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ARTICLE INFO ABSTRACT
Keywords: Study region: This study was conducted in the Cradle of Humankind World Heritage Site
Remote sensing (COHWHS), South Africa, an area characterised by interconnected surface waters and sensitive

Chlorophyll-a
Total Suspended Solids
Sentinel-2

dolomitic aquifers. The region is subject to increasing pressure from land use change, tourism,
and nutrient enrichment, making reliable and spatially explicit water quality monitoring essential
Random Forest for protecting its ecological, cultural, and hydrological integrity.

Gaussian Process Regression Study focus: The study aimed to assess whether Sentinel-2-derived spectral indices improve the
Spectral indices retrieval accuracy of optically active water quality parameters, namely Chlorophyll-a (Chl-a) and
Water quality monitoring Total Suspended Solids (TSS). Three input configurations were tested: traditional Landsat-like
bands, Sentinel-2 bands, and Sentinel-2 bands combined with spectral indices. These inputs
were used within Random Forest and Gaussian Process Regression models to evaluate model
performance across wet (summer) and dry (winter) seasons.

New hydrological insights for the region: The results show that integrating Sentinel-2 spectral indices
substantially improves Chl-a estimation during wet conditions, while TSS retrieval benefits
mainly from Sentinel-2 red, red-edge, and SWIR bands. Model performance was strongly seasonal,
with reduced accuracy during dry periods due to lower optical variability. The findings provide
new insight into how seasonal hydrological conditions and spectral sensitivity influence water
quality retrievals in optically complex inland waters of the COHWHS. This approach supports
improved regional water quality monitoring and contributes to the protection of connected
surface water-groundwater systems in this vulnerable heritage landscape.

1. Introduction

Monitoring water quality is crucial for understanding the variability of aquatic ecosystems, ensuring sustainable management, and
providing early warnings of algal blooms and pollution events. This is particularly important in Africa, where many water bodies are
severely polluted, leading to the loss of aquatic life, environmental degradation, and increased human health risks. For example,
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Africa’s largest lake, Lake Victoria, has experienced severe degradation due to eutrophication, leading to disease outbreaks and fish
mortality (Bangira et al., 2024). Similarly, Lake Chivero in Zimbabwe has suffered from pollution-induced animal deaths, while in
South Africa, over 30 people died in 2023 due to contaminated municipal water (eNCA, 2025; News24 2024). These events highlight
the ongoing deterioration of water quality, a problem that has persisted globally since the 1800s and continues to pose serious
environmental and public health challenges (Harris et al., 2023). The degradation is primarily driven by anthropogenic activities such
as the discharge of untreated sewage and industrial effluents, rapid urbanisation, and unsustainable agricultural practices (Bangira
et al., 2024; J. N. Edokpayi et al., 2021). In Southern Africa, additional pressures arise from Acid Mine Drainage (AMD), poor
infrastructure, and unregulated development near water sources. Kapalanga et al. (2021) reported that inadequate wastewater
treatment in Namibia’s Von Bach and Swakoppoort Dams contributes to deteriorating water quality. In South Africa, eutrophication
remains a significant concern, intensified by limited maintenance capacity, weak regulation, and inadequate coordination between
government departments (Department of Water and Sanitation DWS, 2016). Consequently, there is an urgent need for continuous,
spatially comprehensive, and cost-effective monitoring solutions to support practical water management (Kowe et al., 2023; Lima
et al., 2023).

Traditional in-situ and laboratory analysis methods of Optically Active Parameters (OAPs) such as Chlorophyll-a (Chl-a), Total
Suspended Solids (TSS), turbidity, and Coloured Dissolved Organic Matter (CDOM) provide accurate data but are time-consuming,
labour-intensive, and expensive, often limited in spatial and temporal coverage (Amieva et al., 2023; Maier et al., 2021; Theena-
thayalan et al., 2022). These limitations necessitate the adoption of remote sensing, enabling synoptic, repeatable, and large-scale
water quality observations (Avdan et al., 2019; Chaabane et al., 2024; Taquan. Ma et al., 2023). Remote sensing has revolutionised
water quality assessment over the past four decades by offering cost-effective and temporally consistent data for monitoring OAPs.
Hyperspectral sensors, such as the PRecursore IperSpettrale della Missione Applicativa (PRISMA) and the Environmental Mapping and
Analysis Program (EnMAP), offer high spectral resolution across over 200 narrow bands, enabling the detailed characterisation of
bio-optical features (Lima et al., 2023; Maier et al., 2021). For instance, Saberioon et al. (2023) assessed EnMAP’s ability to detect
Chl-a and TSS, achieving higher accuracy than Saberioon et al. (2020), who used multispectral data. However, the challenge limiting
its usage lies in selecting the optimal combination of spectral bands from a vast array of closely related bands, as well as the limited
number of satellites in orbit, which makes the data costly for continuous monitoring (Yim et al., 2020). Consequently, multispectral
sensors such as Landsat-8 Operational Land Imager (OLI) (Rodriguez-Lopez, Usta, et al., 2023; Rubin et al., 2021), Moderate Reso-
lution Imaging Spectroradiometer (MODIS) (Kravitz et al., 2021; Rahat et al., 2023), and Sentinel-2 Multispectral Imager (MSI)
(Mpakairi et al., 2024; Saberioon et al., 2020) have become widely used in water quality monitoring due to their free accessibility and
improved temporal resolution. Among these, Sentinel-2 has proven particularly effective, offering high spatial (up to 10 m) and
temporal (5-day) resolutions ideal for inland water monitoring (Hafeez et al., 2022; Liu et al., 2017; Mpakairi et al., 2024).

Sentinel-2 offers a rich array of bands covering the visible, red-edge, Near-Infrared (NIR), and Shortwave Infrared (SWIR) regions.
Still, their relevance varies with the optical properties of the water and the OAPs. For example, Gholizadeh et al. (2016) and Knaeps
etal. (2015) observed that Chl-a has strong absorption in blue and red wavelengths, while TSS is better captured in red to SWIR regions
due to its scattering properties. Moreover, Saberioon et al. (2020) identified the red-edge band as essential for Chl-a and TSS detection.
To enhance predictive power, researchers have developed spectral indices, which are mathematical combinations of reflectance values
across selected bands, to highlight specific optical features associated with water quality parameters. These indices include the
Blue/Green ratio (Neil et al., 2019), Normalised Difference Chlorophyll Indices (NDCI) (Mishra and Mishra, 2012), Normalised Dif-
ference Suspended Solids Index (NDSSI) (Hossain et al., 2010), Two-Band Algorithm (2-BDA) (Gitelson et al., 2008), and Three-Band
Algorithms (3-BDA) (Brivio et al., 2001; Dall’Olmo and Gitelson, 2006), which have been widely tested and applied for Chl-a and TSS
estimation in inland and coastal water bodies. The effectiveness of these indices is largely attributed to the distinct optical behaviour of
the two parameters. Chl-a strongly absorbs light in the blue (440 nm) and red (665 nm) regions while reflecting more in the green
(560 nm) and red-edge (700-740 nm), whereas TSS increases backscattering across the visible and NIR regions, particularly in the red
and NIR wavelengths due to suspended particle scattering. Ali et al. (2022) studied Chl-a using the Blue/Green and the Red/NIR ratios
based on Sentinel-2, achieving R? of 0.86 and an RMSE of 2.56 pg/L, and they noted that these ratios contrast the strong Chl-a ab-
sorption in the blue and red regions against the high reflectance in the green and NIR. The Normalised Difference Turbidity Index
(NDTI) (Lacaux et al., 2007) uses the normalised red and green reflectance, while the NDSSI uses the NIR and green reflectance to
estimate TSS. The 3-BDA utilises reflectance combinations from the Visible and NIR (VNIR) bands to reduce background noise and
isolate particle-driven scattering, thereby enhancing the accuracy of TSS and Chl-a estimation (Dias et al., 2021a; Singh et al., 2024).

