 2 m air temperature
(t2 m)

ERA5-Land Modelled data, 11 km Daily
aggregated,
2017–2020

Muñoz
Sabater
2019

Total precipitation
(tp)

ERA5-Land Modelled data, 11 km Daily
aggregated,
2017–2020

Muñoz
Sabater
2019
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these maps by applying uncertainty thresholds of 60% (Chl-a) and 70% (turbidity), following previous studies that indicated

such thresholds as optimal to balance data quality and sample size (Free et al. 2022; Pinardi et al. 2023). LWL data, available
for seven lakes in the Indian subcontinent (namely Maharana Pratap n. 3, Gandhi n. 9; Govind Ballabah Pant n. 10; Hirakud
n. 21; Chilika n. 27; Nath n. 28; Srisailam n. 36; the numbers refer to the lakes shown in Figure 1) were included in the study

after being filtered for an uncertainty lower than 30%. Daily mean values of Chl-a, turbidity and LWL per single lake were
calculated by spatially averaging all valid pixels.

The trophic status of the selected 42 lakes, based on the annual mean Chl-a concentration for the period 2017–2020, was cal-
culated according to the following classification (OECD 1982): oligotrophic,2.5 mg m�3; mesotrophic from 2.5 to 8 mg m�3;

eutrophic between 8 and 25 mg m�3; hypertrophic .25 mg m�3.

2.2.2. Morphological data

Information regarding lakes and their catchment areas was gathered from the HydroLAKES dataset (Messager et al. 2016).
HydroLAKES, available for lakes with a surface area of at least 10 ha, provided attribute details for the 42 lakes studied,
including parameters such as surface area, shoreline length, total volume, mean depth, discharge rates, residence time,

elevation, and geographical coordinates (Table 1). The list of lakes with the main hydro-morphological characteristics is pre-
sented in Table S1 in the supplementary material.

2.2.3. Catchment type

Lakes were also classified based on the climatic and anthropogenic characteristics of their catchment, defined as the unit
catchments (“Catchments_pfaf_45”) assigned to each lake in the Lake-TopoCat dataset (Sikder et al. 2023) (Table 1).

2.2.4. Climate-type and land surface characteristics

In particular, we considered the catchment climate zone after the modified Köppen–Geiger climatic zones (Beck et al. 2023),
and its dominant LC, as obtained from the global LC maps at 300 m spatial resolution, provided on an annual basis from 2016
to 2020 (Defourny et al. 2023) (Table 1).

2.2.5. Meteo-climatic data

Climatic data of air temperature (2m_temperature) and total precipitation (total_precipitation_sum) at a daily resolution for
the period 2017–2020 were obtained for each lake catchment from ERA5 Land (Muñoz-Sabater et al. 2021) (Table 1). Air

temperature was used in the analysis as it provides a more responsive indicator of heatwave dynamics than lake temperature,
which can be slow to respond owing to thermal inertia (Woolway et al. 2021).

With respect to precipitation, it is widely recognized that the total precipitation product of ERA5 reanalysis has varying
performances depending on the geographic location and the specific meteorological single events being observed. In our

work, we relied on the validation performed provided by dedicated investigations in India (Singh et al. 2023, Kumar et al.
2024), which assessed the accuracy of reanalysis products, including ERA5, in comparison with in situ measurements.
Singh et al. (2023) reported that ERA5 tends to underestimate rainfall intensity in mountainous and hilly regions. Kumar

et al. (2024) noted limitations in ERA5’s ability to capture the timing and the intensity of extreme events such as lightning.
Nevertheless, ERA5 is generally recognized as reliable for analyses on broader temporal scales, such as seasonal or interann-
ual variability (Singh et al. 2023), which aligns with the objectives of our medium-term analysis for the 2017–2020 period.

Regarding the specific case of the 2019 heatwave and subsequent monsoon season, we further cross-checked ERA5 cumulat-
ive precipitation estimates with those reported by the Indian Meteorological Department in its annual report (IMD 2020),
finding a satisfactory level of consistency for the monsoon season (June–September).

2.3. Statistical analyses

2.3.1. General statistical analysis

Statistical analysis (regression, correlation, Analysis of Variance (ANOVA)) and visualization of the data were carried out
with R (Wickham 2016; R Core Team 2021; Soetaert 2021). The time series of air temperature, precipitation, Chl-a and tur-
bidity were smoothed via a LOWESS (Locally Weighted non-parametric Smoothing) line using a span of 10% of the dataset

and a window half-width of 5 days, chosen to preserve temporal trends considering the overpass frequency of Sentinel-3. This
ensured that a sufficient number of days were included in the smoothing window, producing a representative smoothing
curve. The method allowed peak identification by detecting local maxima through the R package zoo (Zeileis et al. 2022).

