Methodology to identify spatial patterns in coffee
(Coffea arabica L.) production

Metodologia para identificar patrones espaciales en la produccion de café (Coffea arabica L.)
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Coffee farming, a lifeline for numerous families in the mou-
ntainous regions of Latin America, faces challenges due to
climate change and production variability, which complicate
the use of forecast models at the territorial level. In response
to these challenges, territorial inference has gained relevance,
especially with the advancement of Geographic Information
Systems (GIS), which provide useful tools for territorial analysis.
Although spatial models are increasingly applied in GIS, coffee
farming, like many agricultural subsectors, is hindered by alack
of information and spatial methodologies. This work proposes
a methodology to identify spatial patterns of homogeneous
production areas. Data from 140 farms, representing 3,900
members of the coffee grower cooperative of Andes, dispersed
over 200,000 ha, were analyzed between 2019 and 2021. The
variables used to measure productivity included the number of
fruits per tree, the average fruit weight, planting density, and
the conversion rate of cherry coffee to dry parchment coffee.
A simple linear regression model was employed, and spatial
dependency analyses were performed using the global and local
Moran’s Index to identify clusters of territorial subdivisions.
The data were processed in R language, and the GeoDa™ pro-
gram was used to obtain the spatial weight matrix. Territorial
units with similar characteristics for high-quality mountain
coffee production were identified through spatial dependency
indicators. The methodology can contribute to estimating co-
tfee production in large territories, improving the reliability of
information and allowing for more informed decision-making
to optimize coffee farming in mountainous areas.

Key words: mountain coffee production, clustering, Moran’s
index, spatial dependency, territorial planification.

La caficultura, una fuente de sustento para numerosas fami-
lias en las regiones montanosas de América Latina, enfrenta
desafios debido al cambio climatico y la variabilidad de la
produccién, lo que complica el uso de modelos de prondsti-
co a nivel territorial. A pesar de estos desafios, la inferencia
territorial ha ganado relevancia, especialmente con el avance
de los Sistemas de Informacion Geogréfica (SIG), que ofrecen
herramientas utiles para el andlisis territorial. Aunque los mo-
delos espaciales se aplican cada vez mds en SIG, la caficultura,
al igual que muchos subsectores agricolas, se ve limitada por
la falta de informacion y metodologias espaciales. Este trabajo
propone una metodologia para identificar patrones espaciales
de areas de productividad homogénea. Se analizaron datos de
140 fincas, representando a 3900 miembros de la cooperativa
de caficultores de Andes, distribuidos en 200.000 ha, entre 2019
y 2021. Las variables utilizadas para medir la productividad
incluyeron el nimero de frutos por arbol, el peso promedio de
los frutos, la densidad de plantacion y la tasa de conversion de
café “cereza” a café pergamino seco. Se empleé un modelo de
regresion lineal simple y se realizaron andlisis de dependencia
espacial utilizando el Indice de Moran global y local para
identificar agrupamientos de subdivisiones territoriales. Los
datos se procesaron en el lenguaje R, y se utilizo el programa
GeoDa™ para obtener la matriz de pesos espaciales. Mediante
indicadores de dependencia espacial, se identificaron unidades
territoriales con caracteristicas similares parala produccion de
café en zonas montafiosas. La metodologia puede contribuir a
estimar la produccién de café en grandes territorios, mejorando
la confiabilidad de la informacién y permitiendo una toma de
decisiones mdas informada para optimizar la caficultura en
dreas montafnosas.

Palabras clave: produccion de café de montafa, agrupamiento,
indice de Moran, dependencia espacial, planificacion territorial.

Introduction

The coffee industry plays a vital role in the economies
of Colombia and Latin America, supporting millions of
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livelihoods, particularly in mountainous regions. However,
coffee farming faces increasing challenges due to climate
change and production variability, which complicate the
effectiveness of traditional forecast models at the territorial
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level. These challenges highlight the need for more precise
and adaptable methodologies to estimate coffee produc-
tion, ensuring better resource allocation and supply chain
stability (Mendoza et al., 2013).

