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Colossenses 1:15-20 (NVI)



ABSTRACT

BARBOSA, Wagner Faria, D.Sc., Universidade Federal de Vigosa, December, 2024.
Machine learning and digital phenotyping for soybean characterization and
classification. Adviser: Cosme Damiao Cruz. Co-adviser: Ivan Ricardo Carvalho.

Digital phenotyping has revolutionized the study of plant phenotypic traits, particularly
in crops such as soybean (Glycine max (L.) Merr.). Combining digital phenotypic
descriptors with machine learning enabled significant methodological advances,
increasing the reliability and precision of classifications. Thus, this study aimed to
develop a protocol for extracting various phenotypic traits from soybean leaflets,
including shape attributes, elliptical Fourier descriptors (EFDs), Haralick texture
features, and vegetation indices (VIs). The study also assessed the potential of these
traits using several statistical methods and applied machine learning to discriminate
the ancestry of the genotypes. The protocol proved effective in facilitating the
acquisition of different sets of features for modeling and classification tasks, providing
researchers with a robust and versatile framework that can be easily adapted to
similar applications. The results indicated that VIs were the most frequent attributes,
while EFDs exhibited the least redundancy, highlighting each dataset’'s potential to
identify genotypic patterns. However, using Random Forest (RF) as a classification
method demonstrated high efficiency in handling data, maximizing accuracy and
specificity in the developed models. Specifically, texture and shape-related attributes
were crucial for successful discrimination. This study concludes that the integrated
approach of digital phenotyping and machine learning represents a powerful tool for
plant breeding, providing practical solutions to cultivar identification and
characterization challenges.

Keywords: image-based phenotyping; Fourier descriptors; vegetative indices;
Haralick textures; genotypic discrimination



RESUMO

BARBOSA, Wagner Faria, D.Sc., Universidade Federal de Vigcosa, dezembro de
2024. Aprendizado de maquina e fenotipagem digital para caracterizacdo e
classificacdo da soja. Orientador: Cosme Damiao Cruz. Coorientador: lvan Ricardo
Carvalho.

A fenotipagem digital tem revolucionado o estudo de caracteristicas fenotipicas de
plantas, particularmente em culturas como a soja (Glycine max (L.) Merr.). A
combinacdo de descritores fenotipicos digitais com aprendizado de maquina tem
possibilitado avancos metodoldgicos significativos, aumentando a confiabilidade e a
precisdo das classificacdes. Este estudo teve como objetivo criar um protocolo para
extracdo de diversas caracteristicas fenotipicas de foliolos de soja, incluindo
atributos de forma, descritores elipticos de Fourier (DEFs), caracteristicas de textura
de Haralick e indices vegetativos (IVs). O estudo também avaliou a potencialidade
dessas caracteristicas através de métodos estatisticos e utilizou aprendizado de
maquina para discriminar a ascendéncia dos gendtipos. O protocolo mostrou facilitar
a aquisicao dos diferentes conjuntos de caracteristicas para tarefas de modelagem e
classificacdo, oferecendo aos pesquisadores uma estrutura robusta e versétil que
pode ser facilmente adaptada a aplicacdes semelhantes. Os resultados indicaram
gue os IVs foram os atributos mais frequentes, enquanto os DEFs apresentaram
menor redundancia, destacando o potencial de cada conjunto de dados para
identificar padrées genotipicos. O uso do método de classificagcdo Random Forest
(RF) demonstrou alta eficiéncia no tratamento dos dados, maximizando a acuracia e
a especificidade nos modelos desenvolvidos. Especificamente, os atributos
relacionados a textura e forma foram cruciais para a discriminagdo bem-sucedida.
Este estudo conclui que a abordagem integrada de fenotipagem digital e
aprendizado de maquina representa uma ferramenta poderosa para o melhoramento
de plantas, oferecendo solucBes praticas para os desafios de identificacdo e
caracterizacdo de -cultivares.

Palavras-chave: fenotipagem baseada em imagens; descritores de Fourier; indices
vegetativos; texturas de Haralick; discriminacdo genotipica
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INTRODUCTION

The evolution of digital technologies has brought significant innovations to agriculture,
with notable impacts on the systematic study of phenotypes, known as phenomics. This
approach enables large-scale characterization of observable traits in organisms, linking them to
genetic and environmental factors (HOULE; GOVINDARAJU; OMHOLT, 2010). Within this
context, digital image analysis stands out as a promising tool to overcome the limitations of
traditional methods, such as manual measurements, which are often time-consuming, costly,
and prone to human error (COBB et al., 2013; WALTER; LIEBISCH; HUND, 2015).

Image-based phenotyping enables the precise and rapid extraction of morphological and
structural plant traits using methods that combine digital capture, automated processing, and
advanced computational analyses. It allows consistently handling large datasets while reducing
subjectivity inherent to manual methods. Additionally, image phenotyping identifies complex
traits not easily discernible through conventional analyses, such as geometric patterns,
colorimetric variations, and textural features in plant tissues (AMARAL et al., 2024;
HARALICK; SHANMUGAM; DINSTEIN, 1973; OLIVOTO, 2022).

Geometric patterns can be analyzed using conventional measures such as area,
perimeter, distances, and Fourier Elliptical Descriptors (EFDs). These mathematical equations
describe the closed two-dimensional contour of objects in an image, proving useful in studies
involving genotype selection and classification (MOLLMAN; CIFTCI; EROL, 2023;
VISCOSI; FORTINI, 2011). Similarly, texture demonstrates significant potential for
distinguishing complex phenotypic traits (MONTES; PAUL; MELCHINGER, 2007),
quantified using Haralick’s equations, which characterize tonal variation patterns in images
(HARALICK; SHANMUGAM; DINSTEIN, 1973). Lastly, colorimetric patterns in plant
tissues can be identified using Vegetative Indices (VIs). These indices, derived from spectral
combinations of image bands, maximize sensitivity to specific material traits (FANG; LIANG,
2014), making them valuable as discriminative features in biological material studies.

This array of image-derived attributes is instrumental in recognizing patterns within
germplasm banks, enabling the identification of cultivars that combine higher productivity with
desirable traits, such as drought tolerance and pest resistance (REN; WERADUWAGE;
SHARKEY, 2019; ROWLAND et al.,, 2020). However, robust genotype discrimination
requires the application of suitable methodologies to establish similarity patterns. Among
emerging approaches, machine learning methods, such as Random Forest (RF), have efficiently
handled large datasets and interrelated characteristics. RF enables modeling non-linear

relationships and identifying critical features for genotypic distinction, fostering more robust
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analyses (BREIMAN, 1996; LIAW; WIENER, 2015). Nonetheless, RF can be negatively
affected by imbalanced datasets, where dominant classes tend to be favored (TANG;
HENDERSON; GARDNER, 2021; WANG et al., 2021).

Soybean is one of the crops that has benefited significantly from image analysis. This
crop is crucial in the global economy and human and animal nutrition (ANDERSON et al.,
2019). Its relevance extends to various domains, serving as a source of proteins and nutrients
for human consumption, an essential input for animal feed, and a raw material for biofuel
production.

Therefore, this study aims to:

1. Develop a robust method for extracting phenotypic attributes from soybean leaflets,
encompassing VlIs, texture descriptors, and EFDs.

2. Evaluate the discriminative capacity of different attribute sets in classifying genotypes
and identifying distinct patterns among cultivars within a soybean germplasm bank.

3. Propose improvements to Random Forest’s biometric strategy to address imbalanced
datasets.

The presented results aim to contribute to advances in genetic improvement, integrating
digital technologies and machine learning into practical and innovative solutions for cultivar

identification, selection, and characterization challenges.
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ABSTRACT

Computational analysis and interpretation of images are pivotal in enhancing various
agricultural procedures. The morphological characterization of plants is widely recognized as
essential for initiatives aimed at improving crops. Parameters such as leaf area and shape are
unequivocally linked to the efficiency of photosynthetic energy capture and, consequently, to
overall crop productivity. Additionally, traits like texture, vegetative indexes (VIs),
morphological descriptors, and Fourier elliptical descriptors possess significant discriminatory
power for differentiating genotypes. Despite this, methodologies for extracting comprehensive
variable sets from leaf images still need to be more adequately explored and are often
subjective. Thus, this method offers: 1) an option to store images in the cloud, allowing them
to be deleted from the local directory once they have been processed; 2) to meticulously detail
the extraction of diverse characteristic sets from RGB images of soybean leaflets, and; 3) to
facilitate the acquisition of these variable sets for modeling and classification tasks, providing

researchers with a thorough and adaptable protocol for similar applications.

Keywords: Fourier elliptical descriptor, Haralick’s texture features, vegetative indexes,

phenotype, RGB image.
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INTRODUCTION

Agriculture has experienced profound advancements through technological integration,
yet these innovations bring forth novel challenges. Digital images and computational analysis
have become a cornerstone in managing various agricultural tasks (TILLETT, 1991).

The composition of a digital image presents a myriad of mathematical relationships
among the values assigned to various bands of each pixel, offering the potential to unveil or
accentuate features within the depicted scene. These mathematical relationships, often termed
indexes or vegetative indexes (VIs) are meticulously crafted to enhance sensitivity to vegetation
attributes while mitigating confounding factors such as soil reflectance, directional effects, or
atmospheric interference (FANG; LIANG, 2014).

Hence, digital imagery has become valuable in contemporary agricultural
experimentation, particularly plant breeding programs (PRADEBON et al., 2024; ZHAO et al.,
2019). The utilization of images offers heightened measurement reliability, enabling precise,
accurate, and swift phenotyping of targeted components while yielding a vast array of diverse
data. Consequently, phenotyping through imagery has progressively emerged as an alternative
to conventional evaluations, which typically entail more significant labor, time, and
susceptibility to experimental errors (CORTES et al., 2017).

Attributes like leaf area and shape are directly related to a plant’s capacity to capture
solar energy, which affects its productivity (ROWLAND et al., 2020). However, beyond
conventional measurements like area, perimeter, and length obtained through image object
segmentation, Elliptical Fourier descriptors (EFDs) offer an additional dimension to plant
morphological analysis (NETO et al., 2006). EFDs are mathematical equations that delineate
two-dimensional closed contours by decomposing them into a series of harmonically related
ellipses (KUHL; GIARDINA, 1982). Consequently, they prove invaluable in describing
various aspects of organisms, individual parts, or entire structures (MOLLMAN; CIFTCI;
EROL, 2023; VISCOSI; FORTINI, 2011).

Texture represents another vital aspect in plant morphological characterization and
differentiation (BEGHIN et al., 2010). Despite being an inherent property of all surfaces and
easily discernible by human observers, texture necessitates analytical measurement in digital
images to be effectively harnessed (HARALICK; SHANMUGAM; DINSTEIN, 1973). Within
the realm of plant analysis, Haralick’s texture features have seen some application (EKIZ;
ARICA, 2022; RAJU; BALACHANDER; NEEHARIKA, 2022), though their utilization in this

domain appears to remain relatively modest.
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Despite the range of potential variable sets for plant phenotyping derived from images,
their extraction needs more standardization in the literature, often resulting in replication efforts
grounded in subjective and superficial methodologies. Recognizing this gap, we established a
robust method for extracting diverse variable sets from soybean leaflets (Glycine max (L.)
Merr.), readily adaptable by researchers tackling similar challenges. Soybean was chosen as the
model organism because it is one of the world’s largest commodities, boasting a global
production of approximately 397 million tons in 2023/2024 (UNITED STATES
DEPARTMENT OF AGRICULTURE, 2024).

The method encompassed the extraction of variable sets comprising VIs, shape
measures, EFDs, and Haralick’s texture characteristics. Extraction procedures were conducted
using the R software [v. 4.4.0], renowned for its user-friendly interface and open-access nature,
prized for its data manipulation, analysis, and graphics (POSIT TEAM, 2024). Additionally,
the pliman package, tailored specifically for plant image analysis, was employed (OLIVOTO,
2022).

To ensure a proper understanding of this variable extraction method, the R project
described in this work, along with some images of soybean leaflets, is available in the following

online repository: https://github.com/barbosawf/ImageAnalysis.

