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Abstract 

The Colorado River and its tributaries housed in the Colorado River Basin (CRB) are the primary 

source of water to the western United States and the Republic of Mexico. The river system is under 

intense stress due to prolonged drought and anthropogenic activities which have worsened its water 

quality. Total dissolved solids (TDS) and total suspended solids (TSS) are two water quality 

parameters (WQPs) that are crucial to the sustainability of the river system. These parameters are 

noted to have caused varied severity to the sustenance of the basin’s water. Monitoring of these WQPs 

has been conventionally conducted using field and laboratory analysis which are cost and labor-

intensive. This study utilized a novel method to effectively develop machine learning (ML) models 

to estimate TDS and TSS concentrations in the CRB by utilizing the potential of optically sensitive 

multispectral Sentinel 2 A/B Multispectral Scanners (MSI) and Landsat 8 Operational Land Imager 

(OLI) remote sensing (RS) data retrieved from the Google Earth Engine (GEE) and in situ 

measurements collected from 2013-2022. Several standalone models such as linear regressions (LR), 

ridge regressions (Ridge), lasso regressions (Lasso), and k-nearest neighbor (KNN), and ensemble 

methods including the gradient boosting machines (GBM), random forest (RF), adaptive boosting 

(AdaBoost), eXtreme gradient boosting (XGBoost), and bagging were applied for the accurate 

estimation of TDS and TSS. Results found ensemble models like the XGBoost as the most optimal 

model estimating TDS using images from both Sentinel-2 MSI and Landsat 8 OLI with performance 

on the external validation dataset derived as 0.99, 26.52 mg/L, and 19.19 mg/L, respectively for R2, 

RMSE, and MAE for Sentinel-2 images. The XGBoost yielded R2, RMSE, and MAE of 0.97, 35.82 mg/L, 

and 27.90 mg/L, respectively. The AdaBoost was found to be best model for TSS estimations with 

values of 0.92, 29.48 mg/L, and 24.64 mg/L, respectively, for R2, RMSE, and MAE for the Sentinel-2 

image on the external validation dataset. The RF model was found to be the optimal model for TSS 

estimations with the Landsat 8 OLI with reported R2, RMSE, and MAE of 0.90, 32.80 mg/L, and 22.91 

mg/L, respectively on the external validation dataset. These findings show great potential of utilizing 

RS data to produce cost-efficient spatiotemporal changes on the WQPs which has an important 

implication for the continuous management of the limited water resources. Further study should 

consider the effect of land use land cover, runoff, and other climatic data to understand the 

complexity and dynamics of these parameters on TDS and TSS in the river. 

Keywords: ensemble models; machine learning (ML); monitoring; remote sensing (RS); total 

dissolved solids (TDS); total suspended solids (TSS); sustainability; standalone models 
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1. Introduction 

The Colorado River and its tributaries are housed in the about 657,000 sq. km area Colorado 

River Basin (CRB) located in the southwestern United States [1]. The Colorado River is a complex 

regulated river system ranked 6th out of 135 rivers in the US with lengths of more than 160.93 km. 

The river is joined by several tributaries with major ones as San Juan, Gunnison, White, Yuma, Virgin, 

Green, Little Colorado, Gila, and Delores Rivers [2]. The river houses several large reservoirs 

including Lake Powell and Lake Mead whose water levels are drastically declining due to significant 

drought, climate change, and increased water demand by the growing population [1].  

The issues of drought and stress in the river systems are aggravated by increased water 

impairment caused by anthropogenic activities resulting from the negative impacts of urbanization. 

Water impairment has negative impact on the recreational and commercial activities of the water 

body [3,4]. Total dissolved solids (TDS) or Salinity and total suspended solids (TSS) or suspended 

sediment concentration (SSC) are two water quality parameters (WQPs) that degrade the quality of 

many water systems including the Colorado River.  

TDS and TSS concentrations have a direct impact on the water use, the ecological health and 

ecosystem of the river basin and require monitoring to ensure the resilience and sustenance of the 

basin’s water. High levels of TDS and TSS in the Colorado River affect the appearance, taste, and 

safety of the river’s water for human consumption and support of the aquatic ecosystem [5–7]. 

Although TDS concentration is a secondary drinking water regulations with no enforcement, the US 

Environmental Protection Agency (EPA) limits TDS concentration in drinking water to be 500 mg/L 

[8–10]. TSS concentration is regulated differently by states. Some states use numerical or narrative 

criteria while others use both. Some states have no criteria. Those states that use numerical criterion 

have limited TSS in waterbodies have been limited to 30 to 158 mg/L [11]. The tolerance level of TSS 

concentration for bottom invertebrates and fishes in waterbodies is limited to 13 mg/L and 90 mg/L, 

respectively [10,11]. 

TDS concentration is most naturally occurring as significant amount of salts sediments in the 

river is said to have been deposited in the prehistoric marines. An estimated 55% of the TDS in the 

river is accounted for by natural sources including runoff and groundwater intrusion. Agricultural 

and irrigation activities account for 37% of the salt contribution while 8% is accounted for my 

evaporation, municipal, and municipal sources [12]. The river transports significant amounts of 

erodible salt originating from sedimentary rock and agricultural runoff as it flows from it headwaters 

to its terminus with the salt concentration increasing from about 50 mg/L to 850 mg/L as it crosses its 

US-Mexico border. 

The US and Mexico signed an international water treaty in 1944 which allows the delivery of 

1.85 billion m3 of water annually from the Colorado River to the Republic of Mexico in compliance 

with the Minutes 242 [13–15]. The water discharged to Mexico from the Morelos Dam must however 

comply with an additional increment in TDS of 115± 30 mg/L in addition to the average annual flow-

weighted TDS concentration sets at the Imperial Dam (located at the California/Arizona boundary). 

The seven states within the basin namely California, Arizona, Nevada grouped as Lower Colorado 

River Basin (LCRB), Colorado, Utah, Wyoming, and New Mexico grouped as the Upper Colorado 

River Basin (UCRB) have adopted numerical limits for TDS concentrations for different locations 

namely at the Imperial, below Parker, and below Hoover Dams with concentrations (mg/L) of 879, 

747, and 723 respectively [7,16–18]. The flow weighted average annual TDS concentrations at these 

numerical criterial locations have, however over the past years been considerably reduced drastically 

to values below 750 mg/L TDS levels since the early 2000s due to the salinity control programs 

implemented [17]. The implemented programs is reported to reduce the annual salt loads in the river 

to values exceeding 1.3 million tons with 100 mg/L reduction at the Hoover, Parker, and Imperial 

Dams [19]. 

Measures put in place to control the amount of salinity and associated effects of the salinity in 

the Colorado River is said to have been causing the US in excess of USD 300 million annually in 
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economic damages [6,10,12,14,20,21] with the amount expected to rise to an estimated USD 471 

million by 2025 [22]. 

Extensive sedimentation caused by increased load and concentration of TSS can reduce water 

clarity, reduce light penetration, and negatively impact the photosynthetic process of aquatic plants 

reducing the dissolved oxygen in the water. As a result, the entire food chain of the aquatic ecosystem 

is distributed, which has an impact on the wellbeing and biodiversity of their ecosystems. Increased 

in TSS in the water has the potential to increase water clogging in the gills of fishes and other aquatic 

in the river causing them to die prematurely [23–26]. Additionally, silt buildup in the river’s 

reservoirs and water delivery infrastructure may result in reduced storage capacity and higher 

maintenance and operational expenses.  

Monitoring, management, and assessment of TDS and TSS is therefore necessary to understand 

the changes in the water and to protect and restore the quality of the river’s water in serving its use 

[27–29]. Monitoring and assessment of these WQPs are carried out using conventional method 

measurements such as grab sampling and laboratory analysis. These approaches are, however, cost 

and labor intensive and require more time to conduct. Conventional approaches of measuring these 

parameters are also limited in providing spatiotemporal assessment and real time monitoring of these 

WQPs [30–33]. Remote sensing (RS) approaches however provide synoptic, repetitive measurements, 

and cost-effective approach for monitoring these WQPs as compared to traditional field sampling 

methods [34]. Most RS sensed images are publicly available and come with no cost for developing 

models for WQP estimations. RS models offers a cost-effective tool for the quantification of several 

WQPs including TDS and TSS and have been widely used in several studies [35–38]. The accuracy of 

models developed from RS images depends on several factors including spectral, spatial, and 

temporal resolutions of the sensors as well as the mechanisms applied.  

WQP signal detection by remote sensors is based on the optical characteristics of the parameter 

under study. WQPs are categorized as optically active or optically inactive based on their ability to 

directly influence the optical properties of water measured by the sensors. TSS is an optically active 

parameter meaning it directly impacts the optical properties of the water and can easily be detected 

[39]. Suspended particles in the water can interact with light to produce signal reflectance which can 

be sensed by the RS sensor. TSS also generates a strong backscatter effect that allows light to scatter 

in the water column, enabling it to be detected by RS sensors [40]. TDS on the other hand is a 

spectrally (optically) inactive parameter, and its determination is based on the fact that it has a strong 

correlation with other WQPs with which there may be co-variation [30]. Consequently, spectral 

signatures from images captured by RS sensors are therefore used in conjunction with conventional 

field measurement to establish various models including empirical, analytical, semi-empirical, and 

more recent novel machine learning (ML) or artificial intelligence (AI) models for the accurate 

estimations of WQPs [30,41–51]. 

ML is a form of AI which applies implicit algorithms to capture linear and non-linear 

relationships to solve unlike the conventional or physical models. They works by approximating 

functions to describes patterns in studied phenomenon [30,42,52,53]. Compared to traditional 

statistical approaches, ML models are more recent, recurrent, and gaining tremendous considerations 

in recent studies [54,55]. ML provides a better approach for solving complex and challenging 

problems without prior knowledge compared to physical modes. They provide efficient and 

intelligent extraction of WQPs with high dimensional spectra properties [56]. The recent 

advancement in RS analytics, ML, and cloud computing has provided a novel approach for 

monitoring these WQPs [57]. Integrated remote sensed ML models have emerged as promising, 

novel, and cost-effective estimation of both optically active and inactive WQPs including TSS and 

TDS to address the drawbacks associated with conventional monitoring techniques including 

limitation with spatiotemporal assessment on large scale [52]. ML models are categorized as 

standalone or single and ensemble models. Standalone models are single or individual models which 

are trained and used in independent estimations of WQPs. Some of the widely used standalone 

models include support vector machine (SVM) or regression (SVR), artificial neuron network (ANN), 
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Linear regressors (LR), and K-Nearest Neighbor Model (KNN). Ensemble models on the other hand 

combine multiple single models to boost the accuracy and resilience of predictions. The ensemble 

models work by leveraging on the diversity of each single model and aggregation of their individual 

predictions through series of algorithms to obtain an overall precise and reliable predictions. 

Examples of ensemble models include bagging, gradient boosting machine (GBM) or regression (GB), 

stacking, adaptive boosting (AdaBoost), extra trees (ET), eXtreme gradient boosting (XGBoost), and 

random forest [21,58–60]. 

Researchers in [61] used ML and RS spectral indices (band combinations) to identify water 

quality index (WQI) in the Ebinur Lake Watershed in China. WQPs studied include TDS, various 

anions, and cations. The study utilized the particle swarm optimization (PSO)-SVR model and RS 

spectral indices of a hyperspectral RS data (collected using FieldSpec③3 ASD Spectroradiometer) 

including difference index (DI), ratio index (RI), and normalized difference index (NDI). Findings 

from the result showed the potential of using PSO-SVR model for accurate estimation of WQI with 

an obtained R2 of 92%. 

Researchers in [53] used Landsat 4 and 5 TM, Landsat 7 Enhanced Thematic Mapper Plus 

(ETM+), and Landsat-8 OLI in the US and a feed-forward neural network (FFNN), a cascade forward 

neural network (CFNN), and an extreme learning machine (ELM) to estimate the SSC along major 

fluvial systems, namely Mississippi and Missouri Rivers in the US. The findings show that ELM-

based techniques have the potential to accurately predict SSC for the Landsat 4-5, 7, and 8 sensors 

with R2 > 90% with minimal to no overfitting. 

A study by [62] used Landsat-8 OLI RS data and ML algorithms including RF, SVM, XGBoost, 

AdaBoost, GB, ANN for predicting of Chlorophyll-a, turbidity, and TDS in the Lake Tana located in 

the Tropical Highlands of Ethiopia. Results demonstrated the capability of utilizing ML models for 

accurate prediction of these WQPs with XGBoost found to be the best predictor for Chlorophyll-a 

with R2 of 78%, the RF model performed best for the TDS and turbidity estimation with R2 of 79% 

and 80%, respectively. Other researchers in [39] used ML-based strategy (including SVR, neural 

network (NN), and the RF) and Sentinel-2 RS data to estimate optically inactive WQPs namely total 

nitrogen (TN), total phosphorous (TP), and chemical oxygen demand (COD) in small urban lake 

located in the City of Tianjin, China. The results obtained demonstrate the potential of using ML-RS 

based model to accurately estimate optically inactive WQPs with obtained R2 > 85% for all the 3 

WQPs.  

Researchers in [63] also used the Sentinel-2 based spectral indices and empirical regression 

models to estimate TDS concentrations in freshwater wetlands located in Guartinaja and Momil 

wetlands in Northern Colombia. Results obtained shows a possible opportunity of utilizing RS 

models for estimation of TDS with a derived normalized RMSE of < 10%. 

Additionally, researchers in [40] used Sentinel-2 MSI and a semi-empirical model to quantify 

SSC in the Yangtze main stem located in China. Findings from the study revealed a great potential of 

utilizing satellite derived images for the estimation of SSC with reported R2 > 79%.   

