elSSN 1981-1829

L ———

ciencia € —
Agrotecnologia

Science and Agrotechnology

I —

Artificial intelligence applied to the classification of greenish
seeds and prediction of physiological quality in soybean

Inteligéncia artificial aplicada a classificacdo de sementes esverdeadas e
predicao de qualidade fisiolégica em soja
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ABSTRACT

The presence of greenish seeds represents an obstacle to the productive
potential of soybean cultivation, causing significant impacts on the visual
aspect and physiological quality of seeds. Traditionally, seeds are evaluated
visually, a method that is subject to subjectivity and human error. This
research proposes an innovative approach that integrates image analysis
and artificial intelligence to develop a machine learning model capable of
distinguishing greenish seeds from yellow ones based on color parameters.
This study aims to enhance the accuracy of seed evaluation and expand
understanding of the relationship between seed color tone and their
physiological quality. The artificial intelligence was trained with 12,000
images captured and processed by the GroundEye® S800D. The methodology
employed to train the system involved the use of a decision tree, utilizing the
sklearn.tree library from Python. Each seed, after image capture, underwenta
standard germination test. The normal seedlings were then reanalyzed using
the GroundEye® S800D to determine their vigor through measurements of
primary root and hypocotyl sizes. Yellow soybean seeds exhibit superior
physiological quality compared to greenish ones, particularly in terms of
germination and seedling growth. The hue angle (h) and luminosity (L) proved
to be the most responsive criteria in the machine learning model, achieving an
accuracy of 89.7%. The hue angle was demonstrated to be a robust predictor,
correlating with higher germination rates in seeds with an angle less than
97.5°. The relationship between seed viability and hue angle was supported
by a coefficient of determination (R?) of 73%.

Index terms: Seeds quality; image analysis; machine learning
model.

RESUMO

A presenca de sementes esverdeadas representa um obstaculo ao potencial
produtivo da cultura da soja, gerando impactos significativos no aspecto
visual e na qualidade fisiolégica. Tradicionalmente, as sementes sdo avaliadas
visualmente, um método sujeito a subjetividade e erros humanos. Frente a
isto, esta pesquisa prop&e uma abordagem inovadora que integra analise de
imagens e inteligéncia artificial para desenvolver um modelo de aprendizado
de maquina capaz de distinguir sementes esverdeadas de amarelas com base
em parametros de cor. Este estudo visa aprimorar a precisdo na avaliagdo das
sementes e expandir o entendimento sobre a relagdo entre a tonalidade da cor
das sementes e sua qualidade fisiolégica. A inteligéncia artificial foi treinada
com 12.000 imagens caputuras e processadas pelo GroundEye® S800D. A
metodologia empregada para treinar o sistema envolveu a utilizagdo de uma
arvore de decisdo, utilizando a biblioteca sklearn.tree do Python. Cada semente,
apés a captura de imagem, foi submetida a um teste de germinagdo padrao.
As plantulas normais foram entéo reanalisadas no GroundEye® S800D para
determinar seu vigor através da mensuracdo do tamanho de raiz primaria
e hipocétilo. Sementes de soja amarelas demonstram qualidade fisiolégica
superior as esverdeadas, destacando-se em germinagdo e crescimento da
plantula. O angulo de tonalidade (h) e a luminosidade (L) mostraram-se os
critérios mais responsivos ao modelo de aprendizado de maquina, alcangando
uma acuracia de 89,7%. O angulo de tonalidade demonstrou ser um preditor
robusto, correlacionando-se com altas taxas de germina¢do em sementes com
angulo inferior a 97,5°. A relacdo entre a viabilidade das sementes e o angulo
de tonalidade foi apoiada por um coeficiente de determinacdo (R?) de 73%.

Termos para indexagdo: Qualidade de sementes; andlise de imagem;
modelo de aprendizado de maquina.
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Introduction

Soybeans (Glycine max (L.) Merrill) play a crucial role
in the global economy, being one of the main products of the
global agribusiness. They are one of the largest sources of plant
protein and edible oil, vital for food chains worldwide (Singh
& Shivakumar, 2010). Additionally, the Food and Agriculture
Organization - FAO (2021) highlights soy as an essential
component in the transition to biofuels, making it a key element
in discussions on both food security and energy sustainability.

