
Academic Editor: Fei Liu

Received: 7 August 2025

Revised: 1 October 2025

Accepted: 10 October 2025

Published: 16 October 2025

Citation: Silva, S.A.d.S.; Ferraz,

G.A.e.S.; Figueiredo, V.C.; Volpato,

M.M.L.; Ferreira, D.D.; Machado, M.L.;

Borges, F.E.d.M.; Conti, L. Integration

of Field Data and UAV Imagery for

Coffee Yield Modeling Using Machine

Learning. Drones 2025, 9, 717. https://

doi.org/10.3390/drones9100717

Copyright: © 2025 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license

(https://creativecommons.org/

licenses/by/4.0/).

Article

Integration of Field Data and UAV Imagery for Coffee Yield
Modeling Using Machine Learning
Sthéfany Airane dos Santos Silva 1 , Gabriel Araújo e Silva Ferraz 2 , Vanessa Castro Figueiredo 1,
Margarete Marin Lordelo Volpato 1, Danton Diego Ferreira 2 , Marley Lamounier Machado 1,
Fernando Elias de Melo Borges 2 and Leonardo Conti 3,*

1 Empresa de Pesquisa Agropecuária de Minas Gerais, Av. José Cândido da Silveira, 1647-Bairro União,
Belo Horizonte 31170-495, MG, Brazil; sthefany.santos1@estudante.ufla.br (S.A.d.S.S.);
vcfigueiredo@epamig.br (V.C.F.); margarete@epamig.br (M.M.L.V.); marley@epamig.br (M.L.M.)

2 School of Engineering, Universidade Federal de Lavras, Lavras 37203-202, MG, Brazil;
gabriel.ferraz@ufla.br (G.A.e.S.F.); danton@ufla.br (D.D.F.); fernando.borges4@estudante.ufla.br (F.E.d.M.B.)

3 Department of Agricultural, Food, Environment and Foresty (DAGRI), University of Florence,
50145 Florence, Italy

* Correspondence: leonardo.conti@unifi.it

Abstract

The integration of machine learning (ML) techniques with unmanned aerial vehicle (UAV)
imagery holds strong potential for improving yield prediction in agriculture. However,
few studies have combined biophysical field variables with UAV-derived spectral data,
particularly under conditions of limited sample size. This study evaluated the performance
of different ML algorithms in predicting Arabica coffee (Coffea arabica) yield using field-
based biophysical measurements and spectral variables extracted from multispectral UAV
imagery. The research was conducted over two crop seasons (2020/2021 and 2021/2022)
in a 1.2-hectare experimental plot in southeastern Brazil. Three modeling scenarios were
tested with Random Forest, Gradient Boosting, K-Nearest Neighbors, Multilayer Percep-
tron, and Decision Tree algorithms, using Leave-One-Out cross-validation. Results varied
considerably across seasons and scenarios. KNN performed best with raw data, while
Gradient Boosting was more stable after variable selection and synthetic data augmentation
with SMOTE. Nevertheless, limitations such as small sample size, seasonal variability, and
overfitting, particularly with synthetic data, affected overall performance. Despite these
challenges, this study demonstrates that integrating UAV-derived spectral data with ML
can support yield estimation, especially when variable selection and phenological context
are carefully addressed.

Keywords: digital coffee farming; remotely piloted aircraft; vegetation index; machine
learning algorithms; yield prediction

1. Introduction
Coffee cultivation is a major agricultural activity, particularly in developing countries,

where it provides livelihoods for millions of producers [1]. In Brazil, the world’s largest
coffee producer and exporter, coffee remains central to agricultural exports and rural
economies [2,3]. Beyond its economic importance, the main challenge for coffee farming
lies in the strong spatiotemporal variability of yield, influenced by biennial cycles, water
availability, nutrient status, pests, and diseases [4–8]. Accurate yield forecasting is therefore
essential to support farm management, public policies, and market strategies [5].
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Recent advances in artificial intelligence (AI) have created new opportunities to ad-
dress this challenge. Machine learning (ML) algorithms can process large and heteroge-
neous datasets, including soil attributes, plant physiology, climatic conditions, and spectral
information uncovering nonlinear relationships often overlooked by traditional statis-
tical methods [9]. When combined with high-resolution remote sensing, these models
can provide spatially explicit yield predictions, enhancing precision agriculture [10–13].
Their performance, however, may be limited by factors such as small sample sizes, feature
selection, and the risks of overfitting or class imbalance, which require careful methodolog-
ical design.

Among remote sensing tools, unmanned aerial vehicles (UAVs) equipped with multi-
spectral sensors provide high-resolution data closely linked to crop physiology and vigor.
Vegetation indices and structural traits such as plant height and canopy diameter are sen-
sitive to nutritional and water conditions, serving as early yield indicators. In perennial
crops like coffee, where field measurements are labor-intensive and spatially restricted,
UAVs offer a practical and scalable means of consistent data collection throughout the
production cycle.

Several studies have explored the use of ML for coffee yield prediction based on
satellite imagery [14–16], climatic variables [17–21], soil attributes [22,23], management
practices [20,21], or UAV-derived traits such as canopy dimensions and vegetation in-
dices [24]. These works demonstrate the value of ML as a decision-support tool in coffee
farming. However, few studies have integrated field-based biophysical measurements with
high-resolution UAV multispectral data into a structured ML workflow, particularly at the
plant level.

To address this gap, the objective of this study was to evaluate the effectiveness of
different ML algorithms for coffee yield prediction under three scenarios: (i) using all
available variables, (ii) applying feature selection, and (iii) combining feature selection
with synthetic oversampling. Five machine learning algorithms, Random Forest (RF),
Gradient Boosting (GB), Multilayer Perceptron (MLP), k-Nearest Neighbors (KNN), and
Decision Tree (DT), were systematically compared across the three scenarios. This approach
enabled the assessment of algorithm robustness and performance in coffee yield prediction
using UAV multispectral imagery integrated with field data. Figure 1 summarizes the
methodological framework adopted in this study.

Figure 1. Methodological workflow for coffee yield prediction.

2. Materials and Methods
2.1. Characterization of the Study Area, Grid, and Sampling

This study was conducted in an experimental coffee plantation of the Agricultural
Research Corporation of Minas Gerais (EPAMIG), located in the municipality of Três Pontas,
in the southern region of Minas Gerais, Brazil. The experimental area is situated at an
altitude of 905 m, with UTM coordinates S 7640030.4 and E 449531.5. The region has an
average annual temperature of 20.3 ◦C and an average annual rainfall of 1429 mm, and
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is classified as Cwb (humid subtropical with dry winters and mild summers) according
to Köppen’s climate classification [25]. The soil in the area is classified as a Red Latosol
(Oxisol) according to the Brazilian Soil Classification System [26].

The plantation covers 1.2 hectares and consists of Coffea arabica L. plants, cultivar
Topázio MG1190 [27], established in 1998 with a spacing of 3.70 m between rows and 0.70 m
between plants. For this study, a sampling grid of 30 georeferenced points was developed
using QGIS software (version 3.22.9) (Figure 2), corresponding to a density of 25 points
per hectare. The area boundary and point coordinates were obtained using a Trimble R8
RTK GNSS receiver. Each sampling point corresponded to an individual plant, which was
identified and monitored throughout the experiment.

After georeferencing the sampling points, two groups of variables were collected to
form the dataset used to develop coffee yield prediction models: (i) biophysical variables,
obtained through direct field measurements, including yield, soil moisture, leaf water po-
tential, soil fertility, and leaf nutrition; and (ii) spectral variables, derived from multispectral
imagery acquired by a Remotely Piloted Aircraft (UAV), comprising vegetation indices,
canopy diameter, plant height, and leaf area index (LAI). A summary of all measured
variables, including their classification, units, acquisition methods, and sampling periods,
is presented in Table 1. A detailed description of the procedures used for data collection
and processing is provided in the following subsections.

