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A B S T R A C T

Satellite-derived crop functional traits are increasingly pivotal for effective agricultural monitoring and informed 
decision-making, satisfying the demands of sustainable, smart, and precision agriculture. However, retrieving 
these traits leveraging multispectral derivatives is challenging due to inherent variability and uncertainties, 
highlighting the need for comprehensive quantification of the ill-posedness problem arising from both input data 
and predicted methods. This study investigated impacts of noise on paddy rice chlorophyll mapping and the 
associated pixel-level uncertainty across heterogeneous agricultural landscapes using Sentinel-2 imagery and 
hybrid models. Specifically, we employed Gaussian Process Regression (GPR) and Variational Heteroscedastic 
Gaussian Process Regression (VHGPR) to train models utilizing simulated data generated by the physically-based 
radiative transfer model PROSAIL. Subsequently, noise levels of 0 %, 5 %, and 10 % were incorporated to assess 
their effects, and pixel-level uncertainty was estimated across different land covers. Our findings revealed the 
influence of noise on model performance, band relevance, and associated uncertainty. The index of agreement 
(IOA) varying from the lowest 0.82 at 10 % noise to the highest 0.92 in the absence of noise. With relative root 
mean square errors (RRMSE) below 5 %, all models provided high-fidelity mapping of paddy chlorophyll content 
(mean relative uncertainties below 22 %), compared to the lower confidence levels observed for non-vegetated 
objects (mean relative uncertainties exceeding 50 %). This research contributes to the growing need for un
certainty mapping associated with plant trait products. Furthermore, it highlights the importance of noise 
management in satellite applications for achieving more robust and realistic retrievals across heterogeneous 
landscapes.

1. Introduction

Remote sensing in agriculture has become a mature science with 
streamlined products associated with categorical mapping, well- 
established spectral indices, and functional plant traits (Weiss et al., 
2020b). The availability and accessibility of agricultural datasets facil
itate the development of smart and precise agricultural applications 
such as crop phenology analysis, water and nutrient management, as 
well as pest and disease warning, contributing to accurate yield pre
diction (Berger et al., 2022; Sishodia et al., 2020). Generally, it is 
impossible to satisfy spatiotemporal monitoring objectives relying solely 
on field measurement and laboratory analysis, therefore highlighting 

the capabilities of Earth observation technologies (Verrelst et al., 2019; 
Weiss et al., 2020b). However, in the context of remote sensing agri
cultural applications, the transferability of quantitative methods re
mains limited for truthful estimations across space and time dimensions, 
primarily due to data anomalies in field measurement combined with 
imaging spectroscopy data, and inherent model uncertainties (Brown 
et al., 2021; Martínez-Ferrer et al., 2022; Povey and Grainger, 2015). 
Consequently, this limits the broader agricultural application of remote 
sensing as it restricts monitoring over regional, continental, and global 
scales simultaneously with long-term time series analysis (Malenovský 
et al., 2019; Verrelst et al., 2019).

A general taxonomy for mapping biophysical and biochemical 
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variables separates empirical approaches and physical-based radiative 
transfer models (RTMs) (Verrelst et al., 2015a; Verrelst et al., 2019). 
Empirical methods, relying on statistical relationships, can provide 
robust retrievals for well-defined areas with ample training data. 
Conversely, RTMs, grounded in physical principles, require less ground- 
measured data and offer greater transferability, particularly in diverse 
environments, while also enhancing scientific understanding of plant- 
light interactions. Hybrid retrieval strategies combine the strengths of 
both approaches by using RTMs to generate training data as input to 
empirical models. These frameworks are further improved by inte
grating machine learning regression algorithms (MLRAs) for superior 
estimation (Verrelst et al., 2015a; Verrelst et al., 2019). One common 
hybrid retrieval method is the PROSAIL toolbox within the Sentinel 
Application Platform (SNAP), utilizes Artificial Neural Network (ANN) 
to derive key biophysical and biochemical variables across a wide range 
of vegetation covers (Weiss et al., 2020a). However, the SNAP bio
physical processor is trained on synergistic datasets encompassing 
diverse vegetation types, from forests to agricultural crops. In contrast, 
custom RTM models offer greater flexibility by allowing users to 
configure input variables, thus optimizing the representation of specific 
vegetation characteristics.

In the selection of MLRAs for hybrid model training, Artificial Neural 
Network (ANN) is among the most popular choices (Verrelst et al., 
2015a; Verrelst et al., 2019). The well-established algorithm applies a 
multi-neural layers network to capture nonlinear relationships between 
spectroscopic data and vegetation traits. This capability has been 
demonstrated through applications of not only data-driven non-para
metric regression but also RTM-based methods (Verrelst et al., 2015a; 
Verrelst et al., 2019). However, limitations in ANN include multi
collinearity problems and time-consuming computation when complex 
structures (Verrelst et al., 2019). Unlike ANNs, nonlinear nonparametric 
Gaussian processes regression (GPR) can effectively tackle these chal
lenges and frequently surpasses their performance in retrieving bio
physical and biochemical variables (Danner et al., 2021; Verrelst et al., 
2012b; Verrelst et al., 2015b). Furthermore, the Gaussian models were 
demonstrated with robust performance incorporating various sensors 
and vegetation ecosystems (Berger et al., 2020; Caballero et al., 2023; 
Camps-Valls et al., 2016; Ghosh et al., 2022; Verrelst et al., 2012a; 
Verrelst et al., 2012b; Verrelst et al., 2013a; Xie et al., 2021). A challenge 
in standard GPR is its assumption of independent noise variance (ho
moscedasticity), which limits its practical use, particularly in hybrid 
retrieval methods applied to remotely sensed data. To address this, the 
refined version of Variational Heteroscedastic Gaussian Process 
Regression (VHGPR) was developed within the Bayesian framework. 
VHGPR retains the advantages of GPR for excellent plant trait estima
tions while explicitly modeling input-dependent noise scenarios (het
eroscedasticity) (Estévez et al., 2020; Estévez et al., 2021; Lázaro- 
Gredilla et al., 2014).

