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Keywords: ABSTRACT
Machine learning Coffee production in Brazil requires efficient monitoring tools, especially in regions with

Remote sensing heterogeneous terrain and planting patterns. Accurate delineation of coffee canopies from UAV

Precision agriculture imagery is essential for extracting reliable agronomic information and supporting precision
agriculture practices. Multispectral UAV images were acquired over a commercial coffee farm
in the Matas de Minas region, Brazil. An orthomosaic was generated and manually annotated
to create binary ground-truth masks of coffee canopies. A U-Net convolutional neural network
was trained using multispectral bands and the Normalized Difference Vegetation Index (NDVI)
as input. Model performance was evaluated using Dice coefficient, Intersection over Union
(IoU), precision, recall, and accuracy. The proposed model achieved a Dice coefficient of 0.89,
IoU of 0.83, and overall accuracy above 0.92. The predicted coffee canopy area (1.50 ha)
was consistent with the reference area obtained from manual annotation (1.45 ha), indicating
reliable canopy delineation under heterogeneous field conditions. The results demonstrate that
semantic segmentation using multispectral UAV imagery and a U-Net model is an effective and
applicable approach for coffee canopy mapping, with potential use in precision agriculture and

farm-scale decision-support systems.

Palavras-chave: SEGMENTACAO SEMANTICA DE COPAS DE CAFEEIROS UTILIZANDO
Aprendizagem de maquina IMAGENS MULTIESPECTRAIS OBTIDAS POR VANT E U-NET
Sensoriamento remoto RESUMO

Agricultura de precisao
A produgdo de café no Brasil requer ferramentas eficientes de monitoramento, especialmente

em regides com relevo heterogéneo e diferentes padrdes de plantio. A delimitacdo precisa das
copas de cafeeiros a partir de imagens obtidas por veiculos aéreos ndo tripulados (VANTS) ¢
essencial para a extra¢do de informagdes agrondmicas confiaveis e para o suporte as praticas de
agricultura de precisdo. Imagens multiespectrais obtidas por VANT foram adquiridas em uma
fazenda comercial de café na regido das Matas de Minas, Brasil. Um ortomosaico foi gerado e
anotado manualmente para a criagdo de mascaras binarias de referéncia das copas dos cafeeiros.
Uma rede neural convolucional U-Net foi treinada utilizando bandas multiespectrais e o indice
de Vegetacdo por Diferenga Normalizada (NDVI) como dados de entrada. O desempenho
do modelo foi avaliado por meio do coeficiente Dice, Intersegdo sobre Unido (IoU), precisdo,
recall e acuracia. O modelo proposto alcangou coeficiente Dice de 0,89, IoU de 0,83 e acuracia
global superior a 0,92. A é4rea de copa de cafeeiros predita (1,50 ha) foi consistente com a area
de referéncia obtida por anotagdo manual (1,45 ha), indicando delimitagdo confidvel das copas
sob condi¢des heterogéneas de campo. Os resultados demonstram que a segmentacdo semantica
utilizando imagens multiespectrais obtidas por VANT e o modelo U-Net constitui uma abordagem
eficaz e aplicavel para o mapeamento de copas de cafeeiros, com potencial de uso na agricultura
de precisdo e em sistemas de apoio a tomada de decisdo em escala agricola.
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INTRODUCTION

Coffee production is one of the most important
agricultural activities in Brazil, both in economic
and social term (CONAB, 2025). The country
has historically occupied a leading position in
the global coffee market, and maintaining high
productivity and quality levels is essential to ensure
competitiveness. In this scenario, the adoption of
technologies capable of providing accurate, timely,
and spatially detailed information has become
increasingly relevant for decision-making in coffee
production systems.

In regions such as the Matas de Minas, coffee
cultivation is characterized by mountainous terrain,
irregular plot geometry, heterogeneous planting
densities, and a wide diversity of cultivars and
plant ages. These characteristics impose significant
limitations on traditional field-based monitoring,
which is often time-consuming, labor-intensive,
and costly. As a result, producers and researchers
have sought alternative methods to monitor crop
development and support management practices
more efficiently (BARBOSA et al., 2021; DE
CASTRO et al., 2023; MARIN et al., 2021;
ORLANDO et al., 2024).