Table 1. Summary of measured variables, classification, units, data source, and sampling period.

Variable Group Unit Data Source/Method Sampling
Period

Yield Biophysical L plant−1 Semi-mechanized harvest
+ volumetric method

June 2021 and
June 2022

Soil moisture (GH) Biophysical % (gravimetric) Soil sampling (0–20 cm),
oven-drying method

Aug. 2020, Jan. 2021,
Aug. 2021, Jan. 2022

Leaf water potential
(Ψw) Biophysical MPa Scholander

pressure chamber Same as above

Soil fertility Biophysical Laboratory analysis
(pH, P, K, Ca, Mg, etc.)

Apr. 2021 and
Apr. 2022

Leaf nutrient content Biophysical g kg−1/mg kg−1 Laboratory analysis
(N, P, K, Ca, Mg, S, etc.) Jan. 2022

NDVI Spectral Calculated from UAV
multispectral images

Aug. 2020, Jan. 2021,
Aug. 2021, Jan. 2022

NDRE Spectral Same as above Same as above

EVI2 Spectral Same as above Same as above

Plant height Spectral m DSM–DTM from
UAV images Same as above

Canopy
diameter Spectral m Manual from orthomosaic

(bounding box method) Same as above

Leaf area index (LAI) Spectral m2 Estimated via [28] Same as above
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Figure 2. Location of the study area and sampling grid.

2.2. Yield

The sampling was carried out in June of each crop season (2020/2021 and 2021/2022)
at the 30 georeferenced points in the experimental area. Each sampling point corresponded
to a coffee plant, which was harvested using a semi-mechanized method with the assistance
of a handheld mechanical harvester. After detachment, the fruits were collected on cloths
laid on the ground, followed by manual removal of impurities such as leaves and branches.
The cleaned fruits were then placed in a graduated container to estimate yield in liters per
plant (Figure 3).

Figure 3. Yield sampling.

2.3. Soil Moisture

Gravimetric soil moisture (GM) was determined by collecting undisturbed soil samples
from a depth of 0–20 cm using an auger. Sampling was carried out on the following dates:

• 2020/2021 season: August 2020 (dry period) and January 2021 (wet period);
• 2021/2022 season: August 2021 (dry period) and January 2022 (wet period).

Each sample was collected at pre-established georeferenced points, stored in labeled
plastic bags according to the numbering of the sampling points, and then sent to the
laboratory for analysis.

Gravimetric moisture was determined using the oven-drying method, following the
Brazilian standard NBR 6457/2016 [29]. The samples were first weighed to obtain the wet
mass and then dried in an oven at 105 ◦C for 24 h. After drying, the samples were weighed
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again to determine the dry mass. These values were used to calculate gravimetric moisture
according to Equation (1).

θg =
Mwater

Mdry
=

Mwet−Mdry

Mdry
θg(%) = θg ∗ 100 (1)

where

Mwet = mass of the wet soil sample (g)
Mdry = mass of the dry soil sample (g)

2.4. Water Potential

Leaf water potential (Ψw) was measured using a Scholander-type pressure cham-
ber [30], an instrument designed to assess xylem sap tension. Sampling was performed on
the same dates as the soil moisture measurements: August 2020 and January 2021 for the
2020/2021 season, and August 2021 and January 2022 for the 2021/2022 season.

In this study, Ψw values were obtained during the early morning hours (between 04:00
and 06:00), known as predawn water potential. This measurement is commonly used as an
indicator of soil water availability, as it tends to reflect the equilibrium between plant and
soil water status under non-severe water deficit conditions [31].

At each georeferenced point, three leaves were collected from the middle third of the
plant, between the third and fourth leaf pairs, with intact petioles. After collection, the
leaves were properly labeled and stored to prevent moisture loss.

The samples were then analyzed using the Scholander pressure chamber (Figure 4).
The method involves placing the leaf inside a sealed cylinder, leaving only the petiole
exposed through a gas-tight rubber seal. Pressure is gradually applied until the first
appearance of sap at the cut surface of the petiole. At that point, the flow of inert gas
(nitrogen) is stopped, and the pressure reading on the manometer is recorded. This value
represents the xylem pressure potential, expressed in MPa (megapascals).

Figure 4. Scholander bomb.

2.5. Soil Fertility and Leaf Nutrition Analysis

The nutritional status of the plants was evaluated through soil fertility and leaf nutrient
analyses to investigate their relationship with coffee yield. Soil samples were collected in
April 2021 and April 2022 at the same 30 georeferenced points used for the other variables,
from a depth of 0–20 cm, and sent to a specialized laboratory. The analyses included
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phosphorus (P), remaining phosphorus (Prem), potassium (K), calcium (Ca), magnesium
(Mg), pH, organic matter (OM), and total acidity (H + Al).

Leaf sampling was carried out during the “chumbinho” stage of fruit development,
between December and mid-January. At each point, 50 leaves were taken from the reference
plant and neighboring plants, always from the middle third of the canopy, between the
third and fourth leaf pairs. Only healthy leaves without signs of disease, nutrient deficiency,
climatic damage, or mechanical injury were selected. These samples were then analyzed in
a laboratory for the concentrations of N, P, K, Ca, Mg, S, Mn, Zn, B, Cu, and Fe.

For this study, leaf nutrient analysis was performed only for the 2021/2022 crop season.

2.6. High Resolution Imagery

High-resolution multispectral imagery was central to this study, enabling the extrac-
tion of spatial and spectral variables directly linked to plant physiology and productivity.
The UAV-based approach provided timely, non-destructive, and scalable data acquisition,
which was integrated into the predictive modeling framework.

Flights were carried out with a Remotely Piloted Aircraft (UAV) equipped with a Parrot
Sequoia (Parrot Drones SAS, Paris, France) multispectral sensor, conducted simultaneously
with soil moisture and leaf water potential measurements in August 2020, January 2021,
August 2021, and January 2022. The dates were chosen to represent two contrasting phases
of the coffee production cycle: the dry season (August) and the rainy season (January).
This schedule aligned with the objectives of the broader research project, which focused on
assessing plant water status and water stress. Acquiring imagery during these phenological
stages allowed us to capture temporal variations in plant physiology and soil moisture.
Although the flights did not coincide with harvest, the multispectral data collected at these
stages provided robust indicators of plant vigor and development, which are strongly
associated with final yield.

The aircraft used was an eBee SQ (senseFly SA, Cheseaux-sur-Lausanne, Switzerland,
Figure 5), a fixed-wing platform with a 110 cm wingspan, 3 km nominal radio range,
cruising speed of 40–110 km/h, wind resistance up to 45 km/h (12 m/s), electric motor,
and maximum payload of 1.1 kg (including camera and batteries). Its flight autonomy was
up to 55 min.

Figure 5. Remotely piloted aircraft and multispectral sensor.

Flight planning and execution were managed through the aircraft’s dedicated base
station and eMotion software (version 3.5), which defined flight routes, altitude, ground
sampling distance, and image overlap. The UAV operated with an integrated autopilot
combining GNSS RTK positioning and an inertial measurement unit (IMU), ensuring
stable flight attitude and high-accuracy trajectory control. A transmitter antenna enabled
real-time monitoring and allowed command inputs for landing, course adjustments, and
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image capture. The interface displayed key flight parameters, including battery level,
ambient temperature, altitude, flight duration and speed, wind speed, image resolution,
longitudinal and lateral overlap, and radio link quality. This integrated system ensured
precise and consistent image acquisition, going beyond simple GPS-based navigation.