In light of model transferability for spatiotemporal-explicit estima
tion, evaluating both goodness-of-fit metrics and quantifying uncer
tainty is critical for optimal model selection (García-Soria et al., 2024; 
Kaminski et al., 2017). While field measurements are essential for model 
validation, exhaustive ground truth collection for every pixel in a remote 
sensing-based spatial approach is impractical. Uncertainty estimation 
may address this challenge by providing a pixel-wise quality metric, 
effectively a mask that identifies potential outliers and errors in the 
derived products. This is particularly valuable for hybrid retrieval 
models, especially where trait estimation is expected to be highly 
challenging across heterogeneous landscapes (Malenovský et al., 2019; 
Martínez-Ferrer et al., 2022).

The remaining challenge in hybrid models is the noise resulting from 
the combination of remote sensing observations, RTM-based simulated 
data, and field measurements (Caicedo et al., 2014; de Sá et al., 2021). 
Recent studies have emphasized the varying model performance in the 
presence of noise. For example, using S2 imagery to estimate various 
traits (leaf area index, chlorophyll content, equivalent water thickness, 

and dry matter content), de Sá et al. (2021) showed that GPR performed 
best in the absence of noise. However, GPR was significantly sensitive to 
noise levels of 5 % and above 20 %, becoming less effective than random 
forests (RF), ANN, and multi-task neural networks (MTN) (de Sá et al., 
2021). In nitrogen estimation using a simulated hyperspectral signal, 
both kernel-based GPR and kernel ridge regression (KRR) demonstrated 
high accuracy and saturation adaptation with noise up to 10 %, out
performing ANN, least squares linear regression (LSLR), partial least 
squares regression (PLSR), support vector machine (SVR), and quantile 
regression forests (QRF) (García-Soria et al., 2024). To date, assessing 
hybrid model noise effects for mapping biophysical and biochemical 
variables has received limited attention, due to the difficulties in con
trolling and mitigating its implications (Caicedo et al., 2014; de Sá et al., 
2021; García-Soria et al., 2024).

Focusing on rice, a globally critical food crop, paddy chlorophyll 
content serves as a direct indicator of the plant’s photosynthetic capacity 
and nitrogen status, reflecting its ability to capture light and produce 
biomass essential for growth and yield (Liu et al., 2024). Upscaling for 
robust estimation of paddy chlorophyll using remote sensing is thus 
crucial for large-scale agricultural resource management, tracking 
phenological shifts, and enhanced crop growth monitoring over time 
series, thereby optimizing yield. Regarding near real-time applications, 
such timely and reliable insights into plant health and photosynthetic 
capacity enable optimized fertilization strategies, early detection of 
nutrient stress, and more efficient use of agricultural inputs. Ultimately, 
monitoring these traits is particularly vital for climate change response, 
aiding in the assessment of crop resilience to environmental stressors 
(Berger et al., 2022; Sishodia et al., 2020; Weiss et al., 2020b).

Recognizing the challenges associated with providing pixel-wise 
uncertainty estimates alongside ready-to-use vegetation trait products, 
and addressing the impact of noise when linking Earth observation 
constellations with physical radiative transfer models, we ask the 
following research questions: (1) how does noise affect the performance 
of remotely sensed plant traits prediction?, and (2) how do hybrid 
retrieval models produce accurate agricultural trait products, accom
panied by uncertainty indicators for reliable operational applications? 
To address these questions, we evaluated the performance of GPR and 
VHGPR for estimating paddy chlorophyll pigment concentrations under 
varying noise levels (0, 5, and 10 %). The validated models were applied 
to Sentinel-2 (S2) surface reflectance data for full mapping across het
erogeneous agricultural landscapes, representing diverse land cover 
types. Achieved results allow us to provide feedback on the capacity of 
the approach and discuss its potential for supporting smart, sustainable, 
and precise agriculture based on remote sensing.

2. Materials and methods

Fig. 1 visualizes the technical workflow undertaken in this study. 
Details of each step are further described in the following sections.

2.1. Study area

The study area is situated within the Red River Delta of northern 
Vietnam, also known as the national second-largest rice production. 
Despite paddy cultivation dominating the region, it exhibits a frag
mented pattern interspersed with other land uses. Farming practices 
typically involve two distinct rice cropping seasons: the spring crop, 
extending from early November to late May, and the autumn crop, 
commencing in late May and concluding in mid-November (Yuen et al., 
2021). However, significant temporal variability in crop calendars is 
evident across different locations, with planting and harvesting times 
demonstrating considerable variation even within individual paddy 
parcels.