Remote sensing using unmanned aerial vehicles
(UAVs) has emerged as a promising tool in this
context. UAVs equipped with multispectral sensors
enable the acquisition of high-resolution imagery
with flexible temporal frequency, allowing detailed
assessment of crop conditions. Previous studies
have demonstrated the potential of UAV imagery
for evaluating coffee plant vigor and nutritional
status (ALVES et al, 2022), pest and disease
occurrence (DE CASTRO et al., 2023; MARIN
et al., 2021; ORLANDO et al., 2024), and yield-
related variables yield (BARBOSA et al., 2021).
However, the extraction of reliable quantitative
information from these images depends on
accurate identification and delineation of coffee
plant canopies.

Among the variables derived from UAV
imagery, coffee canopy area stands out due to
its relationship with vegetative growth and its
potential association with yield, plant health,
and management practices (JARAMILLO-
BOTERO et al., 2010). Nevertheless, automatic

canopy delineation in coffee plantations remains
challenging. Coffee plants often exhibit irregular
canopy shapes and overlapping crowns, especially
in older or densely planted fields. Additionally,
the spectral similarity between coffee plants and
other vegetation types, such as weeds, pasture,
or adjacent forest fragments, complicates the
segmentation process.

To address these challenges, machine learning
techniques, particularly deep learning approaches,
have been increasingly applied to agricultural
image analysis. Convolutional neural networks
(CNNs) have demonstrated strong performance
in extracting complex spatial and spectral patterns
from high-resolution imagery (BHADRA et al.,
2024; Ql et al., 2024). Within this context, semantic
segmentation techniques aim to classify each pixel
of an image into predefined classes, enabling
precise mapping of crop-covered areas.

The U-Net architecture has gained prominence
in semantic segmentation tasks due to its encoder—
decoder structure with skip connections, which
allows simultaneous learning of contextual
information and preservation of fine spatial
details. Originally developed for biomedical image
segmentation (RONNEBERGER; FISCHER;
BROX, 2015), U-Net has been successfully
adapted for various remote sensing applications,
including crop mapping and vegetation analysis
(KATTENBORN; EICHEL; FASSNACHT, 2019;
ZHU et al., 2025). Its relatively simple architecture
and high accuracy make it attractive for practical
applications in precision agriculture.

Despite these advances, studies focusing on
the applied use of semantic segmentation for
coffee canopy mapping under heterogeneous
field conditions are still limited. Many existing
works rely on simplified scenarios, such as young
plantations or uniform planting patterns, which
do not fully represent commercial coffee fields.
Therefore, there is a need for applied studies that
evaluate robust segmentation approaches under
realistic production conditions. In this context,
the objective of this study was to present and
evaluate an applied methodology for semantic
segmentation and area estimation of coffee
canopies using multispectral UAV imagery and a
U-Net convolutional neural network.

Engenharia na Agricultura, Edicdo Especial VIl SIMEAA, p. 1-7, 2026



SEMANTIC SEGMENTATION OF COFFEE CANOPIES USING UAV MULTISPECTRAL IMAGERY AND U-NET

MATERIALS AND METHODS

Study area and image acquisition

The study area was the Boa Safra Farm, located
in Paula Candido, in the Matas de Minas region of
the state of Minas Gerais, Brazil (20°48°21.84”S,
42°58°57.21”W).  Multispectral images were
acquired using a DJI Matrice 350 RTK UAV (DIJI,
China) equipped with a MicaSense RedEdge-P
camera (MicaSense, USA) capturing blue, green,
red, red-edge, and near-infrared bands. Flights
were conducted at 100 m altitude with 80% forward
and side overlap, under near-noon illumination
conditions to reduce shadow effects. Radiometric
calibration was performed using a MicaSense
CRP2 reflectance panel.

Image processing and orthomosaic generation

The multispectral orthomosaic was generated
using Pix4D Mapper software (version 4.10.0;
Pix4D SA, Switzerland), maintaining the original
spatial resolution. A binary ground-truth mask
representing coffee canopy and background was
manually created in QGIS and aligned with the
orthomosaic.