METHOD DETAILS
General Instructions for Method Execution

It is essential to consider necessary procedures for obtaining information from a set of
images of objects of interest, which in this case were soybean leaflets. Blocks were formed to
facilitate reading and identify execution sections in the scripts. They can be identified by a
specific title between the hashtag character (#) and a sequence of dashes (e.g., # Packages for
usage --------- ). In R Studio, these script blocks can be created using the shortcut “Control +
Shift + R”. These blocks can be opened or closed to adjust the scope of script visualization.
It is also recommended that you carefully read the comments identified solely by the hashtag
character (#) above the scripts’ command lines, as they assist in understanding the choice of
arguments for functions and indicate essential procedures or changes in some steps.
Furthermore, some general recommendations are indispensable for better understanding the
procedures and are added as notes at the end of the different steps of this method. Please read

them carefully before executing any procedure.
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Acquisition of Leaflet Images

Leaves from the middle third of three plants of each soybean line were harvested during
stage RS when the plant has attained its maximum height, number of nodes, and leaf area. The
leaf sampling occurred between 8 a.m. and 4 p.m., and the collected leaves were transported to
the laboratory for RGB image capture. Photos of the leaves were taken under 22°C and diffused
artificial lighting. Three leaflets from each plant (totaling nine) were arranged in three
horizontal sections on red cardboard alongside an 18 cm? yellow reference (Figure 1). Leaflet
images were captured using a digital camera positioned 50 cm above the cardboard on
appropriate equipment for image capture (Figure 2). The images were acquired at a resolution

of 1280 x 1024 pixels and 96 dpi (dots per inch), then named and stored on Google Drive.

Notes: Ensure that the objects to be photographed, in this case, leaflets, are well-framed within
the camera’s view. Avoid overlapping of objects and maintain a relative distance between them.
Depending on the characteristics to be extracted from the object (e.g., area), prevent their edges
from folding to ensure subsequent measurements are accurate. Gently dry any wet objects (in
this case, it was necessary due to rain in some days prior to leaf collection). Establish conditions
for diffuse lighting to minimize shadowing. The background color can be any, if it contrasts
with the objects under study (in this case, the leaflets) and the reference. Change the background
(while keeping the same color) whenever excess spots are observed, which may occur due to

pigment detachment from objects (e.g., leaflets) during friction.

Figure 1. Soybean (Glycine max (L.) Merr) leaflets at RS stage. Three leaflets from three plants
of a single line are horizontally arranged on red cardboard along with a yellow reference

measuring 18 cm?.
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Figure 2. Setup assembled for capturing images of soybean (Glycine max (L.) Merr.) leaflets
at RS stage.

Software

The R software [v. 4.4.0] was used to establish a method for extracting different sets of
variables. It is accessible on the website https://cran.r-project.org/. To facilitate the
development of this work, the RStudio [v. 2024.4.1.748] (POSIT TEAM, 2024) integrated
development environment (IDE) was utilized. It is available at
https://posit.co/download/rstudio-desktop/. RStudio seamlessly integrates with R upon the
installation of both software. These tools were employed to acquire image characteristics and

manipulate data.

Package Installation

The extraction and manipulation of data in this work were assisted using the following
packages: pliman [v. 2.1.0] (OLIVOTO, 2022), tidyverse [v. 2.0.0] (WICKHAM et al., 2019),
usethis [v. 2.2.3] (WICKHAM et al., 2024), googledrive [v. 2.1.1] (D’AGOSTINO
MCGOWAN; BRYAN, 2023), and writexl [v. 1.5.0] (OOMS, 2024). To install the packages,

execute the following commands in the RStudio Console:

# Install the packages required for this method.
install.packages ("remotes")
packages <- c("pliman", "tidyverse", "usethis", "googledrive", "writexl")
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versions <- c¢("2.1.0", "2.4.5", "2.0.0", "2.2.3", "2.1.1", "1.5.0M)
for (i in seq len(length (packages))) {
if (!requireNamespace (packages([i])) {
remotes:: install version(packages[i], versions[i])

}
}

Notes: It is recommended that the package installation is executed only once. Reinstallations
or updates of packages may cause execution errors in the scripts presented in this work.
Therefore, if any of the packages are already installed, uninstall them and then reinstall them

using the provided script to ensure they are in the required version specified by this method.

Creating a Project

It is recommended that a project using RStudio be created to facilitate the organization
of the work environment and the definition of directories within the project. Creating a project
also helps change directories on the computer, avoiding the need to specify the project’s main

directory when opening it in RStudio. Two ways to create a project in RStudio are suggested:
1. In RStudio, follow these steps: File = New Project... = New Directory = New Project. In

"Directory name:" define the project name (suggested: ImageAnalysis). Select the option
Create a git repository only if you are familiar with local code versioning (git installation is

required in this case: https://git-scm.com/downloads).

2. This procedure can be performed using the following command, which can be entered in

the RStudio Console:

# Load the "usethis" package
library (usethis)

# Creating a project. The final directory name will serve as both

# the project name (with the extension "Rproj") and the containing folder.
# Suggested project name: ImageAnalysis.
create project(path ="C:/Users/Administrador/Documents/ImageAnalysis")

Notes: Avoid using spaces, accents, and non-alphabetic characters in project names. To reopen

the project after closing it, double-click the project file (with the extension “Rproj”) within the

project folder or use the path “File =» Open Project...” in RStudio.


https://git-scm.com/downloads
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Downloading the Images

This method was developed to facilitate the use of images stored in the cloud,
specifically on Google Drive. After downloading and processing the images, they can be
deleted from the local directory, freeing up space on the user’s storage device (e.g., Solid State
Drive). However, authorization to Google Drive for the Tidyverse API Packages will be
required (Figure 3) to enable the R software to access and download images stored in the cloud.
This access includes entering a Google email, password, and verification code, signing into
Tidyverse API Packages, and granting Tidyverse API Packages permission to see, edit, create,
and delete files on Google Drive. Once authorization has been granted, subsequent accesses
will be readily allowed using the “drive auth()” function, except when attempted on different
computers or after R updates.

In addition, the provided script can be run whenever new image files are added to the
Google Drive folder. The code will compare the contents of the Google Drive folder with the
local folder within the project folder and download only the images not already in the local

folder.

4 N\

G Sign in with Google

Sign in Email or phone |

. . Forgot email?
to continue to Tidyverse API Packages

To continue, Google will share your name, email address, language
preference, and profile picture with Tidyverse API Packages. Before using
this app. you can review Tidyverse AP| Packages’s privacy policy and terms

of service.

English (United States) v Help Privacy Terms

J

Figure 3. The first step is authorizing access to Google Drive for the Tidyverse API Packages.

# Creating the file for the image download script —-—--——--—=--—---——--—-—————

# Create a file where the script below can be entered and then saved
# within the project directory.

# Type the code line below into the Console after opening RStudio.
usethis::use r("ImageDownloads")

# Packages for usage —————--- - - oo oo

library ("googledrive")
library("tidyverse")
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# Obtaining authorization for Google Drive access —————————————————————————

# Please provide a Google access email. Email information is only
# required for the initial access.
drive auth(email = "my gmail account@gmail.com")

# After the first access, if you need to access Google Drive repeatedly,
# just run the authorization function without specifying the email.

# The function automatically prompts users to choose the previous

# access option.

drive auth()

# Creating a folder to store the images ----------------"—-"—-"—-—"—"———"—"——"————"———

# Create a folder named "ImagesProj" within the project directory to host
# the images downloaded from Google Drive.
if (!dir.exists("ImagesProj")) {

dir.create ("ImagesProj")

}
# Listing the names of images on the computer and Google Drive ----------

# Lists and stores the names of images within the "ImagesProj" folder.
HD files <- list.files("ImagesProj", pattern = ".jpg")

# Lists and stores the names of images within the "ImagesGoogle" folder.
# Note: "ImagesGoogle" is a suggested folder to store images

# within Google Drive.

Google files <- drive ls("ImagesGoogle")

GD files <- Google files[[1]]

# Distinguishing images by storage location —--—-—-————-—-—-—————————"—————————————
# Obtains the differentiation between image files stored in the
# "ImagesGoogle" folder on Google Drive and those in the
# "ImagesProj" folder within the project.
dif <- setdiff (GD files, HD files)
dif in Google files <- Google files |[>
dplyr::filter (name %$in% dif)
# Downloading images from Google Drive to the computer —---——---——--————-—————
# Download the image files from Google Drive to the "ImagesProj" folder.
map2 (dif in Google files$id,
dif in Google filesS$name,
~drive download(as_id(.x), path = file.path("ImagesProj", .y)))
# Verifying if all images on Google Drive have been downloaded ------------
# Verifies whether all image files from Google Drive have been downloaded
# to the "ImagesProj" folder set within the project directory. If TRUE,
# executing the setequal () function will return TRUE.

HD files 2 <- list.files("ImagesProj", pattern = ".jpg")
setequal (GD_files, HD files 2)

Notes: Adopt the same folder naming convention proposed in this method for storing images,

both on Google Drive (i.e., "ImagesGoogle") and the local drive (i.e., "ImagesProj"). This
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practice ensures seamless use of the code without requiring any modifications. In addition, an
important consideration at this stage is the potential conflict of image names stored on Google
Drive. The provided script addresses this by resolving duplicate image names through a unique
key assigned to each image upon upload to Google Drive. However, it is preferable to avoid
these conflicts altogether by ensuring that image names are distinct, even if they are stored in
different folders on Google Drive. Therefore, if there are other images on Google Drive besides
those used for variable extraction, ensure that the images for your R project are named uniquely.
In addition, keep in mind that deleting all images from the local disk should only be done after

the project is complete and all images have been processed.

Testing Object Segmentation

The ultimate goal of the segmentation test is to identify an index that effectively
segments both the objects of interest (leaflets) and the reference alongside another index that
solely isolates the reference (Figure 4). In the former scenario, the objects of interest and the
reference should be distinctly highlighted, with the image’s background appearing white
(Figure 4). Conversely, the reference will be depicted in black against a white background
(Figure 4). It is crucial to emphasize that the final image (Figure 4) should be derived from the

initial segmented image (Figure 4).
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Figure 4. Segmentation test for both the objects of interest (leaflets) and the reference (yellow

rectangle) (A) and the reference only (B).

This step is pivotal for selecting Vs that effectively segment the objects and references
within the images. If the images were acquired under controlled lighting conditions and retained
consistent background colors and references, subsequent steps involving extracting variable

sets from the studied objects are expected to require no adjustments.
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Before starting the segmentation test, researchers with prior knowledge of VIs that
might be useful can add these indexes to the “indexes.csv” file in the pliman package. To access
the directory containing the indexes.csv file, run the command
utils::browseURL(system.file(package="pliman")) in the RStudio Console. Adding new VIs to
the indexes.csv file will include them in the set of variables that will be extracted subsequently.

The pliman package includes 55 indexes, yet only 43 belong to one of the three color
systems (RGB, HSB, and CIELab) capable of segmenting three-band images. In this study, 11
new VIs from the RGB color system were appended to the final lines of the “indexes.csv” file,
bringing the total count of useful VIs for segmenting three-band images to 54 (see

Supplementary CSV File available at https://github.com/barbosaw{/ImageAnalysis).

