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Abstract

Context: Aboveground biomass (AGB) estimation for agricultural and environmental applications traditionally relies on ti-
me-consuming manual methods at ground level. Emerging approaches use remote sensing data evaluating spectral responses
and vegetation indices in order to estimate the AGB more efficiently. Nonetheless, such techniques face various challenges in
accounting for complex spatial distributions, especially when dealing with agroforestry systems (AFS).

Objective: This work aimed to estimate AGB in a Colombian cocoa AFS from multispectral images acquired with an un-man-
ned aerial vehicle (UAV).

Methodology: In this work, the AGB was estimated by computing different vegetation indices from the measured spectral re-
flectances and evaluating two linear regression models, i.e., principal component regression (PCR) and partial least squares
regression (PLSR), as well as a nonlinear regression model, a neural network composed by a perceptron with a single layer.

Control points were obtained via on-ground biomass manual acquisition.

Results: Numerical experiments resulted in a coefficient of determination of R2 = 0.58 for the best linear model, while the non-
linear model reached R2 = 0.86.
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Aboveground Biomass Estimation of Colombian Cocoa Agroforestry Systems using Multispectral Images

CorreA., C. V., GELVEZ-BARRERA., T., GaLvis,, L. V., VarGas., E., MoNSALVE., J., CAMACHO., A., RAMIREZ., I, AND RUuEDA-CHACON., H.

Conclusions: AGB estimation in a cocoa AFS can be effectively performed using multispectral data acquired with a UAV and
a simple nonlinear regression model.

Keywords: aboveground biomass estimation, agroforestry systems, cocoa, multispectral images, regression methods
Resumen

Contexto: La estimacion de la biomasa aérea (AGB) para aplicaciones agricolas y ambientales tradicionalmente se basa en mé-
todos manuales a nivel del suelo que requieren mucho tiempo. Los enfoques emergentes utilizan datos de teledeteccion que
evaltian respuestas espectrales e indices de vegetacion para estimar la AGB de una manera mas eficiente. No obstante, estas
técnicas enfrentan varios desafios a la hora de tener en cuenta distribuciones espaciales complejas, especialmente en sistemas
agroforestales (SAF).

Objetivo: Este trabajo buscd estimar la AGB en un SAF de cacao colombiano a partir de imagenes multiespectrales adquiridas
con un vehiculo aéreo no tripulado (UAV).

Meétodologia: En este trabajo se estim¢ la AGB calculando diferentes indices de vegetacion a partir de reflectancias espectrales
medidas y evaluando dos modelos de regresion lineal, i.e., regresién de componentes principales (PCR) y

regresion de minimos cuadrados parciales (PLSR), y un modelo de regresion no lineal, una red neuronal de un solo perceptrén.
Los puntos de control se obtuvieron mediante una adquisiciéon manual de biomasa en tierra.

Resultados: Los experimentos numéricos dieron como resultado un coeficiente de determinacion de R2 = 0.58 para el mejor
modelo lineal, mientras que el modelo no lineal alcanzé un R2 = 0.86.

Conclusiones: Es posible realizar una estimacion eficaz de la AGB en un sistema agroforestal de cacao a partir de datos multi-
espectrales adquiridos con un UAV y un modelo de regresién no lineal simple.

Palabras clave: estimacion biomasa aérea, sistemas agroforestales, cacao, imagenes multiespectrales, métodos de regresion

Introduction

Biomass is the largest and most important renewable source that is currently available and can be
used to produce different forms of energy. It is currently the fourth largest energy source after coal, oil,
and natural gas [1]. Given that forests have an inherent ability to retain carbon dioxide and can regulate

the cycling of carbon, interest in estimating forest biomass has increased.

The aboveground biomass (AGB) measures the amount of organic matter in living and dead plant
materials [2, 3], which is a critical indicator of plant health. It is expressed as oven-dry tons per unit, in-
cluding leaves, twigs, branches, the main bole, and the bark [4]. Therefore, it is widely used in smart and
precision agriculture for growth crop monitoring [5] and environmental applications such as carbon se-

questration monitoring [6].