Estimating coffee production is essential for strategic plan-
ning across the supply chain, particularly for cooperatives
and stakeholders involved in futures contracts, who rely
on accurate yield predictions to mitigate financial risks
(Choperena Bedoya & Couleau, 2021). Traditionally, coffee
yield estimations have depended on economic and climatic
variables. However, these factors alone provide limited
precision in addressing the complexities of coffee produc-
tion, especially in diverse topographies and heterogeneous
farming conditions (Aparecido et al., 2017; Gil Serna, 2012;
Moraes-Oliveira et al., 2017). Since the 1950s, forecasting
models have been developed to assist in decision-making
for fertilization planning, labor scheduling, and input
purchases, helping producers optimize resource allocation.
Over time, more than 50 factors influencing coffee produc-
tion have been identified, spanning soil properties, climate
conditions, social dynamics, agronomic practices, and crop
management strategies (Montoya Restrepo et al., 2009).

Despite these advancements, forecasting models still face
significant limitations. The high variability in phenologi-
cal characteristics across coffee varieties (Ramirez Builes,
2014) and the reliance on flowering stages for prediction
have yielded modest results, with determination coeffi-
cients around 0.4 (Rendén-Séenz et al., 2008). Additionally,
many models developed from experimental farm data lack
field validation, reducing their applicability to traditional
farms, which often operate under different environmental
and management conditions.

To address these limitations, territorial inference has
emerged as a promising approach for improving yield
estimation. The increasing adoption of Geographic Infor-
mation Systems (GIS) has facilitated more comprehensive
spatial analyses, enabling the identification of productivity
patterns over large areas. However, coffee farming, like
many other agricultural subsectors, still faces a lack of
spatial methodologies for production estimation.

To improve the accuracy of yield estimates, recent studies
have explored artificial vision techniques for fruit counting
on branches, achieving high precision (R*>0.9) (Ramos et
al., 2017). However, this method faces practical challenges
in the field, as variations in the number of axes, branches,
and branch types affect implementation. Artificial vision
has also been applied to satellite and drone imagery to
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assess factors like plant density, leaf health, and coffee
fruit (“cherry”) development (Abreu Janior et al., 2022;
Martello et al., 2022; Tanaka et al., 2015). This approach
is particularly promising in the context of climate change,
where unpredictable conditions limit the reliability of
traditional models. Although high costs are a limitation
(Benos et al., 2021; Chlingaryan et al., 2018; Kouadio et al.,
2018), artificial vision remains valuable for tasks such as
fruit counting, an essential parameter in assessing coffee
productivity (Adane & Bewket, 2021; Beksisa et al., 2018).

Advances in artificial vision continue to support the devel-
opment of forecasting models adapted to image data (Cheng
et al., 2017; Eugenio et al., 2020; Khaki & Wang, 2019; Qiao
et al., 2021; Tsai & Chen, 2017; Wang et al., 2017; Zhang et
al., 2019). Furthermore, spatial analysis techniques have
introduced new approaches to territorial-level modeling,
enabling the identification of homogeneous areas, which
can improve resource management in agricultural land-
scapes. In a context of resource scarcity, spatial technologies
allow for optimized land, water, and input use, promoting
sustainability and efficiency (Anselin et al., 2004; Bivand
et al., 2013). This integration of spatial techniques enables
informed decision-making, improves productivity, and
mitigates environmental impacts, addressing the pressing
challenges of food security and sustainable production.

This research proposes a novel methodology to identify
homogeneous productivity zones by analyzing data from
140 farms representing 3,900 cooperative members, cov-
ering over 200,000 ha in the coffee-growing region of the
Andes in Colombia.

