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Highlights

What are the main findings?

• UAV-derived quinoa aboveground volume (ABV) estimates provide an effective alter-
native to sparse and poorly representative field-based measurements.

• Combined radar (Sentinel-1) and optical (Sentinel-2) observations improve ABV esti-
mation through their complementary strengths.

What are the implications of the main findings?

• An easily scalable and transferable approach for monitoring ABV in remote agricul-
tural regions.

• Promising prospects for inferring crop yield from ABV estimates to anticipate risks
associated with low-yield production years.

Abstract

This study assessed the integration of Unmanned Aerial Vehicles (UAVs) and satellite
images (Sentinel-1 and Sentinel-2) in advanced machine-learning techniques to monitor
the ABV of quinoa crops (Jacha Grano variety) across the Bolivian Altiplano. The proposed
method follows a two-step procedure. First, UAV RGB images were used in photogrammet-
ric and deep-learning (Convolutional Neural Networks-CNN) models to estimate reference
quinoa ABVs at a 10 m spatial resolution from the crop canopy 3D model and classification,
respectively. Secondly, several spectral and polarization/texture indices derived from
Sentinel-2 and -1 images were integrated into three decision-tree-based machine-learning
models (Random Forest-RF, Gradient Boosting-GB, eXtreme Gradient Boosting-XGB), and
one CNN-based machine-learning model to estimate ABV. Additionally, a Stacking Model
(STM) build on top of the three decision-tree-based models was considered for compar-
ison. Model evaluation was also performed in a two-step approach. First, a 10-fold
cross-validation strategy was used to highlight ABV sensitivity to Sentinel-2 and Sentinel-1
alone and in combination. Secondly, a Leave-One-Plot-Out Cross-Validation (LOPOCV)
strategy was used to avoid autocorrelation between the training and evaluation dataset
and therefore provided more insight into ABV mapping potential. The results showed
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that the combination of Sentinel-1 and Sentinel-2 features in the CNN model achieved
the best predictive performance with R2 and RMSE values of 0.64 and 0.39 m3 · 100 m−2,
respectively. These findings highlight the potential of integrating multi-source information
in advanced artificial intelligence algorithms for quinoa ABV monitoring, offering new in-
sights toward the identification of sustainable practices across remote regions with complex
socio-economic contexts.

Keywords: quinoa; aboveground biomass volume; Sentinel-1; Sentinel-2; machine
learning; UAV

1. Introduction
1.1. Challenges in Agriculture Yield Monitoring

In the face of global food security challenges [1,2], the accurate estimation of crop
yield is paramount for optimizing resource allocation, improving management practices,
and ensuring economic viability [3]. Labor-intensive and destructive, traditional yield
estimations are limited to small, uneven sample areas of a few square meters, from which
yield is approximated at the field scale [4]. Such an approach is prone to significant
uncertainties [4] as these observations are unable to capture intra-field yield variability
related to intra-field soil fertility variability [5,6].

As an alternative, remote sensing data offer a non-invasive and scalable alternative
that presents a promising avenue for enhancing yield monitoring [7–10]. For this purpose,
yield sensitivity to satellite-based vegetation indices (i.e., NDVI) and climate evolution
through the agricultural cycle (from sowing to harvest) is simulated in machine-learning
models [11,12]. Although vegetation indices aim to capture intra-field variability (induced
by soil fertility variability), these indices mainly represent the spectral response of the upper
canopy layer [10,13]. Therefore, similar values may correspond to different crop structural
conditions, particularly in dense canopies where index saturation occurs [14,15], avoiding
the intra-field variability observation and leading to yield estimation uncertainties [16,17].
Similarly, the absence of detailed climatic observations at the intra-field level introduces
additional uncertainty into predictive models [18]. Finally, it is worth mentioning that
yield is not only sensitive to climate and soil fertility but also to edaphic factors (irrigation,
use of fertilizers and/or pesticides) which change at intra- and especially inter-field scales.
The omission of edaphic factors introduces serious inconsistencies and avoids model
transferability in space and time.

1.2. Aboveground Biomass Volume as a Yield Proxy

Highly sensitive to (i) initial soil conditions, (ii) climate evolution, and (iii) the edaphic
factors, the Aboveground Biomass Volume (ABV) appears as an ideal feature to integrate
these factors and capture yield variability at the intra- and inter-field scale. Furthermore,
for crops that bear their fruits/grains on the aerial part of the plant, ABV represents an
excellent yield proxy [19], offering unprecedented opportunity to enhance yield moni-
toring [20,21]. In this context, several studies demonstrated the ability to monitor ABV
using UAV imagery acquired in the Visible and Near Infra-Red (Vis–NIR) domain [22,23]
or using LiDAR camera systems [24–27]. Despite the clear benefit of UAV imagery, these
techniques imply specific fieldwork, thus preventing regional and retrospective monitor-
ing. As an alternative scalable solution, the potential of Sentinel-1 (radar) and Sentinel-2
(Vis-NIR) satellite imagery for crop ABV monitoring has been assessed [28–32]. Using
machine-learning models, studies across a wide range of agricultural systems compared

https://doi.org/10.3390/rs18173017

https://doi.org/10.3390/rs18173017


Remote Sens. 2026, 18, 3017 3 of 24

single-sensor with combined-sensor approaches to estimate ABV [33–35]. The results show
a clear complementarity of radar (Sentinel-1) and Vis-NIR (Sentinel-2) observations in
improving ABV, particularly when crop structure and canopy density play a major role
in ABV variability [35,36]. Nevertheless, as machine-learning models are highly sensitive
to the representativeness and distribution of the calibration dataset, the reliability of this
method is highly dependent on the quality, quantity, and spatial representativeness of the
reference observations [37–39].