We focused on a heterogeneous landscape spanning a total of 174.82 
km2 (latitude 21◦13′–21◦18′N and longitude 105◦18′–105◦26′E). The 
study land covers are categorized into seven specific types: water, built- 
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up, rice, other crops, woody crops/orchards, barren, and forest. Statis
tically, rice dominated the landscape, accounting for over 44 % of the 
total area, followed by water bodies (21 %), built-up areas (19 %), and 
other crops (12 %). The remaining land cover types (i.e., woody crops/ 
orchards, barren, and forest) collectively comprised a relatively 

negligible proportion of the study area (Fig. 2).

2.2. Field campaign and measurement

The field campaign, designed to acquire ground truth data, was 

Fig. 1. Flowchart of the study.

Fig. 2. Location of the study area (A), land cover map over the study site (B), with zoom in paddy parcels using S2 true color composition (C).
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carried out between 3 and 6 May 2022. Across the paddy fields, 60 
square sampling paddy plots (10 × 10 m) were carefully selected, 
characterized by a high proportion of foliage cover to minimize the in
fluence of bare soil and water. The size and position of each plot were 
verified for spatial consistency with the pixel size of S2 imagery. Within 
each plot, paddy chlorophyll content was recorded using a non- 
destructive SPAD-502 chlorophyll meter. Three randomly distributed 
measurements were taken per plot, ensuring for homogeneous canopy, 
to obtain a representative mean chlorophyll value. The resulting SPAD 
values were subsequently transformed into chlorophyll content, 
expressed in μg.cm− 2, using the following mathematical relationship 
(Rossi et al., 2022): 

LCC in μg.cm− 2 = 0.21752× SPAD2.1129 (1) 

2.3. Sentinel-2 L2A and preprocessing

S2 (satellite 2B) Level 2 A surface reflectance images acquired on 
May 3, 2022, were downloaded for subsequent analysis, coinciding with 
the date of field measurements. It is important to acknowledge that 
cloud contamination is an annual occurrence in this region, influenced 
by the tropical monsoon climate background. To ensure data quality, 
rigorous quality control measures were implemented. All defective 
pixels were removed utilizing both the quality assessment band (QA60) 
and the S2 cloud probability dataset (s2cloudless) (Skakun et al., 2022; 
Zupanc, 2017). Ten spectral bands with spatial resolutions ranging from 
10 to 20 m were selected. The six bands with an original resolution of 20 
m (B5, B6, B7, B8A, B11, B12) were subsequently resampled to 10 m 
using the Sen2Res plugin available in SNAP (Brodu, 2017), while the 
remaining bands (B2, B3, B4) were maintained at their native 10 m 
resolution.

2.4. Physical radiative transfer model

The physical-based leaf-to-canopy radiative transfer model PROSAIL 
(PROSPECT +4SAIL) was employed to simulate the relationship be
tween paddy traits and spectral response (Jacquemoud et al., 2009). 
Integration of PROSPECT with 4SAIL facilitates the transformation of 
leaf-level to bi-directional reflectance, aligning with satellite observa
tions over the vegetation canopy (Verhoef et al., 2007). A simulation of 
1000 samples was conducted using Latin Hypercube Sampling (McKay 
et al., 1979), ensuring a uniform distribution across the entire range of 
each input variable. The number of simulations is balanced between 
optimal Gaussian performance and computational efficiency (Danner 
et al., 2021; Rasmussen and Williams, 2005), as already successfully 
demonstrated (Estévez et al., 2020; Estévez et al., 2022). The range of 
model parameters was configured based on field campaign measure
ments, complemented by referencing relevant prior works (Adeluyi 
et al., 2021; Campos-Taberner et al., 2016; Rossi et al., 2022; Xu et al., 
2019), as detailed in Table 1. The processing steps were implemented 
using the ARTMO toolbox developed based on the MATLAB platform 

(https://artmotoolbox.com/).

2.5. Gaussian-based algorithms

Gaussian process-based regression algorithms were employed to 
model the nonlinear relationships between independent variables (i.e., 
S2 surface reflectance bands) and the dependent variable (i.e., paddy 
chlorophyll content). We focused on two variants including the standard 
GPR and the refined VHGPR. A key distinction between these algorithms 
lies in their treatment of data noise (Camps-Valls et al., 2016). GPR 
assumes homoscedastic noise, meaning the noise variance is constant 
across all input values. In contrast, VHGPR accommodates hetero
scedastic noise, allowing the noise variance to be a function of the input 
values.

Theoretically, GPR assumes that the function mapping remote 
sensing data (x) to paddy chlorophyll content f(x) is drawn from a 
Gaussian Process (GP ): 

f(x) ∼ GP (m(x) , k(x, x’) ) (2) 

Where m(x) is the mean function assumed to be zero, k(x, x’) is the 
covariance function between any two input points x and x’.

For training purpose, assuming that the observed chlorophyll con
tent (y) is a combination of the true underlying chlorophyll content f(x) 
and noise (ε): 

y = f(x)+ ε, and ε ∼ N
(
0,σ2

n
)

(3) 

Where N
(
0,σ2

n
)

is the normal distribution of zero mean and the 
variance. For GPR, σ2

n represents the constant noise variance (homo
scedasticity assumption).

Consider a test point x*, the joint distribution of observed training 
outputs y and the unobserved test output f* = f(x*) is a multivariate 
Gaussian: 
(

y
f*

)

∼ N

(

0,
(

K (X,X) + σ2
nI K(X, x*)

K(X, x*)
transpose k(x*, x*)

))

(4) 

Where K (X,X) is the kernel matrix evaluated for all training input 
pairs, K(X, x*) is the kernel vector between training inputs X and the test 
input x*, I is the identity matrix, k(x*, x*) is the variance of the test point 
with itself.