The proposed approach integrates spatial dependency
analyses using Moran’s Index to identify clusters of pro-
ductivity within territorial subdivisions. A simple linear
regression model is employed to analyze key productivity
indicators, including fruit count per tree, average fruit
weight, planting density, and cherry-to-parchment conver-
sion rate. The data are processed in the R language, and the
spatial weight matrix is generated using GeoDa™, ensuring
robust geostatistical analysis.

This study contributes to the ongoing efforts to improve
coffee production estimation at the territorial level, offer-
ing a methodology that enhances information reliability,
decision-making processes, and strategic planning. By
leveraging spatial statistics and GIS, this approach provides
a scalable framework for identifying high-quality coffee
production areas and ultimately optimizing coffee farming
in mountainous landscapes.
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This study proposes a methodology for identifying spa-
tial patterns in coffee production using historical data
(2019-2021) from selected farms in Southwest Antioquia,
Colombia. The research focuses on analyzing variables
related to production, along with images of all harvested
fruits per tree. The primary goal is to identify specific ar-
eas within the region where productivity can be predicted
based on the number of coffee fruits per tree. Additionally,
the study examines the relationship between fruit count
and the average weight of a sample of 30 fruits from the
same tree, establishing a foundation for refined production
forecasts at the local level.

Materials and methods

This study develops a methodology to identify homoge-
neous areas within rural zones. In Colombia, the smallest
territorial unit is called a “vereda” (small village), which this
study will refer to as the Minimum territorial subdivision
(MTS). The study associates certain relevant variables to
this MTS to predict coffee production. A simple forecast-
ing model was implemented to estimate the number of
fruits per tree at specific times, using three years of harvest
data from the Southwestern Antioquia subregion, one of
Colombia’s most productive coffee areas.

Localization
The study area included the municipalities of Andes, Ciu-
dad Bolivar, Betania, Hispania, and Jardin, all located in

the Southwestern Antioquia subregion, with a potential of
3,900 producers (Fig. 1).
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Sampling and data collection

Farms were selected from the Cooperandes Producers As-
sociation database, with sampling conducted from January
to March for secondary harvests and from August to Sep-
tember for main harvests in 2019, 2020, and 2021. Farms
were chosen randomly with stratified sampling by agro-
ecological zone, and data collection on each farm included:

o Producer contact: Farms with at least three productive
lots of varying ages and with no ongoing fumigations
were selected;

o Lot selection: Three diverse lots per farm were pri-
oritized, excluding those near renovation areas or with
harvest issues;

o Tree selection: From each lot, three trees representing
different productivity levels were chosen, avoiding those
near paths or water sources;

o Fruit harvesting: All fruits from selected trees were
labeled with producer and farm information;

o Sample imaging: Field personnel photographed fruit
samples with geolocated smartphones;

o Fruit counting: Fruit images were analyzed using the
CounThings® app (Countthings, 2021) with a mung
bean template for better performance. The count data
were stored in a CSV file;

» Production weighing: The total harvest per tree was
recorded in grams as this is how data are stored in the
cooperative database;

+ Individual weight measurement: Thirty fruits per tree

were individually weighed with a precision balance
(model LS220A) at the cooperative’s lab.
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FIGURE 1. Distribution and location of the universe of producers within the territory: A) area of influence, B) territorial distribution of the farms.
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Formation and selection of the dataset

Cooperandes provided 2019-2021 production data, includ-
ing variables such as average fruit weight per tree, fruit
count, planting density, and conversion rates for cherry
coffee to dry parchment coffee, along with identifiers for
lot, farm, and municipality. After data cleaning, 512 valid
records from 161 farms remained. Using the National
Administrative Department of Statistics (DANE) database,
polygons of territorial subdivisions (MTS) were mapped for
the municipalities of Andes, Ciudad Bolivar, Betania, His-
pania, and Jardin. Farm coordinates were aligned with of-
ficial maps from the Geographic Institute Agustin Codazzi
(IGAC, 2021), resulting in 140 georeferenced farms. Each
farm was assigned an MTS identifier, and the mean of
each variable was calculated per MTS. Data analysis was
performed in R (Bivand et al., 2013).