1.3. UAV and Satellite Synergy Opportunity

Gathering reference ABV observations at the coarse spatial resolution of satellite
images (10 × 10 m) is almost out of reach due to (i) the superficial extent it represents (100 m
square) and (ii) the difficulty to spatially match with the location of the corresponding
satellite image grid-cells. In this context, reference ABV estimates are acquired on smaller
spatial scales than the satellite spatial resolution and are therefore unable to reflect what the
satellite actually observed. This spatial representativeness mismatch inevitably introduces
uncertainties in the learning process; a well know issue affecting gridded climate dataset
assessment based on uneven meteorological station observations [40,41]. Due to their
reliability, UAV-based ABV estimates provide an effective alternative. Acquired at very
high spatial resolution (i.e., a few cm), a simple upscale of UAV-based ABV estimates to
the satellite spatial resolution will significantly improve the spatial representativeness and
numbers of reference ABV observations. This will, in turn, improve the consistency of
machine-learning model training, allowing satellite observations to be more effectively
leveraged for large-scale operational monitoring.

1.4. Research Gap on Quinoa Monitoring

Over the last decades, quinoa has garnered significant attention due to its nutri-
tional benefits and adaptability to diverse environmental conditions [42]. Consequently,
a significant increase in quinoa crop extent driven by rising global demand has been
observed across the Altiplano region, putting its cultivation at serious risk of becoming
unsustainable [43,44]. Despite its key role in Altiplano economic and food security, quinoa
monitoring remains underexplored and challenging due to the inherent heterogeneity in
spatial coverage and development [45].

Most studies on quinoa have focused on crop mapping [45], phenotyping [46,47],
and property monitoring [48]. Despite its clear benefit for quinoa ABV monitoring, no
studies have evaluated the potential of such UAV-based approaches across the Altiplano.
However, a recent study lead across Japan demonstrated the potential of the UAV method
(photogrammetry) for estimating quinoa ABVs across multiple growth stages [48,49]. Lim-
ited to UAV observations, this study confirms the potential of UAV-based quinoa ABV
monitoring that could leverage satellite ABV regional-scale monitoring.

1.5. Study Objectives

In the above-described context, this study proposes the use of UAV-based quinoa
ABV estimates as reference observations to increase both the number and spatial repre-
sentativeness of reference observations to monitor quinoa ABVs from the combination of
Sentinel-1 and Sentinel-2 images. To minimize the influence of model structure on predic-
tion, several decision-tree-based machine-learning models (Random Forest-RF, Gradient
Boosting-GB, and eXtreme Gradient Boosting-XGB) were considered, separately and in a
stacking approach, along with a CNN-based machine-learning model (CNN). Considering
the economic and food security sensitivity to quinoa crops, the Bolivian Altiplano region
was selected as the study case.
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2. Materials
2.1. Study Area

This study took place across the central Altiplano region of the department of La Paz
in Bolivia (Figure 1). The region has a semi-arid climate, with (i) an average annual rainfall
of less than 400 mm ·yr−1, most of which falls during the austral summer [50], (ii) an
average temperature ranging from 4 ◦C to 8 ◦C [40] and (iii) a high evapotranspiration rate
of about 1300 mm−1 [51]. Agriculture is the primary economic activity and relies heavily
on irrigation due to a significant water shortage. The main crops grown in the area are
potato, quinoa, alfalfa, along with other crops such as broad beans and barley [45]. Quinoa
(Chenopodium quinoa Willd.) is characterized by a high genetic diversity, with numerous local
varieties adapted to different agroecological conditions of the Andes, including varieties
such as Kurmi, Surumi, Chucapaca, Intinayra, Maniqueña and Blanquita, which differ in
grain size, productivity, and tolerance to abiotic stress [52,53]. Among these, the Jacha
Grano variety (locally known as “large grain quinoa”) is widely cultivated in the Bolivian
Altiplano due to its good adaptation to high-altitude semi-arid conditions, relatively high
grain yield potential, and large seed size, which is highly valued in local and international
markets [54,55]. In this context, this study focuses on five plots of the Jacha Grano quinoa
variety, ranging from 0.36 to 1.89 ha (Table 1).

 

Figure 1. Location of the study area in Bolivia, (a) with the location of the five agricultural plots at
the regional scale (b) and agricultural plot delineation in green (c–g).

Table 1. UAV flight dates with corresponding areas and S1 and S2 image acquisition dates.

Plot Date Area (ha) Number of Aerial
Photographs Date S1 Date S2

P1 30/04/25 1.34 336
15 and 27 April

2025
19, 22, 27 April

2025
P2 30/04/25 1.89 546

P3 30/04/25 0.36 130
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Table 1. Cont.

Plot Date Area (ha) Number of Aerial
Photographs Date S1 Date S2

P4 09/05/25 0.88 291 27 April and 9
May 2025

27 April and 2, 7
May 2025P5 09/05/25 1.42 346

2.2. Reference Quinoa Aboveground Biomass Volume (ABV)

The reference ABV was obtained according to a four-step process, including (i) a
photogrammetric process, (ii) Canopy Height Model (CHM) generation, (iii) crop area
mapping, and finally (iv) ABV computation (Figure 2).

Figure 2. Four-step methodological approach based on UAV RGB images with the photogrammetric
process (a), CHM estimates (b), crop area delineation (c) and ABV estimates (d).

First, high spatial resolution imagery was acquired over the five agricultural plots
using a DJI Mavic 2 Pro UAV that comes with an RGB Hasselblad L1D-20C camera (28 mm
focal length) and an onboard dual GNSS navigation system (GPS + GLONASS) for image
geotagging and positioning. The UAV survey was lead during the grain-filling stage
of quinoa development (April, May, Table 1), a period characterized by relatively stable
canopy structure and biomass accumulation compared with earlier phenological stages.
This approach aims to ensure (i) similar quinoa phenological development among the
considered plots and (ii) strengthened consistency between UAV and satellite observations
despite differences in acquisition dates.