For prediction purposes, the GPR is obtained by computing the 
posterior distribution for f*: 

p(f*|X, y, x*) = N (u*,Σ*) (5) 

μ* = K(X, x*)
transpose[K(X,X) + σ2

nI
]− 1y (6) 

Σ* = k(x*, x*) − K(X, x*)
transpose[K(X,X) + σ2

nI
]− 1K(X, x*) (7) 

Where μ* is predicted chlorophyll content, Σ* is predictive variance 
(confidence intervals), using for quantifying uncertainty.

Considering VHGPR, the noise variance σ2
n becomes σ2

n(x),indicating 
that the noise variance can vary depending on the input x: 

Y = f(x)+ ε, and ε ∼ N
(
0, eg(x) ) (8) 

Here, f(x) is the GP for the mean function, and g(x) is another latent 
GP that models the logarithm of the noise variance: 

f(x) ∼ GP
(
mf(x) , kf(x, x’)

)
(9) 

g(x) ∼ GP
(
mg(x) , kg(x, x’)

)
(10) 

The log-transformation ensures that the noise variance is always 
positive. To perform inference in VHGPR, the Marginalized Variational 
approximation approach is employed. An analytical expression for the 
Kullback–Leibler divergence between a proposal distribution and the 
true posterior distribution of f(x) and g(x) was provided. Minimizing this 

Table 1 
Configuration of PROSAIL.

Variables Acronym Units Range Distribution

PROSPECT
Leaf structure N 1.2–2.5 Uniform
Chlorophyll a + b Cab μg.cm− 2 20–80 Uniform
Water thickness Cw g.cm− 2 0.0001–0.05 Uniform
Dry matter Cm g.cm− 2 0.0001–0.03 Uniform
4SAIL
Leaf area index LAI m2.m− 2 0–6 Uniform
Average leaf angle ALA degree 0–90 Uniform
Diffuse/Direct radiation 0–100 Uniform
Soil brightness psoil 0–1 Uniform
Hot spot effect Hot 0–1 Uniform
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divergence yields an accurate approximation of the true posterior dis
tribution. This optimization simultaneously facilitates model selection.

Regarding band importance analysis in Gaussian-based algorithms, 
Automatic Relevance Determination (ARD) is a technique used in 
Bayesian models to identify and prioritize the most relevant input fea
tures for a given task. With input vector x has D dimensions (i.e., spectral 
bands), the ARD Squared Exponential kernel is defined as: 

k
(
xi, xj

)
= v2exp

(

−
1
2
∑D

d=1

(
xid − xjd

)2

l2d

)

(11) 

Where v is a scaling factor, xid and xjd is the value of the d-th spectral 
band for input point xiand xj, ld is the length-scale per input bands.

During the GPR training process, the hyperparameters (v and ld) are 
optimized by maximizing the marginal likelihood of the observed data. 
The obtained ld represents the relevance of each spectral band. A lower 
band ld indicates higher feature importance for the predictions and vice 
versa.

According to the mentioned theoretical basis, there are two proper
ties used for uncertainty quantification and band relevance analysis in 
this study:

(1) Both probabilistic Gaussian models allow for delivering uncer
tainty level (or confidence interval) per pixel accompanied by trait 
predictions (Camps-Valls et al., 2016; Verrelst et al., 2013b). The pixel- 
wise absolute uncertainty, calculated by predictive variance (Σ*), which 
can be expressed as the standard deviation (SD) around the mean trait 
value (μ). To compare retrieval models at a consistent scale, we applied 
the coefficient of variation (CV) as a measure of relative uncertainty, 
represented by percentage: 

CV = (SD/μ)×100 (12) 

(2) The length-scale per input bands (ld) derived from the Gaussian 
models to rank relevant S2 bands (Verrelst et al., 2016b). As afore
mentioned, a lower ld indicates higher importance. Consequently, these 
values were inverted to achieve a positive representation, with higher 
values denoting greater importance. A logarithmic transformation was 
then applied to normalize the scale, effectively handling the substantial 
differences in absolute values across bands. Finally, the relative impor
tance was computed to facilitate clearer interpretation and comparative 
analysis of spectral relevance among the six models (Binh et al., 2024): 

Relative importance = 1 − log10

(
l2d(

maxl2d
)

)

(13) 

We introduce multiplicative Gaussian noise to improve the practical 
utility of the retrieval model and prevent overfitting. Prior to training, 
we applied noise at increasing levels of 5 % and 10 % to assess its impact 
compared to the noise-free scenario (i.e., 0 %). Importantly, this allows 
us to investigate how noise affects model uncertainty and the contri
bution of individual spectral bands to the retrieval process.

Due to the ill-posedness of RTM inversion (i.e., multiple configured 
parameters may produce similar spectral responses) and the presence of 
noise, significant challenges arise when linking PROSAIL data with S2 
observation. Hence, we integrated random sampling techniques with 
Gaussian algorithms to improve model accuracy (Berger et al., 2021; 
Verrelst et al., 2016a). Finally, given that PROSAIL is exclusively 
designed for vegetation simulation, spectral reflectances of non- 
vegetated covers (i.e., built-up areas, water, and barren land), were 
extracted directly from S2 imagery and incorporated into the training 
dataset with zero chlorophyll content. This strategic inclusion allows for 
training a model that performs effectively on actual satellite imagery, 
which inherently features coexisting vegetated and non-vegetated sur
faces, thereby enabling robust mapping across the entire S2 scene. This 
methodology is also consistent with established precedents in prior 
studies that aim to build robust models for practical applications (Binh 
et al., 2022a; Estévez et al., 2020; Estévez et al., 2022; García-Soria 

et al., 2024).