There is a technical consensus that high-quality seeds
exhibit greater vigor, increased disease resistance, better field
establishment, and higher productivity. On the other hand,
greenish seeds pose a challenge to the maximum performance
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desired in soy production. These seeds are characterized by
high chlorophyll content within, resulting from physiological
immaturity or adverse cultivation conditions. The presence of a
green hue in the cotyledons indicates that the maturation process
was prematurely interrupted, resulting in decreased quality and
productivity of the seeds (Zorato et al., 2007; Arruda et al.,
2016; Teixeira et al., 2020), and consequently impacting the
profitability of the crops. Therefore, it is essential to implement
quality control techniques capable of identifying and assessing
the impact of greenish seeds on soybean cultivation, thereby
ensuring the commercialization of products with high agronomic
performance potential.

Although significant advancements have been made in
the evaluation of seed quality, with the standardization of
methodologies for analyzing physical, physiological, sanitary,
and genetic parameters, most laboratory assessments are still
performed subjectively. This subjective nature is largely due to
the reliance on the experience of technicians responsible for the
visual inspections of the seeds. In response to this challenge,
advanced techniques have been developed, providing a more
accurate and objective assessment of seed quality (Patel et al.,
2012; Xia et al., 2019), driven by the revolution of artificial
intelligence (Al) applied to agriculture.

Undoubtedly, Al is redefining boundaries in various fields of
activity, standing out for its ability to process and analyze data
efficiently, especially through techniques of computer vision
and machine learning (Russell & Norvig, 2016). According to
Bishop (2006), while computer vision facilitates the capture
and processing of images, machine learning is dedicated to the
development of algorithms and models that learn patterns and
make predictions based on data. The combined application of
these two techniques is capable of identifying, categorizing,
and even predicting the quality of seeds from different crops, as
several studies have demonstrated, especially in the last decade
(Skrubej et al., 2015; Momin et al., 2017; Mahajan et al., 2018;
Medeiros et al., 2020; Barros et al., 2021; Thakur et al., 2022).

Image analysis, by evaluating various characteristics of seeds
such as size, shape, color, and texture, is capable of detecting
defects and irregularities often overlooked by conventional
visual assessment methods (Bauriegel et al., 2011). Moreover,
this approach can offer a significant advantage in terms of
operational efficiency and cost, due to its faster processing
compared to manual methods.

In this study, the main objective was to create a
classification model to distinguish greenish soybean seeds
from yellow ones through image analysis, using machine
learning techniques to construct a model capable of
distinguishing the color of the seeds. Through this work, the
goal was not only to improve the accuracy in seed evaluation
but also to expand knowledge on how the color tone of the
seeds can affect physiological quality.

Material and Methods

Study description

The experiments were conducted at the Seed Analysis
Laboratory of Corteva Agriscience do Brasil Ltda, a multinational
agricultural company located in Brasilia, Distrito Federal, Brazil.

The seeds were produced and processed in the municipality
of Lagoa da Confusdo in the state of Tocantins, during the
2021/2021 growing season. The harvest from the production fields
was carried out in October 2021, in a mechanized manner and
with technical-agronomic monitoring. Although the cultivation
occurred during the sanitary vacuum, the region had legal
authorization to produce seeds during this period. The sanitary
vacuum is a strategic pause during the off-season, during which
living soy plants are not allowed in Brazilian agricultural fields
as a preventive measure against Asian rust, a disease caused by
the fungus Phakopsora pachyrhizi (Godoy et al., 2017).

One of the main challenges faced by soybean seed producers
in the Tocantins region is the high prevalence of greenish seeds,
a phenomenon extensively documented in the literature (Padua et
al.,2007; Arruda et al., 2016; Ferrari et al., 2023). This problem is
often attributed to environmental stress conditions, such as water
deficit or high temperatures (Franga-Neto et al., 2016), which are
typical characteristics of this region. Thus, the expectation of a
high incidence of greenish seeds was the determining factor for
choosing lots produced from this origin. Additionally, the fact that
the seeds had undergone natural environmental stress made them
an ideal subject for the purpose of the study.

Ten batches of seeds were selected, each weighing 1
kilogram, belonging to two distinct cultivars, coded as A and
B. For each cultivar, the ten batches were combined into a
single composite sample, resulting in a total of 10 kilograms per
cultivar. This quantity was adequate to ensure a sufficient source
for the manual and individual selection of the seeds analyzed in
this study, allowing for a comparison between greenish seeds
and yellow seeds.

