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ABSTRACT

Turbidity, an optical measure of water clarity influenced by suspended sediments and organic
matter, is a critical indicator of freshwater quality. Satellite remote sensing offers a practical
means of monitoring turbidity over space and time by capturing water-leaving reflectance
across spectral bands. This study explores the spatiotemporal retrieval of turbidity in the
Upper Lake, Bhopal, an important urban freshwater body and Ramsar site in India, using
Landsat-8 Operational Land Imager (OLI) Surface Reflectance (SR) data from 2013 to
2022. Field-based in-situ turbidity data collected during the pre-monsoon and post-monsoon
seasons of 2022 were used to calibrate and validate several empirical models based on
different band combinations. The best empirical models used the band ratio of the blue
and red bands (Band-2 and Band-4), yielding a high agreement with field data (R? = 0.89)
with a validation RMSE of 4.04 NTU. Temporal turbidity trends revealed a seasonal pattern,
with higher turbidity observed in the post-monsoon season due to catchment runoff and
anthropogenic activities. This study confirmed that Landsat-8 OLI SR, supported by field
measurements, is a reliable tool for long-term turbidity monitoring in inland lakes.

1. INTRODUCTION

Freshwater lakes and reservoirs are critical components of the Earth’s hydrological
cycle and provide a wide range of ecosystem services, including drinking water
supply, irrigation, fisheries, biodiversity conservation, recreation, and climate
regulation. However, in recent decades, many of these water bodies have faced
significant degradation owing to anthropogenic pressures such as urbanization,
agricultural runoff, industrial discharge, and climate change (UNESCO 2018).
Among the various water quality parameters used to monitor aquatic ecosystem
health, turbidity stands out as a key indicator because of its direct link with
suspended sediment load, light attenuation, and pollutant transport (Das et al. 2024).
Turbidity refers to the degree to which water loses its transparency owing to the
presence of suspended particulates, such as silt, clay, organic matter, plankton,
and microorganisms. It affects aquatic life by reducing sunlight penetration,
which limits photosynthetic activity in submerged vegetation and algae (Bilotta
& Brazier 2008). High turbidity levels also interfere with the reproduction and
feeding behavior of aquatic organisms and can carry attached contaminants, such
as heavy metals and pathogens, posing risks to both ecosystems and public health
(Chen & Chen 2017). Therefore, understanding the spatial and temporal patterns
of lake turbidity is essential for water quality management and policy formulation.

Traditionally, turbidity is measured using in-situ techniques, such as Secchi
disk readings and nephelometric turbidity units (NTU) using turbidity meters.
Although accurate at specific points, these methods are inherently limited in their
ability to capture spatial variability across an entire water body, especially large or
remote lakes. Moreover, repeated sampling at high temporal frequencies is often
cost-prohibitive and labor-intensive (Dekker et al. 2002). This necessitates the use
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of alternative, scalable approaches for monitoring turbidity,
particularly in regions such as India, where resource
constraints limit large-scale water quality monitoring.
Remote sensing has emerged as a promising solution to
address these challenges. Satellite-based sensors provide
consistent, synoptic, and long-term observations of surface
reflectance that can be used to estimate various water quality
parameters, including turbidity (Jally et al. 2021). In recent
years, the Landsat-8 Operational Land Imager (OLI) has
gained popularity owing to its moderate spatial resolution
(30 m), improved radiometric sensitivity, and free availability
through the USGS Earth Explorer platform. The Surface
Reflectance (SR) product, which accounts for atmospheric
distortions, is particularly well-suited for quantitative water
quality assessments (Pahlevan et al. 2017, Brezonik et al.
2005). Numerous studies have demonstrated the feasibility
of retrieving turbidity from Landsat data using empirical
relationships between spectral reflectance and turbidity
values. The blue (Band-2), green (Band-3), and red (Band-
4) bands are commonly the most responsive to increases in
suspended matter because of their interaction with particulate
matter in the water column (Maity et al. 2022, Wen et al.
2022). Empirical regression models, band ratio techniques,
and semi-analytical models have been successfully employed
to map turbidity in a range of aquatic environments, from
rivers and estuaries to lakes and wetlands. These models are
typically calibrated with field-measured turbidity values and
validated using statistical indices such as the coefficient of
determination (R?), root mean square error (RMSE), and
mean absolute percentage error (MAPE) (Yang et al. 2022).

