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ABSTRACT: This study aimed at establishing the ideal sample size for evaluating the maturation cycle in Coffea arabica, and investigating
the errors associated with different sample sizes, in addition to verifying the possibility of using the clustering method to separate genotypes
according to the maturation stage. Two experiments were analyzed: one with F2:3 progenies using visual maturation assessment through
fruit counting, and another with cultivars using image processing for maturation assessment. To determine the ideal sample size for this trait,
we used the estimation of the errors associated with maturation, using the bootstrap technique. Subsequently, the K-means algorithm was
tested as an alternative for clustering genotypes into maturation classes. The application of the bootstrap technique in order to estimate
the error associated with maturation revealed that the adoption of a 450-mL sample size resulted in an associated error of approximately
5%, indicating that it is an adequate size for character assessment. The implementation of K-means as a clustering tool offers a promising
perspective for Arabica coffee plant breeding programs. A more comprehensive analysis, which not only assesses the proportion of ripe
fruits, but also considers the distribution of different maturation stages, provides a more accurate understanding of the maturation process.
This allows a more precise identification of genotypes with the most suitable performance for different growing conditions, as well as
enabling adjustments in harvest management and post-harvest processing, optimizing coffee quality.
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INTRODUCTION

In Arabica coffee plant breeding, it is essential to evaluate a large number of traits. Some of the most relevant include
yield, resistance/tolerance to biotic and abiotic stresses, grain size, fruit maturation cycle, and uniformity. The maturation
cycle is particularly important, as it is fundamental to conduct selections based on specific goals. The release of cultivars
with different maturation cycles is important for producers, as it allows them to scale production and maximize efficiency
and profitability (Waha et al. 2020).

In the reproductive phase, the coffee tree undergoes multiple flowering events, with one main flowering followed by
several secondary ones. The number and timing of these flowerings are influenced by phenological factors, including climatic
conditions and the genetic variability of each cultivar. This phenological pattern results in the simultaneous presence of
fruits at various stages of maturation during the harvest period, including green, light green, ripe (which can be red or
yellow), raisin, and dry stages (Pezzopane et al. 2003).

Knowledge of the behavior of genotypes concerning the phenological cycle, including aspects such as maturation
uniformity and cycle length (classified as early, medium, or late), along with agronomic attributes, is essential to support
breeding research. The maturation cycle of coffee is determined by the interval between flowering and fruit maturation and
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can vary based on the time of year when flowering occurs, as well as from one year to another. Comparatively, cultivars are
classified into early, medium, and late cycles: early-maturing cultivars, such as ‘Bourbon Amarelo IAC J10, ‘Catucai 785-
15, and ‘Siriema ASI’; cultivars that mature between early and medium, such as ‘Acaid IAC 474-19, ‘Catucaiam 24137, and
‘MGS Paraiso 2’; medium-maturing cultivars, such as ‘Catucai Amarelo 2SL; TAC 125 RN; and ‘Mundo Novo IAC 376-4’;
cultivars maturing between medium and late, like ‘Catuai Amarelo IAC 62, “Topazio MG 1190, and ‘Catigud MG2’; and
late-maturing cultivars, including ‘Acaud, ‘Arara, and TPR 100’(Carvalho et al. 2022).

A common approach to maturation phenotyping involves either subjective evaluations (Adunola et al. 2024) or fruit sampling,
which quantifies the number of fruits at different maturation stages (Nogueira et al. 2005, Petek et al. 2006). However, the
optimal sample size for such studies remains unknown and is often determined empirically. Sampling is crucial for studying any
trait, as analyzing an entire population is typically impractical. To ensure that findings are applicable to the broader population,
samples must be representative, enabling more accurate estimation of population parameters. While larger sample sizes enhance
precision and the statistical power of tests, they also tend to increase data collection costs. Therefore, it is essential to strike a
balance between sample size, the desired level of precision, and the statistical power required (Sun et al. 2019).