The samples were stored under controlled environmental
conditions during the testing period, where the temperature was
maintained below 13 °C and the relative humidity of the air did not
exceed 60%. The segregation, identification, and storage occurred
in a manner to ensure the correct traceability of the samples.

Image analysis through GroundEye®

The GroundEye® is a technological innovation developed and
patented by the Brazilian company Tbit Tecnologia e Sistemas,
launched in 2012 under the name Seed Analysis System - SAS®
and later renamed GroundEye. The GroundEye S800D® is one
of the models offered as a solution for the analysis of images of
seeds, seedlings, and leaves. It is an advanced system that combines
hardware and software, equipped with two high-resolution cameras
that capture images of the top and bottom of each object analyzed.
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The system is capable of providing detailed information about the
color, shape, geometry, and texture of the analyzed objects.

An experienced analyst selected 3,000 seeds from each
cultivar (A and B) through visual inspection, totaling 6,000 units.
Within each cultivar, a distinct group of 1,500 “yellow seeds”
and another 1,500 “greenish seeds” was separated. Thus, each
experimental group consisted of a set of 3,000 seeds. A seed
was considered yellow if it showed no traces of chlorophyll
pigmentation, while greenish seeds were identified when such
evidence was noticed, even if only partially. Each seed was
assigned a unique numerical identifier.

After manual selection, ecach seed was individually
positioned on a clear acrylic tray inside the GroundEye® S800D
equipment for image capture. These images were acquired using
the camera settings standardized by the manufacturer to ensure
consistency in lighting and positioning. Figure 1 displays a
representation of the yellow and greenish seeds captured and
processed by the device. The background of the image is blue
to contrast the colors of the seeds. The image files are originally
in PNG format, with an average size of 17KB.

Figure 1: Images of soybean seeds captured by the
GroundEye® S800D. (A) and (B) illustrate yellow seeds; (C)
and (D) show greenish seeds.

The decision to analyze each seed individually was made
with the goal of building a robust dataset for the machine
learning model, as well as enabling a direct correlation with
physiological quality. Thus, a total of 3,000 analyses were
processed for the “greenish seeds” set, following an identical
procedure for the “yellow seeds” set. Since each captured seed

generated two images, one from above and one from below,
a total of 12,000 data points were obtained for training and
validating the classification algorithm. The consideration of each
side of the seed as an individual data point for evaluation was
based on the common analytical practice for this type of damage,
where, regardless of its position on the seed, the presence of
greenish tones is recorded.

Although the GroundEye® is capable of evaluating a wide
range of colorimetric parameters, this investigation specifically
focused on the CIE Lab* and LCh* color spaces. The CIE Lab*
color space is designed to provide an objective representation of
colors based on human perception, divided into three dimensions:
L* (lightness), a* (green to red variation), and b* (blue to yellow
variation). On the other hand, the LCh* color space is derived
from CIE Lab* through a polar transformation, retaining L* for
lightness, while C* denotes chroma, and h* indicates the hue
angle. The values for L*, a*, and b* were directly obtained by
the GroundEye® software, while the values for C* and h* were
calculated from the available data. The formulas for calculating
chroma (C*) and hue angle (h*) follow the definitions established
by Robertson (1977), described as follows.

Chroma (C*) represents the intensity or purity of color and
is calculated as the radial distance in the ab plane, according
to Equation 1.

Chroma = a* +b* (M

The hue angle (h*) corresponds to the angle in the ab plane
that describes the color in terms of hue. To calculate the hue angle,
Equation 2 is used. The function atan2 is the arc tangent of two
arguments, returning the angle in the ab plane between the line passing
through the coordinates (a*, b*) and the a* axis. The hue angle is
expressed in degrees, with values ranging from 0° to 360° (2).

b =
Hue angle = tan™' — )
a*

Figure 2 illustrates these representations and facilitates
the understanding of the relationship between the components
of each space, offering a view of the color distribution in the
perceptible human spectrum.