While these indices have proven effective, site-specific optical complexity often limits their performance. Many spectral indices
perform well in clear, phytoplankton-dominated waters but poorly in turbid, shallow, or CDOM-rich systems, where pigment ab-
sorption is masked by scattering (Mishra et al., 2014; Neil et al., 2019). Index performance also varies seasonally due to changes in
phytoplankton biomass and the concentration of suspended solids. Moreover, several indices tend to saturate at high concentrations or
are dominated by water absorption at longer wavelengths (Dogliotti et al., 2015; Rudorff et al., 2018). Consequently, there is growing
recognition that locally optimised indices derived from site-specific spectral responses can outperform well-established indices
(Najafzadeh and Basirian, 2023; Van Nguyen et al., 2019). Recent research, including our previous work (Rathupetsane and Kganyago,
Under review), has shown that the best-performing spectral indices differ by water composition and optical conditions, suggesting that
spectral index performance must be assessed regionally rather than applied universally (Neil et al., 2019; Pahlevan et al., 2020; Prior
et al., 2020).

Machine learning algorithms have been applied to complex water bodies to overcome the limitations of individual indices and
improve predictive performance. Dias et al. (2021b) evaluated Random Forest (RF), Support Vector Machine Radial Sigma (SVM-RS),
Enhanced Adaptive Regression Through Hinges (EARTH), Multiple Linear Regression (MLR), and Cubist algorithms in retrieving TSS,
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with SVM-RS achieving the highest accuracy, R = 0.87. Maciel et al. (2021) evaluated the performance of Extreme Gradient Boosting
(XGB), RF, and Support Vector Regression (SVR) in retrieving Secchi Disk Depth (SDD). The RF model showed better accuracy
compared to other algorithms. Similarly, Kupssinskii et al. (2020) compared Linear regression (LR), SVR, K-Nearest Neighbours (KNN),
RF, and Artificial Neural Networks (ANN) in retrieving TSS and Chl-a. The RF achieved the highest accuracy (R?) of 0.90 and 0.86 for
Chl-a and TSS, respectively. Nguyen et al. (2021) evaluated RF, SVR, Gaussian Process Regression (GPR), XGB, and CatBoost (CB) in
estimating Chl-a using Sentinel-2 and found that GPR ( R2=0.85) and CB (R2=0.84) yielded better results. On the other hand,
Arias-Rodriguez et al. (2020) assessed RF, SVR, GPR, and LR in retrieving SDD and turbidity, and found that GPR exhibited superior
performance for both parameters (i.e., R = 0.76 for SDD and R? = 0.83 for turbidity), while the other models achieved R? around 0.70
for both parameters. Recent studies (Mpakairi et al., 2024; Ruescas et al., 2018) have compared the performance of spectral bands
against a combination of spectral bands and indices as inputs to machine learning algorithms, and noticed improved accuracy in
models integrating spectral indices.

This hybrid approach leverages the physical interpretability of indices and the nonlinear learning capability of algorithms. Shen
et al. (2022) compared the performance of RF, SVR, XGB, and Deep Neural Network (DNN) models using Sentinel-3 Ocean and Land
Colour Instrument (OLCI) bands, spectral indices, and combinations of bands with spectral indices in 24 lakes in China. Nine indices,
including the red-edge/red ratio, 3-BDA, 4-BDA, Maximum Chlorophyll Index (MCI), and the Fluorescence Line Height (FLH) were
included. Their results show that all models with bands and spectral indices had superiority over the other inputs, with improvements
of up to 10%. Similarly, Leggesse et al. (2023) compared XGB, ANN, RF, GBR, ABR, and SVR in estimating Chl-a, turbidity, and Total
Dissolved Solids (TDS) with different model performance per parameter. These studies emphasise the importance of utilising advanced
regression models to capture nonlinear spectral relationships, particularly when combined with multiple input sources, such as
spectral bands and derived indices.

Although machine learning algorithms have been increasingly applied in water quality monitoring, studies employing GPR remain
limited globally, with no study conducted in South Africa for monitoring inland water quality. Moreover, existing comparisons be-
tween RF and GPR remain limited. To our knowledge, no previous work has compared these models for both Chl-a and TSS across wet
and dry seasons using diverse spectral inputs. The Cradle of Humankind World Heritage Site (COHWHS) in South Africa has been
facing severe water pollution from AMD and sewage effluent in recent years, posing a significant threat to its World Heritage status.
Building upon this context, this study aimed to develop a robust machine learning model for retrieving OAPs using Sentinel-2 data over
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Fig. 1. Locality map of the Cradle of Humankind World Heritage Site (COHWHS) in South Africa and the sampling sites.
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inland surface water under various seasonal conditions. The objectives were: (1) to assess the impact of spectral indices on the per-
formance of robust machine learning algorithms for retrieving inland OAPs under various seasonal conditions, and (2) to compare the
performance of various machine learning algorithms in retrieving key optically active water quality parameters under various seasonal
conditions and different input configuration, i.e., Traditional Landsat-like Bands (TB), comprising of visible and NIR bands without
red-edge; Sentinel-2 Bands (S2), excluding B9 and B10; and Sentinel-2 combined with spectral indices (S2 +Indices). Given the
ecological sensitivity of the COHWHS, its economic contribution and cultural significance, establishing an effective approach for
monitoring the increasing pollution levels in the area is essential. Ultimately, the research advances remote sensing-based water
quality monitoring by identifying the most effective input configurations and the impact of spectral indices and algorithms on Chl-a
and TSS retrieval in optically complex South African waters.

2. Study area

South Africa hosts one of the largest and oldest fossil sites (i.e., The Cradle of Humankind World Heritage Site [COHWHS]), with
more than 500 Australopithecus finds, including “Mrs Ples” and “Little Foot”, and hosts about 40% of the world’s known hominin fossils
(Du Preez, 2019; Mugova and Wolkersdorfer, 2022). Due to its paleoanthropological significance, the COHWHS was declared a World
Heritage Site in 1999 by the United Nations Educational, Scientific and Cultural Organisation (UNESCO) (Makhubela et al., 2019). This
area comprises 13 major fossil sites, including the Bolts Farm, Swartkrans, Sterkfontein, Coopers, Kromdraai, Minnars, Gladysvale,
Malapa, Haasgat, Gondolin, and the Maropeng Visitor Centre. The COHWHS spans approximately 47,000 ha across Gauteng and North
West provinces, located approximately 50 km northwest of Johannesburg and 10 km north of Krugersdorp (Matyukira and Mhangara,
2023). Within this area, key river systems such as the Skeerpoort River, Bloubank River, Crocodile River, and Magaliesburg River exist.
These rivers are under increasing anthropogenic pressure and contamination from toxic substances, primarily from Acid Mine
Drainage (AMD) and wastewater (https://cohwhs.com/page7.html, accessed March 16, 2025) (Lukhele and Msagati, 2024). The
COHWHS is characterised by karst landscapes, formed from chemically weathered dolomitic rock that supports diverse vegetation and
complex hydrogeological systems connected to the polluted waters (Holland and Witthiiser, 2009). Therefore, monitoring water
quality in this area is crucial to preserve its ecological, cultural, and economic significance. Fig. 1 represents the extent of the study area
in the context of South Africa.