It is necessary to use precise approaches in order to evaluate maturation, thus allowing the selection of genotypes with
the desired maturation cycle. The use of clustering can be an alternative, as it allows the genotypes to be grouped for different
maturation cycles. This can be accomplished by statistical clustering techniques, such as K-means, a clustering algorithm
that aims to separate a set of data into k clusters (k is a previously specified number), so that the clusters are similar to each
other (Abbas 2008). Thus, genotypes can be selected according to the researcher’s purpose.

With this in mind, the study aimed at establishing the ideal sample size for evaluating the maturation cycle in
Coffea arabica, and investigating the errors associated with different sample sizes, in addition to verifying the possibility of
using the clustering method to separate genotypes according to the maturation stage.

MATERIAL AND METHODS
Experiment description

Two experiments were analyzed in the present study. In the first experiment (E1), 10 progenies of the F,  generation
were evaluated from the first cycle of recurrent selection from the Coffee Plant Breeding Program (Universidade Federal de
Lavras/Empresa de Pesquisa Agropecudria de Minas Gerais) (Rezende 2025a). The second experiment (E2) consisted of 21
cultivars developed by the Coffea arabica Plant Breeding Programs from Instituto Agronémico of Campinas, Empresa de
Pesquisa Agropecuaria de Minas Gerais/Universidade Federal de Vi¢osa/Universidade Federal de Lavras, Fundagio Procafé
(formerly IBC) and Instituto de Desenvolvimento Rural do Parand (formerly Iapar) (Rezende 2025b).

E1 was set in a randomized complete block design, with three replications, and plots of 12 plants at 3.5 x 0.7 m spacing. In the
beginning of June, a random sample of 1.8 L of fruit was collected from each plot. The harvest time was set in June to align with
the typical maturation period of coffee fruits in the region where the study was conducted. Each sample was subdivided into six
300-mL subsamples to allow for a manageable and precise analysis. The counting of fruits in each sample was carried out by three
different evaluators, who counted the number of unripe fruits (including green and light green), ripe and dry fruits (including raisin
and dry fruits) for each sample (Fig. 1). To estimate the maturation percentage, it was considered the mean of the three evaluators.

E2 was carried out in a randomized complete block design, with three replications, and plots of eight plants at 3.6 x
0.7 m spacing. A random sample of 1 L of fruit was collected from each plot at the time of harvest, and this sample was
separated into two subsamples of 500 mL each. The count was conducted using image processing, in which it was possible
to calculate the percentage of unripe fruits (including green and light-green fruits), ripe and dry fruits (including raisin
and dried fruits). To accurately count the fruits at each stage of maturation, an application specifically developed for this
task was used. The application allows counting through sequential mouse clicks and has additional functions, such as the
option to reset the count and enter large numbers. After counting how many fruits are in each image, the information is
stored, and, at the end of the process, a spreadsheet is generated with all the information acquired.
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Figure 1. Maturation stages of coffee cherries evaluated in the samples. (a) Yellow-colored cherries, encompassing the maturation categories:
green, light green, yellow-ripe, and dry fruits (including raisin and dry fruits). (b) Red-colored cherries, representing the same maturation
categories: green, light green, red-ripe, and dry fruits (including raisin and dry fruits).

The adoption of different evaluation methods (visual and image-based) reflects a strategy of complementarity in the
breeding program. While visual evaluation is crucial for capturing details in the early stages, the use of digital images-
an increasingly common tool in breeding programs-is a modern approach that enhances precision, reproducibility, and
efficiency in the evaluation process, particularly in more advanced stages, as with commercial cultivars.

Image acquisition in E2

To determine the maturation stage, photos were taken using a phenotyping platform built as a wooden ‘box’ measuring
80 cm wide, 80 cm long, and 60 cm high, illuminated by four 18 W fluorescent lamps with a 6,500 K color temperature.
The lamps were arranged in a square at the top of the ‘box’ (Fig. 2). An opening was made in the upper center to insert a
camera. The fruits were uniformly arranged for the photos to be captured. The images were taken with a Canon EOS 60D
camera using the following settings: 1/13 shutter speed, no flash, F10 aperture, 3:2 aspect ratio, 200 ISO, with a resolution
of 5,184 x 3,456 pixels, and were saved in JPG format. The camera was connected to and controlled by a portable computer.