Validation model

A dataset containing 12,000 images of soybean seeds was
compiled, with the images equally divided into two categories:
“greenish seed” and “yellow seed.” Using the GroundEye®
software, chromatic information pertaining to lightness (L*),
green to red variation (a*), and blue to yellow variation (b*) was
extracted from each image. Additionally, the values for chroma
(C*) and hue angle (h*), which were calculated mathematically,
were incorporated as analytical variables.
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Figure 2: Theoretical CIE Lab* color space (Hunter, 1958).

A decision tree was adopted for the classification of the
seeds. This type of predictive model segments the dataset into
increasingly smaller subsets while constructing a decision-
making model at each node. This method was chosen for
its ability to formulate clear binary questions—crucial for
distinguishing between the “greenish seed” and “yellow seed”
categories based on visual characteristics captured in the images.

The implementation was carried out using the sklearn.
tree library from Python, provided by the Python Software
Foundation (2021). The DecisionTreeClassifier model was
employed to develop a decision tree that learns from the
chromatic characteristics extracted from the images (L*, a*,
b*, C*, and h*). This tree was trained to differentiate between
greenish and yellow seeds, using these attributes to perform
accurate classifications based on the visual distinctions between
the two seed categories. This process involved training the model
on the dataset, divided into 66% (7,919 images) for training and
34% (3,041 images) for testing, allowing the model to learn and
then validate its ability to generalize on unseen data.

To evaluate the efficacy of the model, a confusion matrix was
used, which helped visualize and quantify the true positives (TP),
true negatives (TN), false positives (FP), and false negatives
(FN). These rates were used to calculate the performance
indicators of the model obtained by the decision tree, namely:
accuracy, precision, sensitivity, and specificity. Accuracy
refers to the proportion of predictions made by the model that
proved correct, Equation 3. Precision indicates the proportion
of positive identifications made by the model that were indeed
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correct, Equation 4. Sensitivity represents the proportion of
real positives that the model correctly identified, Equation 5.
Specificity corresponds to the proportion of real negatives that
the model correctly identified, Equation 6.

TP+TN
Accuracy = x1 (3)
TP+TN + FP+ FN
TP
Precision =———x100 4
(TP + FP) @
Sensitivity = L x100 (5)
TP+ FN
TN
Specificity = ——x100 6
pecificity TN + FP ©)

Additionally, the Gini index was used as a criterion for
feature selection in constructing the decision tree, providing a
measure of impurity that optimized the partitioning of categories
across the nodes. This index helps to determine how each feature
contributes to the homogeneity of the nodes and leaves in the
tree, aiming to minimize the probability of misclassification.
Using the Gini index in this context enhances the tree’s ability
to clearly distinguish between the different categories based
on the most relevant features extracted from the seed images.
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Germination analysis

The 6,000 seeds previously selected by the analyst,
comprising 3,000 greenish and 3,000 yellow seeds, were
individually subjected to a germination test, seed by seed. Each
seed was placed on a moistened germitest paper, with the amount
of water equivalent to 2.5 times the mass of the dry substrate.
In each paper roll, 25 seeds were evenly distributed, and each
was given a unique identifier to ensure accurate traceability.
After sowing, the paper rolls were placed in a germinator with
a controlled temperature of 25 + 2 °C. On the fifth day after
sowing, the seedlings were evaluated and classified as normal,
abnormal, and dead, according to the criteria established by the
Rules for Seed Analysis (Brasil, 2009). A single evaluation was
conducted, given that the same seedling was also subjected to
a vigor test through the GroundEye® subsequently. Moreover,
in seed laboratories, it is common practice to perform the
germination reading in a single analysis on the fifth day.

According to the Rules for Seed Analysis, normal seedlings
are those that have all essential structures — both root systems
and aerial parts — fully developed, demonstrating potential to
continue their development and produce normal plants under
favorable conditions. In contrast, abnormal seedlings are those
that, even under ideal conditions, do not show potential to
continue development and produce normal plants. Dead seeds,
on the other hand, are those that show no signs of germination
initiation at the end of the test; these often appear softened and
attacked by microorganisms (Brasil, 2009).

The data related to germination were correlated with the hue
angle to evaluate the relationship between these two parameters.
For this, the results were considered independently of their
classification category (yellow or greenish). This analysis aimed
to identify possible patterns or trends indicating how variations
in hue angle might influence the germination rate of seeds.