Although ML and RS are fast gaining attention by the research community, only few studies till 

date have attempted these applications in monitoring particularly in the retrieval of TDS with very 

sparse studies in North America. 

This study therefore aims to leverage on the standalone and ensemble ML algorithms and 

multispectral RS images from Landsat 8 OLI and Sentinel-2 A/B MSI to estimate TDS and TSS 

concentration in the Colorado River System. This will aid in the revolutionization of novel techniques 

for the assessment of water quality to further aid in efforts in the monitoring, management, and 

sustenance of the limited river’s water resource amid the current drought and ever-shifting 

environmental issues confronting the river system. 

The goal of the study is to advance knowledge of water quality dynamics in this crucial area by 

offering insightful information for efficient water resource management, conservation initiatives, and 

well-informed decision-making. 
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This study hypothesized that spectral signatures from RS multispectral images coupled with 

standalone and ensemble ML models can be used to develop RS-ML models for the accurate 

estimations of TDS and TSS in the Colorado River. The study consequently addresses the following 

research questions: 

1. How can RS multispectral images be utilized in developing robust ML models for the estimation 

of TDS and TSS in the CRB? 

2. How do the spatial resolutions of multispectral RS images affect its potential in effectively 

estimating TDS and TSS concentration in the CRB? 

3. How accurate are RS-ML based models in the estimation of TDS and TSS concentrations in the 

CRB? 

2. Materials and Methods 

2.1. Study Area 

The Colorado River and its tributaries are housed in the CRB located in the western United States 

as shown in Figure 1. The river is approximately 2318 km long [64] and runs from its headwaters 

which are located in rocky mountainous and characterized by copious snowfall, high altitude, and 

alpine habitant in Colorado and Wyoming to the terminus in the Gulf of California and influenced 

by interactions of several natural processes, human activities and water management strategies [2]. 

The entire basin is about 657,000 sq. km [1,64] and is divided into upper and lower CRB. The UCB 

encompasses the Colorado, Wyoming, Utah, and New Mexico while the LCRB encompasses Arizona, 

Nevada, California, and the Gila River between Arizona and New Mexico [16]. The Colorado River 

has several tributaries joining it as at different locations with the major tributaries as Gunnison, 

White, Yampa, San Juan Delores, Little Colorado, Gila, and Virgin Rivers [2]. The river with 

tributaries is source of water to about 24 billion m2 of farmland in the United States and Republic of 

Mexico with US lands constituting more than 90%. About 35 million people and 3.3 million people, 

respectively, in the US and Republic of Mexico depend on the river and its tributaries for their water 

needs. The river systems also provide about 16 million jobs with economic support of more than USD 

1.4 trillion to the US [16,65,66]. 

The basin is known for its known for its breathtaking scenery, which ranges from snow-capped 

mountainous terrains to the arid desert regions. is a well-known and ecotourism-rich region because 

of its famous natural wonders including the Grand Canyon, Glen Canyon, and other national parks. 

The basin is predominantly a semi-arid region with varying elevations to up > 4267 m above mean 

sea level. The area receives an average annual precipitation of 10.16-152.40 cm, with the areas in the 

UCRB mountainous areas receiving the most precipitation. Most areas in the LCRB are 

predominantly dry due to the orographic barriers and prolonged high-pressure weather cells. The 

area receives widespread temperatures with values ranging from below freezing point during 

wintertime particularly in the UCRB to over 37.77 °C during the summertime in the LCRB. This 

precipitation and the hydrologic cycle are driven by the intense evaporation rate in the area. 

Precipitation is evaporated from the snowpacks, soils, open water surface, crops, and other 

vegetations through evapotranspiration processes [67]. Climate change and changes in natural 

processes in the river is said to have led to the reduction in streamflow particularly in the UCRB by 

10% with 6 to 14% uncertainty reductions [68]. 

The CRB houses several reservoirs and dams for water storage and hydroelectric power 

generation. The main stem Colorado River has 15 dams whose combined storage is estimated to be 

about 72 billion m3 [69] and several major reservoirs including Lake Mead and Lake Powell. Lake 

Mead is the largest reservoir of the river located in the Mohave Desert specifically within the Arizona-

Nevada boundary formed after the construction of Hoover Dam. Lake Powell is formed by the Glen 

Canyon Dam and its located between southern Utah and northern Arizona [2,18,22,70]. Both 

reservoirs store up to four times of the basin’s historic average yearly flow [71]. Releases from these 

reservoirs are regulated and may result in significant changes to the downstream water quantity and 
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quality. The water allocation from the basin is based on several acts including Colorado River 

Compact of 1922, the 1944 Water Treaty, and the UCRB Compact of 1948, and the US Supreme Court 

rulings [72]. The area is, however, faced with severe drought coupled with water quality impairment 

which are induced by natural factors such as climate change geology, natural variability and mineral 

discoveries, and anthropogenic activities like excessive demand for water resources, the vast 

agricultural activities, mining activities, wastewater discharges, and energy development [16]. 

Known water quality issues in the basin includes TDS and TSS. Monitoring, management, and 

understanding the occurrence and levels of these WQPs is therefore key to ensuring the sustainability 

of the limited water resources and improving the overall ecosystem of the basin. The broaden and 

vast landscape, the intricacy, and the possible difficulty in sampling the entire Colorado River water 

system makes it ideal to apply RS-ML based model for the estimation of these WQPs. 

 

Figure 1. Colorado River Basin with States and Urbanized Areas Created with the ESRI ArcGIS Pro Software. 

2.2. Data Collection and Description  

This subsection describes the data collected and used for this study. The study used in situ or 

field data obtained from the United States Geological Survey (USGS) and the RS data obtained from 

the USGS and European Space Agency (ESA) website respectively, for Landsat 8 OLI and Sentinel 2 

A/B MSI. These datasets were used to develop robust and accurate RS-ML models for the TDS and 

TSS concentrations. 

2.2.1. Field or In Situ Data 

WQP monitoring efforts are often carried out by professionals and volunteers using several 

methods including automated situ sensors [28]. 

This study utilizes WQPs collected by the USGS. TDS and TSS data were retrieved from the 

USGS database. USGS carried out and maintained field and or laboratory analysis of several WQPs 

including TDS and TSS and are available for public access through its website [73]. In situ water 

quality measurements for the period of 1 January 2013, to 15 July 2022, were obtained for this study. 

January 2013 was to have data availability to correspond to the Landsat 8 OLI sensor which was 

launched in 2013, and July 2022 was to the period of the analysis of the data. To retrieve the data for 

TDS and TSS, steps presented in the flow chart presented in Figure 2 were used by inputting the 

USGS parameter codes of 70301 for TDS and 80154 for TSS.   
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Figure 2. Schematic Procedures for the Retrieval of TDS and TSS from the USGS Data Repository. 

2.2.2. Multispectral Satellite Data  

Landsat 8 OLI and Sentinel-2 A/B MSI images were utilized for this study. The Landsat 8 OLI 

sensor was developed by a collaborative effort of the USGS and the National Aeronautics and Space 

Administration (NASA) and launched in February 2013. The Sentinel 2 A/B MSI sensor on the other 

hand was developed by the ESA and launched on June 23, 2015, and March 7, 2017, respectively. 

[30,74–77]. These sensors have been selected for the study because of their application and usefulness 

in the assessment of WQPs in freshwater systems including rivers. Images from these sensors are 

publicly available and free for users. Although these images have moderate resolutions compared to 

SPOT, IKONOS, and ASTER images, they have more advantages including their extensive temporal 

record. Despite having a spatial resolution of 2.5-20 m, SPOT images have a revisit time that is over 

twice as long as Landsat 8 OLI and more than five times as long as Sentinel-2 images [78].  

The Landsat 8 OLI used in this study has resolutions ranging from 15 to 30 m resolution and a 

cycle of 16 days. The long temporal resolution of 16 days may pose limitations on intra-seasonal 

monitoring of the WQPs [32]. Consequently, additional sensor of a shorter temporal resolution of 10 

days for Sentinel 2 A and 2 B(and combined 5 days) and a high spatial resolution of 10 m resolution 

which provides the opportunity to accurately and carefully discriminate between the water and the 

land surface frequently was used [18,39]. Although Sentinel 2 A/B has a higher spatial resolution 

compared to Landsat 8 OLI, the signal-to-noise ratio (S/N) of the Landsat 8 OLI visible bands offers 

a comparable or better radiometric quality to the Sentinel-2 images [59] making it an additional 

preferred choice for this study.  

Researchers have estimated TDS and TSS concentrations using Landsat 8 OLI and reported R2 > 

50% [37,38,79,80]. Researchers in [56,63] also applied Sentinel 2A/B MSI to quantify TSS concentration 

in waterbodies and reported R2 > 70%. Although these studies have been carried out with these 

sensors only a few compared the comparisons of these sensors and there exist gaps in the utilization 

of novel ML applications in the estimation of these WQPs particularly TDS in freshwater systems. 

The spectral and spatial resolutions of the Landsat 8 OLI and Sentinel-2 A/B MSI are presented in 

Table 1 and Table 2 with comparisons between these two sensors presented in Table 3.  

Table 1. Band Characterization of the Landsat 8 OLI Bands. Adapted from [81–83]. 

Band 
 

S/N 
Wavelength (µm) 

Spatial resolution 

(m) 

Band 1 – Coastal aerosol 284 0.430 – 0.450 30 
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Band 2 – Blue 321 0.450 – 0.510 30 

Band 3 – Green 223 0.530 -0.590 30 

Band 4 – Red 113 0.640 – 0.670 30 

Band 5 – Near Infrared (NIR) 45 0.850 – 0.880 30 

Band 6 – Short Wave Infrared 

(SWIR) 1 

10.1 
1.570 – 1.650 30 

Band 7 – SWIR 2 7.4 2.110 – 2.290 30 

Table 2. Band Characterization of the Sentinel 2-MSI A/B Sensor. Adapted from  [78,83,84]. 

Table 3. Summary Comparison of Landsat 8 OLI and Sentinel-2 Sensors. Adapted from [78,85,86]. 

` Satellite Sensor 

Characteristics Landsat 8 OLI Sentinel-2 A/B MSI 

Sensor OLI MSI 

Launch date Feb 11, 2013 June 23, 2015 (Sentinel-

2A) 

March 7, 2017 (Sentinel-

2B) 

Temporal resolution (days) 16 10 (5 for the combined 

Sentinel A and B) 

Spatial resolution (m) 15,30, 60 (band specific) 10, 20, and 60 (band 

specific) 

Radiometric resolution (bits) 12 12 

Equatorial crossing times (Local 

time) 

10:00 a.m. ± 15 min 10:30 a.m. 

Swath 185 290 

Altitude (km) 705 786 

Inclination (⸰) 98.22 98.62 

2.3. Preprocessing 

The search results retained 38,254 data points. The data was then taken through a series of 

cleaning to refine the data for the study. The data was first cleansed using the parameter code for 

TDS (70301) by deleting rows with blanks, rows with M (presence verified but not quantified), rows 

with < signs (since the exact value is unknown), rows with E (estimated values), and then rows with 

A (average values). After this initial deletion, other agencies included in the data AZ014 and USEPA 

Band S/N Central 

wavelength 

(µm) 

Bandwidth 

  (nm) 

  Res. (m) 

              

B2-Blue 102 0.490 65  

10 B3-Green 79 0.560 35 

B4-Red 45 0.665 30 

B8-NIR 20 0.842 115 

B5-Red Edge 1 45 0.705 15  

 

20 

 

 

B6-Red Edge 2 34 0.740 15 

B7-Red Edge 3 26 0.783 20 

    B8A-Red Edge 

4 

16 0.865 20 

B11-SWIR 1 2.8 0.161 90 

B12-SWIR 2 2.2 0.219 180 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 5 March 2026 doi:10.20944/preprints202603.0403.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.0403.v1
http://creativecommons.org/licenses/by/4.0/


 9 of 47 

 

which have very little data for their stations were subsequently deleted. This led to a total of 102 

datasets of 5,311. 

The refined data were further filtered using the sediment code (80154). At the end of filtering for 

the sediment data, the total amount of data was 2,232 with 49 stations.  Stations located at sections 

where the river is narrower are eliminated to avoid contamination by land surface reflectance. An 

additional seven stations with their data were randomly selected and added to ensure each state on 

the CRB has some representative values for the analysis. In all a total of 56 stations with 2,525 and 

2,265 datapoints respectively for TDS and TSS were proposed following the cleaning process which 

is presented in Figure 3. The USGS stations are presented in Figure 4. 

 

Figure 3. Data Filtering Process for USGS Datasets. 

 

Figure 4. Distribution of Selected USGS Stations for Water Quality Data on the CRB River System. 

The RS image collections for Landsat 8 OLI and Sentinel 2 A/B MSI were imported into Google 

Earth Engine (GEE). The GEE is a powerful cloud-based platform to access and use a comprehensive 
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collection of satellite images including Landsat 8 OLI and Sentinel-2 A/B MSI images. The platform 

was launched in 2010 and uses JavaScript language.  The GEE combines data storage, computing 

capacity, and a variety of analysis tools for rapid and effective processing of large RS datasets and 

has been used for monitoring and assessment of environmental phenomena such as water quality, 

wetland, and forest fire monitoring among others [75,87–91]. In this study, the coordinates of Level-

2 atmospheric correlated surface reflectance data of the Landsat 8 OLI (available from April 2013) 

and Sentinel 2 A/B MSI (available from March 2017) were “called” into the GEE. The shapefile of the 

coordinates of the location of the USGS sampling stations was created in Google Earth Pro version 

7.3.6.9345 and ArcGIS Pro version 3.1.0 software into the GEE. Using the point coordinates of the 

station and the images, stations within narrower sections of the river were eliminated to ensure only 

spectral signatures of water are returned reducing any possible contamination by values of land 

surface through visual inspections at each site for each satellite pass through the GEE platform. One 

pixel reflectance value was extracted for each station point. The time series of the point reflectance 

values were then exported as a .csv file to be matched with the water quality data.  