Journal of Water and Climate Change Vol 16 No 11, 3378

Downloaded from http://iwaponline.com/jwcc/article-pdf/16/11/3372/1596295/jwc2025097.pdf
by guest
on 23 July 2026



Missing daily values of Chl-a and turbidity were linearly interpolated, consistent with classical approaches in handling satel-

lite-derived timeseries satellite data (Amadori et al. 2024). Such gap-filling does not alter the maximum value detected but
may reduce the accuracy of the results, as higher local maxima might have occurred in the missing dates.

2.3.2. Time alignment measurement

In order to quantify the degree to which time series of air temperature, precipitation, lake Chl-a and turbidity were temporally

aligned we carried out a TAM for each lake during 2019 and also during the period 2017–2019 (Folgado et al. 2018). Such
analysis was performed on smoothed timeseries normalized by their respective maximum value. TAM values range from 0 to
3, with 0 indicating perfect temporal alignment between the timeseries, and 3 indicating complete misalignment.

2.3.3. Cluster analysis

Annual pattern analysis of Chl-a and turbidity was performed for 2019 for each lake, identified by fitting a LOWESS line. A

hierarchical cluster analysis was carried out using the Euclidean distance with Wards minimum variance method (Szekely &
Rizzo 2005) to identify and aggregate similar lake types in terms of Chl-a and turbidity patterns. The dendrograms were cut at
an indicated number of groups based on the silhouette method to compare similarity within and among clusters (Kassambara

& Mundt 2017; Maechler et al. 2024). The dataset for cluster analysis was reduced to 39 lakes for Chl-a and to 37 lakes for
turbidity for analysis due to gaps in the time series. ANOVA was carried out on each identified cluster to compare Chl-a con-
centrations and turbidity in selected time intervals (pre-heatwave DOY 50–110; during heatwave DOY 111–170; post-

heatwave/start monsoon DOY 171–230; monsoon season DOY 231–340).

2.3.4. Cross-correlation analysis

In order to investigate correlations between time series, we performed a cross-correlation analysis between monsoon cumu-
lative rainfall (30 days) and turbidity values during 2019. The period of 30 days was selected as dynamic changes in

parameters could be detected. The cross-correlation analysis was run using the forecast package (Hyndman & Khandakar
2008) in R on pre-processed data to improve stationarity and harmonize residuals (differenced and whitened).

3. RESULTS

3.1. Lake characteristics

Based on mean lake Chl-a concentrations, the trophic status of the selected lakes was calculated. This revealed a dominance

of eutrophic conditions (n¼ 33), with the remaining lakes exhibiting mesotrophic (n¼ 6) or hypertrophic conditions (n¼ 3).
Regarding the general climatic patterns, interannual variability of air temperature (°C) and precipitation (total precipitation m)

showed similarities between 2017 and 2020. In all lakes, air temperature increased from January toMay–June, which corresponds

to the dry seasonwhenmaximumannual valueswere reached, followed by a drop in June, in relation to the arrival of themonsoon
rains (Figures 4(a) and 4(b)).

The mean annual turbidity for the period 2017–2020 ranged from 2.0 to 69.3 NTU for all lakes in the study. Lakes with the

highest annual turbidity were Rengali (n. 24; 25 NTU), Indravati (n. 29; 38 NTU) and Kutch (n. 12; 51 NTU). Turbidity values
generally rose during the rainy season (July-September), although with diverse magnitude (Figure 4(c)). The mean annual
Chl-a for the period 2017–2020 ranged from 3.4 to 57.5 mg m�3 considering all lakes. Lakes with the highest annual Chl-a

concentration were Sriram (n. 31), Halali (n. 14), Bhavani (n. 41) and Nalsarovar (n. 19) with values above 20 mg m�3.
Chl-a showed various patterns across lakes, often not directly linked to a clear seasonal behavior (Figure 4(d)).

3.2. TAM analysis

TAM analysis was performed comparing paired time series during 2019 and during the 4-year period 2017–2020 in the fol-
lowing combination: total precipitation to air temperature, to turbidity and to Chl-a; turbidity to Chl-a; air temperature to

Chl-a and to turbidity. Table 2 reports the results of the analysis conducted separately on the time series of 2019 and on
the 4-year period 2017–2020.

The time series of precipitation was closer in phase with the time series of turbidity (mean value of 2.26 and 1.99 for 2019

and 2017–2020, respectively), while less in phase with Chl-a (mean value of 2.67 and 2.21 for 2019 and 2017–2020, respect-
ively) (significant difference t-test p, 0.001). The time series of air temperature had the best fit with precipitation (mean value
of 1.64 and 1.53 in 2019 and 2017–2020, respectively).
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3.3. Cluster analysis

Cluster analysis was performed with annual patterns of Chl-a concentrations and turbidity in 2019 for each of the studied

lakes. Figure 5 reports the clusters of lakes obtained from the analysis of Chl-a and turbidity timeseries as identified via
the Silhouette test (Figure S1 in Supplementary Material). For each cluster, we also report the annual pattern characterizing
each cluster for both variables in Figure 6.

