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Introduction: Water quality assessment is essential for monitoring and managing
freshwater resources, particularly in ecologically and culturally significant areas
like the Cradle of Humankind World Heritage Site (COHWHS). This study aimed to
predict and map the spatio-temporal patterns of both optically and non-optically
active water quality parameters within small inland water bodies located in
the COHWHS.

Methods: High-resolution Sentinel-2 Multispectral Instrument (MSI) satellite data
and two random forest models (Model 1 [consisting of sensitive spectral bands]
and Model 2 [consisting of spectral bands + indices]) were used alongside In-situ
measurements of chlorophyll-a, suspended solids, dissolved oxygen (DO), pH,
Temperature, and electrical conductivity (EC) were integrated to establish
empirical relationships and assess spatial variability across high-flow and low-
flow conditions.

Results: The results indicated that DO could be predicted with the highest
accuracy under low-flow conditions, followed by EC. Specifically, Model 2
achieved an R? of 0.88 and an RMSE of 1.37 for DO, while Model 1 achieved
an R? of 0.63 and an RMSE of 291.48 for EC. For optically active parameters,
suspended solids showed the highest prediction accuracy under high-flow
conditions using Model 2 (R?p = 0.55; RMSE = 118.19). Due to the over-
pixelation of other smaller water bodies within the COHWHS in Sentinel-2
imagery, Cradlemoon Lake was selected to show distinct seasonal (high- and
low-flow) and spatial variations in optically and non-optically active water quality
parameters.

Discussion: Variations in the results were influenced by runoff dynamics and
upstream pollution: lower Temperatures and suspended solids under low-flow
conditions increased DO concentrations, whereas higher suspended solid
concentrations under high-flow conditions likely reduced light penetration,
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resulting in lower spectral reflectance and chlorophyll-a levels. These findings
highlight the potential of Sentinel-2 MSI data and machine learning models for
monitoring dynamic water quality variations in freshwater ecosystems.

KEYWORDS

satellite data, remote sensing, sustainable development goal 6, clean water and sanitation,
chlorophyll-a, dissolved oxygen, total suspended solids, electrical conductivity

1 Introduction

Anthropogenic activities such as population growth, increasing
urbanisation, intensive industrial development, and agriculture have
increased the demand for and misuse of inland water bodies. This
has, in turn, increased water stress and water quality deterioration,
especially in various countries (Jakovljevic et al., 2024). Globally,
water degradation has worsened throughout the years as about 80%
of all industrial and domestic waste is transferred to water resources
without any treatment, further degrading freshwater and making it
unsafe for drinking and sanitation (du Plessis, 2022). Additionally,
seasonal variations influence water quality by altering physical and
chemical parameters, which can contribute to its deterioration.
Fluctuations in Temperature, runoff, and pollutant inputs affect
key indicators such as turbidity, dissolved oxygen, and nutrient
levels, potentially degrading water quality and impacting aquatic
ecosystems (Dey et al., 2021). Due to these reasons, there is a need
for regular monitoring of physio-chemical parameters within inland
water bodies to develop corrective measures that will contribute to
the accomplishment of Sustainable Development Goal (SDG) 6,
which aims for clean water and sanitation for all by 2030 (Sherjah
et al., 2023; Jakovljevic et al., 2024). This can be achieved through
water quality monitoring, which involves monitoring the biological,
chemical, and physical characteristics of water, such as chlorophyll-
a, suspended solids, dissolved oxygen, nitrogen and phosphorus
(among others) (Sagan et al., 2020).

Water quality monitoring helps track changes in water quality
across different areas, analyse seasonal patterns and assess the
overall health of various water bodies (Madonsela et al., 2024).
Traditionally, this process has relied on collecting water samples,
conducting laboratory tests, and performing in situ measurements.
However, these methods are limited in spatial and temporal
coverage, making it challenging to monitor large areas and
capture rapid changes in water quality (Jaji et al, 2007).
Moreover, these methods are not cost-effective, as assessing
spatio-temporal patterns requires frequent site visits, increasing
logistical and financial demands (Zainurin et al, 2022; Adjovu
et al., 2023; Ndou, 2023; Madonsela et al., 2024). Satellite sensors
provide an opportunity to regularly monitor the spatio-temporal
patterns of water quality parameters over large geographic areas.
They offer efficient, cost-effective, and near real-time water quality
assessments, enabling the remote identification of temporal trends
and spatial hotspots (Dube et al., 2015; Pizani et al., 2020). Satellite
sensors with low-medium spatial resolution and high temporal
resolution have been used to monitor spatio-temporal patterns in
water bodies, however, the challenge is how they may not be suitable
for monitoring small inland water bodies (Mashala et al., 2023).
Studies (Chavula et al., 2009; Arun Kumar et al., 2015; Shi et al,,
2018; Xiong et al., 2019) have shown that the Moderate Resolution
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Imaging Spectroradiometer (MODIS) sensor, with a medium
spatial resolution of 250 m-500 m-1 km and a high temporal
resolution of 1-2 days, has been widely used to monitor water
quality parameters on larger coastal and inland water bodies such
as lakes and dams.

However, Wang et al. (2023), in their study on monitoring algal
blooms in 171 lakes across China, noted that MODIS’s medium
spatial resolution (500 m) limited their analysis to large lakes
(>10 km?), while smaller lakes (~1 km?) required higher-
resolution sensors, such as the Sentinel-2 Multispectral
Instrument (MSI). This highlights the need for medium- to high-
resolution satellite sensors to address the limitations of low-
resolution sensors such as MODIS. These sensors can enhance
water quality monitoring in dynamic aquatic ecosystems,
improving the estimation of spatio-temporal variations, especially
in understudied small inland water bodies under different flow
conditions (Ciezkowski et al, 2022). Since its launch, the
Sentinel-2 MSI, with its fine spatial resolution (10 m-20 m) and
frequent revisit time (every 5 days), has played a key role in
monitoring water quality parameters. For example, Ci¢zkowski
et al. (2022) demonstrated the advantages of using Sentinel-2
data for long-term spatio-temporal monitoring of water quality
in the Gluszynskie Lake since 2015. Their study found a strong
correlation (R* > 0.75) between estimated water quality parameters -
biological oxygen demand, dissolved organic carbon, and
chlorophyll concentration - and in situ data, highlighting
Sentinel-2’s reliability for monitoring temporal trends and spatial
distributions. This satellite sensor provides an opportunity to assess
spatiotemporal patterns of water quality parameters in smaller
inland water bodies, such as rivers.

Techniques for mapping spatio-temporal patterns, have been
dominated by spectral indices, which simplify and enhance the
interpretation of complex information derived from their various
spectral bands (Scordo et al., 2018; Ciezkowski et al., 2022). Spectral
indices are mathematical formulas that combine satellite sensor
bands to enhance specific features like vegetation or water
(Hadibasyir et al., 2023; Mashala et al., 2023). Moreover, these
indices use specific satellite bands that are sensitive to water
quality parameters, making them useful for assessing parameters
like turbidity, chlorophyll-a, and total suspended solids (Montero
et al., 2023; Zhu et al., 2024). For instance, Abdulla Alserkal et al.
(2024) aimed to estimate and map water quality parameters in the Al
Rafisah Dam (United Arab Emirates), focusing on Chlorophyll-a,
Colour Dissolved Organic Matter (CDOM), Total Suspended
Matter (TSM), and turbidity across different seasons in 2021.
Using Sentinel-2 data with the Normalized Difference Turbidity
Index (NDTT - Red Band [B4] and Green Band [B3]), they found
moderate turbidity concentrations with spatial hotspots in the
southern and northern parts of the dam. Similarly, Mpakairi
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et al. (2024) applied the Normalized Difference Chlorophyll Index
(NDCI - Red-Edge Band [B5] and Red Band [B4]) to estimate
chlorophyll-a concentrations using Sentinel-2 spectral bands. Their
study revealed that NDCI outperformed other indices in the
(South  Africa),
chlorophyll concentration patterns in this subtropical reservoir.
Furthermore, Kowe et al. (2023) used, Sentinel-2 data, the
Normalized Difference Vegetation Index (NDVI) and empirical

Nandoni  Reservoir effectively ~ mapping

models to assess spatio-temporal variations (2017-2022) in Total
Nitrogen, Turbidity, chlorophyll-a, and Total Suspended Solids in
Lake Manyame, Zimbabwe, revealing significant fluctuations over
time and strong correlations between satellite-derived and in situ
data (R = 0.63-0.95).

These previous studies (Ciezkowski et al., 2022; Kowe et al,,
2023; Abdulla Alserkal et al., 2024; Mpakairi et al, 2024)
demonstrate the use of Sentinel-2 MSI in capturing spatio-
temporal patterns of water quality parameters and highlight
how spectral indices enhance these estimations. However, these
studies primarily focus on optically active water quality
parameters, which are more frequently studied than non-
optically active parameters. Non-optically active water quality
parameters lack strong spectral signals and do not directly
affect water reflectance, making them difficult to detect using
optical sensors (Arias-Rodriguez et al., 2023). They are typically
measured through in situ measurement or estimated using
empirical models linked to optically active parameters (Guo
et al., 2021a). Given Sentinel-2’s multispectral capabilities, high
spatial and temporal resolution, and the effectiveness of spectral
indices, it is essential to explore the integration of these techniques
for monitoring the spatio-temporal patterns of non-optically
active water quality parameters in small inland water bodies.
However, since non-optically active parameters lack distinct
spectral signals, their characterisation is challenging and often
relies on their relationships with optically active parameters. To
address this complexity, advanced analytical techniques such as
machine learning models should be integrated into studies using
Sentinel-2 data and spectral indices. This approach can enhance
the reliability and accuracy of assessing the spatial and temporal
dynamics of these parameters (Arias-Rodriguez et al., 2023; Tian
et al., 2023).