The matching of the dataset was based on a 7-day offset between the two datasets. To ensure the 

spectral signals of the sensor captured the actual impact of light and water quality interactions, the 

dataset with WQPs sampled before the satellite overpasses used were matched based on the 7-day 

difference. This is important to ensure no significant occurrences occurred between the sampling 

efforts and the following satellite overpass. Studies have used varying days with days ranging from 

0, ±1, to ±15 days offsets [92–97]. The 7-day offset was used to ensure that enough RS data and WQPs 

were retained, and the actual water characteristics were captured by the RS signals for further 

analysis. Due to the narrower river channels at sections of the river coupled with the 7-day limit to 

synchronize the field and RS data, the initial 56 stations were reduced to 33 stations for 10 m 

resolution and 16 for the 20 and 30 m resolution. Average values were computed for rows with 

images with more than one spectral value for a particular day to represent the value for that day. 

After the match, missing rows in the TSS data were filled using the linear interpolation technique. 

Interpolation allows for the estimation of values at unsampled dates for the specific station using 

information on earlier and succeeding dates to compute the missing value [98]. Accurate imputation 

results in estimators with good large-sample characteristics and reliable acceptable large-sample 

inferences [99]. Due to its simplicity and effectiveness in terms of computing, linear interpolation was 

chosen as the preferred interpolation method for this study [100,101]. 

The Landsat 8 OLI surface reflectance presents some negative and zero reflectance values which 

occurs as a result of error with the atmospheric correction and retrieval algorithms of the Landsat 

surface reflectance [102]. These values were replaced with a small negligible value of 0.0001 [103] to 

prevent possible errors which may arise in the computation of indices by way of division. It is 

important to add negligible values to ensure there is no general significant alteration of the scalability 

and biases to the computation performed [104]. 

Aside from performing the analysis on the spectral signatures of single bands, band 

combinations or indices that are sensitive to the WQPs and have been used in past studies were also 

computed and used. Separate indices utilized for TDS and TSS and used for this study are presented 

in Table 4 and Table 5. 

Table 1. RS Indices Used in Estimating Concentrations of TDS and Salinity. 

Inde

x 

Image/D

ata 

Equati

on 

Metr

ics 

Study 

Area 

(Country/Region) 

Referen

ces 

 

Salin

ity Index 1 

 

 

Landsat 

8 OLI 

 

 

√𝑅 ∗ 𝐵 

R2 = 

0.72 

Colorado 

River (USA) 

[6] 

R2 ≥ 

0.72 

Shatt al-

Arab River (Iraq) 

[38] 

Salin

ity Index 2 

  

√𝐺 ∗ 𝐵   

R2 = 

0.73 

Colorado 

River (USA) 

[6] 
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Landsat 

8 OLI 

R2> 

0.79 

Shatt al-

Arab River (Iraq) 

[38] 

Salin

ity Index 3 

Landsat 

8 OLI 
√𝑅2 + 𝐺2   R2 = 

0.72 

Colorado 

River (USA) 

[6] 

Salin

ity Index 4 

Landsat 

8 OLI 
√𝑅2 + 𝐺2 + 𝑁𝐼𝑅2 R2 = 

0.70 

Colorado 

River (USA) 

[6] 

Salin

ity Index 5 

 

Landsat 

8 OLI 

 
𝐺 ∗ 𝑅 

R2 = 

0.73 

Colorado 

River (USA) 

[6] 

R2 ≥ 

0.44 

Shatt al-

Arab River (Iraq) 

[38] 

Landsat 

5 TM 

 

Landsat 

8 OLI 

 
𝐺 ∗ 𝑅 

R2 > 

0.65 

 

R2 > 

0.49 

Coastal 

surface water 

(Banglade

sh) 

[105] 

Salin

ity Index 6 

Landsat 

8 OLI 
√𝐺2 ∗ 𝑁𝐼𝑅2 R2 = 

0.71 

Colorado 

River (USA) 

[6] 

Salin

ity Index 7 

Landsat 

5 TM 

 

Landsat 

8 OLI 

 
𝐵

𝐺
 

R2 > 

0.06 

 

R2> 

0.46 

Coastal 

surface water 

(Banglade

sh) 

 

[105] 

- ASTER 𝐵5

𝐵3
∗ 𝐵7 

R2 > 

0.57 

Qaroun 

Lake (Egypt) 

[106] 

NDS

I 

Landsat 

8 OLI 

𝑅 − 𝑁𝐼𝑅

𝑅 + 𝑁𝐼𝑅       
 

R2 > 

0.51 

Mekong 

Delta (Vietnam) 

[107] 

TDS 

1 

 

TDS 

2 

 

TDS 

3 

 

TDS 

4 

 

TDS 

5 

 

TDS 

6 

 

TDS 

7 

 

 

 

 

 

 

 

Sentinel-

2 MSI 

𝐺 + 𝑅 + 𝑅1 

 
𝐺 + 𝑅 − 𝑅1

𝐺 + 𝑅 + 𝑅1
 

 
𝑅1 − 𝐵

𝑅1 + 𝐵
 

 
𝑅1 + 𝑅 − 𝐵 

 
𝑅1 + 𝑅 

 
𝑅 + 𝑅1

𝑆𝑊𝐼𝑅1 + 𝑆𝑊𝐼𝑅2
 

𝑅 ∗ 𝑅1

𝑆𝑊𝐼𝑅2
 

r ≥ 

0.79 

 

r ≥ 

0.00 

 

 

r ≥ 

0.52 

 

r ≥ 

0.79 

 

r ≥ 

0.79 

 

r ≥ 

0.00 

 

r ≥ 

0.00 

 

 

 

 

 

Guartinaj

a and Momil 

wetlands 

(Colombia) 

 

 

 

 

 

 

 

 

[63] 

R = red band; B = blue band; G =green band; NIR=near-infrared band; R1= Red_edge1 band; SWIR1= 

Shortwave Infrared 1 band, and SWIR2 = Shortwave Infrared 2 band.  B1, B2, B3, B4,… stands for 

bands 1, 2,3,4, and so on. 

Table 2. RS Indices Used in Estimating Concentrations of TSS, SS, and Suspended Material. 

Index Image/Data Equation Metrics Study Area  

(Country/Region) 

References 

 

 

 

 

 NSMI 

 

 

Landsat 7 

ETM+ 

 

 

 

 
𝑅 +  G − B

R + G + B 
 

 

R2 ≥ 0.96 

 

Lake Mead (USA) 

 

[5] 

 

Landsat 8 OLI 

- Cabo Rojo (Puerto 

Rico) 

[108] 
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R2 > 0.51 Barito Delta 

(Indonesia) 

[109] 

R2 > 0.70 Dams (South Africa) [37] 

 

 

 

 

 NDSSI 

 

 

 

 

Landsat 7 

ETM+ 

 
𝐵 −  NIR

B + NIR
 

 

- 

Lake Mead (USA) [5] 

 - Cabo Rojo (Puerto 

Rico) 

[108] 

R2 = 0.01 Barito Delta 

(Indonesia) 

[109]  

 

R2 > 0.66 

Mississippi River 

Lake Pontchartrain 

(USA) 

 

[110] 

 

 

  BR 

 

 

Landsat 7 

ETM+ 

𝐺

B
 - Lake Mead (USA) [5] 

  Cabo Rojo (Puerto 

Rico) 

[108] 

R2 = 0.05 Barito Delta 

(Indonesia) 

[109] 

  WSRI Landsat 8 OLI 1

− (
𝑆𝑊𝐼𝑅 −  𝐵 

𝑅
) 

R2 > 0.70 

 

Dams (South Africa) [37] 

  EGRI Landsat 8 OLI 𝐺

C + 𝐵
 R2 > 0.70 

 

Dams (South Africa) [37] 

  NDVI Landsat 8 OLI 
𝑁𝐼𝑅 − 𝑅

𝑁𝐼𝑅 + 𝑅       
 R2 > 0.70 

 

Dams (South Africa) [37] 

2.4. Summary Data Processing and Analysis  

Descriptive analysis such as the measures of tendency minimum, mean, and maximum) was 

used to gain an overall understanding of the trend of the river’s water quality [64]. Additionally, the 

Pearson correlation analysis was performed to measure the strength of relationships between the 

WQPs and spectral signatures (bands and their combinations) [111–113]. The strength of the 

correlation is quantified by the correlation coefficient (r) whose values range from -1 to 1, with values 

nearing ±1 indicating the existence of a strong relationship. Negative values mean there is a negative 

relationship between the variables [38,114,115]. 

2.5. Machine Learning Modeling 

Before performing the ML modeling, the z-score was used in the identification of outliers due to 

the spikes in the WQPs contributed by the tributaries of the river. Rows with WQPs identified as 

outliers were used to ensure the optimal performance of the model. There were spikes in the WQPs 

noted in some of the dates contributed by the tributaries which have the potential to impact the 

overall performance of the ML. The z-score, which measures the deviation of the data point from the 

mean value in relation to the spread of the data was used in the identification and removal of outliers. 

The Z-score is given by Equation 1 [116,117]. Values can be positive or negative with positive values 

indicating that values are above the mean and negative indicating values below the mean. The 

absolute z-threshold of this study was set to 3 in accordance to [117] which categorized data points 

with z-scores greater than 3 as exceedingly atypical value. 

Z = |
X−µ

σ
|                                                                                   (1), 

where Z is the Z-score, µ is the mean of the dataset and σ is the standard deviation. 

Following the preprocessing and analysis, the datasets and the stations initially identified for 

this study outlined in Section 2.3 and presented in Figure 4 reduced drastically from 2525 to values 

as presented in Tables 6.  
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Table 3. Summary of Data after Matching and Filtering of RS and Field Data. 

WQP  Sentinel 2 Landsat 8 OLI 

TDS 220 581 

TSS 142 492 

In this study both standalone and ensemble ML models were used for accurate estimation of 

TDS and TSS concentrations. Standalone or single models used in this study to analyze RS and WQPs 

for the water quality estimation and monitoring includes LR and the KNN [21,58,59,118]. To offer a 

potential improvement in the accuracy of standalone models in certain instances, studies combine 

multiple individual ML algorithms called ensemble models to make predictions. This study utilized 

some of these ensemble models, namely GBM, AdaBoost, RF, XGBoost, and Bagging [21,62,118–120]. 

These models are described in detail in subsections 2.5.1 and 2.5.2. 

2.5.1. Standalone ML Models 

i. LR is the most widely used algorithm used in prediction. LR are simple but powerful 

algorithms used to establish linear relationships between variables used in many decision-making 

processes.LR models are grouped into simple or MLR based on the number of explanatory variables 

in the model. A simple uses  a single explanatory and response variable while a MLR utilizes 

multiple predictors for the prediction of the response variable [58,121]. LR models attempt to 

minimize the sum of squared errors between the true and estimated values by computing the 

coefficients of the predictor variables. There are several forms of LR based on how the coefficients are 

treated. This includes the ordinary least square regression (OLR), Least Absolute Shrinkage and 

Selection Operator (lasso), and the ridge. The OLR minimizes the sum of the squared errors by 

assuming that the model’s errors are normally distributed and have a fixed variance. The ridge and 

Lasso are used to address multicollinearity while preventing overfitting in LR models. Lasso applies 

a penalty term to the LR through a process of regularization to shrink the less significant coefficients 

to zero. The ridge on the other hand applies a penalty term to mitigate the effects of multicollinearity 

by shrinking all coefficients and lowering their variability to avoid overfitting. The LR models are 

therefore controlled by a hyperparameter called regularization hyper parameter α which works to 

prevent the model from overfitting [58,122,123]. The three forms of LR, namely OLR, ridge, and 

LASSO as described were used to estimate the WQPs in this study.  

ii.  KNN model is a non-parametric technique which carries out predictions based on how 

similar the k nearest data points is to one another. It identifies the k nearest datasets to the target 

during the data training and uses their values to categorize the input features to make prediction. 

Hyperparameters for the KNN model include the number of neighbors (which influences the number 

of data points to be used for prediction), and the distance metrics which are used assess the degree 

of similarity between the data points. The known form of distance metrics used are the Manhattan 

and the Euclidean distance. The KNN model is highly influenced by the voting function and the 

distance selected for the optimal value [119,124,125]. 

2.5.2. Ensemble ML Models 

i. GBM ML model: builds prediction by combining several standalone ML models in sequence 

with each iterative model learning from the previous weak models to enhance the overall reliability 

and accuracy of the model. Hyperparameters associated with the GBM include the number of 

estimators used in determining the number of weak learners or decision trees included in the 

ensemble, the learning rate which regulates the contribution of each weak learner to the ensemble, 

and the maximum tree depth which restricts the maximum depth of each decision tree needed to 

control model complexity and to prevent overfitting [124,126,127]. 

ii. AdaBoost ML model: developed by Freund and Schapire combines several weaker learners 

which are trained in sequence with each model learning from the errors of the previous models 
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through interactive to form a stronger model based on the weighted majority voting of the accuracy 

of weaker learners. Hyperparameters of the AdaBoost includes the number of estimators, learning 

rate, and the base estimators to use [62,126,128,129].   

iii. RF: works by adding several individual decision trees to produce a robust and accurate model 

for the estimation of a response variable. The ultimate prediction is obtained by averaging the 

predictions of all separate trees, each of which is trained on a different random subset of the data 

[130,131]. Each of the decision trees in this algorithm is created using a randomly selected set of 

training data and features. This randomization improves variability in the decision trees further 

aiding in minimizing model overfitting. The RF is associated with various hyperparameters  

including the number of decision trees and the maximum tree depth which restricts the maximum 

depth of each tree needed to control the model complexity to prevent overfitting [130–133]. 

iv. XGBoost ML model: developed in 2016 at the University of Washington, operates by adding 

multiple decision trees to weaker learners produced as a result of errors from previous decision trees 

to enhance the overall performance of the model estimations [60,126,134]. The XGBoost shares similar 

features and benefits to the RF algorithm in estimation performance, interpretability, and simplicity. 