Proposed production model

A linear model (Eq. 1) obtained by regression was used to
estimate the number of fruits per tree. It was determined
that a sample of 30 fruits could represent the total popula-
tion of fruits on each tree, regardless of the variability in
axes, branches, or nodes that the trees may have.

Yi=[30+‘31Xi+si ey

where Y, is the number of fruits per tree, B, is the intercep-
tion, B, is the slope, X; is the average weight of 30 coffee
fruits (g), and ¢; the error term (Montgomery & Peck, 2006).

An analysis of the proposed model was conducted in the
municipalities where the samples were obtained, seeking
to determine if the detected areas had better determination
coefficients than the models at the municipal level. Table 1
indicates the parameters and statistical significance of the
proposed model at the municipal scale, showing that only
the municipalities of Andes, Betania, and Ciudad Bolivar
had significant models (P<0.1). However, these models
explain little variability of the phenomenon (adjusted R?
between 0.14 and 0.3), and they do not adapt to the higher
(Jardin) or lower (Hispania) zones of the territory, mak-
ing their practical application challenging in conditions of

TABLE 1. Analysis of models at the municipal level.

high climatic variability. The normality assumptions were
verified using the Shapiro-Wilk test to analyze the models.

This analysis aims to identify spatial autocorrelation in a
dataset, revealing patterns of clustering or geographic dis-
persion among its values. Spatial autocorrelation suggests
that the values of the variables have some type of spatial
association, meaning that nearby observations are more
likely to be associated compared to observations farther
apart for the same variable. The Moran’s index models this
relationship, allowing the identification of the magnitude
of the degree of spatial autocorrelation between the areas
that define the study region. Through standard statistical
tests, a statistically significant level for spatial correlation
was calculated, which allows the determination of specific
areas within the territory (Moran, 1950).

This is achieved by constructing a matrix of neighborhood
or spatial weights matrix, for which missing data must first
be imputed. For this study, the nearest neighbor method
was used, which consisted of interpolation based on the
arithmetic mean of the neighbors, specifically the closest
or first-order neighbors. In this process, the following soft-
ware programs were used for data processing, cleaning, and
visualization: The R language (R Core Team, 2020) and the
open-access GeoDa™ software (GeoDa Foundation, 2020).

The calculation of Moran’s Index, or Moran’s spatial auto-
correlation coefficient (Eq. 2), was based on the correlation
between a variable’s values and the values of its neighboring
observations (Moran, 1950).

n Yin1 Xty wij (2i-2)(z-2)

i, X, wij i (zi-2)?

MI = 2
where MI is Moran’s Index, wij is the Spatial Weights
Matrix (Neighborhood Matrix), zi and zj are the observed
values of the variable in areas i and j, z is the expected value
of the variable, and n is the number of areas (MTSs).

With the Moran test, the observed Moran’s Index was
compared against the expected distribution under the

Municipality MuIILle:tt':it::Ii':lltalion 2%";;?2;::?;? R?adjusted  Typical error  Interception Slope F Critit:;Igalue
Andes 0.37 0.14 0.12 801.95 6,041.67 -3,503.38 9.63 0.00

Jardin 014 0.02 -0.04 925.44 3,747.28 -1,465.72 0.35 0.56
Hispania 0.53 0.28 0.20 783.76 5,118.43 -2,041.45 3.43 0.10
Betania 0.35 012 0.09 1175.8 5,762.76 -2,7113.96 3.68 0.07
Ciudad Bolivar 0.55 0.30 0.26 908.71 8,832.80 -5,796.82 6.84 0.02

4 Agron. Colomb. 42(3) 2024



null hypothesis of no spatial autocorrelation. When the
observed Moran’s coefficient is significantly different from
zero, the null hypothesis is rejected, indicating that spatial
autocorrelation exists in the data (Moran, 1950).

