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Abstract  12 

Nutrient enrichment of inland and coastal waters is visible from space. In these regions, 13 

chlorophyll a (chl-a), total suspended solids (TSS), and Secchi depth (ZSD) constitute the most 14 

commonly targeted water quality parameters. A growing number of studies have shown that, 15 

despite not being strictly optically active, total nitrogen (TN) and total phosphorus (TP) can 16 

nonetheless be estimated from remotely sensed data with varying accuracy, underscoring that in 17 

some environments water color is a robust indicator of trophic state. This study provides a 18 

comprehensive analysis of Mixture Density Networks (MDN) model performance across a suite 19 

of water quality parameters (TN, TP, chl-a, ZSD, and TSS) using Landsat 7–9 co-located with 20 

nearly 100 sampled reservoirs in Missouri, USA. MDN models were deployed across several 21 

pipelines that represent different combinations of atmospheric correction processors 22 

(LEDAPS/LaSRC, ACOLITE, and RAdCor), matchup windows (within ±1 and ±3 -day), feature 23 

engineering strategies (single versus multi-feature input), and model output configurations 24 

(single versus multiple-output). The median symmetric accuracy (MdSA) of model predictions 25 

was variable across parameters and pipelines. TN had the best-performing pipeline 26 

(MdSA=16.1%) and pipeline ensemble (MdSA=25.9%) followed by ZSD, TSS, and TP. Chl-a 27 

had worst ensemble accuracy (MdSA=71.1%) and was consistently the least accurate water 28 

quality metric across pipelines. That in this dataset definitive metrics of eutrophication that 29 

include non-optically active constituents (TN and TP) can be more accurately estimated than the 30 

most widely targeted water quality parameter (chl-a) is discussed from theoretical and applied 31 

perspectives.  32 



1. Introduction 33 

Nutrient enrichment, predominantly in the form of nitrogen and phosphorus coming from 34 

agriculture runoff, municipal and industrial effluents and atmospheric deposition, is the largest 35 

anthropogenic stressor to freshwater, estuarine and coastal ecosystems (Conley et al., 2009; 36 

Smith and Schindler, 2009). As many of the symptoms of eutrophication are visible from space, 37 

satellite remote sensing of water quality is a rapidly growing field (Ogashawara et al., 2024). In a 38 

recent review examining remotely sensed metrics of trophic state (Meyer et al., 2024), 39 

chlorophyll a (chl-a), total suspended solids (TSS), and Secchi depth (ZSD) constituted the most 40 

commonly targeted water quality parameters in inland and estuarine waters. Thus, satellite 41 

remote sensing has largely focused on the symptom, rather than the cause of eutrophication. This 42 

is logically a consequence of the fact that, unlike total nitrogen (TN) and total phosphorus (TP) 43 

that include colorless constituents, widely used trophic state metrics are either optically active 44 

constituents (chl-a, TSS) or an apparent optical property (ZSD) that influences reflectance 45 

spectra.      46 

Despite improvements in sensor technology, data accessibility, and algorithm 47 

development, chl-a retrievals are still largely subject to high uncertainty (Lin et al., 2018; 48 

Seegers et al., 2018). In freshwater and coastal environments, this uncertainty is often attributed 49 

to so-called Case II waters whereby the lack of covariation between chl-a, TSS, and 50 

chromophoric dissolved organic matter (cDOM) engenders a degree of complexity that even 51 

well-trained machine learning models struggle to overcome (Pahlevan et al., 2020). Two less 52 

noted but nonetheless important sources of uncertainty are 1) physiological processes that affect 53 

the scattering and absorption properties of a single cell (e.g., photoacclimation, pigment-54 

packaging), and 2) changes in community composition that can result in a diversity of accessory 55 



pigments and cellular morphometry that can further decouple chl-a from reflectance in complex 56 

ways (Bricaud et al., 1995; Hoepffner and Sathyendranath, 1992; Sauer et al., 2012). Indeed, it is 57 

worth noting that chl-a retrievals of NASA’s default OCI algorithm from the latest MODIS Aqua 58 

reprocessing version (R2022.0.1) that are predominantly Case-I waters, have a mean absolute 59 

error (MAE) of 1.69. While a global ocean dataset undoubtably encapsulates greater taxonomic 60 

and physiological diversity than targeted inland and coastal ecosystems, high uncertainty in chl-a 61 

retrievals from remote sensing reflectance remains an open challenge.     62 

Given the undisputed utility of synoptic water quality metrics from space alongside the 63 

inherent large uncertainty accuracy of chl-a retrievals, a growing number of studies have shown 64 

that non-optically active parameters including TP and TN can be indirectly detected by satellite 65 

sensors, despite lacking spectral signatures, due to their strong correlation with optically active 66 

constituents (Xiong et al., 2022). Several methods have been developed to estimate nutrient 67 

concentrations from satellite imagery, including empirical band ratio algorithms based on 68 

statistical relationships (Dong et al., 2020; Li et al., 2017; Sun et al., 2014; Wu et al., 2010) and 69 

machine learning (ML) models (Chebud et al., 2012; Guo et al., 2024, 2022, 2021; Xiong et al., 70 

2022; Zhu et al., 2024, 2022). Among these methods, ML improves the ability to capture 71 

complex relationships among optically active constituents (OACs), non-OACs, and remote 72 

sensing reflectance data (Rrs), and therefore, has strong potential to enable the direct retrieval of 73 

non-OACs from Rrs (Xiong et al., 2022). In this context, probabilistic neural network (NN) 74 

models have emerged as a promising alternative as they can improve retrieval accuracy by 75 

modeling the output as a probability distribution, estimating a range of likely values rather than a 76 

single prediction (i.e., point-based modeling), while also quantifying prediction uncertainty 77 

(Saranathan et al., 2024). Among probabilistic NN models, Mixture Density Network (MDN) 78 



has been applied to inland and coastal waters on a global scale (Pahlevan et al., 2022, 2021b, 79 

