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Abstract: Aquatic ecosystems play a crucial role in sustaining life and supporting key
green and blue economic sectors globally. However, the growing population and increasing
anthropogenic pressures are significantly degrading terrestrial water resources, threatening
their ability to provide essential socioeconomic services. To safeguard these ecosystems and
their benefits, it is critical to continuously monitor changes in water quality. Remote sensing
technologies, which offer high-resolution spatial and temporal data over large geographic
areas, including surface water bodies, have become indispensable for these monitoring
efforts. They enable the observation of various physical, chemical, and biological water
quality indicators, which are essential for assessing ecosystem health. Machine learning
algorithms are well suited to handle the complex and often non-linear relationships between
remote sensing data and water quality parameters. By integrating remote sensing with
machine learning techniques, it is possible to develop predictive models that enhance
the accuracy and efficiency of water quality assessments. These models can identify
and predict trends in water quality, supporting timely interventions to protect aquatic
ecosystems. This paper provides a thorough review of the major remote sensing techniques
for estimating water quality indicators (e.g., chlorophyll-a, turbidity, temperature, total
nitrogen and total phosphorous, dissolved organic, total suspended solids, dissolved
oxygen, and hydrogen power). It examines how machine learning can improve water
quality assessments. Additionally, it identifies key research gaps in current methodologies
and suggests future directions to address challenges in water quality monitoring, aiming to
improve the precision and scope of these critical efforts.

Keywords: water quality; water quality monitoring; water quality parameters; remote
sensing; machine learning; deep learning

1. Introduction
Water resources are vital for the sustainability of life on Earth. Although water bodies

cover 70.8% of Earth’s surface, only 3.8% is freshwater. Moreover, 68% of the freshwater
is trapped in glaciers [1]. Over the years, human-induced activities such as urbanization,
deforestation, industrialization, mining, and agriculture have contaminated the surface
water and groundwater [2,3]. The water quality is severely affected due to human-induced
contamination especially in countries where domestic sewage and chemical waste are
directly discharged into waterways without proper treatment [4,5]. Additionally, the
excessive use of organic fertilizers, mismanagement of garbage, and growing population
are other important factors deteriorating the water quality [6]. Meanwhile, climate change
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and high concentrations of nitrogen and phosphorous intensify algae bloom formation
in many water bodies with higher frequency. An increase in nitrogen and phosphorous
also leads to the formation of water weeds and fish deaths. All these factors are thereby
negatively affecting the water quality [7] and seriously threatening ecological functions.

According to a recent United Nations (UN) report, the world population is expected
to grow to 9.7 billion in 2050 [8]. Therefore, access to safe and clean water becomes pro-
gressively crucial for achieving the sustainable development goals (SDGs) of the UN.
Monitoring and maintaining freshwater quality is challenging for the international commu-
nity as stated in the SGDs indicator 6.3.2 on good ambient water quality [9]. It becomes
important to monitor the water quality to provide crucial information to government, policy
makers, and other stakeholders. Water quality parameters provide an insight into the effect
of climate change and anthropogenic activities on aquatic ecosystem [10]. Accordingly,
proactive measures can be used to maintain water quality and protect water bodies.

Conventional methods for water quality assessment and monitoring are based on
point sampling and subsequent laboratory analysis [11]. It requires the establishment of a
network of hydrometric stations at water bodies such as rivers. Water samples are collected
at regular intervals, which are sent to designated laboratories for analysis. A number of pa-
rameters are determined and analyzed for water quality assessment. Point sampling-based
methods for water quality assessment are effective and may provide accurate information.
However, these methods are highly expensive and time-demanding [12,13]. Furthermore,
hydrometric stations are non-uniformly distributed and work intermittently due to a lack
of infrastructure. Some sites may be inaccessible to collect field samples. Therefore, con-
ventional methods fail to provide broader spatial coverage, and they are not suitable for
synchronous assessment for a large area, as contamination varies spatially over surface
water bodies [7].

Remote sensing, as part of geospatial technology, provides an alternative platform
for surface water quality assessment. It can significantly reduce the time constraints and
financial expenses associated with conventional field sampling-based methods [9]. It is able
to overcome accessibility challenges and spatial constraints in monitoring water quality [14].
Additionally, remote sensing has the advantage of simultaneous observation over a large
area [15]. Thus, remote sensing has proved to be an efficient tool for monitoring surface
water quality due to its low cost, wider spatial coverage, higher temporal frequency, lower
labor cost, and reasonable accuracy. However, remote sensing can not provide direct
assessment of water quality. Instead, it provides aquatic environmental information [16,17]
that can be used to estimate some important parameters. Optically active components
(OACs) such as chlorophyll-a, colored dissolved organic matter, and suspended particulates
can be obtained from aquatic environmental variables. But there are several other non-
optically active components such as dissolved oxygen and nutrients, which are important to
assess water quality. Therefore, some kind of modeling is required to simulate non-optically
active components.

Remote sensing imagery provides the optical reflectance of the water surface in differ-
ent wavelength regions. There are different remote sensing products including single-band
and multi-band imagery, which provide spectral and inter-band information. The relation
between spectral information and required nutrients is indirect and non-linear [16]. The tra-
ditional empirical models are unsuitable to simulate water quality parameters due to the
non-linear relationship [18]. Machine learning models are highly suitable for non-linear
and non-Gaussian systems. In recent times, remotely sensed imagery is broadly used with
machine learning models to quantify and monitoring water quality.

This study aims to investigate the effectiveness of integrating machine learning and
remote sensing for water quality monitoring. Specifically, it explores the parameters that
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can be estimated using remote sensing, assesses their adequacy for effective monitoring,
identifies the most useful remote sensing products, and evaluates the machine learning
techniques best suited for this purpose.

2. Methodology
This paper reviews the applications of remote sensing and machine learning for water

quality assessment. Three important sub-areas are identified in this regard: (i) water quality
parameters that can be estimated or simulated using spectral information, (ii) remote
sensing technologies and products useful for water quality assessment, and (iii) suitable
machine learning techniques. This review work uses the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA) [19] approach for searching, organizing,
and selecting the research studies. The last search was performed on 20 September 2024 on
Elsevier, Google Scholar, IEEE, and Springer databases. The search included the following
keywords: Water, Quality, Monitoring, Forecasting, Prediction, Assessment, River, Lake,
Reservoir, Watershed, Fresh water, Remote Sensing, Satellite, Landsat, Sentinel, MODIS,
Machine Learning, Support Vector Machine, Random Forest, Boosting Algorithm, and Deep
Learning. The operators “AND”, “OR”, “LIMIT-TO”, and “PUBYEAR” were used to obtain
the refined results. The search was restricted to the years 2018–2024. The query used to
search the databases is given as follows:

Water AND Quality AND (Monitoring OR Prediction OR Forecasting OR Assessment)
AND (Lake OR River OR Reservoir OR Watershed OR Fresh Water) AND (Remote
Sensing OR Landsat OR Sentinel OR MODIS) AND (Machine Learning OR Support
Vector Machine OR Random Forest OR Boosting OR Deep Learning) AND (LIMIT-TO
(PUBYEAR, 2018) OR LIMIT-TO (PUBYEAR, 2019) OR LIMIT-TO (PUBYEAR,
2020) OR LIMIT-TO (PUBYEAR, 2021) OR LIMIT-TO (PUBYEAR, 2022) OR LIMIT-
TO (PUBYEAR, 2023) OR LIMIT-TO (PUBYEAR, 2024))

The flow chart for the PRISMA-based methodology is shown in Figure 1. Initially,
a total number of 1378 documents were produced by the search query. After the preliminary
screening, 552 documents were identified as duplicate entries across different databases.
The duplicate documents were removed, and 826 documents were retained after the prelim-
inary screening. The title and abstract of each document were further screened, and only
194 documents were found qualified for retrieval. The papers on ground water, agriculture,
socioeconomic environment, climate change, unmanned aerial vehicles, and languages
other than English were excluded. Subsequently, 15 more articles were removed because
they focused more on classification than on the prediction or assessment of water quality.
Further, 7 relevant documents from other sources were added. It resulted in 186 relevant
articles by meticulously searching renowned databases for the literature review.

Figure 2 illustrates the research trend and growth of articles in the SCOPUS database
for remote sensing and machine learning-based research. The graph shows the slow growth
in the volume of articles until 2018. Therefore, the search was restricted to 2018–2024 across
all the databases. It is noted that water quality analysis frequently requires interdisciplinary
collaborations. This is illustrated by the subject area analysis shown in Figure 3. The major
contributing subject areas are Environmental Science (23.4%), Earth and Planetary Sciences
(20.8%), Computer Science (10.4%), Agriculture and Biological Sciences (10.2%), and En-
gineering (8.9%). Figure 4 shows the top 10 most productive countries on the basis of
publications pertaining to remote sensing-based water quality research using machine
learning. China is the leading country with 62 documents, followed by United States (44),
India (30), Italy (12), United Kingdom (12), Australia (8), Iran (8), South Africa (8), Canada
(6), and Germany (6). Based on the articles included in this work, the most prolific journals
are identified and listed in Table 1. The Remote Sensing journal is at rank 1 with 15 articles
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included in this work. It is published by MDPI (Basel, Switzerland), having an impact factor
of 4.2 and a cite score of 7.3, with 173,611 citations. It is followed by the Remote Sensing of
Environment journal (Elsevier, Amsterdam, The Netherlands) with 8 documents, an impact
factor of 11.2, a cite score of 17.6, and 46,552 citations. Science of The Total Environment
(Elsevier), Water (MDPI), ISPRS Journal of Photogrammetry and Remote Sensing (Elsevier),
IEEE Journal of Selected Topics in Applied Earth Observations and Remote (IEEE, Piscataway,
NJ, USA), Remote Sensing Applications: Society and Environment (Elsevier), Sensors (MDPI),
Journal of Environmental Management (Elsevier), Environmental Science and Pollution Research
(Springer, Berlin/Heidelberg, Germany) are other journals in the list. Most of these journals
have good impact factors. This review work is an attempt to investigate the following
research questions.

• How effective is the integration of machine learning and remote sensing for monitoring
water quality?

• What parameters can be estimated using remote sensing, and are these parameters
sufficient for effective water quality monitoring?

• Which remote sensing products are useful for water quality estimation?
• Which machine learning techniques are best suited for remote sensing-based water

quality monitoring?
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Figure 1. Procedure to explore literature using PRISMA methodology.
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Figure 2. Research growth and historical trend of published articles.
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Figure 3. Contribution of different study areas in water quality assessment using remote sensing and
machine learning.

 
Figure 4. Most productive countries in water quality research.



Sustainability 2025, 17, 998 6 of 41

Table 1. List of prolific research journals in water quality research.

# Journal Name Impact Factor Cite Score Citations Publisher

1 Remote Sensing 4.2 8.3 173,611 MDPI
2 Remote Sensing of Environment 11.1 25.1 46,552 Elsevier
3 Science of The Total Environment 8.2 17.6 540,202 Elsevier
4 Water 3.0 5.8 89,517 MDPI
5 ISPRS Journal of Photogrammetry and Remote Sensing 10.6 21.0 21,901 Elsevier

6 IEEE Journal of Selected Topics in Applied Earth Observations
and Remote Sensing 4.7 9.3 27,333 IEEE

7 Remote Sensing Applications: Society and Environment 3.8 8.0 6053 Elsevier
8 Sensors 3.4 7.3 256,060 MDPI
9 Journal of Environmental Management 8.0 13.7 120,010 Elsevier
10 Environmental Science and Pollution Research - 8.7 199,035 Springer

3. Remote Sensing Technologies for Water Quality Monitoring
Remote sensing has the potential to offer cost-effective solutions for monitoring wa-

ter quality. Although remote sensing does not directly assess water quality, algorithms
and mathematical models can be developed to assess water quality on remote sensing
data [20]. Remote sensing offers frequent data collection across locations and time. In addi-
tion, image archives allow the analysis of past data to map water quality. Remote sensing
systems are divided into two broad categories: active and passive. Active remote sensing
systems use their own energy and can operate during both day and night. Passive satellites
use the sun as the source of light and therefore can operate only during the day time. Satel-
lites that provide global coverage are mostly placed in near polar sun-synchronous orbits
at an altitude of 700–850 km above sea level. Various satellite missions provide high spatio-
temporal resolution imagery useful for monitoring aquatic resources [9]. Spectral bands in
different wavelength regions are useful to determine different water quality parameters.