Three main clusters were identified for Chl-a concentration by cluster analysis and Figure 6(a) shows the Chl-a annual pat-
terns (relativized to the mean) for each cluster. When Chl-a clusters were compared to the hydro-morphological variables of
the related lakes, differences among the clusters were not statistically significant (p. 0.05) with any of the variables tested.

Figure 4 | Interannual patterns of air temperature (°C) (a), total precipitation (m) (b), turbidity (NTU), (c) and chlorophyll-a (mg m�3) (d) for the
studied Indian lakes during the period 2017–2020. Each line corresponds to the LOWESS smoothed timeseries for one lake.
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However, we observed that clusters tend to group lakes similar in depth and lake area, with cluster 1 having generally larger

and shallower lakes, cluster 2 deeper lakes and cluster 3 including small lakes.
Two main clusters were identified for turbidity by cluster analysis, and Figure 6(b) shows the turbidity annual patterns (rela-

tivized to the mean) for each cluster. When turbidity clusters were compared with the hydro-morphological variables of the
related lakes, a significant difference was found between turbidity patterns and lake latitude (2-sample t-test, p, 0.05), with

lakes in cluster 2 located at significantly higher latitude than lakes in cluster 1.
Cluster analysis performed on Chl-a patterns resulted in three main clusters (Figure 6(a); Figure S1) where a different be-

havior of the Chl-a timeseries was observed during the two phases of heatwave and monsoon (Figure 6(a)). During the

heatwave, Chl-a either decreased (cluster 1; n¼ 6), increased (cluster 2; n¼ 14) or remained quite unchanged (cluster 3;

Figure 5 | Dendrograms of the results of cluster analysis for lake chlorophyll-a (a) and turbidity (b) patterns in Indian lakes. The numbering
refers to the lake identifiers in Figure 1.

Table 2 | Results of the TAM (time alignment measurement) analysis for the year 2019 and for the period 2017–2020

2019 2017–2020

TAM Mean Median StdDev Mean Median StdDev

prec_turb 2.26 2.37 0.13 1.99 2.01 0.17

prec_Chl-a 2.67 2.67 0.12 2.21 2.22 0.13

turb_Chl-a 2.63 2.67 0.13 2.18 2.14 0.19

turb_airT 2.45 2.42 0.12 1.98 1.94 0.18

Chl-a_airT 2.69 2.71 0.09 2.12 2.10 0.16

prec_airT 1.64 1.64 0.21 1.57 1.53 0.17

Prec, total precipitation (m); airT, air temperature (C°); turb, turbidity (NTU); Chl-a, chlorophyll-a (mg m�3).
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n¼ 19). When focusing on the latest period of the year, after the monsoon season, only lakes in cluster 3 showed a remarkable

increase in Chl-a. Regarding lake morphological characteristics, cluster 1 included mainly large (median of lake area¼
227 km2) and shallower (median of average depth¼ 8.9 m) lakes, while cluster 3 included smaller (median¼ 46 km2) and
medium depth (median¼ 12.0 m) lakes and cluster 2 deep lakes (median¼ 21 m). The LC for cluster 1 and cluster 3 were

mainly cropland (80 and 62%, respectively) and cluster 2 was more diverse, including cropland (60%), tree cover (33%)
and grassland. Lakes in cluster 1 were mainly located in tropical climate zones, while those of cluster 2 were mainly
found in temperate areas, and one in polar climates.

Cluster analysis performed on turbidity revealed two main clusters (Figure 5(b); Figure S1 in Supplementary Material). Lakes of

cluster 1 show a unimodal pattern of turbidity, while a bimodal pattern is shown for cluster 2 (Figure 6(b)). In cluster 1, the tur-
bidity peak between DOY 210 and 250 followed mainly the monsoon rain extent and amount. The bimodal pattern of cluster 2,
which includes lakes located at significantly higher latitudes, can be explained by snow melting processes favoring the first

turbidity peak (at DOY around 80) while the second turbidity peak is likely due to monsoon rains. During the latest period of
the year, cluster 2 showed a steeper decline in turbidity in comparison to cluster 1 and reached lower values, likely due to
snow presence in this period. The LC in cluster 1 was mainly cropland, both rainfed and irrigated, while cluster 2 was

Figure 6 | Lake chlorophyll-a (a) and turbidity (b) (relativized) patterns by cluster; transparent boxes indicate the heatwave period (DOY 111–
170).
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more diverse but dominated by rainfed cropland. As for climate zones, cluster 1 was a mix with dominance of tropical mon-

soon, followed by temperate and arid steppe, while cluster 2 showed mostly temperate and tropical savannah climates.
Plots of annual patterns for air temperature, with climatology trends for the period 1992–2020, have been computed for

each lake (Figure S2 in Supplementary Material), in order to relate patterns and ranges to the cluster analysis results.