LISA (Local Indicators of Spatial Association) is a di-
mensionless index representing the number of standard
deviations by which an area deviates from the mean of its
surrounding.

The calculation of LISAs, like Moran’s Index, represented
a weighted measure of correlations based on a neighbor-
hood criterion (Anselin, 1995), for which the following
equation was used:

n Yin, Xjn wij (2i-2)(2-2)

Zin=1 Zjnzlwij Z?=1(Zi_ z)2

MI = (3)

where IMi is the Moran Index of area i, Ji is the neighbors
set of area i, Zj is the mean of observations of areas neigh-
boring areai, n is the number of areas in area J (surrounding
MTSs), and W;; is the matrix of spatial weights for group J
of rural MTSs (neighborhood matrix).

The result of the local spatial dependence test was depicted
in a map of local spatial significance to visualize and un-
derstand the spatial structure of the data. In the graphs,
the values of the variables - fruit weight, total fruits, plant-
ing density, and conversion — were placed on the x-axis
for each geographical location, and the calculated values
of spatial autocorrelation of the data at each location (or
IMi) were positioned on the y-axis. Using these graphs,
each MTS was classified according to its autocorrelation
pattern, which, for this study, was conducted using LISAs.
The classification included categories such as high-high
(high spatial concentration of high values), low-high (low
spatial concentration of high values), high-low (high spa-
tial concentration of low values), and low-low (low spatial
concentration of low values). Other authors have employed
this classification for spatial analysis of climatic variables

TABLE 2. Qverview of the variables used in the study.

(temperature, rainfall, and humidity) in Colombia (de
Corso Sicilia et al., 2017).

The local spatial dependence test was used to detect spe-
cific areas with clustering or association patterns among
the same variable within neighboring areas. Additionally,
to test the hypothesis that these spatial autocorrelation re-
lationships may indicate other relationships among those
variables, a model was proposed to explain the number of
fruits per coffee tree. The coefficient of determination of
this model for the identified MTS groups was proposed
as the level of predictability represented by this model.

In the study, it was established that an R* greater than 0.7
indicated forecastable areas. Areas with R? values between
0.5 and 0.7 were considered modelable, while those with R?
values below 0.5 or without local or global spatial depen-
dence were considered undetected areas.

The research hypothesis proposed that at least one MTS
group exhibits both global and local spatial dependence for
the variables Fruit weight and total fruits per tree, and that
these variables are significantly correlated and can form a
regression model (Eq. 1).

Results

Exploratory spatial analysis of the variables
The following table shows the descriptive results of the
variables by municipality.

Figure 2 illustrates the frequency distribution of the vari-
ables of fruit weight, total fruits per tree, cherry coffee
to dry parchment conversion, and planting density. The
Shapiro-Wilk test was applied to these variables, showing
the W values and their respective “P” values for each. For
the variable fruits per tree, the W value is relatively high,
suggesting a slight deviation from normality (P-value =
0.06); however, upon examining the distribution graph, its
tendency towards a normal distribution is evident, similar
to the other variables.

Conversion (kg cherry coffee/kg

Municipality Average fruit weight (g) Fruits per tree (quantity) dry parchment coffee) Planting density (trees ha™)
Average Deviation Average Deviation Average Deviation Average Deviation
Andes 1.03 0.17 2,579 1,415 5.36 0.62 6,036 1,390
Betania 1.04 0.21 2,829 1,264 519 0.81 6,619 1,454
Ciudad Bolivar 1.04 017 2,906 1,380 5.28 0.52 5,571 995
Hispania 0.98 0.18 3,131 1,093 5.41 0.75 6,838 1,808
Jardin 118 0.29 2,186 1,408 5.23 0.65 5,581 1,036
Calle Velasquez, Aristizabal Torres, Rodriguez Cortés, and Moreno Cardenas: Methodology to identify spatial patterns in coffee (Coffea arabica L.) production 5
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FIGURE 2. Frequency distribution of the variables used in the study: A) fruit weight, B) number of fruits per tree, C) planting density, D) conversion

rate of cherry coffee to dry parchment coffee.

