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Introduction
▪ Remote sensing reflectance encodes complex bio-optical interactions among 

water constituents

▪ Inverting signals into constituents is an ill-posed problem: different constituent 

concentrations can yield to similar spectral shapes

▪ Machine Learning (ML) algorithms trained purely on data can fit ambiguities 

without understanding the underlying physics and biology.

▪ Single Output regression models minimize output-specific loss functions 

independently (e.g., RMSE per target), without enforcing coherence between 

outputs, mapping spurious correlations and capturing statistical patterns that 

correlate with outputs but don't reflect real bio-optical principles.

Objectives
▪ Modelling Cyanobacteria and Chlorophyll-a using different ML models: Single 

Output and Multi-Output regressors.

▪ Guide ML regression models by means of regularization techniques taking into 

account the relationship between pigments and avoiding useless outcomes. It 

constrains the input learning space and produces more consistent models. 

▪ Design a multi-output regressor model that integrates biologically informed 

constraints, introducing a regularization term in the loss function that accounts 

for the Cyanobacteria to Chlorophyll-a ratio during training.

Results

Data and Methods

Metric Single Output (SO) Multi-Output (MO) Weighted MO (WMO)

R2  Chlorophyll-a 0.94 ±0.02 0.93 ± 0.02 0.94 ± 0.02

R2 Cyanobacteria 0.93 ±0.04 0.94 ± 0.02 0.94 ± 0.02

R2 Ratio -0.03 ±0.39 0.32 ± 0.35 0.58 ± 0.12

MAE Ratio 0.09 ±0.01 0.05 ± 0.01 0.08 ± 0.01

Estimators 49 ± 23 25 ± 9 25 ± 5

Table 1. Mean ± std over 5 cross-validation folds. WMO improves ratio performance 

without degrading individual target accuracy and reduces de number of estimators.
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Figure 1. Distribution of R2 ratio (left) and number of estimators (right) across 5 cross 

validation folds. 

Conclusions
▪The Weighted Multi-Output approach improves biophysical interpretability, training stability, and prediction coherence without losing performance

▪ML regressors with regularization can optimize constituent predictions including biologically meaningful interdependencies

Figure 3. Scatter plots of observed and predicted Chl-a and Cyano.

Figure 2. Permutation Importance for SO (A) and WMO (B).

A) Single Output

B) Weighted MO

▪ WMO improves ratio accuracy and convergence stability compared to SO and MO. 

▪ Distribution of the number of estimators used during training highlights that WMO 

converges faster and more consistently, indicating greater training stability under 

biologically-informed constraints.
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