When relating annual air temperature and seasonal patterns of the two turbidity clusters, cluster 1 revealed a smaller temp-
erature range (from about 20 to 35 °C), closer to a tropical regime, with steep decrease at DOY 180–200 (i.e., monsoon rains)
and then a gradual decline until the rest of the year, while cluster 2 exhibited a wider temperature range (from about 8 to 32 °C),
typical of temperate/mountain regimes, with a steep decrease after DOY 280–300.

3.4. Comparing water quality during the dry and wet seasons in 2019

Lake Chl-a concentrations and turbidity were compared in selected periods in 2019 before (DOY 50–110), during (DOY 111–
170) and after (DOY 171–230) the heatwave period, as well as during the monsoon season (DOY 231–340) (Table 3).

Among all the selected lakes, no statistical differences were found in the Chl-a concentrations when comparing the different

time periods of pre, during and post-heatwave (all p values .0.05) by ANOVA. Statistically significant differences were
instead found in turbidity values in the pre-, during and post-heatwave/start of monsoon season periods (p� 0.001).

In order to investigate differences among the selected time intervals within the Chl-a and turbidity clusters, ANOVA was

carried out on each cluster for the four intervals. Results are reported in Table 4 and box plots in Figure S3 in Supplementary
material. Chlorophyll-a concentrations within cluster 2 were significantly different between time periods and examination of
posthoc tests showed that for cluster 2, the period DOY 111–170 (during heatwave) was significantly different from the other

periods, with Chl-a being significantly higher than in the other periods. Contrastingly, cluster 3 showed a significant difference
between the latest period, which includes the monsoon and post-monsoon time window (DOY 231–240), with higher Chl-a
concentrations. No significant difference between the periods could be observed in multiple comparisons of Chl-a concen-

trations in cluster 1, although a decrease was noted from the pre-heatwave (DOY 50–110) to the heatwave period (DOY
111–170).

For turbidity, cluster 1 showed that the examined periods were significantly different, and in particular periods DOY 111–
170 (during heatwave) and 171–230 (start of monsoon season), as revealed by the post hoc tests. No significant differences

among the considered periods were observed for cluster 2 in the performed ANOVA.

Table 3 | Periods of comparison for the parameters Chl-a and turbidity.

Period DOY

Pre-heatwave 50–110

During heatwave 111–170

Post-heatwave/start monsoon 171–230

Monsoon season 231–340

Table 4 | Results of ANOVA by different clusters of chlorophyll-a and turbidity, for the four tested periods.

Chl-a Cluster Df F-ratio p

1 3 1.51 0.2420

2 3 8.25 ,0.0001

3 3 4.12 0.0100

Turbidity cluster df F-ratio p

1 3 9.12 ,0.0001

2 3 2.13 0.1100

Df, degrees of freedom; F-ratio and p, p values.
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3.5. Cross-correlation analysis

In order to investigate correlations between time series and the strength and significance of correlations, we performed a
cross-correlation analysis between monsoon cumulative rainfall (30 days) and turbidity concentrations during 2019. Although

the wet/monsoon season lasts several months, the peak detection analysis showed that the rainfall timeseries is interspersed
by numerous precipitation peaks. We therefore decided to relate turbidity values to cumulative rainfall during the summer
monsoon season (from June to September) using cross-correlation analysis, to calculate time lags of the similarity in the
two timeseries as the delay in time with one another. Results showed that the median of the time lag of the significant

cross-correlation function (CCF) for all lakes was centered around zero, indicating that 30-day cumulative rainfall typically
best correlates with turbidity 1 month after rainfall (Figure 7).

3.6. Integration of LWL

Time series for the seven lakes with LWL data available indicated that water level can vary considerably because of large
freshwater withdrawal, water regulation (dams) and flooding due to monsoon precipitation and that LWL variations in reser-
voirs can be up to 20 m within a short period. Figure 8 shows the changes in LWL for the period 2017–2020 for three Indian

lakes/reservoirs together with the 30-day cumulative precipitation and mean turbidity values for the summer monsoon period
(June, July, August, September). Gandhi reservoir, which originated from the damming of the Chambal River (n. 9 in Figure 1),
experienced a large drawdown in May 2019, reaching a minimum of 381 m. Following the monsoon rains, the LWL increased

by 20 m (to a maximum in September-October 2019 of 401 m, Figure 8(a)) and lake water quality showed the highest value in
turbidity of the 4-year period, with peaks .30 NTU in August and September 2019. Although to a lesser extent, the reservoir
Lake Nath (n. 28 in Figure 1) had a major LWL variation (9 m) during 2019, with increases from a minimum of 455 m in May
to a maximum of 464 m in September (Figure 8(b)). Turbidity greatly increased during the monsoon rainfall of 2019, reaching

the highest values of the whole considered period with peaks .50 NTU in July and August 2019. Another example comes
from a natural coastal brackish lake, Lake Chilika (n. 27 in Figure 1), which registered modest variations in LWL in 2018