Some variables may cluster according to their values; how-
ever, this visual analysis is subjective and requires more
robust techniques, such as LISAs.

Table 3 presents the calculated correlation between the
variables. It is important to note that a negative correlation
(-0.537) was detected between conversion and the number
of fruits per tree. A negative correlation indicates that more
efficient systems (lower conversions, i.e., more technified)
have a greater quantity of fruits. Despite its biological logic,
this relationship also suggests the need for a different model
specification. Therefore, in this study, the conversion vari-
able was not used to refer to the harvest forecast, given the
initially proposed model (Eq. 1).

TABLE 3. Correlation between variables.

Variable Conversion ?::;:?‘? Wei';r;llllit'per Fru'irt:eper
Conversion X -0.085 0.277 -0.537
Planting density X -0.045 0.150
Weight per fruit X 0.386
Fruits per tree X

The neighborhood criterion used was the queen and first-
order, employing the GeoDa™ program (Chasco Yrigoyen,
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2006). To create the connectivity map, the average of the
surrounding areas was assigned to the zones with missing
data to avoid disconnected areas. The MTSs with missing
data and the connectivity map are shown in Figure 4.

Spatial dependence indices

Table 4 presents the Moran’s I values and their global test
for each of the studied variables. The spatial dependence
index is relatively low, despite all variables showing global
spatial dependence. The variable with the highest spatial
dependence was Fruit Weight. The global index indicated
that at least one pair of MTSs exhibited spatial depen-
dence. Subsequently, local spatial dependence was cal-
culated to detect homogeneous areas or groups of MTSs.

TABLE 4. Global spatial dependence tests based on the Moran’s Index
(M1).

Item mi Value of P sf;::;fc';?c'e
Planting density 0.3276 1.30E-10 e
Conversion 0.2183 9.60E-06 e
Fruits per tree 01760 0.0002849 e
Weight per fruit 0.3341 5.32E-11 e

*** highly significant.

Agron. Colomb. 42(3) 2024
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FIGURE 3. Spatial distribution of the study variables: A) number of fruits per tree, B) conversion rate of cherry coffee to dry parchment coffee, C)
fruit weight, D) planting density.
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FIGURE 4. Spatial data and connectivity matrix: A) missing data, B) compete data, C) connectivity map.
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Local spatial dependence index (IMi)

Figure 5 shows the estimated values of the LISAs, identify-
ing areas with homogeneous characteristics.

Using local spatial autocorrelation analysis (LISA), MTSs
presenting local dependence for the analyzed variables were

w

-2

identified, resulting in a total of 7 MTSs with significant
spatial dependence for fruit weight and fruits per tree. Table
5 presents the LISA values for the identified MTSs. Notably,
out of these 7 MTSs, two also exhibited local dependence
for density and conversion variables. This suggests that in
these areas, all variables considered in this study could be

LISA

-2

-2

FIGURE 5. Local Moran indices: A) planting density, B) conversion rate of cherry coffee to dry parchment coffee, C) number of fruits per tree, D)

fruit weight.

TABLE 5. Local evidence of spatial dependence of the selected areas.

Municipality MTSs Fruil:sv;:al:etree Weil;l‘l’la tllllliruit Planfilrga I(:I:nsity c;x::gfon
Jardin Macanas 0.02* 0.03* 0.02* 0.73
Jardin Gibraltar 0.04~ 0.00* 0.24 0.14
Jardin Verdun 0.05* 0.00* 0.14 0.53
Hispania La Armenia 0.02* 0.00* 0.05* 0.03~
Hispania La Seca 0.03% 0.00% 0.01* 0.20
Betania Las Animas 0.00* 0.00* 0.00” 0.04*
Betania El Tablazo 0.03* 0.01* 0.20 0.00*

*P<0.05 according to IMi test. MTS — Minimum territorial subdivision.
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used in a forecast model for total parchment coffee for this
smaller zone. However, this study focused on the analysis of
fruit-related variables and total fruits, suggesting a forecast
that could extend to cherry coffee.