As no RTK positioning or ground control points (GCPs) were available during the
UAV surveys, image geo referencing relied on the onboard dual-GNSS system (Table 2).
To mitigate potential geometric inconsistencies, image acquisition was planned in Pix4D
Capture Pro at low altitude (30 m) with high image overlap (80%/70%) to ensure a ground
sampling distance (GSD) of 0.7 cm · pixel−1 (additional UAV flight mission and photogram-
metric processing parameters are summarized in Table 2). The RGB images were processed
in Agisoft Metashape v.1.2.7 software [56] using a photogrammetric workflow, including
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image alignment, dense point-cloud generation, digital surface model (DSM) and orthomo-
saic image reconstruction with acceptable uncertainties (Table 2). It is worth mentioning
that photogrammetric products (DSM and RGB) were visually assessed to exclude areas
affected by evident reconstruction distortions.

Table 2. UAV flight mission and photogrammetric processing parameters per plot.

Parameter P1 P2 P3 P4 P5

UAV platform DJI Mavic 2 Pro

Front/Side image overlap 80%/70%

Camera angle 90◦

Coordinate system WGS84/UTM Zone 19S (EPSG: 32719)

Flight altitude (m) 26.4 36.8 36.1 31.1 32.6

Ground sampling distance (GSD) (mm · pixel−1) 6.59 6.87 6.87 6.80 6.92

Average XY camera location error (m) 0.99 0.71 0.39 1.97 0.74

Average Z camera location error (m) 4.30 1.19 4.45 1.48 0.91

Image reprojection error (pixel) 0.57 0.66 0.51 0.56 0.58

DSM resolution (cm · pixel−1) 1.32 1.37 1.37 1.36 1.38

Orthomosaic resolution (mm · pixel−1) 6.91 6.87 6.87 6.80 6.91

Secondly, a Digital Terrain Model (DTM) was obtained interpolating ground points
from the dense point-cloud, presenting a maximum terrain angle of 10◦ and a maximum
distance of 0.1 m. Then, the CHM was obtained by subtracting the DTM from the DSM.
This approach estimates canopy height relative to the local ground surface, providing a
spatially explicit representation of crop structure suitable for deriving the ABV [57].

Thirdly, the CHM and RGB values were merged into a four-band raster using the DSM
spatial resolution (Table 2). To improve its spatial consistency, the raster was geometrically
aligned (co-registered) in QGIS 3.40 using high-resolution Google Earth imagery as a visual
reference. This procedure was intended to reduce residual positional offsets associated
with the onboard GNSS positioning while preserving the internal geometric consistency
of the photogrammetric reconstruction [58–60]. Finally, the raster was classified into three
land-cover classes (quinoa, soil, and vegetation) using a CNN model optimized using a
gradient descent algorithm. In this process, the targets (quinoa, soil, and vegetation) were
manually identified. The number of annotated samples were defined according to the
structural complexity of each plot rather than its area (Table 3). Consequently, plots with
greater heterogeneity or a lower proportion of quinoa plants required additional training
samples to ensure adequate class representation and improve classification performance.
Overall, the CNN achieved high classification performance, with accuracy values ranging
from 86.2% to 93.4% (Table 3).

Fourth, the CHM was integrated with the classified raster to generate the volumetric
space occupied by the quinoa canopy, which serves as a proxy for ABV. Finally, the ABV
rasters were resampled to match S1 and S2 10-m spatial resolution, aggregating the ABV
pixel values contained within each corresponding S1 and S2 grid-cell. The resulting maps
revealed substantial spatial heterogeneity in the quinoa ABV, with values ranging from
approximately 0 to 3.5 m3 · 100 m−2 (Figure 3). To better characterize this variability,
the ABV was classified into five categories using the Jenks Natural Breaks (JNB) method,
which optimizes class separation by minimizing within-class variance and maximizing
between-class differences [61] (Figure 3).
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Table 3. Training/testing sample numbers and performance metrics of the CNN classification model.

Plot Samples
Training/Testing Accuracy Precision Recall F1-Score

P1 7288/3124 0.9046 0.9011 0.8980 0.8991

P2 23,832/10,215 0.8993 0.8993 0.8925 0.8923

P3 8308/3561 0.8624 0.8741 0.8271 0.8433

P4 7704/3302 0.8795 0.8762 0.8691 0.8725

P5 8575/3676 0.9336 0.9394 0.9293 0.9342

Figure 3. The distribution of measured ABV data.

2.3. Sentinel-2 Images and Pre-Processing

Sentinel-2 (S2) images provides surface reflectance across 12 spectral bands covering
the Vis-NIR region. In this study, bands B1 and B9 were excluded due to their coarse
spatial resolution (60 m) and because they were primarily intended for water vapor and
atmospheric corrections (aerosols and water vapor). S2 data are available before (Level-1C)
and after (Level-2A) atmospheric correction. To guarantee temporal and spatial consistency
in reflectance values, the atmospherically corrected Level-2A products were used. Cloud-
affected pixels were detected with the “QA60” quality band and systematically masked as
missing values. To minimize local noise and obtain representative site conditions, composite
images were produced for each field campaign [5,62]. Each composite corresponds to the
mean of three S2 images acquired during and immediately before the sampling date
(Table 1). It is worth mentioning here that the composite images also aim to minimize
the effects of crop phenological development, which can occur over short periods and
potentially affect spectral reflectance.

Post-sampling images were excluded to avoid incorporating scenes captured after
harvest. The S2 preprocessing steps (download and compositing) were performed in
the Google Earth Engine [63] using the free Google Colab cloud platform (https://colab.
research.google.com/, accessed on 15 May 2025).