Figure 7 | Boxplot of time lag of significant (p� 0.05) CCF (cross-correlation function) from the cross-correlation analysis between cumu-
lative rainfall (30 days) and turbidity values.
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Figure 8 | Timeseries for the period 2017–2020 of Lake Water Level (m a.s.l.; black line), 30-days cumulative precipitation (m; blue bars) and
turbidity value (NTU, orange bars) for Lake Gandhi (a), Lake Nath (b), and Lake Chilika (c).
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and 2019 (0.7 m), yet showed increases in turbidity after the rainfalls at comparable values during the 2 years (Figure 8(c)). In

the seven lakes examined, the increase in turbidity at the start of the monsoon (DOY 171–230) was followed by a decline as
the monsoon progressed (DOY 231–340). This decline was significant in ANOVA post hoc tests (p, 0.05).

4. DISCUSSION

This study considered patterns of lake water parameters, retrieved from satellite data, allowing a synoptic observation of

water quality changes at the subcontinental scale in India. In particular, the study aimed to assess the effects of a combination
of a prolonged heatwave (longer than average) and a delayed (2 weeks later) and severe monsoon (with heavier precipitation
than average) that occurred during the year 2019. The delayed arrival of the southwest monsoon season contributed to pro-

longed critical drought conditions and water shortages in many areas with an estimated 65% of reservoirs running dry in June
2019 (Nasa Earth Observatory, https://earthobservatory.nasa.gov/images/145242/water-shortages-in-india). After the dry
period, above-average monsoon rainfall caused rivers and streams to overflow, destabilizing hillsides in several regions
(Nasa Earth Observatory, https://earthobservatory.nasa.gov/images/145703/unusual-monsoon-season-causes-flooding-in-

india); the flood greatly affected Indian population with hundreds of people dead, more than a million displaced and exten-
sive summer crops damaged.

4.1. Climatic impact on water quality and water level

LWL data indicated that 2019 was a particularly severe year for some lakes. For instance, in Lake Ghandi LWL had a vari-
ation of 19 m, with a minimum in June and rapidly increasing in the following months of July–August, when the monsoon
rains replenished its waters. Moreover, both reservoirs considered for LWL in this study, Lake Gandhi and Lake Nath

(Figure 8), showed that the minimum LWL reached in 2019 over the period 2017–2020 corresponded to the highest turbidity
concentrations reached in the following summer (July–September) during the 4-year period. The effects of monsoon rains and
floods can have a critical impact on water quality, as after an initial dilution effect, water pollutants from the watershed can

cause degradation in the receiving waters (Murphy et al. 2018) and LWL conditions seem to play a role in determining the
consequent turbidity concentration in the selected lakes. The natural shallow lake Chilika, although not suffering from large
LWL variations, showed increases and peaks in turbidity with the advent of the monsoon rains likely due to both sediment
runoff from the catchment and to wind-induced water mixing and sediment resuspension (Kumar et al. 2016; Singh et al.
2023).

4.2. Lake turbidity responses to compound weather events

When investigating water quality parameters in the present study, we found that turbidity generally slightly increased during

the heatwave period and greatly increased during the monsoon season; after the monsoon period, turbidity values then
decreased again. Comparing turbidity values in the different periods resulted in significant differences. This was found
when analyzing the whole set of lakes, and also when differentiating in cluster 1 and cluster 2. The increase of turbidity

during the monsoon period was likely due to the high sediment load from the catchment and the tributaries to the lakes, fol-
lowing heavy rainfalls and floodings (e.g., HaRa et al. 2020). Whereas the subsequent decrease in turbidity values was likely to
be the result of a gradual sedimentation of particulate matter in the lakes (e.g., Mouri et al. 2011).

Cluster analysis performed on turbidity patterns resulted in two main clusters. Cluster 1 included the majority (n¼ 25) of
the lakes considered, showing a unimodal pattern with an increasing trend in turbidity values from June and reaching maxi-
mum peaks in correspondence to the monsoon rainy season in July and August. Cluster 2 instead showed a bimodal pattern,

with peaks in March and a second peak in July. Lakes’ geographical and hydro-morphological features revealed that cluster 2
included lakes mainly located at higher latitudes, likely indicating that the earlier turbidity peak might be caused by snow
melting processes for these lakes. An example of this cluster is Lake Tso Moriri (4,522 m asl), in the Ladakh region, with
documented periods of snow coverage and occurrence of precipitation in January and February. Lake Maharana Prataph