# Creating the file for the segmentation test script ---—----—"""-"-----———-

# Enter the line below in the RStudio Console to create the script file.
usethis::use r("SegmentationTests")

# Packages for use ———-—-—------mo oo

library("pliman")
library("tidyverse")

# Choose an image from those stored in the "ImagesProj" folder --------—-——-

# List the names of the first ten images

# Modify the extension pattern of your images (e.g., png or tiff) if
# it differs from what was used in this procedure

list.files ("ImagesProj", pattern = "jpg") [1:10]

# Finding the best VIs for segmentation ---------—--———-—————-———————————————

# Importing the image for segmentation tests. You should choose an image
# from the "ImagesProj" folder and replace the name "10.jpg"

# in the function image import ()

img <- image import("10.jpg", path = "ImagesProj", plot = T)

# Segmentation with all VIs and false for inversion (invert = F).
# Look for VIs that segment the objects under study and the reference.
# The background will be white. The objects under study and the reference
# will be highlighted.
image segment (
# image chosen for segmentation

img,
# index = "all" performs segmentation using all available VIs
index = "all",

# Processes the images asynchronously in parallel
parallel = T,

# Display the image segmented with all available VIs
plot = T,
# invert

= F does not invert the segmentation
invert = F


https://github.com/barbosawf/ImageAnalysis
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Segmentation with all VIs and true for inversion (invert = T).
Look for VIs that segment the objects under study and the reference.
If the inversion parameter is enabled (invert = TRUE), the segmentation

in the image will occur in the region complementary to the desired object.
For the selected indexes, the objects under study and the reference would
appear white, with the background highlighted. However, when inversion

is activated, the opposite occurs.

image segment (

# image chosen for segmentation

H o W o 3 o

img,
# index = "all" performs segmentation using all available VIs
index = "all",

# Processes the images asynchronously in parallel
parallel =T,

# Display the image segmented with all available VIs
plot = T,
# invert

= T inverts the segmentation
invert = F

# Expanded view of segmentations with the chosen VIs -——---—---———————-————

# VIs for segmenting the objects under study and the reference when
# inversion is false (invert = F).

# Replace these indexes to fit the segmentation of your image.

VIs obj ref inv false <- c("SCI", "HUE", "R-G", "RGRI", "MyIndex")

# Display the segmentation of the study objects (leaflets) and the reference
# comprehensively when inversion is set to false (invert = F).
map (VIs _obj ref inv false,

~ image segment (

img,

index = .x,
plot = T,
filter = 4,
invert = F

))

# VIs for segmenting the objects under study and the reference when
# inversion is true (invert = T).
# Replace these indexes to fit the segmentation of your image.
VIs obj ref inv true <-
c ("NG",
"GLI",
"NGRDI",
"VARI",
"GLAI",
IVG_R" ,
"MNGRDI",
"EXG",
"VEG")

# Display the segmentation of the study objects (leaflets) and the reference
# comprehensively when inversion is set to true (invert = T).
map (VIs obj ref inv true,

~ image segment (

img,

index = .x,
plot = T,
filter = 4,

invert = T
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# Finding the optimal segmentation for the reference only -—-—--——------————-

# First, segment the study objects and the reference.
# Use an index that supports this (e.g., SCI).
# Specify whether inversion is true or false for the chosen index.
seg obj ref <-
image segment (

img,

index = "SCI",
plot = T,
filter = 4,
invert = F

# Indexes to try to segment only the reference.

# Only "RGB", "HSB", and "CIELab" band indexes segment three-band images
pastel (system.file (package = "pliman"), "/indexes.csv") |>

read csv2(show col types = FALSE) |[>

filter at(vars(Band), ~ . %in% c("RGB", "HSB", "CIELab")) |[>

select ("Index") |>

pull () ->

indexes for use

names (indexes for use) <- indexes for use

# Saves VIs that can be used to segment three-band images
# This file will also be used in the VarExtraction.R and
# VarExtractionFailedObj.R scripts

saveRDS (indexes for use, "indexes for use.rds")

# Determine which VIs can segment only the reference using the
# image binary() function with inversion set to false (invert = F).
# The reference should appear black while the rest of the image is white.
seg only ref inv false <-
map (indexes for use, \ (x)
try(image binary(
seg_obj ref,
index = x,
plot = T,
filter = 4
parallel = T,
invert = F
))
)

# Determine which VIs can segment only the reference using the
# image binary() function with inversion set to true (invert = T).
# The reference should appear black while the rest of the image is white.
seg only ref inv true <-
map (indexes for use, \ (x)
try(image binary(
seg obj ref,
index = x,
plot = T
filter =
1

# Reference pixels about the VIs ---------—---—-——————————————————————————

# Here, you can find the number of reference pixels corresponding to
# each VI chosen for segmentation.
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# Reference segmentation using the "R-B" index when invert = FALSE
length(which(seg only ref inv false$'R-B'$'R-B’ != 1))

# Reference segmentation using the "HUE2" index when invert = TRUE
length(which(seg only ref inv trueSHUE2SHUE2 != 1))

# Reference segmentation using the "B-R" index when invert = TRUE
length(which(seg only ref inv true$ B-R'$'B-R° != 1))

# Reference segmentation using the "b*" index when invert = TRUE
length(which(seg only ref inv true$ 'b* $'b*" != 1))

# Reference segmentation using the "b*-a" index when invert = TRUE
length(which(seg only ref inv true$ 'b*-a '$'b*-a’ != 1))

Extraction of Variable Sets

Various variable sets can be extracted after identifying optimal VIs for segmenting the
objects under study (e.g., leaflets) and the reference. The algorithm detailed in this study was
engineered to afford safeguarding measures and preclude redundant processing of images
within a designated directory. This design obviates the necessity of manually removing
processed images from the folder. The implementation ensures that newly added images are
consistently appended to the end of a list, enabling the algorithm to discern and circumvent
those that have been previously processed.

Furthermore, an algorithmic measure for computational processing protection has been
integrated. Given the capability of the “analyse objects()” function within the pliman package
to process all images within a designated directory, the computational demands, particularly
regarding RAM allocation, may become excessive when confronted with a large volume of
images. A protective mechanism was established to reduce this risk by organizing images into
batches of 150 within a list object in R. These batches are subsequently accessed through a loop
created by the for() function. Depending on the computational capabilities at the researcher’s
disposal, the batch size accessed during each iteration can be adjusted accordingly.

Ultimately, after diverse variable sets were extracted from the elements depicted in the
images, they could be archived in Microsoft Excel spreadsheet format, denoted by the extension

" xIsx" in the "Sheets" folder.

# Creating the script file for variable extraction ---—————=--—-———————————
# Enter the line below in the RStudio Console to create the script file.
usethis::use r("VarExtraction")

# Packages foOr Usage ———————————m e m
library ("pliman")

library("tidyverse")
library ("writexl1l")



# Files for analysis ———————————————————————— -

Specifies the maximum number of images to be analyzed simultaneously.
The value of n imgs can be modified based on the user"s
computational capabilities.

_imgs <- 150

5o = 3

# Saves the initial data processing date.

# Additionally, it lists and saves the initial set of images for processing.

if (!file.exists("initial data.rds")) {
# Saves the initial date of algorithm usage.
saveRDS (Sys.time (), file = "initial data.rds")

# Create a vector containing the names of all images within the
# ImagesProj directory.
img files <- list.files ("ImagesProj")

# Create a list that limits the number of images analyzed at a time.
# The user can adjust the number of images (n_imgs) as needed.
split file list <-

split (img files, ((seq along(img files) - 1) %/% n_imgs) + 1)

# Save the list for future use.
saveRDS (split file list, file = "split file list.rds")

# Determine the difference between the current list of images and
# the previous list. Then, append the new images to the end of the
# previous list
if (Sys.time() > readRDS("initial data.rds")) {

# Read the previously saved list of images.

split file list <- readRDS("split file list.rds")

# Retrieve a vector of the listed images
last imgs <- as.vector (unlist(split file list))

# Retrieve the length of the previous list of images.
1 <- length(split file list)

# Get the distinction between the current images in the ImagesProj
# folder and the previous image list.
img diff <- setdiff(list.files("ImagesProj"), last imgs)

# Create a list that limits the number of images analyzed at a time.
# The user can adjust the number of images (n_imgs) as needed.
split file diff <-

split(img diff, ((seq_along(img diff) - 1) %/% n_imgs) + 1 + 1)

# Concatenate the previous list with the new one obtained by
# calculating the list difference
split file list <- c(split file 1list, split file diff)

# Save the list for future use.
saveRDS (split file list, file = "split file list.rds")

# Acquisition of variable sets --------------------———————————

# The project directory required internally for the routine established
# by the for() function.
project path <- rstudioapi::getActiveProject ()
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# Create the "Features" directory to store the objects saved within
# the for() loop routine.
if (!dir.exists ("Features")) {

dir.create ("Features")

}

# Available vegetative indexes

# Only "RGB"™, "HSB", and "CIELab" band indexes segment three-band images
# Reads VIs that can be used to segment three-band images
indexes for use <- readRDS ("indexes for use.rds")

# Padding width of the numerical sequence to name the
# result files in order within the for() routine.
pad width <- nchar (max(as.numeric (names(split file 1list)))) + 1

# Saves the padding width to be used also
# in VarExtractionFailedObj.R script
saveRDS (pad_width, "pad width.rds")

# Routine for obtaining sets of variables.
# Adjust the "split file list" object as necessary.
for (i in seq len(length(split file list))) {

# Item from the running list
list item <- names(split file list[i])

# This condition controls the creation of objects from the

# analyse objects() function. When i > 1, all items in the

# "split file list"™ will be processed. If i > 1 (as long as it is < the
# size of the list), only a subset of the items will be processed.

# Hence, if your processing unexpectedly halts (e.g., due to a power

# outage), you can review the processed items on the list and resume

# from where you left off, ensuring continuity in processing the

# remaining items.

if (1 >= 1) {

# Creates a folder for temporarily copying n images (as defined in the

# n_imgs object above) to be processed at once.
dir <- "ImagesProj/tmp"
dir.create(dir )

# Copies the n images to the "tmp" folder.

# Modify the "split file list" object as needed.

p <- paste0(project path, "/ImagesProj/", split file list[[i]])
file.copy(p, dir )

# Function for extracting variable sets.
analyze objects (

# When pattern = "", all images currently in the directory dir
# will be analyzed.

pattern = "",

# Directory from which the images will be analyzed.

dir original = dir ,

# Directory where the processed images will be saved.

dir processed = "Proc ImagesProj",

# Determines if the processed image has a reference.
reference = TRUE,

# Reference area.

reference area = 18,

# Index for removing only the background from the images.
# In this work, it was determined with invert = FALSE.

back fore index = "SCI",

# Index is used to remove the background and the studied objects.
# In this work, it was determined with invert = TRUE.
fore ref index = "HUE2",

# When objects in the image are not closely spaced, it"s preferable
# to set watershed = FALSE. However, if they are very close or

29
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# slightly overlapping, it"s advisable to switch it to TRUE.
watershed = FALSE,
# Adds identification to the objects under study.

marker = "id",
# Size of the marker in the objects under study.
marker size = 4,

# Filter used in image processing.
filter = 4,
# Filling in holes within the objects being studied. Specifying
# £ill hull = TRUE will account for internal holes, possibly
# created by insects in the total area of the leaflets.
fill hull = TRUE,
# Executes image processing in parallel, utilizing multiple
# processor cores simultaneously.
parallel = TRUE,
# Do not display the processed image (the default setting of the
# function is TRUE).
plot = FALSE,
# Saves the processed images. This enables verification of the
# image processing quality later on.
save image = TRUE,
# Vector to specify the inversion of indexes. In this work, FALSE
# was set for the "SCI" index and TRUE for the "HUE2" index.
invert = c¢(FALSE, TRUE),
# Color of the background of the processed and saved image.
col background = "white",
# Outline the thickness of the objects under study in the processed
# and saved images.
contour size = 2,
# Vegetative indexes to be used as one of the variable sets.
# This parameter of the function is defined as a vector of VIs.
object index = indexes for use,
# Specify if texture characteristics will be computed.
haralick = TRUE,
# Specifies whether Fourier coefficients will be extracted.
efourier = TRUE,
# Defines the number of harmonics for the Fourier coefficients.
# Objects with deeper contours need a greater number of harmonics
nharm = 10
) —-> features

# Saves the "features" object in the Features folder
saveRDS (features, file = paste0(
"Features/features ",

str pad(list item, width = pad width, pad = "0"),
".rds"
))
# Removes the last object created by the analyse objects() function.

rm("features")

# Removes the "tmp" directory.
unlink (dir , recursive = TRUE)

# Cleans up the system memory during the routine created
# by the for () function.
gc ()

# Combining the files of all processed images —-——-———-—"""-"—""""—"—""-"—"—"—"—~—————

str c("Features/features ",
str pad(
names (split file list),
width = pad width,
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pad = "0"),
".rds") |>
map (readRDS) ->
all features

# Display the objects within the "all features" list
all features |[>
map (names)

# Images that failed to detect the number of objects under study ----------
Lists the images where there was a failure to detect the number of

objects under study. In this work, the failure occurred when a number
other than nine leaflets were identified.