Figure 2. Phenotyping platform used for capturing images of coffee fruits at different maturation stages. (a) General view of the open box
with fluorescent lamps arranged at the top. The background consists of light blue ethylene-vinyl acetate (EVA), with white EVA to highlight the
fruits. (b) Detail of the 18 W, 6,500 K fluorescent lamps. (c) Closed box with the camera positioned at the central top opening forimage capture.

The platform is an adaptation of Mendoza and Aguilera (2004). To highlight the fruits, white ethylene-vinyl acetate (EVA)
was used in a rectangular shape, while light blue EVA was used as the background for the platform (Fig. 2a). Additional
information such as treatment, repeat, sample number, sample size, and date of analysis were also included. Printed numbers
were used to obtain this information, and a 10-cent coin was placed next to the samples to serve as a real reference.

Bragantia, Campinas, 84, €20240230, 2025 3


https://creativecommons.org/licenses/by/4.0/deed.en

G. P. Botega et al.

Simulation via bootstrap

To determine the ideal sample size, the Bootstrap resampling method was employed. Bootstrap is a widely used statistical
technique that approximates the distribution of a function of observations by resampling with replacement from the original
dataset (non-parametric bootstrap). This method is particularly advantageous in cases in which the sample size is small or
the underlying distribution is unknown, offering robust estimates of standard errors and confidence intervals for population
parameters (Efron 1992). In this study, we opted for the non-parametric bootstrap, as the goal was to maintain the original
sample’s empirical distribution without making assumptions about the data’s underlying distribution.

While the Bootstrap method is flexible and intuitive, it is important to recognize potential limitations, such as its reliance
on the representativeness of the original sample. If the initial sample is not sufficiently large or diverse, the resampling
process may introduce bias or overestimate the accuracy of the results. In this case, care was taken to ensure that the sample
was representative of the population under study, minimizing potential issues related to bias. Overall, Bootstrap provides
a reliable approach for this analysis, though it is important to interpret results in light of these considerations.

In the present study, 1,000 resamples were carried out, with replacement for each sample size (20 to 900 fruits).
Subsequently, the error associated with the percentage of maturation was estimated with a 95% confidence interval. Each
experimental plot was treated as an independent sample. Therefore, the distribution of fruits at different maturation stages
was obtained for each of these resamplings.

Statistical analysis

Data was analyzed using the mixed model approach considering each maturation stage as an independent variable.
Variance components were estimated from restricted maximum likelihood (REML) using the expectation-maximization
(EM) algorithm, and prediction of breeding values via best linear unbiased predictor (E-BLUP). The model used was Eq. 1:

y=XB+Zy+e (1)

where: y __:the vector of phenotypic observations; 3, : the vector for the fixed effect of repetitions; y, _ : the vector for the random
(nx1) (bx1)

Y(gxl)

effect of the genotypes; e : the error vector; X, . : the block incidence matrix; Z_: the incidence of genotype effects’ matrix.
@D ) nxg)

nxb)

After obtaining the E-BLUPs for each ger(lotype and for each variable, the( K-means algorithm was used to classify the
genotypes according to their maturation status. For the present study, k was specified as 3, aiming to group the genotypes into
early, medium, and late, based on information on the percentage of green, ripe, and dry. The algorithm works by randomly
initializing k centroids, in which each centroid represents the center of a group. Then, the data points are assigned to the
group whose centroid is the closest, based on a statistical metric, and in the present study Euclidean distance was used. The
centroids are then recalculated with the mean of all points in the group, and the process is repeated until the groups do not
change or the maximum number of iterations is reached (Abbas 2008).

Python software and the sklearn library were used to execute the K-means algorithm (Pedregosa et al. 2011). Additionally,
matplotlib.pyplot was used to create the figures (Hunter 2007). Statistical analyses were carried out in the R software, using
the sommer library (Covarrubias-Pazaran 2018).