(507 m asl) and Lake Ramganga reservoir (350 m asl), although at a lower altitude, are located at the Himalayan foothills,
likely receiving direct runoff from snow and glacier melting in higher regions. Previous work supports our findings, reporting
that the high-altitude Tso Moriri Lake is subjected to evaporation during the dry season and supplied by snowmelt and

summer monsoon precipitation (Mishra et al. 2015). Snowmelt indeed represents an important water input in mountainous
areas, where it can significantly contribute to river discharge during flood events. This is particularly true at high-altitude
catchments, as demonstrated by Goodarzi et al. (2023) in a case study in Northwestern Iran.
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The annual pattern of turbidity in cluster 2 also showed a sharper decline during the late period of the year and reached

lower values of turbidity when compared to cluster 1, likely due to a turbidity suppression due to snow presence during the
winter for lakes of the Himalayan region. Air temperature patterns also confirmed a typical tropical regime with small annual
temperature ranges in cluster 1 and a temperate/high mountain regime pattern with a wider range in annual air temperatures

in cluster 2. In terms of LC, no particular differences were found between the two turbidity clusters, as both were dominated
by cropland, although cluster 2 also included lakes with a more mixed/diverse LC. TAM indicated that the precipitation time
series was more in phase with turbidity than with Chl-a, indicating a driving influence of precipitation for lake turbidity.
While the influence of the monsoon rain on lake water turbidity is strong and direct, changes in Chl-a concentration reflect

more interplay factors such as nutrient inputs, light availability and previous lake trophic conditions. The TAM value was,
however, lowest when comparing the air temperature to precipitation, which indicates that air temperature is the variable
most in phase with precipitation, as expected in the Indian subcontinent, as monsoon rainfalls induce air temperature cooling

(Zhou et al. 2019). In addition, the results from the cross-correlation performed with cumulative precipitations and turbidity
concentrations timeseries support this finding, indicating that the typical response of turbidity in our subset of Indian lakes
occurred after 1 month of cumulative rain.

4.3. Lake chlorophyll-a dynamics

Cluster analysis performed on Chl-a patterns resulted in three main clusters. In the context of the heatwave, Chl-a either

decreased (cluster 1), increased (cluster 2) or remained quite unchanged (cluster 3). When focusing on the latest period of
the year, after the monsoon season, only lakes in cluster 3 showed a notable increase in Chl-a.

The decrease in Chl-a in cluster 1, which includes large and shallow lakes, during the heatwave period might be due to a
decline after a previous phase of higher primary productivity, maybe related to the strong grazing and top-down control by

zooplankton reaching biomass peaks in February–March in Indian shallow lakes (Malik et al. 2016; Verma et al. 2024).
Alternative explanations are the lowering of the LWL due to natural water evaporation or water withdrawal for human
uses. Peaks in phytoplankton biomass have been observed to occur in several south Indian lakes in the period February

to May by other studies (e.g., Zafar 1986). Afterwards, Chl-a showed to remained stable with occurrences of concentration
peaks, likely due to the concurrent replenishment of water and nutrients brought by the monsoon precipitations.

The increase of Chl-a during the heatwave period in cluster 2, which includes deep lakes, might be due to the establishment

of thermal stratification in the water column, promoting phytoplankton blooms, possibly of cyanobacteria, in conditions of
high temperature and water stratification. Phytoplankton growth might have been subsequently disrupted by increased flush-
ing due to the arrival of monsoon rainfalls and when the water column underwent mixing conditions. It is well established
that lake conditions of elevated water temperatures and water thermal stratification can lead to cyanobacteria blooms as

warmer temperatures increase cyanobacteria growth rates and stratified conditions allow them to outcompete other phyto-
plankton species for nutrients and sunlight (Persaud et al. 2015). When dry periods and heatwaves are interrupted by low-
pressure systems, bringing sudden declines in air and water temperatures, they can disrupt lake metabolism, leading to a

rapid decline in primary production (Jeppesen et al. 2021). Furthermore, the concomitant rise in water turbidity could
have contributed to the marked decrease in Chl-a concentrations observed in this cluster after the heatwave. Elevated turbid-
ity levels can limit light availability in the water column, thereby constraining phytoplankton photosynthesis and subsequent

growth.
The evident increase in Chl-a after the heatwave period for cluster 3, which included smaller lakes, might be due to the

effects of the arrival of monsoon rainfall, bringing nutrients to the lakes by catchment runoff input and swiftly promoting pri-

mary productivity in these relatively small basins. Previous conditions during the dry season in small lakes might have seen
drastic water reductions, as confirmed by data from the Global Surface Water dataset (JRC, Pekel et al. 2016). Moreover, a
better focus on cluster 3 revealed that the increase of Chl-a was even more important during the last period of the year, after
the monsoon season. Comparing turbidity values for the three Chl-a clusters in the different periods, we observed the lowest