In India, the application of remote sensing for inland
water quality monitoring is still emerging but holds immense
potential. The country’s vast network of rivers, lakes, and
reservoirs is under increasing stress owing to population
growth, urban sprawl, and insufficient wastewater treatment
infrastructure. One such water body is the Upper Lake
(Bhojtal) in Bhopal, Madhya Pradesh, India. This ancient
man-made lake, created in the 11th century, serves as the
primary drinking water source for nearly 1.5 million people
and supports significant biodiversity. Designated as a Ramsar
site in 2002, the Upper Lake is recognized for its ecological
and socioeconomic importance. However, it faces growing
threats from untreated sewage inflow, agricultural runoff,
eutrophication, encroachment, and climate variability (CPCB
2019). Given the environmental importance of Upper Lake,
Bhopal, and the lack of continuous water quality monitoring
data, there is a pressing need to develop and apply satellite-
based approaches to assess its turbidity levels over time.
The present study aims to address this gap by retrieving
turbidity across a spatiotemporal scale (2013-2022) using
Landsat-8 OLI SR data in conjunction with in situ turbidity

measurements. The objective of this study was to develop
and validate turbidity retrieval algorithms using Landsat-8
OLI SR data and in-situ field observations, thereby producing
seasonal turbidity maps from 2013 to 2022. The results are
expected to assist policymakers and lake managers in better
understanding turbidity dynamics and in implementing
appropriate conservation strategies. This study contributes
to the growing body of knowledge on remote sensing
applications in inland water quality monitoring and provides
areplicable framework for similar studies in other Indian and
global lakes under environmental stress.

2. MATERIALS AND METHODS
2.1 Study Area

The Upper Lake, locally known as Bhojtal, is one of the
most prominent freshwater lakes in Central India. It is
situated in the western part of Bhopal, the capital city
of Madhya Pradesh, and forms a vital part of the city’s
ecological and socioeconomic landscape (Fig. 1). This
ancient lake, believed to have been constructed in the 11th
century by King Raja Bhoj, is among the oldest man-made
lakes in India and is intricately linked to the cultural and
historical heritage of the region (Everard et al. 2020).
Geographically, the lake lies between 23°12" and 23°16’
N latitude and 77°18" and 77°22" E longitude, with an
average altitude of approximately 500 m above sea level.
The Upper Lake spans a surface area of approximately 31
square kilometers and is part of the larger Bhoj Wetland
system, which also includes the adjoining Lower Lake.
Together, these wetlands were designated as Ramsar sites
in 2002 under the Convention on Wetlands of International
Importance, highlighting their ecological significance
and the need for conservation (Ramsar Sites Information
Service 2024). It is primarily fed by rainfall and surface
runoff from a catchment area of nearly 361 square
kilometers, which consists of forested hills, agricultural
lands, and urban settlements. The Kolans River, a seasonal
tributary, also contributes to lake inflow. The lake is the
main drinking water source for more than 1.5 million
residents of Bhopal and supports domestic, agricultural,
and recreational activities. In addition to its economic and
utilitarian roles, the lake provides a habitat for a diverse
range of aquatic flora and fauna, including migratory bird
species such as bar-headed geese, black-winged stilts,
and cormorants (Rather & Gautam 2023). The region
experiences a tropical wet and dry climate, characterized
by three major seasons: summer (March—June), monsoon
(July—September), and winter (October—February). The
average annual rainfall is approximately 1200 mm, with
the majority of precipitation occurring during the monsoon
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months. This seasonal rainfall pattern plays a significant
role in influencing the hydrological and sediment dynamics
of the lake, thereby affecting the turbidity levels. During
the monsoon, increased surface runoff brings suspended
sediments, nutrients, and organic matter into lakes, often
leading to elevated turbidity and eutrophication, particularly
near urban and agricultural inflow points (Parashar et al.
2008). In this study, the lake was categorized into three
sectors based on Secchi disk transparency, nutrients, and
depth: western (WS), central (CS), and eastern (ES) sectors
for the ecological assessment.