The main difference existing between the two algorithms is that the RF builds decisions trees 

independently while those trees are built sequentially in the case of the XGBoost [134]. The 

hyperparameters associated with the XGBoost includes the maximum tree depth which controls 

overfitting, the learning rate, the regularization parameter (ϒ), and the number of estimators that 

determines the number of weak learners in the ensemble model [135]. 

v. Bagging or bootstrapping is an ensemble ML model that aggregates the predictions of several 

models to enhance the overall performance of the model. It uses the bootstrap sampling mechanisms 

to derive random subsets of the training data of the original model for an accurate and robust 

estimation with minimal overfittings. Bagging works to lower the variance in the prediction model 

by controlling the bias-variance tradeoffs associated with a model. Final predictions for the bagging 

are based on the mean outcome of all the decision trees created on the training subsets during the 

bootstrapping steps. Hyperparameter for the bagging ML includes the number of estimators, the base 

estimator i.e., decision trees, and the maximum number of features for each estimator [126,133,136–

138]. 

2.5.3. Model Feature and Hyperparameter Optimization 

The data for 2020 was set aside (this year was chosen to ensure enough data was returned to 

validate the model on both satellite images) as ‘unseen data’ for external validation before performing 

feature selection and the hyperparameter optimization. The external validation processes are 

necessary to ensure unbiased evaluation and ensure model outputs are true in any real-life setting 

[23,119,136,139–142]. The rest of the data was randomly split  using the 80%/20% proportion with 

the 80% used in the model training and 20% to model testing [55,143,144]. 

Selection of optimal features  

Feature optimization was performed to select the best features for each model using the training 

dataset and each base model. The powerful Recursive Feature Elimination with the Cross-Validation 

(RFECV) approach was utilized for the selection of optimal features for each model. The RFECV 

technique works with cross-validation to eliminate weaker features from all model features 

consisting of the spectral bands and respective indices, subsequently generating the most optimal 

features required to reduce the model overfitting, speed up the model learning algorithm, improve 

the model interpretability, and enhancing the general performance of the ML models [62]. 

This study uses k= 5 folds for an extensive hyperparameter tuning needed to minimize any issue 

of overfitting and biases. Several studies have utilized varying folds including the five folds in the 

hypertuning approaches [145–149]. The k = 10 folds have also been widely used in several studies to 

produce robust and accurate results with no biases [52,150,151]. The five folds were used in this study 

due to the limited data size and to ensure a reduction in computation time. Researchers in [148] found 

the usage of the k = 5-fold as being successful in the estimation of WQI in a timely and cost-efficient 
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manner. The cross-validation process is carried out through a series of steps which are i.) Separate 

the training dataset into independent, equal-sized k-groups or folds with no replacement such that 

each observation is utilized precisely once for training and validation, ii.) train the model using the 

k-1 fold and use the rest to validate the model, iii,) repeat step ii. till each part is used to achieve the 

k number of performance metrics, and iv.) the final performance is obtained by computing the 

average of the k-performance metrics [55,143,144,150,152,153]. 

The bands and their combination as described in Section 2.2.2 for Sentinel-2 MSI and Landsat 8 

OLI images were used as initial features for the feature optimization. Initial features proposed and 

used for retrieving TSS and TDS includes the spectral signatures of the 10 and 20 m resolutions 

Sentinel-2 images which includes Band 2, Band 3, Band 4, Band 8, representing the B, G, R, and NIR 

bands, respectively, and the 30 m resolution Landsat 8 OLI image Bands 1-7, representing the C, B, 

G, R, NIR, SWIR, and SWIR bands, respectively. In addition to the spectral bands, the band 

combinations as outlined in Tables 4 and 5 which include the TDS and salinity indices (i.e., TDS 

indices 1 to 7 and Salinity Indices 1 to 7, NDSI) for TDS estimations from the Sentinel-2 images were 

also considered. Estimations of TDS from Landsat 8 OLI did not utilize the TDS indices outlined in 

Table 4 due to the absences of R1 bands in the Landsat 8 OLI images. 

Estimation of TSS also makes use of band combinations including NDSSI, NSMI, BR, NDVI, 

EGRI, and WSRI for Landsat 8 OLI as presented in Table 5. Estimations of the TSS with Sentinel-2 

images also involve band combinations as used for the Landsat 8 OLI except for EGRI which requires 

the C band which is not present in the Sentinel-2 image catalog. This study therefore proposed and 

utilized 15 and 25 features for the estimations of the TSS and TDS, respectively using the Sentinel-2 

images, and 13 and 15 features, respectively for TSS and TDS estimations using the Landsat 8 OLI.  

Optimization of Model Hyperparameters  

Model parameter optimization or tuning is essential in ML modeling since it is used to determine 

the optimal parameters needed to maximize the performance of the model. The grid search technique 

was used in the model parameter tuning to find the optimal values for the parameters for the model 

[62,136].  

Grid search is a computer-intensive schematic technique used in fine-tuning hyperparameters. 

It works by thoroughly and iteratively evaluating the performance of the model based on the 

combination of a defined grid of potential values to find the optimal values for the best performance 

of the model [55,143,144]. The grid search was performed using the cross-validation mechanism with 

k folds.  

ML Modeling and analysis were carried out using the Python Programming Language version 

3.9.12 within the Jupyter Notebook web-based processing environment [154]. To utilize the Python 

Programming Language, several libraries NumPy, Pandas, and Matplotlib were imported. These 

libraries and software used in the study are summarized in Table 7. The specification of the main 

computer used in the study is as follows: Windows 10 Pro, 64-bit operating system, x64-based 

processor with Intel(R) Core (TM) i3-4150 CPU @ 3.50 GHz, with 16.0 GB RAM. 

Table 4. Summary of ML Packages, Libraries, and Software Used in the Study. 

Software/Package/Libraries Brief Description Version 

Python Python is a general-purpose 

programming language. 

3.9.12 

Pandas Pandas is a Python package for data 

analysis and manipulation. 

1.4.2 

Matplotlib Matplotlib is a library for creating 

visualizations in Python 

3.5.1 

Seaborn Python visualization library that 

provides a high-level interface for 

statistical graphics. 

0.11.2 
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NumPy NumPy is a package for scientific 

computing with Python. 

1.21.5 

   

Scikit-learn (sklearn) Python module for ML built on top of 

SciPy. 

1.0.2 

SciPy SciPy is an open-source software to 

carry out statistical, optimization, 

integration, and linear algebraic 

analysis, among others. 

1.7.3 

PerMetrics 
Python library to carry out performance 

metrics of ML models. 
1.3.1 

XGBoost An optimized distributed library for 

gradient boosting. 

1.7.4 

2.5.4. Model Evaluation Metrics 

Several evaluation metrics have been widely used in past studies. This study utilized some of 

these metrics to assess the effectiveness of the models in estimating the WQPs such as coefficient of 

determination (R2), Mean Absolute Error (MAE), Percent Mean Absolute Relative Error (PMARE), 

Root Mean Square Error (RMSE), the and Ratio of RMSE to Standard Deviation of the observed data 

(RSD), and scatter index (SI) as represented in Equations 2 to 8 [21,125,141,155–159]. The R2 indicates 

the proportion of variations in the WQPs explained by RS data. Its values range from - ∞ to 1, with 1 

being a great explanation [160]. Negative R2 values are obtained in equations without constant terms 

and in situations where the model fit is worse than fitting a horizontal line because of model 

overfitting. Values of R2 obtained in this situation cannot be interpreted as the square of the coefficient 

of correlation [161]. 

The MAE and PMARE estimate the mean absolute difference between the predicted and 

observed concentrations of the WQPs, while the RMSE calculates the square root of the mean squared 

variations of concentrations of the WQPs. Values of the MAE, RMSE, and RSD ranges 0 to ∞ with 

lower values closer to zero indicating an accurate model performance in estimating the WQPs 

[3,125,141,155–157]. The SI is a representation of the difference in the RSME in relation to the mean 

value of observation. Lower values of SI is an indication of accurate prediction [158]. The Nash–

Sutcliffe Efficiency (NSE) coefficient and Percent Bias (PBIAS) shown in Equations 7 and 8, 

respectively, were also used to quantify the performance of the ML models in estimating the WQPs. 

The NSE and PBIAS are hydrological evaluation metrics used to assess the goodness of fit of the 

models. They have been employed here to assess the accuracy of the RS-ML based models. The NSE 

compares the relative magnitude of the residual variance to that of the observed values. The values 

of NSE ranges from − to 1 with values around 0.75 to 1.00 said to be very good. Values less than 0.4 

are hover categorized as unsatisfactory [21,151,155,156]. The PBIAS is a metric which measures the 

probability of the model to either underestimate or overestimate the measured observed data. It is 

expressed as percentage with lower values closer to zero indicating model accurate estimations. 

Negative and positive PBIAS indicates over and underestimation, respectively [21,155,156]. 

   R2 =  1 −
∑ (Ysim−  Yobs)2n

i=1

∑ (Yobsmean−Yobs )2n
i=1

    (2) 

PMARE =  
1

n
∑  |

Yobs−  Ysim

Yobs
| ∗ 100n

i=1    (3) 

MAE =  
1

n
∑ |Yobs −  Ysim|n

i=1   (4) 

RMSE = √
1

n
∑ (Yobs −  Ysim)2n

i=1    
(5) 
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SD =
RMSE  

STDobs
 

√∑ (Yobs −  Ysim)2n
i=1    

√∑ (Yobs − Yobsmean)n
i=1

× 100   
(6) 

NSE =  
∑ (Yobs −  Ysim)²n

i=1

∑ (Yobs − Yobsmean )²n
i=1

 
(7) 

PBIAS =  
∑ (Yobs −  Ysim)n

i=1

∑ (Yobs )n
i=1

x 100%,  
(8) 

SI =  
√

1

n
∑ ((Ysim−Ysimmean)−(Yobs−Yobsmean))²   n 

i

√
1

n
∑ (Yobs)n

i

   
(9) 

where Yobs, Ysim, Yobsmean, Yobssim are the observed, modeled, mean of the observed values, and mean 

of predicted values respectively.      

The evaluation metrics were implemented in the Python programming software version 3.9.12 

in the Jupyter Notebook environment using standard Python codes from libraries and documentation 

such as Scikit Learn. 

3. Results and Discussion 

This section presents the results of the study as well as discussion of the obtained results. Results 

presented include the summary statistics to assess the temporal variability in the TDS and TSS as well 

as correction analysis, and the performance evaluations of the ML techniques in estimating these 

WQPs using Sentinel-2 and Landsat 8 OLI images.  

3.1. Summary Statistical Analysis 

3.1.1. Summary Analysis of WQPs  

Descriptive statistics for TDS and TSS levels obtained in the 56 stations (before elimination due 

to the width of the river and satellite overpass) in the river for the period under study are performed 

for the WQPs. Sample size varies from year to year owing to the varying frequency of sampling for 

the various stations sampled as described in Section 2.2.1. 

The statistical summary shows considerable variability of TDS concentration with values 

ranging from 23 to 17,200 mg/L obtained in June 2017 and July 2021, respectively. Higher values of 

TDS concentrations were found in the tributaries of the river compared to the main channel stations.  

For example, the USGS station 9180000 located at the Dolores River Near Cisco, UT recorded the 

highest TDS of 17,200 mg/L under the period of study. This tributary river drains about 11,862 km2 

area and flows about 388 km can be traced to San Juan Mountains, a well-known location for trout 

fishing [162], the activities of the river watershed may be a contributing source to this spike in TDS 

[64]. Studies have corroborated the increase in the mean TDS contribution from some tributaries 

compared to the main channel [17].  

The huge variability in the TDS in the river system is largely due to contributions from the 

tributaries, the geological processes underlying the basin via which the river runs from its headwaters 

to the terminus, and seasonal variabilities. The activities in both the UCRB and LCRB have also been 

noted to be a contributing factor to the variability in TDS in the river system. There basin contains 

several reservoirs diversions, and dams that collect and store water for several uses including 

agriculture, drinking water intake, and the generation of electricity. Impoundment of the water by 

these structures changes the natural flow of water in the river system which may impact TDS 

concentrations along the river. Additionally, treatment processes such as water softening may also 

influence the level of TDS levels in the river [64]. For example, residents in Las Vegas Valley employ 

ion-exchange water softeners composed of salt brines of KCl and NaCl ions to treat their water 

withdrawn from Lake Mead located on the river system. The natural TDS level in the lake is estimated 
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to be more than 600 mg/L [10,21,64,72] which is higher than the EPA guideline of 500 mg/L in 

drinking water [15,17] hence the need for treatment. The regenerant salts are then discharged into the 

wastewater treatment plants and ultimately discharged into Lake Mead raising the level of TDS in 

the river [72]. 

Analysis of the summary of TSS shows a much higher variability in the river with values ranging 

from 1 to 69,200 mg/L with average values typically above the numerical limit of 30 mg/L to 158 mg/L 

set by states with TSS. Typical mean values are also above the mean upper tolerance level of TSS of 

about 13 mg/L for bottom invertebrates and 90 mg/L for fish [11]. Changes in the huge variability in 

TSS along the river system could be attributed to variations in the watershed activities such as mining, 

dredging, constructions, agriculture (livestock grazing, irrigation, and other related-activities), and 

natural processes including climate change (resulting in monsoon rainfall and runoff), soil and river 

bank erosions [10,16,25,34,64].  