2020; Smith et al., 2021) and shown to outperform several commonly used methods for 80 

retrieving water quality parameters (Pahlevan et al., 2020; Smith et al., 2021). However, to date, 81 

these approaches have not been tested for TP and TN retrieval, particularly in optically complex 82 

inland waters. 83 

This study aims to evaluate the feasibility of applying MDN models to atmospherically 84 

corrected Landsat imagery from the Enhanced Thematic Mapper Plus (ETM+) and Operational 85 

Land Imagers (OLIs) aboard Landsat-7, Landsat-8, and Landsat-9 to retrieve TN and TP, as well 86 

as commonly retrieved water quality parameters, including chl-a, ZSD, and TSS. MDN models 87 

were developed using paired in situ measurements from 83 waterbodies in Missouri, USA. First, 88 

we evaluated two feature engineering strategies: one using only the original spectral bands and 89 

another combining single spectral bands with spectral band ratios and indices. The best-90 

performing feature engineering strategy was then used to evaluate the capability of MDN models 91 

to simultaneously estimate multiple water quality parameters, allowing assessment of whether 92 

including co-varying constituents improves retrieval performance (Pahlevan et al., 2022; Smith 93 

et al., 2021). We also evaluated the impact of different atmospheric correction (AC) processors 94 

(LEDAPS/LaSRC, ACOLITE, and ACOLITE-RAdCor) and time windows from the satellite 95 

overpass (±1-day and ±3-day) on algorithm performance. By developing a comprehensive 96 

framework for combining satellite remote sensing with explainable machine learning, our 97 

findings provide guidance for future applications of remote sensing to inland water quality 98 

monitoring.  99 

 100 

2. Materials & Methods 101 



2.1 Study site and water quality data sources 102 

Missouri, located in the central United States (Figure 1), spans six Environmental Protection 103 

Agency (EPA) ecoregions and exhibits a strong south-to-north nutrient gradient that reflects 104 

regional land-use patterns. Reservoirs in the plains of northern and western Missouri are largely 105 

surrounded by cropland agriculture and are generally more eutrophic than those in the forested 106 

Ozark Highlands located in the south (Jones et al., 2008b). A recent study showed that most 107 

Missouri reservoirs are green, with dominant wavelengths between 538–555 nm, closer to the 108 

brown than the blue color endmember (Pinheiro-Silva et al., 2025). Overall, Missouri reservoirs 109 

span wide ranges of surface area (0.003 – 335,50 km2), morphometry, and watershed 110 

characteristics (Jones et al., 2008a), encompassing broad environmental gradients in trophic 111 

status and land cover across the state.  112 

 



 

Figure 1: Flowchart illustrating data preparation, model development and model evaluation and 113 
application.  114 

Long-term water quality records (1999 – 2023) from 83 waterbodies in Missouri 115 

(Supplementary Table 1) were obtained from the Statewide Lake Assessment Program (SLAP) 116 



and the community science led Lakes of Missouri Volunteer Program (LMVP). Measurements of 117 

chl-a, ZSD, TN, TP, and TSS were collected across multiple reservoirs, based on surface or 118 

integrated epilimnetic samples taken three to four times between May and October near the 119 

deepest (i.e., near-dam) sites in each reservoir (Jones et al., 2024a, 2024b; North et al., 2025). 120 

Water transparency (ZSD) was measured using a Secchi disk. Water samples were collected and 121 

stored in high density polyethylene (HDPE) bottles, then processed and frozen until analysis for 122 

uncorrected chlorophyll a (chl-a; µg/L), total nitrogen (TN; µmol/L), total phosphorus (TP; 123 

µmol/L), and suspended solids (TSS; mg/L) following standard methods (Supplementary Table 124 

2). Sampling and analytical procedures were consistent throughout the study period for TSS but 125 

varied for chl a, TP, and TN. In total, the in situ dataset comprised 13,855 observations after 126 

quality control procedures. Quality control included removal of measurements flagged as below 127 

detection limits or failing laboratory replicate criteria. Summary statistics for all water quality 128 

parameters are presented in Table 1. 129 

Table 1. Descriptive statistics summary of in situ water quality parameters collected in Missouri 130 
reservoirs during the study period. Std refers to standard deviation, Chl-a to chlorophyll-a, TN to 131 
total nitrogen, TP to total phosphorus, ZSD to Secchi disk depth, and TSS to total suspended 132 
solids. n is the number of samples. 133 

Parameter 
(unit) 

Chl-a  
(µg/L) 

TN  
(µmol/L) 

TP  
(µmol/L) 

ZSD  
(m) 

TSS  
(mg/L) 

n 13,722 13,684 13,687 13,582 13,135 
Mean 24.87 55.97 1.67 1.34 8.2 
Std 30.09 34.56 1.80 1.02 9.5 
Min 0.10 1.43 0.02 0.01 0.2 

Median 15.00 48.54 1.13 1.02 6.1 
Max 641.70 530.34 24.77 8.61 494.0 

 

2.2 Atmospheric correction (AC) approaches 134 

Level-1 Terrain Precision (L1TP) data from Enhanced Thematic Mapper Plus (ETM+), 135 

Operational Land Imager (OLI), and Operational Land Imager-2 (OLI-2) sensors onboard 136 



Landsat 7, 8, and 9, respectively were downloaded from the USGS EarthExplorer portal for the 137 

period 1999 to 2023. These were then passed through two different AC pipelines detailed below 138 

and are compared against USGS Collection 2 Level-2 surface reflectance products that were also 139 

downloaded for each Level-1 scene. 140 

Level-1 imagery was atmospherically corrected to retrieve water-leaving remote sensing 141 

reflectance (Rrs; sr-1) using the free and open source ACOLITE (Atmospheric Correction for OLI 142 

‘Lite’ software version 20250402.0, Vanhellemont, 2019; Vanhellemont and Ruddick, 2018). 143 

Atmospheric correction was conducted using the Dark Spectrum Fitting (DSF) algorithm 144 

optimized for turbid waters, which has consistently demonstrated superior performance 145 

compared with alternative processors, particularly in inland and coastal turbid waters (Maciel 146 

and Pedocchi, 2022; Pahlevan et al., 2021a; Renosh et al., 2020; Wang et al., 2019). We 147 

employed a fixed aerosol optical thickness (AOT) estimation for the DSF algorithm, which 148 

provides more stable results for small reservoirs compared to the tiled approach. To maximize 149 

the number of valid matchups, the Short-Wave Infrared (SWIR) threshold was increased to 0.05 150 

to avoid misidentifying highly turbid water as land, and the cirrus cloud threshold was relaxed to 151 