2.2 Database and Methodology

This study integrated field-based turbidity measurements with
satellite remote sensing data from the Landsat-8 Operational
Land Imager (OLI) to develop an empirical model for
turbidity retrieval. The methodology was carefully structured
to ensure the accuracy of the calibration, validation, and
application of the model across a spatiotemporal scale. The
process comprised in-situ data collection, satellite image
selection and preprocessing, band ratio analysis, model
development, and the generation of seasonal turbidity
maps for the pre-monsoon and post-monsoon seasons from
2013 to 2022 (Fig. 3). All data were analyzed using a

combination of Remote Sensing, GIS, and statistical
software to enable high-resolution spatial analysis and trend
interpretation.

2.2.1 Turbidity Data Collection

Fieldwork was conducted during the pre- and post-monsoon
seasons of 2022. A total of 50 sampling locations were
selected within the Upper Lake. At each location, turbidity
was measured using a portable HANNA HI-98703 turbidity
meter, which operates based on nephelometric principles that
conform to ISO 7027 standards. To minimize variability,
three consecutive readings were taken at each site, and the
average value was recorded in Nephelometric Turbidity
Units (NTU). Simultaneously, the geographic coordinates
of each point were recorded using a Garmin GPSMAP 64s
handheld device to ensure accurate geospatial alignment
with the satellite pixels.

2.2.2 Acquisition of Satellite Data

The satellite data used in this study consisted of Landsat-8
Surface Reflectance (SR) imagery, which was atmospherically
corrected and available via the USGS Earth Explorer portal.
Landsat-8 OLI provides multispectral imagery at 30-meter
resolution, making it highly suitable for monitoring medium-
scale inland water bodies such as the Upper Lake. For each
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Fig. 1: Sentinel-2A false-color composite (FCC) image showing different sectors and sampling locations of the Upper Lake, Bhopal, India.
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field sampling date, satellite images were acquired within a
+3-day window to ensure consistency between in situ and
satellite observations. Priority was given to scenes with
less than 10% cloud cover, and pre-monsoon and post-
monsoon datasets were compiled for each year from 2013 to
2022. The reflectance values from the relevant bands, Blue
(Band-2), Green (Band-3), Red (Band-4), and Near-Infrared
(Band-5), were extracted for further analysis (Roy et al.
2016).

2.2.3 Image Preprocessing and Water Body Extraction

Before analyzing the reflectance-turbidity relationships, each
Landsat image underwent a series of preprocessing steps.
Using the Quality Assessment (QA_PIXEL) band provided
by the USGS, clouds, cloud shadows, and snow pixels were
masked to ensure that only valid reflectance values were
retained. To isolate the Upper Lake’s water surface, the
Normalized Difference Water Index (NDWI) was calculated
using the formula NDWI = (Green — NIR) / (Green + NIR), as
proposed by McFeeters (1996). A threshold value of NDWI >
0.1 was applied to generate a binary water mask, effectively
separating water pixels from land, vegetation, and urban
areas. This mask was used to clip reflectance values only for
the open-water regions of the lake, minimizing background
noise in the model calibration phase.

2.2.4 Turbidity Algorithm Development

To establish a relationship between in-situ turbidity and
satellite-derived reflectance, a series of empirical regression
models was tested. Each spectral band and selected band ratio
(e.g., blue/red and green/red) were analyzed for correlation
with the measured NTU values. Data points from coinciding