The highest TSS of 69,200 mg/L was recorded in October 2017 at the USGS Station 9367540 

located at the San Juan River near Fruitland, NM which drains about 20,590 km2 area. The spike in 

the TSS in this area could be due to the soil, geological compositions, land use characteristics, and 

changes in the stream channel of the San Juan River Basin which overlaps four corner areas of AZ, 

UT, CO, and NM with a drainage area of 64,577 km2. Cañon Largo, a main drainage to the Blanco 

Canyon Subbasin of the San Juan River Basin is noted to be one of the major contributors of salinity 

and suspended sediments to the San Juan River watershed [163]. 

In summary, increases in TDS and TSS variations in the river systems could be because of the 

prolonged drought in the river systems resulting in intense evaporation in known large reservoirs on 

the river system. Additional contributing factors to the large variability could be due  to seasonal 

variations in streamflow, energy and mineral extraction, groundwater discharges, rainfall events, 

snowmelt, abiotic and biotic interactions, and anthropogenic activities including irrigation and 

releases from untreated wastewater treatment plants [16,66,70,72,164]. 

3.2. ML Model Assessment and Analysis 

The surface reflectance of each spectral band was extracted from the Sentinel-2 and Landsat 8 

OLI images through the GEE platform. The time series of the band spectral signature was exported 

as a csv and used for further analysis. The exported band spectral signature matched with the WQPs 

based on the 7-day offset as detailed in Section 2.3. The spectral indices are described in Table 4 and 

Table 5.  

3.2.1. Model Feature Selection and Model Hyperparameter Optimization 

Feature Selection  

The RFECV was used to select the most optimal features for each model as discussed in Section 

2.5.3 employing the base models [62]. The feature selection resulted in varying amounts of optimal 

features for each model as outlined in Tables 8 and 9 for TDS and TSS, respectively. All the models 

had a reduction in the number of features for TDS estimations from the 25 and 13 features for the 

Sentinel-2 and Landsat 8 OLI images, respectively, as presented in Tables 8 and 9. Similarly, there 

were varying reduction in the number of features for the TSS estimations from the initial 15 and 13 

features for the Sentinel-2 and Landsat 8 OLI images, respectively, except for the case of the Lasso, 

RF, and Bagging models used on the Sentinel-2 images as shown in Table 8-9.  

The features eliminated in the feature selection process signify their almost no or negligible 

importance on the overall performance of the models. Each of the models in the tables shows varying 

sets of features which is an indication the features extracted from the RS images obtained from the 

two sensors are not only impacted by their correlations with TDS and TSS but also by the underlying 

operations of the different ML models [62]. It is, however, not established if the number of optimal 

features has a direct link to the overall estimation capability of the ML model.  

  

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 5 March 2026 doi:10.20944/preprints202603.0403.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.0403.v1
http://creativecommons.org/licenses/by/4.0/


 19 of 47 

 

Table 5. Optimal Features for each of the ML Models for Sentinel 2 Images. 

WQP ML model Optimal features No. of features 

 

 

 

 

TDS 

LR NIR, R4, SWIR 1, SWIR 2, TDS 2, TDS 3, TDS 6, TDS 

7, Salinity Index 2, Salinity Index 6, Salinity Index 7, 

NDSI 

12 

Lasso R4, SWIR 2, TDS 2, TDS 3, TDS 6, Salinity Index 6, 

Salinity Index 7, NDSI 

8 

Ridge R4, SWIR 2, TDS 2, TDS 3, TDS 6, Salinity Index 6, 

Salinity Index 7, NDSI 

8 

KNN NIR, R4, SWIR 1, SWIR 2, TDS 2, TDS 3, TDS 6, 

Salinity Index 6, Salinity Index 7, NDSI 

10 

RF NIR, R4, SWIR 1, SWIR 2, TDS 2, TDS 3, TDS 6, 

Salinity Index 6, Salinity Index 7, NDSI 

10 

GBM B, G, R, NIR, R2, R3, R4, SWIR 1, SWIR 2, TDS 1, 

TDS 2, TDS 3, TDS 4, TDS 6, TDS 7, Salinity Index 1, 

Salinity Index 2, Salinity Index 4, Salinity Index 5, 

Salinity Index 6, Salinity Index 7, NDSI 

22 

XGBoost NIR, R4, SWIR 2, TDS 2, TDS 6, Salinity Index 6, 

Salinity Index 7, NDSI 

8 

Bagging R4, SWIR 2, TDS 2, Salinity Index 6, NDSI 5 

AdaBoost R4, SWIR 2, TDS 2, TDS 3, Salinity Index 6, Salinity 

Index 7, NDSI 

7 

 

 

 

 

TSS 

LR R4, NSMI, NDSSI 3 

Lasso B, G, R, NIR, R1, R2, R3, R4, SWIR 1, SWIR 2, NSMI, 

NDSSI, BR, WSRI, NDVI 

15 

Ridge G, R, NIR, R1, R2, R4, SWIR 1, SWIR 2, NSMI, 

NDSSI, BR, WSRI, NDVI 

13 

KNN B, G, R, NIR, R2, R3, R4, SWIR 1, SWIR 2, NSMI, 

NDSSI, BR, WSRI, NDVI 

14 

RF B, G, R, NIR, R1, R2, R3, R4, SWIR 1, SWIR 2, NSMI, 

NDSSI, BR, WSRI, NDVI 

15 

GBM G, R, NIR, R1, R2, R3, R4, SWIR 1, NSMI, NDSSI, 

BR, WSRI, NDVI 

13 

XGBoost B, G, R, R2, R3, R4, SWIR 1, NSMI, NDSSI, BR, 

WSRI, NDVI 

12 

Bagging B, G, R, NIR, R1, R2, R3, R4, SWIR 1, SWIR 2, NSMI, 

NDSSI, BR, WSRI, NDVI 

15 

AdaBoost G, R, R1, R2, R3, R4, SWIR 1, NSMI, NDSSI, BR, 

WSRI, NDVI 

12 

Table 6. Optimal Features for each of the ML Models for the Landsat 8 OLI Images. 

WQP ML model Optimal features No. of features 

 

 

 

 

TDS 

LR C, B, G, R, NIR, SWIR 1, SWIR 2, Salinity Index 1, 

Salinity Index 2, Salinity Index 4, Salinity Index 5, 

Salinity Index 6, Salinity Index 7, NDSI 

14 

Lasso C, B, G, R, NIR, SWIR 1, SWIR 2, Salinity Index 2, 

Salinity Index 4, Salinity Index 6, Salinity Index 7, 

NDSI 

12 
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Ridge C, B, G, R, NIR, SWIR 1, SWIR 2, Salinity Index 1, 

Salinity Index 2, Salinity Index 4, Salinity Index 5, 

Salinity Index 6, Salinity Index 7, NDSI 

14 

KNN C, G, R, SWIR 1, SWIR 2, Salinity Index 4, Salinity 

Index 7, NDSI 

8 

RF C, B, G, R, NIR, SWIR 1, SWIR 2, Salinity Index 4, 

Salinity Index 7, NDSI 

10 

GBM B, G, R, NIR, SWIR 1, SWIR 2, Salinity Index 4, 

Salinity Index 7, NDSI 

9 

XGBoost C, B, G, R, NIR, SWIR 1, SWIR 2, Salinity Index 1, 

Salinity Index 2, Salinity Index 4, Salinity Index 5, 

Salinity Index 6, Salinity Index 7, NDSI 

14 

Bagging C, B, G, R, NIR, SWIR 1, SWIR 2, Salinity Index 2, 

Salinity Index 4, Salinity Index 6, Salinity Index 7, 

NDSI 

12 

AdaBoost C, B, G, R, NIR, SWIR 1, SWIR 2, Salinity Index 1, 

Salinity Index 2, Salinity Index 4, Salinity Index 5, 

Salinity Index 6, Salinity Index 7, NDSI 

14 

 

TSS 

LR R, SWIR 1, NDVI 3 

Lasso R, SWIR 1, NDVI 3 

Ridge R, SWIR 1 2 

KNN R, SWIR 1, NDVI 3 

RF R, SWIR 1 2 

GBM R, SWIR 1, SWIR 2, NDSSI, WSRI, NDVI 6 

XGBoost R, SWIR 1, NDSSI 3 

Bagging R, SWIR 1, NDVI 3 

AdaBoost R, SWIR 1, NDSSI 3 

Hyperparameter optimization  

The results of the hyperparameter optimization of each model are presented in Tables 10 and 11. 

The optimal hyperparameters obtained to achieve the best performance of the model [143,165,166] 

are presented in Tables 10 and 11, for TDS and TSS, respectively. 

Table 7. Optimal Values of the Hyperparameters of the ML Models for Sentinel 2 Images. 

WQP ML model Hyperparameter Optimal Value 

 

 

 

 

TDS 

LR Fit intercept False 

Lasso α 1.0 

Ridge α 1.0 

KNN Number of neighbors 5 

RF Number of estimators 100 

 

GBM 

Learning rate 

Number of estimators 

0.01 

200 

XGBoost Learning rate 

Maximum depth 

0.1 

3 

Bagging Number of estimators 20 

AdaBoost Number of estimators 150 

 

TSS 

LR Fit intercept False 

Lasso α 10.0 

Ridge α 10.0 
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KNN Number of neighbors 10 

RF Number of estimators 200 

GBM Learning rate 

Number of estimators 

0.01 

100 

XGBoost Learning rate 

Maximum depth 

0.01 

3 

Bagging Number of estimators 15 

AdaBoost Number of estimators 150 

Table 8. Optimal Values for each of the ML Models for the Landsat 8 OLI Images. 

WQP ML model Hyperparameter Optimal Value 

 

 

 

 

TDS 

LR Fit intercept True 

Lasso α 0.1 

Ridge α 0.1 

KNN Number of neighbors 10 

RF Number of estimators 100 

GBM Learning rate 

Number of estimators 

0.01 

300 

XGBoost Learning rate 

Maximum depth 

0.1 

3 

Bagging Number of estimators 20 

AdaBoost Number of estimators 50 

 

TSS 

LR Fit intercept False 

Lasso α 0.1 

Ridge α 0.1 

KNN Number of neighbors 10 

RF Number of estimators 200 

GBM Learning rate 

Number of estimators 

0.01 

100 

XGBoost Learning rate 

Maximum depth 

0.01 

3 

Bagging Number of estimators 15 

AdaBoost Number of estimators 50 

3.2.2. Model Evaluation Analysis  

The model accuracy evaluation was performed on the three different datasets i.e., a) the training, 

b) the testing, and iii) external validation or unseen datasets as detailed in Section 2.5.3. Model 

assessment was conducted on all these different datasets in order to provide a thorough knowledge 

of the effectiveness, limitations, and overall generality of the ML models, which may be impacted by 

factors like the intricacy of the relationships present in the data being investigated [136].  

Assessing the performance of the model on only the training phase do not typically serve as a 

benchmark for the overall model performance [167] hence there is a need to perform analysis all 

phases of the dataset to ensure effective prediction and decision-making. The accuracy evaluation of 

each of these datasets helps in the selection, optimization, and deployment of highly effective models 

that have the potential to accurately imitate real-life scenarios without overfitting and preventing 

poor generalization [136,144,150].  

The results were obtained and summarized for the standalone and ensemble models for the TDS 

as shown in Table 12 and Table 16, respectively for Sentinel-2 and Landsat 8 OLI images while Tables 

14 and 18, for the TSS estimations using the, respectively, for Sentinel-2 and Landsat 8 OLI images. 
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The findings show that the standalone models can explain approximately 7 to 63% variations in 

TDS across the standalone models using the Sentinel images. The Landsat 8 OLI images could only 

explain about 11 to 31% variations in TDS across all the standalone models which is an indication of 

superior performance of Sentinel 2 in estimating TDS compared to Landsat 8 OLI. The ensemble 

models resulted in a superior prediction across the two images with the Sentinel-2 images capturing 

about the 81 to 100% variance in TDS across the three datasets. The ensemble models also show 

significant improvement in the model performance using the Landsat 8 OLI images compared to the 

standalone models with the models accounting for approximately 32 to 97% variance in TDS in the 

river system across all the datasets.  

The models show similar but reduced performance in the estimations of TSS. While the Sentinel-

2 images were able to account for about -2 to 14% of the variation across the standalone models, 

Landsat 8 OLI accounted for approximately -16 to 35% variations in TSS. The ensemble models show 

an improved performance with the spectral signatures explaining about 36 to 99% in TSS for the 

Sentinel-2 images. Landsat 8 OLI on the other hand saw a reduced explanation for the variance in 

TSS of about 11 to 90% across all the three datasets. 

In general, the ensemble models show superior performance for the estimation of the TDS in the 

river system using the Sentinel 2 MSI and the Landsat 8 OLI images compared to the standalone 

models which is to be expected given their complexity in preventing overfitting and model 

generalizations. Sentinel 2 images were found to offer much accurate estimations potentially due to 

their finer spatial of  10 and 20 m resolution of combined 5 days temporal resolutions [18,39]. This 

result is supported by the study performed by [168] which have determined the Sentinel-2 images to 

be greater predictors of most of the WQPs studied. WQPs considered in the study include but are not 

limited to temperature, conductivity, turbidity, and Secchi disk depth. Additionally, researchers in 

[169] similarly found the Sentinel-2 images to be superior compared to the Landsat 8-OLI in retrieving 

WQPs such as chlorophyll-a concentrations in the King Talal Dam in Jordan. 