2.4. Sentinel-1 Images and Pre-Processing

Sentinel-1 (S1) images provide dual-polarization data in VV (vertical–vertical) and
VH (vertical–horizontal) modes at a central frequency of 5.405 GHz in interferometric
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operation. Two main products are available: the Single Look Complex (SLC), which
retains both amplitude and phase information, and the Ground Range Detected (GRD),
which offers post-processed intensity images representing direct surface characteristics.
Backscatter signals in VV, VH, or their combinations (such as VH/VV or RVI-type indices)
allow for the estimation of key crop parameters (aboveground biomass, height, canopy
density and structure, and surface soil moisture, even under partial cover), which are
closely linked to potential productivity [64]. S1 scenes are acquired in both ascending
and descending orbits; however, only descending passes were used to ensure spatial and
temporal consistency. The pre-processing of S1 images comprised four sequential steps:
(i) noise removal, (ii) radiometric calibration, (iii) topographic correction, and (iv) the
application of a circular focal mean filter (50 m radius) to reduce speckle. As with the S2
composites, two S1 acquisitions closest to each sampling date were combined to lessen
local noise effects (Table 1) and to minimize the effects of crop phenological development,
which can affect the radar backscatter values.

In addition, the VV and VH backscatter coefficients expressed in dB were converted to
linear σ0 values and were subsequently used to derive eight polarization indices (PIs) and
36 texture indices (TIs). Texture metrics were computed using the Gray-Level Co-occurrence
Matrix (GLCM) with a 5 × 5 moving window (size = 2) after scaling the linear backscatter
values by 10,000 and converting them to 16-bit unsigned integers. The S1 workflow
(download, pre-processing, and compositing) was implemented through the Google Earth
Engine [63] using the free Google Colab platform (https://colab.research.google.com/,
accessed on 15 May 2025).

2.5. Machine-Learning Models

Four decision-tree-based machine-learning models were evaluated: (i) Random Forest
(RF) [65], (ii) Extreme Gradient Boosting (XGB) [66], (iii) Gradient Boosting (GB) [67] and
(iv) Stacking models (STM), composed of the previously mentioned individual models. RF,
GB, and XGB are non-parametric decision-tree-based models applicable to both regression
and classification tasks. These algorithms use hierarchical tree-like structures to learn
relationships between the input features and the target variable (i.e., ABV) [68]. RF extends
this principle by constructing multiple trees from bootstrap samples of the training data
(bagging), and averaging their outputs to obtain an ensemble prediction [65]. GB, in
contrast, builds trees sequentially, with each new tree fitted to the residuals of the previous
one to minimize a defined loss function [67]. XGB is an optimized implementation of
GB that leverages parallelization and regularization to accelerate training and reduce
overfitting [66]. The STM was considered due to its ability to provide more accurate and
robust predictions than an individual model approach [69]. STM combines the predictions
of multiple models (i.e., RF, GB or XGB) to exploit (reduce) the strengths (weaknesses) of
their respective algorithms [69]. In this approach, the selected models are independently
trained on the same dataset, and their predictions are then used as input features for a
new model (meta-learner). The RF, GB and STM models were implemented with the
scikit-learn library [70], whereas XGB was implemented using the xgboost package, which
is compatible with scikit-learn [66]. In this process, the hyperparameters of each individual
model (RF, GB and XGB) were tuned using the Grid Search algorithm for improving the
performance of models [45].

A one-dimensional Convolutional Neural Network (CNN)-based machine learning
model was considered to compare with decision-tree-based approaches. Unlike decision-
tree-based models, CNNs automatically learn hierarchical and nonlinear feature represen-
tations through convolutional operations that capture local dependencies among predictor
variables [71]. In a one-dimensional CNN architecture, successive convolutional layers
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combined with pooling operations progressively reduce the dimensionality of the feature
representations while retaining the most informative patterns, thereby improving feature
abstraction and computational efficiency [72]. Additionally, batch normalization layers
can be incorporated to stabilize and accelerate the training process by reducing internal co-
variate shift [73], whereas fully connected dense layers enable the integration of high-level
features for continuous prediction of the target variable. The architecture also supports
dropout regularization, which mitigates overfitting and improves model generalization
by randomly deactivating neurons during training [74]. Finally, model optimization is
commonly performed using adaptive optimization algorithms such as Adam, which dy-
namically updates network weights to improve convergence efficiency and predictive
performance [75].

3. Methods
3.1. Learning Database

S1 polarization (VV and VH) and S2 spectral reflectance (B2, B3, B4, B5, B6, B7, B8, B8a,
B11, and B12) were extracted from all S1 and S2 composite images for the pixels contained
in the five analyzed agricultural plots (n = 591). These data were subsequently used to
derive 25 Spectral Indices (SIs) (Table 4), eight Polarization Indices (PIs), and 36 Texture
Indices (TIs) (Table 5). The TIs were generated from the VV and VH linear backscatter
coefficients using the GLCM approach described in Section 2.4. Following this process,
the training database included 591 ABV observations with corresponding reflectance and
polarization values, along with their associated SIs, PIs and TIs.

Table 4. Sentinel-2 features. Note that all indices were computed from the S2 composite image.

N Index/Acronym Formula * or Description Reference

1 Sentinel-2 bands B2, B3, B4, B5, B6, B7, B8, B8A, B11, B12

2 Normalized Differential Vegetation Index (NDVI) NDVI = NIR−Red
NIR+Red [76]

3 Soil-Adjusted Vegetation Index (SAVI) SAVI = NIR−Red
NIR+Red+0.5 × 1.5 [77]

4 Enhanced Vegetation Index (EVI) EVI = 2.5 × NIR−Red
NIR+6×Red−7.5×Blue+1 [78]

5 Normalized Difference Moisture Index (NDMI) NDMI = NIR−SWIR1
NIR+SWIR1 [76]

6 Moisture Stress Index (MSI1) MSI1 = SWIR1
NIR [79]

7 Moisture Stress Index (MSI2) MSI2 = SWIR1−NIR
SWIR1+NIR × SWIR1−Red

SWIR1+Red Modified from [76]

8 Bare Soil Index (BSI) BSI = (Red+SWIR1)−(NIR+Blue)
(Red+SWIR1)+(NIR+Blue)

[80]