0.025 to minimize the exclusion of valid observation under thin atmospheric haze. Furthermore, 152 

the optional residual glint correction using the SWIR bands was not applied, and pixels with 153 

negative reflectance in specific bands were retained to prevent the loss of data in highly 154 

absorbing waters. To ensure spatial consistency, input tiles were merged when necessary, and a 155 

bounding box with 5 km buffer was applied around each reservoir’s sampling point. 156 

To address adjacency effects, which are particularly relevant for small and narrow inland 157 

waterbodies, we compared standard ACOLITE processing with an alternative workflow that 158 

included the Remote Sensing Adjacency Correction (RAdCor) module, recently implemented in 159 



ACOLITE (Castagna and Vanhellemont, 2025). This module implements a Topographic-160 

adjacency corrected DSF (TDSF), a physics-based method that uses a radiative transfer-derived 161 

(6SV) atmospheric diffuse Point Spread Function (PSF) to specifically correct for radiance 162 

scattered from surrounding land pixels. The RAdCor workflow was customized in the same way 163 

as the ACOLITE, with the addition of the adjacency correction module. 164 

 165 

2.3 Spatiotemporal data matchup 166 

To create satellite matchup datasets, atmospherically corrected scenes (LEDAPS/LaSRC, 167 

ACOLITE, and RAdCor) were paired with in situ measurements within a ±1 and ±3 day time 168 

window of the satellite overpasses (Figure1). A 3x3 pixel window was centered on a “safest 169 

pixel” identified through a custom automated Python workflow designed to minimize land-170 

adjacency effects while remaining close to the near-dam sampling location. This "safest pixel" 171 

was defined as the pixel within the valid water mask with the maximum Euclidean distance to 172 

the nearest shoreline, identified using a dynamic search radius centered on the in situ station 173 

coordinates. To account for diversity of reservoir sizes, the search radius was set to 30 m for 174 

reservoirs <0.1 km2, 60 m for reservoirs 0.1km2, and 90 m for reservoirs > 1 km2.  175 

Data quality was further ensured by applying a continuity filter, requiring a 95% valid-176 

pixel density within a 7x7 neighborhood (210 x 210 m) around the centered pixel. For ACOLITE 177 

products (DSF and TDSF-RAdCor), pixels were excluded based on internal quality flags. For the 178 

LEDAPS/LaSRC Level-2 products, the QA_PIXEL band was used to exclude pixels 179 

contaminated by clouds, shadows, or aerosols. Any matchup was discarded if five or more pixels 180 

were flagged as invalid (six or more pixels for Landsat 7). The final reflectance values were 181 

calculated as the median of the valid pixels within the 3x3 pixel window. Level-2 Surface 182 



Reflectance (SR) values were radiometrically scaled and converted to remote sensing reflectance 183 

(Rrs; sr-1) by dividing by p (Rrs = SR/p). Any reflectance containing negative values (Rrs < 0) or 184 

unrealistic high values (Rrs > 0.2) were excluded. The final datasets consist of LEDAPS/LaSRC, 185 

ACOLITE, and RAdCor Rrs values paired with near-concurrent (±1 and ±3 day) in situ 186 

measurements of chl-a, TN, TP, ZSD, and TSS across multiple reservoirs. The final datasets 187 

contain samples from different water types, as evidenced by the broad WQ distribution (Figure 188 

2). To ensure the quality of the matchup datasets, a preprocessing workflow was implemented 189 

consisting of outlier removal and data transformation. 190 

 

 

Figure 2: Frequency distribution of water quality parameters for which Rrs spectra were 191 
available using ±3-day (a-e) matchup window from the satellite overpasses. Histograms 192 
represent matchups for three atmospheric correction methods: LEDAPS/LaSRC, ACOLITE and 193 
RAdCor. Panels represent: (a) chlorophyll a; (b) total nitrogen; (c) total phosphorus; (d) Secchi 194 
disk depth; and (e) total suspended solids. Sample sizes (N) for each method are indicated within 195 
the panels. Panel (f) shows the Pearson correlation among the log10-transformed water quality 196 
variables from the RAdCor dataset. 197 
 



2.4 Mixture Density Network 198 

To estimate water quality (WQ) parameters from Rrs, we employed mixture density networks 199 

(MDNs; Bishop, 1994), a class of neural networks that model the conditional probability 200 

distribution of target variables given a set of input features, allowing uncertainty and potentially 201 

multimodal input-output relationships to be represented. MDNs model the conditional 202 

probability distribution as a mixture of multiple Gaussian functions, parameterized by their 203 

means, standard deviations, and mixing coefficients. The model structure consists of one input 204 

layer, one or more hidden layers, and one output layer (Figure 1). In this study, the MDN model 205 

was implemented using a modified version of the Python-based MDN library (Smith et al., 206 

2021), adapted for the training and evaluation workflow used here. 207 

In order to improve generalization, WQ variables were log-transformed. The feature data 208 

(Rrs) were then processed using a RobustScaler to reduce the influence of potential outliers by 209 

centering the data based on the interquartile range (IQR), followed by a MinMaxScaler to scale 210 

the features to the range -1 to 1. This normalization strategy reduces differences in numerical 211 

magnitude among input features and facilitates model training. The data were split at a ratio of 212 

80:20 for model training and independent testing, respectively. The model architecture, selected 213 

based on inspection of training and validation loss curves, was defined with a depth of three 214 

hidden layers (n_layers = 3) with 32 neurons each (n_hidden = 32). To capture complex, non-215 

linear bio-optical relationships, we employed the Rectified Linear Unit activation function 216 

(activation = ‘relu’). The probabilistic output was parameterized using five Gaussian mixtures 217 

(n_mix = 5). Bagging was enabled (use_bagging = 1) and 20 model rounds were performed 218 

(n_rounds = 20). Other key parameters were set as follows: l2 = 10-4, lr = 10-4, and n_iter = 219 