Machine learning algorithms such as Decision Trees (DT),
Random Forest Regression (RFR), Boosted Regression Trees
(BRT), Support Vector Regression (SVR), and Artificial Neural
Networks (ANN) have been widely applied in water quality
assessment and monitoring because they can handle complex,
non-linear relationships between water quality parameters and
remote sensing data (Yahya et al.,, 2019; Li et al.,, 2022; Arif and
Toersilowati, 2024; Barcia et al., 2024; Glinscaya et al., 2024).
Machine learning algorithms, combined with satellite and in situ
data, enhance spatial and temporal water quality monitoring
beyond traditional sampling methods (Rodriguez-Galiano et al.,
2012). Thus, selecting the optimal machine learning algorithm for
capturing the complex relationships involved in monitoring non-
optically active water quality parameters is crucial for accurate
estimations. For instance, RFR has been recognised as one of the
most effective machine learning algorithms for practical
applications (Wang et al., 2021; Xu et al., 2021. It uses multiple
decision trees to predict outcomes based on a set of predictors
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(Tyralis et al., 2019). Wang et al. (2021) developed and found a
RFR model to be highly effective in predicting water quality
parameters, outperforming other models such as Decision Tree
Regression (DTR), AdaBoost Regression (ABR), Gradient
Boosting Regression (GBR), Support Vector Regression (SVR),
K-Nearest Neighbor (KNN), Artificial Neural Networks (ANN),
Lasso Regression (LASSO), and Elastic Net Regression (ENR).
Furthermore, Mpakairi et al. (2024) demonstrated the advantages
of integrating RFR with spectral indices like the NDCI to enhance
predictions of water quality parameter spatio-temporal patterns.
This highlights the need to integrate Sentinel-2 data, in situ
measurements, machine learning, spectral indices and satellite
bands that are sensitive to water quality parameters to enhance
spatio-temporal predictions of water quality parameters in small
inland water bodies.

Against this background, this study aimed to evaluate the
predictive performance of the Random Forest Regressor (RFR) in
estimating both optically active and non-optically active water
quality parameters under high-flow (wet) and low-flow (dry)
conditions in the Cradle of Humankind World Heritage Site
(COHWHSY). This area experiences significant anthropogenic
pressures, including Acid Mine Drainage (AMD) and effluent
discharge from municipal wastewater treatment facilities, which
adversely impact water resources (Mugova and Wolkersdorfer,
2022). To achieve this aim, the study designed two random forest
regression (RFR) models: (1) Model 1, which included only the
Sentinel-2 bands identified as sensitive to specific water quality
parameters in our previous work (Ngamile et al., under review),
providing a parameter-specific optimised modelling scenario;
and (2) Model 2, which incorporated all Sentinel-2 spectral
bands along with spectral indices, offering a more
generalisable modelling scenario. Additionally, the study
sought to identify the most influential variables for predicting
optically active and non-optically active water quality parameters
under both high-flow and low-flow conditions based on RFR
variable importance. The optimal models were used to map the
spatial and temporal distribution of water quality parameters in
the COHWHS, South Africa. This study is the first to evaluate
RFR’s performance in characterising water quality under
different hydrological conditions in a semi-arid African
region. The findings support the potential integration of
Sentinel-2 data with machine learning for enhancing water
quality monitoring and informing sustainable water resource
management.

2 Materials and methods
2.1 Description of the study area

The Cradle of Humankind World Heritage Site (COHWHS)
covers approximately 800 km” and is located 40 km northwest of
Johannesburg in the West Rand District of Gauteng, South Africa
(Durand et al., 2010). It was designated a UNESCO World Heritage
Site in 1999 due to its rich paleoanthropological significance,
featuring over 200 caves containing fossilised hominid remains
(Durand et al., 2010). However, the COHWHS faces significant
environmental challenges, particularly from acid mine drainage
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FIGURE 1
Map of the water bodies in and around the COHWHS.
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TABLE 1 Summary statistics of optically active water quality parameters during highflow and lowflow conditions.

Flow Conditions Parameter Min.
High-flow Chlorophyll-a (ug/L) 5
Suspended solids (mg/L) 10
Low-Flow Chlorophyll-a (ug/L) 5
Suspended Solids (mg/L) 8

(AMD) associated with historical gold mining in the Western
Witwatersrand Basin, which has severely impacted local water
quality (Rogerson and van der Merwe, 2016). In addition, sewage
effluent and agricultural runoff further contribute to the
contamination and alteration of water chemistry in the area
(Holland and Witthiiser, 2009). These pollutants enter local
rivers, such as the Tweelopiespruit and Blougatspruit, which flow
downstream into the Bloubankspruit and, ultimately, the Crocodile
River (as seen in Figure 1). The Crocodile River serves as a tributary
and inflow zone for Cradlemoon Lake, making the lake susceptible
to contamination from AMD, sewage effluent, and agricultural
runoff. Furthermore, runoff from Cradlemoon Lake contributes
bodies,
Hartbeespoort Dam and its surrounding areas, emphasizing the

to the pollution of larger water including the
need for continuous water quality monitoring in the COHWHS
(Hobbs, 2017). Given that locations like Cradlemoon Lake serve as
tourist attractions and host various leisure activities, monitoring
water quality is crucial to assessing potential health risks associated

with water pollution in the COHWHS.

Frontiers in Remote Sensing

North West =~ Rivers
Gauteng
Bl South Africa

Max. Mean Std. Dev. CV (%)
653 92.8 174.29 187.81
1,543 222.25 357.39 160.80
382 45 101.03 224,51
549 124.65 158.05 126.8

2.2 Data collection

2.2.1 Water sampling and in-situ measurements
The in situ measurements of the water quality parameters
occurred over two seasons, where wet season fieldwork,
representing high-flow conditions, was performed between the
14th and 16th of March 2024 and dry season fieldwork,
representing low-flow conditions, happened on the 28th and
the 31st of August 2024. These dates were selected to correspond
with the Satellite overpass of the Sentinel-2 Multi-Spectral
Instrument (MSI) over the study area. In-situ measurements
were taken between 09h00 SAST and 15h00 SAST to minimise
the gap between the satellite overpass and in situ measurements.
A total of 40 measurements of each water quality parameter (See
Tables 1, 2) were taken from six sites, selected purposively, on the
Tweelopiespruit (Dam [F11S12]), Blougatspruit (PSD and BB@
N14), Bloubankspruit (BB@M and BB@NSP) and on the
Cradlemoon Lake (as seen in Figure 1). The purposive
sampling approach was used to choose specific sampling sites
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TABLE 2 Summary statistics of nonoptically active water quality parameters during highflow and lowflow conditions.

Flow Conditions Parameter Min Max. Mean Std. Dev. CV (%)
High-Flow DO (mg/L) 0.1 7.92 348 2.88 82.76
pH 5.55 8.01 731 0.57 7.80
Temp ('C) 20.7 30 25.72 2.76 10.74
EC (us/cm) 226 2,950 753.15 658.12 87.38
Low-Flow DO (mg/L) 043 21.86 7.67 620 80.84
pH 444 10.57 8.12 1.26 1552

along the water bodies based on how well the data collected from
them would best inform the study (Bhardwaj, 2019). Each sample
was tagged with a GPS coordinate using the Garmin GPSMAP
65S handheld GPS device,
accuracy of £3 m.

which has a positional

At each site, water samples (collected at depths ranging
between 10 cm and 0.5 m for each site) and in situ
measurements were collected. While the water samples were
collected in 1 L plastic brown and transparent bottles for
laboratory analysis to determine optically active parameters,
i.e, chlorophyll-a and suspended solids concentrations,
respectively, in situ measurement of non-optically active water
quality parameters, i.e., Dissolved Oxygen (DO), pH, Temperature
and Electrical Conductivity (EC), were obtained using the Hach
HQ40d multiparameter meter (Hach, Loveland, Colorado,
United States of America) using various probes designed to
capture each parameter. While in the field, we preserved the
condition of the water samples in the cooler box with ice cubes
to maintain a low Temperature before transporting and storing the
samples in a cold room of the Hydrology and Water Resources
Laboratory of the Council for Scientific and Industrial Research

(CSIR) at 4°C. A total of 40 samples were collected in each season.

2.2.2 Satellite data

Sentinel-2 Level 1C images, which corresponded with the in
situ measurement dates (i.e., for both the high-flow and the low-
flow conditions), were retrieved from the Copernicus Browser of
the Copernicus Data Space Ecosystem (https://dataspace.
copernicus.eu/, accessed: 19 July 2024 and 30 October 2024).
The images were atmospherically corrected using the iCOR
plugin on the Sentinel Application Platform (SNAP) software.
The iCOR software plugin is used to atmospherically correct
spaceborne, airborne and drone images for atmospheric effects
for land and inland, coastal and transitional waters (Wolters et al.,
2021). After processing, Bands 1-8, 8A, 11 and 12 were extracted
and resampled to 10 m to obtain the highest resolution for
further analysis.