Landsat imagery are widely used satellite data, and is freely available from the United
States (US) Geological Survey (USGS). Landsat data can be downloaded from USGS Earth
Explorer (https://earthexplorer.usgs.gov/, accessed on 28 December 2024) by entering the
name of place or coordinates. Landsat mission was launched by National Aeronautics and
Space Administration (NASA) in 1972. It was the first spaceborne digital sensor designed
and developed for terrestrial environment monitoring [21]. Eight satellites have been
successfully launched so far under the Landsat program, providing the longest digital
terrestrial records managed and archived by USGS. Landsat imagery is widely used for
water quality monitoring due to its ability to capture multiple spectral bands [22]. Landsat
5 was launched on 1 March, 1984 with a thematic mapper onboard. Landsat 5 and its
successors orbit at an altitude of 705 km and have an inclination of 98.2◦. Its temporal
resolution is 16 days. The thematic mapper mounted on Landsat 5 provides seven-band
multspectral data in the electromagnetic spectrum’s visible, near-infrared, and thermal
regions in the frequency range of 0.5–1.1 µm. The spatial resolution of bands 1–5 and 7
is 30 m. Band 6 has a spatial resolution of 120 m. Different spectral bands of Landsat 5
and band ratios can be used to assess various water quality parameters [23]. The major
parameters include turbidity, chlorophyll-a, algal bloom concentration, water temperature,
and Secchi depth. Landsat 6 was launched on 5 October 1993 but never achieved orbit.
Later, Landsat 7 was launched on 15 April 1999 with a new instrument enhanced thematic
mapper plus (ETM+) and a new panchromatic band. Landsat 7 has spectral capabilities
similar to those of Landsat 5 with enhanced radiometric and geometric characteristics. Its
ETM+ instrument has eight spectral bands [22]. Bands 1–7 have a spatial resolution of 30 m,
while the spatial resolution of band 8 is 15 m. The revisit time of Landsat 7 is 16 days.

https://earthexplorer.usgs.gov/
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Landsat 8 was launched in 2013 carries an Operational Land Imager (OLI) and Ther-
mal Infrared Sensor (TIRS). It provides eleven-band imagery with better radiometric,
spatial, and temporal resolution [24]. The spectral bands 1–7 and 9 have a 30 m resolution.
The spatial resolution of band 8 is 15 m, while bands 10 and 11 have a resolution of 100 m.
Landsat 8 has a temporal resolution of 8 days. Landsat 9 is the latest satellite in the series,
with improved versions of OLI and TIRS onboard, known as OLI-2 and TIRS-2, respectively.
The radiometric resolution has been improved to 14-bit from 12-bit for Landsat 8 [25].
The number of bands in Landsat 9 imagery and their resolution is the same as that in
Landsat 8. Both Landsat 8 and Landsat 9 data are used for water quality assessment due
to their technical superiority. However, Landsat sensors cannot penetrate through clouds,
limiting their effectiveness during monsoon season.

González-Márquez et al. [24] evaluated the viability of Landsat 8 to estimate water
quality in the EI Guajaro Reservoir. They considered turbidity, Ph, dissolved oxygen,
and electrical conductivity of the water to evaluate. The author found that reliable models
can be developed using regression techniques to estimate water quality parameters using
Landsat 8 data. Vakili and Amanollahi [26] determined optically inactive components
including total nitrogen and total phosphorous and other parameters Chl-a, Secchi depth,
and total suspended solids in Geshlagh Reservoir using Landsat 8 OLI data.They applied
linear regression and artificial neural network (ANN) models to determine the parame-
ters. ANN performed better than linear regression in estimating total phosphorous and
total nitrogen with R = 0.81 and R = 0.93, respectively. Band ratio (band 3/band 2) and
individual bands (3 and 4) were found to be the most suitable spectral data to estimate
Chl-a. Chen et al. [27] investigated the color of water bodies in China using Landsat 8
imagery as color is an important indicator of water quality. A water color product Forel-
Ule index was produced using the best available pixel composite algorithm and Google
Earth Engine platform. The product obtained had shown high consistency (R2 = 0.90) for
surface reflectance and Secchi datasets. Guo et al. [28] used Landsat 8 imagery to monitor
the water quality of Lake Simcoe by estimating Chl-a, total phosphorous (TP), and total
nitrogen (TN). The authors adequately estimated the parameters with a mean absolute
error of 32.57–42.58%. Markogianni et al. [29] investigated the potential of Landsat 8 OLI
images to monitor the water quality of Trichonis Lake. They determined several parameters
with an R value up to 0.7 and found Landsat 8 promising but challenging for monitoring
fresh water quality. Al-Shaibah et al. [30] correlated Landsat 8 estimated and measured
water quality parameters for Erlang Lake using regression techniques and obtained R2

up to 0.95. Yang et al. [31] used Landsat 8 imagery to monitor the water quality of the
Yangtze River in terms of Chl-a, TN, and TP. The regression-based experiments showed
that Chl-a, TN, and TP were estimated with a mean absolute percentage error (MAPE) of
25.88%, 4.30%, and 8.37%, respectively. Zhang et al. [32] assessed several water quality
parameters including biological oxygen demand (BOD), chemical oxygen demand (COD),
permanganate of chemical oxygen demand (CODMn), and ammonia (NH3-N) in addition
to Chl-a, TN, and TP by incorporating Landsat 8 images and deep learning techniques.
The authors analyzed changes in water quality over six years in the Yellow River. They
obtained R2 up to 0.92 between in situ and derived parameters suggesting good perfor-
mance. Liao et al. [33] derived surface reflectance from Landsat imagery from different
satellite missions to investigate sand mining activities in Poyang Lake from 1989 to 2021
by assessing suspended sediment levels using various regression techniques. They found
that sand mining activities in Poyang Lake began after 2000 and were at their peak in
2016. Shamloo and Sima [34] demonstrated the potential of Landsat-8 imagery to monitor
water quality using machine learning models in Lake Urmia. The results indicated that
atmospheric corrections can improve the performance of the machine learning models.
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Rajaveni et al. [35] demonstrated a strong correlation between Landsat-9 OLI reflectance
and several water quality parameters. Regression analysis was used to assess the water
quality of Vaigai River using Landsar-9. Band 1, Band 3, and Band 4 of OLI were found
suitable for estimating different parameters.

The Sentinel program of the European Space Agency aims at different aspects of Earth
observation including land, atmospheric, and oceanic monitoring. Sentinel-2 mission is
primarily used for land monitoring and provides wide-swath high-resolution multispectral
imagery to monitor soil, vegetation, and coastal regions. It is a bi-satellite system encom-
passing two satellites, Sentinel-2A and Sentinel-2B, which were launched in 2015 and 2017.
Both satellites complement each other for a short revisiting period of 5 days [36]. The swath
width of the system is 290 km. Sentinel-2 provides a notable advantage over some of its
counterparts by offering relatively high spatial resolutions of 10, 20 and 60 m [37]. Thirteen
spectral bands in multispectral imagery range from visible to short-wave infrared (443
to 2190 nm) in the wavelength region. The spatial resolution of its blue (bands 2), green
(band 3), red (band 4), and near-infrared (band 8) spectral channels is 10 m [38]. Red-edge
(band 5), other near-infrared (bands 6, 7, 8A), and short-wave infrared (bands 11 and
12) have a pixel size of 20 m. The ground sampling distance of coastal aerosol (band 1)
and cirrus (band 10) channels is 60 m. The Sentinel-2 data are used in various applica-
tions including water quality monitoring. Sentinel data are freely available at Copernicus
Data Space Ecosystem (https://dataspace.copernicus.eu/, accessed on 28 December 2024).
The data can be obtained for a specific place by providing the location and date.

The Sentinel is one of the most widely used remote sensing products for water quality
assessment. Meng et al. [37] used Sentinel-2 data to assess the water quality levels of
Lake Dianchi from November 2022 to April 2023. They developed algorithms to study
the relationship between water quality, area of algal bloom, and meterological factors.
They found TP to be the primary factor for algal bloom formation. Meterological factors
also have significant impact on the area of algal blooms. Zhang et al. [39] monitored the
water quality in Lake Chl-a with the help of Sentinel-2 images. They retrieved Chl-a in
3067 global lakes from 2019 to 2021 with R2 = 0.74. The authors also established a positive
correlation between surface temperature and Chl-a. Ndou [40] investigated the water
quality indicators including EC, TDS, pH, and turbidity of reservoirs in South Africa using
Sentinel-2 imagery. The authors recommended red, green, shortwave infrared, and near-
infrared spectral bands of Sentinel-2 to investigate EC, turbidity, TDS, and pH respectively.
Zhang et al. [36] monitored and traced the water quality of seven major rivers in China in
terms of permanganate index, TN, and TP using Sentinel-2 satellite images from 2016 to
2021. They obtained correlation coefficients of 0.68, 0.82, and 0.7 for permanganate index,
TN, and TP, respectively. In addition, the results demonstrated that these parameters were
high downstream and low upstream. Caballero and Navarro [41] evaluated the suitability
of Sentinel-2 imagery for Lake Laguna water quality prediction during the Pacific typhoon
season in 2020. The parameters Chl-a and total suspended matter (TSM) were estimated
and compared with the pre-typhoon situation. The authors reported that the typhoon
delivered a high sediment load to the lake as observed in the results. Virdis et al. [42]
used 65 Sentinel-2 images to estimate the water quality parameters of tropical riverines in
South East Asia from 2018 to 2021. Six parameters Chl-a, colored dissolved organic matter
(CDOM), turbidity, transparency, and in situ reflectance spectra were determined and
validated against observations collected at monitoring stations. The results demonstrated
that remote sensing worked well for tested parameters except CDOM. It was concluded
that determining CDOM in riverine tropical waters is challenging, and frequent spatial and
temporal sampling is needed. Chu and He [43] retrieved Chl-a from Sentinel-2 images to
assess the spatial distribution of water quality in Lake Kasumigaura. The blue–green ratio

https://dataspace.copernicus.eu/
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was reported to be important for retrieving Chl-a in low concentrations, while NIR-red is
suitable for high concentrations. German et al. [44] characterized the spatial and temporal
distributions of Chl-a in the San Roque Reservoir in Argentina using a temporal series of
Sentinel-2 from 2016 to 2019. The study found a significant fit between the measured and
NIR-red bands ratio of Sentinel-2 with R = 0.77. A correlation between algal blooms and
Chl-a level was also investigated by remote sensing data. Maimouni et al. [45] monitored
low water turbidity variations in Sidi Moussa coastal lagoon Morocco using one-year
multitemporal Sentinel-2 imagery. A correlation was established between the turbidity and
red band information with an accuracy of R2 = 0.87. The analysis showed that turbidity
varies differently upstream and downstream. The turbidity map showed that turbidity
is higher in the rainy season. Xie et al. [46] investigated the seasonal variation in TSM in
Nanyi Lake from 2018 to 2022 using Sentinel-3 OLCI imagery. Significant regularity was
observed with the spatial and temporal changes in TSM. The seasonal variations were
observed owing to anthropogenic activities. Khan et al. [47] estimated the Secchi depth in
the Finger Lakes using Sentinel-2 data. They trained and validated the model with separate
datasets and observed R2 up to 0.84.

The Moderate Resolution Imaging Spectroradiometer (MODIS) is an important sensor
mounted on two satellites namely Terra and Aqua, which was launched by NASA [48].
Terra is timed so that it orbits the Earth north to south and passes over the equator in the
morning. At the same time, Aqua orbits south to north across the equator in the afternoon.
Terra-MODIS and Aqua-MODIS observe the entire Earth’s surface every 1–2 days and de-
liver data with a swath of 2330 km. Both satellites reduce the revisit time to 0.5–1 day [49].
The MODIS instrument collects 36-band data spanning 412–14,200 nm wavelength re-
gion [50]. MODIS performs post-processing level 2 by making atmospheric corrections
to the data. They are comparatively coarser data at various spatial resolutions including
bands 1–2 at 250 m, bands 3–7 at 500 m, and bands 8–36 at 1000 m. Despite the coarser
resolution, MODIS offers several advantages, as it visits a location twice a day, and there is
no need for atmospheric corrections and mosaicing. MODIS data are made available freely
by NASA through its Earth Science Data and Information System (ESDIS) project, which
can be accessed at https://www.earthdata.nasa.gov/data/instruments/modis, (accessed
on 28 December 2024).