Vigor via GroundEye®

Seed vigor refers to their ability to germinate and establish
quickly under adverse cultivation conditions. Only normal seeds,
which demonstrate appropriate structural development, possess
the necessary potential to express vigor and establish effectively
in the field. Thus, in this research, vigor was measured only in
normal seedlings, hence abnormal seedlings and dead seeds were
disregarded, reducing the sample size compared to the 6,000
analyses performed for the germination test.

Immediately after the individual evaluation of seedlings
in the germination test, all those classified as normal were
photographed with the assistance of the GroundEye® system
for vigor analysis. A total of 2,880 normal seedlings from
the “yellow seed” group and another 2,070 normal seedlings
from the “greenish seed” group were analyzed. Figure 3
shows an image representation of a seedling processed via the
GroundEye® software.

Figure 3: Image of normal soybean seedling captured by
GroundEye® S800D.

For the photographic record, each seedling was positioned
on the equipment tray, allowing for image acquisition and the
measurement of the primary root and hypocotyl lengths. The
total length of the seedling was determined by adding the size
of the primary root to that of the hypocotyl, and the results
were presented in centimeters. Barros et al. (2021) validated
the effectiveness of the automated measurement of seedling and
root lengths through the GroundEye® system, equating it with
manual measurement.

Statistical analysis

In the study conducted to evaluate germination, each of
the 6,000 seeds, divided between greenish and yellow, was
considered a single sample unit. Subsequently, in the vigor
analysis, each normal seedling was also treated as a unique
sample unit, totaling 4,950 normal seedlings, divided into the
same two treatments as the germination.

Statistical analysis was conducted through an analysis of
variance (ANOVA) to identify significant differences between
the treatments. After this, the Tukey test was applied for multiple
comparisons between the group means, using a significance level
of 5%. The statistical software used was Assistat, version 7.7
(Silva & Azevedo, 2016).

Results and Discussion

New solutions in computer vision, combined with artificial
intelligence algorithms, show great potential to revolutionize the
analysis of biological images. They have the ability to minimize

Ciénc. Agrotec., 48:€003624, 2024



Oliveira, V. R. et al.

subjectivity and optimize the analysis process, resulting in more
efficient and precise quality control in agriculture. With these
technologies, it is possible to discern patterns in biological
images that may be difficult to distinguish with the naked eye,
allowing for a more objective and accurate evaluation of seed
quality (Medeiros et al., 2020).

In this context, this study demonstrated that the chromatic
data obtained through image analysis and applied in machine
learning modeling enabled effective classification between seed
classes. Moreover, the findings of this research highlight that
the physiological quality of greenish seeds is inferior to that of
yellow seeds. Uniquely, the relationship between the hue angle
and the viability of soybean seeds was explored, establishing it
as a significant predictor for this purpose.

Machine learning model: Decision tree

In the context of computer vision, the Lab* color space is often
preferred because its composition is designed to approximate the
way humans perceive colors. This means that differences in the
Lab* color space correlate more directly and intuitively with the
differences that humans actually perceive, compared to other color
spaces, such as the usual RGB (Kanan & Cottrell, 2012). Lin et
al. (2019), agreeing with Kanan and Cottrell (2012), argued that
the visual perception of the components (red, green, and blue) of
the RGB image of soybeans is extremely close. However, when
the color space conversion from RGB to Lab* is performed, the

segregating greenish seeds from yellow ones. The hue angle (h)
and lightness (L) were the most responsive discriminative criteria
to the learning model (Figure 4). The model results indicated that a
hue angle of less than or equal to 97.885° had a strong association
with the assessment of seeds as “yellow”. On the other hand, hue
angle values above this threshold were predominantly associated
with the classification of seeds as “greenish”.

Furthermore, as shown in Figure 4, the exclusive use of the
hue angle (h) was not sufficient to effectively differentiate the
two classes of seeds. However, by incorporating lightness (L)
as a second attribute, a significant improvement in classification
was observed, evidenced by the reduction in the Gini index.
“Nodes” with reduced Gini indices in decision trees generally
perform better in classifying new data, as they group data subsets
more homogeneously (Hastie et al., 2009; James et al., 2023).

Table 1 presents a confusion matrix, where the samples were
divided into two categories: yellow and greenish. In this study,
1870 samples were correctly classified as yellow, 1791 samples
as greenish, 170 yellow samples were mistakenly classified as
greenish, and 250 greenish samples were mistakenly classified
as yellow. This demonstrates the effectiveness of integrating
lightness (L) with hue angle (h) in improving the accuracy of
seed classification.