3. Methods
3.1. Data

3.1.1. In-situ water sampling and laboratory analysis

Two field campaigns were held in wet (summer) and dry (winter) seasons for Chlorophyll-a (Chl-a) and Total Suspended Solids
(TSS) sampling. The wet season fieldwork was conducted on the 14th and 16th of March 2024, characterised by high-flow waters. On
the other hand, the dry season fieldwork occurred on August 28th and 31st 2024, characterised by low water flow. In both campaigns,
twenty sites were visited, each selected based on accessibility and minimal obstruction from overhead features such as trees (see
Fig. 1). At every sampling location, GPS coordinates were recorded using a handheld Garmin GPSMAP 65S device with an accuracy of
3 m (Lee et al., 2023). Before collection, water bottles were rinsed with water from the source to reduce the risk of contamination, and
the collected samples were stored in a cooler box filled with ice cubes to maintain low temperatures (Gaur et al., 2022). This cooling
step was essential to slow bacterial growth and preserve the samples in conditions as close as possible to those at the time of collection,
ensuring more accurate analytical results (Gaur et al., 2022). The samples were transported to the Hydrology and Water Resources
Laboratory at the Council for Scientific and Industrial Research (CSIR) in Pretoria, where they were stored in a cold room at 4°C (J.
Edokpayi et al., 2016), before being transferred to the CSIR Chemistry Laboratory in Stellenbosch for analysis of optically active water
quality parameters (OAPs) (Table 1).

3.1.2. Remotely sensed satellite data

This study employed the Sentinel-2 data provided by the European Space Agency (ESA). Sentinel-2 consists of three identical
optical sensors, namely the Sentinel-2A which was launched in 2015, Sentinel-2B launched in March 2017 and Sentinel-2C, which was
recently launched in September 2024 (Konapala et al., 2021). Each satellite has a Multi-Spectral Instrument (MSI) sensor with 13
spectral bands and a 290 km swath. Four spectral bands are provided at 10 m (B2, B3, B4, B8), six at 20 m (B5, B6, B7, B8A, B11, B12),
and three bands at 60 m (B1, B9, B10) spatial resolution (Abazaj, 2020). The bands at 10 m present the Visible and NIR (VNIR) region
with B2, B3, B4, and B8 representing the blue, green, red, and NIR bands, respectively. The bands at 20 m are designated for red-edge,

Table 1
Summary statistics of optically active parameters (AOPs), i.e., Chl-a and TSS, collected in the wet (i.e., summer) and dry (i.e., winter) seasons.
Season OAP Min. Max. Median Range Mean Std. Dev. CV (%)
Wet Chl-a (pg/L) 5 653 24 648 92.8 174.29 187.81
TSS (mg/L) 10 1543 53.5 1533 222.25 357.39 160.80
Dry Chl-a (pg/L) 5 382 6 377 45 101.03 224.51
TSS (mg/L) 8 549 39 510 124.65 158.05 126.8
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narrow NIR and Shortwave Infrared (SWIR) bands, specifically red-edge 1, red-edge 2, red-edge 3, NIR-2, SWIR 1, and SWIR 2,
corresponding to B5, B6, B7, B8A, B11, and B12, respectively. Lastly, the 60 m bands are for coastal, water vapour and cirrus clouds
detection. The data is offered in three levels, i.e., “Top-Of-Atmosphere radiances” in sensor geometry, “Top-of-Atmosphere Reflec-
tance” in cartographic geometry, and “Atmospherically corrected Surface Reflectance” in cartographic geometry as Level 1B, Level
1 C, and Level 2 A, respectively (Konapala et al., 2021). Sentinel-2 offers a high revisit time of 10 days at the equator with one satellite
in operation and five days with two operational satellites. It has 2-3 days of revisiting time in other regions, such as COHWHS, where
two swaths overlap (Yang and Jin, 2023). The high resolution makes it ideal for inland water quality monitoring, particularly in small
and narrow water bodies. While Sentinel-2 Level-2A (L2A) imagery corrected using the Sentinel 2 Correction (Sen2Cor) algorithm is
readily available, it was primarily designed for land applications and relies on the Dark Dense Vegetation (DDV) method to estimate
aerosol optical thickness. This assumption makes it less suitable for water surfaces, particularly small or narrow inland water bodies, as
it often fails to correct adjacency effects and may overcorrect aerosol contributions, leading to errors in water-leaving reflectance (Bui
et al., 2022; Caballero et al., 2022). Sentinel-2 Level 1 C images of consistent dates with field campaigns mentioned in 3.1.1, repre-
senting the wet season (i.e., high-flow conditions) and dry season (i.e., low-flow conditions), were retrieved from the Copernicus Open
Access Hub (https://dataspace.copernicus.eu/, accessed on 15 May 2024).

3.2. Data analysis

3.2.1. Data preprocessing

The Image Correction for Atmospheric Effects (iCOR) algorithm (https://remotesensing.vito.be/services/icor, accessed 16 May
2025), developed by the Vlaamse Instelling Voor Technologisch Onderzoek (VITO), was used to correct atmospheric effects on
Sentinel-2 Level 1 C data using the Sentinel Application Platform (SNAP) (De Keukelaere et al., 2018). iCOR is a scene- and
sensor-specific Atmospheric Correction (AC) algorithm compatible with Sentinel-2 MSI and Landsat-8 OLI data. It has been found to be
effective when compared to other AC algorithms in previous studies (Ahmadi et al., 2025; Zolfaghari et al., 2023). Importantly, it
includes the SIMilarity Environmental Correction (SIMEC) module to correct adjacency effects, a key advantage in heterogeneous
environments like inland waters (Wolters et al., 2021). Its surface-adaptive design, minimal user interaction, and reliable performance
in both land and water targets made iCOR the most suitable option for this study. AC is necessary, especially in water quality
monitoring, as atmospheric effects caused by aerosols, water vapour, and gases can contribute up to 90% of the signal received by
optical sensors, affecting retrieval accuracy (Ansper and Alikas, 2019). The atmospherically corrected images were resampled to 10 m
by 10 m spatial resolution using the nearest resampling method, which retains the original values of the imagery.

3.2.2. Synthetic data and experimental scenarios

Due to the lack of extensive data to develop robust machine learning models, we applied Multivariate Empirical Distribution
Modelling (MEDM) to simulate the statistical properties and inter-variable dependencies observed in laboratory and satellite mea-
surements (Smania and Jonsson, 2021). This approach treats inputs as correlated variables following a probability distribution derived
from observed data. The method ensures that the generated data retains the statistical structure of in-situ and laboratory measure-
ments, hence enabling reliable estimations in machine learning model training and validation (Teutonico et al., 2015). Approximately
1000 data points were simulated, resulting in some negative values for Chl-a and TSS that do not exist in reality. Therefore, these were
removed from the data frame, and the remaining data points were used as inputs for machine learning regression analysis. Table 2
presents the summary statistics of data generated by MEDM in wet (i.e., summer season, high-flow conditions) and dry (i.e., winter
season, low-flow conditions). The difference between the synthetic data and laboratory analysis is not major, with a notable difference
of 167 mg/L for TSS and 55 pg/L for Chl-a, occurring under wet conditions, and no difference for both OAPs under dry conditions. The
remaining data was divided into 80% training and 20% testing data for modelling OAP using machine learning algorithms.