10,000, while other parameters were kept at their default values. 220 



Retrieval models for chl a, TN, TP, ZSD, and TSS were developed both individually 221 

(single-parameter retrieval) and jointly (multiple-parameter retrieval) to evaluate whether jointly 222 

predicting WQ parameters improved retrieval performance (Smith et al., 2021). ML models are 223 

particularly well suited for simultaneous retrieval, as they account for correlations and inter-224 

dependencies among multiple targets, helping them learn shared patterns and potentially 225 

improving predictive performance (Saranathan et al., 2024). In total, we ran 26 model 226 

combinations using chl a, TN, TP, ZSD, and TSS for each AC processor (LEDAPS/LaSRC, 227 

ACOLITE, and RAdCor) and matchup window combination (±1 and ±3 day). To evaluate 228 

whether jointly predicting WQ parameters improved retrieval performance relative to single-229 

parameter retrieval, we used the non-parametric Mann-Whitney U test.  230 

 231 

2.5 Feature engineering and selection 232 

Feature engineering involved the evaluation of two feature strategies. The first used only the 233 

original spectral bands (Blue, Green, Red, NIR, SWIR1, and SWIR2). The second strategy 234 

combined the single spectral bands with additional engineered predictors, including band ratios 235 

and indices derived from those bands (Supplementary Table 3). To mitigate multicollinearity, an 236 

initial feature selection was performed by calculating Spearman’s correlation coefficients among 237 

all inputs; highly redundant features were excluded using a threshold of | r | > 0.85. Note that this 238 

was performed for each pipeline (i.e., AC processor and time window combination), so not all 239 

features were consistent across pipelines (Supplementary Figures 1–5). Feature importance was 240 

quantified using the Shapley Additive exPlanations (SHAP) framework (Figure 1), which 241 

quantifies the contribution of each feature to a model prediction relative to a baseline prediction. 242 

Based on cooperative game theory (Shapley, 1953), SHAP values capture both the magnitude 243 



and direction (positive or negative) of a feature’s influence (Zhu et al., 2024). The absolute 244 

SHAP value represents the magnitude of a feature’s contribution, while positive and negative 245 

SHAP values indicate whether the feature value increases or decreases the model’s prediction 246 

relative to the baseline. Finally, global feature importance was calculated as the mean of the 247 

absolute SHAP values across all observations.  248 

 249 

2.6 Predictive performance 250 

To evaluate the performance of MDN models, we used the Median Symmetric Accuracy 251 

(MdSA) and Signed Symmetric Percentage Bias (SSPB; Morley et al., 2018). For retrieval 252 

evaluation, point estimates were derived from the man of the Gaussian component with the 253 

highest mixture probability, and predictions were aggregated across 20 model rounds using the 254 

median. Median, rather than mean statistics were adopted as they are more robust to outliers 255 

(Seegers et al., 2018). MdSA is a measure of predictive accuracy, whereas SSPB describes the 256 

systematic direction of error, indicating whether predictions are over- or under- estimated on 257 

average. The performance metrics were calculated according to Morley et al. (2018) as follows: 258 

𝑀𝑑𝑆𝐴	(%) = 		100 ,𝑒𝑥𝑝 0𝑚𝑒𝑑𝑖𝑎𝑛 56ln !!
"!
69: − 1<                                                                     (1) 259 

𝑆𝑆𝑃𝐵	(%) = 100 ∗ 𝑠𝑖𝑔𝑛(𝑀) ∗ 𝑒|$|%&, 𝑀 = 𝑚𝑒𝑑𝑖𝑎𝑛 5ln 5!!
"!
99                                                 (2) 260 

where P and O represent the predicted and observed value, respectively. These metrics provide a 261 

more robust and symmetric assessment of model performance and are appropriate given the 262 

approximately log-normal distribution of WQ data (Figure 2), and because uncertainty is likely 263 

to increase with observed values (Seegers et al. 2018). For example, predicted and observed 264 

values of 4 and 2 yield an MdSA of 100% and a SSPB of 200%, and predicted and observed 265 



values of 1 and 2 also yield an MdSA of 100% and an SSPB of -200%; thus, each prediction 266 

differs from the observed value by 100% with two-fold bias. In addition to the above metrics, we 267 

also calculated Root Mean Square Error (RMSE) in linear space (original units) and median 268 

absolute error (MdAE) in log space (Seegers et al., 2018), as well as slopes and R2 values from 269 

linear regression fits, to allow comparisons with previous studies.  270 

 271 

Results 272 

Performance assessment of single-output retrievals 273 

Performance metrics were variable across parameters and the twelve pipelines (3 AC processors 274 

x 2 matchup windows x 2 feature engineering input, Supplementary Tables 4–8). To evaluate 275 

how the different pipelines impacted model performance, we first averaged MdSA and SSPB 276 

across the five WQ parameters for individual pipelines (Table 2). As a second metric of pipeline 277 

performance, a ranking system is shown (1 = most accurate; 12 = least accurate) that represents 278 

the average ranking of individual WQ parameter across 12 pipelines (Table 2). The highest 279 

ranked pipeline (mean rank = 2.2) employed the RAdCor AC processor, a ±3-day matchup 280 

window, and feature engineering that included band combinations (Figure 3). The second highest 281 

ranked pipeline (mean rank = 4.2) employed the ACOLITE AC processor with a ±1-day 282 

matchup window and feature engineering that included band combinations. 283 



Table 2: Model performance metrics averaged across all five water quality parameters for each 284 
combination of multi- versus single- band feature engineering, ±1- versus ±3-day time windows, 285 
and three different atmospheric correction (AC) processors. n is the sum of testing data sample 286 
sizes across the five water quality parameters. 287 

Feature 
engineering Time window AC processor n 

Mean Model Ensembles 

MdSA SSPB Rank 

Multi-feature 

±1-day 
LEDAPS/LaSRC 345 47.0% -12.8% 8.4 

ACOLITE 338 37.7% -8.6% 4.2 
RAdCor 189 43.0% -8.6% 7.6 

±3-day 
LEDAPS/LaSRC 750 37.4% -8.6% 4.6 

ACOLITE 740 39.8% 2.2% 5.2 
RAdCor 395 34.7% 1.4% 2.2 

Bands-only 

±1-day 
LEDAPS/LaSRC 345 44.8% -10.8% 7.4 

ACOLITE 338 52.9% -17.2% 11.0 
RAdCor 189 44.5% -6.4% 7.8 

±3-day 
LEDAPS/LaSRC 750 37.8% -3.6% 4.8 

ACOLITE 740 43.6% 1.0% 6.4 
RAdCor 395 39.9% -2.9% 5.8 



 