2.3 Water quality estimation
2.3.1 Input variables

A pre-processed Sentinel-2 image was subject to spectral indices
computation in R-Statistics software version 4.2.2. The spectral
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TABLE 3 Input variables used in Model 1 experiment.

Water quality parameter Sensitive spectral bands

Chlorophyll-a B1, B4, B6 - B8, B8A, B11 - B12

Suspended Solids Bl - B8, BSA & Bl11

Dissolved Oxygen (DO) B2 - B3, B5 - B8, B8A Bl1, B12

pH Bl - B4, B6 - B8, B8A, Bl - BI2

Temperature Bl - B4, B12

Electrical conductivity (EC) B1, B5 - B8, BSA, Bl1 - B12

indices were carefully selected based on their previous
performance in related studies (Dabire et al, 2024; Lu et al,
2016; Pawlik et al., 2024; Rawat and Singh, 2024; Salls et al,
2024). The spectral bands (i.e, n =

(e, n =

11) and spectral indices
5) from respective Sentinel-2 images were stacked.
Then, the pixel values corresponding to the central locations of
the sampling sites were extracted to the overlapping GPS points of
the sampling areas using the ‘Extract Multi Values to Points’ tool in
ArcGIS Pro version 3.1. Before this, image data coinciding with the
dates of fieldwork were matched to the sampling point dates,
ie, 14th and 16th of March 2024 (ie., wet or high-flow
conditions) and the 28th and the 31st of August 2024 (i.e., dry
or low-flow conditions), to ensure accurate in situ vs. pixel value
matches. This process resulted in a total of 20 matched sampling
points and image pixel pairs for six optically and non-optically active
water quality parameters. Finally, a land masking process was
performed in ArcGIS Pro version 3.1 to remove the influence of
the land features on the spatial predictions of water quality
parameters. The input variables were divided into two modelling
experiments, i.e., Model 1 and Model 2, using the Random Forest
Regression algorithm,where the former consisted of spectral bands
identified as sensitive to specific water quality parameters in our
related work (Ngamile et al., under review), while Model 2 consisted
of Sentinel-2 spectral bands combined with carefully spectral indices
(see Table 4).

The experiments were performed to understand whether using
only a few sensitive spectral bands to various WQ parameters vs.
entire Sentinel-2 spectral bands + indices would improve prediction
results. This claim was set on the premise that using satellite bands
that are the most reflective for specific water quality parameters may
improve model accuracy by removing less relevant spectral
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TABLE 4 Spectral indices computed from Sentinel-2 images.

Index Formula

Npat NDCI = i i

Rt RO

FLH FLH = Rg (o) = Rys (1) — Batoss) Qo Ch) R ()
NDVI NDVI = (it

Ml MCI = NIR (Red Edge + £eE40¢ Red) x Goin At )

(ARed Edge —ARed)

information. For instance, Darvishzadeh et al. (2019) tested how
different subsets of Sentinel-2 spectral bands were most effective in
estimating chlorophyll levels in spruce forests (in the Bavarian
Forest National Park in Germany). Their results found that
combining red-edge bands at 710 nm, 740 nm, and 783 nm
lowered estimation errors, meaning these bands were sensitive to
chlorophyll reflectance. This further showed that removing less
relevant bands (that can introduce noise) is crucial for accurate
chlorophyll estimation. This same approach was then applied in
predicting chlorophyll-a, suspended solids, DO, pH, Temperature
and EC prediction to see whether testing both approaches (a few
sensitive spectral bands vs. entire Sentinel-2 spectral bands +
spectral indices) improves model performance.

The sensitive spectral bands to different water quality
parameters are outlined in Table 3.

2.3.2 Random forest regression

The Random Forest Regression (RFR) algorithm is known to be
a reliable and highly predictive regressor that can deal with non-
linear data (Mpakairi et al., 2023). To perform predictions, it builds a
forest of various decision trees and combines them to have more
accurate and stable results (Rodriguez-Galiano et al., 2012). The
randomness of the RFR is introduced by randomly selecting samples
and predictors from the dataset set to build each decision tree (Xu
et al.,, 2021). By resampling the input dataset using bootstrapping,
i.e., generating multiple training (i.e., 65% of the dataset) and testing
sets (35% of the dataset), RFR builds multiple decision trees and
makes the final predictions using the average of predictions across
the trees (Xu et al, 2021). Additionally, this algorithm requires
calibration based on a set of hyperparameters, which include the
number of trees, maximum tree depth, minimum samples per leaf,
minimum samples per split and the random seed. These
hyperparameters influence model performance and robustness,
necessitating careful calibration to optimise results (Mpakairi
et al,, 2023). In this study, the RFR hyperparameters for the two
modelling experiments, ie., Model 1 (Water quality sensitive
spectral bands only) and Model 2 (spectral bands + indices),
were tuned using repeated k-fold cross-validation (3-fold,
repeated 3 times) to enhance the model’s stability and reliability.
Hyperparameter tuning was performed using a tune Length of 5,
which enables automatic selection of the best combination of
hyperparameters within the Caret R Package (Probst et al., 2018).

The Normalized Difference Chlorophyll Index (NDCI), the
Red-Green Index (RGI), the Fluorescence Line Height (FLH),
the Normalized Difference Vegetation Index (NDVI), and the
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Source

Das et al. (2024), Mpakairi et al. (2024)
Ballester et al., 2019; Cheng et al., 2013

Lu et al. (2016), Satish et al. (2023), Zhao M. et al. (2022)
KC et al. (2019), Masocha et al. (2017)

Alikas et al. (2010)

Maximum Chlorophyll Index (MCI), which have been found to
enhance the detection of spatio-temporal patterns of the six water
quality parameters were used in this study (Lu et al., 2016; Pawlik
et al., 2024; Rawat and Singh, 2024; Salls et al., 2024). Table 4 shows
the five spectral indices with their formulas.

The RFR model developed for this study also provided the
variable importance scores, which aid in understanding the
influence of various inputs (i.e., spectral bands + indices) on the
predictions. Based on the accuracy assessment using R* and RMSE,
the most accurate RFR model for each WQ parameter was applied to
the land-masked Sentinel-2 images to generate spatial predictions of
the WQ parameter.

2.3.3 Accuracy assessment

The performance of the models was evaluated using the
coefficient of determination (R* Equation 1) and the root-mean-
square error (RMSE, Equation 2). The R* assesses the agreement or
disagreement between observed and predicted values, thus
providing insights into the proportion of variance explained by
the model and model accuracy (Chicco et al., 2021). In contrast, the
RMSE quantifies the error between observed and predicted values,
thus providing insights into the model precision (Chicco et al.,
2021). These metrics are widely used in regression analysis and
model evaluation (Richter et al.,, 2012; Tian et al., 2023; Zhao Y.
et al.,, 2022).

Z:‘:I(Yi - Yi)z
Yo (Y- 1)

n F\2
RMSE = \{72”:‘ (2 -Y) )

where: Y; represents the observed values, Y; represents the predicted

R=1- (1)

values, Y is the mean of observed values, and # is the total number of
observations.

3 Results

3.1 Performance of various experimental
models for predicting WQ parameters

The performance of the Random Forest Regression (RFR) water

quality prediction models was assessed using R* and RMSE based on
35% out-of-the-bag (OOB) samples. The experiments were designed

frontiersin.org


https://www.frontiersin.org/journals/remote-sensing
https://www.frontiersin.org
https://doi.org/10.3389/frsen.2025.1631403

Ngamile et al. 10.3389/frsen.2025.1631403

(a) Model 1 under High-flow (wet) conditions (b) Model 1 under Low-flow (dry) conditions
R?:0.14; RMSE: 17.94 | R®: 0.52; RMSE: 7.67
- ;
H i
S = =
iy 11 I L ‘ I 1
= . Gt PO TR
=
g (¢) Model 2 under High-flow (wet) conditions (d) Model 2 under Low-flow (dry) conditions
E R* 0.23; RMSE: 17.05 R?* 0.51; RMSE: 7.61
Q
“h ! 0 !
Gbserved Chropy_a ) [E—
(e) Model 1 under High-flow (wet) conditions () Model 1 under Low-flow (dry) conditions
R 0.52; RMSE: 123.31 ; R* 0.53; RMSE: 106.66
H H
- L
= L
=
«» =
= L . =4
D L1l 1 | | L1 1
-c ' ' Observed Suspended_Solids “ ' ' " ‘Observed Suspended_Solids
= ¥ .
? (g) Model 2 under High-flow (wet) conditions (h) Model 2 under Low-flow (dry) conditions
m R* 0.55; RMSE: 118.19 - R* 0.53; RMSE: 105.46
S -
T ! 1 I !
FIGURE 2

Random Forest Regression (RFR) models for optically active water quality parameters. (a—d) show scatterplots for chlorophyll-a, while (e—h) show
plots for suspended solids.

using different model configurations, i.e., Model 1 - consisting of  selected spectral indices. The results for optically active water quality
sensitive Sentinel-2 spectral bands to water quality parameters and ~ parameters are presented in Figure 2. In Figures 2a-c, it is shown
Model 2 - consisting of all Sentinel-2 spectral bands and carefully  that chlorophyll-a was poorly predicted under high-flow (i.e., wet)
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(Continued).

conditions than under low-flow (i.e., dry) conditions. Models built
for both flow conditions underestimated chlorophyll-a values, with

the greatest underestimation occurring under high-flow conditions.