Prior to modelling using machine learning algorithms, we divided the input data into three experimental scenarios, i.e., Traditional
bands (TB) denoting the Landsat-like spectral bands covering the visible, NIR and SWIR regions without the red-edge bands, Sentinel-2
bands (S2) which included all Sentinel-2 bands except bands 9 and 10 and Sentinel-2 bands combined with selected spectral indices
(S2 +Indices). The selection of indices was based on our previous work (Rathupetsane and Kganyago, under review). The indices chosen
are presented in Table 3.

3.2.3. Machine learning algorithms
Machine Learning is a subset of Artificial Intelligence that focuses on constructing computer systems capable of learning from data
(Nevo et al., 2022). Due to advancements in computation and algorithms, machine learning has become a valuable tool for

Table 2
Summary statistics of simulated data using the Multivariate Empirical Distribution Modelling (MEDM) approach under wet (summer) and dry
(winter) seasons.

Season OAP n Min Max Range Median Mean Std. Dev CV (%)

Wet Chl-a (ug/L) 542 0.67 613.75 613.08 166.92 179.8 126.22 70.20
TSS (mg/L) 542 1.56 1375.99 1374.42 371.95 404.85 257.56 63.62

Dry Chl-a (ug/L) 521 0.3 327.96 327.66 81.189 92.35 64.45 69.79
TSS (mg/L) 521 0.07 605.07 605 158.12 177.07 119.47 67.47
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understanding non-linear relationships and generating automatic predictions (Zehra, 2021). To model Chl-a and TSS, two machine
learning algorithms were implemented in the R Statistical software, i.e., Random Forest (RF) and Gaussian Process Regression (GPR).
Each model was evaluated independently for each season and OAP, using the same experimental scenario (including training and
testing data) for consistency.

RF is a supervised machine learning algorithm for classification and regression analysis (Breiman, 2001) that uses decision trees,
where each tree is trained on a random subset of the input features. The model generates a diverse set of uncorrelated trees by
introducing this randomness at each node. For regression tasks, the RF model combines the predictions of all individual trees by
averaging their outputs (Arias-Rodriguez et al., 2020). This ensemble approach reduces model variance and minimises the risk of
overfitting by leveraging the collective strength of multiple independent learners (Joshi et al., 2023; Ngwenya et al., 2025). It is one of
the most widely used machine learning algorithms due to its consistent superiority against other machine learning algorithms (Karimi
etal., 2023; Ngamile et al., 2025; Saberioon et al., 2023). Moreover, it offers the variable importance of the predictor variables, which
helps understand the influence of each predictor on the prediction outcomes. The study utilises the permutation importance, which
uses the mean decrease in accuracy (%IncMSE) implemented through the varImp() function in the caret R package. This metric
quantifies importance by measuring the increase in prediction error when the values of each predictor are randomly permuted. A
larger %IncMSE indicates a more influential variable. Permutation importance is considered more reliable than impurity-based metrics
because it directly evaluates a variable’s contribution to predictive performance on out-of-bag samples. The hyperparameters required
in RF include the number of trees in the forest (i.e., ntree) and the number of samples needed at each node (i.e., mtry). The RF models
were executed using the ‘randomForest” R package. The variable importance was scaled from 0 to 100, allowing comparison of
predictor influence on the modelled AOP.

On the other hand, GPR is a versatile, non-linear, kernel-based method grounded in a Bayesian framework. As a non-parametric
probabilistic model, GPR captures complex relationships between inputs and outputs without assuming a predefined functional
form. Unlike traditional regression techniques that aim to determine a single best-fit model, GPR estimates a distribution over possible
functions and computes posterior predictive distributions for new test inputs (Das, 2025). This approach enhances predictive
robustness and enables explicit quantification of uncertainty in model predictions. The performance of a GPR model is heavily
influenced by the choice of a kernel function, which defines the degree of similarity between data points (Varvia et al., 2023).
Typically, an empirical Bayes strategy is employed, wherein the hyperparameters are optimised by maximising the log marginal
likelihood (Garcia-Nieto et al., 2020). The hyperparameter for the Radial Basis kernel function (rbfdot), used here, includes the signal
variance, which controls the vertical scaling of the kernel function and the noise variance, representing the level of Gaussian white
noise assumed to be independently and identically distributed across observations. The GPR model was executed using the ‘gausspr’ R
package.

The tuning parameters for both RF and GPR were optimised using the GridSearch strategy. The ntree values from 50 to 500 with an
interval of 50 and the mtry values from 1 to 8 were evaluated using a 5-fold cross-validation. For GPR, the signal variance and noise
variance were also tuned using 5-fold cross-validation, with no specified ranges, allowing the model to select the kernel hyper-
parameter that minimises the prediction error.

3.2.4. Validation metrics

We used various statistical metrics, i.e., coefficient of determination (R?), Mean Absolute Error (MAE), Root Mean Squared Error
(RMSE), and Bias, which are commonly used to assess the accuracy and reliability of regression models in literature (Rodriguez-Lopez
et al., 2023). The R? (Eq. 1) measures the relationship between actual and predicted water quality OAPs. The RMSE (Eq. 2) and MAE
(Eq. 3) measure the prediction error of a model. RMSE evaluates the square root of the average squared differences between predicted
and actual values, while MAE calculates the average absolute differences, offering a more direct measure of prediction accuracy
(Garcia-Nieto et al., 2020). Bias (Eq. 4) measures the average difference between predicted and actual values, providing insight into

Table 3
Optimal spectral indices used as input with spectral bands for estimation of Chl-a and TSS under wet (i.e.,
summer) and dry (i.e., winter) conditions.

Season OAP Spectral index R?
Wet Chl-a B8 — B11 0.25
B12
B8A — B11 0.25
B12
TSS B7 — B8 0.74
B12
B6 — B8 0.63
B12
Dry Chl-a B7 —B6 0.12
B7 + B6
B7 0.12
B6
TSS B4 - B5 0.64
B12
B6 — B7 0.55
B12
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the model’s ability to reduce under- and over-estimations (Tian et al., 2022). The model is said to perform well if it has a higher R? (i.e.,
closer to 1) and lower RMSE and MAE values. In contrast, the model performs well when the Bias is close to 0, showing less under- and
over-estimation.

S (X - Y
RP=1-1 e8]
Y(X - Y
i=1
2
RMSE — Z;w 2)
MAE — Z:‘ZIL;Y" (3)
1-X - Y
Bias = = Z% 4

i=1

X; is the actual value, Y; is the predicted value, and n is the number of samples.
4. Results
4.1. Hyperparameter tuning of machine learning algorithms

The optimal hyperparameters for Random Forest (RF) and Gaussian Process Regression (GPR) under various experimental sce-
narios and seasonal conditions are presented in Table 4. These hyperparameters were used to train the RF and GPR models for Chl-a
and TSS.