RESULTS

The results obtained in both experiments demonstrated a remarkable convergence (Fig. 3). The associated error decreased
as the sample size increased. A substantial reduction in error occurred until the evaluation of 300 fruits. By adopting a
sample size of 300 fruits, it is estimated that the margin of error in estimating ripeness is approximately 5% (Fig. 3). For
example, if we consider a plot with 50% of fruits in the ripe stage, we can infer that the real mean would be, on average,
between 45 and 55%.
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Figure 3. Error estimate associated with estimating the mean at 95% probability for the maturation stages: (a) experiment 1, and (b) experiment 2
Each point represents a sample. The values in the boxes represent the mean error associated with the corresponding sample size

In E1, the mean for the maturation stage ranged from 7.5 (progeny 40) to 37.3% (progeny 10) for green ones, 28.6
(progeny 41) to 41.5% (progeny 8) for ripe ones, and from 25.3 (progeny 10) to 62.8% (progeny 40) for dry ones (Fig. 4).
When only considering the mean maturation stage of the progenies, without considering the clustering, progenies 10, 4, and
18 presented the majority of fruits in the mature stage (37.4, 38.5, and 40.1%, respectively). This would lead us to classify
them as progenies of medium maturity. The other progenies (9, 24, 8 42, 41, 23, and 40) presented a higher percentage of
fruits in the dry stage, and, in this case, they could be classified as early ripening. However, when considering the K-means
clustering, changes in this classification are observed, as the clustering considered the three maturation stages to classify the
genotypes. Therefore, progenies were classified into late, medium, and early clusters. Progeny 10 was in the late maturation

cluster, progenies 4, 8, 9, 18, and 24 were in the medium maturation cluster, and progenies 23, 40, 41, and 42 were in the
early cluster (Fig. 4).
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Figure 4. Assessment of progenies regarding maturation stages (Experiment 1). The colors of the progenies on the Y-axis represent the
clusters performed by the K-means algorithm.

In E2, the mean for the maturation stage ranged from 17 (Guara) to 40.2% (IPR 103) for green ones, 35.6 (Oeiras) to 63%
(Catigua MG-2) for ripe ones, and from 17.8 (IPR 103) to 42.1% (Rubi MG 1192 and Oeiras) for dry ones (Fig. 5). When
only considering the mean maturation stage of the progenies, without considering the clustering, we observed that cultivars
Oeiras MG 6851 and Rubi MG 1192 were classified as early, as they present most fruits in the dry stage of maturation (40%
of fruits). Cultivars IPR 100 and IPR 103 were considered late, as most fruits were in the green maturation stage (42 and
38.6% of fruits). All other cultivars had a higher percentage of fruit in the mature stage, considered medium ripening (Fig. 5).
On the other hand, when considering the K means clustering, 10 cultivars were classified as late, six as medium, and four
as early cultivars (Fig. 5). Therefore, considering the interpretation by the K means clustering, cultivars Acaui Novo, Pau
Brasil MG, Catuai Amarelo IAC 62, IPR102, MGS Travessia, Araponga MG1, Topazio MG 1190, and Catigud MG1 are
now classified as late. Cultivars Paraiso MG 419-1 and Catuai Vermelho IAC 99 are now considered early (Fig. 4). For the

other cultivars, the classification was the same in both methods.

Paraiso MG H419-1 m Unripe
OeirasMG 6851
Catuai Vermelho IAC 99 Il Ripe
Rubi MG 1192
Mundo Novo IAC 379-19 - mm QOverripe
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Figure 5. Assessment of cultivars regarding maturation stages (Experiment 2). The colors of the cultivars names on the Y-axis represent the
clusters performed by the K-means algorithm.
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DISCUSSION

Subjective determination of maturation degrees is commonly used in phenotyping for the maturation season, in which
scores from 1 to 5 are assigned, according to the number of green, cherry, and dry fruits (Petek et al. 2006, Carvalho et al.
2022). In this type of assessment, in addition to the scores varying depending on the evaluation period of this characteristic,
small differences between plants may not be detected, making the assessment subjective. Therefore, the best way to evaluate the
character is to quantify the fruits in terms of their degree of maturation, using a representative sample. Studies that researched
fruit maturation adopted different sample sizes, ranging from 300 (Costa et al. 2013) to 1,000 mL (Nogueira et al. 2005).