The flight parameters were as follows:

• Focal length: 3.98 mm;
• Vertical overlap: 70%;
• Horizontal overlap: 70%;
• Flight altitude: 50 m;
• Ground sampling distance (GSD): 4.71 cm px−1;
• Speed: 12 m/s;
• Estimated flight time: 10 min.

The Parrot Sequoia sensor captures five spectral bands:

• Green (550 nm ± 40 nm);
• Red (660 nm ± 40 nm);
• RedEdge (735 nm ± 10 nm);
• Near-infrared–NIR (790 nm ± 40 nm);
• RGB (visible band–420–700 nm).

The images acquired by the sensor were processed using Pix4DMapper software
(version 4.4.10). The workflow included image block phototriangulation to determine
internal and external orientation parameters, point cloud generation, creation of the Digital
Surface Model (DSM), and orthomosaic generation. For phototriangulation, eight ground
control points (GCPs) were strategically distributed across the experimental area and
surveyed with a Trimble R8 GNSS (Trimble Inc., Sunnyvale, CA, USA) receiver operating
in RTK (Real Time Kinematic) mode, dual frequency, and sub-millimeter precision (<1 mm
at 1 Hz).

Radiometric correction of the orthomosaics was performed to convert digital num-
ber (DN) values to surface reflectance. This was performed in Pix4DMapper using the
Parrot Sequoia sensor’s calibration tools. A reflectance panel was used before each flight
to calibrate the camera, enabling the software to adjust reflectance values according to
illumination conditions at the time of image acquisition.

This step ensured the spectral consistency of the dataset across all acquisition dates,
reducing variability caused by atmospheric and lighting conditionsan essential requirement
for quantitative vegetation index analysis.

The final products included orthomosaics for the Green, Red, RedEdge, and NIR
bands, an RGB orthomosaic, and both a Digital Terrain Model (DTM) and a Digital Surface
Model (DSM). These processed outputs formed the basis for calculating vegetation indices
and structural metrics.

2.6.1. Vegetation Index

To explore the information derived from the multispectral imagery, vegetation indices
were calculated for each point in the sampling grid. Values were extracted from the pixels
contained within the polygons corresponding to the georeferenced sampling points. Using
the NIR, Red, and RedEdge bands, the following spectral vegetation indices were calculated
(Table 2).
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Table 2. Vegetation indices.

Index Equations References

NDVI (Normalized Difference Vegetation Index) NIR+RED
NIR−RED [32]

NDRE (Normalized Difference RedEdge) NIR−RED Edge
NIR+RED Edge

[33]

EVI2 (Enhanced Vegetation Index 2) 2.5 ∗ NIR−RED
(NIR+2.4∗RED+1) [34]

The vegetation indices were calculated in QGIS software using the Raster Calculator
tool. After each index was calculated, a shapefile was created containing 30 polygons with
a diameter of 30 cm, representing the georeferenced sampling points within the study area.

The adoption of a 30 cm polygon was based on previous studies conducted in the
same experimental coffee field, where smaller sampling areas (20 cm in diameter) were suc-
cessfully used to extract vegetation indices from UAV multispectral imagery [35,36]. These
studies showed that compact canopy-centered polygons effectively reduce interference
from exposed soil, shading, and weeds while preserving the spectral representativeness of
the coffee canopy. In the present study, the 30 cm polygon was chosen because it encom-
passed only the pixels corresponding to the canopy of the sampled plants, as illustrated
in Figure 6. Building on the methodological consistency of earlier works, the slightly
larger diameter (30 cm) was adopted to increase the number of pixels per polygon, thereby
improving the robustness of spectral averaging without compromising canopy specificity.

Figure 6. Example of UAV-derived imagery showing the georeferenced sampling polygon (30 cm
diameter) applied to coffee plants: (a) RGB orthomosaic, (b) NDVI, (c) NDRE, and (d) EVI2.

Based on these polygons, vegetation index values were extracted using the Zonal
Statistics tool in QGIS. This tool calculates the average pixel values within each polygon.
As a result, for each vegetation index, 30 mean values were generated for each sampling
point in the grid.
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2.6.2. Plant Height, Canopy Diameter, and Leaf Area Index of Coffee Plants

Plant height (H) estimates derived from UAV imagery followed the workflow de-
scribed by [37], where height is calculated as the difference between the Digital Surface
Model (DSM) and the Digital Terrain Model (DTM), as shown in Equation (2). Pixel values
from the digital models were distinguished using the point sampling tool.

Hi = DSM (xi, yi)− DTM (xi, yi) (2)

where

Hi: plant height estimated at sampling point i (m)
DSM (xi, yi): value of the Digital Surface Model at pixel (xi, yi) (m)
DTM (xi, yi): value of the Digital Terrain Model at the same pixel (xi, yi) (m)

Canopy diameters were estimated following the methodology proposed by [24]. After
exporting the RGB orthomosaic to QGIS software, the average canopy diameter for each
sampled plant was manually obtained using bounding boxes.

The Leaf Area Index (LAI) was calculated using the non-destructive method described
by [28], based on the canopy diameter (D) and plant height (H), as defined in Equation (3).

LAI = 0.0134 + 0.7276 × D2 × H (3)

2.7. Feature Selection

Correlation analysis was applied as a feature selection technique to evaluate the
relationship between the predictor variables (input features) and the target variable (yield).
This approach allows predictive models to be built using only the variables with the
strongest influence on yield, reducing model complexity and avoiding high dimensionality,
particularly when the number of variables exceeds the number of available samples [38].

Pearson’s correlation was used as the statistical measure to quantify the linear rela-
tionship between two numerical variables. Its coefficient, known as Pearson’s Correlation
Coefficient (R), ranges from −1 to 1 and is calculated as shown in Equation (4).

R =
∑
(
Xi − X̂

)(
Yi − Ŷ

)√
∑
(
Xi − X̂

)2· ∑
(
Yi − Ŷ

)2
(4)

where

R = correlation coefficient;
Xi = values of the independent variables (soil moisture, leaf water potential, soil fertility,
leaf nutrient and spectral variables);
X̂ = mean of the independent variables;
Yi = values of the dependent variable (coffee yield);
Ŷ = mean of the dependent variable.

The interpretation of Pearson’s correlation coefficient (R) is as follows:

• R = 1 → perfect positive correlation (both variables increase together);
• R > 0 → positive correlation (high values of X tend to be associated with high values

of Y);
• R = 0 → no linear correlation (no clear linear relationship between the variables);
• R < 0 → negative correlation (as one variable increases, the other tends to decrease);
• R = −1 → perfect negative correlation (a perfect inverse linear relationship).

After the correlation analysis, the data were standardized using Z-score normalization,
an essential step in machine learning, particularly for algorithms sensitive to the scale of
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input variables. This method transforms the data so that the mean is zero and the standard
deviation is one, ensuring that all variables contribute equally during model training.