concentrations (mean 7.6 NTU) during the last period (DOY 231–240) in cluster 3, while clusters 1 and 2 reached nearly
double these values (mean 13.0 NTU and mean 14.3 NTU, respectively). We thus hypothesized that in cluster 3 phytoplank-
ton growth was enhanced by the previous period of monsoon rainfalls, bringing both water recharge and potential nutrients

input to the lakes, and additionally, adequate light conditions contributed to the phytoplankton development in these lakes.
In contrast, a higher level of turbidity in cluster 1 and cluster 2 might have inhibited the development of phytoplankton
despite the input of potential nutrients and water recharge brought by rainfall. The increased water turbidity could have
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reduced light availability for phytoplankton growth, resulting in an overall Chl-a decrease, as found in other studies reporting

significantly reduced lake water transparency due to surges in turbidity (e.g., Caroni et al. 2024). Subsequent changes in pri-
mary productivity would be mediated by both light availability and nutrient conditions, making the ultimate response of lake
water Chl-a difficult to predict.

4.4. Implication for lake water quality

Analysis of cumulative rain and turbidity values during the period 2017–2020 highlighted that the annual variability of mon-
soon precipitations could influence the annual suspended sediment loads to a lake and eventually the increase in lake

turbidity. Our findings are in agreement with other studies relating variability of intensity in monsoon rainfall to suspended
sediment loadings in lakes under the East Asian monsoon climate (Jeon et al. 2017), showing that suspended sediment load is
highly dependent on rainfall intensity. The extreme variation in the amount of annual precipitation is typical of the East Asian

monsoon climate and can greatly influence concentrations and characteristics of the suspended sediment load to lakes.
Increases in lake turbidity after monsoons have been reported in other parts of Asia. For instance, in South Korea, Kim
et al. (2016) monitored Lake Soyang, a deep, warm, monomictic reservoir located in the Asian summer monsoon region.

They found that after intensive monsoon rain events, particulate organic carbon and total phosphorus increased, and turbidity
reached elevated values (.50 NTU). Their results showed that substantial amounts of inorganic nutrients and minerals were
supplied to the lake by rainfall runoffs during monsoons.

Water turbidity is one of the most important water quality parameters associated with the lake ecosystem health and the pro-
vision of ecosystem services (Angradi et al. 2018; Stefanidis et al. 2023). Increased turbidity influences not only the structure and
functions of lake ecosystems (Jeppesen et al. 1999; Hilt et al. 2017) impairing aquatic life and fisheries, but also has a dramatic
impact on aquatic ecosystem services in water availability and quality for human consumptions (for drinking and other dom-

estic uses), reducing water quality, blocking water supply intakes and limiting the recreational values of lakes and reservoirs
(U.S. EPA 1999). In a recent review, Fabian et al. (2023, and references therein) found that many Asian countries need
more attention in realizing that efficient water quality management is fundamental to long-term socio-economic progress.

Water quality deterioration has been influenced by recent environmental and climatic changes. In fact, the higher fre-
quency of climatic extremes is probably worsening water quality when combined with other anthropogenic pressures such
as diffuse pollution, land-use change and urbanization (Fabian et al. 2023). Numerous factors, such as heavy or absent pre-

cipitation, significant evapotranspiration loss, or snow melting, as well as multiple characteristics, such as intensity, duration,
and timing make studying climatic extremes challenging (Brunner et al. 2021). Moreover, several studies on Indian lakes were
carried out considering the climate conditions and variability of the monsoon rainfall of the Indo-Pacific area both at intra-
and interannual scales, but less attention was put at the regional level, while the comprehension of the external forcings

should be linked to regional variability (Hrudya et al. 2021) to better identify critical areas of climatic extreme events.
Few studies have explored the impact of climate extremes on water quality in the Asian region, which is one of the most
affected by climate change (Mosley 2015), with increasing pressure on lakes by severe heatwaves, extreme drawdown,

higher intensity rainfall and development of phytoplankton blooms and where severe hydrological cycle changes exacerbate
the region’s current water management problems (Hasson et al. 2013).

4.5. Implication for adaptation and mitigation measures

The observed dynamics of lake water quality in this study highlight the urgent need to adopt both structural and non-struc-
tural (e.g., social, operational and institutional) measures to mitigate the effects of climate change in India.