The image and mask were divided into 256 x
256 pixel patches. Patches containing less than
5% coffee pixels were excluded to reduce class
imbalance. The dataset was split into training,
validation, and test subsets. Spectral bands were
standardized using RobustScaler. The NDVI map
was calculated and included as an additional input
channel, resulting in a six-channel input for the
neural network. The NDVI was computed as the
ratio between the sum and the difference of the
NIR and Red bands (ROUSE et al., 1974).

U-Net Model and training

A U-Net convolutional neural network was
implemented for semantic segmentation. The
U-Net model architecture consists in encoder—
decoder levels with skip connections. The U-Net
architecture was chosen because it was originally
proposed for image processing and segmentation
tasks (RONNEBERGER; FISCHER; BROX,
2015).

Training was performed using a composite loss
function combining Dice Loss and Focal Loss
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to address class imbalance between canopy and
background pixels. Model hyperparameters were
optimized prior to final training, and early stopping
was applied to prevent overfitting.

Model evaluation

Model performance was evaluated on the
independent test set. The performance of the
models was evaluated using metrics widely
applied in semantic segmentation tasks: Dice
coefficient (Equation 1), Intersection over Union
(IoU) (Equation 2), precision (Equation 3), recall
(Equation 4), and accuracy (Equation 5). These
metrics were calculated on the test set after the
final model training.

2.Tp )

Dice =
T I TP+FP+FN

where Dice is the Dice coefficient, TP (True
Positives) is the number of pixels correctly
classified as coffee (Class 1); FP (False Positives)
is the number of background pixels incorrectly
classified as coffee; and FN (False Negatives) is
the number of coffee pixels incorrectly classified
as background.

TP
— 2
TP+ FP + FN

where, IoU is Intersection over union.

Toll =

TP
sion = —— 3)
Precizsion TP 1 FP
TP
= 4
Recall = 70N
TP+TN
Accuracy = ®)

TP+ TN+ FP+FN

where TN (True Negatives) is the number of pixels
correctly classified as non-coffee (Class 0).

Predicted and ground-truth areas were
calculated in square meters (m?) for each test
patch. The ground-truth coffee area of each patch
was obtained from the binary ground truth masks
by multiplying the total number of class 1 pixels
in the patch by the square of the spatial resolution.

Similarly, predicted coffee areas were calculated.
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RESULTS AND DISCUSSION

The NDVI map shown in Figure 1 reveals
a spatial variability in vegetation vigor across
the study area. Higher NDVI values (up to
approximately 0.97) are associated with dense and
healthy vegetation, predominantly observed in
well-developed crop sectors, indicating elevated
photosynthetic activity. Intermediate NDVI values
dominate the cultivated plots and reflect differences
in crop development, planting geometry, and local
management conditions. In contrast, low and
negative NDVI values (down to approximately
-0.42) correspond to bare soil, access roads, water
or sparsely vegetated areas, as evidenced by

localized low-value pixels.

Table 1 presents the hyperparameter
optimization results for the model. The optimized
configuration indicates that a network depth of four
levels and a reduced number of initial filters (16)
were sufficient to achieve the best performance. A
dropout rate of 0.3 was adopted, providing adequate
regularization, while a learning rate of 4.67 x 10~
ensured stable training. The batch size was set to
8, favoring smaller batches during optimization.
Additionally, the focal loss parameters (o = 0.6
and y = 3.0) highlight the importance of handling
class imbalance and hard-to-classify samples in the
segmentation task.

NDVI Map
Banda 1 (Gray)

0,969689
-0,416134

Figure 1. Normalized Difference Vegetation Index (NDVI) map of Boa Safra Farm

Table 1. Search intervals and model’s optimized hyperparameters values using Optuna

Hyperparameter Search space Type Optimization results
Deep 3as Discrete (int) 4
Inicial filters 16, 32, 64 Categorical 16
Dropout rate 0.1 to 0.3 (step 0.1) Continuous (Float) 0.3
Learning rate 1x10* to 1x107 (log scale) Continuous (Float) 4.67x10*
Batch size 8, 16, 32 Categorical 8
Focal a 0.5to 1.0 (step 0.1) Continuous (Float) 0.6
Focal y 1.0 to 3.0 (step 0.5) Continuous (Float) 3.0
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The U-Net model demonstrated strong
performance on the test dataset, achieving a Dice
coefficient of 0.89 and an Intersection over Union
(IoU) of 0.83. Overall accuracy exceeded 0.92,
with a precision of 0.88, a recall 0of 0.92, and a loss
value of 0.19. These metrics indicate a high level
of agreement between the predicted segmentation
masks and the manually delineated ground truth,
confirming the model’s capability to accurately
discriminate coffee canopies from background
elements.