Singh et al. [51] evaluated the potential of MODIS imagery to assess the water quality
by measuring the nitrate concentration and dissolved phosphorous. The authors assessed
the nitrate concentration with an accuracy of 80%. However, the MODIS-based prediction
model achieved limited success with 51% accuracy in assessing the dissolved phospho-
rous. The results established that MODIS data can potentially be used for water quality
monitoring. Xia et al. [52] developed a Forel Ule water color index (FUI)-based model for
monitoring the water quality of inland lakes from 2000 to 2022. Although, MODIS provides
rich data support to determine FUI, it only has three bands in the visible region. Therefore,
they proposed a modified version of FUI by integrating the RGB and interpolation methods.
The predictions were validated with on-site measurements, and excellent results were
reported with MRE of 1.71% and root mean square error (RMSE) of 3.63o. Ariman [48] used
the MODIS data to determine TN and TP for monitoring water quality in Balik Lake during
2017–2019. TP was determined more accurately than TN with R = 0.59. Ayana et al. [53]
generated a 10-year time series data from 2000 to 2009 for total suspended solids (TSS)
emissions by the inflowing rivers to Lake Tana using MODIS data. The empirical rela-
tionship was applied to validate a SWAT hydrological model. A Nash–Sutcliffe efficiency
of 0.80 was observed during the validation period. Katlane et al. [54] observed the sea
surface using the MODIS aqua data from 2005 to 2020 obtained via the Google Earth Engine
platform. The recorded trends were validated by the measured data for the Gulf of Gabes

https://www.earthdata.nasa.gov/data/instruments/modis
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to analyze temperature, turbidity, and Chl-a. It was found that MODIS observations are
effective in monitoring the water quality parameters. Kim et al. [55] investigated the water
quality indicators including Chl-a and suspended solids on the western coast of the Korean
Peninsula using the MODIS aqua data. The authors observed strong seasonal trends due to
different dynamics and environmental settings. It was reported that the temperature highly
influences Chl-a, while suspended solids are influenced by local tidal forcing and bottom
topography. Rahat et al. [56] used MODIS data to evaluate the effect of climate change on
the Ohio River water quality. The authors accurately determined TSS measurements over a
large region and that remote sensing-based machine learning models can be used to study
water quality with confidence. Kim et al. [57] estimated DO using MODIS data in coastal
regions of Yellow Sea. They demonstrated that MODIS imagery can be used to effectively
monitor DO levels in coastal environments.

4. Comprehensive Overview of Water Quality Parameters
Water quality can be determined by analyzing the physical, chemical, and biological

properties of the water. Remote sensing-based methods mostly target OACs for water
quality monitoring [58]. OACs can absorb and scatter the light significantly influencing the
spectra recorded by the sensors in the optical region. Recently, people have also started
exploring other spectrum band multispectral and hyperspectral imagery for this purpose.
Some important physicochemical water quality parameters can be determined using the
spectral information provided by the sensors.

4.1. Chlorophyll-a

Chlorophyll-a (Chl-a) [59] is a photosynthesis pigment responsible for green color
in plants, algae, and cyanobacteria. It is one of the most widely evaluated parameters
in remote sensing-based methods. Burning fossil fuels and fertilizer runoff are sources
of nitrogen and phosphorous providing an impetus to algae growth in water bodies.
Although not all algal blooms are harmful, blooms may contain some harmful species
including cyanobacteria that are toxic to humans and animals [60]. Algae growth causes
the eutrophication and degradation of water bodies. The presence of Chl-a in water bodies
indicates eutrophication. The Chl-a concentration reflects light in the green (0.5 µm) and
near-infrared (0.8 µm) spectral bands, which is a useful property for sensors to detect the
presence of Chl-a in water. Cao et al. [61] developed a deep learning model to predict
Chl-a in turbid lakes in Eastern China. The model produced satisfactory results with mean
uncertainties of 28%. Khan et al. [62] developed an ensemble of adaptive boosting, random
forest, and SVM to estimate Chl-a in the Finger Lakes using Sentinel data. The ensemble
model observed R2 of 0.76. Li et al. [63] integrated spectral and temporal information to
retrieve Chl-a in Lake Balaton using Landsat data with RMSE 6.41 mg/m3. Karimi et al. [64]
used semi-empirical methods to assess Chl-a concentration in Chitgar Lake using Landsat-8
and Sentinel-2 reflectance data. They developed a two-band algorithm that uses a ratio
of two spectral bands to estimate Chl-a. The green and red bands ratio provided the
best results for Landsat-8 imagery with R2 = 0.82. Meanwhile, the red to red-edge ratio
yielded the best results for Sentinel-2 data with R2 = 0.81. Zhang et al. [32] applied deep
learning techniques to estimate Chl-a concentration in Dongping Lake using Landsat-8
data. Markogianni et al. [29] assessed the potential of Landsat-8 products to remotely
determine the Chl-a concentration and found Landsat-8 to be a promising technology for
water quality assessment. Mansaray et al. [65] compared the capabilities of Landsat-8, Plan-
etScopre, and Sentinel-2 satellites for assessing water quality parameters, including Chl-a.
The authors found that Landsat-8 and Sentinel-2 better estimate the Chl-a concentration.
He et al. [31] studied the Chl-a variation in Yangtze River from 2014 to 2020 with the help
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of Landsat-8 images. Niroumand-Jadidi et al. [66] compared the performance of Landsat-9
and Sentinel-2 for water quality parameter estimation including Chl-a and found that
Landsat-9 had higher accuracy (R2 = 0.89) than Sentinel-2 (R2 = 0.71). Yao et al. [67] used
Chl-a as a quality indicator to analyze changes in water quality for the Miyun Reservoir
from 2013 to 2022. They used optical images from multiple satellite missions and correlated
the Chl-a concentration with water body erosion. A water quality contrast factor was de-
fined to analyze water quality using a degree of erosion. Ahmed et al. [17] included Chl-a
among 12 parameters to monitor the water quality of the Tigris River using multispectral
satellite imagery. The authors used correlation analysis to establish a relation between
Chl-a concentration and Landsat-8 spectral bands. Leggesse et al. [68] predicted Chl-a and
other optically active parameters in tropical highlands of Ethiopia with the help of machine
learning methods using Landsat-8 images. Guo et al. [28] included Chl-a in their study
of water quality in Lake Simcoe using Landsat-8 images. Katlane et al. [54] used MODIS
data to monitor Chl-a and other water quality parameters in sea surface water in Tunisian
from 2005 to 2020. Kim et al. [55] studied the seasonal trends of the Chl-a concentration in
the Yellow Sea using MODIS data and found the Chl-a concentration to be closely related
to temperature.

4.2. Turbidity

Turbidity refers to the cloudiness or haziness of water caused by suspended particles,
which can affect both living organisms and non-living components of aquatic ecosys-
tems [69]. While not directly harmful to human health, high turbidity levels often indicate
poor water quality and can conceal pathogens such as Cryptosporidium. To ensure water
safety and effective disinfection, the World Health Organization (WHO) advises that tur-
bidity levels remain below 1 Nephelometric Turbidity Unit (NTU) before the chlorination
process [70]. Turbidity can be determined using remote sending by utilizing light spectra
such as green and red bands to form a connection between turbidity and reflectance value,
enabling accurate turbidity retrieval [71]. Lioumbas et al. [72] used turbidity to monitor the
water quality in the Polyphytos Reservoir. The authors measured turbidity using Sentinel
data with the help of an algorithm recommended by Potes et al. [73]. Gu et al. [74] proposed
a random forest ensemble model to measure river turbidity. They introduced an error-
minimization-based pruning algorithm to tune the random forest to obtain higher accuracy.
Devi and Mamatha [75] predicted water turbidity levels in Saki Lake from 2014 to 2017
using Landsat-8 data and regression algorithms. The decision tree-based regression model
predicted water turbidity with good accuracy and obtained R2 = 0.776. Zhang et al. [76]
fused eight different algorithms to develop a robust model to determine Chl-a concentra-
tion and turbidity in Nansi Lake from 2016 to 2022. They used the normalized difference
turbidity index (NDTI) and four other combinations of spectral bands from Sentinel data to
predict turbidity. The results demonstrated that stacking model and Sentinel-2 data can
reliably predict the water turbidity and Chl-a. Singh et al. [77] monitored water turbidity
in the Bisalpur wetland using Landsat-8 and Landsat-9 data both in pre-monsoon and
post-monsoon seasons from 2013 to 2022. They investigated the relationship of turbidity
with surface temperature and Chl-a concentration. NDTI, normalized difference (NDCI),
and NIR bands were applied to perform the analysis. It was found that water turbidity has
a strong correlation with the surface temperature and Chl-a concentration. Ma et al. [78]
investigated several regression methods to accurately predict turbidity in inland lakes.
They found that gradient boosting and RF methods were effective in estimating turbidity.
Maimouni et al. [45] developed a model for spatio-temporal turbidity monitoring in Sidi
Moussa lagoon using Sentinel-2 data. Good accuracy was obtained for turbidity estimation
with R2 = 0.87 using the red band. It was observed that turbidity was lower in the dry



Sustainability 2025, 17, 998 12 of 41

season as compared to the rainy season. Clermont et al. [79] assessed impact of land use,
especially agricultural activities, on turbidity in lake St-Pierre. The authors developed a
turbidity retrieval model-based NIR and red bands in Sentinel-2 data. The results showed
that turbidity increases with agriculture perturbations. Ramesh et al. [80] predicted tur-
bidity levels in Dooskal Lake using an ensemble deep learning model and satellite data
with 92.7% accuracy. By achieving low prediction errors, they demonstrated that potential
of remote sensing and machine learning to effectively monitor turbidity levels in urban
areas. with 97.2% accuracy. Li et al. [81] developed several algorithms to monitor the
dynamics of water turbidity across 73 lakes in China using Sentinel-2 data. Among the
different algorithms, an RF-based algorithm obtained the highest accuracy at R2 = 0.92.
Mansaray et al. [65] investigated the utility of PlanetScope satellite data compared with
Landsat-8 and Sentinel-2 data to analyze the impact of agriculture runoff on water quality
by detecting turbidity along with Chl-a and Secchi depth. The investigation was carried
out for 13 reservoirs in Oklahoma over three years from 2017 to 2020. The results exhibited
that PlanetScope data are more suitable for water quality monitoring in small ponds and
reservoirs due to better spatial resolution.

4.3. Temperature

Surface water temperature is an important parameter affecting water’s biological pro-
cesses and chemistry [82]. Temperature plays a crucial role in water quality by influencing
various physico-chemical and microbial aspects. Studies have shown that temperature
variations can impact water quality parameters such as total nitrogen, total phosphorus, dis-
solved oxygen, and microbial communities in water bodies and distribution systems [83–85].
Higher temperatures can lead to decreased dissolved oxygen levels, increased nutrient
concentrations, changes in microbial community structures, and the potential release of
pathogens into drinking water [86]. The conventional methods to study water temperature
are expensive, time consuming, and unsuitable for spatially large water bodies. However,
thermal infrared remote sensing can effectively estimate the water surface temperature.

Zhu et al. [87] established a correlation between temperature and other water quality
parameters with the help of an ensemble model. It was demonstrated that Chl-a is sensitive
to temperature, while dissolved oxygen is negatively correlated to temperature. However,
turbidity was found to be insensitive to temperature. Vanhellemont [88] used various
methods to estimate water surface temperature using Landsat-8 data. An open source
model libRadtran was used for atmospheric correction. The results demonstrated that a
single-band method is suitable for temperature retrieval. Katlane et al. [54] developed a
workflow for monitoring water quality parameters including the temperature of Tunisian
coastal waters using MODIS data. It was demonstrated that the proposed approach is
effective for qualitative and quantitative validation. Krishnaraj and Honnasiddaih [89]
developed a machine learning model for predicting temperature and several other water
quality parameters in Ganga River Basin using Landast-8 images. At different locations in
the Basin, the temperature was accurately estimated with R2 of 0.82–0.95.

4.4. Total Nitrogen and Total Phosphorous

The total nitrogen (TN) in water quality refers to the sum of all nitrogen forms present,
including organic, inorganic, and ammonia nitrogen. TN is an optically inactive parameter,
closely related to land use and population density [36]. Monitoring TN is crucial for
assessing water quality and potential environmental impacts [90]. Total phosphorus (TP)
is another optically inactive parameter, which is a crucial indicator of water quality that
can significantly impact the overall health of aquatic ecosystems. The major sources of TP
are largely anthropogenic including agriculture, domestic, and industrial waste waters.
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TP monitoring plays a vital role in predicting water quality changes [91]. Meng et al. [37]
designed a model based on AlexNet to classify water quality by analyzing the area of
algal bloom in Lake Dianchi. The algal bloom extraction algorithm, correlation analysis,
redundancy analysis, and random forest were also incorporated into the developed method
to correlate water quality to the algal bloom area. The analytical results have established
that TP is the dominant factor influencing the algal bloom area. Markogianni [29] developed
an EPA classification system to determine the TP concentration in Trichonis Lake in terms
of the Tropic State Index.