2.6. Statistical metrics

The performance of Gaussian-based models under varying noise 
levels was evaluated against in situ data using linear regression analysis. 
Three statistical criteria were employed for model assessment: the co
efficient of determination (R2), the relative root mean square error 
(RRMSE), and the index of agreement (IOA). RRMSE is expressed as a 
percentage of the mean, providing a normalized measure of model error 
compared to absolute RMSE, while IOA quantifies the overall agreement 
between model predictions and observed data, ranging from 0 (no 
agreement) to 1 (perfect agreement), facilitating a better assessment of 
the predicted models (Willmott, 1981). 

R2 = 1 −

∑n
i=1(xi − yi)

2

∑n
i=1(xi − x)2 (14) 

RRMSE = 100×

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
n
∑n

i=1
(yi − xi)

2

√

x
(15) 

IOA = 1 −

∑n
i=1(yi − xi)

2

∑n
i=1(|yi − x| + |xi − x|

)
2

(16) 

Where, n is the number of samples (n = 60), yi and xi are the esti
mated and measured paddy chlorophyll values, x are the mean of 
measured paddy chlorophyll values.

3. Results

3.1. Field validation

Fig. 3 exemplifies linear regression plots and goodness-of-fit metrics 
for chlorophyll retrieval compared between various Gaussian-based al
gorithms with varying levels of noise. Overall, all the models achieved 
robust performance with RRMSE below 5 %. Notably, the standard GPR 
with noise-free demonstrated the best performance with all out
performed metrics (R2 = 0.725, RRMSE = 3.824 %, and IOA = 0.919). 
While all models maintained reasonable performance with noise injec
tion, a significant change in relative uncertainty was observed. For 
instance, relative uncertainty rose to approximately 25 % with 5 % noise 
in both traditional GPR and refined VHGPR models. Evidence from all 
error metrics also confirmed VHGPR with 10 % noise performed slightly 
better compared to the same model with 5 % noise, yet the difference is 
negligible. Comparison between standard GPR and VHGPR indicates 
that standard GPR generally provides higher accuracy, while both are 
sensitive to noise.

The magnitude of noise levels demonstrably impacted the relative 
contribution of spectral bands in each specific Gaussian retrieval algo
rithm (Fig. 4). Specifically, with the exception of the 5 % noise condi
tion, the blue (B2–490 nm) and green (B3 – 560 nm) bands emerged as 
more influential than the red band (B4-665nm) within the Sentinel-2 
visible spectral range, as confirmed by prior studies (Verrelst et al., 
2012b; Verrelst et al., 2016b). In the red-edge region, the bands centered 
at 705 nm (B5) and 740 nm (B6) displayed the highest sensitivity, 
consistent with previous investigations (Clevers and Gitelson, 2013; 
Delegido et al., 2011). In the near-infrared (NIR) region, the contribu
tion of band B8 (wide spectral width, 10 m resolution) and 8 A (narrow 
spectral width, 20 m resolution) to the model varied depending on the 
specific scenario. Furthermore, the inclusion of shortwave infrared 
(SWIR) bands at 1610 nm (B11) and 2190 nm (B12) significantly 
enhanced model performance, attributed to their diminished atmo
spheric interference, as well as heightened sensitivity to soil and vege
tation cover characteristics rather than the visible bands (Delloye et al., 
2018; Verrelst et al., 2012b).
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3.2. Mapping performance

Chlorophyll mapping applied to the entire S2 scene accurately rep
resented paddy characteristics compared to remaining land cover 
characteristics, as well as the differences following specific noise- 
included Gaussian algorithms (Fig. 5). Model training data may be 
biased towards paddy crops, hampering accurate trait retrieval on 
disturbed private land cover properties. Consistency patterns of rice 
areas were observed in all models, with the range of chlorophyll content 
from approximately 50 to nearly 95 μg.cm− 2, while the non-vegetation 
pixel (i.e., built-up, water bodies) likely leads to lower trait levels (<10 
μg.cm− 2).

Along with the chlorophyll mapping procedure, the models allow for 
generating pixel-wise relative uncertainty, facilitating for comparison 
between different landcover attributes over complex agricultural envi
ronments (Fig. 6). The spatial distribution of relative uncertainties 
revealed that the highest values belong to water bodies, followed by low 

vegetation cover such as built-up areas. Major paddy fields and other 
vegetation cover performed lower relative uncertainties, implying 
trained models achieved higher retrieval fidelity over the vegetation 
pixel compared to non-vegetation pixels. The pronounced differences 
between vegetation and non-vegetation types highlight the impacts of 
heterogeneous land cover using spatial and spectral specifications of S2. 
To the noise-injected Gaussian algorithms, the most fidelity perfor
mance was achieved in GPR with 0 % noise (on average, relative un
certainty <20 %), while the highest uncertainties were detected clearly 
in VHGPR in the presence of both noise-free and 10 % included noise 
(relative uncertainty up to 100 %).