 

Figure 3: Performance of the MDN single-output models (a-e) and multiple-output models (f-j) using RAdCor atmospherically 288 
corrected imagery, ±3-day matchup window, and the multi-feature engineering strategy. Model performance was evaluated using the 289 
log-transformed metrics, median symmetric accuracy (MdSA) and signed symmetric percentage bias (SSPB), as well as the root mean 290 
square error (RMSE) in linear space, expressed in the units of each parameter. The red dotted line denotes the 1:1 relationship, and the 291 
gray solid line denotes the fitted linear regression. The number of samples (N) is shown in each panel. Panels (a, f) correspond to total 292 
nitrogen (TN; µmol/L); (b, g) Secchi disk depth (ZSD; m); (c, h) total suspended solids (TSS; mg/L); (d, i) total phosphorus (TP; 293 
µmol/L); and (e, j) chlorophyll-a (chl-a; µg/L).  294 



To further explore how pipeline components impacted model predictions, performance 295 

metrics were averaged across shared architecture. Beginning with feature engineering, MDN 296 

models that included band combinations have on average improved accuracy and lower bias 297 

(MdSA = 39.9%, SSPB = -5.8%) than models with only six single Landsat bands feature inputs 298 

(MdSA = 43.9%, SSPB = -6.7%). Overall, the best-performing pipeline for each WQ parameter 299 

were those that employed band combinations rather than single bands (Table 3). Across AC 300 

processors, RAdCor, on average, slightly outperformed (MdSA = 40.5%, SSPB = -4.1%) 301 

LEDAPS/LaSRC (MdSA = 41.7%, SSPB = -8.9%), which slightly outperformed ACOLITE 302 

(MdSA = 43.5%, SSPB = -5.7%). Pipelines that used ±3-day matchup window more than 303 

doubled the number of matchups (Table 2), and on average have improved accuracy and lower 304 

bias (MdSA = 38.8%, SSPB = -1.7%) compared to the more data poor ±1-day matchup window 305 

(MdSA = 45.0%, SSPB = -10.7%). That said, the best performing pipelines for TN and TP both 306 

used ±1-day pipelines (Table 3).  307 

Table 3: Model performance metrics for individual water quality parameters averaged 308 
across an ensemble of pipelines (3 AC processors x 2 time windows, multi-feature input, single 309 
parameter output). The best performing pipeline for each parameter is also shown. The fractional 310 
nens is the average n across the 6 pipelines, n is testing data sample size for the given pipeline. 311 
AC refers to atmospheric correction. 312 
 

 

 Mean Pipeline Ensemble Best Performing Pipeline 
Parameter nens MdSA SSPB Rank Pipeline n MdSA SSPB 

TN 92 25.9% -4.6% 1.5 ±1-day RAdCor 38 16.1% -5.0% 
ZSD 92 30.4% 4.0% 2.0 ±3-day RAdCor 79 21.2% 4.0% 
TSS 91 34.6% -7.8% 3.2 ±3-day RAdCor 75 28.7% 1.0% 
TP 92 37.6% -9.0% 3.3 ±1-day ACOLITE 67 29.1% -16.0% 
Chl-a 94 71.1% -11.6% 5.0 ±3-day LEDAPS/LaSRC 152 58.3% -12.0% 



Table 3 shows the performance metrics for individual WQ parameters averaged across all 313 

pipelines that employ band combinations as feature inputs, as well as the best performing 314 

pipeline for each WQ parameter. As above, WQ parameters were ranked within each pipeline (1 315 

= most accurate, 5 = least accurate), and these ranks were averaged across pipelines. TN 316 

achieved the highest accuracy and second lowest absolute bias (MdSA = 25.9%, SSPB = -4.6%) 317 

across the pipelines. Across individual pipelines, TN had either the highest or second highest 318 

retrieval accuracy across the five WQ parameters. The best performing pipeline for TN (MdSA = 319 

16.1%, SSPB = -5.0%) was RAdCor with a ±1-day matchup window and feature engineering 320 

that included band combinations. Averaged across pipelines, ZSD and TSS had the second and 321 

third best accuracy (MdSA = 30.4% and 34.6% respectively), and the top performing pipeline for 322 

both parameters (MdSA < 30%) was RAdCor with a ±3-day matchup window and feature 323 

engineering that included band combinations. Averaged across pipelines, TP has a moderate 324 

accuracy (MdSA = 37.6%) and a notable negative bias (SSPB = -9%). The best performing 325 

pipeline for TP (MdSA = 29.1%, SSPB = -16.0%) employed ACOLITE with a ±1-day matchup 326 

window and feature engineering that included band combinations. Finally, chl-a averaged across 327 

pipelines had the lowest accuracy (MdSA = 71.1%) and was consistently the least accurate WQ 328 

parameter across pipelines. The top performing pipeline for chl-a (MdSA = 58.3%, SSPB = -329 

12.0%) was LEDAPS/LaSRC with a ±3-day matchup window.   330 

 331 

Single- vs. multiple-output retrievals 332 

Simultaneous WQ retrievals were performed for every permutation for each of the five WQ 333 

variables (n = 15) across 6 pipelines (3 AC processors x 2 matchup windows, multi-feature 334 

engineering only). To facilitate a comparison to Table 3, error metrics for each parameter were 335 



averaged across pipelines, and the best performing pipeline was identified (Table 4). Based 336 

strictly on the ensemble means (n = 90), single-output models outperformed multiple-output 337 

models across all five WQ parameters. At this ensemble level, increasing the number of 338 

simultaneously retrieved WQ parameters generally degraded model accuracy across parameters 339 