fieldwork and Landsat-8 OLI images were matched spatially,
and linear, logarithmic, and exponential regression models
were developed using OriginPro and SPSS. The band ratio of
the blue band (Band-2) and red band (Band-4) consistently
demonstrated the strongest correlation (R?=0.89) with
turbidity, which aligns with the findings of similar studies in
Indian freshwater systems, where blue and red wavelengths
showed maximum scattering from suspended sediments
(Gholizadeh et al. 2016, Allam et al. 2020, Sharma et al.
2020). The final model was selected based on the highest
coefficient of determination (R2) and the lowest root mean
square error (RMSE). The relationship between the band
ratio of Landsat-8 OLI (Band-2: Band-4) and in-situ turbidity
is shown in Fig. 2, and the derived equation is presented in
Equation (1).
Turbidity (NTU) = 59.021 x (OLI B-2/OLI B-4) — 40.42
(D)
The model was calibrated using training data from the
field-satellite pairs and validated using an independent
subset. The validation metrics included RMSE and R2, which

confirmed the model’s reliability across seasons and varying
turbidity conditions.

3. RESULTS AND DISCUSSION
3.1 Seasonal Variation in Turbidity

This section presents the results of turbidity estimation
derived from the calibrated remote sensing model based
on Landsat-8 OLI Surface Reflectance data and validated
using in-situ measurements. Table 1 shows the sector-wise
in situ data collected from 50 selected sample locations in
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Fig. 2: Scatter plot showing the relationship between the in-situ turbidity measurements and Landsat-8 OLI band ratios.
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Fig. 3: Methodology flowchart for the estimation and generation of turbidity maps for Upper Lake, Bhopal.

Table 1: In-situ turbidity collected over the Upper Lake, Bhopal, during the pre- and post-monsoon seasons of 2022.

Turbidity [NTU]

Pre-monsoon season-2022 Post-monsoon season-2022

Sector Minimum Maximum Average Minimum Maximum Average
Eastern Sector 14.3 20.4 17.63 15.7 23.1 19.38
Central Sector 7.1 16.2 8.29 9.5 26.8 14.87
Western Sector 43 11.9 11.95 10.8 28.8 24.8
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the Upper Lake, Bhopal, during the pre- and post-monsoon
seasons of 2022.

In situ analysis revealed distinct seasonal fluctuations in
turbidity levels across the lake during the 2022 observation
period. During the pre-monsoon periods (April-June),
turbidity values were generally lower, ranging between 4
NTU and 20 NTU, particularly in the central and deeper
sections of the lake. These lower values are primarily
attributed to minimal inflows, clear weather conditions, and
sediment settling, as there was limited disturbance of the lake
bed and relatively less surface runoff. In contrast, the post-
monsoon periods (October—December) showed significantly
elevated turbidity levels, with several locations exceeding 20
NTU. This sharp rise can be attributed to monsoonal runoff,
which carries high loads of suspended solids, organic matter,
and urban waste into the lake through open drains and inflow
channels during the monsoon.

In the present study, satellite data were used to estimate
the turbidity of the Upper Lake, Bhopal. Satellite-derived
turbidity maps confirmed the presence of extensive sediment
plumes, especially near urban drain outlets such as the
Patra Nullah and Bairagarh inlet, aligning well with in-situ
measurements and past studies (Durga Rao et al. 2009, Prasad
& Tiwari 2019). From 2013 to 2022, the seasonal analysis
of turbidity in the Upper Lake, Bhopal, revealed a consistent
pattern of higher turbidity levels during the post-monsoon
season than during the pre-monsoon period, with notable
inter-annual variability influenced by rainfall intensity, urban
runoff, and anthropogenic activities. During the pre-monsoon
months (March—May), turbidity is generally moderate to
high, reflecting limited inflow and sediment input, whereas
post-monsoon months (October—November) consistently
show elevated turbidity due to catchment runoff laden with
sediments and organic matter following monsoon rains
(Mishra & Prasad 2015). Spatial analysis using Landsat-8
OLI surface reflectance data revealed that areas near urban
outfalls and drainage inlets exhibited persistently high
turbidity values, indicating a direct influence from domestic
and stormwater discharge.