Frontiers in Remote Sensing

08

Among the high-flow models, Model 2 (B1-B8, B8A, B11-BI12 +
(NDCI, RGI, FLH, NDVI and MCI), Figures 2a,c) had better
performance, with 9% better R*> value and lower RMSE by
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(Continued). Random Forest Regression (RFR) models for non-optically active water quality parameters. (a—d) show scatterplots for Dissolved
Oxygen (DO), (e—h) are for pH, (i—1) are for Temperature, and (m—p) for Electrical Conductivity (EC).
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2.89 ug/L when compared to Model 1 (consisting of sensitive bands
only). In contrast, Model 1 achieved a marginally better R* and
RMSE by 1% and 0.06 pg/L, respectively, under low-flow conditions
(Figures 2b,d).

Like chlorophyll-a models, suspended solids models (Figures
2e-h) underestimated suspended solids concentrations; however,
the accuracy (R?) did not vary markedly between high-flow (wet)
and low-flow (dry) conditions. Model 2 (consisting of spectral bands
+ indices, Figure 2g) performed slightly better, ie., by 3% and
ARMSE of 5.12 mg/L, while the low-flow models had equivalent
R?; however, the RMSE for Model 2 was marginally lower, ie., by
1.2 mg/L.

The prediction accuracy results for non-optically active water
quality parameters (i.e., DO, pH, Temperature, and EC) are
presented in Figure 3. Both RFR models, ie, Model 1
(consisting of sensitive Sentinel-2 spectral bands to water
quality parameters) and Model 2 (consisting of spectral bands +
indices), indicated a high degree of accuracy, i.e., R*> > 75% in
predicting DO concentrations under high-flow (wet) and low-flow
(dry) conditions (see Figures 3a-d). However, under high-flow
(wet) conditions, Model 1 emerged as the optimal model for DO
prediction with a 2% higher R* value and 0.05 mg/L lower RMSE as
compared to Model 2. Under low-flow (dry) conditions, Model
2 emerged as the optimal model for predicting DO concentrations,
with a 1% better R value and 0.09 mg/L lower RMSE as compared
to Model 1. However, as shown, the differences were marginal.
Similarly, these models also had good accuracies in predicting EC
(see Figures 3m-p), where models under low-flow (dry) conditions
had relatively higher R* > 60%, while models under high-flow (wet)
conditions had R* < 0.55. Under low-flow (dry) conditions, Model
1, under high-flow conditions was also more accurate, exhibiting
better R? ie., by 8%, and 23.84 ps/cm lower RMSE relative to
Model 2.

The pH and Temperature models exhibited relatively low
accuracy (i.e, R® < 40%). For pH (see Figures 3e-h), Model
2 resulted in better performance under both high-flow (wet) and
low-flow (dry) conditions, where R* values were better by 8% and
2%, respectively, and RMSE values were lower by 0.03 and 0.01,
respectively. While the difference in R* between Model 1 and Model
2 under high-flow conditions can be considered marked, the
difference between model accuracies under low-flow conditions
was rather marginal. Water Temperature (see Figures 3i-1) was
better predicted by Model 1 under high-flow conditions, i.e., AR? of
3% and ARMSE of 0.07°C, while Model 2 had better prediction
accuracy under low-flow conditions, i.e., AR* of 18% and ARMSE
of 0.24°C.

3.2 Variable importance of various
experimental models

The Random Forest algorithm provides global variable
importance using a Percentage Increase in Mean Squared Error
(%Increase in MSE) which is a key feature for interpreting
predictions and identifying the most influential variables
contributing to model performance (Simon et al, 2023). A
study by Li and Zha (2019), used this approach to assess the
importance of each predictor by measuring how much the model’s
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error increased when each variable was randomly permuted
multiple times. An increase in prediction error showed that the
variable was important for accurate prediction when its permuted.
Thus, a larger % of Increase in MSE indicates a stronger
importance of each predictor variable (Kaveh et al, 2023).
Similarly, in this study, the % Increase in MSE approach was
used to identify the most influential Sentinel-2 bands and spectral
indices for water quality parameter predictions under different
modelling scenarios and flow conditions (i.e., high-flow vs. low-
flow). Figure 4 presents the results for optically active water quality
parameters. Indeed, the number of variables displayed for each
modelling scenario (i.e., Model 1- sensitive spectral bands vs.
Model 2 - spectral bands + indices) are different due to the
configuration of each scenario. Overall, the influential variables
vary by flow conditions (or season) and certainly by modelling
scenario. Under high-flow (wet) conditions (Figure 4c), B8 (NIR)
had the highest influence on the Model 1 prediction accuracy
(i.e., %Increase in MSE % = 9%), followed by B4 (Red) and B12
(SWIR2). The least contributing spectral band was Bl (Coastal
aerosol band). Interestingly, these influential spectral bands in

Model 1 were also featured in the top five most important variables
in Model 2, while B1 was featured in the top five least important
variables with a %Increase in MSE <3%, thus revealing some level
of consistency. The Red-Green Index (RGI) was the top most
influential variable (%Increase in MSE >8%). Variables known to
be sensitive to Chlorophyll-a, such as B8A (NIR2), NDVI, B6
(Red-edge 2), B7 (Red-edge 3), and Fluorescence Line Height
(FLH) index, were ranked in the middle, showing their
intermediate importance in Model 2.

Under low-flow (dry) conditions (Figures 4b,c), SWIR bands
(B11 and B12), red-edge band (B6) and narrow NIR band (B8A)
showed most influence to Model 1 predictions with >7.5 %Increase
in MSE <11%. Whereas B7’s (red-edge 3) variable importance
exceeded 5%, it was the lowest. Comparatively, B12 (SWIR2) was
the top most influential variable to Model 2 under the same flow-
conditions (i.e., low-flow), while the other important bands to Model
1 were not in the top five most or least important variables of Model
2 importance results, thus had rather intermediate importance,
> 3%.
Interestingly, FLH and B3 (Green) negatively contributed to
Model 2 predictions.

albeit their relatively low %Increase in MSE, ie.,

Figures 4e~h show that, under high-flow (wet) conditions, both
modelling scenarios’ (i.e., Model 1 and Model 2) performance was
highly influenced by B1 (Coastal aerosol), with %Increase in MSE
~10% and >8%, respectively. Other important variables to Model 1’s
performance included B4, B6, and B2, while B3, B5 and
B11 contributed the least to the prediction accuracy of suspended
solids. However, B11 had the lowest variable importance, which is
also consistent with Model 2 variable importance results for the
high-flow conditions. B3 and B5 were neither in the top five most or
least important variables, showing that although their influence was
relatively low, they also contributed positively to Model
2 predictions. In contrast, the Normalized Difference Chlorophyll
Index (NDCI) understandably contributed negatively to Model
2 performance because it is a Chlorophyll-specific index. Under
low-flow conditions, B8 (NIR) had the highest variable importance
for both Model 1 (>6) and Model 2 (<5). B2 (visible spectrum)
contributed the least (= 2) to Model 1 performance, while the MCI
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FIGURE 4

Random Forest variable importance showing influential variables for estimating (a—d) chlorophyll-a and (e—h) suspended solids under different
model configurations and flow conditions, i.e., high-flow (wet season) and low-flow (dry season).

and FLH had negative values for variable importance in Model 2.  the importance results for optically active parameters, results here
The variable importance results for the RFR models of non-optically  also varied by modelling scenario and flow conditions (or season).
active water quality parameters are presented in Figure 5. Similar to ~ Under high-flow conditions, all (sensitive) spectral bands were
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(Continued).
highly influential to Model 1 predictions, but B8A, B7 and B6 were Under low-flow (dry) conditions, SWIR (B11 and B12), NIR
the topmost important variables, while B11 and B2 were the least ~ bands (B8 and B8A) and red-edge band (B6) were the top five most
important in predicting DO (Figure 5a). important variables influencing Model 1 performance in predicting
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(Continued). Random Forest variable importance showing influential variables for estimating (a—d) DO, (e—h) pH, (i-l) Temperature, and (m—p) EC,
under different model configurations and flow conditions, i.e., high-flow (wet season) and low-flow (dry).

DO (Figure 5b). On the other hand, variables such as B2 and B3 were  variables in Model 2 alongside MCI and FLH, which had the highest
among the least influential. Similar to Model 1 under high-flow  %Increase in MSE (Figure 5c). RGI contributed negatively to the
conditions, B6, B7 and B8A featured in the top five most important ~ model performance, while NDCI, B4, B3, and B12 were among the
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TABLE 5 Summary of prediction accuracy assessment.