9 Normalized Burn Ratio (NBR) NBR = NIR−SWIR2
NIR+SWIR2 [81]

10 Normalized Burn Ratio 2 (NBR2) NBR2 = SWIR1−SWIR2
SWIR1+SWIR2 [82]

11 Normalized Difference Water Index (NDWI) NDWI = NIR−Green
NIR+Green [83]

12 Normalized Salinity Index (NSI1) NSI1 = SWIR1−SWIR2
SWIR1+NIR [84]

13 Modified Normalized Salinity Index (NSI2) NSI2 = SWIR1−SWIR2
SWIR1−NIR Modified from [84]

14 Normalized Difference Salinity Index (NSI) NDSI = Green−Red
Green+Red [85]

15 Salinity index 1 (SI1) SI1 =
√

Red × Green [86]

16 Salinity index 2 (SI2) SI2 =
√

Blue × Red [87]

17 Salinity index 3 (SI3) SI3 =
√︁

Red2 × Green2 [87]

18 Salinity index 4 (SI4) SI4 = NIR×SWIR1−SWIR12

NIR [84]

19 Salinity index 5 (SI5) SI5 = Blue
Red [87]

20 Salinity index 6 (SI6) SI6 = Red×NIR
Green [87]

21 Vegetation Soil Salinity Index (VSSI) VSSI = 2 × Green − 5 × (Red + NIR) [88]
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Table 4. Cont.

N Index/Acronym Formula * or Description Reference

22 Normalized Difference Salinity Index (NSI) NSI = Red−NIR
Red+NIR [85]

23 Salinity Ratio (SR) SR = Green−Red
Blue+Red [88]

24 Canopy Response Salinity Index (CRSI) CRSI =
√︂

NIR×Red−Green×Blue
NIR×Red+Green×Blue

[84]

25 Brightness Index (BI1) BI1 =
√︁

Red2 + NIR2 [89]

26 Brightness Index (BI2) BI2 =

√︂
Green2 + Red

2
+ NIR2 [86]

* Where Blue = B2; Green = B3; Red = B4; NIR = B8; SWIR1 = B11; SWIR2 = B12.

Table 5. Sentinel-1 features. Note that all indices were computed from the S1 composite image.

N Index/Acronym Formula * or Description Reference

Sentinel-1 polarization (dB) VV, VH

1 Polarization index 1 (PI1) PI1 = VV + VH

[90]

2 Polarization index 2 (PI2) PI2 = VV2 + VH

3 Polarization index 3 (PI3) PI3 = VH2 − VV

4 Polarization index 4 (PI4) PI4 = VV2 + VH2

5 Polarization index 5 (PI5) PI5 = VV2+VH2

VH

6 Polarization index 6 (PI6) PI6 = Log(VV) ∗ 10

7 Polarization index 7 (PI7) PI7 = Log(VH) ∗ 10

8 Polarization index 8 (PI8) PI8 = (Log(VV) + Log(VH)) ∗ 10

9

Textural index (Extracted from VV and VH Band)
Angular second moment (asm)

Contrast (contrast)
Correlation (corr)

Variance (var)
Inverse difference moment (idm)

Sum average (savg)
Sum variance (savr)
Sum entropy (sent)

Entropy (ent)
Difference variance (dvar)
Difference entropy (dent)

Information measure of correlation 1 (imcorr1)
Information measure of correlation 2 (imcorr2)

Maximum correlation coefficient (maxcorr)
Dissimilarity (diss)

Inertia (inertia)
Shade (shade)

Cluster prominence (prom)

VV asm, VH asm
VV contrast, VH contrast

VV corr, VH corr
VV var, VH var

VV idm, VH idm
VV savg, VH savg
VV svar, VH svar
VV sent, VH sent
VV ent, VH ent

VV dvar, VH dvar
VV dent, VH dent

VV imcorr1, VH imcorr1
VV imcorr2, VH imcorr2
VV maxcorr, VH maxcorr

VV diss, VH diss
VV inertia, VH inertia
VV shade, VH shade
VV prom, VH prom

[91–93]

* Where VV = Vertical transmission/Vertical reception; VH = Vertical transmission/
horizontal reception.

Considering the low surface coverage of quinoa plants (Figure 1c), the spectral signal
captured by satellites at a 10 m spatial resolution was expected to be sensitive to both
vegetation and soil conditions. In this context, Vis-NIR indices not directly related to the
vegetation condition were included to account for soil background effects. For specific
indices related to salinity and soil moisture, their inclusion was further justified by the
sensitivity of quinoa to soil salinity and moisture, which are generally high and low,
respectively, across the Altiplano [5,6]. Finally, the inclusion of several soil salinity and
textures indices aimed to account for the model-specific sensitivity of machine-learning
algorithms to input features. Indeed, previous studies on crop-type, soil salinity, and soil
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moisture mapping have shown that feature importance varies substantially depending
on the model considered [5,6,45]. In this context, including several indices helps to avoid
potential reductions in model performance resulting from the exclusion of features that
may be relevant for specific models [45].

3.2. Modelling Set-Up and Performance Assessment

To assess ABV sensibility to radar (S1) and Vis-NIR (S2) signals, three scenarios were
evaluated for each of the five considered models (RF, GB, XGB, STM and CNN) (Figure 4).
The first scenario (Scenario-1) incorporated only S2-derived features, the second scenario
(Scenario-2) used exclusively S1-derived features, the third scenario (Scenario-3) combined
both S1 and S2 feature sets. This experimental design enabled the independent evaluation of
Vis-NIR and radar information, as well as their combined contributions to ABV estimation.

