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Introduction

In recent years, water bodies have been increasingly affected by eutrophication, driven by both human activities and rising 
global temperatures due to climate change. Eutrophication leads to an excess of nutrients in aquatic ecosystems, 
significantly altering water quality. One of the most widely used indicators for assessing water quality, Chlorophyll-a (Chl-
a), exhibits variable spectral behavior depending on the complexity of biophysical components present in the water. This 
variability makes it difficult to generalize models for Chl-a estimation under different conditions. Therefore, high spectral 
resolution measurements are required to capture these variations, especially for differentiating and classifying Optical 
Water Types (OWTs). These classifications enable the development of more robust and adaptable algorithms, improving 
the accuracy of water quality assessments. In this context, a framework has been developed to predict Chl-a 
concentrations in optically complex waters. The approach is based on an OWT classifier using normalized Remote Sensing 
Reflectance (Rrs) data and band ratios derived from a sensitivity analysis of wavelengths specific to each OWT. This work 
presents a comparison between the so-called "Unified Model" and "Segmented Model“. The first represents the baseline 
algorithm, while the second is a novel approach that reclassifies OWTs and then develops independent models for each 
class.

Objective

This study aims to provide a framework for estimating Chl-a in optically complex waters across different OWTs.
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Conclusions
The results demonstrate that prior classification of OWTs significantly improves Chl-a estimation, 
with the segmented model (R² = 0.83) outperforming the unified model (R² = 0.63). This 
improvement is attributed to a reduction in optical heterogeneity within each class, allowing for 
better regression model adaptation. However, an underestimation of high Chl-a concentrations was 
observed, indicating the need for further adjustments under highly eutrophic conditions. 
Normalization of remote reflectance (Rrs) was key to enhancing model robustness by eliminating 
dependence on absolute intensity and enabling comparability across different spectral units. 
Furthermore, the sensitivity analysis revealed that certain PRISMA channels are more effective for 
detecting Chl-a in specific OWTs, highlighting the importance of tailoring models to the spectral 
variability of water to achieve more accurate water quality assessments.
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Results 
Overall, the Segmented Model showed better performance, with an R² of 0.83 compared to 0.63 for the Unified Model. Although the 
Segmented Model effectively reduces error variance, it tends to underestimate Chl-a concentrations by approximately 30 mg/m³ when 
values exceed 133 mg/m³. The results also indicate that XGB achieved the best performance for OWT classes 0 and 1, while Random 
Forest yielded the best results for OWT 2 and 3, with RMSE values of 0.15 mg/m³, 15.6 mg/m³, 3.27 mg/m³, and 23.3 mg/m³, 
respectively. One of the key advantages of developing independent models is the greater control over hyperparameters and fair 
selection of independent variables, which enhances predictive capability. Normalization of Rrs values offers significant benefits for 
differentiating OWTs, as it removes the dependence on absolute signal intensity and focuses the analysis on spectral shape. This not 
only improves model robustness to signal magnitude variations but also avoids unit-handling errors, allowing the model to be applied 
using either Rrs or reflectance without additional adjustments. Spectral clustering enabled the identification of a wider diversity in 
water optical behavior while maintaining low intra-class variance. While unsupervised methods capture inherent data patterns, 
supervised classifications offer more control during model training. Furthermore, the sensitivity analysis revealed that specific PRISMA 
channels show higher responsiveness to Chl-a concentrations within certain OWTs, highlighting the importance of spectral resolution 
and the need to tailor models to water types for accurate water quality assessment.
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Methods

For the classification of OWTs, an initial unsupervised clustering into nine classes was performed using the K-Means, 
Spectral, and Ward algorithms. The selection of the best algorithm was based on the evaluation of inter-class variance, the 
correlation coefficient between each OWT and Chl-a concentration, and the dissimilarity among clusters. Once the 
classification was defined, the dataset was labeled accordingly, and supervised classification models Random Forest 
(RF), Support Vector Machine (SVM), and XGBoost (XGB) were trained to classify OWTs in PRISMA hyperspectral satellite 
images. Subsequently, regression algorithms (RF, SVM, and XGB) were applied to predict Chl-a concentration using two 
different OWT classification approaches. The 9-class classifier (Unified Model) served as the baseline, and as an 
alternative, a reclassification to 4 groups (Segmented Model) was applied with independent models for each OWTs. 
Independent variables were selected based on a sensitivity analysis that evaluated all possible band ratio combinations 
within the spectral range of 440 to 784 nm. This involved calculating the coefficient of determination (R²) between the ratio 
of each band with every other band and Chl-a concentration, iteratively using each band. This strategy allowed for the 
identification of the most explanatory spectral combinations. Model performance was assessed using 15-fold cross-
validation, with R², root mean square error (RMSE) and mean absolute error (MAE) as evaluation metrics.

Development of a Methodological Framework for Hyperspectral Estimation of Water Quality Parameters in 
Diverse Inland Waters

• Class 0: Low presence of inorganic 
sediments and Chl-a.

• Class 1: Water with presence of inorganic 
sediments and Chl-a.

• Class 2: Low presence of inorganic 
sediments and Chl-a.

• Class 3: High concentrations of Chl-a with 
low presence of inorganic sediments.

Class OWTs
First Classification 5,6 7,8 0,1,4 2,3

Reclassification 0 1 2 3

Unsupervised Clustering

K-Means, Spectral, Ward 

Best Performance 
“Spectral”

Supervised Classification

SVM, XGB, RF 

Best Performance 
“Random Forest”

Sensitive Analysis For each OWT

𝑅1 =
703𝜌

664𝜌
𝑅2 =

713𝜌

664𝜌
𝑅3 =

694𝜌

504𝜌
…

• Unified Model: This approach used categorical 
labels from the water type classification as 
predictor variables, along with two sensitivity 
analysis ratios for each OWT, resulting in a total of 
19 variables. These variables were used to train RF, 
XGB and SVM algorithms, which were evaluated 
using cross-validation.

• Segmented Model: In contrast to the Unified 
Model, the Segmented Model consists of four 
separate models, one for each OWT. In this case, 
four sensitivity analysis ratios specific to each OWT 
were used as predictor variables. The results 
showed that XGB performed best for OWT 0 and 
OWT 1, while Random Forest achieved the best 
results for OWT 2 and OWT 3.

Chl-a 
mg/m³

Random Forest

Random Forest and XGB

Machine Learning Regression
Best Model Prediction
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Samples Train and Test
Metric Unified Model Segmented Model

Coefficient of Determination (R²) 0,74 0,93

Mean Squared Error (MSE) 289,31 76,34

Root Mean Squared Error (RMSE) 17,01 8,74

Mean Absolute Error (MAE) 7,10 3,86

Standard Deviation of Errors (SDE) 16,78 8,74

Standard Deviation of Absolute Errors (SDAE) 15,46 7,84

Bias (Mean of Errors) -2,79 -0,03

Samples Test
Metric Unified Model Segmented Model

Coefficient of Determination (R²) 0,63 0,83

Mean Squared Error (MSE) 356,72 175,62

Root Mean Squared Error (RMSE) 18,89 13,25

Mean Absolute Error (MAE) 7,28 6,10

Standard Deviation of Errors (SDE) 18,62 13,25

Standard Deviation of Absolute Errors (SDAE) 17,43 11,76

Bias (Mean of Errors) -3,18 -0,11

Performance Evaluation

OWTs Rrs
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