4.2. Performance of machine learning algorithms under various experimental scenarios

Different experimental scenarios, i.e., Traditional Landsat-like bands (TB), Sentinel-2 bands (S2), and Sentinel-2 and spectral
indices (S2 +Indices), were tested to retrieve Chl-a and TSS under wet (i.e., summer) and dry (i.e., winter) seasonal conditions using
Random Forest (RF) and Gaussian Process Regression (GPR). The prediction accuracy results for Chl-a are presented in Figs. 2 and 3 for
RF and GPR, respectively. The RF model, comprising Traditional Landsat-like bands (i.e., RF-TB), performed poorly with very low R2
values (0.004 in both wet and dry seasons) and high levels of errors (RMSE > 135 pg/L and > 72 pg/L in wet and dry seasons) (Fig. 2[a]
and [b]), respectively. On the other hand, when using S2 spectral bands (i.e., RF-S2), the model improved substantially under wet
conditions (Figure [c]), achieving R? of about 0.44 and RMSE = 98 pg/L, but provided only marginal gains in accuracy under dry
conditions (Fig. 2 [d], i.e., R2 = 0.01. The addition of S2-derived spectral indices (S2 +Indices) further improved RF performance,
reaching R? = 0.47 under wet conditions (Fig. 2[e]) and reduced errors (RMSE = 96 ug/L), though the performance remained weak
(R? = 0.025) under the dry season (Fig. 3[f]). The results for Chl-a retrieval using GPR models for the wet and dry seasons are
illustrated in Fig. 3. Using the TB inputs, the performance was low under wet conditions (Fig. 3[a]), with RZ = 0.044. However, when
using S2 (Fig. 3[c]), the performance increased markedly, to R? = 0.57 and RMSE < 87 ug/L. The best results were achieved with
$2 +Indices model achieving an R? of 0.70 with the lowest RMSE < 72.24 ug/L and MAE < 59 pg/L) under wet conditions. However,
all models failed to reliably predict Chl-a under dry conditions, where R? values were below 0.03 for RF and below 0.02 for GPR.
Overall, the GPR models showed consistently higher accuracies than RF for both seasons, except for the GPR-S2-Indices in dry
conditions.

The results for TSS in both wet and dry seasons, using RF and GPR, are shown in Figs. 4 and 5, respectively. RF comprising the
Traditional Landsat-like bands (i.e., RF-TB) achieved the lowest accuracy during the wet (summer) season, achieving an R?0f0.33 and
RMSE of 211 mg/L. During the dry (winter) season, the R? improved markedly by about 17% and the RMSE reduced by 136 mg/L.
Expanding the input set to include red-edge bands (i.e., S2) and indices (i.e., S2 +Indices) yielded incremental gains in RF models, with

Table 4
Optimal hyperparameters of the Random Forest (RF) and Gaussian Process Regression (GPR) models under different experimental scenarios, i.e.,
Traditional Landsat-like bands (TB), Sentinel-2 bands (S2), and Sentinel-2 and spectral indices (S2 +Indices), and seasons, i.e., wet (dry).

Chl-a TSS
TB S2 S2 +Indices TB S2 S2 +Indices
RF ntree 500 500 500 500 500 500
mtry 2 (1) 8 (1) 8(1) 1(6) 7(8) 8(8)
GPR Noise variance 0.65 (0.79) 0.29 (0.76) 0.27 (0.73) 0.49 (0.31) 0.35 (0.33) 0.35 (0.36)
Signal variance 0.47 (0.62) 0.19 (0.21) 0.10 (0.11) 0.50 (0.57) 0.24 (0.23) 0.12 (0.11)
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Fig. 2. Scatter plots for Chl-a predictions in the wet (i.e., summer) season [(a), (c), (e)] and in the dry (i.e., winter) season [(b), (d), (f)] using
Random Forest (RF) under various experimental scenarios, i.e., Traditional Landsat-like bands (TB), Sentinel-2 bands (S2), and Sentinel-2 and
spectral indices (S2 +Indices). Panels (a) and (b) are for RF-TB, while (c) and (d) are for RF-S2, and (e) and (f) are for RF-S2 +Indices.

the RF-S2-Indices model achieving the highest R? value of 0.44 during the wet conditions. However, the adding red-edge bands and
indices did not necessarily improve the performance during the dry season, with RF-TB achieving an R? equivalent to RF-S2, while
$2 +Indices resulted in a slightly worse R? of about 0.49. Using the TB inputs, it achieved an R? that is better than RF-TB by 10% and 7%
during wet and dry conditions, respectively. Using S2 further improved the results, achieving better R? than RF-S2 by 16% and 9%
during wet and dry seasons, respectively. The GPR-S2-Indices provided the most robust results during the wet season, achieving the
lowest RMSE of approximately 159 mg/L, though slightly lower R? than GPR-S2. In the dry season, the performance of GPR-S2-Indices
was slightly lower (R? = 0.537) than that of GPR-TB and GPR-S2. Overall, GPR consistently showed lower RMSE and MAE compared to
RF, especially with the inclusion of additional spectral bands and indices across both seasons. Both RF and GPR models achieved better
performance for TSS than for Chl-a, with generally higher R? values and lower errors than those achieved for Chl-a.

4.3. Variable importance

The results for RF variable importance for each model are presented in Fig. 6 for the wet (summer) and dry (winter) seasons. The
performance of the RF-S2 and RF-S2-Indices models for Chl-a was mainly influenced by B1, exhibiting maximum importance in both
seasons. For the wet season (summer), B5, B8, and B12 were the second most influential features, followed by the B8A-B11-B12
spectral index and B11. B6 did not influence both models, while B8A did not contribute to the RF-SB model. The RF-TB model
identified B8 as the most influential, reaching maximum importance, followed by B2 and B3. B4 made no contribution to the model's
performance. During the dry (winter) season, the other influential features after B1 were B6, B4, B2, B5, and B7 in sequential order of
importance for the RF-S2 model. In contrast, the index: B6-B7-B12, and the spectral bands: B12, B3, B5, and B2 (in order of impor-
tance), were the second most influential features in the RF-S2-Indices model. B8A exhibited no contribution to the RF-S2 model per-
formance while showing the least contribution to the RF-S2-Indices model. In the RF-TB model, the most influential features were B3,
followed by B8, B2, and B4, B12 had no contribution to model performance.

The performance of RF-S2 and RF-S2-Indices TSS models during the wet season was mostly influenced by B5 and B3. The RF-S2-
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Fig. 3. Scatter plots for Chl-a predictions in the wet (i.e., summer) season [(a), (c), (e)] and in the dry (i.e., winter) season [(b), (d), (f)] using
Gaussian Process Regression (GPR) under various experimental scenarios, i.e., Traditional Landsat-like bands (TB), Sentinel-2 bands (S2), and
Sentinel-2 and spectral indices (S2 +Indices). Panels (a) and (b) are for GPR-TB, while (c) and (d) are for GPR-S2, and (e) and (f) are for
GPR-S2 +Indices.

Indices identified the B7-B8-B12 as the third most influential and B4 as the fourth, while RF-S2 had B4 as the third most influential
feature. In the model with traditional Landsat-like bands, i.e., RF-TB, the performance was mostly influenced by B4, followed by B3 and
B12, while B6 exhibited no contribution. During the dry (winter) season, B4 had the highest influence on performance of all models, B2
was the second most important feature, and B11 was third. Overall, during the dry season, B6, B7, and B8A exhibited marginal
contributions to the performance of RF-S2, and RF-S2-Indides, while B3 and B12 had the least contributions for the RF-TB model.