In the present study, we used the estimation of the error associated with maturation using the bootstrap technique to determine
the ideal sample size for this trait. By applying this approach, we obtained a clear understanding of the error associated with
each sample size, as all other estimated parameters depend on the phenotypic value of the plot. In both E1 and E2, the errors
associated with the maturation estimates were quite similar across the different sample sizes. This result is particularly notable
because, in El, the plants in the progeny plots in the F,, generation segregate, leading to possible variations in maturation
between individual plants within the same plot. However, in this study, data was collected at the plot level, not at the level of
individual plants. Therefore, despite the potential segregation within the plot, no significant differences in error were observed
when compared with the cultivar experiment (E2), in which there is no segregation within the plots. This suggests that, at the
plot level, segregation does not significantly affect the overall error estimates for maturation.

Using a 450-mL sample resulted in an approximate 5% error in the maturation estimate, indicating that this volume is
suitable for assessing this trait. However, when opting for visual evaluation, which involves manually counting fruits in the
green, cherry, and dry maturation stages, sample size may become a limiting factor due to the increased cost of phenotyping
with larger samples. Moreover, increasing sample size can lead to a higher occurrence of random errors associated with
evaluators (Raudys and Jain 1991). To reduce inter-evaluator variability and improve the reliability of estimates, it is essential
to implement well-defined protocols and provide prior training (Beijbom et al. 2015).

Image analysis, on the other hand, offers significant advantages in terms of accuracy and efficiency. Automated
capture of phenotypic information from fruits eliminates the subjectivity inherent in manual evaluation (Huang et al.
2020). Furthermore, the ability to store and revisit images enables more detailed analyses at later stages, allowing for the
assessment of not only maturation but also other relevant traits, such as fruit size, shape, and color, which are important for
genetic improvement and market demands. Automation reduces human error, enhances analytical precision, and allows
for an increase in sample size without raising evaluation costs (Cooper et al. 2019), thereby providing greater confidence
in genotype maturation estimates.

The adoption of both visual and image-based evaluation methods reflects a strategy of complementarity within the
breeding program. Visual evaluation was prioritized in E1, particularly in the early stages of the breeding process, such as the
evaluation of segregating populations like the F2:3 progenies. At this stage, progenies exhibit a high degree of variability, and
subtle characteristics—such as variations in fruit size, shape, or skin texture—can be more effectively captured through direct
observation by trained evaluators. These details are crucial for selecting superior individuals to advance in the breeding cycle.

In contrast, image-based analysis was employed in E2, which involved more genetically uniform commercial cultivars.
The use of digital images at this stage enhances precision, reproducibility, and efficiency, particularly when analyzing a large
number of samples. While image analysis can capture high-resolution details and offers greater standardization, it may not
always adequately identify nuanced traits that are critical in early breeding stages, such as slight morphological differences
or irregularities. As the breeding process advances, and the material becomes more homogeneous, image-based methods
prove superior due to their scalability and objectivity.

In addition to considering the balance between sample size and precision of the visual assessment, it is important to
highlight that, when choosing the sample size, the intrinsic variability of the population of fruits under study must be
also considered. More heterogeneous populations may require larger sample sizes to ensure a better representation of the
variability present (Singh and Masuku 2014). By carefully selecting representative plots and stratifying the sampling process
in our study, we ensured that the intrinsic variability within the population was adequately captured. Thus, the sample size,
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though not large, was sufficient to provide reliable estimates of maturation characteristics, as it reflects the population’s
diversity in a precise manner (Singh and Masuku 2014).

The K-means algorithm was tested as an alternative for clustering genotypes into maturation classes and provide
researchers with an efficient methodology for identifying coffee genotypes that align with the assumptions established in
their research. By applying the K-means algorithm to form clusters, researchers can carefully select early, medium, or late
genotypes, according to the specific purposes of their scientific investigations.