H H

# Creates a list that can substitute the "split file list" in the routine
# created using the "for ()" function.

failed imgs list <- list()

all features |[>

map ("count") |>
bind rows () |[>
filter (Objects != 9) ->

failed imgs

failed imgs

# Saves a table named "failed imgs", containing the identification of
# images with errors in object counting.
saveRDS (failed imgs, "failed imgs.rds")

# Counts the number of images that had failures.
failed imgs$Image |> length ()

# Stores the names of the images that failed for re-inclusion in the
# routine created by the "for ()" function.
if (!is_empty(failed imgs$Image)) {
failed imgs$Image [>
sort () |>
pastel (".jpg") ->
failed imgs 1ist[["0"]]

print (failed imgs list)

# Saves the list of images with failures.
if (!is_empty(failed imgs$Image)) {

saveRDS (failed imgs list, "failed imgs list.rds")
}

# Shape and texture features of images without failures ---———----------—-——-

all features |>

map dfr ("results") [>

filter(!img %in% c(failed imgsSImage)) |>

as_tibble() |[>

mutate (img = fct relevel (img, \(x) str sort(x, numeric = T)),
id = as_factor(id)) [>

arrange (img) ->
results imgs



results imgs
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# Descriptive statistics of the area of images without failures -----------

all features |[>

map dfr ("statistics") [>

pivot wider(values from = value, names from = stat) [>
filter(!id %in% c(failed imgs$Image)) [>

as_tibble() |[>

mutate (id =
arrange (id) ->
statistics imgs

statistics imgs

fct relevel (id, \ (%) str sort(x, numeric =

T))) I>

# Mean of the VIs for each object being studied within each image ---------

all features |>

map dfr ("object index") [>

filter(!img %in% c(failed imgs$Image)) [>

as_tibble() |[>

mutate (img = fct relevel (img, \(x) str sort(x, numeric
id = as_factor(id)) [>

arrange (img) ->

object index imgs

object index imgs

# Fourier coefficients for each object within each image

all features |[>

map dfr ("efourier") |>

filter(!img %$in% c(failed imgsSImage)) |>

as_tibble() |>

mutate (img = fct relevel (img, \(x) str_sort(x, numeric
id = as_factor(id)) [>

arrange (img) ->
efourier imgs

efourier imgs

# Normalized Fourier coefficients for each object within

all features |[>

map_dfr ("efourier norm") [>

filter(!img %$in% c(failed imgsS$Image)) |>

as_tibble() |[>

mutate (img = fct relevel (img, \(x) str sort(x, numeric
id = as_factor(id)) [>

arrange (img) ->
efourier norm imgs

efourier norm imgs

=T)),

each image -------

# Error between original and reconstructed contours by DEF —-—--——--———-—-————-

all features |>

map dfr ("efourier error") |>

filter(!img %in% c(failed imgsSImage)) |>

as_tibble() |[>

mutate (img = fct relevel (img, \ (%) str sort(x, numeric

id = as_factor(id)) [>

=T)),
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arrange (img) ->
efourier error imgs

efourier error imgs

# Minimum harmonics --------------"-"—""—"-"-"—"-"—"—"—"—\—"—"—~—"—~\—~—(—~ (-

all features |[>

map dfr ("efourier minharm") |>

filter(!img %$in% c(failed imgsS$Image)) |>

as_tibble() |[>

mutate (img = fct relevel (img, \(x) str sort(x, numeric = T)),
id = as_factor(id)) [>

arrange (img) ->

efourier minharm imgs

efourier minharm imgs

# Saving the variable sets -—-—-----——---——-——--———————————

# Lists the various sets of variables that can be extracted from
# the analyse objects () function.
set var <- list(

"results imgs",

"statistics_ imgs",

"object index imgs",

"efourier imgs",

"efourier norm imgs",

"efourier error imgs",

"efourier minharm imgs"

# Creates the "Sheets" folder within the project directory to save
# Excel spreadsheets
if (!dir.exists ("Sheets")) {

dir.create ("Sheets")

}

# Saves the variable sets in tables with the Excel extension "xlsx".
set var |>
map (\ (x) write xlsx(get(x), path = pasteO("Sheets/", x, ".xlsx")))

Notes: It is important to note that some VlIs in the Excel spreadsheet “object_index imgs.xIsx”
remain uncomputed due to potential indeterminacies arising from the mathematical
relationships between the RGB band values, depending on the color sets in the images.

Additionally, some VIs may have infinite values.

Extraction of Variable sets from Images where Object Counting Failed

The algorithm of this section permits reprocessing images that encountered failures in
quantifying the objects under study (e.g., leaflets). Given the predetermined count of objects
within the image and the imperative of processing each comprehensively, a higher count may

imply the existence of background artifacts, such as dirt and stains, resulting in inaccuracies in
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the extracted measurements. Conversely, a lower count may suggest object overlap, extreme
proximity, or inadequacies in segmentation by the selected VI.

In the algorithm of the previous section, a filtering mechanism is applied to identify
images that encountered failures in counting the objects, segregating their names into a distinct
list named “failed imgs list". Subsequent reprocessing of these images requires adjustment of
specific parameters within the “analyse objects()” function for variable set extraction. For
instance, alterations in VIs may be warranted in cases of segmentation failure, while setting
watershed = TRUE becomes imperative to address instances of object overlap (Figure 5).
However, it is important to note that setting “watershed = TRUE” is essential for accurately

counting leaflets that are attached by petioles.

Figure 5. Failure in quantifying the objects under study by the function “analyze object()”. In
A, the parameter “watershed” of the function “analyze object()” was set to FALSE, and in B,
it was set to TRUE.

The output of reprocessed images from this new algorithm will yield an R object
designated with the index “00” (i.e., “features 00”) to avert confusion with previously
generated objects (i.e., “features 017, “features 027, “features 03”, and so forth) devoid of
failures in object identification. Naturally, the algorithm below should be executed only in cases

where there are failures in counting the objects of interest.

# Creating the script file for variable extraction (Failed Obj.) --—-—-—-—---
# Enter the line bellow in the RStudio Console to create the script file.
usethis::use r("VarExtractionFailedObj")

# Packages for usage ————--—--—-—- oo

library ("pliman")
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library("tidyverse")
library ("writexl1l")

# Acquisition of variable sets ----—---—---------——--———— -

# The project directory required internally for the routine established
# by the for() function.
project path <- rstudioapi::getActiveProject ()

# Available vegetative indexes

# Only "RGB", "HSB", and "CIELab" band indexes segment three-band images
# Reads VIs that can be used to segment three-band images
indexes for use <- readRDS ("indexes for use.rds")

# Padding width of the numerical sequence to name the
# result files in order within the for() routine.

# Read the padding width

pad width <- readRDS ("pad width.rds")

If, after running the VarExtraction.R script, there are images where
object counting failed, generating the "failed imgs list" object.
Then run a line below and continue to run the script. However,

you need to modify the arguments in the "analyse objects ()" function
to improve object identification. In this study, simply setting
"watershed" to TRUE was sufficient.
ailed imgs list <- readRDS("failed imgs list.rds")

Fh e = e e S e

If, after running the VarExtractionFailedObj.R script, there are images
where object counting failed, generating the "new failed imgs list"
object. Then, return to this point, uncomment the line below, and rerun
the routine with different arguments in the "analyse objects ()" function
to improve object identification.

failed imgs list <- readRDS("new failed imgs list.rds")

B

# Routine for obtaining sets of variables.

for (i in seq len(length(failed imgs list))) {
# Item from the running list
list item <- names(failed imgs list[i])

# This condition controls the creation of objects from the

# analyse objects() function. When i 2 1, all items in the

# "failed imgs list" will be processed. If i > 1 (as long as it is < the
# size of the list), only a subset of the items will be processed.

# Hence, if your processing unexpectedly halts (e.g., due to a power

# outage), you can review the processed items on the list and resume

# from where you left off, ensuring continuity in processing the
# remaining items.
if (1 >= 1) {

# Creates a folder for temporarily copying n images (as defined in the
# n_imgs object above) to be processed at once.

dir <- "ImagesProj/tmp"

dir.create(dir )

# Copies the n images to the "tmp" folder.

# Modify the "failed imgs list" object as needed.

p <- paste0(project path, "/ImagesProj/", failed imgs list[[i]])
file.copy(p, dir )

# Function for extracting variable sets.
analyze objects (



# When pattern = "", all images currently in the directory dir
# will be analyzed.

pattern = "",

# Directory from which the images will be analyzed.

dir original = dir ,

# Directory where the processed images will be saved.

dir processed = "Proc ImagesProj",

# Determines if the processed image has a reference.
reference = TRUE,
# Reference area.

reference area = 18,

# Index for removing only the background from the images.

# In this work, it was determined with invert = FALSE.

back fore index = "SCI",

# Index is used to remove the background and the studied objects.
# In this work, it was determined with invert = TRUE.
fore ref index = "HUE2",

# When objects in the image are not closely spaced, it"s preferable
# to set watershed = FALSE. However, if they are very close or

# slightly overlapping, it"s advisable to switch it to TRUE.
watershed = TRUE,

# Adds identification to the objects under study.

marker = "id",

# Size of the marker in the objects under study.
marker size = 4,

# Filter used in image processing.

filter = 4,

# Filling in holes within the objects being studied. Specifying
# £fill hull = TRUE will account for internal holes, possibly
# created by insects in the total area of the leaflets.
fill hull = TRUE,
# Executes image processing in parallel, utilizing multiple
# processor cores simultaneously.
parallel = TRUE,
# Do not display the processed image (the default setting of the
# function is TRUE).
plot = FALSE,
# Saves the processed images. This enables verification of the
# image processing quality later on.
save image = TRUE,
# Vector to specify the inversion of indexes. In this work, FALSE
# was set for the "SCI" index and TRUE for the "HUE2" index.
invert = c¢(FALSE, TRUE),
# Color of the background of the processed and saved image.
col background = "white",
# Outline the thickness of the objects under study in the processed
# and saved images.
contour size = 2,
# Vegetative indexes to be used as one of the variable sets.
# This parameter of the function is defined as a vector of VIs.
object index = indexes for use,
# Specify if texture characteristics will be computed.
haralick = TRUE,
# Specifies whether Fourier coefficients will be extracted.
efourier = TRUE,
# Defines the number of harmonics for the Fourier coefficients.
# Objects with deeper contours need a greater number of harmonics
nharm = 10
) —-> features

# Saves the "features" object in the Features folder
saveRDS (features, file = paste0(
"Features/features ",
str pad(list item, width = pad width, pad = "0"),
".rds"

))

# Removes the last object created by the analyse objects() function.
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rm("features")

# Removes the "tmp" directory.
unlink (dir , recursive = TRUE)

# Cleans up the system memory during the routine created

# by the for() function.
gc ()

# Images that failed to detect the number of objects under study ----------

# CAUTION! This step should only be done if reprocessing
# images that previously failed to identify the correct number of objects
# under study has succeeded. A new filtering is also performed
# if there is a need to reprocess new failures.
# Retrieves data from images that previously failed.
"Features/features 00.rds" |>
readRDS () -> features 00

# Images that failed to detect the number of objects under study ----------

Lists the images where there was a failure in detecting the number of
objects under study. In this work, the failure occurred when a number
other than nine leaflets were identified.