To develop the coffee yield prediction models, three distinct datasets were structured.
In all scenarios, the dependent variable was coffee yield (in liters per plant). The differ-
ence between scenarios lies in the set of independent (predictor) variables used to train
the models:

Dataset 1: Full set of variables:

- Dependent variable: yield;
- Independent variables: Soil moisture: GH_2020, GH_2021, Leaf water potential

(WP_2021, WP_2022), Soil fertility attributes (pH, P, K, Ca, Mg, MO, H + Al), Leaf
nutrition 2021/2022 (N, P, K, Ca, Mg, S, Mn, Zn, B, Cu, Fe), Spectral vegetation indices
(NDVI, NDRE, EVI2), Plant height, canopy diameter, leaf area index (LAI);

Dataset 2: Variables selected based on correlation with yield:

- Dependent variable: yield;
- Independent variables: For the 2020/2021 season (GH_2020, GH_2021, NDRE_2020,

pH), for the 2021/2022 season (WP_2022, P_foliar, S_foliar, N_foliar, K_foliar), for the
combined seasons (GH_2020, GH_2021, NDVI_2020, NDRE_2020, H + Al);

Dataset 3: Variables selected variables (as Scenario 2) + data augmentation us-
ing SMOTE:

- Dependent variable: yield;
- Independent variables: same as those used in Scenario 2, but with the dataset arti-

ficially expanded using the SMOTE (Synthetic Minority Over-sampling Technique)
method. This approach tripled the number of samples in the dataset to improve model
training and reduce overfitting caused by the limited original sample size.

The yield data were analyzed using descriptive statistics, including mean, minimum,
maximum, standard deviation, skewness, and coefficient of variation (CV).

In this study, multiple regression analyses were carried out with machine learning
algorithms to evaluate their ability to generate yield prediction models for coffee crops using
a dataset with a limited number of samples. Multiple regression is a statistical technique
used to explore and infer the relationship between a dependent variable (response) and a
set of independent variables (predictors). In this case, the predictors included soil moisture,
water potential, soil fertility, leaf nutrition, plant height, canopy diameter, leaf area index
(LAI), and vegetation indices, while yield was the response variable.

To assess model performance, the data were structured into three datasets (Table 3),
allowing comparison of prediction effectiveness across the tested configurations.

Based on the dataset obtained in this study, multiple regression analyses were con-
ducted using machine learning algorithms implemented in Python (version 3.12). The
objective was to evaluate the ability of these algorithms to predict coffee yield with a limited
number of samples.

Multiple regression enables the investigation of the relationship between a dependent
variable (yield) and several independent variables, including soil moisture, leaf water
potential, soil fertility, leaf nutrition, plant height, canopy diameter, leaf area index (LAI),
and vegetation indices.

The models were developed annually using data collected in the year preceding the
harvest, incorporating variables related to soil, plant characteristics, and spectral attributes.
This approach aimed to produce models that better reflect field conditions, providing
relevant information to support producers in planning for the following crop season.
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Table 3. Dataset for machine learning.

Scenario Dependent
Variable Independent Variables Crop

Season(s)

Machine
Learning

Algorithms

Scenario 1
Complete Dataset Yield (L/plant)

All collected variables:
- Soil moisture: GH_2020, GH_2021
- Leaf water potential: WP_2021, WP_2022
- Soil fertility: pH, P, K, Ca, Mg, MO, H + Al
- Leaf nutrition: N, P, K, Ca, Mg, S, Mn, Zn, B,
Cu, Fe
- Spectral indices: NDVI, NDRE, EVI2
- Structural traits: plant height, canopy
diameter, LAI

2020/2021
2021/2022
Combined

RF, GB, MLP,
KNN, DT

Scenario 2
Selected Variables Yield (L/plant)

Only variables with highest correlation with yield:
- 2020/2021: GH_2020, GH_2021, NDRE_2020, pH
- 2021/2022: WP_2022, P_leaf, S_leaf, N_leaf, K_leaf
- Combined: NDRE_2020, GH_2021, NDVI_2020,
H + Al, GH_2020

2020/2021
2021/2022
Combined

RF, GB, MLP,
KNN, DT

Scenario 3
Selected Variables

+ SMOTE
Yield (L/plant)

Same variables as in Scenario 2, with dataset
expanded using SMOTE.
Tripled the number of samples from 30 to 90.

2020/2021
2021/2022
Combined

RF, GB, MLP,
KNN, DT

GH: Gravimetric Humidity; WP: Water Potential; pH: Hydrogen potential; N: Nitrogen; K: Potassium; P: Phos-
phorus; Ca: Calcium; Mg: Magnesium; Mn: Manganese; Zn: Zinc; B: Boron; Cu: Copper; Fe: Iron; H + Al: Total
acidity; SB: Sum of bases; OM: Organic matter; Prem: Remaining phosphorus; NDVI: Normalized Difference
Vegetation Index; NDRE: Normalized Difference Red Edge Vegetation Index; EVI2: Enhanced Vegetation Index 2;
LAI: Leaf Area Index.

Only manageable variables were considered in this study. However, it is important to
recognize that environmental factors such as climate, extreme weather events, precipitation,
and inherent soil properties also play a critical role in coffee yield. Although these factors
cannot be directly controlled, they interact with management practices and may influence
the effectiveness of the adopted strategies.

The workflow of the three scenarios and machine learning algorithms is summarized
in Figure 7.

 
Figure 7. Workflow of the modeling scenarios and machine learning algorithms.

The machine learning algorithms used for modeling were Random Forest (RF), Gradi-
ent Boosting (GB), Multilayer Perceptron (MLP), K-Nearest Neighbors (KNN), and Decision
Tree (DT). These algorithms were chosen because they represent different methodological
families, including ensemble learning, instance-based learning, neural networks, and tree-
based models. They are commonly used as benchmarks in agricultural prediction studies,
ensuring comparability with previous research. Given the limited dataset, algorithms
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known for stable performance with small samples were prioritized to minimize the risk of
overfitting associated with more complex approaches.

Random Forest (RF), developed by [39], is an extension of the Decision Tree (DT)
algorithm in which multiple trees are built from subsets of the dataset and their predic-
tions aggregated. RF reduces the risk of overfitting and improves accuracy, although its
interpretation is more complex.

Gradient Boosting (GB), proposed by [40], is a supervised learning algorithm based
on the boosting technique. It combines multiple weak models, typically decision trees, into
a more robust and accurate ensemble.

Multilayer Perceptron (MLP) is a feedforward artificial neural network composed
of multiple layers of neurons. Developed by [41], it is widely applied to regression and
classification tasks and is one of the most popular models in deep learning.

K-Nearest Neighbors (KNN), introduced by [42], is an instance-based algorithm that
makes predictions based on the average of the k nearest neighbors in the feature space.
It is simple and effective for small datasets and nonlinear problems, though it can be
computationally demanding for larger datasets and sensitive to the choice of k.

Decision Tree (DT), proposed by [43], splits the data space into regions based on binary
decisions, forming a tree-like structure. Unlike multiple linear regression, DT does not
assume linear relationships and can capture nonlinear patterns. However, if not properly
tuned, it is prone to overfitting.

2.8. Validation Prediction Models

When multiple regression analyses are carried out using machine learning algorithms,
cross-validation (CV) plays a crucial role in ensuring that the models are robust and
generalize well to new data. CV also helps prevent overfitting by ensuring the model
captures real patterns rather than simply fitting the training data. This approach provides
more reliable estimates of model performance by splitting the data into different subsets
for training and testing.

In this study, cross-validation was applied by splitting the dataset into 80% for training
and 20% for testing. The validation method used was Leave-One-Out Cross-Validation
(LOO-CV), which is particularly recommended for small datasets as it maximizes the use
of all available samples during model training.

In LOO-CV, the dataset is divided into n iterations (where n is the total number of
observations). In each iteration, a single sample is used as the test set, and the remaining n
− 1 samples are used for training. This process is repeated n times, and overall performance
is obtained by averaging the results from all iterations. The general formula is:

LOO − CV Error =
1
n

n

∑
i=1

L(yi, ŷi)

where L (yi, ŷi) is the loss function that compares the actual value yi with the predicted
value ŷi for each observation.