In most existing studies, TN and TP parameters have been estimated to predict or
assess water quality. He et al. [31] used the empirical method to calculate TN and TP
concentrations in the Yangtze River, using the Landsat-8 images from 2014 to 2020. As per
the results, TN and TP were measured with mean absolute errors 4.3% and 8.3%, respec-
tively, whereas, the RMSE was 0.110 mg/L and 0.01 mg/L for TN and TP, respectively.
Singh et al. [51] developed methods to predict dissolved nitrogen and phosphorous in water
streams using MODIS images throughout Wisconsin from 2001 to 2004. Some indices includ-
ing NDVI, enhanced vegetation index (EVI), mean soil fraction (SOI), MODIS disturbance
index (MDI), tasseled-cap brightness (TBI), tasseled-cap wetness index, and phenologic
rate of growth (PRG), etc., were used as input variables. The parameters SOI, MDI, and TBI
correlate positively with nitrogen concentration; NDVI and PRG are the most important pa-
rameters for predicting dissolved phosphorous. The method was able to predict dissolved
nitrogen with good accuracy, but it is not effective for dissolved phosphorous. Ariman [48]
developed two ANN-based models for estimating the TN and TP concentrations in Balik
Lake using MODIS data. The dataset consists of MODIS Aqua bands from 1 to 7 and
ground truth observations from 2017 to 2019. The accuracy of the model for TP prediction
was better with R = 0.56. The authors found that MODIS is only moderately suitable for
monitoring TN and TP in water. Zhang et al. [36] considered seven major rivers of Zhejiang
Province in China to analyze the presence of TN with the help of Sentinel-2 images taken
from 2016 to 2021. The correlation coefficient of estimation results was reported as 0.70.
Vakili et al. [26] applied ANN and linear regression for TN and TP estimation in Geshlagh
Reservoir using Landsat-8 OLI data. The accuracy of the ANN model was better than that
of linear regression with R = 0.93 and 0.81 for TN and TP, respectively. Guo et al. [28] im-
plemented multimodal deep learning models for estimating TN and TP among other water
quality parameters in Lake Simcoe using Landsat-8 images. The models were trained with
70 percent LSLMP data for TN and validated with the remaining 30 percent. The results
demonstrated that the implemented deep learning models were able to estimate TN and
TP parameters adequately.

Zhang et al. [32] made use of the spectral properties of Landsat-8 OLI and deep
learning techniques to observe water quality by measuring TN and TP along with other
parameters in Dongping Lake. The method’s performance was found to be good, with R2

of 0.92 and 0.83 for TN and TP, respectively. Song et al. [92] employed random forest
to measure six water quality parameters including TN and TP, in Lake Hulun using
Landsat OLI images during a non-freezing period from 2016 to 2021. The model achieved
high accuracy with R2 > 0.7. The results demonstrated that pollution in Hulun Lake was
severe during the studied period. Guo et al. [93] compared some machine learning-based
regression methods for estimating TN and TP using Sentinel-2 data. The authors applied
band selection techniques to identify the most appropriate spectral bands and obtained
good accuracy both for TN and TP with R2 of 0.94 and 0.88, respectively. Li et al. [94]
analyzed the variations of TN and TP in Chaohu Lake using Sentinel-2 data at a large
scale. They observed that TN and TP concentrations are higher in urban regions than
rural regions.
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4.5. Colored Dissolved Organic Matter

Colored dissolved organic matter (CDOM) is an indicator of dissolved organic carbons
that assesses the carbon budget in aquatic ecosystems. As the primary sunlight absorber in
surface waters and a significant photosensitizer for generating photochemically produced
reactive intermediates, it aids in pollutant degradation [95]. THe CDOM composition
varies in different water bodies, with agricultural effluents showing a higher humification
index (HIX) compared to livestock effluents (LEs), indicating differences in the biological
activity and sources of CDOM [96]. Virdis et al. [42] adapted and validated C2RCC
atmospheric processor for predicting water quality parameters including CDOM in riverine
waters in South East Asia, using Sentinel-2 images from 2018 to 2021. However, relatively
inferior performance was recorded for predicting CDOM absorption with the approach
used. Li et al. [97] applied a three-dimensional fluorescence parallel factor (PARAFAC)
method to detect different components of CDOM, such as human-induced and protine-
like components in the Yellow River. A total of six CDOM components were found.
Four human-induced components, which account for more than 80%, were derived from
nonpoint erosion, whereas the protein-like components were derived from point source
discharges. The result suggests that the single-parameter model is unsuitable for evaluating
the trophic state in sediment-laden rivers such as the Yellow River. Madonia et al. [98]
used the Northern Tyrrhenian Sea as the area of study. The PARAFAC was applied
for the excitation–emission matrices (EEMs) of CDOM, distinguished into three main
components: C1(λEx /λEm = 342 nm/435 nm), C2(λEx /λEm = 281–373 nm/460 nm) and
C3(λEx /λEm = 286 nm/360 nm). It was found that C1 and C2 correspond to humic acid
of a terrestrial origin, while C3 corresponds to tryptophan, whose fluorescence peak was
detected close to sewage sites, and is strongly related to active E. coli cells. Qiang et al. [99]
used Sentinel-3 datasets from 2016 to 2020 and developed empirical algorithms to analyze
CDOM in Lake Khanka. The performance of the empirical algorithms was found to be
reasonably good, with R2 = 0.69.

4.6. Total Suspended Solids

Total suspended solids (TSSs) are suspended particles that do not dissolve in water un-
der normal conditions. TSSs are also referred to as total suspended matter (TSM). Chemical,
biological, or heavy metal pollutants could highly correlate to TSS or TSM. TSS is a crucial
optically active water quality parameter that impacts light transmission, planktonic algae,
and overall ecological health [100]. The TSS concentration can be estimated using remote
sensing images, and significant correlations have been found between TSS and hydrological
changes [101]. Rahat et al. [56] developed a Long Short-Term Memory model (LSTM) to
analyze the spatial variability of TSS in the Ohio River using MODIS data. The performance
of the model was good for most of the stations. However, the model could not perform well
for specific locations due to hydrological conditions. Wang et al. [102] developed a weighted
random forest-based regression model to estimate the TSM in different estuaries in China
using Landsat-8 images. The experiments showed that red band and and red-based band
ratios and indices are sensitive to low TSM concentrations. Meanwhile, NIR and NIR-based
band ratios and indices are sensitive to high TSM concentrations. The random forest-based
regression model reasonably predicted TSM with R2 of 0.90 and RMSE of 0.56 mg/L.
Pahlevan et al. [103] extended the mixture density networks model to assess the consis-
tency of water quality prediction, including TSS for multi-mission products consisting of
Landsat-8, Sentinel-2, and Sentinel-3 missions. The estimation of TSS from three missions
was consistent with model’s uncertainty. Kupssinskü et al. [104] used machine learning
techniques to estimate the TSS in Broa Reservoir in Sao Leopoldo City using Sentinel-2
images. The developed model achieved R2 values over 0.8. Zhao et al. [105] developed a
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Markov model-based method to predict water quality in terms of the TSS in Hedi Reservoir
using Landsat-8 OLI data. The authors used a three-band model of TSS for regression
analysis using field spectral and remote sensing data. The model achieved an acceptable
accuracy of R2 = 0.81. The results showed that the TSS concentration was 2.5 times higher
upstream than the downstream TSS concentration. It was also observed that different
seasons and rainfall also affect the TSS concentration upstream. The TSS concentration is
higher in the rainy season than in the dry season. However, the TSS is negatively correlated
to rainfall due to human activities. Aljoborey and Abdulhay [106] estimated TSS concentra-
tion in Mosul Dam Lake from July 2018 to September 2019 using Landsat-8 imagery. They
analyzed the correlation of TSS with different spectral bands of the Landsat-8 product. It
was found that the TSS is highly correlated to band 1 in the summer, band 5 has a strong
correlation with the TSS in the spring, and band 6 is significantly correlated to the TSS in
autumn. Al-Fahdawi et al. [107] also performed a similar study on the Al-Habbaniyah
Lake using Landsat-8 imagery, but they found band 2 to be significantly correlated with
TSS during the Autumn season. Jiang et al. [108] developed a semi-analytical model to
estimate the TSS in clear to extremely turbid waters using satellite data over Lake Suwa and
Lake Kasumigaura from 2003 to 2020. The experimental results exhibited good agreement
between the estimated and in situ TSS values. Seleem et al. [109] monitored the TSM along
with Chl-a in Timsah Lake using Landsat-8 and Sentinel-2 data during 2014–2020. It was
observed that the TSM was higher in August 2015. Wang et al. [110] retrieved the TSS
concentration from Landsat-8 images of the Pearl River Estuary in the low-flow season to
the high-flow season during 1987–2015. The authors showed that remote sensing effec-
tively analyzes the TSS concentration in estuaries and coasts under different conditions.
Niroumand-Jadidi et al. [66] derived TSM using Landsat-9 and Sentinel-2 imagery for
four Italian leaks encompassing oligo to eutrophic conditions. The TSM retrievals were
validated with in situ matchups. The results indicated relatively high consistency among
the water quality products derived from Landsat-9 and Sentinel-2 with R2 of 0.89 and 0.71,
respectively. Niroumand-Jadidi et al. [111] proposed the neural network and standard
band ratio-based models for retrieving TSM using Sentinel-2 images in San Francisco Bay.
The models were trained using in situ data. The results indicate that the model can retrieve
TSM with R2 = 0.75.

4.7. Dissolved Oxygen

Dissolved oxygen (DO) is the amount of oxygen present in the water. The solubility of
oxygen in water is not considered good and depends on pressure and temperature [112].
Oxygen is introduced in surface water by aerating actions and aquatic plant photosynthesis.
DO is crucial for the survival of aquatic living organisms and plants. DO is a crucial water
quality parameter in various environmental settings, including aquaculture and sewage
treatment. Zhu et al. [87] estimated the DO in Shenzhen Bay with the help of an ensemble
machine learning model using Sentinel-2 images. The model exhibited good accuracy in
estimating DO with an error of 0.02%. The Band 7 showed the highest positive correlation
with DO. Tian et al. [113] tested multiple machine learning algorithms to estimate DO
using Sentinel-2 images. All algorithms performed well for estimating DO with the highest
R2 of 0.90 for the XGBoost algorithm. Krishnaraj and Honnasiddaih [89] used machine
learning-based regression models for predicting DO and other water quality parameters in
the Ganga Basin using Landsat-8 images at different locations. The model demonstrated
good accuracy with R2 up to 0.98. The DO values were observed between 4.3 and 9.2 mg/L.
González-Márquez et al. [24] analyzed the utility of Landsat-8 images for the assessment of
DO in the El Guájaro Reservoir using different regression techniques. DO was assessed
with R2 of 0.93, and it was observed that bands 1, 3–4, and 7 are correlated with DO.
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Al-Shaibah et al. [30] applied a regression method to assess the DO in Erlang Lake using
Landsat-8 imagery. It was observed that DO is high in shallow water and low in deep
waters. Kim et al. [57] studied DO variabilities in Saemangeum offshore in the Yellow Sea
using MODIS data from 2003 to 2012 with multiple regression models. It was found that
long-term changes in DO can be detected with satellite data.

4.8. Hydrogen Power

Hydrogen power (pH) is an important measure of water quality, which measures
the acidic or basic nature of water. pH also determines the solubility and availability of
nutrients and metals. Research highlights its significance in taste and odor control [114].
It serves as a fundamental indicator of water quality, influencing various chemical, bi-
ological, and physical characteristics essential for sustaining life and ecosystems [115].
Huang et al. [116] investigated the correlation of pH with other water quality parameters
and showed that pH strongly correlates with DO, temperature, and salinity. Xin and
Mou investigated several parameters for water quality prediction using machine learning
methods and found that pH is one of the most influencing parameter in assessing water
quality. González-Márquez et al. [24] performed regression analysis to determine water
quality using Landsat-8 imagery and found that pH values can be reliably generated with
the help of regression model and remote sensing images. Abdelmalik [117] predicted pH
in Qaroun Lake with regression models using ASTER data. The authors found a high
correlation between observed and predicted values with R2 > 0.95. Pereira et al. [118]
used genetic programming-based regression models to predict pH values in the Brazilian
Pantanal wetland area using Landsat-8 data. The pH values were predicted to be in the
range of 4.69–11.64 with a R2 of 0.81.

Different remote sensing products and water quality parameters assessed using these
datasets are summarized in Table 2. It can be observed from the table that Landsat and
Sentinel are the most widely used remote sensing products in water quality assessment.
The current research scenario in remote sensing-based water quality parameter assessment
is shown in Figure 5. Chl-a, TN and TP, turbidity, and TSS are the parameters studied
the most.

 

Chl-a
18%

Turbidity
17%

TSS
15%

TN
16%

Temp
11%

DO
9%

PH
7%

CDOM
7%

Figure 5. Current scenario of research towards water quality parameters.
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Table 2. Remote sensing datasets and water quality parameters.