In 2013, the baseline year of Landsat-8 availability,
turbidity levels during both the pre- and post-monsoon
seasons were high, with spatial concentrations near inflow
zones, reflecting relatively stable catchment conditions.
Fig. 4(a) shows relatively high turbidity (20 NTU) as
compared to Fig. 4(b) (19 NTU). The average turbidity of
the entire lake was 18.07 NTU and 14.45 NTU during the
pre- and post-monsoon seasons of 2022, respectively. Fig.
4(c) shows that the ES of the lake is highly turbid water
(18.07 NTU) compared to WS. However, high turbidity
(14.34 NTU) was recorded in the CS and ES during the

post-monsoon season of 2014 (Fig. 4(d)). The ES remains
at a high turbidity concentration throughout the year, which
is mainly influenced by increasing construction activities,
sewage discharge, and urban expansion around the lake’s
eastern periphery. Fig. 4(e) shows a similar pattern of
turbidity as compared to Fig. 4(c) during the post-monsoon
season. However, Fig. 4(f) demonstrates that the maximum
area of the lake was under moderate to high turbidity during
the post-monsoon period in 2015. The turbidity increased
significantly, which is correlated with higher-than-average
rainfall and sediment-rich runoff, as observed in similar
studies across central Indian lakes (Mishra & Prasad 2015).
The average turbidity was 11.96 NTU and 13.37 NTU during
the pre- and post-monsoon seasons of 2015, respectively.
Fig. 4(g) depicts high turbidity in the ES due to a prolonged
dry spell, which caused reduced dilution and concentration
of suspended solids (Sharma 2020). Fig. 4(h) shows that
the turbidity value of the entire lake was moderate owing to
a weak monsoon year. The average turbidity concentration
of the entire lake was 11.73 NTU and 14.46 NTU during
the pre- and post-monsoon seasons of 2016, respectively.
Fig. 4(i) shows that ES and CS experience high turbidity
(20 NTU) compared to WS (3.8 NTU). Fig. 4(j) depicts a
moderate pattern of post-monsoon turbidity, 18.25 NTU,
which is recorded particularly near the southeast inflow
regions, attributed to intense rainfall and unregulated urban
discharge, aligning with similar findings by Farooq et al.
(2021). In 2018 (Fig. 4(k) and (1)), a declining pattern of
turbidity levels was observed for both seasons, except for
the ES and CS of the lake, owing to a drier monsoon and
partial implementation of catchment management under the
Bhopal Lake Conservation Scheme (Sharma 2020). The
average turbidity concentration of the lake was 10.77 NTU
and 12.12 NTU during the pre- and post-monsoon seasons
of 2018, respectively.

Fig. 4(m) shows the lake water turbidity of the pre-
monsoon season of 2019, which slightly declined from the
similar pattern of the pre-monsoon season of 2018. Fig. 4(n)
depicts ES and WS showing high turbidity concentration
(17.3 NTU), except for the maximum pockets of CS.
The average turbidity of the lake was 10.12 NTU and
11.66 NTU during the pre- and post-monsoon seasons,
respectively. Fig. 4(o) and (p) show a similar pattern of
turbidity concentration during the pre- and post-monsoon
seasons of 2020. The average turbidity of the lake was
7.18 NTU and 9.6 NTU during the pre-monsoon and post-
monsoon seasons, respectively. Similarly, Fig. 4(q) and
(r) show the pre- and post-monsoon turbidity patterns of
2021. The average turbidity values were 7.87 NTU and
10.57 NTU during the pre- and post-monsoon seasons,
respectively. From the overall observation, it was found

Vol. 25, No. 3, 2026 ® Nature Environment and Pollution Technology



www.neptjournal.com 7

77"}6'E 77"}8'E 77?0'E 77"%2'E 77“‘16'E TT‘]B'E 77"?0’E TT?Z'E
(a) Pre-monsoon - 2013 N (b) Post-monsoon - 2013 3
z (6th Apri) i Al:z (29th Oct.) A
& o | %
] &
z| £ z
- Bl ;] :
& Scale Q Scale
[ = = o ] [Ce e — ]
0051 2 3 4 0051 2 3 4
1:135,584 1:135,584
(c) Pre-monsoon - 2014 N (d) Post-monsoon - 2014 N
3 (23rd April) A _ (16th Oct.) » A
© & bt - " 3
21 - & ]