Traditional AGB estimation methods are based on manual sampling and dry weight calculations,
which destroy the samples [7, 8]. Alternative methods employ tree level measures to generate allome-

tric functions aimed at evaluating the ground-level biomass, and extrapolation methods are later used
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to assess the whole area |7, 9-12]. These methods, however, are time-consuming and expensive conside-

ring the extensive areas that must be covered [6].

Recently, remotely sensed data from satellites and unmanned aerial vehicles (UAVs) have been used
as a more practical method for biomass mapping and estimation in larger study areas [13-15]. Remote
sensing data contain information on the spectral response, density, shade, and texture of the vegetation
cover, which is related to various indices [ 16] and can therefore be used to estimate the AGB [8]. To name
a few, the authors of [7] use spaceborne optical, synthetic aperture radar (SAR), and light detection and
ranging (LiDAR) data to estimate AGB in agroforestry systems (AFS) while focusing on varying climate
conditions. In [18], UAV LiDAR data and multispectral satellite images are used along with topographic
correction methods for AGB estimation, providing a new indicator in mountain grassland applications.
In [19], the AGB in sorghum is estimated via machine learning techniques, exploiting the relationship
between vegetation indices and sorghum AGB for different spatial resolutions. Further methods have
estimated biomass using multispectral UAV imagery from crops such as dry strawberry [20] and potato
[21].

AGB estimation through remotely sensed data has become relevant in AFS, where vegetation, crop
density, and sometimes livestock are combined. Specifically, AFS are a diverse and sustainable farming
approach that combines agriculture and forestry, optimizing land use and contributing to environmen-
tal conservation, sustainable development and ensuring long-term productivity [22]. In Colombia, cocoa
AFS have become popular due to their potential for supporting sustainable development and providing
alternative livelihoods in areas previously affected by conflict [23, 24]. In addition, cocoa is one of the
most representative products for the Colombian economy, not only for internal consumption but also
for international trading [25, 26]. Previous works on cocoa AFS in Colombia have investigated the car-
bon storage potential and productivity in the southwest of the country [23, 27] by employing different

allometric models.

The accurate estimation of AGB from remote sensing data still faces limitations, including the diffi-

culty of considering the variability in the spatial distribution, structure, and composition of AFS

[28]. Furthermore, particularly for Colombia, there is still a strong dependence on traditional on-site
crop measurements as well as on destructive AGB methods. In light of the above, this work aims to ex-
plore the potential of remotely acquired spectral imagery and machine learning to estimate the AGB in

a Colombian cocoa AFS.

Specifically, this work employed a UAV to collect multispectral images over an AFS located in a
northeastern region of Colombia, in addition to a set of on-site biomass control points manually calcu-

lated through allometric equations. The proposed pipeline to analyze and calculate the AGB included
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(i) the calculation of vegetation indices (VIs) from the spectral bands, (ii) a correlation analysis between
the predictors (spectral bands and VIs) and the observed biomass, and (iii) the performance analysis of
two multivariate linear regression models, i.e., principal component regression (PCR) [29, 30] and partial
least squares regression (PLSR) [31], and a nonlinear regression model, a neural network (NN) [32]. The
results demonstrate that the near-infrared (NIR) and green spectral bands, along with the normalized
difference vegetation index (NDVI), provide the highest correlation with the AGB of the cocoa AFS. The

best model achieves a coefficient of determination as high as R*=0.86.

Methodology

This section describes the study area and summarizes the methods used to estimate the AGB from

multispectral imagery.

Study area

The study area is an 896 x 726 m?region in the northeastern part of Colombia, as highlighted in Figu-
re la. Particularly, this area is located at 6°51'N, 73°24’W, in the municipality of San Vicente de Chucuri,
Department of Santander. In Figure 1b, the red line traces the entire municipality, and the small blue box
limits the observed region: a mountainous agricultural area with a cocoa AFS. As shown in Figures Tc-d,

the yellow box highlights the cocoa trees, which were manually located and segmented.