Satellite Water Quality Parameter References

Landsat Chlorophyll-a [17,26,28,29,31,32,34,61,63–68,72,77,103,109]
Turbidity [17,24,65,75,77,107]
Temperature [17,77,88,89,107]
Total Nitrogen and Total Phosphorous [26,28,29,31,32,34,92]
Colored Dissolved Organic Matter [32,92]
Total Suspended Solids [66,102,103,105–107,109,110]
Dissolved Oxygen [17,24,30,89,92]
Hydrogen Power (pH) [17,24,89,107,118]

Sentinel Chlorophyll-a [39,41–44,62,64–66,72,76,87,87,103,104,109,113]
Turbidity [42,45,65,72,74,76,78,79,81,87]
Temperature [87,113]
Total Nitrogen and Total Phosphorous [36,37,93,94]
Colored Dissolved Organic Matter [36,42,93,99]
Total Suspended Solids [41,66,103,104,109,111]
Dissolved Oxygen [87]
Hydrogen Power (pH) [104]

MODIS Chlorophyll-a [54,55]
Turbidity [54]
Temperature [54]
Total Nitrogen and Total Phosphorous [48,51]
Total Suspended Solids [55,56]
Dissolved Oxygen [57]

5. Advanced Machine Learning Approaches in Water Quality Assessment
In recent years, machine learning and deep learning have been at the forefront of

classification and prediction-based tasks in various domains of applications due to their
remarkable performance [119]. Specifically for water quality assessment using remotely
sensed data, machine learning models are highly effective for modeling complex and
non-linear relationships between water quality indicators and wavelength reflectance in
multiple dimensions [16]. Due to several computing layers, deep learning has strong gen-
eralization abilities and superior learning capabilities [119]. However, machine and deep
learning models are often considered black box models due to the lack of proper explana-
tion in decision-making [120]. Despite the lack of transparency, these models are widely
used due to their adaptability and predictive analytical abilities. Remote sensing-based
water quality monitoring relies highly on machine learning and deep learning models.
The learning methods can be broadly divided into two categories: supervised and unsuper-
vised. The supervised learning methods require a set of samples with known labels called
the training set to tune their parameters and weights for making predictions on unknown
data later. The training set should contain adequate, diverse, qualified, and consistent data
to produce accurate results. On the other hand, unsupervised methods do not require prior
information for learning. Instead, they rely on the inherent characteristics of data to learn
patterns and insights without external guidance.

5.1. Support Vector Machine

Support vector machine [121], popularly known as SVM, is a well-established and
highly successful supervised machine learning method extensively used in various applica-
tions for prediction and decision-making. It can be used to perform classification as well as
regression. SVM uses a kernel function to transform the input data to a higher-dimensional
space. In high-dimensional space, hyperplanes are used to divide data points belonging
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to different classes. For a given n-dimensional training datum (xi, yi) ∈ Rn × {−1,+1},
where yi gives fixed labels, SVM approximates the output yi by fitting a hyperplane [122]
defined as

f (x) := wTϕ(x) + d = 0 (1)

where w = {w1, w2, · · · , wn} is the normal vector to the hyperplane, wi is the weight
for feature i, d is the displacement term between the origin and hyperplane, and ϕ is a
non-linear mapping function. The distance between a point x and a hyperplane [123] is
given by

γ =
|wTϕ(x) + b|

||w|| (2)

A data point with label +1 should lie on or above the following hyperplane

wTϕ(xi) + d ≥ 1, yi = +1 (3)

while the data point labeled as −1 should lie on or below the hyperplane given as

wTϕ(xi) + d ≤ −1, yi = −1 (4)

The data point closest to a hyperplane is called the support vector. The hyperplane
representing the largest margin between the two classes is considered the best. The objective
of SVM is to maximize the margin γ or maximize ||w||−1 equivalent to minimizing ||w||2.
It also uses a cost parameter C to maximize the margin and minimize the error. Therefore,
the SVM objective function becomes

min :
1
2
||w||2 + C

n

∑
i=1

|yi − f (xi)|ϵ (5)

where ϵ is the error tolerance for epsilon-intensive loss function |yi − f (xi)|. With the
introduction of two slack variables ξ−1

i and ξ+1
i [124], the objective function becomes

min :
1
2
||w||2 + C

n

∑
i=1

(ξ−1
i + ξ+1

i ) (6)

subject to:
∀i : yi − f (xi) ≤ ϵ + ξ+1

i

∀i : f (xi)− yi ≤ ϵ + ξ−1
i

∀i : ξ−1
i , ξ+1

i ≥ 0

(7)

The slack variables represent the degree of error in predictions.
SVM takes input in the form of a vector whose dimensions depend on the characteris-

tics of the data. It works by finding the best possible decision boundary, i.e., hyperplane to
separate data points. A trained SVM model determines the distance of new data points from
the hyperplane to make decisions [122]. Tuning hyperparameters, including C and kernel
parameters, is important to obtain the best performance. Multi-fold cross-validation is an
effective technique to obtain the appropriate values for obtaining the appropriate hyperpa-
rameter vapues. SVM can effectively handle high-dimensional data such as multispectral
imagery. It is robust to noise, outliers, and overfitting and exhibits good generalization
performance [125]. However, SVMs have high memory requirements, as they place all data
into memory. Sometimes, selecting kernel and hyperparameters tuning can be challenging
for a particular problem.
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SVM and its variants have been used in several studies to assess water quality. Kamyab-
Talesh [126] predicted the water quality index in the Sefidrud Basin using SVM from De-
cember 2007 to November 2008. The prediction accuracy regarding the determination
coefficient was observed as 0.87 with a root mean square error of 0.061. Yahya [127] devel-
oped an SVM-based model with a radial basis kernel to predict Lingat River Basin’s water
quality. The model was used to estimate six parameters with error prediction up to 1%.
Deng et al. [128] developed a SVM-based framework to analyze marine water quality in
Tolo Harbour in Hong Kong. The results demonstrated the applicability of SVM for predict-
ing the trend and magnitude of algal growth. Nazafzadeh and Niazmardi [129] proposed
a modification of SVM named the multiple-kernel support vector regression algorithm
to estimate the oxygen demand in Karun River. The modified algorithm predicted with
correlation coefficient R = 0.8 and RMSE = 4.76 mg/L. Sillberg et al. [130] integrated an
attribute-realization algorithm and SVM to classify the water quality of Chao Phraya River
from 2008 to 2019 by estimating several parameters, including dissolved oxygen, fecal col-
iform bacteria, total coliform bacteria, nitrate, total nitrogen, TDS, turbidity, TSS, biological
oxygen demand, dissolved oxygen, conductivity, salinity, ammonia, etc. Different kernel
functions were tested, and the linear kernel was found to be the most suitable function for
water quality prediction. Several combinations of quality parameters were also tested, and
it was observed that nitrate, fecal coliform bacteria, total coliform bacteria, biological oxy-
gen demand, dissolved oxygen, and salinity are the attributes most contributing to water
quality prediction. Arias-Rodriguez [131] developed the support vector regression-based
model to estimate the Chl-a, total suspended matter, turbidity, and Secchi disk depth using
multiple remote sensing products. Different bands of remote sensing data were found
suitable for different parameters. The highest accuracy was obtained for turbidity with
R2 = 0.71, and total suspended matter was the most challenging parameter to estimate
with the proposed model. Batista [132] evaluated five machine learning model to classify
the turbidity of Paraopeba River using Sentinel-2 images. The suitable sprectral bands were
selected by performing collinearity analysis. The author found SVM to be the best model
with an accuracy of 96%. Jamshidzadeh et al. [133] used an enhanced version of SVM to
predict a coastal aquifer’s electrical conductivity and TDS. TDS was successfully estimated
with MAPE = 2% to 21% and the electrical conductivity was determined with MAPE = 3%
to 21%. Xi and Xue [134] combined SVM with some biologically inspired techniques to
enhance the performance of SVM and tested their models by assessing the water quality
of Dongting Lake. The integration of different techniques provided good testing accuracy.
Dehkordi et al. [135] enhanced the capabilities of support vector regression (SVR) and
other machine learning methods by applying fuzzy similarity analysis. They obtained an
improvement of up to 12% in the performance of SVR model to assess the water quality
parameters in Lake Houston.

5.2. Random Forest

Ensemble learning is a special machine learning paradigm that combines the out-
puts of multiple machine learning models to improve the robustness of predictions [136].
Different models in an ensemble can be trained with different parameters, data, and algo-
rithms. Random forest [137] is an ensemble-based supervised machine learning model that
combines decision trees. Random forest uses bagging or bootstrap aggregation to make
predictions robust to noise by correlating the predictions of different decision trees [138].
A partition Pi ∈ RMi×Ni is randomly selected from the original data X ∈ RM×N , where M
is the number of samples, N is the number of features, and i represents the ith partition.
The subset Pi forms a tree in the forest. The prediction of the ensemble (Yl) is obtained by
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combining the predictions of individual trees. Usually, the majority vote rule is used to
combine the results in the case of classification problems,

Yl = Modei=1···NtYi (8)

where Nt is the number of trees. The average is used to combine the results for regression
problems,

Yl =
1

Nt

Nt

∑
i=1

Yi (9)

Random forest divides the training set into multiple subsets. Each subset is used
to train a different decision tree. This kind of training process ensures that trees are less
correlated and diverse. For unseen data, predictions are made by the trees independently,
and the final prediction is obtained by majority vote or averaging. Random forest can
efficiently work with high-dimensional data and effectively handles the missing values. It
is robust to overfitting and efficiently runs on large datasets. It has fewer hyperparameters
to tune. There are only two important hyperparameters: number of trees and size of feature
subsets [138]. Multi-fold cross-validation can be used to choose the optimal values for these
parameters. However, random forest is computationally expensive and less interpretable.

Liu et al. [139] used random forest with Nt = 100 to determine the Chl-a concentration
in Poyang Lake. The RMSE for training samples was found to be 3.19 µL, and the coefficient
of determination was reported as 0.84. Wang et al. [140] developed a random forest
regression model to retrieve phytoplankton density for monitoring aquatic ecosystem health
using Landsat-8 OLI data. They analyzed seasonal and spatial variations in phytoplankton
density in Nansi Lake from 2013 to 2023. Various band combinations were tested to
estimate phytoplankton density, yielding good results with R2 and RMSE values of 0.67
and 1.31 × 106 cells/L respectively. Alnahit et al. [141] predicted the total nitrogen, total
phosphorus, and turbidity for watersheds in the Southeast Atlantic region using a random
forest model. In addition, the least absolute shrinkage and selection operator (LASSO),
and genetic algorithm were used to identify appropriate input parameters out of 28 climatic
and catchment variables. The random forest results were compared with the results of a
boosted regression tree model. In comparison, it was found that random forest is more
robust to overfitting. Wang et al. [102] used random forest models to predict total suspended
matter in the Liaohe River, Yellow River, Yangtze River, Hangzhou Bay, Min River, and Pearl
River estuaries effectively with R2 = 0.90 and RMSE of 0.56 mg/L. Mishra et al. [142]
predicted pre-monsoon and post-monsoon levels of Chl-a and turbidity in Ganga River
with the random forest-based model using Sentinel-2 imagery. The experimental results
demonstrated R2 up to 0.97. It was observed that the accuracy of Chl-a prediction was better
for the pre-monsoon season, while it was higher for turbidity in the post-monsoon season.
Ghasemi et al. [143] used the whale optimization algorithm with random forest to estimate
the water turbidity in Louisiana coastal waters. The authors reported an enhancement
of 0.08 in R2 in the performance of random forest. Li et al. [94] developed RF models for
measuring TN and TP concentrations in Chauho Lake using Sentinel-2 data. They estimated
water quality parameters both in urban and rural regions. The model demonstrated good
performance with R2 of 0.78 in urban regions and R2 of 0.58 in rural regions.