The degree of spatial dependence between space and the
analyzed variables can be observed in the Moran plots (Fig.
6). The Moran plots show that the variables “fruit weight”
and “planting density” exhibit higher spatial dependence,
while “ number of fruits per tree” and “conversion” show
lower spatial dependence. Additionally, it is important
to highlight that all variables present positive spatial
dependence.

Analysis of the detected areas

The results of the linear regression models and their sta-
tistical significance for the group of detected MTSs, the
group of detected MTSs plus their surroundings, and the
group of all MTSs are shown in Table 6. It was demon-
strated that, in the detected areas, a production model that
explains 79% of the number of fruits per tree from their
mean weight performs better, and that the detected area
and its surroundings explain 62% of the variability of the
phenomenon.

In Figure 7A, the five municipalities included in the study
are shown. In Figure 7B, the non-detected areas are shown

A B
59° 270
1.2 208 26°
103¢ 1.2 105 N ° B 210
18° B 53 ° o ® ’ ¢ 1%
A p A, i ° °
% 710 . ° o 5 ° o°g L9 8 : o° 99 o g ° gog oo
2 % %0 Lo % © °© = 9 o000 T ° 9 88 . © 087
RIS IR 84 11° 89 e P
3 A S o g o o ° et
09 2 170 104 09 Lo,
1000 5000 0.8 1.5
FIGURE 6. Moran graphics: A) number of fruits per tree, B) fruit weight.
TABLE 6. Parameters of the production models according to the selected MTSs.
Model Slope Interception MTSs Total area (ha) R2
Detected area -4,423 7,376 7 6,482 0.79
Detected area and surrounding -5,372 8,344 30 20,361 0.62
Study zone -3,180 5,906 140 109,626 0.15
MTS — Minimum territorial subdivision.
A B

\ W Ciudad Bolivar [ Hispania M Betania M Andes [ Jardin \

Modelable areas

i Forecastable areas
Undetected areas

6,482 ha
13,879 ha

89,265 ha

FIGURE 7. Location of the detected areas or MTSs: A) municipalities, B) detected areas.
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in blue, the predictable areas in yellow (6,400 ha), and the
modelable areas, which are the surrounding zones, in
magenta (13,800 ha). Comparing the modelable area with
a small municipality, such as Hispania, it can be observed
that the area is slightly larger than the municipality. This
finding implies that a space covering slightly over 20,000
ha has been identified where it is possible to apply a pro-
duction model under the conditions of the present study.

Table 7 presents the most homogeneous MTSs according
to spatial criteria and the relationship between the study
variables.

The results suggest that a classifier of MTSs can be created
according to their level of predictability. For the data in
this study, the proposed model allows predicting produc-
tion in an area of over 6,000 ha (R* = 0.79) and reducing
uncertainty (R* = 0.61) to slightly over 20,000 ha, which
constituted the most homogeneous set of MTSs and their
surroundings. It should be noted that in the detected area,
there was a wide variety of cultivars (Castillo, Colombia,
Cenicafé 1, Caturra, Catimor, among others), in different
stages of development and under different cultivation
systems. Despite this, the methodology identified spatial
patterns that make it possible to predict production using
fruit weight as the only variable.

It is important to note that, from a territorial sampling
perspective, the present approach required weighing only
30 fruits per tree, from three trees per lot, in three lots per
farm, and three farms per MTS, to estimate coffee produc-
tion in fruits per tree over an area of a little over 20,000 ha.
This method can be easily implemented in the territory and
represents a significant contribution to the coffee sector in
mountainous areas, as it allows covering larger areas with
minor adaptations to the parameters, resulting in practical
and easy-to-apply models in rural areas.

TABLE 7. Description of the detected MTSs.