4.4. Spatial distribution of optically active water quality parameters

The best models, i.e., GPR-S2-Indices, were utilised to predict the seasonal spatial distribution of Chl-a and TSS using Sentinel-2
imagery for Cradle Moon Lake, i.e., the largest dam in the study area (see Fig. 1). As shown in Fig. 7, the spatial distribution of
Chl-a in the Cradle Moon Lake ranges between 0 and 271.9 ug/L and 45-151.3 ug/L during the wet (summer) and dry (winter) seasons,
respectively, indicating higher wet season concentrations than dry season. Moreover, higher concentrations of Chl-a are found towards
the edges of the lake, with low-median concentrations (blue-dark green) in the middle of the lake. In contrast, the TSS concentration
ranged between 86.9 and 605.3 mg/L and 24.2-350 mg/L under wet and dry conditions, showing decreased concentrations in the dry
season. The highest concentrations (orange-yellow) are found at the edges of the lake, while the lowest concentrations (blue-red) are
found in the middle in wet conditions. However, in dry conditions, the distribution shows high TSS concentration on the edges except
in the western part of the lake, while the middle is dominated by the median concentrations.
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Fig. 4. Scatter plots for TSS predictions in the wet (i.e., summer) season [(a), (c), (e)] and in the dry (i.e., winter) season [(b), (d), (f)] using Random
Forest (RF) under various experimental scenarios, i.e., Traditional Landsat-like bands (TB), Sentinel-2 bands (S2), and Sentinel-2 and spectral indices
(82 +Indices). Panels (a) and (b) are for RF-TB, while (c) and (d) are for RF-S2, and (e) and (f) are for RF-S2 +Indices.

5. Discussion
5.1. Influence of spectral indices on the performance machine learning algorithms

This study examined the impact of three input variables on model performance using the Random Forest (RF) and Gaussian Process
Regression (GPR). Three input configurations were tested. Traditional Bands (TB), comprising visible and near-infrared bands without
red-edge information; Sentinel-2 Bands (S2), which included all Sentinel-2 bands except Bands 9 and 10; and Sentinel-2 with derived
spectral indices (S2 -+Indices), which combined full-band reflectance with optimised indices derived from spectral analysis. Comparing
TB, S2, and S2 +Indices inputs demonstrates that model performance systematically improved as more spectral information was
included. For Chl-a estimation, the TB models captured only basic reflectance-OAP relationships, explaining only 4% of the variability
and reporting the largest errors in both seasons due to limited spectral information (See Table 5). Expanding to full Sentinel-2 bands
introduced key red-edge and SWIR features, improving model robustness, especially during the wet season, with a correlation
improvement of over 44%. This aligns with findings from our systematic review currently under review (Rathupetsane et al., Under
review) and previous studies (Mishra and Mishra, 2012; Mpakairi et al., 2024; Tian et al., 2024), which indicates that the red-edge
bands make a significant contribution to the accurate estimation of Chl-a. For example, Pahlevan et al. (2022) compared Landsat-8
and Sentinel-2/3 in estimating Chl-a in selected global waters, and the accuracy was limited due to the lack of red-edge bands.
Moreover, they noted that the bands were more effective on high Chl-a concentrations (> 5 mg/m®). Similarly, higher pixel uncer-
tainty (Saranathan et al., 2023) and underestimations (Ahmadi et al., 2025; Mpakairi et al., 2024) are observed in Landsat-8 data
compared to Sentinel-2 data. This is also supported by the inclusion of the red-edge bands (B5, B6, B7) among the most influential
bands on model performance (Fig. 6).

Adding derived indices in S2 +Indices enhanced the models by incorporating interactions among bands sensitive to scattering and
absorption, resulting in the highest R? value of 0.70 for Chl-a. For TSS, the S2 +Indices models improved accuracy by 3% relative to the
RF model while reporting the lowest errors on the GPR model during wet conditions. This supports previous research (Leggesse et al.,
2023; Mpakairi et al., 2024; Ngamile, Kganyago, et al., 2025), which indicates that the inclusion of spectral indices enhances predictive
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Fig. 5. Scatter plots for TSS predictions in the wet (i.e., summer) season [(a), (c), (e)] and in the dry (i.e., winter) season [(b), (d), (f)] using
Gaussian Process Regression (GPR) under various experimental scenarios, i.e., Traditional Landsat-like bands (TB), Sentinel-2 bands (S2), and
Sentinel-2 and spectral indices (S2 +Indices). Panels (a) and (b) are for GPR-TB, while (c) and (d) are for GPR-S2, and (e) and (f) are for
GPR-S2 +Indices.

performance. For instance, Ngamile, Kganyago, et al. (2025) compared the performance of RF using Sentinel-2 bands against
Sentinel-2 bands combined with indices such as Normalised Difference Vegetation Index (NDVI), Normalised Difference Chlorophyll
Index (NDCI), Maximum Chlorophyll Index (MCI), Red-Green Index (RGI), and Fluorescence Line Height (FLH) in the Cradle of
Humankind World Heritage Site (COHWHS). Their results showed increased performance across OAPs, especially during the dry
season. Ruescas et al. (2018) reported models using Sentinel-2 bands and Ratio Index (RI) superior to RI-only or Sentinel-2 bands-only
for CDOM, achieving an R? > 0.93. Similarly, Hafeez et al. (2019) tested TSS, Chl-a, and turbidity in the Pearl River using RF, SVR,
ANN, and CatBoost with band combinations and single bands in the VNIR region, achieving good accuracy (R? >0.71). The effec-
tiveness of spectral indices on model accuracy is more emphasised by their importance level on the variable importance analysis

(Fig. 7). For example, B84-B11 had more contribution than B2, B3, B4, B6, B7, B8A, and B11 in the wet condition for estimating Chl-a.

Similarly, 22-58 was the third most influential variable for TSS during the wet season. On the other hand, 2757 was the second most

influential variable during dry conditions after B1 for Chl-a estimations. Additionally, 87, 57-55  and 8455 contributed more than B4,
B6, B7, B8, B8A, and B11 on Chl-a model’s performance. These results align with previous research, which found that the inclusion of
spectral indices made a greater contribution to the model’s accuracy than some individual bands (Mpakairi et al., 2024; Ngamile,
Kganyago, et al., 2025; Zheng et al., 2024).

During the dry season, the inclusion of spectral indices did not improve the model’s accuracy in estimating TSS, where it was
surpassed by the TB and S2 models by up to 6%. This has been reported by Ngamile, Kganyago, et al. (2025) in estimating Chl-a and
TSS in COHWHS. Their results showed that S2 +Indices models improved performance only during the wet season, while under-
performing in the dry season for Chl-a and reporting the same correlation for TSS with an error improvement of 1.2 mg/L. Similarly,
Mpakairi et al. (2024) reported that Landsat-8 bands (similar to TB) and Sentinel-2 bands models performed better than S2 +Indices
model (R? = 0.80) when estimating Chl-a in Nandoni Dam, reporting R? values of 0.87 and 0.89, respectively. Furthermore, Adjovu
et al. (2024) reported the best model with only spectral bands (R2 = 0.88), while models with spectral indices and spectral bands
underperformed (R% = 0.45-0.86). This suggests that including spectral indices improves the model’s performance, although not in all

11
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Fig. 6. The variable importance of Random Forest (RF) models for Chl-a in wet (summer [a]) and dry (winter [b]), and TSS in wet (summer [c]) and
dry (winter [d]) seasons.

cases.