As many regression tasks do not follow well-defined linear patterns, two performance
metrics were used to evaluate the algorithms:

- Root Mean Squared Error (RMSE): indicates the average prediction error in the same
unit as the dependent variable.

RMSE =

√
1
n

n

∑
i=1

(yi, ŷi)
2
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- Mean Absolute Percentage Error (MAPE) : expresses the prediction error in percent-
age terms, facilitating comparison across models.

MAPE =
100
n

n

∑
i=1

∣∣∣∣yi, ŷi
yi

∣∣∣∣
Note: MAPE was only calculated for samples where yi ̸= 0, since division by zero renders
the calculation invalid.

These metrics were calculated for both training and testing sets to assess model
performance and generalization ability.

2.9. Statistical Analysis of Model Performance

To assess whether differences among algorithms were statistically significant, a one-
way analysis of variance (ANOVA) was performed using the test RMSE values for each
scenario and crop season. The null hypothesis assumed that the mean RMSE values of all
algorithms were equal, while the alternative hypothesis stated that at least one algorithm
differed. Pairwise comparisons with a significance level of p < 0.05 were then applied to
identify specific differences among algorithms. This analysis provided a statistical basis for
interpreting the comparative performance of the models.

3. Results
3.1. Descriptive Statistic

The dataset related to yield was analyzed for mean, minimum–maximum, standard
deviation, skewness, and coefficient of variation (CV), as presented in Table 4.

Table 4. Descriptive statistics of yield for the 2020/2021 and 2021/2022 crop seasons.

Statistic Yield 2020/2021 Yield 2021/2022

Mean 10.20 5.47
Min–Max 1.00–22.00 0.00–22.00

Standard deviation 4.79 5.25
Skewness 0.43 1.12

Variation coefficient (%) 46.96 96.15

According to [44], spatial and temporal variability in crop yield is a recurring issue in
coffee-growing regions. Beyond differences between neighboring plants, biennial bearing
strongly influences production. In high-yield years, the heavy use of a plant’s energy
reserves can limit the development of new productive branches, leading to reduced yield
in the following cycle [45,46]. The restricted growth of plagiotropic branches, which are
responsible for fruiting, further amplifies the alternation between years of high and low
production. Biennial bearing also directly affects yield forecasting, making productivity
estimation a persistent challenge for growers [47].

In addition to this biennial effect, the productivity drop observed in the 2021/2022 sea-
son may have been aggravated by water deficits during flowering or fruit filling, although
specific climatic data were not included in this study [48]. The lack of irrigation may also
have intensified the negative impact of weather conditions on production.

Although the primary objective of this study was not to analyze yield differences
between the evaluated seasons, interpreting the data in light of the variables used in
the modeling provides important insights. The decrease in average productivity in the
2021/2022 season (5.47 L plant−1) compared with the previous season (10.20 L plant−1)
can be attributed not only to biennial bearing but also to physiological and environmental
factors that directly influence crop performance.
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Soil moisture and leaf water potential data suggest that plants experienced greater
water stress during the 2021/2022 season, particularly in the dry period (August), which
may have affected fruit filling. Moreover, fluctuations in the availability of key nutrients
such as potassium (K), phosphorus (P), and organic matter, as observed in the soil fertility
and leaf nutrition analyses, may have negatively impacted plant development and yield.

Therefore, the decline in yield during the 2021/2022 season appears to have resulted
from the interaction of plant physiological factors (such as biennial bearing), reduced
water availability, and variations in soil attributes. Considering these aspects is essential
for understanding the challenges of yield prediction and reinforces the importance of
integrating both biophysical and spectral variables into the development of more robust
predictive models.

3.2. Correlation Analysis

Figures 8–10 present the correlation plots corresponding to Scenarios 1, 2, and 3, respectively.

Figure 8. Correlation plot for the 2020/2021 season.

For the 2020/2021 crop season (Figure 8), the selected attributes were GH_2020,
GH_2021, pH (negative correlation ranging from 0.3 to 0.5), and NDRE (positive correlation
of about 0.3). In other words, the most influential variables in the 2020/2021 dataset were
gravimetric soil moisture sampled in August 2020 and January 2021, soil pH, and the NDRE
index from August 2020.

For the 2021/2022 crop season (Figure 9), the selected attributes were WP_2022, P_leaf,
and S_leaf (positive correlations between 0.2 and 0.4), and N_leaf and K_leaf (negative
correlations of about 0.5 for N and 0.2 for K). In this season, foliar nutrition variables
showed a stronger correlation with yield, along with leaf water potential values collected
in January 2022.

In the combined dataset (Figure 10), correlations between attributes and yield were
weaker. The selected attributes were NDRE_2020, GH_2021, NDVI_2020, H + Al, and
GH_2020, with positive correlations of about 0.1 to 0.2.
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Figure 9. Correlation plot for the 2021/2022 season.

Figure 10. Correlation plot for the combined seasons.

3.3. Prediction Models

Tables 5–7 present the RMSE and MAPE values from the training and testing sets for
each algorithm, corresponding to Scenario 1 (Table 5), Scenario 2 (Table 6), and Scenario 3
(Table 7).

Because the dataset included georeferenced points with zero yield (0 L/plant) and
Leave-One-Out cross-validation was applied where each iteration uses only one sample
for testing, some MAPE values could not be calculated. This occurs because the MAPE
formula uses the actual yield (yi) as the denominator, and when yi = 0, yi = 0, the fraction is
undefined, making the metric invalid.
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Table 5. RMSE and MAPE metrics for the 2020/2021, 2021/2022, and combined crop seasons
(2020/2021 and 2021/2022), considering the original database (all variables).

Original Dataset

M
od

el
s Season 2020/2021 Season 2021/2022 Combined Crop Season

(2020/2021 + 2021/2022)

Training Test Training Test Training Test

RMSE MAPE RMSE MAPE RMSE MAPE RMSE MAPE RMSE MAPE RMSE MAPE

RF 4.47 ± 3.62 - 6.54 3.38 8.02 ± 8.12 4.50 ±6.11 8.59 - 5.54 ± 5.60 - 11.11 0.98
GB 4.72 ± 3.72 - 9.86 4.02 8.81 ± 9.27 4.74 ± 9.61 13.66 - 5.35 ± 5.75 - 11.23 1.15

MLP 5.71 ± 4.06 - 5.54 3.11 9.35 ± 10.62 3.97 ± 4.95 10.46 - 6.42 ± 5.70 - 12.41 1.53
KNN 4.45 ± 3.87 - 4.21 2.51 6.71 ± 8.60 2.27 ± 2.59 12.19 - 6.38 ± 5.94 - 11.80 1.13

DT 4.96 ± 3.87 - 13.06 6.16 10.30 ± 10.77 6.41 ± 15.57 15.41 - 6.58 ± 7.38 - 13.35 1.71

Table 6. RMSE and MAPE metrics for the 2020/2021, 2021/2022, and combined crop seasons
(2020/2021 and 2021/2022), considering only the variables selected based on their correlations with
yield for each season.