We sampled all exhibited paddy pixels over the study site and per
formed the correlation matrix (Fig. 7). This enables the relationship 
analysis between different specific noise-included Gaussian algorithms. 
For trait maps, results indicated a moderate-to-high correlation, with the 
lowest correlation found between noise-free VHGPR and VHGPR with 5 
% added noise (R = 0.58), and the highest through the comparison 

Fig. 3. Performance of Gaussian-based algorithms under varying noise conditions: (a-c) GPR with 0,5,10 % noise, (d-f) VHGPR with 0,5,10 % noise.

Fig. 4. Hierarchical partitioning represents the percentage of relative importance explained in different retrieval models.
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Fig. 5. Visual comparison of chlorophyll predicted by noise-embedded Gaussian model: (a-c) GPR with 0,5,10 % noise, (d-f) VHGPR with 0,5,10 % noise.

Fig. 6. Visual comparison of relative uncertainty predicted by noise-embedded Gaussian model: (a-c) GPR with 0,5,10 % noise, (d-f) VHGPR with 0,5,10 % noise.
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between GPR and VHGPR with the same 5 % noise (R = 0.94). Con
cerning relative uncertainty, the range correlation coefficient varies 
from the lowest 0.03 (noise 10 %) to the highest 0.91 (GPR noise 0 % 
and 5 %). Notably, VHGPR with 10 % noise included is the only model 
shows no significant correlation with other models.

It should be noted that for the heterogeneous landscape, the rice 
crops are mixed with non/other vegetation cover. Therefore, a better 
illustration of mean uncertainty compared between different land cover 
attributes and in situ data is depicted in Fig. 8. All vegetation cover (i.e., 
rice, forest, and orchards) achieved the lowest relative uncertainty with 
negligible differences, as well as the same performance against in situ 
data. Whereas the highest mean relative uncertainty occurred in barren 
areas (exceeding 50 % in VHGPR noise 10 %), the land cover charac
teristic also exhibited the largest variation in different noise levels and 
Gaussian-based estimations compared to the remaining classes. The 
variation of relative uncertainty in VHGPR is generally higher than GPR, 
while GPR noise 0 % achieved the lowest mean relative uncertainty 
across all land cover types. In summary, most of the uncertainty esti
mated for not only paddy but also other vegetation (i.e., orchards and 
forests) is equivalent to the in-situ uncertainty, indicating a high fidelity 
obtained by all plant chlorophyll models.

To precisely focus on active rice cultivation, we removed boundary 
pixels from paddy parcels based on relative uncertainty thresholds. We 
then analysed the pixel density distribution leveraging the cumulative 
distribution function to statistically compare the range of paddy chlo

rophyll with relative uncertainty (Fig. 9). The model VHGPR noise 10 % 
displayed the largest dispersion between minimum and maximum 
chlorophyll content, spanning from the lowest 48 μg.cm− 2to the highest 
95 μg.cm− 2. Noise 5 % included in both GPR and VHGPR showed 
minimum dispersion with pixel densities (80 %) falling within the range 
of 55–65 μg.cm− 2. Accompanied by trait values, the relative uncertainty 
range obtained in GPR noise 10 %, VHGPR noise 0 % and 10 % (2–7 %) 
was somewhat lower than the case of 5 % noise injected to both Gaussian 
algorithms (16–18 %). Notwithstanding the lowest relative uncertainty 
achieved in VHGPR noise 10 % (on average: 5 %), there are some out
liers in chlorophyll estimation, implying the anomaly introduced by 
noise influences. All in all, confirmation for the trustful retrieval models 
within rice crops accompanied by major low relative uncertainty was 
achieved in all cases (i.e., the highest around 20 %).

4. Discussion

Based on the achieved outcomes, we discuss notable aspects 
encompassing (1) quantifying uncertainty in satellite-derived paddy 
chlorophyll over heterogeneous agricultural landscapes, (2) the influ
ence of noise injection on Gaussian algorithms within hybrid retrieval 
models, and (3) scope and challenges in linking physics-based knowl
edge of plant-light interaction to remote sensing observations for 
spatiotemporal vegetation trait monitoring.

Fig. 7. Correlation matrix between chlorophyll and uncertainty prediction of paddy pixels over the study area.

Fig. 8. Visual plot shows the mean relative uncertainty of land cover attributes across all noise-injected Gaussian algorithms.
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4.1. Quantifying uncertainty

We first emphasize the role of uncertainty mapping coupled with 
satellite-derived plant trait products. Recent studies have demonstrated 
the benefit of incorporating uncertainty to enhance retrieval model 
transferability. Estévez et al. (2022) applied this approach to homoge
nous agricultural foliage across different geographical areas, while Binh 
et al. (2024) tested it on structurally complex mangrove forests for time 
series prediction. These highlight the role of uncertainty in evaluating 
model transferability across space and time dimensions without further 
field campaigns. In this work, building upon the insights from uncer
tainty at different geographical and temporal scales, we explore a 
different facet of uncertainty to assess the capacity of the retrieval 
model within a small local area characterized by complex mixed land 
cover. Specifically, the uncertainty estimates provided by GPR/VHGPR 
can signal areas where the model is less confident due to spectral vari
ability, which is especially valuable in heterogeneous landscapes. This 
enhancement allows for more nuanced interpretations of the output 
chlorophyll maps, even when transferring the model to areas that might 
differ from the primary training region or for time series predictions.