10.3389/frsen.2025.1631403

wQ High-flow Low-flow

parameter
Var. Imp.[Ordered] Var. Imp.[Ordered]

Model 1 Chlorophyll-a 0.14 1795 B8, B4, B12 & Bl 0.52 | 7.67 B12, B11, B6, BSA & B7

Suspended solids | 0.52 12331 | BI, B4, B6, B2, B3. B5 & Bl 053 | 10666  BS, B5, B6, BSA, B7, B3, B4 & B2

DO 0.77 136 BSA, B7, B6, B2, B11 087 | 146 BI2, Bl1, B8A, BS, B6, BS, B6, B7, B3 &B2

PH 032 034 B3, B4, B8 & B7 037 | 036 BI, BI2, B, B6, B11, B8A & B4

Temperature 0.37  2.14 B1, B2 & B4 0.2 2.38 B3, B4 & B12

EC 0.55  274.86 B8, 12 & B11 0.63  291.48  BII, B5, B8A, B7, B6 & Bl

Model 2 Chlorophyll-a 023  17.05 RGLBI2, Bl1, B4, B8, FLH, BSA, NDVI, B7, | 0.51 = 7.61 B12, NDVI, RGI, B8A, B5, B6, Bl1, B7,

B6, MCI, B1, B5, B2, NDCI & B3 MCI, B2, B4, B8, B1, NDCI, B3 & FLH

Suspended solids | 0.55 118.19  BI, FLH, BCL, B2, B4, B6, B5, BS, B8A, B3, 0.53 10546 B8, B11, B8A, B7, B5, NDVI, B6, B12, B2,
RGI, NDVI, B7, B12, B11 & NDCI B4, B3, B1, NDCI, RGI, FLH & MCI

DO 075 141 FLH, MCI, B6, B8A, B7, B8, NDVI, B, Bll,  0.88 1.37 B12, Bl1, B8A, NDVI, B8, B6, B7, MCI,
BS, B2, B2, B3, B4, NDCI & RGI RGI, B5, B1, B4, B3, B2, NDCI & FLH

PH 04 031 B3, B4, RGI, B8, NDCI, B2, BSA, B1, B6, | 0.39  0.35 MCI, B1, B12, RGI, B8, B6, B5, Bl1, B2,
B12, B5, FLH, NDVI, B7, MCI & B11 NDVI NDCI, B8A, FLH, B7 & B3

Temperature 034 221 B2, BI, FLH, B6, B8A, B4, RGI, MCL, NDVI, | 0.38  2.04 B1, MCI, B12, B3, B4, B5, NDCI, B11, B2,
B7, B3, B5, Bl1, B8, B12 & NDCI B8A, B7, NDVI, B6, RGI, B8 & FLH

EC 047 2987 BI2, B, B8, B4, B11, B2, B3, RGI, FLH, B8A, | 0.62 = 307.4 B3, B11, B5, B12, B7, B8A, B6, B8, NDCI, B2,
NDVI, B7, B5, MCI, B6 & NDCI Bl, B4, RGI, NDVI, MCI & FLH

The best models are highlighted with Bold.

top five least important variables in predicting DO. When the RFR
model was run with spectral bands + indices (i.e., Model 2) under
low-flow (dry) conditions (Figure 5d), important variables also
matched those in Model 1 under the same conditions. For
example, Bll, B12 and B8A were the top most influential
variables, while B2 and B3 were among the top five least
important variables, alongside indices such as FLH and NDCI.
Important variables for predicting pH using RFR under different
modelling scenarios (Figures 5e-h) reveal that under high-flow
conditions, B3, B4 and B8 were the most influential variables to
Model 1 performance, while B7 was the least (Figure 5e¢). This was
also consistent with Model 2 under the same flow conditions
(i.e., season), where they featured in the top five most influential
variables, along with RGI and NDCI (Figure 5g). A similar pattern
can be observed under low-flow (dry) conditions, where B1, B12,
B8 and B6 were most influential in both modelling scenarios, but
RGI and MCI were also part of Model 2’s most important variables
(Figures 5fh).

B1 and B2, which were influential to Model 1 water Temperature
predictions under high-flow conditions (Figure 5i), also featured as
the top-most influential variables in Model 2 (Figure 5k) under the
same conditions. However, NDCI, B12, B8, and B11 had a negative
influence on Model 2 predictions. Similarly, sensitive spectral bands
used in Model 1 under low-flow conditions all featured in the top
five most important variables in Model 2, along with MCI (Figures
5j1). FLH had a negative influence on Model 2’s performance
(Figure 51). Finally, Figures 5m-p show important variables for
predicting Electrical conductivity (EC). As shown, important
variables from Model 1 and Model 2 are consistent. For example,
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all variables used in Model 1, i.e., B11, B12, and B8, were featured in
the top five most important variables for Model 2 under high-flow
conditions (Figures 5m,0). Also, B8A, B5, and B11, identified as
most important for Model 1 predictions under low-flow conditions,
were among the top influential variables for Model 2 (Figures 5n,p).
FLH contributed negatively to the Model 2 performance under low-
flow conditions.

3.3 Spatio-temporal patterns of water
quality parameters

The models which resulted in the best accuracy, were used to
predict the spatio-temporal patterns of WQ parameters in the study
area. Table 5 summarises the prediction results, the best models (in
bold) and important variables.

Two models were used to illustrate chlorophyll-a concentrations
in Cradlemoon Lake under high-flow and low-flow conditions
(Figure 6), based on differences in model accuracy. As predicted
by Model 2, the maximum value of chlorophyll-a was 15.6 pg/L in
the high-flow conditions, and as predicted by Model 1 (which had
higher accuracy results), the maximum value was 5.36 ug/L in the
low-flow conditions. Furthermore, the study results also showed
significant temporal variations in the minimum values of
chlorophyll-a as the lowest value of chlorophyll-a was 13.75 pg/L
under high-flow conditions and 5.16 pg/L under low-flow
conditions. During the high-flow conditions, Model 2 predicted
that chlorophyll-a was concentrated across the water body and its
lower values were found on the tributary of the water body. Model 1,
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FIGURE 6

Chlorophyll-a spatio-temporal patterns estimated by Model 2 for the high-flow (A) conditions and Model 1 for the low-flow (B) conditions. The
colour scales in (A,B) differ to better highlight the spatial distribution of chlorophyll-a concentrations observed under different flow conditions.
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FIGURE 7

Suspended solids spatio-temporal patterns estimated by Model 2 for the high-flow (A) and low-flow (B) conditions. The colour scales in (A,B) differ
to better highlight the spatial distribution of chlorophyll-a concentrations observed under different flow conditions.
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pH spatio-temporal patterns estimated by Model 2 for the high-flow (A) and low-flow. The colour scales in (A,B) differ to better highlight the spatial

distribution of chlorophyll-a concentrations observed under different flow conditions.
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FIGURE 10

Temperature spatio-temporal patterns estimated by Model 1 for the high-flow (A) conditions and Model 2 for the low-flow (B) conditions. The
colour scales in (A,B) differ to better highlight the spatial distribution of chlorophyll-a concentrations observed under different flow conditions.

in the low-flow conditions, demonstrated higher accuracy and
predicted that maximum chlorophyll-a was also concentrated in
the centre of the lake; however, some areas within the centre
exhibited lower chlorophyll-a concentrations.

The spatio-temporal coverage of suspended solids was predicted
using Model 2 (Figure 7) for both the high-flow and low-flow
conditions. The results of the model predicted suspended solids
maximum values at 118.34 mg/L for the high-flow conditions, while
low-flow condition values were decreased to 93.7 mg/L. The lowest
suspended solids values were predicted in low-flow conditions at
46.96 mg/L, while the high-flow condition minimum values were
predicted to be 90.80 mg/L. In both flow conditions, high suspended
solids values were more concentrated in the banks and the tributary
(Crocodile River) of the Cradlemoon Lake. The difference was more
pronounced in terms of concentration, with higher suspended solids
levels observed during high-flow conditions and decreased during
low-flow conditions.

Model 1 showed the highest accuracy for DO concentrations
under high-flow conditions, whereas Model 2 performed best under
low-flow conditions. As seen in Figure 8, the predicted
concentration of DO under low-flow conditions ranged between
3.75 mg/L and 4.32 mg/L. In contrast, under high-flow conditions,
DO concentrations ranged between 2.09 mg/L and 2.84 mg/L.
Regarding spatio-temporal patterns, the distribution of DO values
differed between the two conditions. During high-flow conditions,
higher DO values were mainly concentrated along the edges of
Cradlemoon Lake, whereas under low-flow conditions, high DO
values were spread across the centre of the lake, with lower values
near the edges.
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Regarding pH spatio-temporal patterns, Model 2 performed
better in predicting pH levels under both high-flow and low-flow
conditions compared to Model 1, which had lower accuracy. The
model showed only small differences between the two flow
conditions, with the highest pH reaching 8.01 under high-flow
The lowest
pH levels were also similar, at 7.97 during low-flow and

conditions and 7.76 under low-flow conditions.

7.63 during high-flow. Figure 9 shows the spatio-temporal
patterns of pH, where the lowest levels were predicted along the
northern edges of Cradlemoon Lake and the southern edges of its
southern tributary, the Crocodile River. Under low-flow conditions,
pH levels were slightly higher overall, meaning fewer areas exhibited
lower pH values—lower pH was mainly predicted along the
lake’s tributary.