Dataset with Selected Variables (Variables with the Highest Correlations with Yield)

M
od

el
s

Season 2020/2021
(GH_2020, GH_2021, pH and NDRE)

Season 2021/2022
(N, S, P, K Leaf and WP_2022)

Combined (2020/2021 + 2021/2022)
(H + Al, NDRE_2020, GH_2020, GH,

2021 and NDVI_2020)

Training Test Training Test Training Test

RMSE MAPE RMSE MAPE RMSE MAPE RMSE MAPE RMSE MAPE RMSE MAPE

RF 5.01 ± 3.73 - 2.61 1.43 6.92 ± 7.89 - 9.68 - 6.97 ± 7.65 - 5.26 3.27
GB 5.73 ± 3.99 - 2.66 0.89 7.52 ± 9.57 - 9.14 - 7.97 ± 8.86 - 5.53 2.48

MLP 4.72 ± 3.52 - 1.78 0.74 11.92 ± 13.45 - 15.58 - 8.06 ± 6.91 - 5.34 1.80
KNN 4.51 ± 3.00 - 2.76 1.55 6.77 ± 7.95 - 11.18 - 6.30 ± 6.70 - 5.26 2.26

DT 6.20 ± 4.92 - 3.02 0.66 8.34 ± 8.12 - 15.92 - 8.41 ± 9.41 - 10.88 3.79

Table 7. RMSE and MAPE metrics for the 2020/2021, 2021/2022, and combined crop seasons
(2020/2021 and 2021/2022), considering only the variables selected based on their correlations with
yield and using the SMOTE technique to triple the dataset size.

Dataset with Selected Variables Using the SMOTE Technique (Tripling the Data Volume)

M
od

el
s

Season 2020/2021
(GH_2020, GH_2021, pH and NDRE)

Season 2021/2022
(N, S, P, K Leaf and WP_2022)

Combined (2020/2021 + 2021/2022)
(H + Al, NDRE_2020, GH_2020, GH,

2021 and NDVI_2020)

Training Test Training Test Training Test

RMSE MAPE RMSE MAPE RMSE MAPE RMSE MAPE RMSE MAPE RMSE MAPE

RF 1.39 ± 2.31 - 2.09 0.83 1.75 ± 2.29 - 9.04 - 2.69 ± 4.63 - 6.89 4.41
GB 1.24 ± 2.49 - 2.28 0.88 0.91 ± 1.99 - 12.42 - 2.56 ± 4.64 - 7.84 4.24

MLP 1.72 ± 2.41 - 2.82 1.77 2.29 ± 2.11 - 13.11 - 3.34 ± 4.06 - 5.61 2.26
KNN 1.74 ± 2.23 - 5.14 2.90 3.15 ± 4.12 - 17.64 - 3.32 ± 4.97 - 5.49 2.88

DT 0.90 ± 2.67 - 3.14 0.67 1.06 ± 3.86 - 10.53 - 2.15 ± 5.98 - 11.31 6.37

3.3.1. Algorithm Performance for Scenario 1 (Original Dataset)

A comparative analysis of the RF, GB, MLP, KNN, and DT algorithms, presented in
Table 5, revealed clear differences in predictive performance across the 2020/2021 and
2021/2022 seasons based on RMSE and MAPE metrics.

In the 2020/2021 season, KNN outperformed the other models in the test set, achieving
the lowest RMSE (4.21 L/plant) and MAPE (2.51%), indicating strong accuracy in both
absolute and relative terms. By contrast, DT showed the weakest performance, with the
highest RMSE (13.06 L/plant) and MAPE (6.16%), reflecting poor predictive ability and
weak model fit.

In the 2021/2022 season, RF achieved the lowest RMSE in the test set (8.59 L/plant),
suggesting it was more effective in capturing yield variability under that season’s conditions.
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KNN again performed well, showing the lowest MAPE in the training set (2.27%). DT
continued to perform poorly, with high test RMSE (15.41 L/plant) and training MAPE
(6.41%), confirming its limited generalization capacity. GB also had a relatively high RMSE
(13.66 L/plant), indicating reduced robustness for this season.

When the two seasons were combined, RF once again stood out, achieving the lowest
test MAPE (0.98%) and a relatively low RMSE (11.11 L/plant), indicating better generaliza-
tion across the full dataset. In contrast, DT continued to show the weakest performance,
with the highest RMSE (13.35 L/plant) and MAPE (1.71%) in the test set, reaffirming its
inadequacy for yield prediction in this context.

Overall, across all seasons, DT consistently underperformed, suggesting it is not well-
suited to the complexity or variability of the original dataset. By comparison, KNN showed
better accuracy with raw data, while RF demonstrated greater stability and generalization,
especially when combining data across multiple seasons.

3.3.2. Algorithm Performance for Scenario 2 (Selected Variables)

Based on the results in Table 6, the five regression algorithms showed considerable
variation in performance across the analyzed crop seasons.

In the 2020/2021 season, KNN achieved the lowest training error (4.51 L/plant),
followed by MLP (4.72 L/plant), indicating a better fit to the training data. In the test set,
MLP performed best, with the lowest RMSE (1.78 L/plant) and the second-lowest MAPE
(0.74%). DT had the weakest performance, with a test RMSE of 6.20 L/plant and a training
RMSE of 3.02 L/plant, suggesting it was not well suited to this dataset.

In the 2021/2022 season, KNN again showed the lowest training error
(RMSE = 6.77 L/plant), followed by RF (6.92 L/plant). In the test set, GB achieved the
best result (RMSE = 9.14 L/plant). DT once again performed worst, with a test RMSE of
15.92 L/plant, indicating low predictive accuracy.

For the combined dataset (2020/2021 + 2021/2022), KNN produced the lowest training
RMSE (6.30 L/plant), followed by RF (6.97 L/plant). In the test set, RF and KNN tied
with the lowest RMSE (5.26 L/plant), followed by MLP (5.34 L/plant), which also had the
lowest MAPE (1.80%). DT continued to show the weakest performance, with a training
RMSE of 8.41 ± 9.41, a test RMSE of 10.88 L/plant, and a MAPE of 3.79%, indicating it was
unable to adequately model the combined dataset.

3.3.3. Algorithm Performance for Scenario 3 (Selected Variables + SMOTE)

In the 2020/2021 season, RF and GB showed the lowest RMSE values in the test
set (2.09 and 2.28 L/plant, respectively), indicating strong absolute performance. DT
recorded the lowest MAPE (0.67%) in the test set, suggesting its predictions were the most
accurate in relative terms. KNN showed the largest gap between training and test RMSE
(+3.40 L/plant), indicating potential underfitting. DT had an extremely low RMSE during
training (0.90 L/plant), followed by a sharp increase in the test set (+2.24 L/plant), pointing
to possible overfitting.

In the 2021/2022 season, all models experienced a substantial increase in test RMSE,
indicating severe overfitting. KNN had the largest increase (+14.49 L/plant), suggesting
excessive fitting to the training data. RF achieved the lowest test RMSE (9.04 L/plant),
though the value was still relatively high, reflecting poor generalization.

In the combined dataset, MLP achieved the lowest test RMSE (5.61 L/plant), showing
the best absolute prediction performance, and also recorded the lowest test MAPE (2.26%).
DT exhibited a large increase in test RMSE (+9.16 L/plant), again suggesting overfitting.
RF and GB remained more stable but still showed higher absolute errors.
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The application of the SMOTE technique led to a notable reduction in training errors
across all scenarios, as expected from dataset balancing and augmentation. However,
this improvement was not consistent in the test results. In the 2020/2021 season, SMOTE
improved model performance by substantially lowering test RMSE compared with previous
scenarios. In contrast, in the 2021/2022 season, test errors increased sharply, indicating
strong overfitting. In the combined dataset, test RMSE values also rose, though less
markedly. Thus, SMOTE proved more beneficial in the 2020/2021 season but showed
limited effectiveness in the other contexts.