At-ground allometric biomass measurements

40 cocoa trees (Theobroma cacao) were manually measured at ground level, including height and dia-
meter, and later analyzed. Following the work of [33], we used an allometric equation to calculate the

cacao species biomass in individual trees:

Biomass = 101625 +263xlog10(d30) 1)

where d, refers to the tree trunk diameter at a height of 30 cm. Based on Equation (1), the observed

biomass for the 40 cocoa trees ranges from 3 to 25 kilograms per tree.

Aboveground multispectral measurements

Multispectral images were acquired using a Parrot Sequoia multispectral camera mounted on a UAV
at a height of 100 m, at 10:15 am, with image overlap of 75%. This camera has a synchronized array of
four single-band cameras, each with a 1.2 MP sensor featuring a 3.75 um pixel pitch and a 4 mm lens, but
with a different interference filter in front. The interference filters employed by this camera span along
the green (G: 530 to 570 nm), red (R: 640 to 680 nm), red-edge (RE: 730 to 740 nm), and near-infrared
(NIR: 770 to 810 nm) spectral bands. The acquired images have a resolution of 7474 x 6053 pixels, with
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a ground sample distance (GSD) of 12 cm. Agisoft Metashape and its automatic reflectance calibration

procedures were used to generate the orthomosaic.

Figure 1. a) Study area located at 6°’51'N, 73°24’W in San Vicente de Chucuri, Santander, Colombia. b) The red line
traces the entire municipality, while the small blue box limits the observed region. c) Mountainous area with the
AFS under analysis. d)Yellow box showing the cocoa tree segmentation.

Calculating VIs

VIs are calculated based on the ratio between two or more bands to contrast the high absorption by
leaf pigments (chlorophylls, carotenoids, and xanthophylls) in the visible spectral region (400-700 nm)
and the high reflectance by leaves in the NIR region (700-1300 nm). For this study, we chose six of the
most representative VIs that have been associated with AGB in the state of the art [16]: the NDVI, GND-
VI, NDRE, RDVI, CVI, and OSAVI. Table 1 shows the formulas used to calculate each index.

Regression models for AGB estimation

We considered two regression approaches to estimate AGB from multispectral information and cal-
culated VIs. The first uses linear regressions such as PCR and PLSR. The second uses a learning-based

perceptron that captures nonlinear relationships between the predictors.

PCR and PLS regression

For the linear regression method, let y € R” denote a column vector with the m observed bio-mass
values, and X € R™" a matrix with the n predictors (four spectral bands and six VIs), for each m-th obser-
vation. Thus, a linear model of the form y = Xf +e can be established, where § € R" is the vector of coeffi-

cients to be estimated and € € R" accounts for the approximation error. These coefficients are commonly
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estimated via ordinary least squares. However, due to the high correlations within the spectral varia-
bles, PCR and PLSR are preferred; they break such correlations by projecting the original data onto a

lower-dimensional subspace.

Mathematically, the projection of the matrix X to a new subspace can be represented as C=XW,
where W € R™ is known as the projection matrix and C € R™ contains r linearly independent va-
riables, i.e., the principal components or scores. When W is calculated using the SIMPLS algorithm [34],
C contains the PLS coefficients. Furthermore, when C is employed instead of X, the regression model
becomes, y' =X + €, with f'=QT, where Q € R™ represents the PLS regression over the observation
vector y. PLS uses the observed samples y to construct W and Q, to obtain linearly independent variables

from X, which are maximally correlated with the known observations.

Nonlinear regression model

To consider nonlinear interactions between the n predictors, we explored the use of NNs, intro-
ducing nonlinearity through activation functions [35]. In mathematical terms, let {x, y} be the paired
training dataset fori=1, ..., m, where y, denotes the i-th observed biomass and x, € R" contains the co-
rresponding predictors (rows of X). A neural network G,, with trainable weights can learn the coeffi-
cients to predict the AGB from the multispectral predictors, obtaining the optimal weights by solving the

following optimization problem:
R I
0 8argmln{;zl(xﬂGg(yi))} 2)
¢ i=1

where L(-) denotes the loss function. The model architecture includes an input layer that receives
the predictors as the input, a flatten layer, and a dense layer that outputs predictions with the specified
number of classes. We selected the mean-squared error (MSE) as the loss function and used the adaptive
moment estimation (ADAM) optimizer, with the activation function set to be the parametric rectified
linear unit (PReLU) [32].