Temperature predictions for Cradlemoon Lake (Figure 10) used
Model 1 for high-flow conditions and Model 2 for low-flow
conditions. Results from Model 1 during high-flow conditions
predicted Temperatures ranging between 25.85°C and 25.83°C,
with a relatively uniform distribution across the lake, except for
slight variations along the edges. Although Model 1 performed
better than Model 2 in terms of accuracy metrics, the overall
accuracy remained low. In contrast, Model 2 predictions for low-
flow conditions indicated significantly lower Temperature, ranging
17.80°C 17.45°C, with higher
concentrations along the lake’s edges and inflow zones.

between and Temperature

The prediction of EC spatio-temporal patterns (Figure 11) for
Cradlemoon Lake was conducted using Model 1 of the two random
forest models. During high-flow conditions, model predictions revealed

that EC values ranged from 259.18 uS/cm to 454.01 pS/cm, with lower
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FIGURE 11

EC spatio-temporal patterns estimated by Model 1 for the high-flow (A) and low-flow (B) conditions. The colour scales in (A,B) differ to better
highlight the spatial distribution of chlorophyll-a concentrations observed under different flow conditions.

concentrations distributed across most of the lake and higher values
concentrated along the edges, particularly near inflow zones such as the
Crocodile River, a tributary of the lake. This pattern suggests that
increased water inflow dilutes dissolved ions, reducing overall EC levels
compared to low-flow conditions. In contrast, under low-flow
conditions, EC values were higher, ranging from 387.86 pS/cm to
643.39 uS/cm, with the highest concentrations near the lake edges and
inflow zones.

4 Discussions

4.1 Performance of RFR in estimating water
quality parameters under high-flow
(i.e., wet) and low-flow (i.e., dry) conditions

Worsening water quality in sub-Saharan Africa requires
integrated water resources management incorporating satellite
technology and machine learning algorithms to provide relevant
information about the changes in water quality on important lakes
and dams. Previous studies focused on large lakes and dams, while
smaller water bodies are neglected. This study aimed to evaluate the
predictive performance of the Random Forest Regressor (RFR) in
estimating both optically active and non-optically active water
quality parameters under high-flow (wet) and low-flow (dry)
conditions in small water bodies within the COHWHS. Two RFR
models were developed with Model 1, including only the Sentinel-2
bands identified as sensitive to specific water quality parameters in
our previous work (Ngamile et al., under review) and Model 2,
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which incorporated all Sentinel-2 spectral bands (B1-8, B8l,
Bll and B12) along with five spectral indices. Among the
parameters analysed, suspended solids predictions showed higher
accuracy compared to chlorophyll-a across both high-flow and low-
flow conditions and for both Model 1 and Model 2. However, Model
2 demonstrated greater accuracy, likely due to incorporating
additional spectral bands and indices, which enhanced the
model’s ability to capture the spectral variability associated with
suspended solids.

For high-flow conditions, Model 2 achieved an R* of 0.55 and a
Root Mean Square Error (RMSE) of 118.19 mg/L, while for low-flow
conditions, the model yielded an R* of 0.53 and an RMSE of
105.46 mg/L. Previous studies (Kupssinskii et al., 2020; Saberioon
et al., 2020) have shown significantly higher accuracy results (R* >
0.8 and low RMSE) for suspended solids predictions using the
random forest model and Sentinel-2 MSI data. However, in our
study, the results were lower (relative to previous studies) despite the
use of the same approach. This can be attributed to how high
turbidity (caused by elevated suspended solids) leads to reflectance
saturation, which reduces the sensitivity of certain spectral bands for
monitoring suspended solids, ultimately lowering model accuracy
(Doxaran et al,, 2002). Jiang et al. (2023) highlighted that turbid
water events significantly affect suspended solids estimation.
Turbidity is caused by suspended organic and inorganic particles,
such as mud and fine sand, which increase water cloudiness (Azis
et al,, 2015). Under high-flow conditions, increased runoff likely
introduced more suspended solids, leading to higher turbidity levels,
which in turn masked the spectral signal of suspended solids,
lowering model accuracy. Despite the high performance in
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suspended solids estimation, for Model 2, variable importance
results revealed Bl (coastal aerosol) and B8 (NIR) as having the
highest variable importance under high-flow and low-flow
conditions, respectively. Previous studies (Caballero et al., 2018;
Liu et al,, 2017; Pasaribu et al., 2024) have demonstrated the
of NIR
concentrations, aligning with our study results.

For instance, Liu and Zhao (2017) highlighted the utilisation of
Sentinel-2 NIR (B8-B8A) in analysing turbidity levels (in the Poyang
Lake, China), which directly correlate with the concentration of

effectiveness in estimating suspended  solids

suspended solids in water bodies. This was further supported by
Molner et al. (2023), who revealed that the Sentinel-2 NIR bands
provided valuable information on measuring suspended solids in the
Albufera Lagoon (Spain). On the other hand, chlorophyll-a model
predictions were affected by the dominance of suspended solids
under high-flow conditions, causing chlorophyll-a spectral
signatures to be weak. As a result, Model I’s prediction of
chlorophyll-a in high-flow conditions had an R* of 0.14 and
RMSE of 17.94, while Model 2 performed slightly better, with an
R*0f0.23 and an RMSE of 17.05. These low chlorophyll-a prediction
results demonstrate how increased suspended solids often have a
stronger spectral signal than chlorophyll-a, particularly in turbid
waters (Liu et al., 2023). Anthropogenic activities (such as mining)
around the COHWHS contribute to increased transportation of
suspended solids, and elevated suspended solids lead to increased
turbidity (Azis et al., 2015; Durand et al., 2010). The reported R
values for chlorophyll-a model predictions indicate low model
performance, which is expected due to spectral challenges, as
turbidity interferes with its estimation (Cheng et al, 2013). In
contrast, chlorophyll-a predictions under low-flow conditions
showed moderate accuracy (as seen in Figures 2b,d), likely due to
areduction in suspended solids and turbidity. A variable importance
ranking was conducted to identify key input bands and spectral
indices influencing chlorophyll-a predictions using the low-flow
Model 1 and Model 2. The results showed that B12 was the most
consistent and influential predictor, differing from previous studies
(Arora et al, 2022; Llodra-Llabrés et al., 2023), which have
emphasised the green (B3) and RE bands (B5- B7) for
chlorophyll-a estimation.

The NDVT spectral index also demonstrated how the NIR bands
(B8 and B8A) and B4 (red) can be used to predict chlorophyll-a as it
closely followed B12’s high variable importance results (Model 2)
under low-flow conditions. This index has been used in various
studies (Lekhak et al., 2023; Meng et al., 2024; Nikoo et al., 2024)
Model
2 demonstrated the RGI as having a high variable importance in
chlorophyll-a estimation under high-flow conditions. It has been
used by Cheng et al. (2013) who estimated chlorophyll-a in turbid
waters of the Taihu Lake, China, and it is a measure of the ratio
between the reflectance in the Red band and the Green band
(Motohka et al., 2010). This shows the red band (B4) can also be
used for chlorophyll-a estimation as supported by other studies such
as Zheng and DiGiacomo (2017). Under low-flow conditions, Model
2 showed a negative effect on chlorophyll-a prediction when
incorporating Band 3 (B3) and the FLH spectral index. This
could be attributed to their poor correlation with chlorophyll-a

concerning  chlorophyll-a  estimation. ~ Moreover,

since it had low concentrations in low-flow conditions. B3 (Green,
560 nm) typically has weaker sensitivity to chlorophyll-a compared
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to red (B4) and near-infrared (B8) bands, making it less effective in
prediction (Ha et al, 2017). Similarly, the FLH index, which
estimates chlorophyll fluorescence, may not perform well under
low-flow conditions because of changes in optical properties and
light absorption which may be caused by other water quality factors
such as suspended solids and turbidity (Kowalczuk et al., 2019). As a
result, these features might introduce noise, reducing the model’s
predictive accuracy for chlorophyll-a.

For non-optically active water quality parameters, both RFR
models performed well in retrieving DO and EC during low-flow
conditions. For DO predictions, Model 1 and Model 2 had R? values
of 0.87 and 0.88, respectively, while the RMSE values were 1.46 and
1.37, respectively. Among all the parameters (both optical and non-
optical), DO had the highest prediction accuracy, likely due to its
strong relationships with chlorophyll-a, suspended solids, and
Temperature. For instance, increased chlorophyll-a increases
phytoplankton, which can lead to higher oxygen production
2013).
elevated suspended solids - especially those influenced by sewage

through photosynthesis (Kunlasak et al, However,
and related sludge (as experienced in our study area) - can
counteract this by reducing light penetration (suspended solids
block sunlight, limiting photosynthesis and, in turn, oxygen
production (Bilotta and Brazier, 2008; Perivolioti et al., 2024)).
Moreover, water with suspended solids retains heat, further
increasing Temperature levels and high Temperatures in water
generally lead to less dissolved oxygen, affecting aquatic life
(Koue, 2024; 2008).

suspended solids decrease, chlorophyll-a levels tend to increase,

Paaijmans et al, Conversely, when
promoting more photosynthetic oxygen production, which can lead
to an increase in DO. These are the activities which were observed in
our study where DO concentrations were higher during the low-flow
conditions due to lower Temperatures and reduced suspended solid
levels, and slightly increased photosynthetic activities. All these
factors likely contributed to higher model accuracy since DO
shows predictable seasonal and spatial trends and has strong
relationships ~ with  suspended  solids, chlorophyll-a and
Temperature.