The use of synthetic data generation techniques such as SMOTE (Synthetic Minority
Oversampling Technique) may also introduce bias, as interpolating between nearby minor-
ity samples can create unrealistic instances, distort class boundaries, or reinforce limited
representations of the minority class. These issues may lead models to learn artificial
patterns or overestimate performance. To reduce such risks, SMOTE should be applied only
to the training set, and more robust variants (e.g., Borderline-SMOTE, ADASYN) or hybrid
approaches with data cleaning can be considered. Additionally, complementing synthetic
augmentation with real data collection and careful validation is essential to ensure fairness
and generalization [48–50].

3.3.4. Comparative Analysis of Modeling Scenarios

When comparing the three evaluated scenarios, the following observations can
be made:

(a) 2020/2021 Season:
Scenario 1—Original dataset: showed the highest RMSE values in the test set, with the

DT model reaching a high error of 13.06 L/plant, indicating extreme overfitting.
Scenario 2—Selected variables: significantly improved results. RMSE values dropped

below 3.5 L/plant for all models, with MLP achieving the lowest RMSE (1.78 L/plant) and
the second lowest MAPE (0.74%).

Scenario 3—Selected variables with SMOTE: all models had reduced training RMSE
compared to Scenario 2. In the test results, both RMSE and MAPE decreased for RF and GB.

(b) 2021/2022 Season:
Scenario 1—Original dataset: RF achieved the lowest test RMSE among models

(8.59 L/plant), though the error was still considered high.
Scenario 2—Selected variables: variable selection did not bring significant improve-

ments in model performance.
Scenario 3—Selected variables with SMOTE: although training RMSE decreased signif-

icantly compared to Scenario 2, test errors increased substantially, suggesting overfitting.
(c) Combined Seasons (2020/2021 + 2021/2022):
Combining the data from both seasons did not result in substantial performance gains.

In many cases, the results were similar to or worse than those from the individual seasons,
particularly in terms of RMSE and MAPE in the test set.

Overall, the findings indicate that including variables strongly correlated with yield
improves model performance. However, the application of the SMOTE technique, although
effective in reducing training errors, should be used cautiously, as its effectiveness varied
across seasons and showed a tendency toward overfitting, especially in the 2021/2022 data.

Among all evaluated algorithms, the three best-performing models were selected for
each scenario. Figure 11a–c show scatter plots using test data for these models, with actual
yield values on the X-axis and predicted values on the Y-axis. Perfect predictions would
align along the diagonal.
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Figure 11. Actual vs. Predicted Plots for Scenarios 1 (a), 2 (b), and 3 (c).

Because of the small dataset size, only six samples were available for model testing
(20% of the original data). This limitation may affect the evaluation of predictive perfor-
mance, making the results more sensitive to individual data variations. Even so, the scatter
plots comparing actual and predicted values provide an initial view of model accuracy and
help identify patterns and opportunities for future improvements. Best-performing models
by scenario:

Scenario 1: KNN for the 2020/2021 season, with a training RMSE of 4.45 L/plant, test
RMSE of 4.21 L/plant, and MAPE of 2.51%.

Scenario 2: MLP, also for the 2020/2021 season, with a training RMSE of 4.72 L/plant,
test RMSE of 1.78 L/plant, and MAPE of 0.74%.

Scenario 3: GB showed the best performance, with a training RMSE of 2.28 L/plant,
test RMSE of 1.24 L/plant, and MAPE of 0.88%, also in the 2020/2021 season.

3.4. Statistical Analysis (ANOVA)

To complement the evaluation of algorithm performance, a one-way analysis of vari-
ance (ANOVA) was performed using the test RMSE values across the different scenarios
and crop seasons. Pairwise comparisons (p < 0.05) were applied to identify statistically
significant differences among algorithms. The results are summarized in Table 8, organized
into within-season and cross-season comparisons. This analysis provides a solid statistical
basis for determining whether the observed differences in performance metrics reflect real
contrasts among models or could be attributed to chance.

The ANOVA with pairwise comparisons (Table 8) confirmed that the differences
observed among algorithms were not due to chance. In several scenarios, significant
contrasts (p < 0.05) were identified, reinforcing the interpretation of average performance
already discussed in Tables 5–7.

In Scenario 1, ANOVA highlighted differences mainly involving MLP, which per-
formed differently from RF, GB, and KNN in the 2020/2021 season. In 2021/2022 and in the
combined dataset, differences were more limited (e.g., GB compared with MLP), indicating
less contrast among models in this scenario.

In Scenario 2, the analysis showed that MLP significantly differed from all algorithms
in 2020/2021, while in 2021/2022 the ensemble methods (RF and GB) contrasted clearly with
KNN and DT. In the combined dataset, differences involving MLP were again observed,
confirming the variability of this algorithm across seasons.

In Scenario 3, ANOVA revealed consistent differences across all seasons. In 2020/2021,
contrasts mainly involved DT, which was significantly inferior to MLP and KNN. In
2021/2022, multiple differences were found, with RF and GB outperforming KNN, MLP,
and DT. In the combined dataset, MLP and DT were statistically distinct from the best-
performing algorithms (RF, GB, and KNN), highlighting their limitations in this scenario.
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Table 8. Significant pairwise differences (p < 0.05) in RMSE among algorithms, separated into
within-season and cross-season comparisons.

Scenario Season Type of Comparison Significant Differences
(p < 0.05)

3 2020/2021 Within-season - DT × MLP; DT × KNN

3 2021/2022 Within-season - RF × GB; RF × KNN
- GB × MLP; GB × KNN
- MLP × DT
- KNN × DT

3 Combined Within-season - MLP × RF
- DT × MLP; DT × KNN

1 2020/2021 ×
2021/200

Cross-season - RF × GB; RF × MLP

1 2021/2022 × Combined Cross-season - MLP × GB

2 2020/2021 × Combined Cross-season - KNN × MLP

2 2021/2022 × Combined Cross-season - MLP × KNN

3 2020/2021 × 2021/2022 Cross-season - RF × MLP; RF × KNN
- GB × MLP; GB × KNN
- MLP × KNN
- DT × RF; DT × MLP; DT × KNN

3 2020/2021 × Combined Cross-season - RF × GB; RF × MLP;
- RF × KNN
- GB × MLP; GB × KNN
- MLP × KNN
- DT × RF; DT × GB; DT × MLP; DT ×

KNN; DT × RF

3 2021/2022 × Combined Cross-season - RF × MLP; RF × KNN
- GB × RF; GB × MLP; GB × KNN; GB × DT
- DT × RF; DT × MLP; DT × KNN

Overall, the statistical analysis confirmed that the ensemble methods (RF and GB) were
the most stable, showing significant differences compared with weaker algorithms across
seasons. MLP displayed more variable contrasts, while DT was consistently the weakest
performer. Thus, Table 8 complements the previous analyses by providing a statistical
basis that confirms the robustness of some algorithms and the limitations of others in coffee
yield prediction.

Beyond statistical significance, it is also important to interpret why certain algorithms
outperformed others in specific scenarios. Ensemble methods such as RF and GB proved
more robust because they can better handle heterogeneous variables and multicollinearity,
reducing the risk of overfitting through tree aggregation. MLP performed well in some cases
due to its ability to capture complex nonlinear patterns, but it showed greater instability
across crop seasons, likely because it requires larger training datasets and careful parameter
tuning. In contrast, KNN and DT generally produced weaker results, reflecting their
sensitivity to sample size and data dimensionality, as well as DT’s tendency to overfit.
These aspects help explain the differences identified by ANOVA and provide a deeper
understanding of algorithm behavior in the context of coffee yield prediction.
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4. Discussion
4.1. Correlation Analysis

The results of this study partially corroborate previous research on the relationship
between spectral variables, soil attributes, and foliar nutrition in coffee yield prediction.