Table 1: Confusion matrix for soybean seed classification as
yellow or greenish.

components of the Lab* color space display a significant visual n = 4081 Real class
difference between the three distinct color channels, allowing for yellow greenish
the formation f)f well-defined featu?es. ' ' ‘ yellow 1870 170
These findings were confirmed in this study, where variables Predicted class i<h 550 1791
from the CIE Lab* color space were superior in the task of greenis
Gini=0.5
h £97.885
n=7919
Gini =0.147 Gini =0.265
L <47.105 L<63.6
n= 3556 n=4363
Gini=0.5 Gini=0.119 Gini=0.158 Gini = 0.486
Category = greenish Category = yellow Category = greenish Category = vellow
n=90 n= 3466 n=3739 n=624

Figure 4: Decision tree for classification of soybean seeds as yellow or greenish, according to hue angle (h) and luminosity (L).
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Based on the metrics presented in Table 2, it can be inferred
that the results obtained from the decision tree model indicate
good performance in distinguishing between soybean seeds
classified as “yellow” and “greenish.” The analyzed model
demonstrated a sensitivity of 88.2%, indicating that it was able
to correctly identify 88.2% of the true cases of yellow seeds.
The specificity achieved was 91.3%, reflecting the model’s
ability to accurately classify the samples that are not yellow
seeds. Moreover, the precision for predictions of the yellow
seed class was highlighted at 91.7%. The overall accuracy of
the model was 89.8%, showcasing the accuracy in predictions
in most cases. This performance suggests that the decision tree
model, enhanced by the use of both hue angle (h) and lightness
(L) as features, effectively supports robust classification within
the context of seed quality analysis.

Table 2: Performance metrics for the decision tree.

Sensibility Specificity Precision

%

Accuracy

88.2 91.3 91.7 89.8

The efficacy in distinguishing between the classes of yellow
and greenish seeds, evidenced by high rates of sensitivity,
specificity, precision, and accuracy, underscores the efficiency of
the classification model developed in this study. The applicability
of this model is supported by other researchers who have
also employed machine learning in classifying soybean seeds
and seedlings with varying levels of assertiveness (Momin et
al., 2017; Lin et al., 2019; Andrade et al., 2024). The varied
degrees of success in Al research indicate that validation
models need continuous refinement to achieve higher accuracy.
This implies that they must be fed an increasing amount of
data for enhancement, thereby improving their capacity for
generalization and accuracy in predictions.

Thilakarathne et al. (2018) analyzed black cumin (Nigella
sativa) seeds from different origins and observed a significant
change in lightness values after decortication. Although
the cultivars were visually indistinguishable, color analysis
contributed to a clear separation between them. Park et al.
(2023) concluded that integrating near-infrared spectroscopy
(SWIR) with machine learning-based classification techniques
proves effective in detecting specific artificial adulterations in
red pepper (Capsicum annum).

The relevance of these previous studies is emphasized by the
current investigation, which highlights how combining hue angle
and lightness in the classification of greenish seeds introduces
valuable objectivity to the process. These parameters allow for
a quantitative and unbiased assessment of color, essential for
mitigating the subjectivity inherent in human perception. Therefore,
the simultaneous use of these two measures enables an objective

methodology for seed classification, enhancing the accuracy and
reproducibility of the classification process, and demonstrating its
potential applicability in broader contexts beyond soy.

Physiological quality

Seeds classified as yellow exhibited a higher average
germination rate of 96%, and also produced seedlings with
greater initial development (Table 3) compared to the greenish
ones. This suggests that yellow seeds not only germinate better
but also produce more vigorous seedlings, which can improve
crop performance during the early stages. The greenish color
is somehow related to a decrease in the physiological quality
of soybean seeds.

Table 3: Germination and seedling growth of yellow and
greenish soybean seeds.

Color Germination Primary Hypocotyl Seedling
(%) root (cm) (cm) length (cm)

Yellow 96 a 13.91a 7.88 a 21.72a

Greenish 69b 10.95b 6.87 b 17.82b

Means followed by the same letter in each column do not differ
according to the Tukey test (p < 0.05).