Furthermore, our study found that the SWIR bands (B11-B12)
and NIR band (8A) showed consistency in the variable importance
sequence under low-flow conditions, which had higher model
accuracy with both Model 1 and Model 2. This was further
attributed to DO’s strong relationship with suspended solids, a
water quality parameter that has been estimated with NIR and
SWIR bands (Caballero et al., 2018). As Figure 5d illustrates, these
results on variable importance ranking were further followed by B8
(NIR), the NDVT and RE bands that are known for their prediction
of chlorophyll-a. The novelty of our study further lies in how
spectral indices have been used to enhance water quality
parameter estimation, particularly when using Model 2 and this
is demonstrated where the FLH index - which is known for
chlorophyll-a estimation - had the highest variable importance in
estimating DO under high-flow conditions. All these results
demonstrate the high performance of indirect DO estimation in
our study. EC had the second-highest prediction accuracy among
the parameters under low-flow conditions, with R* values exceeding
0.6 in both Model 1 and Model 2. This can be attributed to reduced
surface run-off under these conditions (low-flow, ie., dry

conditions), causing less dilution of dissolved salts and ions
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(which EC measures), which remain more stable and concentrated
(Kumar Roy et al., 2015). This activity can make it easier for remote
sensing models to detect patterns. There is a complex relationship
between suspended solids, dissolved ions, salinity, and EC.
Suspended solids can dilute salts and ions, which influence
salinity and EC (Zezulka et al., 2024).

Under low-flow conditions, when suspended solids are low, the
concentration of dissolved ions may increase, leading to higher EC.
Thus, EC can be indirectly estimated using suspended solids and
salinity as optically active water quality indicators. For instance,
Bouaziz et al. (2018) found that EC is correlated with salinity while
Li J.et al. (2023) demonstrated that the SWIR bands were more
sensitive to soil salinity (which can be applied to salinity in water)
and these results align with the results of our study where B11l
(SWIR) showed a strong relationship with EC. This is further
supported by Ndou (2023) who also used Sentinel-2 to predict
various non-optically active water quality parameters on the South
African Setumo dam and found that B11 was highly sensitive to EC
variations. Temperature and pH had the lowest model performance
results (R* < 0.5) for both the high-flow and the low-flow conditions.
For Temperature, several studies (Ellis et al., 2024; Murphy et al,,
2021; Vanhellemont, 2020) have used thermal bands of satellite
sensors such as the Thermal InfraRed Sensor (TIRS) on board
Landsat-8 to predict water surface Temperature. Other studies,
such as the Medina-Lopez and Urefia-Fuentes (2019), estimated
sea surface temperature (SST) using Sentinel-2 Level 1-C Top of
Atmosphere (TOA) reflectance data, achieving a correlation
coefficient of 84% and a mean error of 0.4°C. Similarly, Dyba
et al. (2022) used Landsat-8 imagery to estimate lake surface
water temperature in Poland, comparing linear regression,
random forest, and the Landsat Level-2 Surface Temperature
Science Product (LST-L2). Their results showed that the RFR
model performed best (R* = 0.89, RMSE = 1.83°C). However, in
this study, different results were observed. Sentinel-2, which lacks
thermal sensors, and the random forest models performed poorly in
Temperature estimation despite the inclusion of other input
variables, i.e., spectral water indices.

Mohammadpour et al. (2022) have emphasised that random
forest models work well when strong predictive relationships exist
(Sentinel-2 bands) and the
(Temperature), study,
Temperature had a poor correlation with the Sentinel-2 bands.

between independent variables
dependent  variable and in this
Despite the absence of thermal sensors, Model 1 (high-flow) and
Model 2 (low-flow) identified the coastal aerosol Band 1 (B1) as the
most important variable in Temperature prediction. The Sentinel-2
coastal aerosol band (B1) is known for coastal habitat mapping and
satellite-derived bathymetry estimation (Poursanidis et al., 2019),
while the random forest model is known for its ability to capture
complex relationships between water quality parameters (Dewi
et al., 2024). This may explain why, despite the absence of
thermal sensors, Bl may have indirectly captured water quality
parameter activities linked to Temperature variations, such as
habitat mapping. Habitat mapping involves predicting aquatic
habitats and has been affected by climate change-driven
Temperature and heat variations, highlighting its connection to
Temperature (Dewi et al, 2024). For pH estimations, Model
2 outperformed Model 1, particularly under the high-flow
conditions. However, results remained poor, with an R* of
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0.4 and an RMSE of 0.31. In contrast, Adusei et al. (2021)
assessed pH on the Owabi reservoir using Sentinel-2 (and
Landsat-8), with results revealing an R®> of 0.95 and RMSE of
0.07 with the random forest model. The study found that in situ
pH measurements had little variability, leading to strong agreement
between observed and predicted values for Sentinel-2 using the
random forest model.

Raghul and Porchelvan (2024) highlight that remote sensing-based
water quality models depend on the relationship between spectral
reflectance and in situ indicators, with parameter variability posing
challenges. In this study, spatial variations in sampling locations may
have introduced noise, making it harder to establish a reliable pH-
spectral relationship and reducing model accuracy. Despite the lower
accuracy for pH, the variable importance ranking for Model 2 under
low-flow conditions showed that the MCI index, which uses Sentinel-2
RE bands (B5 and B6) to measure chlorophyll-a, was the most
important predictor for pH. This can be attributed to the
relationship between pH and chlorophyll-a. According to, Maradhy
et al. (2022), higher pH levels are associated with increased chlorophyll-
a concentrations in water, indicating a strong correlation between the
two parameters. This relationship can explain why the MCI as well B3-
visible spectrum (under high-flow conditions, using Model 1 and Model
2) had the highest variable importance in pH estimation. Various
studies (Arora et al., 2022; Cairo et al., 2020; Shaik et al., 2021) have used
these variables to predict chlorophyll-a concentrations. The prediction
results of these non-optically active parameters demonstrate the
effectiveness of the random forest model in capturing complex
relationships between water quality parameters, highlighting how
indirect methods can be used to estimate non-optically active
variables. The marginal performance difference between Model
1 and Model 2 suggests that selecting only the most sensitive
spectral bands was beneficial for these water quality parameters.
This indicates that either model can be used for spatial and
temporal predictions. However, models with lower-dimensional
inputs are preferred, as they reduce computational burden by
limiting the number of input variables.

4.2 Spatio-temporal patterns of optically
and non-optically active water quality
parameters

To analyse the health of the water bodies concerning plant
presence and to evaluate the seasonal and spatial distribution of
water quality parameters, in situ measurements were conducted
across multiple sampling points within the study area (COHWHS),
including Cradlemoon Lake. These field measurements were used to
capture seasonal variability in water quality parameters through
Sentinel-2 MSI satellite imagery, employing two RFR models for
prediction. The model with the highest accuracy was selected to map
the spatio-temporal patterns of the water quality parameters. All
analysed parameters exhibited spatial variability within Cradlemoon
Lake during both the high-flow and low-flow conditions (Table 6).
This variability was influenced by increased runoff and inflows from
the Crocodile River during the high-flow condition, leading to
fluctuations in water quality parameter values. Conversely, the
low-flow conditions exhibited more stable and diluted conditions,
likely due to reduced inflow and less sediment transport.
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TABLE 6 Summary statistics of predicted water quality parameters.

10.3389/frsen.2025.1631403

Water quality parameters High-flow Low-flow
Minimum Maximum Minimum Maximum
Chlorophyll-a (ug/L) 13.75 15.6 5.16 537
Suspended solids (mg/L) 90.80 118.35 46.96 93.7
DO (mg/L) 3.75 432 2.09 2.28
pH 7.63 7.76 7.97 8.01
Temperature ("C) 25.83 25.85 17.45 17.8
EC (us/cm) 259.18 454.01 387.86 643.397

Additionally, the presence of Water Hyacinth (Eichhornia
crassipes) within the lake may have influenced the concentration
of some parameters, such as suspended solids, leading to reduced
turbidity. Water Hyacinth is an invasive species that has impacted
several major South African water bodies for many years
(Auchterlonie et al., 2021). Onyari et al. (2024) note that water
hyacinth (E. crassipes) in freshwater ecosystems can threaten
livelihoods, restrict access to clean water, and contribute to the
spread of waterborne diseases. However, despite its negative
impacts, several studies (De Laet et al., 2019; Eze et al, 2023;
Rezania et al., 2016) highlight that, when properly managed, this
plant can help reduce water pollution and improve water quality. For
instance, Elizabeth et al. (2020) assessed the effectiveness of
different-sized water hyacinths in filtering suspended solids and
heavy metals from turbid water. Results showed that smaller plants
accumulated more lead (Pb), cadmium (Cd), and copper (Cu), while
roots absorbed more heavy metals than leaves and stems. Over
7 days, water hyacinths reduced total dissolved solids from 261 ppm
to 204 ppm and total suspended solids from 0.0449 ppm to
0.0151 ppm. This indicates that the presence of the plant in the
Cradlemoon Lake can help to control some of the pollutants that
enter the water body. For this lake in particular, the water hyacinth
can be found on the edges of the lake as well as on the inflow and
outflow zones (the rivers such as the Crocodile River-tributary) that
feed into the lake where high suspended solids values were
also found.