Other researchers in the past have however noted the Landsat 8 OLI to have a higher accuracy 

in estimations as in the findings of researchers in [86] who found the Landsat 9 OLI-2 to have higher 

accuracy in the estimation of TSM (R2 = 89%) compared to the 71% obtained with the Sentinel-2 

images in Four Italian lakes. The greater signal-to-noise of the Landsat 9 OLI-2 (14 bit) compared with 

the 12-bit Sentinel-2 images was attributed to the improved performance of the Landsat-9 OLI-2 

images using physics-based inversion models. 

The models generally perform better in estimating TDS compared to TSS possibly due to the 

nature and the variability in these datasets in the river system. Unlike TDS which shows largely 

consistent variability in the river, TSS data presents underlying issues including spikes in the level of 

sediments in the river system contributed by the tributaries.  

Possible reasons for the poor performance on the TSS data could include: 

Limited amount of data: Matching up of the field and RS data resulted in insufficient amount of 

data needed by the models to learn, train, and understand the relationships and patterns of TSS and 

RS data which may result in the poor performance [120]. This is evident in the performance of 

ensemble models. Example R2 of 0.90, RMSE = 32.80 mg/L, and MAE = 22.91 mg/L obtained on the 

external validation for the RF model and R2 of 0.45, RMSE = 76.84 mg/L, and MAE = 42.60 mg/L for 

the XGBoost model as presented in Table 18. 

Over or underfitting of the ML: the ML models may have been over or underfitted which occurs 

because of randomness “noise” or limitation of the data [91]. The models therefore fail to accurately 

capture the fundamental trends and patterns needed to ensure the model has the balance for the 

estimations. 

Limitation on the representation of variation of TSS data: The huge fluctuations in the TSS across 

the river basin because of seasonal and environmental changes, anthropogenic contributions, and the 

varying watershed conditions results resulting limited representation of the TSS data making it 

difficult for the model to generalize the data [170]. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 5 March 2026 doi:10.20944/preprints202603.0403.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.0403.v1
http://creativecommons.org/licenses/by/4.0/


 23 of 47 

 

Absence of contextual or environmental factors in the model: the RS data can be said to not be 

sufficient to offer all the necessary contextual data that influences TSS concentrations in the river 

system. Other environmental factors including land use land cover changes, percent of 

imperviousness, runoff volumes, precipitation, antecedent dry days [118] which may be necessary to 

estimate TSS accurately in addition to RS. 

Researchers [120] compared the various ML algorithms such as ANN, RF, SVR, and Cubist 

regression (CB) for the retrieval of WQPs including SSC utilizing band combinations of B1-B4, (B3)2, 

B3/B1, B1*B3, and B2*B3 obtained from Landsat 5, 7, and 8 for coastal waters in Hong Kong. The 

maximum observed SSC was 33.0 mg/L which is far less than the highest value of 69,200 mg/L 

observed for the Colorado River water system. The authors found the RF models to be the poorest 

model among the other models in estimating SSC with reported R2, MAE, and RMSE of 0.51, 1.78 

mg/L, and 3.11 mg/L, respectively, were obtained as the cross-validation results with a data size of 

120. The reason for the poor performance of the RF was attributed to the possibly small amount of 

data utilized for model training. This research however found the RF to be the best performing model 

for TSS estimations with Landsat 8 OLI with R2 of 0.90, MAE of 22.91 mg/L, and RMSE 32.80 mg/L 

on the external dataset with a total size of 492 split for training, testing, and external validation as 

shown in Table 18. 

The ML models show varying performance from the training stage to the external validation 

stages for the estimation of TDS as shown in Tables 12 and 16 for Sentinel-2 and Landsat 8 OLI images, 

respectively.  The results presented in the tables had the LR seeing its R2 increase from 0.48 (training) 

to 0.59 in the external validation stage for the Sentinel-2 images, the R2 for the models like KNN 

reduced from 0.63 in the training phase to 0.60 in the external validation stage for the Sentinel-2 

images. The XGBoost, however, maintains a similar R2 from the training stage (0.98) to the external 

validation stage (0.99) with the Sentinel-2 image. Similar trends were seen with the Landsat 8 OLI 

data for the TDS estimations where the LR saw R2 increase from 0.14 to 0.31. The XGBoost, however, 

saw a significant increment in R2 from 0.70 to 0.97 with the Landsat 8 OLI images in the TDS 

estimations.  

Models that perform consistently over all phases of datasets are more likely to make accurate 

predictions in real-life situations. An example is the case of XGBoost for TDS estimations using the 

Sentinel-2 images with slight R2 variations of 0.98, 1.00, and 0.99, respectively for the training, testing, 

and external, validation stages of the modeling. Models like GBM saw its performance in terms of R2 

rise from 0.44 in the training stage to 0.74 and RMSE reducing from about 190.8 mg/L to 110.4 mg/L 

with the Landsat OLI images for TDS estimations. 

The variations in the models could result from model underlying algorithms, bias-variance 

trade-offs and overfitting in the training dataset, and the spectral, spatial, and temporal resolutions 

of the images acquired from the two sensors; as a result, it is necessary to test the model on the 

external or unseen datasets to create an unbiased assessment of the models’ accuracy and ensure 

validation of their ability for generalization [23,119,136,139–141]. 

TSS estimations with Sentinel-2 images saw ensemble models such AdaBoost obtained highest 

R2, and least RMSE across all the datasets with obtained values of (0.91,52.62 mg/L), (0.99, 24.34 mg/L), 

and (0.92, 29.48 mg/L), respectively, for the training, testing, and external validation which is 

somewhat consistent with the findings of researchers in [118] which found the AdaBoost and RF as 

the best models for the estimation of TSS in urban watersheds in some 17 states in the USA. R2 of 0.77 

and 0.67 were obtained, respectively, for the training and prediction steps of the AdaBoost model. 

Researchers [171] in however found the AdaBoost to produce R2 of 0.784, 0.845, and 0.695, 

respectively, for the estimation of chlorophyll-a concentration, turbidity, and NH3-N using images 

from an unmanned aerial vehicle (UAV) for the Nanfei River, China. 

Results obtained from this study show some level of agreement with previous work. Researchers 

in [62] studied three WQPs including TDS in Lake Tana located in Ethiopia using Landsat 8 OLI 

images. The researchers found RF as the best performing model for the estimation of TDS with the 

retrieved R2 of 0.79, NSE of 0.80, RMSE of 12.30 mg/L, and MARE of 0.082 from 18 optimal features 
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obtained from the images including (B4 + B3)/2, (B4 + B2)/2, (B3 + B2)/2, (B2 + B3 + B4)/3. No external 

validation was reported in the study. In contrast, this study resulted in R2 of 0.85, NSE of 0.85, RMSE 

of 84.04 mg/L, and MARE of 0.23 for the unseen (external) dataset with the obtained with optimal 

features outlined in Table 16. The varying outputs between the study in the Tana Lake and this study 

particular with the RMSE is as results of the conditions in the two waterbodies. TDS concentrations 

in Tana Lake varies from 7.30 and 113.3 mg/L while in this study range from 23 to 17,200 mg/L.  

Furthermore, researchers in [167] applied models such as principal component regression (PCR), 

Gaussian process regression (GPR), and backpropagation neural network (BPNN) for modeling TDS 

from a variety of WQPs including pH, TSS, turbidity, and EC among others obtained from surface, 

ground, and drinking waters in the Ghanaian mining town of Tarkwa, the authors discovered GPR 

average values of R2, MAE, and RMSE of 98.7%, 7.910, and 4.090 mg/L, respectively. The TDS values 

obtained in the water sampled for the study ranged from 8.81 to 534.00 mg/L. 

Assessing the overall performance of the ML models on just one or two evaluation indicators as 

reported in most studies may not present a broad understanding of the overall performance of the 

model. Additionally, evaluating performance based on various specific measures independently may 

be challenging.  

In TDS estimations using Sentinel-2 images shown in Table 12, for instance, AdaBoost produced 

R2 of 81% on the external validation, which was the fifth best index, but its performance when 

assessed with PBIAS was -12.51% which was the third best. The same model produced PMARE 31.97 

mg/L (6th best) indicating that focusing on just one metric may not be sufficient to distinguish one 

model’s performance from another. Considering this, ranking summary that includes several 

performance factors and provides a thorough evaluation of each model’s overall performance was 

utilized, as shown in Tables 13 and 17 for Sentinel-2 and Landsat 8 OLI images, respectively. 

These rankings offer a well-organized and consistent view of the model evaluation across the 

three datasets. The models are rated for each dataset according to how well they perform on the 

metrics employed, with the greatest R2 and NSE both allocated 1 and the least values assigned 9 for 

the nine models. Models with lower RMSE, PMARE, MAE, SI, absolute PBIAS, and RSD values given 

1; those with higher values are given a value of 9 [3,18,125,141,155–158]. 

The ranking results demonstrate that the performance of the model varies from the training to 

external validation stages of the datasets, with a clear change being observed in some models from 

the training stage to another dataset stage. The average rank of the model for the Bagging used in 

TDS estimation with Landsat 8 OLI image changed from 2.0 in the training phase to 2.9 in the testing 

phase and 2.9 in the external validation phase, showing that performance assessments on the training 

dataset may not be the ideal baseline for future model performance considering the relatively similar 

performance ranks in the testing and external validation datasets [167]. 

The rank summary analysis demonstrate that the ensemble models are generally superior to the 

standalone models in estimating TDS for images from both sensors, with XGBoost being the best 

model with average rank of 1.0 across all the three datasets for the Sentinel-2 images and average 

rank of 3.0, 1.0, and 1.0, respectively, for the training, testing, and the external validation phases of 

the modeling for the Sentinel and Landsat 8 OLI images, as shown in Tables 13 and 17, respectively. 

The performance of the XGBoost model particularly for the Landsat 8 OLI were similar to that of the 

RF which had an average of 1.0, 2.1, and 2.5, respectively, for the training, testing, and the external 

validation phases of the modeling as shown in Table 17. Similar overall ranks of 1.7 and 1.9 were 

obtained for the XGBoost and the RF, respectively, which corroborate the similar underlying 

algorithms in these models as described in Section 2.5.2. The primary distinction between the two 

models is that whereas XGBoost constructs decision trees sequentially, RF constructs its trees 

independently [134]. The XGBoost was thus discovered to be the most optimal model estimating TDS 

using images from both Sentinel-2 and Landsat 8 OLI. This finding may be as a result of the 

underlying algorithms of the XGBoost models, which incorporate multiple decision trees to weaker 

learner decision trees to handle or resolve errors created from prior trees, resulting in a more accurate 

and robust estimations [60,126,172]. The optimal hyperparameters and features obtained in Section 
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3.2.1 may also have played a substantial role in determining the model’s overall efficient performance 

due to its potential to reduce complexity and improve the generalizability [55,150]. 

The rank summary outlined in Table 15 and 19 estimations showed the AdaBoost to be the best 

model for estimating TSS models with an average rank of 2.0, 1.3, and 1.8, respectively on the training, 

testing, and external validation datasets using the Sentinel-2 images. The RF was however found to 

be best in estimating TSS from the Landsat 8 OLI with average ranks of 1.3, 2.3, and 1.4, respectively, 

for the training, testing, and external validation phases of the modeling. The obtained results for the 

TSS particularly by the standalone models were poor compared to those produced for the TDS 

estimations possibly due to the nature of the TSS datasets.  

The results of the performance evaluations showed that the combination of RS images and ML 

models could offer a time and cost-effective method for estimating WQPs which is essential for 

monitoring water quality and for making well-informed decisions about the distribution of available 

water resources. 

Table 12. Performance Metrics of ML Models in Retrieving TDS Using Sentinel-2 Images. 

External Validation (Unseen Data) (Sample size = 58) 

R2 
RMSE 

(mg/L)  
MAE (mg/L) PMARE (%) SI NSE PBIAS (%) RSD 

0.59 221.84 152.53 36.18 0.33 0.59 -16.62 0.64 

0.21 307.29 217.79 57.40 0.46 0.21 -36.08 0.89 

0.16 317.40 222.76 62.17 0.48 0.16 -41.34 0.92 

0.60 219.45 142.21 31.82 0.33 0.60 -19.17 0.63 

0.86 131.42 81.33 15.79 0.20 0.86 -8.38 0.38 

0.90 109.65 82.89 21.25 0.17 0.90 -12.94 0.32 

0.99 26.52 19.19 3.66 0.04 0.99 -1.39 0.08 

0.84 138.08 85.48 20.45 0.21 0.84 -13.47 0.40 

0.81 152.40 131.33 31.97 0.23 0.81 -12.51 0.44 

Table 13. Summary of the Performance Ranks for the ML Models in Retrieving 

TDS Using Sentinel-2 Images. 

 Training (Sample size =129)             Testing (Sample size = 33) 

Mode

l 
R2 

RM

SE  

M

AE  

PM

ARE  

S

I 

N

SE 

PBI

AS  

R

S

D 

A

vg

. 

R

2 

RM

SE  

M

AE  

PM

ARE  

S

I 

N

SE 

PBI

AS  

R

S

D 

A

vg

. 