Future projections and implications

for regional coffee farming

The results of this study establish a solid foundation for
improving agricultural planning in mountain coffee farm-
ing. Identifying areas with higher predictability allows
for optimizing resource allocation, improving harvest
planning, and reducing uncertainty in commercialization.
However, to maximize impact and scalability, it is essen-
tial to incorporate advanced tools in computer vision and
artificial intelligence.

Use of artificial intelligence and computer

vision in yield prediction

The spatial analysis of coffee production can be enhanced
with image detection and classification models, such as
YOLO (You Only Look Once) (Bazame et al., 2021) and
Mask R-CNN (Chen et al., 2019)which would allow them
to allocate optimal labor and equipment, as well as other
resources for harvesting, transportation, and marketing.
Accurate estimation of the number of strawberry flowers
and their distribution in a strawberry field is, therefore,
imperative for predicting the coming strawberry yield.
Usually, the number of flowers and their distribution
are estimated manually, which is time-consuming, labor-
intensive, and subjective. In this paper, we develop an
automatic strawberry flower detection system for yield
prediction with minimal labor and time costs. The system
used a small unmanned aerial vehicle (UAV, to identify
patterns in crop development. The integration of drone
and satellite imagery with segmentation algorithms would
enable:

o Estimating fruit load per tree through automated fruit
detection in high-resolution images;

o Identifying phenotypic and developmental variability in
large-scale plantations, correlating visual characteristics
with productivity;

Municipality MTS I(‘Izg? (kg cherry coffeg/ukngvs:;i::rchment coffee) Pla(ll‘rt(i;:ags ‘Iill;l'l‘iny A‘\’:;iiﬂ\? {;l)m Fruits per tree
Jardin Macanas 3187 4.00 5935 1.31 2245
Jardin Gibraltar 1310 5.40 4713 1.34 1045
Jardin Verdun 522 5.38 5548 1.27 1552
Hispania La Armenia 296 4.74 6573 0.93 3303
Hispania La Seca 472 5.60 6987 0.95 2507
Betania Las Animas 576 473 6497 0.93 3665
Betania El Tablazo 119 4.36 6470 0.92 3485

MTS — Minimum territorial subdivision.
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o Determining fruit maturity based on color changes,
optimizing harvest timing;

o Monitoring crop health, detecting early signs of water
stress, nutrient deficiencies, or pests.

Scalability and model expansion

Combining spatial data with computer vision models
would extend yield prediction to larger territories, generat-
ing detailed information without the need for direct field
measurements. To achieve this, key steps include:

o Expanding the collection of images and geospatial data,
incorporating historical records and new sensors;

« Developing an automatic image labeling system, fa-
cilitating the creation of databases for training more
accurate models;

o Integrating this methodology into agricultural monitor-
ing platforms, allowing producers to access real-time
predictions.

Conclusions

The proposed methodology allowed for identifying a re-
gression model associated with coffee plant productivity,
which estimates the number of its fruits based on a sample
of 30 fruits, facilitating on-field monitoring of lot and farm
productivity. The proposed methodology combines linear
regression models and spatial analysis and could serve asa
complementary tool for estimating coffee production in ad-
dition to traditional methods, contributing to the precision
and reliability of coffee harvest forecasts in mountainous
areas. The results of this study enable the identification of
specific areas within the territory where coffee produc-
tion can be jointly estimated. This result is valuable for
farmers and cooperatives as it allows them to focus their
efforts and resources on the most productive areas and
better plan outreach activities led by cooperatives within
the territory. The application of this methodology could
facilitate more informed decision-making in mountainous
coffee farming, enabling more sustainable and profitable
practices in coffee production, benefiting both farmers
and the sector. The incorporation of computer vision and
machine learning in yield prediction would strengthen
precision coffee farming, enabling more efficient and sus-
tainable decision-making. This approach would position
the region as a leader in agricultural innovation applied to
mountain coffee farming.
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