Our aforementioned results indicated the remarkable influence in 
mapping the whole complex agricultural environment (Fig. 5, Fig. 6, and 
Fig. 8). Here, pixel-level uncertainty represents an indication of model 
trustworthiness across various land cover attributes, from non-vegetated 
areas (built-up areas, water bodies, and barren land) to diverse vege
tation types (paddy rice, other crops, forests, and orchards). Addition
ally, an uncertainty threshold was implemented to eliminate edge pixels 
from separated paddy parcels, thereby ensuring our analysis concen
trated on pure paddy pixels (Fig. 9). Consequently, the uncertainty maps 
can be used as quality masks corresponding with ready-to-use trait 
products. This combination allows for reliable analysis of the target 
vegetation and provides end-users guidelines for appropriate use 
(Kaminski et al., 2017; Malenovský et al., 2019).

Our study focused on model uncertainty (Malenovský et al., 2019), 
reflecting the combined sensitivity of the radiative transfer model and 

the Gaussian algorithms. GPR and VHGPR models, trained using data 
simulated by PROSAIL (Table 1), were developed specifically for paddy 
rice, representing the high uncertainty for non-vegetation land covers. 
At present, our model confidence analysis is confined to the Bayesian 
properties inherent in GPR and VHGPR (Rasmussen and Williams, 
2005). However, recent techniques like Quantile Regression Forest, 
Drop-out, and Bootstrapping offer quantified uncertainty applicable to 
various MLRAs (García-Soria et al., 2024). This opens avenues for 
further investigation into the applicability of these uncertainty measures 
when deploying diverse MLRAs for retrieving biophysical and 
biochemical variables. Moreover, future research should encompass 
both epistemic uncertainty (i.e., model uncertainty) and aleatoric un
certainty (i.e., data uncertainty), which currently represents a signifi
cant limitation for evaluating the reliability of most state-of-the-art 
remote sensing trait products (Martínez-Ferrer et al., 2022).

4.2. Nosie variability

Beyond the inherent model uncertainty, it is crucial to acknowledge 
additional sources of errors, including image pre-processing and field 
data collection. To mitigate potential issues in image pre-processing, we 
utilized orthorectified atmospherically corrected S2 surface reflectance 
data (level 2 A) alongside pixel-based quality masking (see Section 2.3), 
which diminishes the influences of clouds, aerosols, and atmospheric 
gases in the optical wavelengths (Gascon et al., 2017). Furthermore, the 
field sampling protocol may introduce accumulated errors due to intra- 
leaf variability, canopy structure, soil/water background interference, 
and uncertainties in the conversion formula for non-destructive SPAD 
measurements. While we ensured homogeneous sampling and mini
mized background effects (see Section 2.2), future work should more 
explicitly account for these error sources. This includes conducting a 
comprehensive uncertainty analysis of field measurements and rigor
ously calibrating and validating the conversion formula for specific 
experimental setups. Importantly, recognizing the source of aforemen
tioned errors may impact model performance, we therefore introduced 

Fig. 9. Spatial distribution of chlorophyll content (top), relative uncertainty (middle), and cumulative distribution function (bottom) over paddy parcels.

G.T.P. Thao et al.                                                                                                                                                                                                                               Ecological Informatics 90 (2025) 103351 

9 



noise into the training data and assessed the natural variability in model 
performance, pixel uncertainty, and bands contribution.

Noise demonstrated notable impacts on model operation in rice 
chlorophyll prediction. While evaluation against in situ data is almost 
acceptable in all cases (Fig. 3), noise affected the spectral relevance 
bands contributed to models (Fig. 4). In addition, the presence of noise 
in mapping performance taking into account all land cover types is 
further amplified in both trait (Fig. 5) and uncertainty thereof (Fig. 6), as 
well as density scatterplots of correlation (Fig. 7). This highlights the 
specific noise-handling characteristics of specific algorithm architecture 
(de Sá et al., 2021; García-Soria et al., 2024).

The unusual variation observed at the 5 % noise level can be partly 
explained by the intrinsic mathematical properties of inversion methods 
(i.e., Gaussian algorithms) and parameterization of the rice simulation 
model (i.e., PROSAIL). In this study, we employed Gaussian algorithms 
as a benchmark regression model due to their demonstrated capability 
to handle noise variance (Estévez et al., 2021; García-Soria et al., 2024; 
Lázaro-Gredilla et al., 2014). For PROSAIL configuration, simulated data 
were primarily generated based on field-derived rice chlorophyll values, 
which may not fully reflect complex agricultural environments. For 
instance, the 5 % noise level when calculated across the entire scene 
appears to be uniform. This is explained by the low variability of chlo
rophyll value across all land cover types (Fig. 5b, e), resulting in low SD 
and reduced relative uncertainty (Fig. 6b, e). However, when focusing 
specifically on paddy parcels, the 5 % noise level exhibits the highest 
uncertainty compared to the remaining models (Figs. 7, 9). This in
dicates the rice models at this noise level are the least reliable, consistent 
with the accuracy assessment (Fig. 3).

4.3. Scope and challenges

Our retrieval approach leverages the strengths of MLRAs to link a 
physics-based radiative transfer foundation and remotely sensed 
observation, forming effective hybrid models. Notwithstanding the 
inherent robustness of empirical methodologies, hybrid strategies offer 
promising potential (Verrelst et al., 2019). Firstly, hybrid models bridge 
gaps in connecting fundamental physical principles with empirical ob
servations, thereby enhancing both scientific knowledge and practical 
applications. Secondly, hybrid methods address the inherent limitations 
of empirical models, which are often constrained to specific times and 
locations. Finally, the integration of uncertainty estimation further en
hances the model transferability, enabling seamless retrieval across 
temporal and spatial dimensions. This facilitates robust long-term 
tracking and large-scale environmental monitoring without repeated 
field sampling.