LR 7 7 7 7 7 7 6 7 6.9 7 7 7 6 7 7 6 7 6.8 

Lasso 8 8 8 9 8 8 8 8 8.1 8 8 8 8 8 8 8 8 8.0 

Ridg

e 

9 9 9 8 9 9 9 9 8.9 9 9 9 9 9 9 9 9 9.0 

KNN 6 6 6 6 6 6 7 6 6.1 6 6 6 7 6 6 7 6 6.3 

RF 2 2 2 3 2 2 3 2 2.3 5 5 4 5 5 5 5 5 4.9 

GBM 5 5 4 5 5 5 5 5 4.9 3 3 3 3 3 3 3 3 3.0 

XGB

oost 

1 1 1 1 1 1 1 1 1.0 1 1 1 1 1 1 1 1 1.0 

Baggi

ng 

3 3 3 2 3 3 2 3 2.8 4 4 5 4 4 4 4 4 4.1 
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AdaB

oost 

4 4 5 4 4 4 4 4 4.1 2 2 2 2 2 2 2 2 2.0 

 

External Validation (Unseen Data) (Sample size = 58)  

R2 RMSE MAE PMARE SI NSE PBIAS RSD Avg. 
Overall 

Avg. 

7 7 7 7 7 7 6 7 6.9 6.8 

8 8 8 8 8 8 8 8 8.0 8.0 

9 9 9 9 9 9 9 9 9.0 9.0 

6 6 6 5 6 6 7 6 6.0 6.1 

3 3 2 2 3 3 2 3 2.6 3.3 

2 2 3 4 2 2 4 2 2.6 3.5 

1 1 1 1 1 1 1 1 1.0 1.0 

4 4 4 3 4 4 5 4 4.0 3.6 

5 5 5 6 5 5 3 5 4.9 3.7 

Table 14. Performance Metrics of ML Models in Retrieving TSS Using Sentinel-2 Images. 

  Training (Sample size =84)             Testing (Sample size = 22) 

Model R2 

RMS

E 

(mg/

L)  

MA

E 

(mg/

L) 

PMA

RE 

(%) 

SI 
NS

E 

PBIA

S (%) 

RS

D 
R2 

RMS

E 

(mg/

L)  

MA

E 

(mg/

L) 

PMA

RE 

(%) 

SI 
NS

E 

PBIA

S (%) 

RS

D 

LR 

-

0.0

2 

177.

92 

112.

11 

2077.

26 

2.1

5 

-

0.0

2 

-

2050.

99 

1.0

1 

0.0

6 

248.

22 

123.

86 

2053.

70 

2.5

9 

0.0

6 

-

1510.

55 

0.9

7 

Lasso 

0.0

0 

176.

52 

113.

03 

2054.

96 

2.1

3 

0.0

0 

-

2030.

07 

1.0

0 

0.0

0 

256.

10 

116.

79 

1879.

68 

2.6

8 

0.0

0 

-

1862.

39 

1.0

0 

Ridge 

0.0

2 

174.

98 

112.

35 

2103.

13 

2.1

1 

0.0

2 

-

2078.

24 

0.9

9 

0.0

1 

254.

66 

115.

53 

1835.

47 

2.6

6 

0.0

1 

-

1818.

72 

0.9

9 

KNN 

0.1

4 

163.

71 

96.4

1 

1355.

50 

1.9

7 

0.1

4 

-

1329.

07 

0.9

3 

0.1

1 

242.

07 

94.1

8 

681.3

6 

2.5

1 

0.1

1 

-

652.8

4 

0.9

4 

RF 

0.8

4 

70.2

7 

42.6

1 

588.6

6 

0.8

5 

0.8

4 

-

578.2

3 

0.4

0 

0.7

8 

119.

89 

59.7

0 

648.4

9 

1.2

5 

0.7

8 

-

635.5

8 

0.4

7 

GBM 

0.5

2 

121.

83 

80.5

1 

1410.

55 

1.4

7 

0.5

2 

-

1390.

02 

0.6

9 

0.8

6 

96.6

8 

51.6

3 

891.4

2 

1.0

1 

0.8

6 

-

877.7

4 

0.3

8 
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XGBo

ost 

0.4

8 

127.

28 

61.4

8 

340.0

2 

1.4

8 

0.4

8 

-

308.7

3 

0.7

2 

0.5

8 

165.

44 

56.4

6 

120.2

0 

1.6

4 

0.5

8 

-

63.95 

0.6

5 

Baggin

g 

0.8

2 

75.5

3 

44.8

4 

743.2

6 

0.9

1 

0.8

2 

-

731.6

5 

0.4

3 

0.7

1 

137.

65 

75.4

9 

956.7

4 

1.4

1 

0.7

1 

-

941.2

9 

0.5

4 

AdaBo

ost 

0.9

1 

52.6

2 

45.4

0 

984.1

7 

0.6

0 

0.9

1 

-

971.4

7 

0.3

0 

0.9

9 

24.3

4 

15.7

5 

271.6

9 

0.2

5 

0.9

9 

-

253.7

2 

0.0

9 

 

External Validation (Unseen Data) (Sample size = 36) 

R2 
RMSE 

(mg/L)  

MAE 

(mg/L) 

PMARE 

(%) 
SI NSE PBIAS (%) RSD 

0.04 104.59 72.23 1051.36 1.22 0.04 -1023.21 0.98 

0.00 106.67 76.09 1143.63 1.24 0.00 -1114.34 1.00 

0.01 106.07 75.52 1124.44 1.24 0.01 -1095.46 0.99 

0.03 105.08 76.41 1051.67 1.22 0.03 -1022.28 0.99 

0.82 45.56 29.82 448.15 0.53 0.82 -438.38 0.43 

0.65 63.40 47.56 645.42 0.74 0.65 -625.75 0.59 

0.36 85.08 47.95 250.52 0.89 0.36 -201.29 0.80 

0.85 41.53 26.10 319.58 0.48 0.85 -306.92 0.39 

0.92 29.48 24.64 466.70 0.32 0.92 -456.19 0.28 

Table 15. Summary of the Performance Ranks for the ML Models in Retrieving TSS Using Sentinel-2 Images. 

 Training (Sample size =84)             Testing (Sample size = 22) 

Mod

el 
R2 

R

MS

E  

M

A

E  

PM

AR

E  

S

I 

N

S

E 

PB
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S  

R

S

D 

A

vg

. 

R

2 

R

MS

E  

M

A

E  

PM

AR

E  

S

I 

N

S

E 

PB

IA

S  

R

S

D 

A

vg

. 

LR 
9 9 7 8 9 9 8 9 8.

5 

7 7 9 9 7 7 7 7 7.

5 

Lass

o 

8 8 9 7 8 8 7 8 7.

9 

9 9 8 8 9 9 9 9 8.

8 

Ridg

e 

7 7 8 9 7 7 9 7 7.

6 

8 8 7 7 8 8 8 8 7.

8 

KN

N 

6 6 6 5 6 6 5 6 5.

8 

6 6 6 4 6 6 4 6 5.

5 

RF 
2 2 1 2 2 2 2 2 1.

9 

3 3 4 3 3 3 3 3 3.

1 

GBM 
4 4 5 6 4 4 6 4 4.

6 

2 2 2 5 2 2 5 2 2.

8 

XGB

oost 

5 5 4 1 5 5 1 5 3.

9 

5 5 3 1 5 5 1 5 3.

8 
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Bagg

ing 

3 3 2 3 3 3 3 3 2.

9 

4 4 5 6 4 4 6 4 4.

6 

Ada

Boos

t 

1 1 3 4 1 1 4 1 2.

0 

1 1 1 2 1 1 2 1 1.

3 

 

External Validation (Unseen Data) (Sample size = 36)  

R2 RMSE  MAE  PMARE  SI NSE PBIAS  RSD Avg. Overall Avg. 

6 6 6 6 6 6 7 6 6.1 7.4 

9 9 8 9 9 9 9 9 8.9 8.5 

8 8 7 8 8 8 8 8 7.9 7.8 

7 7 9 7 7 7 6 7 7.1 6.1 

3 3 3 3 3 3 3 3 3.0 2.7 

4 4 4 5 4 4 5 4 4.3 3.9 

5 5 5 1 5 5 1 5 4.0 3.9 

2 2 2 2 2 2 2 2 2.0 3.2 

1 1 1 4 1 1 4 1 1.8 1.7 

Table 16. Performance Metrics of ML Models in Retrieving TDS Using Landsat 8 OLI Images. 

  Training (Sample size =414)             Testing (Sample size = 104) 

Model R2 

RM

SE 

(mg

/L)  

MA

E 

(mg

/L) 

PMA

RE 

(%) 

SI 
NS

E 

PBI

AS 

(%) 

RS

D 
R2 

RM

SE 

(mg

/L)  

MA

E 

(mg

/L) 

PMA

RE 

(%) 

SI 
NS

E 

PBI

AS 

(%) 

RS

D 

LR 

0.1

4 

236.

91 

182.

87 

67.73 0.4

3 

0.1

4 

-

45.7

9 

0.9

3 

0.2

6 

220.

42 

178.

24 

52.44 0.4

0 

0.2

6 

-

29.5

3 

0.8

6 

Lasso 

0.1

2 

239.

50 

186.

85 

69.62 0.4

3 

0.1

2 

-

47.4

5 

0.9

4 

0.1

7 

232.

55 

190.

63 

58.20 0.4

2 

0.1

7 

-

34.1

8 

0.9

1 

Ridge 

0.1

1 

242.

00 

190.

95 

71.33 0.4

4 

0.1

1 

-

48.7

7 

0.9

5 

0.1

7 

233.

11 

190.

07 

58.35 0.4

2 

0.1

7 

-

34.4

4 

0.9

1 

KNN 

0.2

6 

219.

92 

175.

49 

60.00 0.4

0 

0.2

6 

-

37.9

4 

0.8

6 

0.2

7 

218.

74 

182.

21 

53.56 0.4

0 

0.2

7 

-

29.1

3 

0.8

5 

RF 

0.8

8 

88.6

8 

68.3

9 

23.36 0.1

6 

0.8

8 

-

15.0

0 

0.3

5 

0.8

8 

89.8

5 

69.8

2 

20.90 0.1

6 

0.8

8 

-

12.8

5 

0.3

5 

GBM 

0.4

4 

190.

84 

149.

98 

54.45 0.3

4 

0.4

4 

-

36.2

7 

0.7

5 

0.7

2 

134.

44 

106.

75 

31.48 0.2

4 

0.7

2 

-

18.4

7 

0.5

3 
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XGBoo

st 

0.7

0 

140.

92 

109.

06 

38.13 0.2

5 

0.7

0 

-

24.5

5 

0.5

5 

0.9

6 

53.0

1 

40.0

8 

10.72 0.1

0 

0.9

6 

-

5.65 

0.2

1 

Baggin

g 

0.8

5 

99.4

3 

72.4

2 

26.13 0.1

8 

0.8

5 

-

16.8

1 

0.3

9 

0.8

5 

100.

68 

74.0

4 

21.01 0.1

8 

0.8

5 

-

11.8

1 

0.3

9 

AdaBo

ost 

0.3

2 

211.

66 

175.

56 

61.95 0.3

8 

0.3

2 

-

41.8

7 

0.8

3 

0.6

4 

152.

70 

129.

79 

37.69 0.2

8 

0.6

4 

-

22.3

6 

0.6

0 

 

External Validation (Unseen Data) (Sample size = 63) 

R2 
RMSE 

(mg/L)  
MAE (mg/L) PMARE (%) SI NSE PBIAS (%) RSD 

0.31 180.43 149.43 43.34 0.33 0.31 -19.19 0.83 

0.23 191.47 154.57 48.01 0.35 0.23 -27.57 0.88 

0.15 200.25 171.57 54.33 0.36 0.15 -31.62 0.92 

0.11 205.86 177.43 57.54 0.37 0.11 -33.16 0.95 

0.85 84.04 71.28 23.35 0.15 0.85 -14.30 0.39 

0.74 110.43 94.43 25.86 0.20 0.74 -13.31 0.51 

0.97 35.82 27.90 7.59 0.07 0.97 -3.69 0.16 

0.83 90.21 72.03 22.70 0.16 0.83 -13.24 0.41 

0.67 125.47 110.77 25.92 0.23 0.67 -11.92 0.58 

 

 Training (Sample size =414)             Testing (Sample size = 104) 

Model R2 

R

MS

E  

M

AE  

PMA

RE  

S

I 

N

SE 

PBI

AS  

RS

D 

Av

g. 

R

2 

RM

SE  

M

AE  

PMA

RE  

S

I 

N

SE 

PBI

AS  

RS

D 

Av

g. 

LR 7 7 7 7 7 7 7 7 7.0 7 7 5 5 7 7 7 7 6.5 

Lasso 8 8 8 8 8 8 8 8 8.0 8 8 9 8 8 8 8 8 8.1 

Ridge 9 9 9 9 9 9 9 9 9.0 9 9 8 9 9 9 9 9 8.9 

KNN 6 6 6 6 6 6 5 6 5.9 6 6 7 7 6 6 6 6 6.3 

RF 1 1 1 1 1 1 1 1 1.0 2 2 2 2 2 2 3 2 2.1 

GBM 4 4 4 4 4 4 4 4 4.0 4 4 4 4 4 4 4 4 4.0 

XGBo

ost 

3 3 3 3 3 3 3 3 3.0 1 1 1 1 1 1 1 1 1.0 

Baggi

ng 

2 2 2 2 2 2 2 2 2.0 3 3 3 3 3 3 2 3 2.9 

AdaB

oost 

5 5 5 5 5 5 6 5 5.1 5 5 6 6 5 5 5 5 5.3 
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Table 17. Summary of the Performance Ranks for the ML Models in Retrieving TDS using Landsat 8 OLI 

Image. 

External Validation (Unseen Data) (Sample size = 63)  

R2 RMSE  MAE  PMARE  SI NSE PBIAS  RSD Avg. Overall Avg. 