To mitigate droughts associated with increasing frequency and intensity of heatwaves, as reflected in reduced lake water
levels and altered ecosystem function, it becomes crucial to adopt measures such as water reuse, wetland preservation or res-
toration, improved irrigation efficiency and reduction of drinking water loss (e.g., by reducing leakages, building dykes and
changing land-use practices) (IPCC 2014). Integrating diverse adaptation choices can enhance the overall resilience of Indian

lakes and reservoirs to climate change. These should be designed with input from local communities through participatory
processes and aligned with the national and regional adaptation strategies (EU 2024). An example comes from the Earth-
watch India project in Bengaluru, where citizen scientists collected over 7,000 water quality data points, helping to

identify risk parameters and early-warning thresholds to prevent harmful algal blooms and to guide the management of
lake ecosystems to mitigate pollution and promote resilience to climate stressors (https://panorama.solutions/en/solution/
monitoring-water-quality-through-citizen-science-bengaluru. Moreover, as suggested for other affected countries, such as
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water systems in Iran (Rezaee et al. 2025), climate-resilient agricultural practices such as the use of drought-resistant crops

can guarantee food security in dry periods and arid conditions.
Our findings on the strong connection between enhanced turbidity and monsoonal precipitation suggest that adaptation to

flooding must prioritize water quantity, water quality and flood risk management. In this regard, early-warning systems and

emergency response mechanisms for extreme weather events, supported by the government, meteorological institutes and
river basin authorities, will be essential. Considering the potential threats represented by an increase in lake water turbidity,
particularly the deterioration of water quality for human consumption (for drinking and domestic uses), public health inter-
ventions should target improvements in water treatment infrastructure to prevent post-flood contamination risks. In this

regard, nature-based solutions such as wetland restoration, reforestation and the creation of buffer zones around lakes can
mitigate flood impacts by absorbing excess water and reducing flood peaks (Mitsch & Gosselink 2000; Vuik et al. 2018),
increasing soil permeability and reducing runoff and turbidity inputs (IPCC 2014; Berland et al. 2017). These measures

not only help stabilize water levels both in the context of droughts and floods but also support nutrient retention.
The heterogeneity of lake responses in terms of Chl-a variability confirms that localized management approaches should be

preferred for maintaining ecological balance in Indian lakes under extreme environmental stressors. Such approaches

include monitoring nutrient inputs from human activities, regulating land-use changes around lakes, and addressing point-
source pollution to prevent eutrophication. The adaptation and mitigation strategies outlined here directly support the
United Nations Sustainable Development Goals (SDGs), particularly SDG 6 ‘Clean Water and Sanitation’ and SDG 13 ‘Cli-
mate Action’ (UN 2015). Our findings reinforce the importance of aligning water quality and quantity management with
climate adaptation policies, reinforcing the role of effective water and regional climate governance in reducing risks from
floods, droughts and heatwaves (Sahani et al. 2019).

5. CONCLUSIONS

This research investigated the impacts of two compound climatic events: heatwaves and intense monsoon rainfall, on lake

water quality in the Indian subcontinent using EO data. This contrasts with previous studies that have primarily focused
on the effects of rising mean temperatures on inland water bodies.

One of the study’s main findings was that monsoon precipitation was the main driver of water turbidity dynamics in lakes and

high variation in lake water levels influenced changes in water quality. Our findings highlight the relevance of hydrological
pressures on lake ecosystems, as extreme floods correlated with heavy and prolonged precipitations are projected to increase
in temperate and tropical regions. Given the evidence that hydrology plays an essential role in the dynamics of lake water qual-
ity, its implications should be investigated further. In contrast, another key finding was that Chl-a patterns were more complex to

explain, reflecting lake-specific factors, such as morphology, phytoplankton dynamics, and likely additional anthropogenic
pressures within the catchments. These findings underline the need to consider human activities alongside climatic drivers.

The strong dependence of lake water quality and quantity on monsoon dynamics raises major management challenges

under climate change. Continuous monitoring of key water quality indicators, such as turbidity and Chl-a, through satel-
lite-based approaches offers a powerful tool for early detection of changes and timely intervention. To further enhance our
understanding of lake dynamics at subcontinental scales, future research should integrate additional anthropogenic factors,

including nutrient loading, water abstraction, and hydro-morphological modifications, within a regional framework.
Given the significant influence of monsoon precipitation on lake water quality and the projected changes in timing and

intensity of monsoonal rains under warming scenarios, adaptive management strategies should be developed to address

the variability and intensity of monsoon rains. This includes preparing for compound extremes of both droughts and
floods, which are also projected to become more frequent, and implementing measures to mitigate their impacts. Lake man-
agement plans should incorporate climate change adaptation measures to enhance the resilience of lakes to extreme weather
events such as heatwaves and heavy monsoon rains.

Employing satellite-derived variables from Lakes_cci provide an important, though technically demanding, opportunity to
examine the response of key lake parameters, such as turbidity, Chl-a, and LWL to climatic variability across seasonal and
interannual timescales. The availability of harmonized and validated observations facilitates a unique perspective on

global processes, representing a considerable achievement in light of the well-known constraints of satellite remote sensing.
These include spatial resolution, cloud cover and other radiometric noises that restrict observation frequency, together with
long-standing technical challenges such as atmospheric correction. This study demonstrates the potential of high temporal
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resolution and broad spatial coverage of EO data to support lake monitoring, decision-making and policy development. These

insights are crucial for developing robust and adaptive lake management strategies capable of meeting the growing challenges
of climate variability and change.
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