+= W

# Creates a list that can substitute the "new failed imgs list" in the routine
# created using the "for ()" function.

new failed imgs list <- list()
# Lists the images where there was no counting failure.
# In this work, the expected number is 9.
features 00Scount |>
filter (Objects != 9) -> new failed imgs
new failed imgs
# Saves a table named "new failed imgs", containing the identification

# of images with errors in object counting.
saveRDS (new _failed imgs, "new failed imgs.rds")

# Counts the number of images that had failures.
new failed imgs$Image |> length()

# Stores the names of the images that failed for re-inclusion in the

# routine created by the "for ()" function.
if (!is_empty(new failed imgs$Image)) {
new failed imgsS$Image |>
sort () |>

pastel (".jpg") ->
new failed imgs list[["O0"]]

print (new failed imgs list)

}

# Saves the list of images with failures.
if (!is_empty(new failed imgsS$Image)) {



saveRDS (new failed imgs list, "new failed imgs list.rds")

}

# Below are the new data obtained after reprocessing the images.
features 00Sresults |[>

filter(!img %in% new failed imgs$Image) [>

as_tibble() |[>

mutate (
img = fct relevel(img, \(x) str sort(x, numeric = T)),
id = as_factor(id)) |[>

arrange (img) ->
results remaning imgs

features 00$statistics |>

filter(!id %in% new failed imgs$Image) |>
pivot wider (values from = value, names from = stat) [>
as_tibble() |>

mutate (id = fct relevel (id, \ (%) str sort(x, numeric = T))) |[>
arrange (id) ->
statistics remaining imgs

features 00Sobject index [>

filter(!img %$in% new failed imgs$Image) [>

as_tibble() |>

mutate (
img = fct relevel(img, \(x) str sort(x, numeric = T)),
id = as_factor(id)) |[>

arrange (img) ->

object index remaning imgs

features 0OOSefourier |>

filter(!img %in% new failed imgs$Image) |>

as_tibble() |[>

mutate (
img = fct relevel (img, \(x) str_sort(x, numeric = T)),
id = as_factor(id)) |>

arrange (img) ->
efourier remaning imgs

features 0OS$efourier norm [>

filter(!img %in% new failed imgs$Image) |>

as_tibble() |[>

mutate (
img = fct relevel (img, \(x) str_sort(x, numeric = T)),
id = as_factor(id)) |[>

arrange (img) ->
efourier norm remaning imgs

features 0OSefourier error |[>

filter(!img %in% new failed imgs$Image) |[>

as_tibble() |[>

mutate (
img = fct relevel (img, \ (%) str sort(x, numeric = T)),
id = as_factor(id)) |[>

arrange (img) ->

efourier error remaning imgs

features 00Sefourier minharm |[>
filter(!img %$in% new failed imgs$Image) [>
as_tibble() |[>
mutate (
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img = fct relevel(img, \(x) str sort(x, numeric = T)),
id = as_factor(id)) |[>

arrange (img) ->

efourier minharm remaning imgs

# New tables with the data from the images that had failed ---———---------——-
# The previously failed images have been reprocessed and are now accurate.
# CAUTION! This step should only be executed if there is a need to add data
# from images that previously failed to identify all objects under study

# but were correctly identified after reprocessing.
results imgs |[>

bind rows (results remaning imgs) [>

mutate (
img = fct relevel(img, \(x) str sort(x, numeric = T)),
id = as_factor(id)) |[>

arrange (img) ->

results imgs

statistics imgs |>

bind rows(statistics_ remaining imgs) |>
mutate (
id = fct relevel (id, \(x) str_sort(x, numeric = T))) |[|>

arrange (id) ->
statistics_ imgs

object index imgs [>

bind rows (object index remaning imgs) [>

mutate (
img = fct relevel(img, \(x) str sort(x, numeric = T)),
id = as_factor(id)) |[>

arrange (img) ->

object index imgs

efourier imgs [>

bind rows (efourier remaning imgs) |[>

mutate (
img = fct relevel (img, \(x) str_sort(x, numeric = T)),
id = as_factor(id)) |>

arrange (img) ->
efourier imgs

efourier norm imgs |[>

bind rows(efourier norm remaning imgs) |[>

mutate (
img = fct relevel(img, \(x) str sort(x, numeric = T)),
id = as_factor(id)) |[>

arrange (img) ->

efourier norm imgs

efourier error imgs |[>

bind rows(efourier error remaning imgs) |>

mutate (
img = fct relevel(img, \(x) str sort(x, numeric = T)),
id = as_factor(id)) |[>

arrange (img) ->

efourier error imgs

efourier minharm imgs |[>
bind rows (efourier minharm remaning imgs) |>
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mutate (
img = fct relevel (img, \(x) str sort(x, numeric = T)),
id = as_factor(id)) |[>

arrange (img) ->

efourier minharm imgs

# Saving the variable sets - ———=--—--------—-—-
# Lists the various sets of variables that can be extracted from
# the analyse objects() function.
set var <- list(

"results imgs",

"statistics imgs",

"object index imgs",

"efourier imgs",

"efourier norm imgs",

"efourier error imgs",

"efourier minharm imgs"

# Saves the variable sets in tables with the Excel extension "xlsx".
set var |>
map (\ (x) write xlsx(get(x), path = pastel ("Sheets/", x, ".xlsx")))

Notes: In cases where images exhibit excessive objects, possibly due to artifacts, you can locate
these images in the “Proc ImagesProj” folder. If adjustments to the arguments of the
“analyze objects()” function fail to address artifact counting adequately, you may need to

modify the image to remove them. However, you can also perform post-processing filtering.

CONCLUSION

This method furnishes guidelines, rationales, and scripts tailored for extracting diverse
sets of variables (comprising VIs, shape measures, EFDs, and texture characteristics) from RGB
images, leveraging a database of soybean leaflet characterization. These procedures were
systematically applied to all available images, demonstrating suitability for the objectives.
Furthermore, this method offers versatility for potential employment, refinement, and

adaptation across various research scenarios.
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CHAPTER 2

THE IMPORTANCE OF PHENOMIC DATA FOR PATTERN RECOGNITION IN
SOYBEAN (Glycine max (L.) Merr.) LINES
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ABSTRACT

Digital imaging has emerged as a transformative tool in plant characterization within breeding
programs, enhancing precision, accuracy, and efficiency in phenotyping processes. Image
analysis provides critical insights for interpreting agricultural phenomena, guiding breeding
strategies, and optimizing resources. Soybean plants can be effectively characterized through
dimensional traits and attributes extracted from images, such as area, perimeter, texture, and
vegetative indices. Moreover, Haralick texture features and elliptical Fourier descriptors offer
valuable metrics for morphological characterization. This study aimed to extract diverse
datasets from images of soybean leaflets, encompassing traits related to shape, texture, Fourier
descriptors, and vegetative indices, and to evaluate their effectiveness in discriminating and
identifying distinct cultivar patterns in a germplasm bank. Results demonstrated that vegetative
indices were the most frequently represented traits, while Fourier descriptors exhibited minimal
redundancy. Each dataset revealed unique aspects of genotypic discrimination, identifying five
distinct patterns with over 50% agreement. These findings underscore the potential of phenomic
analyses to uncover genotypic patterns and identify critical traits for genetic improvement,

sparking further curiosity and exploration in this field.

Keywords: vegetative indices, texture traits, shape traits, elliptical Fourier descriptors.
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INTRODUCTION

Phenomics systematically studies phenotypes across diverse dimensions of an
organism’s biology. This field requires interdisciplinary efforts, encompassing molecular,
biochemical, cellular, genetic, and morphological analyses (BILDER et al., 2009; HOULE;
GOVINDARAJU; OMHOLT, 2010). Technological advancements, particularly in imaging
acquisition and processing, have significantly accelerated progress in phenomics by enabling
the preservation of analyzed material (WALTER; LIEBISCH; HUND, 2015) and the
generation of vast datasets (DE SOUSA et al., 2015).

Image-based phenotyping stands out due to its precision, accuracy, and speed, often
surpassing conventional methods susceptible to individual biases and higher costs (COBB et
al., 2013; CORTES et al., 2017). Imaging technologies expand phenotypic evaluation to
structural levels that were previously difficult or expensive to assess (BILDER et al., 2009;
CLARK et al., 2011; HOULE; GOVINDARAJU; OMHOLT, 2010; LENK et al., 2007,
MERLOT et al., 2002). Applications range from traditional methods like photography and light
microscopy to cutting-edge techniques such as thermography, fluorescence, tomography, and
nuclear magnetic resonance imaging (BERGER; PARENT; TESTER, 2010; HOULE;
GOVINDARAJU; OMHOLT, 2010; MONTES; PAUL; MELCHINGER, 2007).

In agriculture, imaging technologies are revolutionizing decision-making processes,
making them more precise and efficient in this critical domain (LI; ZHANG; HUANG, 2014;
OMARI et al., 2020; TILLETT, 1991). Crop breeding, a cornerstone of agricultural
development, has increasingly integrated digital imaging into its processes (CORTES et al.,
2017; DIPTA et al., 2023). Significant investments have been made in high-throughput
phenotyping platforms to facilitate collecting, processing, and storing image data for plant
breeding (ARAUS; CAIRNS, 2014; CHAWADE et al., 2019; XU; LI, 2022).

Soybean (Glycine max (L.) Merr.), one of the world’s most in-demand crops, has greatly
benefited from image analysis, particularly in various stages of breeding (ALABI et al., 2022;
ANDERSON et al., 2019; DA SILVA JUNIOR et al., 2018). Morphological characterization
of vegetative parts of soybeans using image analysis is well-established (GRINBLAT et al.,
2016; HE; MA; GUAN, 2022; LARESE et al., 2014; MOMIN et al., 2017). Traits such as leaf
shape, texture, and color are not only helpful in distinguishing lines or cultivars but are also
linked to agronomic attributes like yield potential, pest and disease resistance, and
environmental adaptability (NICOTRA et al., 2008, 2011; REN; WERADUWAGE;
SHARKEY, 2019; ROWLAND et al., 2020).
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Once measured manually, shape traits like area, perimeter, length, and width of
vegetative parts can now be accurately extracted using digital image analysis (OLIVOTO,
2022). Additionally, the shape of plant structures can be mathematically described through
equations for two-dimensional contours, such as elliptical Fourier descriptors (EFDs), derived
from image data (KUHL; GIARDINA, 1982; NETO et al., 2006; VISCOSI; FORTINI, 2011).

Texture and color, though visually observable, require computational metrics for
quantitative analysis. Texture is quantified based on spatial dependencies in grayscale values,
as demonstrated by Haralick and colleagues (HARALICK; SHANMUGAM; DINSTEIN,
1973). Colorimetric traits of plants or vegetation can be assessed using vegetative indices (VIs),
calculated from image bands (e.g., RGB), which enhance sensitivity to specific traits (FANG;
LIANG, 2014).

Given these advancements, this study aims to extract diverse datasets from images of
soybean leaflets, focusing on traits related to shape (e.g., area, perimeter), texture, Fourier
descriptors, and vegetative indices. Furthermore, it evaluates the ability of these datasets to
discriminate and identify distinct patterns among cultivars in a germplasm bank, providing

insights for improving genetic selection and breeding strategies.

MATERIALS AND METHODS
Soybean Cultivation

The experiment with soybean lines in the F3 generation was conducted at the
experimental field of the Universidade Regional do Noroeste do Estado do Rio Grande do Sul
(UNIJUT), located in Tjui — RS (Latitude: 28° 23” 16 S; Longitude: 53° 54’ 53” W). Each line
was cultivated in 2 x 0.5 m? plots, organized into augmented blocks with interspersed four
control cultivars. Fifteen blocks were established, each containing approximately 100 lines,
resulting in 1,449 overall.

Sowing occurred on three dates: lines 1 to 1,000 were planted on October 14, 2022; lines
1,001 to 1,300 on October 17, 2022; and lines 1,301 to 1,449 on October 18, 2022. Fertilization
involved pre-application of 100 kg/block of organic fertilizer (Sulfacal), 8 tons of Biogranum
(asilicon, calcium, and magnesium supplement), and 6 kg/block of a 3-21-21 (N-P-K) fertilizer
applied in two equal doses of 3 kg each.
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Image Acquisition and Phenotypic Data Extraction

Phenotypic analyses were based on RGB images of leaflets collected at the RS growth
stage. Between 8:00 AM and 4:00 PM, one leaf from the middle third of three plants was
collected from each line. The leaves were transported to the laboratory, detached and arranged
on red cardboard in three horizontal rows. A yellow reference marker with 18 cm? was included
to convert pixel metrics into standard measurement units.

Images were captured with a digital camera positioned 50 cm above the leaflets,
configured at a resolution of 1,280 x 1,024 pixels and 96 dpi. All images were systematically
named. Due to a ~23.74% cultivation loss, images were taken for 1,105 lines out of the 1,449
initially planted, resulting in 9,945 observations (9 leaflets per line).

Data processing was performed using R version 4.2.3 (https://cran.r-project.org/)

integrated with RStudio (https://posit.co/download/rstudio-desktop/). Phenotypic attributes

were extracted using the pliman package (OLIVOTO, 2022), while data manipulation was
facilitated by the tidyverse package version 2.0.0 (WICKHAM et al., 2019).

Attributes extracted from each leaflet were averaged to generate representative values
for each line, reducing the 9,945 individual observations to 1,105 summarized records. A
detailed description of the extracted phenotypic attributes is provided in the Supplementary
Table S1.

Characterization of Phenomic Data
A single image can generate numerous functional attributes in various genetic studies.
In this study, the soybean leaflet attributes were grouped into four distinct sets based on the
type of information they provided:
1. General shape characteristics: area, perimeter, length, etc.;
2. Texture characteristics: derived from Haralick descriptors.
3. Vegetative indices (VIs): calculated from RGB image bands;
4. Elliptical Fourier descriptors: it mathematically describes contours.
The data sets were evaluated for informational content and efficiency using the
following criteria:
e Information redundancy: identified by Pearson correlations > 0.95.
e Information replication: detected by Pearson correlations equal to 1.

e Recognition of highly correlated blocks: visualized through correlation networks.


https://cran.r-project.org/
https://posit.co/download/rstudio-desktop/
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Discrimination Capacity Using Phenotypic Data

Statistical strategies were employed to assess the phenotypic datasets’ genotypic
discrimination capacity and evaluate their consistency in differentiating soybean genotypes.