Figure 4. ABV modeling flowchart showing S1 and S2 pre-processing and indices calculations, (a) the
considered models and scenarios (b) and the two-step assessment, including 10-fold and LOPO cross
validation (c).

https://doi.org/10.3390/rs18173017

https://doi.org/10.3390/rs18173017


Remote Sens. 2026, 18, 3017 12 of 24

As detailed in Section 2.5, the hyperparameters of the RF, GB, and XGB models were
tuned using the Grid Search algorithm to improve their predictive performance. The STM
configuration was implemented by integrating the predictions generated by the RF, GB,
and XGB models through a meta-learner trained on the same input dataset. For the CNN
model, the architecture consisted of three consecutive Conv1D layers with 32, 64, and 128
filters, respectively, using a kernel size of 3, a stride of 2, ReLU activation functions, and
the same padding. Batch normalization and MaxPooling1D layers were incorporated after
the first two convolutional blocks, whereas the extracted feature maps were flattened and
connected to three fully connected dense layers with 128, 64, and 32 neurons, respectively.
To reduce overfitting, a dropout layer with a rate of 0.3 was applied before the final output
neuron. Model training was performed using the Adam optimizer, with a learning rate
of 0.001 and a mean squared error (MSE) loss function. Additionally, an early stopping
strategy was implemented to improve model generalization and predictive robustness.

The predictive performance of the models (RF, GB, XGB, STM and CNN) under the
three proposed scenarios was evaluated using a 10-fold cross-validation strategy. For each
iteration, the dataset was randomly partitioned into ten equally sized subsets, where nine
subsets were used for training and the remaining subset was used for validation. This
process was repeated until each subset had served once as validation data, ensuring that
all observations participated in both training and validation phases. Final performance
statistics correspond to the average values obtained across all cross-validation iterations.
Model accuracy and reliability were quantified using the coefficient of determination (R2,
Equation (1)) and the root mean square error (RMSE, Equation (2)).

R2 = 1 − ∑n
i=1

(︁
Pi − O

)︁2

∑n
i=1

(︁
Oi − O

)︁2 (1)

RMSE =

√︃
1
n∑n

i=1(Pi − Oi)
2 (2)

where n denotes the total number of samples and Pi and Oi represent the predicted and
observed ABV values at site i, respectively.

3.3. ABV Mapping to Assess the Models’ Spatial Transferability

In spatial remote sensing applications, conventional random validation approaches,
such as the k-fold cross-validation, may produce overly optimistic accuracy estimates
because training and validation samples are often spatially autocorrelated. Actually, neigh-
boring observations share similar environmental and spectral characteristics, increasing
the likelihood that the validation set contains samples highly correlated with those used
for training. Consequently, model performance may reflect the interpolation of nearby
observations rather than the true ability to generalize to new locations [94,95]. Group-
based validation strategies, such as Leave-One-Group-Out (LOGO) or Leave-One-Plot-Out
(LOPO), overcome this limitation by assigning all observations from the same spatial unit to
either the training or validation set, thereby preserving spatial independence between both
datasets. Such approaches provide a more realistic assessment of model transferability and
are therefore recommended for machine-learning applications involving spatially clustered
or field-based observations [94–96].

In this context, considering the best-performing scenario, the Leave-One-Plot-Out
Cross-Validation (LOPOCV) strategy was used to assess the models’ spatial transferability
under independent validation conditions [95]. To do so, the models were trained excluding
the data corresponding to the plot that would subsequently be mapped. As five plots
are under consideration, this operation was retired five times. Then, the five generated
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ABV maps were compared to the one observed by the UAV and the associated uncertainty
calculated through the R2 and RMSE.

4. Results
4.1. Model Performance

ABV variability was successfully captured by all models across the three scenarios.
Overall, the integration of radar and Vis-NIR features (Scenario-3) consistently produced
the highest predictive performance, highlighting the complementary contribution of S1 and
S2, respectively. Considering Scenario-3, the CNN model showed the highest predictive
performance, with R2 and RMSE values of 0.64 and 0.39 m3 · 100 m−2, respectively (Table 6).
However, its performance was only marginally better than that of the RF model, which
exhibited R2 and RMSE values of 0.62 and of 0.4 m3 · 100 m−2, respectively, followed by
the XGB (R2 = 0.60; RMSE = 0.41 m3 · 100 m−2) and GB (R2 = 0.59 and RMSE = 0.41 m3 ·
100 m−2). The STM model showed comparatively lower performance under Scenario-3
(R2 = 0.58; RMSE = 0.41 m3 · 100 m−2), although it maintained competitive results when
only Vis-NIR variables (secenario-1) were considered (Table 6).

Table 6. Model performance obtained with 10-fold cross-validation.

Model Metrics Scenario-1
Vis-NIR

Scenario-2
Radar

Scenario-3
Vis-NIR + Radar

RF
R2 0.59 0.53 0.62

RMSE
(m3 · 100 m−2) 0.41 0.44 0.40

GB
R2 0.57 0.54 0.59

RMSE
(m3 · 100 m−2) 0.42 0.44 0.41

XGB
R2 0.57 0.54 0.60

RMSE
(m3 · 100 m−2) 0.42 0.43 0.41

STM
R2 0.59 0.53 0.58

RMSE
(m3 · 100 m−2) 0.41 0.44 0.41

CNN
R2 0.56 0.55 0.64

RMSE
(m3 · 100 m−2) 0.43 0.43 0.39

The scatter plots further demonstrate that considering Vis-NIR and radar information
(Scenario-3) produced predictions closer to the 1:1 reference line (particularly for intermedi-
ate and high ABVs) between observed and predicted ABV values (Figure 5). In contrast,
models trained exclusively with radar variables (Scenario-2) exhibited lower predictive
performance, suggesting that S1 information alone was less effective in representing ABV
variability. Despite the overall satisfactory predictive performance, all models showed a
tendency to underestimate extreme ABV values, especially at the upper range of observed
ABV values.
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Figure 5. Scatterplots for the different scenarios and models: RF (a), GB (b), XGB (c), STM (d) and
CNN (e).

4.2. ABV Mapping

The spatial distribution of reference ABV in quinoa plots revealed important differ-
ences among the considered models in their ability to reproduce field-scale heterogeneity
(Figure 6). All models (RF, GB, XGB, STM and CNN) captured the general spatial trends of
ABV variability. Despite their general robustness, especially under limited training data
and computationally efficiency, ensemble-based models such as RF and STM generated
smoother patterns and underestimated localized zones of high and low ABVs (Figure 5a,d).
In contrast, CNN showed a greater capacity to preserve fine-scale spatial patterns and
abrupt transitions between the ABV classes, particularly in highly heterogeneous plots
(Figure 5e). This improvement is likely associated with the ability of CNN architectures
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to incorporate spatial autocorrelation and contextual information among neighboring
pixels [97], which are critical characteristics in ABV mapping.