Results

This section reports on the results obtained to estimate the AGB from remote sensing data via the li-
near and nonlinear regression models. Firstly, a correlation analysis is conducted to study how the pre-
dictors are correlated between them and to the observed biomass measured at ground level. Then, we
present the results obtained with the two regression methodologies. We used the coefficient of determi-
nation (R?) and the root-mean-squared error (RMSE) to evaluate their performance. In this section, note
that B1 refers to the green (B) band, B2 to the red (R) band, B3 to the red-edge (RE) band, and B4 to the

near-infrared (NIR) band of the multispectral images.
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Figure 2. Maps of the cocoa AFS for the six vegetation indices under analysis: a) NDVI, b) GNDVI, ¢) NDRE, d)
GRVI, e) CVI, and f) OSAVI.

VI maps

40 biomass data points were measured at ground level using the allometric Equation (1), and they
were assumed to be the ground truth control points. The multispectral dataset was acquired in the same
region where the cocoa trees were present, as detailed in Figure 1, and the 40 cocoa trees were manually
segmented to calculate the averaged reflectance, with which we calculated the VIs. For reference, the

maps of the calculated vegetation indices for the full cocoa AFS are shown in Figure 2.

Correlation analysis

The predictors were correlated between them and against the biomass. Figure 3 shows that the grea-
test correlation with biomass comes from the red-edge band (B3=0.24), followed by green (B1=0.19) and
red (B2=0.19). As expected, higher correlation values were obtained between the spectral bands and the
VIs. For instance, B1 and GNDVIhave a correlation of -0.94, B2 and NDVI exhibit -0.96, and B2 and RDVI
report -0.90.

Furthermore, an exploratory analysis was performed to determine the data variance explained by
the principal components. Given the bias-variance trade-off, selecting many components may lead to
overfitting, and too few may cause underfitting. Thus, keeping the minimum number of components

before explained data variance plateaus yields minimal information loss and greater prediction power.
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Figure 4a shows that two components explain more than 95% of the variance in X, while at least six com-
ponents are required to explain 40% of the biomass (y). Figure 4b shows the score plot where the do-
minant predictors for the first two principal components (PC1 and PC2) explain 95% of the variance. In
particular, CVIand GNDVI are in the PC1-positive and PC2-positive quadrant; NDRE, B4, RDVI, NDVI,
and OSAVI are in the PC1-positive and PC2-negative quadrant; B2 is in the PCl-negative and PC2-posi-
tive quadrant; and B1 is in the PCl-negative and PC2-negative quadrant.

AGB estimation using PCR and PLSR

The PCR and PLSR algorithms were run following a cross-validation strategy with 70-30% par-
titions. The spectral variables were mean-centered and normalized. Furthermore, singular value de-
composition (SVD) and the SIMPLS algorithm were used to estimate the PCA and PLS components,
respectively. We evaluated the R? and the RMSE to address the variable selection step. Fig. 5a summari-
zes the statistics of different models, varying the number of components from 1 to 10. The results sug-
gest that the best prediction model (high R? and low RMSE) is attained with seven components, with an
averaged R*=0.58 (Fig. 5b), and an RMSE of prediction of 3.44 for both PCR and PLSR, as shown in Fig.
5c. The latter suggests and error of around (3.4499/25) * 100% = 13.80% in the maximum biomass value
reported (25 kg/tree).

AGB estimation using nonlinear regression

To evaluate the performance of the regression NN, and given the limited number of samples (m =
40), we employed a k-fold cross-validation strategy to avoid optimistic bias and obtain a more reliable
estimate of generalization performance. We carried out a k-fold cross-validation for k = [2, 4, 6, 8], i.e.,
we used k samples for validation and m - k samples for training. The learning rate was fixed to 8¢ using
600 epochs. The dataset was normalized with respect to the maximum. For each experiment, Fig. 6a re-
ports the mean and standard deviation, where we obtained up to R?=0.8589 for the prediction task (Fig.
6b) and a prediction RMSE of 2.090 (Fig. 6¢). The latter suggests and error of around (2.090/25) * 100%
= 8.36% in the maximum biomass value reported (25 kg/tree). The high variance in the models is due

to the few available training points. Such behavior can be improved when more data become available.
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Figure 3. Correlation plot between biomass and predictors. Greater correlation comes from B3 (0.24), B1, and B2
(0.19). Higher correlation values are observed between spectral bands and vegetation indices, as expected.