23°14'N
1

23°14'N
1

Scale

[ = = ]
0051 2 3 4 ° 0051
1:135,584 1:135,584
(e) Pre-monsoon - 2015 b (f) Post-monsoon - 2015 N
= (10th April) - A = : A
é- - E_
g g
& Scalia &
[ = = ]
0051 2 3 4 0051
1:135,584 1:135,584
(g) Pre-monsoon - 2016 H (h) Post-monsoon - 2016 N
z (12th April) A z (21st0ct) . A
z z
z1 - z
& Scale a

O —
00561 2 3 4
1:135,584

1:135,584

(i) Pre-monsoon - 2017 T (j) Post-monsoon - 2017 s
(15th April) % (24th Oct.)

23°;| 68'N
23*16'N

23*14'N
I
23*14'N

Scaie Sca‘le

| = = — =—— ] | = = s
0051 2 3 4 0051 2 3 4 iy
1:135,584 1:135,584 r
776E 7718E 7720 77930 7716 7718E 77°20°E 77°22E
12 15 20
Turbidity (NTU)

Fig. 4 (a-j): Turbidity images from Landsat-8 OLI bands during the pre- and post-monsoon seasons from 2013 to 2017.

Nature Environment and Pollution Technology ® Vol. 25, No. 3, 2026



8 Prasanta Ghadei and Sujit Kumar Jally

7716 77°18€ 77°20€ 77°22° 7724 77°16% 77°18€ 77°208 77°22€ 774
(k) Pre-monsoon - 2018 N (I) Post-monsoon - 2018 N
z O A z (27th Oct.). : A
2 Q ’ 3 w*i'
z z o
= .
Q &
Scale Scal g
N —— s -I—ca:e—Kms "“‘F
0051 2 3 4 0051 2 3 4 7
1:135,584 1:135,584
(m) Pre-monsoon - 2019 N (n) Post-monsoon - 2019 N
i i 14th Oct.
z| (21st Apnl) | - . , A z] ( ) , ) . A
z z
s ¥ £ g
] Scale & Scale
| = = s | = = == ]
0051 2 3 4 0051 2 3 4
1:135,584 1:135,584
(o) Pre-monsoon - 2020 N (p) Post-monsoon - 2020 N
- (7th April) Al : (Tth Oct.) A
© o]
] . . g-——aiky &
z > z 1
;‘ 23' \\q
] Scale & Scale
e — ] | = = - b
0051 2 3 4 0051 2 3 4 il
1:135,584 1:135,584 H"’
(q) Pre-monsoon - 2021 N (r) Post-monsoon - 2021 N
2 (26th April) . ﬂ A . A
© 3 s ©o
z z
R s
< Scale &
0051 2 0051 -
1:135,584 1:135 584 )i
1 1 1 1 1 1 1 1
(s) Pre-monsoon - 2022 N (t) Post-monsoon - 2022 N
2 (31st May) A - (9th Dec.) A
z z
T 3 ¥
] Scale ]
O Kms
0051 2 3 4 R 0051 3 4
1:135,584 ¥ 1:135,584
7716'E 7718 77°20E 77°22E 77°16E 77°18'E 77°20E 77°22E
1
4 6 9 12 15 20
Turbidity (NTU)

Fig. 4 (k-t)): Turbidity images from Landsat-8 OLI bands during the pre- and post-monsoon seasons from 2018 to 2022.