(Supplementary Table 9). The mean MdSA of models returning two predictors (MdSA = 41.9%) 340 

was lower for models that returned three (MdSA = 43.6%), four (MdSA = 46.0%) and all five 341 

(MdSA = 48.6%) WQ parameters. However, the best performing pipelines with multiple-outputs 342 

configuration yielded more accurate WQ retrievals than the equivalent single-output model for 343 

every parameter except TN (Table 4). Four of these best-performing pipelines employed 344 

RAdCor atmospheric correction.  345 

Table 4: Model performance metrics for individual water quality parameters averaged across an 346 
ensemble of pipelines (3 AC processors x 2 time windows, multi-feature input, multiple 347 
parameter output). The best performing pipeline for each parameter is also shown. The fractional 348 
nens is the average n across the 6 pipelines, n is testing data sample size for the given pipeline. 349 
AC refers to atmospheric correction. 350 

Parameter 
Mean Pipeline 

Ensemble Best Performing Model 

nens MdSA SSPB Pipeline Predicted n MdSA SSPB 
TN 90 30.8% -2.2% ±1-day RAdCor TN, chl-a 38 19.2% 2.1% 
ZSD 90 32.6% 0.0% ±1-day LEDAPS/LaSRC TN, ZSD, TSS 67 19.6% -2.9% 
TSS 90 38.7% -0.3% ±3-day RAdCor TN, TP, chl-a, TSS 77 26.2% -3.1% 
TP 90 42.8% -0.0% ±1-day RAdCor TP, chl-a 38 28.7% -3.2% 
Chl-a 90 75.8% -1.4% ±3-day RAdCor TN, TP, chl-a, TSS 77 42.9% -13.5% 

 

The performance of each multiple-output permutation for a given parameter is shown 351 

graphically for the best performing pipeline (RAdCor processor, ±3-day matchup window) 352 

where each circle represents one permutation color coded by MdSA rank across permutations 353 

(Figure 4). Despite the ensemble showing degraded accuracy with increasing parameters, the 354 

combination of chl-a, TN, TP, and TSS yielded the most accurate estimates of chl-a and TSS 355 



across this and all other pipelines (Table 3). However the same MDN model showed marginally 356 

reduced performance in TP and TN (Figure 4, Supplementary Table 9). TN had the best accuracy 357 

when retrieved alongside chl-a and ZSD, while the single output models of ZSD and TP had better 358 

accuracy than any multiple-output model shown in Figure 4. To better assess whether or not the 359 

inclusion of a specific WQ parameter impacted the retrieval of a second parameter, the 360 

distributions of parameter-specific MdSA values with and without a second parameter were 361 

compared non-parametrically (Mann-Whitney, p<0.05). For the RAdCor ±3-day matchup 362 

window pipeline, the inclusion of TSS led to statistically more accurate retrievals of chl-a and 363 

TP, while the inclusion of ZSD led to statistically less accurate models of TP and TSS.   364 



 

Figure 4: Performance of multiple-output MDN models for each water quality parameter (chl-a, 365 
TSS, ZSD, TP, and TN). Each node represents a unique combination of water quality parameters 366 
used as MDN model outputs; vertical position indicates the number of outputs in that 367 
combination (1 at top to 5 at bottom). Node color indicates relative model accuracy (MdSA), 368 
ranked from most accurate (bottom of gradient bar) to least accurate (top of gradient bar) within 369 
each panel. Gray lines connect each combination to the larger combinations that contain it as a 370 
subset, illustrating how adding additional output parameters changes performance relative to the 371 
single-output model. 372 



Feature Importance 373 

The ranking of predictors by global importance (mean absolute SHAP value) was generally 374 

consistent across AC processors but differed slightly across WQ parameters (Supplementary 375 

Figures 1–5). SHAP analysis for the highest-ranked pipeline across all water quality parameters 376 

(RAdCor processor, ±3-days matchup window, multi-feature strategy, and single-output MDN, 377 

Figure 5) showed that Red-to-Green and Red-to-Blue ratios were the two most influential 378 

features for predicting chl-a, TP, TN and TSS, whereby increasing ratios (i.e., increasingly 379 

browner water) were associated with higher predicted concentrations of each WQ parameter. The 380 

direction of this influence was reversed for ZSD (Figure 5d), where smaller values equate to more 381 

eutrophic conditions, and we note that NDVIR/B was the second most important feature for ZSD. 382 

Spearman rank correlation analysis among spectral features are shown in Figure 5f. Our analysis 383 

kept both SWIR bands as a possible diagnostic of incomplete removal of the atmospheric path 384 

radiance signal. Both SWIR1 and SWIR2 bands were present and important across all AC 385 

processors including RAdCor (Figure 5), where increasing reflectance in these bands was 386 

associated with lower MDN predictions of chl-a, TP, TN and TSS parameters (opposite for ZSD). 387 

Higher NIR reflectance was associated with higher predicted TSS concentrations, whereas higher 388 

NIR/Green ratios were associated with deeper predicted ZSD. 389 



 390 
Figure 5: SHAP values for chlorophyll-a (chl-a), total nitrogen (TN), total phosphorus (TP), 391 
Secchi disk depth (ZSD), and total suspended solids (TSS), where each dot represents an 392 
individual sample. Features are ordered from the top to bottom according to their overall 393 
importance, with those at the top having the greatest influence on model predictions. The 394 
horizontal dispersion of the dots indicates the magnitude of each feature’s influence (SHAP 395 
value), while the color represents the direction of the impact of each feature on the prediction 396 
values. Panel (f) shows the Spearman correlation among features.  397 



Spatial variations of nutrients 398 

Globally, the creation of reservoirs has led to significant sediment and nutrient load reductions to 399 

many of the world’s rivers (Maavara et al. 2014), and spatially explicit remote sensing data 400 

provides robust estimates of sediment trapping efficiency (Moragoda et al. 2023). The Harry S. 401 

Truman reservoir is eutrophic and has the 5th largest watershed in the state (3940 km2; North et 402 

al., 2025). It is operated by the U.S. Army Corps of Engineers (USACE), serves as a source of 403 

drinking water, and is part of the Osage River reservoir system ultimately flowing into Lake of 404 

the Ozarks and the Missouri River. Remotely-sensed imagery of Harry S. Truman reservoir from 405 