5.3. Boosting Algorithms

Boosting algorithms are based on a mechanism that attempts to boost the accuracy of
weak learners. Several weak learners are combined to transform them into strong learners
collectively. A prediction algorithm is considered a weak learner if it performs only slightly
better than random guessing. Boosting is an iterative process that builds prediction models
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by attempting to reduce residual errors of the preceding stage [144]. The foundation
learners in boosting are weak learners with strong biases who contribute critical knowledge.
The resultant model is a powerful learner with reduced bias. Boosting algorithms use
weighted datasets for training. Initially, all data points are given equal weights. A set of
weak learners is formed and trained iteratively. After each iteration, the misclassified data
points are given higher weights so that these hard-to-classify data points can be treated more
prominently in subsequent iterations. Several boosting algorithms have been developed,
including gradient boosting [145], AdaBoost [146], LightGBM [147], and XGBoost [148],
which use an ensemble of decision trees to devise a strong learner. Gradient boosting uses
decision trees of a fixed size as base learners. During each iteration, a new weak model
is trained to minimize the loss function L(y, F(x)) of the previous stage using gradient
descent. The function F(x) maps instances x to corresponding outputs. The new model
is added to the ensemble, and the process continues until a stopping criterion is met.
Given a training set D(xi, yi)

N
1 , (xi ∈ RM, yi ∈ R) gradient boosting constructs an additive

approximation of a mapping function to map instance xi to its output label yi as follows:

Fk(xi) = Fk−1(xi) + ηkhk(xi) (10)

ηk are the weights of functions hk(xi), which are ensemble models, and k is the kth iteration.
Initially, a constant approximation of the mapping function is obtained as

F0(xi) = arg max
α

N

∑
i=1

L(yi, α) (11)

Gradient boosting is robust to outliers but computationally expensive and prone to
overfitting. XGBoost is a highly scalable ensemble based on decision tree and gradient
boosting. Similar to gradient boosting, XGBoost also minimizes a loss function to build an
additive expansion of the objective function. It uses a variation of the loss function Lxgb to
control the complexity of decision trees

Lxgb =
N

∑
i=1

L(yi, F(xi)) +
M

∑
j=1

Ω(hj) (12)

Ω(hj) = γT +
1
2

λ||w||2 (13)

where T is the number of leaves in the tree, w represents the outputs of the leaves, Ω is the
penalty term for the complexity of the model, γ controls the minimum reduction gain, and λ

is responsible for the L2 regularization on leaf weights. There are some other variations
of gradient boosting. LightGBM is a gradient boosting-based model that grows leafwise.
In a particular instance, only one leaf from the whole tree grows, leading to reduced costs
and memory requirements. However, it may be prone to overfitting sometimes. CatBoost,
abbreviated for category boosting, performs well on categorical datasets. CatBoost uses
symmetric trees so that all the nodes at the same level test the same condition.

Yang et al. [119] developed several machine learning models based on random forest,
gradient boosting, and XGBoost to estimate Chl-a, turbidity, dissolved oxygen, etc., in karst
wetlands using multi-sensor images. The results demonstrated that gradient boosting and
XGBoost models achieved the highest accuracy with R2 = 0.75 for turbidity and Chl-a pa-
rameters. Xin and Mou [149] designed several machine learning models based on random
forest, CatBoost, XGBoost, and LGBM to predict water quality parameters including pH,
TDS, turbidity, and conductivity. They found CatBoost, XGBoost, and LGBM to be the
best-performing models, which were further optimized with cross-validation and super
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parameter optimization. Duan et al. [150] used correlation analysis to obtain sensitive
bands and band combinations to monitor suspended particulate matter in Ebinur Lake.
The preferred band combinations were sent as input to machine learning models including
random forest, gradient boosting, CatBoost, and XGBoost. The validation results indicated
that the CatBoost model provided the best results. Garabaghi et al. [151] evaluated several
ensemble classifiers including random forest, AdaBoost, and XGBoost to classify the water
quality in five user classes. A feature selection algorithm was also applied on raw data to re-
duce the computational burden of selecting the most useful parameters. The results showed
that XGBoost outperformed other classifiers with 96.96% accuracy. Leggesse et al. [68]
explored six machine learning methods including SVM, artificial neural network, random
forest, gradient boosting, AdaBoost, and XGBoost for monitoring turbidity, TDS, and Chl-a
in large freshwater bodies from 2016 to 2022. XGBoost produced the best results for Chl-a
with R2 = 0.78, while the random forest outperformed other models to predict turbidity
and TDS with R2 = 0.80 and R2 = 0.79, respectively. Shams et al. [152] tested random forest,
gradient boosting, AdaBoost, and XGBoost to classify water quality. They also applied
some preprocessing techniques including data imputation and normalization to make
data more suitable for classifiers. The reported results showed that the increase in the
gradient produced the best accuracy of 99.50% among all the methods tested. A summary
of machine learning-based water quality assessment works is given in Table 3. SVM, RF,
ANN, and statistical regression (SR) are effective machine learning models to analyze the
water quality parameters as shown in the table.

Table 3. Summary of machine learning-based water quality assessment methods.

Reference Method Water Body/Location Water Quality Parameters Performance

[68] RF, XGB, GB, AB,
SVM, ANN

Lake Tana, Ethiopia Chl-a, Turbidity, TDS R2 = 0.78–0.80, MARE = 0.072–0.082

[126] SVM Sefidrud basin, Iran pH, DO, TDS, Temp, NO3, PO4,
BOD, Turbidity, and FCB

R2 = 0.87, RMSE = 0.061

[127] SVM Langat basin, Malayasia pH, TSS, DO, AN, COD, and BOD CC 0.979–0.998 and MSE = 0.004–0.681
[128] SVM, ANN Tolo Harbour, Hong Kong Chl-a, pH, BOD, DO, TIN,

PO4, Temp
CC: 0.972–0.984, and RMSE = 0.66–0.765

[130] SVM Chao Phraya River,
Thailand

NH3, BOD, DO, FCB, TCB, etc. Accuracy: 0.94, Precision: 0.84, Recall: 0.84,
F1: 0.84

[131] SVR Trans-Mexican Volcanic
Belt, Mexico

Chl-a, TSM, SDD

[62] SVR Finger Lakes, USA Chl-a R2 = 0.76, RMSE = 0.633 µg/L,
MAE 0.728 µg/L

[132] SVM Paraopeba River, Brazil Turbidity Accuracy: 0.96
[135] SVM Lake Houston, USA Turbidity and Specific

Conductance
R2 = 0.55–0.90, MAPE = 12.01–25.03

[36] SVM, SR Zhejiang, China CDOM, TN, and TP R = 0.68–0.82
[26] ANN Gheshlagh reservoir, Iran TN and TP R = 0.81–0.93
[34] ANN Lake Urmia, Thailand Chl-a, TP, and Secchi depth NSE = 0.74–0.96
[66] ANN San Francisco Bay Chl-a, TSM R2 = 0.71–0.89
[48] ANN Balik Lake, Turkey TN and TP R = 0.36–0.59
[17] LASSO Tigris River, Iraq Chl-a, Temp, EC, TDS, pH, Turbid-

ity, Algae, and DO
R2 = 0.42–0.80

[31] SR Yangtze River, China Chl-a, TN, and TP MAPE = 4.30–25.88%
[29] SR Trichonis Lake, Greece Chl-a, NH4-N, and TP R = 0.4–0.7
[65] SR Oklahoma, USA Chl-a, Turbidity, Secchi depth R2 = 0.58–0.85
[44] SR San Roque, Argentina Chl-a R2 = 0.77
[31] SR Yangtze River, China Chl-a, TN, and TP RMSE = 0.475 µg/L–0.110 mg/L,

MAPE = 4.3–25.88%
[51] SR Wisconcin, USA TN, TP, NO3-N R2 = 0.51–0.80
[99] DT Lake Khanka, China/

Russia
CDOM R2 = 0.84

[42] C2X-Net Chao Phraya River,
Thailand

Chl-a, CDOM, and Turbidity R = 0.47–0.84
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Table 3. Cont.

Reference Method Water Body/Location Water Quality Parameters Performance

[39] RF Miyun Reservoir Chl-a R2 = 0.74, RMSE = 0.42 mg/m3,
MAE = 0.33 mg/m3, and MAPE = 55.56%

[74] RF - Turbidity MSE = 67.133, NMGE = 0.5763,
PSNR = 29.861

[139] RF Yangtze River, Guojiaba,
China

Chl-a R2 = 0.8104, MAPE = 6.46%

[140] RF Nansi Lake, China Phytoplankton density R2 = 0.67, RMSE = 1.31 × 106 cells/L,
MAE = 1.18 × 106 cells/L

[141] RF TN, TP, Turbidity
[102] RF Yellow River, China TSM R2 = 0.90, RMSE = 0.56 mg/L
[142] RF River Ganga, India Chl-a, Turbidity R2 = 0.91–0.97, MAE = 0.59–1.13,

MAPE = 2.07–7.76%
[92] RF Hulun Lake, China Chl-a, COD, DO, NH3-N, TN,

and TP
R2 = 0.7128–0.8376, RMSE = 0.0029–0.8923,
MAE = 0.0017–0.6757

[93] RF, SVR, ANN Tianjin, China COD, TN, and TP R2 = 0.86–0.94
[119] RF, XGB, GB Karst wetlands, China Turbidity, DO R2 = 0.649–0.844
[150] RF, XGB, GB, CB,

DT
Ebinur Lake, China TSM R2 = 0.45–0.59, RMSE = 68.67–73.71 mg/L

[151] RF, XGB, AB, LB Büyük Menderes Basin,
Turkey

WQI Accuracy = 93.03–95.60%

[102] RF Liaohe River, China TSS R2 = 0.90, RMSE = 0.56 mg/L
[76] RF, XGB, LGB, CB Nansi Lake, China Chl-a and Turbidity R2 = 0.7015–0.7927,

RMSE = 2.1747–5.0617 µg/L,
MAE = 1.6791–3.9776 µg/L

[75] DT Saki Lake, India Turbidity R2 = 0.776, RMSE = 3.802, MAE = 3.246
[78] RF, XGB, GB,

KNN
China Turbidity R2 = 0.88, RMSE = 9.90 NTU,

MAE = 6.71 NTU
[81] RF China Turbidity R2 = 0.92
[87] RF, SVR, ANN Shenzhen Bay, Hong Kong Chl-a, Temp, Turbidity Errors = 0.02–1.7%
[89] XGB, ANN Ganaga Basin, India EC, DO, pH, TDS, Temp R2 = 0.72–0.98
[104] SVR, RF, ANN,

KNN, SR
Brazil Chl-a, pH, and TSS R2 = 0.31–0.90, RMSE = 0.0052–0.0364

[94] RF, ANN Chaohu Lake, China TN and TP R2 = 0.46–0.78, RMSE = 0.0034–0.37 mg/L,
MAPE = 8.34–38.60%

5.4. Deep Learning Models

Deep learning techniques are machine learning techniques based on artificial neural
networks that use multilayered architectures [153]. The layered architecture includes an
input layer, multiple hidden layers, and one output layer. Each layer consists of several
artificial neurons and activation functions that perform small computing operations [154].
The input layer accepts the raw input data, which are transformed at the hidden layers.
The hidden layers extract different types of features that are useful for making predic-
tions [155]. The final predictions are made available by the output layer. The artificial
neurons are associated with weights and biases that control the influence of the input.
The weights and biases are initially chosen randomly or heuristically and adjusted during
the training. The activation function introduces non-linearity to the result of a neuron.
The weights and biases of a deep learning model are updated iteratively to minimize
errors and loss. This process aims to improve the accuracy of predictions. Deep learning
techniques offer several advantages over conventional machine learning techniques. It
can progressively learn features ranging from simple to abstract, eliminating the need for
manual feature engineering and enabling the modeling of complex relationships in the
data [156]. Deep learning achieves high accuracy with large and versatile datasets. How-
ever, deep learning techniques are computationally intensive and require large amounts of
data for effective training. The training process is very complex and often requires high-end
computing resources. In the absence of sufficient data, deep learning models are prone
to overfitting. Several hyperparameters, such as learning rate, batch size, dropout rate,
and kernel size, require significant expertise to be set to appropriate values. Usually, it is
performed through trial and error due to a lack of well-defined methods and procedures.
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Deep learning is often considered a black box, as it is difficult to interpret [157]. Convo-
lutional neural network (CNN) is one of most widely used deep learning techniques [37].
The layers in a CNN model are designated as convolutional, pooling, and fully connected
(Dense) as shown in Figure 6 which perform specified tasks. The convolutional layer
convolves the input with a kernel filter to extract the useful features as follows:

Om = g(Vm ⋆ Om−1 + cm) (14)

where Om is the output, Vm is the weight matrix, cm is the bias vector at the mth layer,
⋆ represents the convolution operation, and g(·) is the activation function. Rectified
Linear Unit (ReLU) is a popular activation function in CNN models. The pooling layer is
responsible for reducing the size of feature maps generated by the convolutional layer. It
reduces the number of parameters in the model, lowering both the computational cost and
the risk of overfitting. The pooling operation is performed by moving a kernel or filter over
the feature map with a stride. The most common technique is max-pooling, which selects
the maximum value from each kernel window, capturing the most prominent features
as follows:

MaxPool(x(i, j)) = max
(p,q)∈K

x(i + p, j + q) (15)

where x(i, j) represents the input feature map value at position (i, j), K is the pooling
window, and max takes the maximum value in the window. The fully connected layer
links every neuron in the previous layer to every neuron in the current layer, combining
the extracted features to predict different classes more accurately.

 

 

 

 

Figure 6. Deep convolutional neural network model architecture.