5.2. Sensitivity of machine learning algorithms to seasonal OAPs distributions

The RF model has been recorded to perform well in water quality monitoring, particularly due to its ensemble structure and
resistance to multicollinearity compared to other machine learning algorithms (Khan et al., 2024; Kim et al., 2022; Ma et al., 2021;
Saberioon et al., 2023). For example, Leggesse et al. (2023) and Kupssinskii et al. (2020) achieved R? values above 0.7 to predict Chl-a
and TSS in various aquatic systems. In this study, the RF performed moderately in summer with R? values of 0.47 for Chl-a and 0.51 for
TSS, in line with results from Joshi et al. (2024) and Arias-Rodriguez et al. (2023), who reported comparable R? values of 0.55 and
0.41, respectively. However, previous research (Arias-Rodriguez et al., 2020; Nguyen et al., 2021) has demonstrated that RF under-
performs GPR. GPR’s superiority is attributed to its kernel-based flexibility and probabilistic framework, which effectively capture
complex spectra-Chl-a and spectra-TSS relationships, especially with small or noisy datasets. The results of this study further support
the effectiveness of GPR, as models demonstrated superior accuracy across all configurations, seasons, and parameters compared to the
RF models, except for Chl-a during the dry season, with a 1% difference. This comparison also allowed for assessing how band diversity
and feature integration affect model sensitivity to the optical characteristics of Chl-a and TSS. The performance of RF and GPR models
showed that model accuracy varied substantially by parameter, season, and input type, highlighting the interplay between spectral
input diversity and algorithmic flexibility (See Table 5).

The seasonal analysis reveals that Chl-a was better predicted in wet conditions, whereas TSS was well predicted in dry conditions by
both models. This is due to Chl-a peaks in late summer, where higher temperatures and light availability favour algal proliferation. This
allows for a strong and distinct spectral signature, with the highest absorption around 440 nm and the highest reflectance around NIR,
making it more detectable (Dalu et al., 2015; Gitelson et al., 1993). This is supported by the clear importance of B1, B5, B8, and B12)
(Fig. 6) on Chl-a estimations during wet conditions and aligns with Joshi et al. (2024), who also found the BO3 (442.5 nm), B04
(490 nm), B11 (708.75 nm), B16 (778.75 nm), and B21 (1020 nm) majorly influenced the predictiveness of the RF model using
Sentinel-3 OLCI. These findings indicate that while Chl-a absorption dominates in the blue region, combinations integrating longer
wavelengths helps to stabilise retrievals under optically complex conditions (Neil et al., 2019; Toming et al., 2016). In dry conditions,
Chl-a is poorly predicted because lower concentrations exhibit a weaker spectral signal, which is weakened by scattering. Conse-
quently, models depend on a wider range of variables, with no single wavelength dominating pigment retrieval. Moreover, the
collection date (i.e., August) in this study was characterised by windy weather, which might have contributed to the suspension of
sediments, masking Chl-a absorption (Leggesse et al., 2023). Consequently, this improved TSS retrieval during dry conditions.
Although TSS concentrations were high during the wet season, introduced by rainfall, they have been found to promote algal bloom
conditions assisted by higher temperatures, which might have overpowered their reflectance, leading to reduced retrieval accuracy.
This spatial pattern corresponds with the spatial distribution (Fig. 7), and high concentrations of Chl-a and TSS are found on the edges
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(a)

Chl-a (ug/L)
271,86
198,71
148,54
98,36
0

TSS (mg/L)
605,3
407,57
314,42
221,27
86,89
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(b)

Chl-a (ug/L)
151,27
123,65
102,47
81,3
45,49

TSS (mg/L)
350,09
252,95
181,99
111,03
24,24

Fig. 7. Spatial distribution of Chl-a [(a) and (b)] and TSS ([c) and (d)] in wet season (summer; left) and dry season (winter; right) [c) and d)] using
the Gaussian Process Regression S2 + Indices model (GPR-S2-Indices).

Table 5

Accuracy Assessment of Chl-a and TSS in wet (summer) and dry (winter) using traditional bands, Sentinel-2 bands, and spectral indices plus Sentinel-2
bands for Random Forest (RF) and Gaussian Process Regression (GPR).

OAP Model Wet (summer) Dry (winter)
R? RMSE MAE Bias R? RMSE MAE Bias

Chl-a RF-TB 0.004 135.94 106.91 3.84 0.004 72.35 57.81 2.04
RF-52 0.44 98.14 79.67 5.53 0.01 71.51 55.56 3.75
RF-S2-Indices 0.47 96.31 77.89 4.96 0.03 70.18 54.02 5.26
GPR-TB 0.04 129.03 104.11 2.45 0.01 71.36 55.88 3.17
GPR-S2 0.57 86.9 69.84 7.78 0.02 70.81 53.35 5.74
GPR-S2-Indices 0.70 72.24 58.88 4.19 0.02 71.23 53.56 7.59

TSS RF-TB 0.33 211.39 173.08 30.03 0.50 74.57 58.05 -1.44
RF-S2 0.41 197.81 162.94 23.46 0.51 73.61 56.47 -3.58
RF-S2-Indices 0.44 191.12 157.29 15.73 0.49 75.38 58.08 -2.34
GPR-TB 0.43 197.99 104.11 28.63 0.57 68.43 55.88 0.35
GPR-S2 0.56 179.46 69.84 18.6 0.60 66.86 53.35 -1.11
GPR-S2-Indices 0.51 159.36 58.88 14.37 0.54 71.43 53.56 -3.79

of the lake, more specifically, on the southern part of the lake. This is where the inflow from the contaminated Bloubankspruit and
Crocodile Rivers (Lukhele and Msagati, 2024) joins the lake and decreases towards the northern side due to vertical mixing. In contrast,
during the dry season, both Chl-a and TSS concentrations were substantially reduced and more evenly distributed across the lake,
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suggesting effects from internal processes, such as phytoplankton settling and reduced vertical mixing, dominate water quality
variability when hydrological inputs are low (Sommer et al., 1986; Toming et al., 2024). The concentrations reported in the COHWHS
indicate highly polluted waters, which align with the findings of Lukhele and Msagati (2024), who reported that waterbodies across
the area and the country are highly polluted. Increased Chl-a concentrations and TSS concentrations hinder light penetration and
deplete oxygen for the organisms present in the lake (Ngamile, Kganyago, et al., 2025). This emphasises the need for more effective
monitoring of water quality in the area to maintain the ecological and cultural status of COHWHS, economic contribution, and access
to clean water for humans and animals.