Figures 4 and 5 show the evaluation of different progenies and cultivars in relation to their maturation stages. There
are two main ways of interpreting this data. In the first way, the individual means of each maturation stage can be analyzed
separately. The second approach involves the use of K-means clustering, which classifies genotypes considering all three
maturation stages together. Therefore, the interpretation of the genotypes’ maturation stage may vary depending on which
of these two methods is used, since K-means clustering provides an aggregated perspective that incorporates information
from all maturation stages.

In the present study, when only the means of the cultivars’ maturation stages are considered, we observed that 20% of
the cultivars presented a classification different from those reported in the literature (Sera et al. 2017, Carvalho et al. 2022).
This variation may be mainly due to the nature of the coffee, which has multiple flowerings, meaning that climatic conditions
directly affect the classification. However, when considering K-means clustering, eight of the 21 cultivars did not fit the
classifications reported in the literature. The change in classification occurred mainly among cultivars considered to be of
medium maturity, which were grouped as late via K-means. It is important to highlight that the presented classification of
the maturation cycle (early, medium, and late) reflects exclusively the specific conditions under which the experiments were
conducted. This classification is not intended to suggest a new categorization for the tested cultivars, but rather to reflect
the environmental influences observed in this particular study.

Three clusters were used to differentiate genotypes into maturation stages: early, medium, and late. However, the number
of clusters to discriminate genotypes may be greater (Petek et al. 2006, Carvalho et al. 2022). In the research by Carvalho et
al. (2022), the following classification was proposed: early (including ‘Bourbon Amarelo IAC J10; ‘Catucai 785-15; Siriema
AST’), medium early (‘Acaid IAC 474-19], © Catucai am 24137, ‘MGS Paraiso 2’), medium (‘Catucai Amarelo 2SL, TAC 125
RN, ‘Mundo Novo IAC 376-4’), medium late (‘Catuai Amarelo IAC 62, “Topazio MG 1190 | ‘Catigud MG2’), and late (‘Acaug,
‘Arara, TPR 100).

The diversity of the genetic materials studied is highlighted in the supplementary tables (Rezende 2025a and b). Color
characteristics were thoroughly evaluated through images on a developed phenotyping platform (Botega 2023)’, based on
the analysis of 36,876 individual images of coffee fruits at different stages of maturation. This method resulted in a more
accurate classification model. Therefore, the use of a computational image approach combined with the use of K-means
clustering can be a more accurate and standardized alternative for determining the maturation stages of coffee cultivars.
Botega (2023)' compared the use of the phenotyping platform with the visual classification carried out by three different
evaluators and observed differences in judgments for each stage of maturation, revealing a lack of consistency and agreement
in visual evaluations carried out by different evaluators, which compromises accuracy assessment of maturation stages for
different genotypes.

Although the percentage of ripe fruit is often used as a primary indicator to determine ripening time, this approach
may have limitations when dealing with the complex maturation stages in plant breeding program populations (Melese
and Kolech 2021). In these programs, it is common to deal with a wide diversity of genotypes, ranging from early to late
cultivars, which can coexist in the same population and be harvested together. Therefore, it is important to employ more
comprehensive and precise approaches to evaluate maturation, enabling the careful selection of genotypes that meet the desired
requirements regarding maturation time. In the present study, the K-means algorithm considered not only the percentage
of ripe fruits, but also the distribution of the different stages of maturation and provided a more accurate understanding of

1Botega, G. P. (2023). Visdo computacional aplicada a andlise de frutos de C. arabica. PhD Thesis (Doctorate in Genetics and Plant Breeding) — Universidade
Federal de Lavras, Lavras.
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maturation in the genotypes and cultivars studied. Furthermore, it opens up possibilities for efficient and targeted selection

by considering particularities of each cultivar and growing conditions.

CONCLUSION
Samples greater than 450 mL of fruit presented an associated error of approximately 5% or less, a value considered
acceptable for assessing the maturation character. Using the K-means technique to cluster data into different maturation

cycles can be an excellent alternative for researchers, allowing for accurate and efficient analysis and decision-making. The

different stages of maturation must be considered for a more accurate assessment of genotypes and more efficient selection.
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