Vol. 25, No. 3, 2026 ® Nature Environment and Pollution Technology



www.neptjournal.com 9

that the distribution of turbidity was more or less the same
in the pre- and post-monsoon season of 2020-21. The above-
mentioned period exhibited a unique scenario, where both
seasonal turbidity levels were markedly low. This may be
attributed to the COVID-19 lockdown, which reduced human-
induced activity, boating, and industrial effluent discharge,
a phenomenon echoed in water bodies globally (Sharma &
Gupta 2022). Finally, 2022 offered the most detailed insight
because of concurrent in-situ sampling. Fig. 4(s) shows that the
ES experienced relatively high turbidity (20 NTU) compared
to the WS (12.13 NTU) and CS (14.54 NTU) of the lake.
Fig. 4(t) shows that the entire lake has a maximum turbidity
concentration (19.67 NTU), except for some pockets of CS
(14.54 NTU) and WS (15.27 NTU), highlighting the continued
influence of runoff and sediment-laden flows, particularly
near the Shahpura and Bairagarh catchments (Talwar et al.
2014). The satellite-derived turbidity model, based on the
Band-2/Band-4 ratio, showed excellent agreement (R? =
0.89) with field data for 2022, supporting its robustness for
multi-year monitoring (Joshi & Agrawal 2022). Overall, the
decade-long analysis confirmed a consistent seasonal pattern
of moderate to high turbidity during the pre-monsoon season
and high turbidity during the post-monsoon season, with
year-to-year variability driven by rainfall, urban growth, and
local interventions. These findings emphasize the value of
combining satellite observations with ground-truthing for
long-term lake water quality assessment in rapidly urbanizing
landscapes.

3.2 Comparison of Sector-wise Average Turbidity (2022)

A comparison of the average values of in-situ turbidity

measurements at different sectors during the pre- and post-
monsoon seasons of 2022 is shown in Fig. 5. The figure
shows that the post-monsoon season experienced higher
turbidity than the pre-monsoon season. During the pre-
monsoon season of 2022, the average value of turbidity was
found in WS (11.95 NTU), CS (8.29 NTU), and ES (17.63
NTU). Similarly, during the post-monsoon season of 2022,
the average turbidity values were observed in WS (21.83
NTU), CS (14.87 NTU), and ES (19.38 NTU). The in-situ
turbidity measurements revealed that the WS experienced
maximum turbidity during the post-monsoon season,
whereas the ES experienced maximum turbidity during the
pre-monsoon season of 2022. However, the CS remains low
in terms of turbidity throughout the year. Fig. 6 depicts the
sector-wise distribution of average turbidity derived from
Landsat-8 OLI during the pre-monsoon and post-monsoon
seasons of 2022. This shows that the post-monsoon season
experiences higher turbidity than the pre-monsoon season.
During the pre-monsoon season of 2022, the average
turbidity values were estimated at WS (7.76 NTU), CS
(7.15NTU), and ES (9.82 NTU). Similarly, during the post-
monsoon season of 2022, the average value of turbidity is
estimated in WS (14.26 NTU), CS (13.99 NTU), and ES
(15.5 NTU). The analysis of Fig. 5 and 6 indicates that the
average in-situ observed turbidity pattern agrees well with
Landsat-8 OLI-derived turbidity.

3.3 Inter-Annual Trends (2013-2022)

In the present study, the dynamic nature of inter-sectoral
and seasonal changes in the turbidity of the Upper Lake,
Bhopal, was studied, which is mainly influenced by various
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Fig. 5: Comparison of average turbidity at different sectors from in-situ measurements during the pre- and post-monsoon seasons of 2022.
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Landsat-8 OLI derived Turbidity (NTU)
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Fig. 6: Comparison of average turbidity in different sectors derived from Landsat-8 OLI during the pre- and post-monsoon seasons of 2022.
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Fig. 7: Comparison of average turbidity derived from Landsat-8 OLI during the pre- and post-monsoon seasons from 2013 to 2022.

anthropogenic activities. A comparison of the pre- and
post-monsoon season average values of the turbidity of the
entire lake estimated from satellite data from 2013 to 2022 is
shown in Fig. 7. Long-term analysis revealed that the average
turbidity during the post-monsoon season was higher than
that during the pre-monsoon season, except for 2013. From
2014 to 2019, most areas of the lake showed high turbidity
(10.2 — 18.07 NTU), with exceptions limited to localized

high-inflow zones. However, in 2020 and 2021, there was
marked moderate turbidity (7.18 — 10.57 NTU) due to the
COVID-19 lockdown. The post-COVID-19 period showed
a marked expansion of high turbidity (8.54 — 14.68 NTU),
indicating escalating sedimentation and pollutant loading.