Recurrent neural network (RNN) [157] is a neural network that allows the output
from one step to feed back as input. It is suitable to those applications where the context
from previous steps is essentially required. Long-Short Term Memory (LSTM) [56,158] is
an extension of RNN that uses memory cells and gates at hidden layers, which determines
whether information is important or not [159]. The memory cell can store useful informa-
tion, and the gates control the inflow/outflow of information [56]. The basic structure of an
LSTM cell [56,158] is shown in Figure 7 that consists of a forget gate layer, input gate layer,
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tanh layer, and output gate layer. The forget gate layer decides what information to delete
for a cell state Ct−1. Mathematically, it is expressed as follows

Φ(W f ,hht−1 + W f ,xxt + b f ) (16)

where Φ is a sigmoid function, W f ,h and W f ,x are weights, and b f are biases. The input
layer decides how much new information should be added to the cell state and uses the
sigmoid function to rank the level of updation as follows:

Φ(Wi,hht−1 + Wi,hxt + bi) (17)

where Wi,h, Wi,x are weights and bi are biases. The tanh layer is responsible for deciding
how much new candidate values C′

t should pass to the input layer as follows:

C′
t = tanh(Wc,hht−1 + Wc,hxt + bi) (18)

where Wc,h and Wc,x are weights, and bc are biases. The old state is updated using C′
t

as follows:
Ct = ft · Ct−1 + it · C′

t (19)

At last, the out layer decides the final cell output

Φ(Wo,hht−1 + Wo,xxt + bo) (20)

where Wo,h and Wo,x are weights and bo are biases. An LSTM model is developed by
creating multiple layers of LSTM cells as shown in Figure 8. It is also possible to create
hybrid models by clubbing the LSTM layers with other kind of layers such as convolutional
layers. One such example is shown in Figure 9, with a CNN-LSTM hybrid model consisting
of some convolutional and pooling layers followed by LSTM layers.

 

 

 

 

Figure 7. Basic structure of an LSTM cell.
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Figure 8. Architecture of a deep LSTM model.

 

 

 

 

 

 

 

 

Figure 9. CNN-LSTM hybrid model architecture.

Recently, deep learning has attracted more attention in water quality monitoring. CNN
and Long Short-Term Memory (LSTM) are the most successful methods used to assess water
quality parameters. Guo et al. [28] employed a deep CNN model to investigate Chl-a, TN,
and TP concentrations in Lake Simcoe using Landsat data. The CNN model was created
with fusion of 23 layers of U-Net and 13 layers of SegNet. Meng et al. [37] designed a CNN
model with five convolutional, one pooling, and one fully connected layer to investigate
the water quality levels in Lake Dianchi using Sentinel-2 data. The results demonstrated
that the CNN model was able to accurately estimate the water quality parameters with
MAE = 32.57–42.58%. Liu et al. [158] developed an LSTM-based model to measure the
drinking water quality in Yangtze River from 2016 to 2018. Their model consists of multiple
hidden layers and each hidden layer contains multiple memory cells to build a deep
learning model. There are 100 neurons in each LSTM layer. Adam optimizer was adopted
as the LSTM optimization algorithm, and the model was trained for 100 epochs. They
measured pH, DO, CDOM, turbidity, and conductivity parameters and demonstrated
the effectiveness of the LSTM for water quality monitoring. Mean square error (MSE)
was used to evaluate the performance of the method, and the LSTM-based method was
found to be better than some models with MSE = 0.0017. Hu et al. [159] proposed an
LSTM-based method to assess pH and water temperature parameters. The LSTM model
consists of 15 hidden layers, and is trained with a time step of 20 and learning rate of 0.005.
The experimental results show that the method observed an accuracy of 98.56% and 98.97%
for pH and temperature, respectively, at the time cost of prediction of 0.273 s and 0.257 s,
respectively. The author compared the results with a recurrent neural network-based
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method and found that LSTM gives better accuracy at a lower time cost. Sha et al. [155]
investigated CNN and LSTM models to measure the DO and TN parameters in Xin’anjiang
River water. The authors developed a hybrid CNN-LSTM model for real-time water quality
monitoring and found that the hybrid model performed better than standalone CNN and
LSTM models. Yiqi et al. [154] compared deep learning techniques including LSTM, RNN,
and gated recurrent unit (GRU) with linear regression methods and multilayer perceptron
(MLP) to predict the chemical index of water. The results demonstrated that deep learning
methods achieved up to 43.38% higher accuracy (R2) than linear regression methods and
MLP. Among the deep learning methods, GRU exhibited superior performance over LSTM
and RNN. Barzegar et al. [160] developed deep learning models based on CNN and LSTM
algorithms to estimate water quality parameters Chl-a and DO. They combined CNN and
LSTM to develop a hybrid CNN-LSTM model. The CNN-LSTM hybrid model consisted
of an input layer, three convolutional layers, one flattening layer, and one LSTM layer
followed by an output layer. The dropout rate was set to 0.001 and learning rate was taken
as 0.01 both in the convolutional and LSTM layers. The performance was evaluated in
terms of various metrics including R, RMSE, MAE, RMAE , etc. The authors found that
the hybrid CNN-LSTM outperformed standalone models in predicting both Chl-a and DO
with R = 0.869 and R = 0.97, respectively. Khullar and Singh [161] proposed a Bi-LSTM
model to predict water quality parameters in River Yamuna. The model includes an input
layer, two convolutional layers, one Bi-LSTM layer, two fully connected layers, and an
output layer. The output layer uses Softmax for making predictions. The model was trained
for 2500 epochs with a batch size of 120 and learning rate of 0.001. They performed missing
value imputation before input to improve the learning process. The experimental results
showed that the predicted values were in close agreement with the actual values of the
parameters. It was also observed that Bi-LSTM model is better than some conventional
machine learning models with MSE = 0.015, RMSE = 0.117, MAE = 0.115, MAPE = 20.32.
Zamani et al. [157] incorporated LSTM, RNN, GRU, and temporal neural network with
the help of non-dominated sorting genetic algorithm (NSGA-II) into an ensemble model to
predict Chl-a concentration. There are 50 neurons in RNN, LSTM, and GRU layers that use
a dropout of 0.001 and ReLU activation function. The model was trained for 100 epochs
with a learning rate of 0.001 and Adam optimizer. The author demonstrated that the
proposed ensemble model effectively predicted the Chl-a concentration with a correlation
coefficient of 0.98 and standard deviation of 0.93 in the Small Prespa Lake. Rahat et al. [56]
developed an LSTM model to investigate the impact of climate change on water quality
in Ohio River using MODIS data. The author demonstrated that the model was able
to comprehensively predict water quality for long-term evaluation. Ramesh et al. [80]
developed a deep ensemble model based on LSTM and ReLu activation to estimate turbidity
levels in Dooskal Lake. The architecture consists of two LSTM layers, one ReLU layer, three
Dropout layers, and two dense layers. The LSTM layer has 124 memory units and each
dense layer has 32 LSTM modules. The dropout rate is set to 0.2. The model demonstrated
good performance with accuracy of 97.2, precision of 94.88, recall of 86.3, and F1-score of
90.3. The deep learning-based water quality assessment methods covered in the section are
summarized in Table 4.

Although deep learning achieves high accuracy with large and versatile datasets, deep
learning techniques are computationally highly expensive and require a large amount
of data for training. The training process is very complex and often needs high-end
computing resources. In the absence of a good amount of data, deep learning models
are prone to be overfit. Deep learning is often considered a black box, as it is difficult to
interpret [156]. There are several hyperparameters such as learning rate, batch size, dropout,
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size of kernels, etc., that need significant expertise to set appropriate values. Usually, it is
performed through trial and error due to the lack of well-defined methods and procedures.

Table 4. Summary of machine learning-based water quality assessment methods.

Reference Method Architectural Details Water Quality Parameters Performance

[28] CNN Fusion of U-Net (23 layers) and SegNet
(13 layers)

Chl-a, TN, and TP MAE = 32.57–42.58%

[158] LSTM Neurons/layer: 100, Optimizer: Adam,
Loss function: MSE, No. of epochs: 100

pH, DO, CDOM, turbidity, NH3-
N, and electrical conductivity

MSE = 0.0017–0.0020

[32] Conv-
LSTM

Convolutional layers: 3, Fully con-
nected LSTM layers: 3, Dropout layer:
1, Activation function: ReLU

Chl-a, TN, NH3-N, CODMn, TP,
and BOD

R2 = 0.77–0.92

[159] LSTM Hidden layers: 15, Time step: 20, Learn-
ing rate: 0.0005, Training time: 10,000

pH and Temperature RMSE = 0.0025–0.0479,
MAPE = 0.0012–0.0692,
MAE = 0.0027–0.0149

[37] CNN Convolutional layers: 5, Pooling layers:
1, Fully connected layers: 1, learning
rate = 10−4, momentum = 0.9,
Epochs = 500

Water quality levels -

[154] GRU,
LSTM,
RNN

Hidden Layers: 3, Neurons/layer: 50 BOD, COD, TN, TP, NH4-N R2 = 0.90–0.94

[160] CNN,
LSTM

Convolutional layers: 3, Flattening
layer: 1, LSTM layer: 1, Dropout: 0.001,
Learning rate: 0.01

Chl-a and DO R = 0.869–0.97

[161] Bi-LSTM Convolutional layers: 2, Flattening lay-
ers: 2, Bi-LSTM layer: 1, Optimizer:
Softmax, Batch size: 120, Learning rate:
0.001, Epochs: 2500

BOD and COD MSE = 0.015–0.107, RMSE = 0.108–0.117,
MAE = 0.115–0.124,
MAPE = 18.22–20.32

[157] LSTM,
RNN, GRU

Activation function: ReLU, Optimizer,
Adam, Dropout = 0.001, Learning rate:
0.001, Epochs: 100

Chl-a Correlation Coefficient: 0.98, Standard
Deviation: 0.93

[80] LSTM LSTM layers: 2, ReLU layer: 1, Dropout
layer: 3, Dense layers: 2

Turbidity Accuracy = 97.2, Precision = 94.88,
Recall = 86.3, and F1-score = 90.3

[56] LSTM - TSS R2 = 0.82, RMSE = 16.69 mg/L,
MAE = 13.85 mg/L

6. Discussion
Water quality is crucial for human and plant health, aquatic life, the environment,

and sustainable development. Therefore, monitoring the quality of the water in rivers,
lakes, ponds, bays, seas, and oceans is important to maintain the health of the ecosystem
and support population needs. Water quality monitoring has been important for a long
time, and the supporting infrastructure has been developed over the years. However,
conventional monitoring methods are expensive, time consuming, and unable to provide
large spatial coverage [12,13,28]. Advancements in remote sensing technologies have
provided an alternative approach for efficient and cost-effective water quality monitoring
with potentially large spatial coverage [162]. Remote sensing utilizes sensors on board
satellites or other aerial platforms to collect images and data, offering valuable insights
into water bodies across extensive spatial areas [87]. Remote sensing data help to measure
water quality parameters such as color, Chl-a, dissolved, total nitrogen, total potassium,
temperature, and turbidity, etc.; machine learning, on the other hand involves powerful
techniques to process large remote sensing datasets to extract meaningful features or
patterns [163,164]. Machine learning techniques help to derive insights and measure
specific quality parameters. Integrating remote sensing and machine learning offers a
comprehensive, efficient, and cost-effective alternative to monitoring and assessing water
quality [165]. It helps water quality assessment and monitoring in several ways.

1. Larger spatial and temporal coverage: The traditional methods need to establish
hydrology stations across water bodies to collect water samples. However, estab-
lishing such stations over a large area is challenging due to cost and geographical



Sustainability 2025, 17, 998 29 of 41

constraints [27]. Therefore, ground-based monitoring may sometimes be expensive
and limited. Satellites orbit around Earth and cover vast geographical area in a single
pass. Satellites can capture images across large swaths of water bodies, allowing
to monitor even the inaccessible locations consistently. With increasing resolutions,
remote sensing-based monitoring can obtain useful information at the scale of water
bodies such as lakes and rivers. Satellites orbit the Earth frequently at regular intervals,
leading to short-term and long-term observations in water quality [166,167]. Frequent
observations are crucial for analyzing seasonal variations and temporal changes.

2. Parameter estimation: Several water-quality parameters that are optically active can
be efficiently assessed with the help of remotely sensed imagery. These parameters
include Chl-a, turbidity, TSSs, CDOM, etc. [168]. Remote sensing platforms equipped
with specialized sensors measure the reflectance and absorption of particular wave-
lengths by water bodies to provide valuable data that can be processed to determine
important water quality parameters [27]. The assessment of optically inactive param-
eters except temperature with the help of remote sensing techniques is a challenging
task. Meanwhile, water temperature can be effectively measured by detecting infrared
radiation emitted by water bodies [169]. Other parameters such as pH, nitrogen,
phosphorous, and dissolved oxygen are determined indirectly using sophisticated
algorithms and modeling [26].