A Principal Component Analysis (PCA) was first performed, a method initially
proposed by Pearson (1901) and mathematically formalized by Hotelling (1933). PCA reduces
the data’s covariance structure by rigidly rotating the coordinate axes to align with the directions
of maximum variability. It generates p principal components that are linear combinations of the
original attributes, ordered by their variance magnitude.

The PCA allowed the evaluation of:

1. Genotypic differentiation through scatterplots of scores for the first two principal
components.

2. Dimensionality reduction by determining the minimal number of components needed.

3. The relative contribution of each attribute to the total variability of each phenotypic set.

Subsequently, the scores from the first two principal components were used in a
Procrustes analysis to assess the concordance of dissimilarity patterns across phenotypic
datasets. This technique minimizes data discrepancies by applying geometric transformations
such as rotation, scaling, and reflection (DRYDEN; MARDIA, 1998; GREY, 1981).

A Mantel test was also conducted to measure the association between dissimilarity
matrices generated by each dataset. This test uses Pearson correlation coefficients to compare
standardized Euclidean distances between genotypes (BORCARD; LEGENDRE, 2012;
LEGENDRE; FORTIN, 2010; LEGENDRE; LEGENDRE, 2012). The standardized Euclidean

distances were calculated as follows:

p

D,y = Z(k_—k) %

S
k=1 kk

Where:
* Xjk: the value of trait k for genotype i;
e X the value of trait k for genotype i’;
e syi: variance of trait k;

e p: total number of traits.

Scatterplots of pairwise phenomic distance matrices were generated to infer

concordance graphically. Points concentrated in quadrants 1 and 3 indicated
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similarity/dissimilarity agreement, while concentration in quadrants 2 and 4 suggested

divergences.

Pattern Recognition in the Soybean Germplasm Bank

Pattern recognition was performed using the k-means clustering algorithm for each
phenotypic dataset. This method groups observations into k clusters by assigning them to the
nearest cluster centroid based on measured attributes. The algorithm iteratively refines the
centroids until within-cluster similarity is maximized (BISHOP; NASRABADI, 2006).

This study used the elbow method to determine each dataset’s optimal number of clusters (k).
This method involved finding the more considerable distance between the perpendicular
distances calculated from intermediate points (X, y), the line connecting the first (x4, y;) and last
(Xp, Yn) points on the elbow graph (KETCHEN; SHOOK, 1996).

The line passing through the points (x4, y;) € (X, yn) 1s represented by:

Ax+By+C=0 (2)
Where:
e A=y,—V¥
e B=x; -y,

e C=xXpy1 —X1¥Yn
The perpendicular distance d from a point (X, y) to the line defined
Ax + By + C = 0 is given by:
|Ax + By + C|

The concordance between phenotypic information sets in cluster formation was assessed

(3)

after the clustering process. This procedure was done by computing the harmonic mean of the
number of clusters combined with the arithmetic mean of the Jaccard indices (JACCARD,
1912). The Jaccard indices were calculated for each pair of clusters formed by the different
phenotypic information sets. Thus, the concordance proportion (Pxy) between two phenotypic
information sets X e Y was defined as:

anpXY
T99) :
n+m Pxvy; = n+m @

i=1 j=

PXY -

Where:

¢ n and m: the number of clusters formed by X e Y, respectively;
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Nxiny; . : . :
e pxy. = — the proportion of the intersection over the union of clusters X; e Y;,
XYij Nx;u vy !

j
commonly referred to as the Jaccard index;

e Dpxy: represents the arithmetic mean of the Jaccard indexes between clusters formed

from the attribute sets X e Y. It is calculated as:

1 n m
Pxy = EZ Z Pxy;; (5)

i=1 j=1

Figure 1. Schematic representation of the calculation of the Jaccard index (pXYi].) between the i-

th(i = 1,2,...,n) cluster generated from attribute set X and the j-th (j = 1,2,..., m) cluster

generated from attribute set Y. The bidirectional dashed arrow indicates that Pxy; is computed

in both directions, from X to Y and vice versa, resulting in two equivalent calculations.

For complete concordance between the sets in cluster formation, meaning Pyy = 1, the
following conditions must be met:
1) The sum of the number of clusters in X and Y must be equal twice the sum of Jaccard

indexes calculated between the clusters obtained from X and Y, i.e.:

n m
n+m=ZZZpXYU (6)

i=1 j=1

2) The number of clusters in X and Y must be equal (n = m = k):
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k= Z Pxy;; (7)

i .

k k
=1 ]:1

3) Each cluster in X must correspond precisely to one cluster in Y (pXYH = 1). Thus, k Jaccard

indexes will equal to 1 (pXYI] =1).

4) There must be no intersection between distinct clusters. Therefore, there will be k? —k

Jaccard indexes equal to zero (pXYH, =0for]" #]).

Some correspondence exists for situations where 0 < Pxy < 1, but the attribute sets
X and Y are not entirely equivalent.
Concordance between cluster pairs and concordance between phenotypic information

sets was visualized using Sankey diagrams.

RESULTS AND DISCUSSION
Phenomic Data Characterization

This study explored the extraction of phenomic information from soybean leaflets,
focusing on metrics related to shape, texture, EFDs, and vegetative indices. Quantitatively, the
vegetative indices dataset was the most extensive, comprising 43 attributes, followed by the
elliptical Fourier descriptors (40 attributes), shape metrics (31 attributes), and texture metrics
(13 attributes). In total, 127 attributes were analyzed for pattern recognition.

While the digital image analysis yielded a relatively high number of attributes, assessing
redundancy within each phenomic dataset is essential to evaluate their effectiveness in
distinguishing among the evaluated units. The average attribute values of the leaflets for each
soybean lineage represented these units. Figure 2 reveals that the shape dataset exhibited the
highest internal redundancy, with many attribute pairs showing strong correlations (depicted by
intensely red tones). The attributes used to construct the correlation plots (Figure 2) are listed
in Supplementary Table S1, arranged in the same order as displayed on the x-axis (left to right)
and y-axis (bottom to top). Detailed descriptions of each attribute are available in the

documentation for the analyze objects() function from the pliman package (OLIVOTO, 2022).
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Figure 2. Colorimetric representation of Pearson correlations derived from attributes related to
shape, texture, vegetative indices, and Fourier descriptors of soybean lines (Glycine max (L.)

Merr.).

Specifically, 69 of the 465 calculated correlations in this dataset had Pearson correlation
coefficients greater than 0.95 and were classified as redundant (Table 1). Furthermore, some
shape attributes exhibited perfect correlations (Pearson = 1), such as those between average
diameter and average radius and between maximum diameter and maximum radius. Despite
this redundancy, size-, area-, and perimeter-related attributes offer practical criteria for

differentiation, as they are easy for breeders to perceive and measure.
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Conversely, the elliptical Fourier descriptors dataset showed the lowest inter-attribute
associations (Figure 2, Table 1), suggesting that each attribute provides unique information
not represented by others within the same set. Although Fourier morphological description
generates four coefficients per harmonic, which may not be entirely independent (Haines et al.
2000), the limited number of highly correlated attributes observed here can be attributed to the

use of average leaflet coefficients to represent each lineage in the database.

Table 1. Number and percentage of redundant attributes within each set of phenomic

information. Redundant attributes were identified by Pearson correlations exceeding 0.95.

Set of features Total of Total of Redundant Redundant
features correlations correlations (n) *  correlations (%) *
Shape 31 465 69 14.84
Texture 13 78 5 6.41
Fourier 40 780 10 1.28
Vegetative indexes 43 903 61 6.76

* The number of replicates is also accounted for and is defined by a Pearson correlation of 1.

Genotypic Discrimination Capability of Phenomic Data

Beyond characterizing phenomic datasets and identifying redundant attributes,
genotypic discrimination analysis was performed using multivariate principal component
analysis (PCA). A significant cluster of lineages with high similarity patterns was concentrated
near the origin of PCA scatter plots. At the same time, some dispersed points indicated distinct

lineages warranting further investigation into agronomic traits (Figure 3).
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Figure 3. Scatter plot of scores from the first two principal components obtained from different
phenomic information sets (Shape, Texture, Fourier, and Vegetative Indices) extracted from

digital images of soybean leaflets (Glycine max (L.) Merr.).

PCA is advantageous for summarizing information into a few components when
redundancy exists, enabling structural simplification. Figure 4 confirms the redundancy levels
observed in Figure 2, with approximately 80% (or more) of the variance explained by two
principal components for all datasets except Fourier descriptors. This lack of redundancy
highlights the unique potential of Fourier descriptors in pattern recognition or discrimination

processes, though caution is advised when structurally simplifying this dataset.
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Figure 4. Percentage of variance explained by the first ten principal components derived from

different phenomic information sets (Shape, Texture, Fourier, and Vegetative Indices) extracted

from digital images of soybean leaflets (Glycine max (L.) Merr.).

Broadly, Figure S displays attribute importance measures from each phenomic dataset

concerning the first two principal components. Attributes with positive correlations cluster

together (forming angles < 90°), while negatively correlated attributes are on opposite sides of

the origin (> 90°). A color gradient at the top of each graph indicates the contribution of each

attribute, with attributes close to the origin deemed less critical (KASSAMBARA, 2017). A

notable number of highly correlated attributes were observed within the shape and vegetative

index datasets (Figure 5). Nevertheless, only a few attributes in each dataset showed minimal
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importance (blue tones) for forming the first two principal components, which captured the
most data variance (Figure 4).

Dimensionality reduction using PCA for phenomic data from soybean leaflets proves
valuable for statistical studies, particularly where high dimensionality presents challenges.
Identifying key and less critical attributes is crucial in breeding studies, where agronomic traits
differ in measurement difficulty due to labor, timing, environmental effects, and costs.
Discarding redundant or invariant attributes could reduce costs and optimize resources.

In this study, image analysis depended solely on computational tools capable of
extracting maximum information from refined images. Even if attribute discarding is
unnecessary, Figure 5 identifies attributes of greater interest for breeders to associate with other

agronomic, morphological, or physiological traits.
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Figure 5. Correlation, representation quality, and contribution of attributes to the first principal
components obtained through PCA performed on different phenomic information sets extracted

from digital images of soybean leaflets (Glycine max (L.) Merr.).

The scores of the first two PCA components also allow graphical agreement verification
between two datasets using Procrustes analysis (Table 2). The shape and vegetative index
datasets showed the highest graphical similarity, followed by texture and vegetative indices,

demonstrating significant concordance between their respective similarities and dissimilarities

(Table 2).
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Table 2. Results of the Procrustes analysis applied to the scores of the first two principal
components for each pair of attribute sets (Shape, Texture, Fourier, and Vegetative Indices)

extracted from digital images of soybean leaflets (Glycine max (L.) Merr.).

Pairs of feature groups

Shape Shape Shape Texture Texture Fourier
Statistics variables  variables variables variables variables descriptors
Texture  Vegetative Fourier Vegetative Fourier Vegetative
variables  indexes descriptors indexes descriptors indexes
Sum of squares  0.9020 0.7783 0.8960 0.8143 0.9629 0.9508
Correlation 0.3130 0.4709 0.3225 0.4309 0.1926 0.2218
Significance 0.0010 0.0010 0.0010 0.0010 0.0010 0.0010

Alternatively, the concordance among different information sets regarding genotypic
dissimilarity can be assessed without structurally simplifying the data. Thus, dissimilarity
matrices were generated for each phenomic dataset using Euclidean distances, and their
pairwise correlations were tested with Mantel tests (Table 3). Consistent with Procrustes’
results, except for correlation magnitude order, the highest agreement pairs were texture versus
vegetative indices and shape versus vegetative indices. Notably, although Table 3 shows
significant correlations for all pairs of distance matrices, these significant results are influenced
by the high degrees of freedom, as the dataset includes information from 1,105 soybean lines,

resulting in 609,960 dissimilarity measures.

Table 3. Results of the Mantel test, which was applied between pairs of dissimilarity matrices
derived from attribute sets (Shape, Texture, Fourier, and Vegetative Indices) extracted from

digital images of soybean leaflets (Glycine max (L.) Merr.).