This trend corresponds to increased urbanization,
construction activities, and land-use changes in the lake’s
catchment area. The northeastern and western peripheries,
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Fig. 8: Scatter plot showing the relationship between in-situ observed turbidity and Landsat-8 OLI estimated turbidity.

which have witnessed dense residential and commercial
development and river run-off, emerged as zones with
persistently high turbidity. The lack of effective stormwater
management and wastewater treatment infrastructure
appears to be a major driver of turbidity escalation. These
findings mirror those of other urban lake studies in India,
where land disturbance and catchment degradation directly
influenced water clarity (Rather & Dar 2020).

3.4 Validation of Turbidity Retrieval Model

Turbidity was estimated for the pre- and post-monsoon
seasons using Landsat-8 Operational Land Imager
(OLI) images for the Upper Lake, Bhopal. The turbidity
retrieval model developed using the Landsat-8 OLI band
ratio of blue and red band reflectance and calibrated with
in-situ measurements showed a strong correlation. The
model yielded a coefficient of determination (R2) of 0.9
and a Root Mean Square Error (RMSE) of +4.04 NTU
during validation (Fig. 8). These metrics indicate the
high reliability of the model in capturing actual turbidity
variations across seasons and locations. The model was
particularly effective in estimating turbidity within the
range of 5-50 NTU. However, at very high turbidity levels
(>60 NTU), there was a slight tendency to underestimate
values, likely due to reflectance saturation in the red band,
which limits the differentiation of dense sediment loads.
Such limitations have also been noted in similar studies
using optical sensors such as Landsat and Sentinel (Nechad
et al. 2010, Gholizadeh et al. 2016).

4. CONCLUSIONS

This study successfully demonstrated the integration of
satellite remote sensing and in-situ turbidity measurements
for monitoring water quality in the Upper Lake, Bhopal,
over a decadal time frame (2013-2022) during the pre-
and post-monsoon seasons. Using Landsat-8 OLI Surface
Reflectance data calibrated against the obtained field data,
an empirical model was developed to retrieve turbidity with
high spatial and seasonal variation. The model achieved
strong validation results (R? = 0.89), establishing its
suitability for ongoing and future water quality assessments
of Lake Taal. The findings revealed significant seasonal
and interannual variations in the turbidity. Post-monsoon
seasons consistently exhibit higher turbidity levels owing
to increased runoff, urban drainage, and sediment inflow.
Meanwhile, the pre-monsoon periods showed comparatively
clearer water, suggesting a seasonal self-recovery potential.
However, a gradual increase in turbidity across several
sectors of the lake, especially near urban inflow points,
indicates growing anthropogenic pressure, particularly from
urban expansion, waste discharge, and unregulated changes
in catchment areas. Spatial analysis identified persistent
turbidity hotspots along the western and northeastern lake
margins, highlighting the role of point and non-point source
pollution. These areas require targeted interventions, such as
drainage management, constructed wetlands, and pollution
control measures. In contrast, the central sector of the lake
maintained relatively low turbidity owing to better protection
and minimal human interference, underscoring the value of
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riparian buffers and regulated land use. This study provides
a cost-effective and scalable methodology for long-term
water quality monitoring and generates critical geospatial
intelligence that can support lake management policies and
Ramsar site conservation strategies. The approach adopted
here is replicable for similar water bodies across India and
other developing regions, especially where conventional
monitoring is limited by resource availability. Going forward,
the integration of higher-resolution sensors (e.g., Sentinel-2
MSI), Machine Learning Models, and multi-parameter water
quality indices can further enhance the accuracy and scope
of monitoring. Regular data-driven surveillance, combined
with community involvement and government action, is
essential for restoring and safeguarding the ecological health
of Upper Lake, Bhopal, and fulfilling its role as a critical
urban wetland under the Ramsar Convention.
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