6 6 5 5 6 6 6 6 5.8 6.4 

7 7 7 7 7 7 7 7 7.0 7.7 

8 8 8 8 8 8 8 8 8.0 8.6 

9 9 9 9 9 9 9 9 9.0 7.0 

2 2 2 3 2 2 5 2 2.5 1.9 

4 4 4 4 4 4 4 4 4.0 4.0 

1 1 1 1 1 1 1 1 1.0 1.7 

3 3 3 2 3 3 3 3 2.9 2.6 

5 5 6 6 5 5 2 5 4.9 5.1 

 

  Training (Sample size =351)             Testing (Sample size = 88) 
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el 
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SE 

(m

g/L
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M

AE 

(m

g/L

) 

PM

AR

E 

(%) 

SI 

N

S

E 

PBI
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Table 18. Performance Metrics of ML Models in Retrieving TSS Using Landsat 8 OLI Image. 

External Validation (Unseen Data) (Sample size = 53) 

R2 
RMSE 

(mg/L)  

MAE 

(mg/L) 

PMARE 

(%) 
SI NSE 

PBIAS 

(%) 
RSD 

-0.16 111.08 73.15 458.57 1.34 -0.16 -183.54 1.08 

0.08 98.92 73.68 862.89 1.27 0.08 -831.09 0.96 

0.06 100.22 74.35 982.96 1.29 0.06 -951.28 0.97 

0.18 93.42 70.19 914.83 1.20 0.18 -888.92 0.91 

0.90 32.80 22.91 356.09 0.42 0.90 -342.41 0.32 

0.66 59.85 44.51 672.55 0.77 0.66 -652.96 0.58 

0.45 76.84 42.60 196.12 0.90 0.45 -144.49 0.74 

0.84 41.11 26.65 489.58 0.53 0.84 -475.03 0.40 

0.84 41.48 31.99 488.40 0.52 0.84 -475.01 0.40 

 

 Training (Sample size =351)             Testing (Sample size =88) 
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R
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SE  

M
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PMA

RE  

S

I 

N

SE 

PBI

AS  

RS

D 

Av

g. 

LR 9 9 6 6 9 9 4 9 7.6 9 9 7 6 9 9 4 9 7.8 

Lasso 7 7 7 7 7 7 7 7 7.0 7 7 8 8 7 7 8 7 7.4 

Ridge 8 8 8 8 8 8 8 8 8.0 8 8 9 9 8 8 9 8 8.4 

KNN 4 4 4 4 5 4 5 4 4.3 6 6 6 4 6 6 5 6 5.6 

RF 1 1 1 2 1 1 2 1 1.3 2 2 2 2 3 2 3 2 2.3 

GBM 3 3 5 5 4 3 6 3 4.0 4 4 5 5 4 4 6 4 4.5 

XGBo

ost 

5 5 3 3 6 5 3 5 4.4 5 5 4 3 5 5 2 5 4.3 

Baggi

ng 

2 2 2 1 2 2 1 2 1.8 1 1 1 1 2 1 1 1 1.1 

AdaB

oost 

6 6 9 9 3 6 9 6 6.8 3 3 3 7 1 3 7 3 3.8 
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Table 19. Summary of the Performance Ranks for the ML Models in Retrieving TSS Using Landsat 8 OLI 

Image. 

External Validation (Unseen Data) (Sample size = 53)  

R2 RMSE  MAE  PMARE  SI NSE PBIAS  RSD Avg. 
Overall 

Avg. 

9 9 7 3 9 9 2 9 7.1 7.5 

7 7 8 7 7 7 7 7 7.1 7.2 

8 8 9 9 8 8 9 8 8.4 8.3 

6 6 6 8 6 6 8 6 6.5 5.5 

1 1 1 2 1 1 3 1 1.4 1.6 

4 4 5 6 4 4 6 4 4.6 4.4 

5 5 4 1 5 5 1 5 3.9 4.2 

2 2 2 5 3 2 5 2 2.9 1.9 

3 3 3 4 2 3 4 3 3.1 4.5 

The findings of the model’s evaluation on the TDS external validation datasets, which reflect 

possible estimations from practical scenarios, are further displayed with scatter plots as shown in 

Figures 5 and 7, each with a 45° bisector line, respectively, for Sentinel-2 and Landsat 8 OLI images 

to aid in visualization and interpretation of the models by researchers and water resources managers. 

The best performing models have observed and estimated values lying around the 45° bisector line 

[140]. Results presented in the figures shows that ensemble models such as XGBoost, RF, Bagging 

producing superior model estimates of R2 > 83% and > 82% for TDS using Sentinel-2 and Land-sat 8 

OLI images, respectively. These findings are consistent with previous research, which discovered that 

ensemble models, such as the XGBoost and RF, outperformed standalone models, such as the SVM, 

ANN, and LR [62,173]. 

The scatterplot produced for the TSS estimations using the Sentinel-2 and Landsat 8 OLI images 

are shown in Figures 6 and 8, each with a 45° bisector line, respectively. Var-ying performance was 

observed for the TSS with ensemble models such as AdaBoost, RF, and Bagging producing R2 > 0.81 

with Senitnel-2 images which is consistent with previous research, which discovered that ensemble 

models, such as the XGBoost and RF, out-performed standalone models, such as the SVM, ANN, and 

LR [62,126,173]. Ensemble models such as RF and Bagging also outperformed standalone models 

such as LR, Lasso, and Ridge in the case of the Landsat 8 OLI images. Previous studies have however 

found standalone models such as ANN or neural networks to be good performing models [39,120]. 

The box and whisker plots were also used to visualize the performance of the models [174] on 

the external validation datasets. The plots presented in Figures 9 and 10, and Figures 11 and 12  

representing estimations from the Sentinel-2 and Landsat 8 OLI images, respectively, are useful in 

comparing and analyzing the variations in the performance of the different models [140]. Results 

shown in the figures offer the opportunity to evaluate and assess each ML model’s and RS image’s 

effectiveness at estimating the WQPs under study more thoroughly. 

The box and whisker plots show ranging percentiles which represent the variation in the 

observed and the estimated datasets. The horizontal line in the plot represents the 50th percentile or 

the median value. The interquartile range which measures the difference between the 25th and 75th 

percentiles is calculated using the values of the top and bottom horizontal lines of the box plots. The 

whisker lines are extensions of these percentile lines beyond the boxplots. The box and whisker plot 

may also be characterized by outliers which scattered dots seen below or above the whiskers [140].  

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 5 March 2026 doi:10.20944/preprints202603.0403.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.0403.v1
http://creativecommons.org/licenses/by/4.0/


 33 of 47 

 

 

Figure 5. TDS Estimations from Sentinel-2 Images for the Various ML Models with the 45° Bisector Line. 

 

Figure 6. TSS Estimations from Sentinel-2 Images for the Various ML Models with the 45° Bisector Line. 
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Figure 7. TDS Estimations from Landsat 8 OLI images for the Various ML Models with the 45° Bisector Line. 

 

Figure 8. TSS Estimations from Landsat 8 OLI Images for the Various ML Models with the 45° Bisector Line. 

The best-performing models exhibit smaller interquartile ranges and whiskers while poor-

performing models exhibit wider interquartile ranges and long whiskers, an indication of greater 

variations and the possibility of underlying errors in the estimations. The results obtained for the TDS 

estimations demonstrate that the ensemble successfully captured extreme values, i.e., both low and 
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high TDS levels, with the capture being more distinct in the best models as [140] as seen in the case 

of XGBoost for images from both Sentinel-2 and Landsat 8 OLI sensors shown in Figures 9 and 11 

The box and whisker plots for TSS estimations are presented in Figures 10 and 12 for the 

Sentinel-2 and Landsat 8 OLI images, respectively, with AdaBoost and RF noted to show effective 

retrieving the TSS concentrations, respectively for the Sentinel-2 and Landsat 8 OLI images. 

These findings provide a foundation for further research, the identification of areas for modeling 

technique improvement, and the selection of the best models for WQP estimation in the river system. 

 

Figure 9. Box Plots of the Observed and Estimated TDS Concentration Retrieved by the Various ML Models 

Using Sentinel-2 Images. 
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Figure 10. Box Plots of the Observed and Estimated TSS Concentration Retrieved by the Various ML Models 

Using Sentinel-2 Images. 

 

Figure 11. Box Plots of the Observed and Estimated TDS Concentration Retrieved by the Various ML Models 

Using Landsat 8 OLI Images. 

 

Figure 12. Box Plots of the Observed and Estimated TSS Concentration Retrieved by the Various ML Models 

Using Landsat 8 OLI Images. 
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4. Conclusions 

This research utilized satellite images from Sentinel-2 MSI and Landsat 8 OLI sensors and ML 

models to estimate TDS and TSS concentrations in the Colorado River System which supplies water 

to about 40 million people in the US and the Republic of Mexico. ML models used in the estimations 

ae categorized as standalone and ensemble models as described in Section 2.5.1 and 2.5.2. The river 

,which is about 2,318 km long, faces water quality impairment worsened by the anthropogenic 

activities and the prolonged drought as it runs from rocky mountainous areas to the Gulf of California 

[1,2,64] hence the need to carry out continuous monitoring to ensure protection and sustenance of the 

limited water resources. Monitoring of the water quality has been conventionally performed using 

field sampling and laboratory experiments. Conducting field and laboratory analyses on river 

systems like the Colorado River is cost, labor, and time-intensive owing to length and the extent of 

the river. This research therefore applied a cost and labor efficient approach utilizing images capable 

to discriminating the spectral properties of the WQPs and ML algorithms techniques for the 

estimations of TDS and TSS concentrations in the Colorado River. Optimal features of the Landsat 8 

OLI and Sentinel-2 MSI images and nine models consisting of four standalone models, namely LR, 

Lasso, Ridge, and KNN, and five ensemble models namely RF, GBM, XGBoost, Bagging, and 

Adaboost were used to retrieve optically active TSS and inactive WQPs [18,62,63,175]. 

Results produced for the TDS estimations show the superiority of ensemble models compared 

to standalone models for both datasets with the ensemble models being able to capture about the 81 

to 100% variance in TDS across the three datasets (training, testing, and unseen datasets) with 

Sentinel-2 MSI images. The standalone models could only explain approximately 7 to 63% of the 

variance in TDS with images from the same sensor. The ensemble models could also account for 

about 32 to 97% of the variance in TDS with images from the Landsat 8 OLI while the standalone 

models were only able to explain about 11 to 31% TDS variance, across all the datasets. The superior 

performance of the ensemble models could be attributed to their intricacy in minimizing overfitting 

and generalization [126]. The superiority of the Sentinel-2 images in the estimation of TDS could also 

be attributed to their finer spatial and temporal resolutions [18,39] which is corroborated by the 

findings of researchers in [168] which found images from Sentinel-2B MSI sensor to be a superior 

estimator of nearly all the optically active and inactive parameters studied. 

 Models show similar but reduced performance in the estimations of TSS. While the Sentinel-2 

images were able to account for about (-) 2 to 14% variations across the standalone models, Landsat 

8 OLI accounted for approximately (-) 16 to 35% variations in TSS. The ensemble models show an 

improved performance with the spectral signatures explaining about 36 to 99% in TSS for the 

Sentinel-2 images. Landsat 8 OLI on the other hand saw a reduced explanation for the variance in 

TSS of about 11 to 90% across all the three datasets. 

In general, the models perform better in estimating TDS compared to TSS due to the nature and 

the variability in these datasets in the river system. Unlike TDS which shows largely consistent 

variability in the river, TSS data presents underlying issues including spikes in the level of sediments 

in the river system contributed by the tributaries, limited amount, and possible underrepresentation 

of variations of TSS. ML is data-driven, and a lack of adequate and representative data for model 

training could contribute to subpar model performance [120].  

In general, the XGBoost was found to be the most optimal model estimating TDS using images 

from both Sentinel-2 MSI and Landsat 8 OLI with performance values derived as 0.99, 26.52 mg/L, 

and 19.19 mg/L, respectively for R2, RMSE, and MAE for Sentinel-2 images on the external validation 

dataset. The XGBoost yielded R2, RMSE, and MAE of 0.97, 35.82 mg/L, and 27.90 mg/L, respectively. 

The AdaBoost was found to be the best model for TSS estimations with values of 0.92, 29.48 

mg/L, and 24.64 mg/L, respectively, for R2, RMSE, and MAE for the Sentinel-2 image on the external 

validation dataset. The RF model was found to be the optimal model for TSS estimations with the 

Landsat 8 OLI with reported R2, RMSE, and MAE of 0.90, 32.80 mg/L, and 22.91 mg/L, respectively, 

on the external validation dataset.  
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The study proposed XGBoost with its hyperparameters and optimal features for the estimation 

of TDS for images from both sensors. The AdaBoost and RF together with their hyperparameters and 

the optimal features, respectively, for the Sentinel-2 MSI and Landsat 8 OLI as described in Section 

2.5.3. The superior performance of ensemble models such as XGBoost could be a result of the 

underpinning algorithms, which combine several decision trees with weaker learner decision trees 

to resolve errors produced from prior trees, yielding improved and reliable estimations [60,126,172]. 

Researchers, water resource managers, and decision-makers can rely on these findings to carry 

out efficient water quality monitoring and protection efforts in waterbodies like the Colorado River 

System. 

Further research could explore the impact of incorporation of large and representative datasets 

particularly for TSS on the overall reliability and generalization of the ML models. Future studies 

should also explore the impact of using data fusion, i.e., combining images from both optical sensors 

(Sentinel-2 and Landsat 8 OLI images) or microwave and optical sensors which have been observed 

additional details beyond what is offered by a single sensor [77,176] and therefore have the potential 

to enhance the overall model performance. Furthermore, future research could investigate the 

potential of deep learning models like convolutional neural networks and long short-term memory 

which has the potential to provide real-time estimations of WQPs [62].    

Future research could also apply the established models, particularly the proposed one for TDS 

in a comparable water body to examine its overall robustness to TDS estimations. 
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