Pairs of feature groups

Shape Shape Shape Texture Texture Fourier
Statistics variables  variables variables variables variables descriptors
Texture  Vegetative Fourier Vegetative Fourier Vegetative
variables  indexes descriptors indexes descriptors indexes
Mantel statisticr  0.2093 0.3091 0.2414 0.3996 0.0563 0.0487
Significance 0.0001 0.0001 0.0001 0.0001 0.0015 0.0041

A graphical inference can also be made using dissimilarity measures regarding the
degree of concordance between pairs of phenomic information sets. In this context, the less
elliptical distribution of points, predominance in quadrants 1 and 3 (counterclockwise order)

observed in Figure 6, indicates a lower information overlap among the generated datasets.
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Figure 6. Relationship between dissimilarity distances for pairs of attribute sets (Shape,
Texture, Fourier, and Vegetative Indices) extracted from digital images of soybean leaflets
(Glycine max (L.) Merr.). Red dashed horizontal and vertical lines indicate the medians of

dissimilarity distances for each phenomic information set.
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Soybean Germplasm Pattern Recognition Using Phenomic Data

Despite their redundancy and genotypic discrimination capabilities, the phenomic
datasets also have great potential for genotype pattern recognition — a critical approach in plant
breeding. The goal is to identify homogeneous groups without predefined target responses
(BISHOP; NASRABADI, 2006). In this study, K-means clustering identified five optimal
clusters (Figure 7) across all datasets. Despite the coincidence, the number of clusters was
mathematically determined by the most significant perpendicular distance from the

intermediate (X, y) points to the line connecting the extreme points on the Elbow curve.
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Figure 7. The elbow method determines the number of clusters used in the k-means algorithm.
Red dashed lines represent the perpendicular distances from each intermediate point (x,y) to

the black dashed line connecting the first (x4,y;) and last (X5, y20) points on the curve. The
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vertical blue dashed line indicates the clusters associated with the most considerable

perpendicular distance. Note: Red dashed lines are visually represented horizontally due to the

compression of the y-axis relative to the x-axis in the graphs.

Cluster visualization (Figure 8) showed well-defined groupings for Shape and Texture,

while Fourier and vegetative indices exhibited more significant overlap. Table 4 corroborates

these observations.
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Figure 8. Clusters formed by the k-means algorithm applied to each attribute set (Shape,

Texture, Fourier, and Vegetative Indices) extracted from digital images of soybean leaflets

(Glycine max (L.) Merr.).
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Table 4. Summary of k-means clustering results for each attribute set (Shape, Texture, Fourier,
and Vegetative Indices) extracted from digital images of soybean leaflets (Glycine max (L.)

Mer.r).

SS within  Total SS between groups /

Set of features SS between groups Sroups SS Total SS (%)
Shape variables 21742.15 12481.85 34224 63.53
Texture variables 9794.44 4557.56 14352 68.24
Vegetative indexes 28240.58 19231.42 47472 59.49
Fourier descriptors 14647.72 29512.28 4416 33.17

SS means the sum of squares.

Cluster sizes (Table 5) and Jaccard indexes (Figure 9, Table 6) further revealed that
shape and vegetative indices had both the highest (47.00%) and lowest (0.00%) concordance

values, aligning with earlier Mantel test findings.

Table 5. The number of soybean lines (Glycine max (L.) Merr.) assigned to each cluster

identified by the k-means algorithm applied to different phenomic information sets.

Clusters*

Set of features i 3 3 4 5 Total
Shape variables 167 325 200 164 249 1105
Texture variables 351 118 314 91 231 1105
Vegetative indexes 338 185 116 239 227 1105
Fourier descriptors 181 229 104 246 345 1105

* Values highlighted in red and blue indicate the largest and smallest number of lines assigned to a cluster using
the k-means procedure for each set of phenomic information, respectively.
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Figure 9. Jaccard index (pxyi].) between each of the five clusters formed by the k-means
algorithm for every pair of the four different attribute sets (Shape, Texture, Fourier, and

Vegetative Indices) extracted from soybean leaf images. The thickness of each colored band

represents the value of Pxv;;-



65

Table 6. The summary of Figure 9 shows the maximum and minimum concordance proportions

(pXYi].) between clusters identified by the k-means algorithm for different phenomic information

sets extracted from soybean leaflets (Glycine max (L.) Merr.).

Measurement Pairs Left Right Pxy;; (%)™

cluster cluster

Shape variables x Texture variables 2 5 22.20

Shape variables x Vegetative indexes 1 3 48.95

Maximum Shape variables x Fourier descriptors 1 5 24.88
Texture variables x Vegetative indexes 5 1 36.45

Texture variables x Fourier descriptors 1 5 24.29

Vegetative indexes x Fourier descriptors 1 5 26.72

Shape variables x Texture variables 2 2 2.07

Shape variables x Vegetative indexes 1 5 0.00

Shape variables x Vegetative indexes 4 3 0.00

Minimum Shape variables x Fourier descriptors 1 1 0.58
Texture variables x Vegetative indexes 5 4 0.86

Texture variables x Fourier descriptors 4 3 2.63

Vegetative indexes x Fourier descriptors 3 1 1.02
* Values highlighted in red and blue represent the highest and lowest concordance percentages between clusters
formed using k-means for different pairs of phenomic information sets.

Overall, the concordance proportion (Pxy) in cluster formation exceeded 50% (Table 7,
Figure 10), suggesting that any information set can be effectively used to form similar
genotypic groups. However, evaluating each set’s performance in predictions and

classifications is crucial, where their agronomic impact can be more thoroughly explored.
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Figure 10. Concordance proportion (Pxy) in cluster formation is calculated using the k-means
algorithm for each pair of the four distinct attribute sets (Shape, Texture, Fourier, and
Vegetative Indices) extracted from soybean leaf images. The thickness of each colored band

represents the value of Pyy.

Table 7. Concordance proportion (Pxy) in cluster formation by the k-means algorithm for each
pair of phenomic information sets (Shape, Texture, Fourier, and Vegetative Indices) extracted

from soybean leaflets. This table summarizes the Pgy values used to construct Figure 10.

Set of features Number of groups Matching (%)

X Y n m Pxy Pxy*

Shape variables Texture variables 5 5 10.57  52.83
Shape variables Vegetative indexes 5 5 11.88 59.38
Shape variables Fourier descriptors 5 5 1096  54.80
Texture variables Vegetative indexes 5 5 10.65 53.27
Texture variables Fourier descriptors 5 5 10.37 51.87
Vegetative indexes Fourier descriptors 5 5 10.60 52.99

* Pxyy = 2nmpyy/(n + m)
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CONCLUSIONS
This study evaluated phenomic data extracted from soybean leaflets, encompassing
Shape, Texture, Fourier descriptors, and vegetative indices. Key conclusions include:
e Vegetative indices were the most abundant, while Fourier attributes exhibited the least
redundancy.
e FEach dataset provided distinct insights, enabling various genotypic discrimination
methods.
e Five genotypic patterns were identified, with over 50% concordance across datasets.
These findings underscore the potential of phenomic analysis for genetic improvement
studies. It can aid genotype pattern recognition and identify critical attributes for prediction and

classification.
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SUPPLEMENTARY MATERIAL

Supplementary Table S1. Attributes from the different phenomic information sets used to
construct the correlation plots shown in Figure 2. The attributes are organized in the same order

as displayed on the graph axes: along the x-axis (from left to right) and the y-axis (from bottom

to top).
Shape variables Texture variables Vegetative indexes Fourier descriptors

plw_ratio asm RGBVI B2
radius_ratio idm RGVBI B4
circularity f12 SCI B6
eccentricity cor RGRI B8
asp_ratio f13 ExR B10
elongation sav MylIndex D3
theta sva R-G D7
radius_min den a D1
diam_min con GLI2 D9
minor_axis dva NGRDI B7
width var MNGRDI B9
length sen B B3
caliper ent B-R BS5
major_axis b*-a C6
radius_max B-G C10
diam_max b* A6
coverage DGCI A8
area NB Al0
area_ch BGI D2
diam_mean ExB A2
perimeter HUE A4
radius_mean HUE2 A9
radius_sd G-R Al
rectangularity I A3
solidity BI A5
convexity BIM A7
narrow_factor R B1
form_factor L C1
circularity norm GRAY C4
pd_ratio L*-a C8
circularity haralick G C5
GRAY2 Cc9

L* D5

L*-b D6
G-B D10

ExG D4

NR D8

NG C2

GLI C3

NDGBI C7

S
NDRBI

R-B
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ABSTRACT

Soybean is a globally significant crop essential for human and animal nutrition and biofuel.
Adequate germplasm characterization depends on quantifying genetic variability and
establishing criteria to distinguish, standardize, and stabilize cultivars. Traditional
morphological descriptors often need to meet the growing demand for precision in
classification, driving the search for novel phenotypic attributes. This study employed digital
image analysis and machine learning to evaluate features related to leaflet shape, texture,
vegetative indices, and elliptical Fourier descriptors (EFDs) for soybean cultivar classification.
The Random Forest (RF) algorithm was used as the classification method, with strategies
implemented to address dataset imbalances and improve representation among classes. Results
revealed significant morphological variability among genotypes, with maternal germplasm
exhibiting the most discriminatory power. Image-derived data enhanced -classification
efficiency, with leaflet shape and texture emerging as the most relevant attributes. This research
underscores the potential of combining digital phenotyping and machine learning to advance

soybean cultivar classification and genetic improvement programs.

Keywords: Glycine max L., random forest, data imbalance, morphological attributes, Haralick

textures, elliptical Fourier descriptors.
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INTRODUCTION

Soybean (Glycine max L.) is a cornerstone of global agriculture, playing a vital role in
human and animal nutrition and biofuel production. Its importance extends across sectors,
serving as a primary source of protein and nutrients for human consumption, an essential input
for livestock feed, and a critical raw material for renewable energy industries (ANDERSON et
al., 2019; MUHAMMAD et al., 2024). Expanding cultivation into new regions has highlighted
the need for genetic breeding to increase productivity and address biodiversity and
sustainability challenges in the production chain (ALEMU et al., 2024; SAEED et al., 2024).

The foundation of genetic breeding relies on quantifying genetic variability and
establishing clear criteria for germplasm characterization (SINGH et al., 2024; YADAVA et
al., 2022). These efforts optimize the use of genetic resources and ensure cultivars meet
distinctiveness, uniformity, and stability (DUS) requirements mandated for legal protection.
Among DUS requirements, distinctiveness ensures that a cultivar is distinguishable from any
other previously registered (BRASIL, 1997).

Traditionally, morphological descriptors have been extensively used to distinguish
soybean cultivars and assess their agronomic performance. However, they often fail to meet the
demands of modern classification processes (ANDERSON et al., 2019). Thus, expanding the
list of morphological traits evaluated is critical, particularly traits related to leaflet morphology,
which hold significant potential for discrimination (NOGUEIRA et al., 2008; SHILPASHREE
etal., 2021).

Leaflet characteristics, such as size and shape, are strongly associated with a plant’s
growth potential and light capture efficiency, critical for photosynthesis. Larger leaflets can
increase biomass, while morphological adaptations may enhance tolerance to environmental
stresses like drought and heat (NICOTRA et al.,, 2008, 2011; REN; WERADUWAGE;
SHARKEY, 2019; ROWLAND et al., 2020). Therefore, measuring leaflet traits provides
breeders valuable information for selecting resilient and productive cultivars (NOGUEIRA et
al., 2008; SHILPASHREE et al., 2021). In addition, when combined with other agronomic
traits, these measurements can increase selection efficiency.

Digital image analysis is an innovative tool for capturing a broader range of phenotypic
information, including size and shape, as well as colorimetric and texture attributes (AMARAL
et al., 2024; RAJU; BALACHANDER; NEEHARIKA, 2022; VISCOSI; FORTINI, 2011). In
this context, this study aims to evaluate the potential of soybean cultivar discrimination based

on leaflet characteristics using image analysis and machine learning techniques. Three
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fundamental methodological issues are considered in classification studies: genetic material,
which reflects the inherent variability within individuals or populations that may enhance or
hinder discrimination; information utilized, encompassing the range of attributes selected to
optimize discrimination accuracy; and biometric procedures, involving the methods applied to
identify genotype similarity patterns for effective discrimination.