August 19th, 2017 was used to generate spatial predictions of nutrient concentrations across the 406 

reservoir (Figure 6). To simplify the spatial analysis, we used the highest-ranked pipeline across 407 

all WQ parameters for TN and TP, consisting of the RAdCor processor, a ±3-day time window, 408 

and single-output MDN models using the multi-feature engineering strategy. There are notable 409 

spatial gradients in TN and TP concentrations across the reservoir, with the lowest nutrient 410 

concentrations at the eastern mouth of the reservoir where the dam is located. Conversely, the 411 

highest concentrations occur in the branches with the largest watersheds (South Grand River and 412 

Osage River arms), where agricultural lands dominates, while the southern and northern 413 

branches with comparatively smaller and more forested watersheds have subsequently lower TN 414 

and TP (Figure 6). In situ TN and TP measurements collected between 2013–2023 available 415 

through the USACE water quality monitoring program (April–September) 416 

(https://www.nwk.usace.army.mil/Locations/Water-Quality/) are generally in agreement with the 417 

spatial patterns depicted. 418 

https://www.nwk.usace.army.mil/Locations/Water-Quality/


 

Figure 6: Water quality maps for Harry S. Truman reservoir produced using the MDN model 419 
from a near-concurrent (±3-day matchup window) Landsat 8 OLI image acquired on August 19th, 420 
2017. a) total nitrogen prediction; b) total phosphorus prediction; c) watershed-scale land cover 421 
map (NLCD 2016), with the watershed boundary outlined and the reservoir extent highlighted by 422 
a red box. Landsat imagery was atmospherically corrected with RAdCor. 423 

Discussion 424 

Here, we demonstrate the potential of MDNs for retrieving WQ parameters beyond OACs, 425 

offering new opportunities for regional-scale assessment of nutrient pollution in optically 426 

complex waters. Our results show that MDNs, validated using in situ data from long-term 427 

statewide monitoring programs, can capture indirect but consistent relationships between 428 

satellite-derived Rrs and TN and TP, enabling regional-scale retrieval of these non-OAC. 429 

Furthermore, by combining probabilistic deep-learning with an explainable AI approach based 430 

on Shapley Additive Explanations (SHAP), we identified the most influential Landsat bands and 431 

derived ratios for nutrient retrieval, providing insight into how the model leverages indirect 432 



relationships between OACs and non-OACs. Although MDNs provide probabilistic output 433 

distributions, the present study focused on point-estimate retrieval performance. Future work 434 

could further evaluate the calibration and utility of MDN-derived predictive uncertainty for 435 

satellite-based WQ monitoring. 436 

Our evaluation of satellite-to-field matchup windows, atmospheric correction (AC) 437 

processors, feature engineering strategies, and model output configurations further demonstrated 438 

that RAdCor processor with a ±3-day matchup window using the multi-feature engineering 439 

strategy and single-output MDN, provided the most robust overall performance across all WQ 440 

parameters. MDN retrieval performance is expected to improve when band-ratio or line-height 441 

features are included as inputs. The rationale is that band-ratio features diminish the model 442 

sensitivity to uncertainties in Rrs arising from AC processors (O’Shea et al., 2021; Zolfaghari et 443 

al., 2023), since ratios cancel much of the systematic bias that AC introduces across neighboring 444 

bands (Pahlevan et al., 2021a). This leaves the resulting feature’s variance more strongly driven 445 

by true water-constituent signal than by residual AC noise, allowing MDN to learn a more robust 446 

relationship between reflectance and the target parameter. Indeed, our results showed that MDN 447 

models that included band combinations have on average improved accuracy and lower bias 448 

across all WQ parameters. In the future, one avenue for improving the model performance is the 449 

inclusion of ancillary data types beyond spectral reflectance; for instance, to what extent would 450 

including hydrometeorological and land cover variables as additional model inputs affect MDN 451 

performance? Intuitively, this should improve accuracy by providing catchment-scale context not 452 

captured by reflectance alone, but which variables would be most informative is yet to be 453 

explored. 454 



Perhaps the most notable finding in this study is that chl-a, an optically active water 455 

constituent that directly affects water reflectance, achieved lower retrieval accuracy across every 456 

pipeline iteration compared to TN and TP that are not strictly optically active. Although TN and 457 

TP lack direct spectral signatures, they are nevertheless correlated with other OACs (Domagalski 458 

et al., 2007; Shi et al., 2017). Recent studies have demonstrated the potential of ML models for 459 

satellite-based nutrient retrieval in lakes and rivers across a range of sensors, including Sentinel-460 

2, Sentinel-3, and MODIS, with reported MAPE values ranging from approximately 10–42% for 461 

TN and TP retrievals, depending on the study region and modeling approach (Du et al., 2018; 462 

Guo et al., 2024, 2021). While these studies differ in sensor characteristics, model architecture, 463 

and evaluation metrics, they illustrate the potential of ML models to learn how nutrient 464 

concentrations empirically co-vary with water color. Such capabilities could substantially expand 465 

the role of satellite remote sensing in environmental management and WQ monitoring by 466 

enabling routine mapping of key eutrophication drivers, rather than focusing primarily on its 467 

optical symptoms. It also should be considered the near universal difficulty in obtaining accurate 468 

chl-a measurements from space, both in Case-I global ocean datasets (Seegers et al., 2018) or 469 

optically complex coastal waters (Pahlevan et al., 2020). Despite being an OAC, 470 

photoacclimation, pigment-packaging and shifts in accessory pigments and cellular morphometry 471 

(Bricaud et al., 1995; Hoepffner and Sathyendranath, 1992; Sauer et al., 2012) each can serve to 472 

decouple Rrs from chl-a in complex non-linear ways that may not be readily overcome by even 473 

the most sophisticated ML models trained on comprehensive datasets. Thus the improved 474 

performance of TN and TP retrievals relative to chl-a from remotely-sensed data suggests that, in 475 

Missouri reservoirs, the empirical linkages between water color and nutrient concentrations is 476 



more readily retrieved than deterministic linkages between water color and chl-a, consistent with 477 

findings from a previous study in the same region (Pinheiro-Silva et al., 2025). 478 