Overall, our study demonstrates the effectiveness of machine learning algorithms in estimating OAPs. Moreover, the inclusion of
spectral indices as input with spectral bands improving the prediction accuracy of models. However, the accuracy reported in this
study is lower than that of previous research, which used spectral indices and spectral bands as inputs for machine learning algorithms.
Leggesse et al. (2023) and Zhang et al. (2024) reported R? > 0.70 for Chl-a in Hulun Lake and Lake Tana using the RF model. This
difference can be attributed to the water conditions exhibited in the studies, which show lower concentrations (<192 ug/L) compared
to those reported in the COHWHS (Table 1 and Fig. 7). Moreover, these studies utilised the RI, DI, SI, NDI, and 3-BDA (Gitelson et al.,
2008), with spectral bands that could have enhanced the accuracy of the models. Our results showed higher performance on Chl-a (R?
= 0.47) during the wet season than those of Ngamile, Kganyago, et al. (2025) in the COHWHS using RF (0.23). This can be attributed to
differences in the spectral indices used: they used established indices, while we used optimal indices tailored for COHWHS. These
indices have demonstrated higher performance in COHWHS than well-established indices, achieving a correlation of up to 74%,
whereas established indices have reached a correlation of up to 68% (Rathupetsane and Kganyago n.d.). However, our methods
underperformed in estimating TSS accuracy, achieving less than 50%, while Ngamile, Kganyago, et al. (2025) reported greater than
50%. This can be attributed to the synthetic data used here, whereas they used real data, and lower concentrations than we did. While
the removing outliers has been recommended to improve model accuracy, this approach limits the model’s application for operational
purposes, as these outliers exist in reality. Therefore, their exclusion may lead to inaccurate reporting, resulting in the misleading
formulation of policies and water management decisions.

5.3. Limitations of the study

This study demonstrated the utility of Sentinel-2 spectral information and spectral indices in improving the performance of ma-
chine learning algorithms in estimating OAPs in the COHWHS. However, several limitations are observed, resulting in lower accuracies
than in previous research. The reduced accuracy can be attributed to the wide range of data, which spans both high and low con-
centrations. This is similar to Blix and Eltoft (2018), who reported reduced accuracy when predicting combined datasets from stations
exhibiting both low and high concentrations than when estimating the stations separately. This highlights the limitation of
single-output machine learning algorithms when dealing with diverse data for predicting OAPs in highly productive waters. Their
failure to utilise the relationship between parameters where multiple OAPs influence the same spectral regions and exist in the same
water body limits them. This might be enhanced by the use of multi-output machine learning algorithms that utilise the relationship
between OAPs as recommended by Rathupetsane and Kganyago (Under review) and Rathupetsane et al. (Under review). These have
been reported to exhibit excellent accuracy in forestry (Sahin et al., 2019; Varvia et al., 2023) and social affairs (Buebos-Esteve and
Dagamac, 2024), but their transferability has not been explored. Moreover, the study utilised synthetic data generated by simulating
satellite and laboratory data using Multivariate Empirical Distribution Modelling (MEDM). This nonparametric method offers several
advantages in water quality monitoring. First, it preserves the complex interdependencies among water quality variables such as Chl-a
and TSS, ensuring that the simulated data accurately reflects real-world conditions (Smania and Jonsson, 2021). Second, it is
particularly useful in water quality analysis due to its flexibility, as it does not assume any predefined statistical distribution, making it
robust against skewed data, outliers, or multimodal distributions common in water quality datasets. However, this method is limited in
remote sensing applications. This study focused solely on broad seasonal trends, overlooking the specific conditions of autumn and
spring, which might provide transitional conditions between the wet and dry seasons or between the dry and wet seasons. Future
research should extend the temporal scope of observations to include multiple hydrological cycles and extreme events, thereby
improving model calibration and transferability. Moreover, collaboration between researchers, environmental managers, and local
authorities is essential to integrate these models into operational water quality monitoring frameworks and to align sampling dates
with satellite passes, particularly in clear locations with no tree coverage for satellite observation. Addressing these limitations, the
remote sensing-based monitoring of water quality can be enhanced, allowing cost-effective while achieving high accuracy for decision
making and policy formulation across the world.

6. Conclusion
6.1. Main findings

This study demonstrated the potential of integrating Sentinel-2 imagery with robust machine learning algorithms to estimate
Chlorophyll-a (Chl-a) and Total Suspended Solids (TSS) across diverse aquatic systems in the Cradle of Humankind World Heritage Site
(COHWHS). By comparing traditional Landsat-like bands (TB), Sentinel-2 bands (S2), and Sentinel-2 bands combined with spectral
indices (S2 +Indices), this study showed that incorporating S2 red-edge bands and carefully selected spectral indices significantly
enhanced Random Forest (RF) and Gaussian Process Regression (GPR) performance. GPR consistently outperformed RF across
Optically Active water quality Parameters (OAPs) considered (i.e., Chl-a and TSS), all experimental scenarios (i.e., designed to assess
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the impact of various input configurations), and all seasons. For Chl-a, GPR-S2-Indices achieved the highest accuracy (R = 0.702,
RMSE = 72.24 ng/L), surpassing GPR-TB (R? = 0.04) and GPR-S2 (R* = 0.57) during wet conditions. Similarly, the RF-S2-Indices (0.47)
outperformed the RF-S2 (0.44) and RF-TB (0.004). In contrast, dry season predictions were weak R?< 0.03), reflecting reduced Chl-a
concentrations and lower optical variability. For TSS, the GPR-S2 and RF-S2 models outperformed the S2 +Indices models, achieving
up to R? = 0.60 and RMSE = 66.86 mg/L during the dry season. However, during wet conditions, the $2 +Indices models maintained
their superior position, outperforming S2 and TB. The variable importance analysis revealed that B1, B5, and B12 are important in
estimating Chl-a and TSS. Their prominence reflects the complex and highly turbid nature of COHWHS waterbodies, where elevated
concentrations of OAPs shift reflectance signals toward broader wavelengths from the VNIR to red-edge and SWIR regions, while the
coastal band maintains the absorption peak of OAPs.

Overall, the methodology demonstrated an effective integration of remote sensing, machine learning algorithms, and spectral
indices for monitoring water quality in the COHWHS. Accurate retrieval of Chl-a and TSS also indicates a strong potential to improve
optically inactive parameters in the area, given their dependence on OAP information. At a policy level, the adoption of remote
sensing-based approaches can support the Department of Water and Sanitation’s efforts to expand spatial and temporal coverage of
water monitoring, ultimately aiding in the protection of the regions’ sensitive dolomitic aquifers and ensuring the long-term ecological
sustainability of the COHWHS.

6.2. Limitations

The dataset included a wide range of low and high concentrations of water quality parameters, which may have reduced model
accuracy when using single-output machine learning algorithms. These models do not account for the relationships between optically
active parameters that often coexist and influence similar spectral regions within a water body. Additionally, the study relied on
synthetic data generated using Multivariate Empirical Distribution Modelling (MEDM) to simulate satellite and laboratory observa-
tions. Although this approach preserves relationships between variables and is robust to skewed data and outliers, simulated datasets
may not fully capture the variability present in real environmental conditions. The study also focused mainly on broad seasonal
patterns, excluding transitional seasons such as autumn and spring, which may influence water quality dynamics.

6.3. Recommendations for future research

Future research should investigate the utility of multi-output machine learning algorithms. These algorithms can simultaneously
predict multiple water quality parameters and exploit their interrelationships to improve prediction accuracy. Expanding the temporal
coverage to include multiple hydrological cycles, extreme events, and transitional seasons would also improve model robustness and
generalisation. Furthermore, future studies should prioritise the collection of extensive in-situ datasets and strengthen collaboration
between researchers and environmental management authorities. Aligning field sampling with satellite overpass times would improve
the reliability of satellite-derived water quality estimates and support the operational use of remote sensing technologies for long-term
water quality monitoring.
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