Figure 6. ABV mapping per plot using the observed UAV-derived ABV (left) and the predictions of
the five models under Scenario-3 (right).

The results also demonstrate that model performance varied according to the struc-
tural complexity and heterogeneity of the plots. Using the combined S1 and S2 dataset
(Scenario-3), all models produced similar ABV distributions in relatively homogeneous
plots (Figure 6—plots 2–4), whereas in plots with greater spatial variability (Figure 6—plots
1 and 5), CNN and, to a lesser extent, boosting algorithms (GB and XGB), more accurately
reproduced the observed patterns. This visual assessment is consistent with the RMSE val-
ues obtained for each plot, which were generally low, ranging from 0.17 to 0.86 m3·100 m−2

across all models. Such relatively low RMSE values indicate a limited degree of discrepancy
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between predicted and observed ABV values, suggesting that the models provided overall
acceptable reliability. Furthermore, lower RMSE values observed in plots 2–4 reinforced
the ability of the models to accurately characterize more homogeneous conditions, whereas
the slightly higher errors in plots 1 and 5 reflect the greater challenge of reproducing highly
heterogeneous spatial patterns.

It is worth mentioning here that the LOPOCV was designed to evaluate the ability of
the models to generalize to an entirely unseen agricultural plot. Thus, the results obtained
for each plot should not be interpreted only as within-plot predictive performance, but
also as an assessment of model transferability to spatially independent conditions not
represented during model training. Despite the limited number of considered plots (n = 5),
the LOPOCV strategy adopted here highlights the potential for model transferability across
unseen regions.

5. Discussion
5.1. UAV-Based Photogrammetric Estimation of ABV

Due to their low cost and high spatial resolution, UAVs have previously been used
to retrieve ABV estimation in both herbaceous and agricultural crops (including quinoa)
using similar photogrammetry-based approaches [48,49].

However, photogrammetry has limitations in cover areas with complex architecture,
the presence of shadows, or sparse vegetation, so that 3D reconstruction can lose accuracy.
In this context, the integration of airborne LiDAR sensors could significantly improve the
quality of ABV estimates due to their ability to directly capture the three-dimensional
structure of the crop and partially penetrate the vegetation canopy [98,99]. Actually, recent
studies report that LiDAR sensors provide more accurate height models and structural met-
rics than conventional photogrammetry, improving the estimation of ABV and biophysical
parameters of the crop [100]. Furthermore, the synergistic combination of LiDAR and pho-
togrammetry has shown promising results by integrating the geometric precision of LiDAR
with the high spectral resolution of optical images and red-edge vegetation indices [29,101].
In the present study, the discrepancies observed in low ABV plots suggest that part of
the uncertainty may be associated with the limited capacity to accurately discriminate
quinoa plants from other ground cover components, such as weeds, crop residues, and bare
soils. Actually, spectral confusion between crops and surrounding vegetation affects ABV
estimation accuracy, particularly under sparse or heterogeneous canopy conditions [15]. In
this context, the use of UAVs equipped with multispectral or hyperspectral sensors will
provide detailed spectral signatures and substantially improve the spectral differentiation
of plant species and crop delineation [102,103].

Finally, additional ABV uncertainties could emerge from the lack of RTK positioning
or Ground Control Points (GCPs). However, in this study, the CHM was generated from
the difference between the DSM and DTM derived from the same photogrammetric recon-
struction, which partially compensates for systematic georeferencing errors. In addition,
the sparse canopy structure of quinoa facilitates ground-point identification, enabling the
estimation of relative CHM above the surrounding terrain rather than relying on absolute
terrain elevation. Similar approaches have been successfully applied for estimating crop
height, canopy volume, and biomass without requiring centimetric absolute positioning
accuracy [104–106].

5.2. Temporal Constraints and Regional Applicability

In this study, the reference ABV observations were derived during the grain-filling
stage of quinoa development (April, May) and across a limited field number (n = 5). Con-
sequently, the proposed models were calibrated and evaluated under relatively stable
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canopy conditions and do not explicitly account for temporal and spatial variations in crop
structure and biomass accumulation throughout the growing season and at the inter-field
scale. Previous studies have shown that the relationships between remote sensing variables
and biomass vary across phenological stages, owing to changes in canopy architecture,
vegetation cover, leaf area, and vegetation water content, which directly influence both
Vis-NIR reflectance and radar backscatter [33,105,107,108]. Likewise, multi-temporal ob-
servations have consistently been shown to improve biomass estimation by capturing
crop growth dynamics throughout the season [109,110]. Therefore, future research should
incorporate multi-temporal UAV and satellite observations acquired from crop emergence
to harvest to improve the temporal and spatial stability of the proposed models in the scope
of season-long and regional crop monitoring.

5.3. Complementarity Between Radar and Vis-NIR Data for ABV Monitoring

The results show that integrating S1 and S2 systematically outperformed the individ-
ual sensor due to the complementary nature of C-band SAR and Vis-NIR data for crop
ABV estimation.

Sentinel-2 Vis-NIR imagery primarily captures the biochemical and physiological
characteristics of vegetation, including chlorophyll content, leaf area, and canopy vigor,
through spectral reflectance and vegetation indices [111,112]. In contrast, Sentinel-1 C-band
SAR observations are sensitive to crop structural properties, canopy architecture, surface
roughness, and vegetation water content, while maintaining acquisition capability under
cloudy conditions and varying illumination [113–115]. Consequently, the fusion of both
sensors provides complementary information describing both the spectral and structural
characteristics of the crop, thereby reducing the limitations associated with single-sensor
approaches, such as optical saturation under dense canopies or the limited sensitivity of C-
band SAR at advanced biomass levels. This complementary behavior has consistently been
reported to improve biomass estimation and crop monitoring across different agricultural
systems using machine-learning approaches [33,45,116–118].