As observed by [15], who reported significant positive correlations between NDVI and
GNDVI with yield for images acquired one year before harvest, this study also identified
a positive correlation between NDRE_2020 and yield, highlighting the role of vegetative
vigor at earlier phenological stages.

The relationship between spectral bands and yield was also noted by [14], who found
positive correlations of up to 0.72 for visible bands and negative correlations for TCARI
and GNDVI. These findings suggest that different vegetation indices may capture distinct
physiological conditions of the plant, thereby influencing productivity.

Regarding nutritional attributes, the 2021/2022 results showed significant correlations
for foliar nutrients N, K, P, and S, consistent with the findings of [22], who also reported
negative correlations for N and K and positive correlations for P and S. This reinforces the
importance of nutritional balance in coffee productivity.

Similarly, the correlation values observed in this study for soil attributes such as H + Al
and organic matter are close to those reported by [23], who found correlations ranging from
0.24 to 0.26 between soil chemical properties and coffee yield. However, when analyzing
the combined dataset, correlations were weaker, possibly due to temporal and seasonal
variability in the influence of these variables. This highlights the need for more granular
modeling approaches across different coffee production cycles.

Finally, the positive association between NDRE and yield reinforces the idea that
vegetation indices sensitive to chlorophyll content and canopy structure can help identify
areas with higher production potential, especially when collected at key phenological
stages [51]. This emphasizes the value of spectral monitoring for anticipating yield trends
in precision coffee farming.

4.2. Detailed Discussion of Algorithm Performance

The comparison between the descriptive results (Section 3.3) and the statistical analysis
(Section 3.4) shows that algorithm performance varied across scenarios and crop seasons.
Scenario 2 promoted significant improvements in the 2020/2021 season by reducing RMSE
values but did not provide consistent gains in 2021/2022. The use of SMOTE in Scenario
3 reduced training errors; however, it led to overfitting in 2021/2022, which limited its
effectiveness. The ANOVA confirmed statistically significant differences among algorithms,
indicating that RF and GB delivered more stable and robust performance, whereas DT was
consistently inferior. KNN and MLP achieved good results in specific cases but showed
less stability across crop seasons. These findings highlight the importance of selecting both
the algorithm and the modeling scenario, particularly under conditions of limited sample
size and high temporal variability.

The results of this study demonstrated that predictive performance varied consider-
ably across modeling scenarios, underscoring the importance of both variable selection and
dataset structure. The original dataset consistently produced the weakest results across
all crop seasons. In contrast, feature selection substantially improved model performance
in 2020/2021 but had limited impact in 2021/2022, indicating that the inclusion of foliar
nutrition variables in the latter season did not add significant predictive value. The ap-
plication of SMOTE enhanced performance in 2020/2021 but led to severe overfitting in
2021/2022. Among the evaluated algorithms, Random Forest (RF) proved the most stable,
while Decision Tree (DT) consistently showed the weakest performance.
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Although no studies were found that employed the exact same combination of predic-
tor variables as this research, previous works using similar inputs such as multispectral
imagery from UAVs and satellites, vegetation indices, soil attributes, and canopy charac-
teristics provide useful benchmarks. This helps contextualize the results of the present
study. For example, Ref. [14] used 208 sampling points in the same region and found that
the blue spectral band and GNDVI had the strongest correlations with yield, with neural
networks (NN) achieving the best predictive performance (RMSE = 23%, MAPE = 20%).
In [22], 222 observations across two crop seasons including soil and foliar chemical data
were modeled, with AdaBoost and RF performing strongly (RMSE = 8.02 and 8.77 Sc ha−1,
respectively). In [23], a 1000-entry dataset with soil fertility attributes was used to build
models with Extreme Learning Machine (ELM), Multiple Linear Regression (MLR), and RF.
The best predictors were organic matter, potassium, and sulfur, with ELM achieving an
RMSE of 496.35 kg ha−1. Finally, Ref. [24] evaluated 114 samples containing RGB, canopy
diameter, and LAI data extracted from UAVs and found that the NEAT model performed
best (MAPE = 31.75%).

Despite the use of larger datasets, these studies reached different conclusions about
the most effective algorithm. This reinforces that there is no universal model for coffee yield
prediction. Instead, performance depends heavily on local characteristics, input variables,
sample size, and temporal coverage. The findings of this study support the view that
variable relevance is context-dependent and must be empirically tested for each scenario.

Coffee yield prediction is especially complex due to biological and environmental
factors. Elevation, soil type, rainfall distribution, cultivation practices, pest pressure, and
cultivar characteristics all introduce variability that is difficult to model consistently. In
particular, the biennial cycle, observed in this study through the sharp productivity drop
in 2021/2022, plays a critical role. According to [14], coffee’s two-year phenological cycle
sets it apart from most crops, and the alternation between high- and low-yield years adds
further challenges for machine learning models. This cycle introduces seasonal dynamics
that affect model stability and the ability to generalize across crop seasons.

To improve future modeling, it is important to incorporate the phenological rhythm
of coffee cultivation into the feature set. This can be achieved by using multi-seasonal
time-series data, temporal variables, and nonlinear modeling techniques such as recurrent
neural networks or transformer-based models. These approaches may better represent the
cyclical nature of yield and the lag effects of biophysical stressors.

From a methodological standpoint, one limitation of this study is the relatively small
dataset (n = 30 per season), which restricted the depth of modeling. Although the SMOTE
technique was applied to synthetically increase the number of training samples, it may
have contributed to overfitting in some cases. Furthermore, the models were not vali-
dated with external datasets from other coffee-producing areas or crop years, limiting
their generalizability.

Despite these limitations, integrating UAV-based remote sensing with field-sampled
biophysical variables produced promising results. The positive correlation between NDRE
and yield, for example, supports the use of vegetation indices sensitive to chlorophyll
content and canopy structure to identify zones with higher production potential. This
emphasizes the importance of acquiring spectral data at key phenological stages and
integrating them into site-specific management strategies.

Looking ahead, precision coffee farming could benefit from more robust and diverse
datasets that include climate variables, management history, and geospatial indicators.
Deep learning models, particularly convolutional neural networks (CNNs) trained on
multispectral and temporal image stacks, may offer new insights into spatial pattern
recognition for yield forecasting.
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In summary, artificial intelligence is emerging as a transformative tool in coffee farming.
Although still developing, its potential for optimizing crop monitoring, predicting yield,
and improving resource efficiency is clear. With continued refinement, data integration,
and validation, machine learning models can become indispensable tools for guiding
sustainable and profitable coffee production.

5. Conclusions
This study demonstrated that machine learning algorithms, supported by selected

biophysical and spectral variables, can be effective tools for predicting coffee yield in
precision agriculture. Among the evaluated variables, soil chemical attributes and UAV-
derived vegetation indices such as NDRE and NDVI showed the strongest correlations
with yield.

K-Nearest Neighbors (KNNs) achieved the best performance for modeling individual
crop seasons using the original datasets, while Gradient Boosting (GB), combined with
feature selection and SMOTE, proved to be the most stable across scenarios.

These findings reinforce the potential of integrating UAV-based multispectral data into
yield prediction workflows. Automated flights, precise acquisition parameters, and repeatable
missions enable more efficient data collection and improved agricultural monitoring.

Despite the limited sample size and absence of external validation, future studies should
incorporate multi-season datasets, include climatic variables, and integrate autonomous UAVs
with advanced deep learning techniques to enhance predictive performance.

In summary, this research highlights the role of artificial intelligence combined with
UAVs as a decision-support tool in coffee farming and provides a foundation for developing
more robust and adaptable prediction models.
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