Increased runoff during high-flow conditions contributed to
increased concentrations of suspended solids and chlorophyll-a,
likely due to the increased flow of sediments and nutrients from the
Crocodile River and Bloubankspruit River surface and groundwater
within the COHWHS is impacted by chemicals from AMD and
other pollutants originating from tailing dams and abandoned
mines. These issues stem from unsustainable mining practices in
the West Rand. Since rivers, dams, and lakes in the area are
interconnected, they influence each other, especially during high-
flow conditions when increased runoff transports pollutants. In
contrast, low-flow conditions produce more stable water quality,
with lower concentrations of suspended solids and chlorophyll-a.
This is evident in Table 6, which shows that chlorophyll-a
concentrations were significantly higher during high-flow
conditions, suggesting that nutrient enrichment from runoff
contributes to algal growth. These trends align with findings
from Jang et al. (2024), who observed that chlorophyll-a
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concentration increased in spring and peaked in summer (high-
flow conditions), then declined before reaching a second peak in late
autumn (low-flow conditions). Their study further highlights that
summer rainfall introduced total suspended solids, organic matter,
and nutrients (nitrogen and phosphorus) into the Namyang
growth.  Chlorophyll-a
distribution showed minimal spatial variation between high-flow

Reservoir, promoting active algal
and low-flow conditions, with high concentrations consistently in
the central areas of Cradlemoon Lake and lower values along the
edges and inflow zones.

However, during low-flow conditions, chlorophyll-a became
more prominent along the edges, likely due to reduced sediment
resuspension. In contrast, high suspended solids (118.34 mg/L)
during high-flow conditions were concentrated along the edges
and inflow zones, likely suppressing chlorophyll-a growth.
Suspended solids decreased to 93.7 mg/L in low-flow conditions
but maintained a similar distribution. Suspended solids showed a
clear seasonal pattern, indicating increased sediment transportation
in the high-flow conditions and a decrease in the low-flow
conditions due to reduced runoff and sediment deposition, a
trend commonly observed in freshwater systems with distinct wet
and dry seasons. Moon et al. (2024) showed similar trends where
total suspended solids levels go up during the monsoon season
(June-August) because heavy rain washes more sediment into the
rivers. Low tide also makes total suspended solids more
concentrated, while high tide spreads it. After the monsoon, with
less rain and more settling, the total suspended solids start to
drop. However, since the monsoon is super cloudy, satellite
images do not always capture these changes well. This reduction
in suspended solids and turbidity during the low-flow conditions
also contributed to higher light penetration, which may have
supported increased photosynthetic activity and, subsequently,
higher dissolved oxygen levels. As Moon et al. (2024) and Jang
et al. (2024) note that suspended solids and DO have a relationship
where high total suspended solids reduce light penetration, limiting
photosynthesis and lowering DO levels. It also increases oxygen
consumption as  organic matter decomposes, further
depleting oxygen.

In the case of Cradlemoon Lake, lower suspended solids and
moderate chlorophyll-a concentrations during the low-flow
conditions resulted in higher DO levels, whereas higher
suspended solids during the high-flow conditions led to a decline
in DO, as illustrated in Table 6. The spatial distribution of DO
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revealed higher concentrations along the lake’s edges during high-
flow conditions, while higher DO levels were concentrated toward
the lake’s centre in the low-flow conditions. Moreover, DO and
Temperature have an inverse relationship here; DO levels decrease
as Temperature increases and vice versa (Kim et al., 2020; Li Y. et al.,
2023). This trend is further emphasised by Guo et al. (2021b), who
analysed Landsat and MODIS data and found that DO levels in Lake
Huron declined by 6.56% between 1984 and 2019, primarily due to
rising air Temperatures, among other influences. Warmer
Temperatures and more sunlight can help plants and algae
produce oxygen through photosynthesis, but they also make it
harder for oxygen to dissolve in water and increase the activity
of microbes that use up oxygen. In the same study, results found that
heavy rainstorms increased nutrient runoff from farms into the lake,
causing algae to grow quickly and die, leading to more oxygen being
used by bacteria breaking them down. The study showed that in
years when the Temperature was lower (1987 and 1992), DO was
higher, but in years when it was higher (2002 and 2012), DO was
lower. This suggests that rising Temperatures are a major reason for
the decrease in DO, which could harm water quality in the lake. This
is evident in this study of the Cradlemoon Lake as the results showed
that DO values decreased when Temperature had higher ranges in
the high-flow conditions and DO values increased with lower
Temperature ranges in the low-flow conditions (Table 6).

This study also shows that Temperature is influenced by
in the high-flow
conditions did not reveal much variation, as minimum and

seasonal changes, and its predictions
maximum values were almost the same in terms of ranges.
Under low-flow conditions, there was a slight variation in
minimum and maximum values, with spatial pattern results
showing the concentration of minimum values on the edges of
the lake and maximum values at the centre of the lake. According
to Arhin et al. (2023), the World Health Organisation (WHO)
considers the acceptable pH level for drinking water to be between
6.5 and 8.5, and the pH results for this study indicate that inflow
conditions had a minimal effect on overall pH balance on the
Cradlemoon Lake across both the high-flow and the low-flow
conditions. However, Chen and Franklin (2023) maintain that
when oxygen levels are low, some microorganisms use anaerobic
respiration, which can produce acidic substances like hydrogen
sulphide. This makes the water more acidic, lowering the pH. This
shows an existing relationship between DO concentrations and
pH levels as model predictions for this study on the Cradlemoon
Lake revealed that the highest maximum pH levels were recorded
in the high-flow conditions, and the lowest maximum levels were
recorded in the low-flow conditions when DO was also low.
Regarding spatial patterns, lower pH values were revealed along
the lake’s northern edges and tributary zones, suggesting localised
influences from inflowing water sources. The stability of pH is
consistent with findings in similar lake systems, where natural
buffering capacity prevents large fluctuations despite seasonal
changes in nutrient input and biological activity.

According to Gapparov and Isakova (2023), the conductivity
in pure and fresh-water bodies is generally low because they
contain almost no ions, yet seawater bodies generally have much
higher conductivity. Polluted water bodies, however, can contain
dissolved substances, chemicals, and minerals which cause an
increase in dissolved ions (Rusydi, 2018). EC can, therefore, assist
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in measuring the concentration of dissolved ions in polluted
inland water bodies. For instance, El-Zeiny et al. (2019) used
Landsat OLI images to analyse EC in Qaroun Lake (>10 km?).
Their results showed that EC is lowest in the east (near El-Bats
drain) and increases westward due to evaporation and wastewater
discharge. Under high-flow conditions, freshwater inflow lowers
EC in the east, but salinity rises as water moves west. In low-flow
conditions, evaporation dominates, leading to higher EC across
the lake. In this study, EC followed a similar pattern with
with the high-flow
conditions and higher values in the low-flow conditions, as

Sentinel-2 results, lower values in
illustrated in Table 6. This trend is primarily driven by
dilution effects, as increased runoff during high flow reduces
ion concentrations, whereas in the low-flow conditions, reduced
inflows allow for greater accumulation of dissolved solids (Escoto
etal,, 2021). Regarding EC spatial patterns, the highest EC values
were consistently observed near tributary inflow zones of the lake
on both the high-flow and low-flow conditions, illustrating that
upstream sources play a role in regulating EC levels within the
lake. Overall, the observed spatio-temporal patterns indicate that
water quality in Cradlemoon Lake is highly responsive to
seasonal hydrological changes, and it is also influenced by the
water quality of the surrounding rivers. Understanding these
patterns is essential for effective water quality management,
particularly in the context of climate variability and land use
changes that may alter future hydrological systems.

5 Conclusion

This study aimed to predict and map the spatio-temporal
patterns of water quality parameters in COHWHS, where acid
mine drainage (AMD) from abandoned mines, sewage effluent
and nutrients from agricultural runoff affect the quality of water
bodies in the area. Sentinel-2 MSI was selected for monitoring
spatio-temporal patterns due to its high resolution, and two RFR
models were used to predict both optically and non-optically active
water quality parameters. Despite some limitations, the study
demonstrated the effectiveness of remote sensing and machine
learning in assessing water quality trends. High-flow conditions
had high suspended solids and chlorophyll-a due to sediment
transport and nutrient enrichment, while low-flow conditions
resulted in improved water clarity, with higher DO and EC
levels. Water hyacinths played a role in suspended solids levels
by filtering sediments in the Cradlemoon Lake. The RFR models
performed well for suspended solids, DO, and EC, particularly in
stable low-flow conditions. However, chlorophyll-a predictions were
less reliable due to interactions with suspended solids affecting light
penetration. Similarly, Temperature and pH predictions showed
lower accuracy due to weak spectral relationships and high spatial
variability. Seasonal trends highlighted that suspended solids peaked
during high-flow conditions due to increased runoff and settled in
low-flow conditions, which influenced DO levels.

These patterns align with broader research on inland water bodies,
demonstrating the link between seasonal spatio-temporal changes and
water quality parameters. While the study showed promising prediction
results, it also faced limitations. Sentinel-2’s 10 m resolution was
insufficient for very small water bodies, which is why Cradlemoon
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Lake - being a moderately sized water body - was selected for mapping
water quality parameters. Future studies should consider other higher-
resolution sensors such as PlanetScope, WorldView-3, or SkySat for
monitoring smaller lakes or ponds. The dataset of this study also
included only 20 in situ sampling points per flow condition (40 in
total), which may have influenced model accuracy; increasing sample
points and testing models like XGBoost or SVM could enhance
predictions. Temperature estimation was limited by Sentinel-2’s lack
of thermal bands, and weak spectral relationships further challenged
pH and Temperature predictions. Integrating thermal sensors (e.g.,
Landsat-8/9 TIRS) and hyperspectral imagery may improve predictions
of non-optically active parameters. Overall, the study demonstrated the
importance of integrating remote sensing with machine learning for
effective water quality monitoring and contributes to SDG 6, which
promotes clean water and sanitation for all.
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