Qualitative analysis of the segmentation results
revealed that the model was able to delineate coffee
canopies under a wide range of field conditions,
including variations in canopy density, exposed
soil, and the presence of other vegetation types
such as weeds and forest fragments. Even in plots
with dense and overlapping canopies, the model
preserved canopy boundaries with satisfactory
spatial coherence, which is essential for reliable
canopy area estimation. The ability of CNN-
based segmentation models to handle background
variability and complex canopy structures in
UAV imagery has been documented in other
agricultural contexts. Studies have found that deep
convolutional architectures (including U-Net)
outperform traditional image processing methods
when confronted with heterogeneous scenes
involving mixed vegetation, soil backgrounds, and
occlusions (SILVA ef al., 2024).

The inclusion of NDVI as an additional input
channel probably played a key role in improving
segmentation robustness, particularly in areas
with sparse canopy cover or higher soil exposure.
NDVI may have enhanced the contrast between
vegetated and non-vegetated pixels, facilitating
the discrimination of coffee plants from bare soil
and low-vigor vegetation. This result reinforces the
importance of integrating spectral indices with raw
multispectral bands when addressing segmentation
tasks in heterogeneous agricultural environments.

The canopy area computed from the reference
mask was 1.45 ha, while predicted canopy area
was 1.50 ha. From a practical standpoint, the
estimated total coffee canopy area derived from the
predicted mask was consistent with the reference
value obtained from manual annotation. This
agreement suggests that the proposed methodology
can be reliably applied at the farm scale to
support crop mapping and monitoring activities.
Accurate canopy area estimation can contribute
to the assessment of vegetative development,
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identification of spatial variability within plots, and
support for yield-related analyses.

When compared with results reported in the
literature for canopy segmentation in other perennial
crops, such as viticulture and citrus (BONO et al.,
2024; LI et al., 2024), the performance achieved
in this study is comparable or superior, despite
the structural complexity of coffee plantations.
The robustness of the model under heterogeneous
conditions highlights its potential applicability in
real production scenarios, where uniform planting
patterns are rarely observed.

From an engineering and operational
perspective, the proposed approach presents
a favorable balance between accuracy and
computational demand. The U-Net architecture,
combined with a relatively simple training strategy,
enables efficient processing while maintaining
high segmentation quality. This characteristic is
particularly relevant for applied contexts, where
computational resources may be constrained.

Nevertheless, some limitations should be
considered. Model performance may vary across
different phenological stages or management
practices not represented in the dataset.
Additionally, the manual creation of ground-
truth masks is inherently subject to operator
interpretation, which may introduce uncertainty
into the training process. Expanding the dataset to
include multi-temporal acquisitions and refining
annotation protocols are recommended to further
improve model generalization.

Overall, the results demonstrate that semantic
segmentation of coffee canopies using multispectral
UAV imagery and a U-Net neural network is
a viable and effective approach for applied
agricultural monitoring. The methodology shows
strong potential for integration into decision-
support systems aimed at improving the efficiency
and sustainability of coffee production.

CONCLUSIONS
e This study demonstrated an applied
methodology for semantic segmentation

and area estimation of coffee canopies using
multispectral UAV imagery and a U-Net neural
network. The proposed model achieved high
segmentation metrics under heterogeneous
field conditions, highlighting its potential for
practical use in precision coffee agriculture.
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The model, which incorporates NDVI as an
additional input band and was configured with
five encoder—decoder blocks (network depth),
16 initial filters, a dropout rate of 0.2, a learning
rate of 6.23 x 107, a batch size of 8, a = 0.9,
and y = 1.0, achieved a Dice coefficient of
0.89. The canopy area calculated by the model
was 1.50 ha, while the area in the ground truth
was 1.45 ha.
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