5.4. Limit of the Proposed Method for High ABV

An underestimation of ABV in plots exhibiting the highest biomass values was ob-
served. This behavior is commonly observed in remote sensing-based biomass estimation
and can be attributed to several complementary factors. First, Vis-NIR vegetation indices
tend to saturate under dense canopy conditions, reducing their sensitivity to additional
biomass accumulation once high vegetation cover is reached [14,119]. Although the inte-
gration of S1 partially alleviates this limitation by incorporating structural information,
C-band SAR backscatter may also exhibit reduced sensitivity at high biomass levels due to
signal saturation and multiple scattering effects within dense canopies [33,114,120]. Second,
the learning database contained relatively few observations within the highest ABV range,
limiting the ability of the considered models to learn “extreme” biomass conditions. Under
such circumstances, the models tend to produce conservative predictions biased towards
the central portion of the response distribution, resulting in the underestimation of extreme
values [38,121]. These findings suggest that future studies should increase the representa-
tion of high-biomass observations and incorporate multi-temporal measurements spanning
different crop development stages to improve model calibration across the full range of
ABV conditions.

5.5. Feature Selection and Model Complexity

In remote sensing applications characterized by high-dimensional datasets containing
large numbers of spectral, textural, and derived variables, feature selection is generally
employed to reduce redundancy, eliminate irrelevant information, and minimize overfit-
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ting [45,122]. In the present study, feature selection was not applied because the dataset
exhibited a low-dimensional structure, where the number of observations substantially
exceeded the number of predictor variables. Under these conditions, the risk of the “curse
of dimensionality” and model overfitting associated with high-dimensional feature spaces
is considerably reduced [121]. In deep-learning architectures such as CNN, feature selection
is implicitly performed during the training process, enabling the model to learn hierarchical
representations and complex nonlinear relationships directly from the complete set of
input variables [71,123]. Consequently, prior feature selection may limit the model’s ability
to identify relevant high-level patterns and variable interactions. Similarly, in ensemble
machine-learning approaches, feature selection may disproportionately favor the perfor-
mance of certain individual algorithms, since each model exhibits different sensitivities
to input features and variable distributions [124]. This may reduce the internal diversity
of the ensemble and introduce biases toward variables preferred by specific algorithms,
thereby affecting the complementarity of models, which constitutes one of the principal
strengths of ensemble learning. Therefore, maintaining the complete set of variables may
provide a more robust representation of the spectral and spatial variability present in the
data, particularly in complex precision agriculture and ABV estimation applications.

5.6. ABV as a Proxy for Quinoa Yield

Although the present study focused on estimating ABV, the ultimate objective of pre-
cision agriculture is generally the prediction of crop yield. In this study, yield observations
were not available for all agricultural plots and therefore were not incorporated into the
machine-learning framework. Nevertheless, despite the ABV distribution being biased
toward low values, preliminary field measurements (n = 10) indicated a consistent linear
relationship between the reference ABV (observed by UAV) and quinoa yield (measured
over a four-square-meter area) (R2 = 0.91, Figure 7), suggesting that ABV may provide a
reliable proxy for final grain production under the studied conditions. Similar relationships
between crop structural attributes derived from UAV imagery and yield have been reported
for several agricultural crops, where canopy height and volume effectively integrate the
cumulative effects of crop growth throughout the season [19,105,125,126].

Figure 7. Relationship between ABV and quinoa yield.

In this context, future studies should prioritize additional field yield sampling to
strengthen the observed relationship between ABV and yield to develop end-to-end predic-
tive models capable of directly estimating crop productivity from UAV and/or Sentinel
observations. Such an approach would provide practical value for precision agriculture by
supporting field-scale yield forecasting and management decisions.
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6. Conclusions
This study assessed the integration of several remote sensing datasets (i.e., Sentinel-1,

Sentinel-2 and UAV RGB) in advanced machine-learning techniques for quinoa Above-
ground Biomass Volume (ABV) mapping at high spatial resolution (10 m). For this task,
several decision-tree-based machine-learning models (Random Forest—RF, Extreme Gradi-
ent Boosting—XGB and Gradient Boosting—GB) were considered separately and according
to a stacking approach (STM), along with a Convolutional Neural Network-based machine-
learning model (CNN) for comparison. The key findings can be summarized as follows:

• Photogrammetry applied to UAV RGB images is an efficient alternative to traditional
destructive sampling to retrieve reference ABV observations, as it increases the num-
ber of observations and the spatial consistency between reference ABV and satellite
observations.

• More consistent ABV estimates are obtained using both Sentinel-2 and Sentinel-1
images rather than using these data sources alone, highlighting the complementarity
of Vis-NIR and radar data.

• Among the considered models, CNN provides the most accurate ABV estimates
(R2 = 0.64, RMSE = 0.39), outperforming all machine-learning models (RF, XGB, GB)
separately or according to a stacking approach (STM).

• Quinoa ABV mapping revealed high spatial heterogeneity within the analyzed plots,
which cannot be captured except with a high-spatial-resolution remote sensing-based
monitoring technique, such as the one introduced in this study.

Although the proposed method focuses on ABV monitoring, future studies should
focus on its transfer towards quinoa crop yield estimates. Actually, quinoa bears its grains
on the upper part of the plant, and a strong relationship between quinoa ABV and yield
is expected. Once the relationship between quinoa ABV and yield is clearly established,
remote sensing ABV estimates may contribute to future operational monitoring systems
aimed at supporting agricultural management and food-security assessments. In this
context, evaluating the scalability and transferability of these approaches across different
crop types and larger agricultural landscapes could further strengthen the applicability of
multisource remote sensing and advanced machine-learning techniques as valuable tools
for precision agriculture and yield-loss mitigation.
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