3. Automated monitoring: Remote sensing data can be captured without manual in-
tervention. To obtain better accuracy, the captured data undergo preprocessing for
atmospheric corrections, geometric corrections, and sensor calibration [170]. Ma-
chine learning algorithms process the remote sensing data to assess optically active
and optically inactive water quality parameters [24,26,28]. The entire process from
data capture to parameter estimation is performed automatically by the sensors and
computer program. These automated systems can detect anomalies in water quality
anomalies and can generate alerts when needed [171]. It helps to provide timely
insights into water quality conditions.

4. Cost effectiveness: Machine learning methods significantly rely on the availability of
adequate amounts of data. The acquisition of remote sensing data has become highly
cost effective in recent years due to space agencies’ data accessibility initiatives [172].
Satellite missions such as Landsat and Sentinel provide low-cost or free data access,
alleviating financial burdens. Some investments are required for computing machines
to develop and train the machine learning algorithms. However, the overall cost
involved is significantly lower than establishing the hydrology stations [173].

Water quality monitoring using remote sensing and machine learning has made
significant progress over the years. However, there are several challenges that must be
addressed to realize its potential effectively and with better accuracy. Some satellites do
not have cloud penetrating capabilities. Data from such satellites are not suitable for all
weather monitoring. Apart from that, satellites may not provide spectral bands required for
specific water quality parameters. Coarser resolution is another factor of concern that limits
the capabilities of remote sensing-based methods for small water bodies. Advanced sensors
are required to mitigate these limitations. The fusion of data from different sensors can
also improve the reliability of the method. Machine learning, on the other hand, depends
on a good amount of quality data that may not always be available. A balance in data is
desirable to represent all possible conditions to avoid biased predictions. In the presence of
large datasets, machine learning algorithms tend to be computationally expensive. This
leads to the need for high-end computing devices. Different geographical coverage should
be sufficiently covered to develop a generalized model. The machine learning techniques
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are often considered a black box which makes it difficult to interpret the predictions of the
model. Some key research gaps in water quality monitoring are identified as follows.

1. Robust algorithms: The existing algorithms mostly focus on the assessing of multiple
water quality parameters. However, different parameters are sensitive to different
data features [174]. Therefore, refined algorithms to assess specific water-quality
parameters can be developed to enhance the accuracy and precision. In addition,
the algorithms are usually developed and evaluated on data for specific locations [124].
Such algorithms may not generalize well under different conditions for other locations,
leading to the need for more robust algorithms.

2. Data fusion: Data from different remote sensing platforms vary in spectral, spatial,
and temporal resolution, data formats, and collection methods. Satellites have differ-
ent frequencies and visiting times. The complementary information from different
sources can be integrated for better efficiency and accuracy [175]. Merging multi-
source data can improve spatial and temporal resolution. The integrating of spectral
bands with different wavelengths enhances the system’s discriminating ability. How-
ever, combining data from different optical sensors with broad coverage remains
challenging [175]. Advanced data fusion techniques can be explored to leverage the
comprehensive water quality assessment strengths [154].

3. Extended use of machine learning: Machine learning has exhibited great potential for
processing remotely sensed data for water quality assessment. However, machine
learning algorithms are highly affected by the variability of data across different water
bodies. Generalizing machine learning models across water bodies is difficult due to
varying conditions [176]. It is desirable that models can scale well to larger geographi-
cal areas and datasets without significant performance loss. The need for high-end
computing resources is another constraint with machine learning models, especially
for under-resourced conditions [177]. All these issues need further consideration to
develop efficient and affordable advanced methods.

4. Atmospheric correction: Sensors mounted on satellites and other aerial platforms
record the electromagnetic radiation reflected or emitted by the objects on Earth.
The radiation travels through the atmosphere of Earth. Various particles and gases in
the atmosphere react with radiation, distorting the radiation or light before reaching
the sensor. Scattering and absorption are the major atmospheric effects affecting
electromagnetic radiation [178]. Atmospheric corrections [179,180] are applied as
preprocessing steps to the remote sensing data to reduce the distortion caused by the
atmosphere on the reflected values recorded by the sensor. Atmospheric corrections
help to ensure that the data represent the actual characteristics of Earth’s features.
Atmospheric conditions vary geographically and temporally, making atmospheric cor-
rection highly challenging. Any single correction method is not universally applicable.
Developing an algorithm that can adapt to varying conditions is highly desirable.

7. Conclusions
Water quality monitoring is important for studying aquatic ecosystem health and

ensuring clean and safe drinking water access [9,181]. The growing population, indus-
trialization, and climate change have adversely affected the aquatic ecology and water
quality. Therefore, water quality monitoring is vital in providing crucial information
to governments and policy makers on managing resources. Traditionally, water quality
monitoring is performed with the help of in situ sampling at hydrology stations and labo-
ratory analysis [12,13]. The conventional methods are expensive and do not provide the
desired temporal and spatial coverage. Modern technologies, including remote sensing
and machine learning, offer an alternative to the conventional approach for water quality
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monitoring. Satellites and other remote sensing platforms provide important data that
can be processed and analyzed with the help of machine learning methods to assess water
quality parameters without in situ sampling and laboratory testing. This approach is cost
effective and can be applied at large scale despite involving some challenges.

7.1. Synthesis of Key Findings

This work reviewed the integration of remote sensing and machine learning techniques
for water quality monitoring. Remote sensing provides valuable data processed by machine
learning techniques for assessing water quality. Data acquisition is highly crucial, as
machine learning methods perform well only if adequate data are available. However,
some space agencies have provided free access to satellite data in remote sensing. High
spatio-temporal resolution imagery from various missions including Landsat, MODIS,
and Sentinel is available for public use. The easy availability of data makes remote sensing-
based methods viable. Landsat was the first mission launched for terrestrial environment
monitoring. Eight satellites have been successfully launched so far under the Landsat
program. Landsat-8 multispectral imagery is more popular, as it provides eleven-band
imagery with better radiometric and spatial resolution. Landsat-8 carries OLI and TIRS
sensors onboard. Landsat 9 is the latest satellite in the series, and it has improved versions
of OLI and TIRS. However, Landsat sensors cannot penetrate through clouds, limiting their
effectiveness during monsoon season. The Sentinel mission of the European Space Agency
is another popular program primarily used for land monitoring and provides wide-swath
high-resolution multispectral imagery to monitor soil, vegetation, and coastal regions. It is
a bi-satellite system encompassing two satellites, Sentinel-2A and Sentinel-2B, which were
launched in 2015 and 2017. Both satellites complement each other for a short revisiting
period of 5 days. The Sentinel-2 data are used in various applications, including water
quality monitoring. MODIS is another satellite-based product that is coarser in resolution
up to 1000 m. It visits a location twice a day and there is no need for atmospheric corrections
or mosaicing. MODIS is more useful for the monitoring of coastal areas.

A number of optically active and inactive water quality parameters can be assessed
using remote sensing imagery. Chl-a is one of the most widely evaluated parameters.
Landsat and Sentinel imagery monitor the Chl-a concentration in surface water, while
MODIS is better for assessing the Chl-a concentration in coastal waters. Turbidity is a visual
property of water indicating the presence of suspended particles in water. Turbid water
may be of poor quality and contain parasites such as Cryptosporidium. Turbidity can be
determined remotely by utilizing light spectra such as green and red bands. Temperature
is also important for water quality, as it can affect the water’s biological processes and
chemistry. Total nitrogen and total phosphorous are optically inactive parameters that can
significantly impact the overall health of aquatic ecosystems. Dissolved oxygen is crucial
for the survival of aquatic living organisms and plants. pH is a fundamental indicator of
water quality, influencing various chemical, biological, and physical characteristics essential
for sustaining life and ecosystems. Other parameters such as CDOM, Secchi depth, TDS,
and TSS can also be effectively measured using remote sensing.

Machine learning is an essential component of remote sensing-based water quality
monitoring. The data captured by the sensors are provided as input to the machine
learning models, which are trained for assessing different parameters using data patterns.
SVM and random forest are highly successful machine learning techniques that prove
to be useful in water quality prediction. Several boosting algorithms evolved over time
using weaker models to form a strong learner. Deep learning techniques have recently
emerged and replaced conventional machine learning techniques. Deep learning has strong
generalization abilities and superior learning capabilities due to a number of computing
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layers. However, machine learning and deep learning models are often considered black
box models due to the lack of proper explanation involved in the decision-making. Despite
the lack of transparency, these models are widely used due to their adaptability and
predictive analytical abilities. Water quality monitoring using high-resolution remote
sensing imagery serves as a fundamental input for machine learning and deep learning
models, enabling accurate predictions.

7.2. Implications for Policy and Practice in Water Quality Assessment

Water quality is crucial for human health and biological processes in aquatic ecol-
ogy. A well-designed policy and good practices are essential for public health protection
and environmental conservation. Policymakers should consider aligning water resource
monitoring requirements with their country-specific standards to ensure effective and
context-appropriate implementation. Promoting integrated water management and related
resources is important for social welfare. Industrial and agriculture pollution, personal care
products, medical discharge, etc. are responsible for contaminating the water resources.
Best management practices should be promoted to reduce the harmful discharge into
water bodies. Comprehensive water quality monitoring at regular intervals is essential
for effective water management. For remote sensing-based quality assessment, the avail-
ability of adequate data is crucial. Free access to reliable data can promote the use of
modern technologies for sustainable practices. Accordingly, investments are required
to modernize infrastructure and promote innovative methods to improve the reliability
and temporal/spatial coverage of water quality monitoring. Considering the complexity
of water quality issues, experts from different disciplines are required to work together.
Therefore, interdisciplinary research and the engagement of experts from government
and non-government sectors and academia is essential. Training and skill development
programs are necessary for the capacity building of stakeholders for the successful imple-
mentation of advanced technologies.

7.3. Reflections on the Future of Water Quality Monitoring Techniques

Due to anthropogenic activities and other natural causes, the environment is changing
rapidly, increasing stress on natural resources. On the other hand, advances in technology
have changed human life. All these aspects will shape the future of water quality mon-
itoring. Currently, remote sensing-based monitoring mostly relies on sensors on board
satellites. However, advanced sensors can provide additional or complementary informa-
tion. Advanced nanosensors can efficiently detect extremely low concentrations in water.
Nanosensors can identify heavy metals like mercury, lead, and arsenic. They can detect
bacteria, viruses, and protozoa, and trace out contaminants based on their electromagnetic
characteristics to ensure water is safe for drinking and other usage. Unmanned aerial
vehicles (UAVs) can capture images of water bodies at better spatial resolutions. However,
UAVs cannot provide more extensive coverage. Automated underwater vehicles (AUVs)
can provide another dimension to monitoring by capturing data in different aquatic en-
vironments [182]. Data from different sources can be integrated for comprehensive water
quality monitoring. Developing low-cost, affordable sensors, free access to data, and use
advanced computing techniques can potentially ensure sustainable and comprehensive
water quality monitoring.

8. Future Directions
Future research in water quality monitoring using remote sensing focuses on develop-

ing more accurate, efficient, and robust methods for automatically assessing different water
quality parameters. The key research areas in this direction are as follows.
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1. Enhanced Data Integration: Satellites and other remote sensing platforms capture
data at varying resolutions in different formats that complicate the integration of data
from multiple sources. On the other hand, different sensors have different radiometric
and geometric characteristics. The variability in data quality can affect the accuracy
of the assessments methods. The integration methods should be able to quantify
uncertainties in resultant data [183]. The integration of large datasets induces a large
computational burden also. The complex challenges in data integration should lead
to the development of enhanced and robust algorithms to produce reliable, consistent,
and comprehensive datasets.

2. Generalized Algorithms: The characteristics of water bodies across the globe vary
widely due to geographic conditions, environment, human activities, etc. [184]. Most
algorithms are evaluated for specific water bodies and may lack broad applicability.
Machine learning algorithms, which are highly influenced by the training data, may
be inconsistent under varying conditions [185]. Generalized algorithms are required
to monitor different types of water bodies across different regions consistently. Gener-
alized algorithms are robust, scalable, and cost effective, and can be applied over a
large area without significant adjustments.

3. Emerging Contaminants: Much work has been conducted on assessing some well-
known water quality parameters including Chl-a, pH, total nitrogen, total phospho-
rous, and dissolved oxygen, etc. [28,68]. However, due to anthropogenic activities,
other chemicals and microorganisms such as pharmaceuticals, industrial waste, nano-
materials, personal care products, etc., enter water bodies. Such pollutants can badly
affect the ecological system and human health. Future directions include working on
monitoring these emerging contaminants using remote sensing data.

4. Impact of Climate Change: Climate changes such as rising temperature and increasing
CO2 water influence water chemistry and water quality [186]. The climate change
may cause temporal and spatial variations in water quality, making the monitoring of
trends challenging. The monitoring methods need to be adaptive to emerging issues
and able to generate early warnings on future conditions due to climate changes.
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