The results obtained in this study align with the existing
literature, where it was observed that greenish coloring in seeds
can negatively impact physiological quality, reducing both
germination and seed vigor. For example, Arruda et al. (2016)
and Teixeira et al. (2020) had already identified that the presence
of greenish seeds could impair the physiological quality of
soybean seeds depending on their incidence rate in lots.

This study complements and expands previous conclusions
by incorporating the traditional germination test and introducing
image analysis as an additional tool for evaluating seed vigor.
Furthermore, the investigation into the influence of the hue
angle on the assessment of seed viability introduced a new and
relevant approach to the theme of seed quality prediction, and
therefore, deserves to be rigorously deepened through further
scientific research.

The hue angle, identified in this study as an effective
discriminative criterion in the task of classifying greenish
seeds, also proved to be an important predictor of physiological
quality. Regardless of whether the seeds are yellow or greenish,
they achieve their highest germination rates when the average
hue angle is up to 97.5° (Figure 5). Within this range, an
average germination rate of 95% was observed, compared to a
germination rate of 71% when the hue angle exceeded 97.5°.

It is also observed through the linear regression equation that
as the hue angle increases, the viability of soybean seeds tends
to decrease (Figure 5). The coefficient of determination suggests
that about 73% of the variation in soybean seed viability can
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be explained by the variation in the hue angle. This indicates
a considerable relationship between these two variables,
suggesting that the hue angle may be a good indicator of soybean
seed viability. The limitations of our study include the need to
explore other variables that may influence seed viability, which
underscores the importance of further studies and the adoption
of multivariate analyses.

100%
y =-0.0173x + 2.5551
R*=0.73

80%

60%

Germination index

40%
9 93 9 98 100 103 105 108 110 113 115
Average hue angle (°)

Figure 5: Germination index by average hue angle.

The hue angle, for both yellow and greenish seeds, is
situated within the same spectrum of chromatic variation,
indicating that both colors are close variants within a continuous
spectrum of colors. In the chromaticity circle, the color yellow
is positioned at an angle of 90°, as illustrated in Figure 2. This
positioning suggests that the distinction between yellow and
greenish seeds can be subtle, based on small variations in hue.
This proximity in the color spectrum, in turn, may contribute to
subjectivity in analysis, making the task of distinguishing the
seeds prone to error, especially when conducted manually or
by untrained evaluators. Therefore, selecting appropriate tools
and techniques to discern these nuances is essential to ensure
accurate classification and minimize ambiguity.

Various studies have demonstrated that image analysis is an
effective tool for assessing the physical characteristics of seeds
from various crops, providing detailed characterization that includes
aspects such as color, geometry, texture, and size. For example,
Lima et al. (2018) worked with seeds of paricarana (Bowdichia
virgilioides Kunth), characterizing them according to variations
in seed coat coloring. Similarly, Xavier et al. (2019) differentiated
species of Amaranthus spp., based on geometric characteristics and
color predominance. These findings corroborate the discoveries of
this work, highlighting the broad field of application that image
analysis offers for quality control assessments, as a non-destructive,
objective, precise, and rapid technique.

In recent years, there has been a significant advancement
in the resources available to explore and validate mathematical
models in various research areas. Despite this technological
evolution, the application of these techniques in seed analysis,

especially using colors as predictors of quality, is still notably
underrepresented in the scientific literature. The proposal to
incorporate chromatic characteristics in the evaluation of seed
quality represents an innovative methodology, which stands
out not only for its practical applicability but also for its ability
to amplify results when combined with emerging technologies
such as Al and machine learning.

This new paradigm promises not only to improve the
accuracy of seed analysis but also to make the process more
efficient. However, it is important to note that these new
technologies do not completely eliminate the need for human
intervention. In fact, they can serve as a valuable tool to assist
experts in decision-making, complementing, but not replacing,
human knowledge and experience.

Conclusions

Yellow soybean seeds exhibit superior physiological quality
compared to greenish ones, particularly in terms of germination
and seedling growth. The hue angle (h) and luminosity (L)
proved to be the most responsive criteria in the machine learning
model, achieving an accuracy of 89.7%. The hue angle was
demonstrated to be a robust predictor, correlating with higher
germination rates in seeds with an angle less than 97.5°. The
relationship between seed viability and hue angle was supported
by a coefficient of determination (R?) of 73%.
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