Applying retrieval models to freely accessible multispectral S2 im
ages unlocks the spatiotemporal monitoring of key paddy rice traits, a 
crucial agricultural practice in Vietnam. This is likely the optimal so
lution currently given the scarcity of imaging spectroscopy data over the 
examined region (e.g., hyperspectral missions). The frequent revisits of 
the S2 constellation enable phenological analysis of seasonal paddy 
crops, identified as dual or triple seasons depending on the currently 
complex farming mechanism. Noteworthy, the recent deployment of 
satellite Sentinel 2C enhances a substantial increase in observation fre
quency, shortening the revisit period from approximately 5 days to 
roundly 2–3 days, facilitating tracking rapidly changing phenomena 
over paddy crops (Jia et al., 2024). Beyond Sentinel-2, exploring multi- 
source data strategies is also a key direction for future research to ach
ieve holistic and precise paddy trait monitoring. This includes hyper
spectral data with finer spectral detail (Moharana and Dutta, 2016; 
Tagliabue et al., 2022), high spatial resolution imagery acquired by 
unmanned aerial vehicle (UAV) platforms (Ban et al., 2022; Xu et al., 
2019), combining it with Light Detection and Ranging (LiDAR) for three- 
dimensional plant chlorophyll mapping (Xu et al., 2024), and data 
fusion techniques for extending multi-decadal data series beyond indi
vidual satellite acquisition limits (D.Kovács et al., 2024). The pervasive 

cloud cover characteristic of tropical monsoon climates in Vietnam 
presents a further challenge to optical observation applications (Binh 
et al., 2022b; Binh et al., 2024; Hoa et al., 2025). This necessitates post- 
processing techniques or multi-sensor approaches to obtain gap-free 
multispectral-derived products (Caballero et al., 2023; Kandasamy 
et al., 2013; Kovács et al., 2023).

In the present study, chlorophyll pigment, one of the Essential 
Biodiversity Variables representing vegetation photosynthesis (Kissling 
et al., 2018), was selected as an exemplified function trait. We targeted 
rice as one of the most worldwide food plants and presented a valuable 
case study in Vietnam, currently ranked third in global rice production. 
Nonetheless, the presented methodology offers a generalized framework 
for vegetation trait retrieval and uncertainty estimation to a wide range 
of functional plant traits and multispectral Earth observation missions. 
The model’s inherent adaptability suggests its potential for mapping 
diverse agronomical variables in Vietnam, which is presently charac
terized by patchwork agricultural landscapes with numerous small-scale 
farming patterns. Future work will involve acquiring comprehensive 
training datasets for various vegetation types to enable accurate and 
robust mapping in these heterogeneous environments.

Unlike purely “black-box” models, Gaussian-based algorithms can be 
considered a “grey-box” or partially interpretable model (Martinez- 
Ferrer et al., 2021; Mateo-Sanchis et al., 2021). Here, their interpret
ability is primarily demonstrated through two components: uncertainty 
quantification and variable importance analysis. Regarding uncertainty, 
its explicit quantification offers critical insight into model confidence for 
each prediction (i.e., per different land cover attributes), thereby 
enhancing interpretability and proving vital for guiding targeted sup
plementary field investigations to improve overall model accuracy. 
Concerning the assessment of variable importance, quantifying the 
contribution of different input variables (e.g., specific spectral bands or 
vegetation indices) provides significant insights for remote sensing- 
based chlorophyll estimation in rice. This not only facilitates a deeper 
understanding of the input-output relationships within the model, but 
also reinforces and validates domain knowledge, ultimately supporting 
the optimization of future data collection strategies (Gevaert, 2022; 
Höhl et al., 2024).

5. Conclusion

We presented a comprehensive workflow for mapping paddy chlo
rophyll content using S2 data and hybrid models, explicitly addressing 
the influence of noise and pixel-level uncertainty within heterogeneous 
agricultural landscapes. The models were trained using physically-based 
PROSAIL simulations, incorporating six combinations derived from two 
Gaussian algorithms (GPR and VHGPR) and three noise levels (0 %, 5 %, 
and 10 %). While all models achieved comparable performance (on 
average, IOA > 0.8, RRMSE <5 %), their specific algorithm architec
tures showed different responses to the imposed noise levels in terms of 
accuracy, band relevance, and associated uncertainties. Mapping per
formance over paddy pixels demonstrated high confidence in chloro
phyll prediction, with mean relative uncertainties below 25 %. 
However, transferring these models for full trait mapping across diverse 
land cover attributes revealed mean relative uncertainties reached more 
than 50 % for non-vegetated areas. The generated relative uncertainty 
layers associated with the trait maps provide a valuable masking tool for 
operational applications, such as the effective removal of non-vegetation 
features within complex environmental landscapes. Ultimately, we 
emphasized that quantifying the impact of noise on plant functional trait 
maps, including uncertainty information is a prerequisite for meeting 
spatiotemporal-explicit standards in agricultural monitoring. This is 
fundamental for remote sensing applications in sustainable, smart, and 
precision agriculture.
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Schigel, D., Schulz, K.S., Skidmore, A., Guralnick, R.P., 2018. Towards global data 
products of essential biodiversity variables on species traits. Nat. Ecol. Evol. https:// 
doi.org/10.1038/s41559-018-0667-3.
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