Figure 4. a) Explained variance vs. number of components (two components explain over 95% of the variance in X,
while at least six are required to explain 40% of the biomass). b) Score plot showing the dominant predictors for
the first two principal components (PC1 on the x-axis and PC2 on the y-axis).
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Figure 5. PCR/PLSR results. a) Summary of different regression models with varying number of components. b)
The best fitting result with seven components. c) Residuals of best fit.

Figure 6. a) Average performance of nonlinear regression for different k-folds. b) Best fitting result. c) Best fit
residuals.

Discussion

Overall, the results demonstrate the potential of multispectral UAV imagery combined with regres-
sion techniques to estimate AGB in Colombian cocoa AFS. The correlation analysis showed that, althou-
gh individual predictors such as the red-edge band have moderate correlations with biomass (B3=0.24),
the predictors are highly intercorrelated. This supports the selection of few predictors that ensure a good
model fit while preventing overfitting, with seven components providing the best trade-off. The best
linear models reached R* = 0.58, suggesting that they cannot fully represent complex spectral-biomass
relationships. In contrast, the nonlinear NN improved performance, achieving R?* = 0.86 and reducing
the RMSE to 2.090 kg/tree (8.36% of the maximum biomass), highlighting the importance of nonlinear
interactions in heterogeneous AFS. These results indicate that comparable AGB estimation performance
can be achieved with smaller, lower-resolution datasets, in contrast to recent studies on strawberry [20]
and potato [21] crops in different countries, which used large, very high-resolution (2 cm) multitemporal

datasets and reported R? values around 0.8.
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From a practical perspective, this methodology could be used by institutions such as FEDECA-CAO
as a scalable tool for monitoring cocoa AFS. Specifically, periodic UAV-based multispectral surveys
combined with nonlinear models would generate spatially explicit AGB maps at farm or regional sca-
les, thereby supporting carbon accounting and certification processes, as described in [36]. Additiona-
lly, these biomass maps could serve as indicators of crop health, facilitating the early identification of

low-productivity areas and enabling targeted agronomic interventions.

Among the identified limitations, the small sample size (40 trees) likely contributed to variability in
model performance and may restrict generalization to other cocoa farms. Second, the entirety of the
UAYV imagery was acquired on a single date. Therefore, models may be sensitive to phenological sta-
ge and seasonal variations. Finally, the atmospheric conditions present at the time of acquisition, such as
cloud cover or illumination differences, could have influenced spectral reflectance, potentially affecting

predictions.

Conclusions

This work estimated the AGB of a cocoa AFS in Colombia while employing a dataset of mul-
tispectral images acquired with an UAYV, using linear regression models (PCR and PLSR) and a
learning-based nonlinear regression model (NN). These models exploit at-ground biomass control
points. Numerical experiments resulted in an R* = 0.58 for the best linear model, with an RMSE of
3.4499, whereas the non-linear model attained an R*=0.86 and an RMSE of 2.090. In terms of percen-
tage error, the best linear model yielded 13.80%, and the non-linear model reported only 8.36%. This
suggests that a simple nonlinear regression model can better predict the biomass content of a cocoa
AFS.

Future work should expand the analysis to include multiple acquisition dates across phenological
stages and environmental conditions for temporal assessment. Additionally, integrating complementary
data such as LiDAR-derived structural metrics or textural information from high-resolution imagery
could enhance AGB estimation accuracy. Exploring advanced nonlinear modeling and ensemble me-
thods may further improve prediction while maintaining operational scalability, strengthening UAV ba-

sed biomass estimation in cocoa AFS.
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