Our study reservoirs encompass a wide range of waterbody and watershed characteristics, 479 

spanning broad gradients in trophic status, land cover, and anthropogenic influence across 480 

Missouri (Jones et al., 2008a, 2008b; Pinheiro-Silva et al., 2025). Despite this substantial 481 

environmental variability in the study region, the MDN models performed well, suggesting that 482 

regionally calibrated models can successfully capture region-specific relationships between 483 

optical and biogeochemical characteristics across diverse trophic and watershed conditions. 484 

These findings also suggest that the relative importance of spectral features is likely to vary 485 

among regions, and future studies could compare SHAP patterns across different geographic 486 

areas to better understand these regional differences. Although regional recalibration is required, 487 

existing long-term monitoring programs provide a practical pathway for integrating satellite-488 

based WQ retrievals into routine monitoring efforts by state agencies. This approach is 489 

particularly valuable as financial constraints threaten the continuity of long-term WQ monitoring 490 

programs. In this context, long-term satellite archives, such as the Landsat series, can 491 

complement field observations by providing continuous spatial coverage and helping bridge 492 

periods with limited or no in situ monitoring.  493 

Differences between satellite-derived estimates and field measurements could arise from 494 

several sources, including temporal variations in WQ parameters between the satellite overpass 495 

and field sample collection. Brezonik et al. (2015) demonstrated that matchup windows of 30–60 496 

days for lakes and a few days for large rivers can be used to match satellite images with WQ 497 

measurements and produce reliable results, depending on the temporal stability of the parameter 498 

values within a given aquatic system. In contrast, Olmanson et al. (2020) found large fluctuations 499 



in cDOM in highly colored lakes with large watersheds relative to their surface areas. Our results 500 

indicate that extending the matchup window from one to three days provides better overall 501 

performance across all WQ parameters because it increases the number of observations available 502 

for training and testing. Another source of error is the satellite AC procedure. Here, we 503 

demonstrated that depending on the AC processor, uncertainties in MDN estimates vary 504 

differently for each WQ parameter. Overall, the best model performance was obtained using 505 

RAdCor-derived estimates, followed by LEDAPS/LaSRC and ACOLITE. Although previous 506 

studies have commonly reported errors exceeding 100% when using benchmark-derived 507 

parameters, the MDNs applied to LEDAPS/LaSRC in this study achieved lower errors and, on 508 

average, outperformed ACOLITE DSF implementation. Pahlevan et al. (2021a) suggested that 509 

MDNs should be relatively insensitive to AC uncertainties in inland waters when used in 510 

association with ACOLITE. Our results partially support this recommendation, as the RAdCor 511 

implementation within ACOLITE, consistently outperformed the ACOLITE DSF and 512 

LEDAPS/LaSRC processors. This suggests that accounting for adjacency effects may provide 513 

additional benefits for MDN-based retrievals in optically complex inland waters.  514 

Significant uncertainties and variability remain in satellite-based retrieval accuracy across 515 

diverse waterbody conditions, heavily influenced by factors such as optical complexity, 516 

atmospheric conditions, and adjacency effects. Satellite-based WQ retrieval often requires 517 

validation with in situ (ground-truth) measurements, yet most long-term reservoir monitoring 518 

programs are not designed to support satellite remote sensing applications mainly due to 519 

challenging logistics associated with site access, high human efforts, and financial costs (Ghosh, 520 

2022; Llodrà-Llabrés et al., 2026). Sampling stations are commonly located near dam structures 521 

because these locations are easily accessible for routine monitoring and typically represent the 522 



deepest part of the reservoir. While this strategy is appropriate for water management, it can 523 

systematically reduce the value of monitoring data for satellite applications. Near-dam locations 524 

are often affected by shoreline mixed pixels, adjacency effects, and shadow artifacts associated 525 

with dam infrastructure, which reduce the number of high-quality satellite and in situ matchups 526 

available for model training and testing. In order to increase the utility of satellite remote sensing 527 

data for WQ assessment in reservoirs, we propose incorporating satellite-oriented sampling sites 528 

into long-term monitoring programs. One approach would be to retain the near-dam sampling 529 

station while establishing an additional sampling site in open-water conditions. Alternatively, 530 

when logistically feasible, the primary monitoring station could be relocated to a position that 531 

better represents open-water optical conditions. In larger or more heterogeneous reservoirs, 532 

combining near-dam stations with satellite-validation sites and additional stations along 533 

longitudinal gradients (e.g., upstream arms) would better capture spatial variability while 534 

supporting both water management and remote sensing applications. Satellite-oriented sampling 535 

sites should be selected using a criteria that maximizes the quality of satellite-in situ matchups. 536 

Potential considerations include maintaining a minimum distance from the shoreline, scheduling 537 

field sampling to coincide with satellite overpasses, selecting locations with sufficient water 538 

depth to minimize bottom reflectance, and collecting surface water samples. In our study, a 539 

substantial number of observations were discarded because of shoreline contamination, 540 

adjacency effects, or the absence of a satellite overpass within the selected matchup window. 541 

Incorporating these considerations into reservoir monitoring design would increase the number 542 

of usable satellite-in situ matchups, reduce uncertainty in satellite retrievals, improve regional 543 

models, and enhance the utility of traditional monitoring datasets for satellite remote sensing 544 

assessment. 545 



 546 

Conclusion 547 

In this study we presented a comprehensive evaluation of satellite-based water quality retrieval 548 

in inland waters using MDNs by evaluating key methodological choices, including atmospheric 549 

correction processors, satellite-to-field matchup windows, feature engineering strategies, and 550 

model output configurations. Using the long-term Landsat archive and in situ data from 551 

statewide monitoring programs in Missouri reservoirs, we demonstrated the feasibility of this 552 

framework for estimating major water quality parameters. By combining a probabilistic deep-553 

learning framework with an explainable AI approach, such as SHAP analysis, our models 554 

effectively captured indirect relationships between Rrs and TN and TP, enabling retrieval of these 555 

non-optically active parameters with higher accuracy than that achieved for chl-a, the most 556 

extensively studied WQ parameter in remote sensing. 557 
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