Classification studies focus on developing functions or algorithms capable of
categorizing individuals based on measurable characteristics while minimizing classification
errors. Once a model’s effectiveness is validated, these functions can be employed to classify
new individuals with unknown origins (LIAW; WIENER, 2015; SANTANA et al., 2023).
Although linear and quadratic discriminant functions are traditionally popular, machine
learning techniques, such as decision trees and their advanced variants, have shown significant
potential. These methods excel in capturing nonlinear relationships and are less sensitive to
issues like data distribution assumptions, missing data, and outliers.

This study adopts the Random Forest (RF) algorithm for its precision, robustness, and
ability to manage complex, high-dimensional datasets. RF constructs an ensemble of decision
trees, with final classifications determined by the majority vote across all trees (BREIMAN,
2001; PRASAD; IVERSON; LIAW, 2006). While highly effective, RF can be adversely
affected by imbalanced datasets, where majority classes dominate and bias the results (WANG
et al., 2021). For instance, consider two scenarios: one with equal representation (50 genotypes
each of large and small leaflets) and another with a skewed distribution (95 genotypes of large
leaflets and only 5 of small leaflets). The latter scenario highlights the critical need for balanced
data partitioning and the selection of appropriate evaluation metrics to prevent classification
biases.

In this context, the present study seeks to advance genetic improvement efforts by
evaluating the potential of leaflet images for discriminating against soybean genotypes.
Furthermore, it proposes robust biometric strategies to address data imbalance issues
effectively. By leveraging the Random Forest algorithm, this research aims to provide practical
and methodological insights into cultivar differentiation, ultimately enhancing precision and

efficiency in the selection process.
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MATERIAL AND METHODS
Soybean cultivars

An experiment involving soybean lines in the F3 generation was established at the
experimental field of the Regional University of the Northwest of the State of Rio Grande do
Sul (UNIJUI), located in Ijui, RS, Brazil (Latitude: 28° 23’ 16” S; Longitude: 53° 54’ 53” W).
The plots for each line covered an area of 2 x 0.5 m? and were organized in augmented blocks,
interspersed with control plots. One thousand four hundred forty-nine lines were sown,
distributed across 15 blocks (~100 lines per block) in the experimental area. The sowing was
carried out on three different dates: on October 14, 2022, lines 1 to 1000 were planted; on
October 17,2022, lines 1001 to 1300; and on October 18, 2022, lines 1301 to 1449. Prior to the
experiment’s implementation, the soil was fertilized with 100 kg/block of organic fertilizer
(Sulfacal), 8 tons of Biogranum (a mixture of silicon, calcium, and magnesium), and two

applications of 3 kg/block of 3-21-21 fertilizer (N-P-K).

Classification Study Scenarios
Aspects Related to Genetic Material and Phenotypic Information

For the classification study, various scenarios were considered, reflecting the specific
characteristics of the genetic material (maternal, paternal, and hybrid combinations) and the
type of information analyzed (e.g., shape, texture, vegetative indices, Fourier descriptors, and
the complete set of features). A detailed examination of these aspects is presented below.

Between 8:00 a.m. and 4:00 p.m., one leaf from the middle third of three plants per
soybean line (F3 generation) at the RS growth stage was collected for RGB image capture. The
images were obtained in the laboratory under ambient temperature (22 °C) and diffuse artificial
lighting. The leaflets from each line (i.e., nine leaflets per line) were detached and arranged in
three horizontal rows on red cardboard. An 18 cm? yellow color reference was placed on the
cardboard to calibrate metrics derived from the leaflets during image analysis. The leaflets were
then photographed at a resolution of 1280 % 1024 pixels and 96 dpi (dots per inch) using a
digital camera positioned 50 cm above the cardboard. Due to an approximate 23.74% loss in
cultivation, 1,105 lines were photographed out of the 1,449 initially planted, resulting in 9,945
observations (9 leaflets x 1,105 lines).

Phenotypic data were extracted from the soybean leaflet images using the “pliman”
package (version 2.1.0) (OLIVOTO, 2022) within the R software environment (version 4.2.3)

(https://cran.r-project.org/), integrated with the RStudio development interface
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(https://posit.co/download/rstudio-desktop/). The extracted datasets were processed and
organized using the “tidyverse” package (version 2.0.0) (WICKHAM et al., 2019).

The extracted attributes were grouped into four distinct datasets based on the type of
information they represented:
1. General Shape: Contained 31 attributes.
2. Haralick Textures: Included 13 attributes derived from texture analysis.
3. Vegetative Indices (VIs): Comprised of 43 attributes calculated as the average VIs of
all pixels forming each leaflet.
4. Elliptical Fourier Descriptors (EFDs): Comprised of 40 attributes capturing detailed
shape information.
The four datasets were subsequently merged into a comprehensive dataset containing
127 attributes. This unified dataset was further refined by averaging the values of the nine
leaflets per line, yielding 1,105 averaged observations, with each observation representing a
single soybean line.
Additionally, the genealogy of each soybean line was well-documented, allowing
information about the maternal and paternal parents and their hybrid combinations to be
incorporated into the dataset. In this context, “recombinants” refer to the parental pairs that

gave rise to the lines, regardless of their roles as male or female parents in the crosses.

Aspects Related to the Database

For the classification study, various scenarios were evaluated to address imbalances in
the representativeness of genealogical information within the database (maternal, paternal, and
hybrid combinations). Data from 26 maternal parents, 24 paternal parents, and 31 recombinants
were analyzed in one scenario. In another scenario, the dataset was restricted to only four
maternal parents, five paternal parents, and four recombinants. The implications of these
imbalances in the database observations are discussed below.

The classification procedure was implemented using k-fold cross-validation. This
process began with the randomization of the soybean lines, followed by their systematic
division into k distinct groups within each label, corresponding in this study to a specific parent
(maternal or paternal) or a recombinant. The procedure sequentially combined k — 1 groups
from each label to train the model, while the remaining group from each label was used for
testing. This process was iterated k times ensuring each line participated in the validation phase

exactly once.
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While k-fold cross-validation is widely used, it imposes a critical requirement. Each
label must have at least k observations to ensure the procedure can be executed appropriately.
Since the soybean breeding program that provided the data for this study resulted in fewer than
k lines for given parents (maternal or paternal) or hybrids, the initial dataset (containing 1,105
lines) needed to be filtered. This filtering process ensured that every parent (maternal or
paternal) or recombinant had at least k-associated lines. Furthermore, an additional restriction
was applied: the database was further filtered to require each parent or recombinant to have
15 X k associated lines. Although this restriction reduced the number of parents or hybrids in
the database, it ensured that those remaining were associated with a more significant number
of lines. This balance of observations among ancestors tends to strengthen classification models
and improve their accuracy (TANG; HENDERSON; GARDNER, 2021), as the performance
of the RF algorithm heavily relies on data partitioning.

With k set to 5 for the cross-validation process, the first restriction reduced the database
from 33 to 26 maternal parents, 35 to 24 paternal parents, and 42 to 31 recombinants. The
second restriction further narrowed the dataset to four maternal parents, five paternal parents,
and four recombinants. Supplementary Tables S1, S2, and S3 provide a detailed breakdown of
the number of lines retained for each filtering step, categorized by maternal, paternal, or hybrid

origins123.

Biometric Approach in Classification Study

This study employed the machine learning algorithm Random Forest (RF) to classify
soybean lines (F3 generation) based on their ancestry — maternal parents, paternal parents, or
recombinants. RF constructs an ensemble of decision trees using resampling techniques applied
to both observations and predictors in the dataset. This approach enhances predictive
performance by reducing variance, lowering error rates, and mitigating overfitting (BREIMAN,
2001; PRASAD; IVERSON; LIAW, 2006). The RF models were implemented using the
randomForest() function from the “randomForest” package (versdo 4.7-1.2) (LIAW; WIENER,
2002, 2014), available in the R environment (R CORE TEAM, 2024).

The RF models were constructed using four datasets containing phenotypic information
from soybean leaflets, focusing on shape, texture, vegetative indices (VIs), and Fourier
descriptors. An additional, comprehensive dataset was created by combining all attributes from
the previous datasets. Each dataset contained a specific number (n;) of variables, where i =

1,2,3,4,and 5. The attributes within each phenotypic dataset were selected iteratively during
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algorithm cycles (loops), which determined the objects to be passed as arguments to the
randomForest() function. Similarly, observations were filtered according to the restrictions
imposed by the k-fold cross-validation process during these cycles.

The algorithm implementation included five repetitions of the k-fold cross-validation
procedure (as previously described). Each repetition involved a new random shuffle of the lines
within their respective ancestry groups (maternal parents, paternal parents, or recombinants),
ensuring a robust and diverse model performance evaluation.

Several model parameters were adjusted to optimize classification accuracy. Predictor
sampling was conducted with and without replacement, as specified by the replace parameter
in the randomForest() function. The number of variables randomly sampled as candidates for
each tree varied according to a numerical sequence {S;}, which depended on the number of
attributes (n;) in the phenotypic datasets. This sequence comprised z—1 terms (j =
1,2,3, ...,z — 1), defined by the formula:

y—x_
sj=x+mx(]—1) (1D
Where:
sj: the j-th value in the sequence;
x: 10% of the number of attributes in the i-th dataset (x = 0.1 X n;);
y: the total number of attributes in the i-th dataset (y = n;);
z: the total number of elements in the sequence, defined as z = 5.

The default value used by the randomForest() function (the square root of the number
of predictors) was included in each sequence {S;}, generating an extended sequence {S;’'} with
z elements. This extended sequence {S;'} was ordered as {Si;rd ered /> and its values were

rounded upward to the nearest integer, following the rule:

[Si:)rderedll = min {n € Z+|“ = Si:)rderedl} (2)
where l = 1,2, 3,..., z denotes the position of the term in the ordered sequence {Si;r dere d}.
Additionally, the maximum number of terminal nodes in each tree (controlled by the
“maxnodes” parameter) varied as 1%, 2.5%, 5%, 7.5%, 10%, 17.5%, 25%, 50%, 75%, and 90%
of the number of observations in the training dataset, which the k-fold cross-validation process
had restricted. These values were also rounded according to the rule in Equation 2.
Figure 1 illustrates the flow of objects used to construct the RF models, which include,
in order, ancestry of the lines, observation filtering, phenotypic information, data partitioning,

repetitions/shuffling, number of predictors, sampling method, and maximum number of nodes.
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The algorithm flow was implemented using functions from the “purr” package (WICKHAM;
HENRY, 2023) and the “furrr” package (VAUGHAN; DANCHO, 2022). The “furrr” package
enabled parallel processing of the loop, controlling the iterations for the maximum number of

nodes (lower layer of Figure 1), significantly accelerating model execution.

Mother ! Father ! Hybrid
3

Building objects
A database containing the lineage ancestors based on the previously applied constraint

A nested list specifying the rows to be selected
during each iteration of the k-fold cross-validation process

Building objects !

A database containing columns related to ancestry type, lineages, and the type of predictor variable set

Building objects !
Spliting the dataset into the training and testing population ,

1% 2.5% 5% 7.5% 10% 17.5% 25% 50% 75% 90%

I Building the Random Forest Model !
! Obtaining and saving metrics

Figure 1. Diagram of the object flow for training random forest models. The diagram illustrates
the flow of selected objects used to train the Random Forest models. In order, the selected
objects include ancestry of the lines, observation filtering, phenotypic information, data
partitioning, repetition/shuffling, number of predictors, sampling method, and maximum

number of nodes. Each iterative cycle is displayed as a table with a gray-highlighted header,
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which controls selecting one object type at a time. The objects required for subsequent iterations
are obtained between cycles, represented by dotted rectangles. Gray arrows indicate the
direction of selection within each object type, while black arrows show the progression of the

selected object types.

Metrics Used to Calculate Classification Efficiency

Three metrics were employed to assess the classification efficiency of the RF models:
sensitivity, specificity, and balanced accuracy. For multiclass classification problems, these
metrics are computed using a one-vs-all approach based on confusion matrices (Figure 2) that
display counts of true positives (TP), true negatives (TN), false positives (FP), and false
negatives (FN). For each class (u=1,2,3,...,v), the model is evaluated on its ability to
distinguish that class from all others. Additionally, the average of these metrics provides a
global perspective on the models’ discriminatory power, assigning equal weight to each class

and ensuring that majority classes do not overshadow minority classes.

Observed

Positive | Negative

positive | . P | FP
Negative FN _’T N

Figure 2. Confusion matrix for evaluating classification model performance. The table

Predited

compares predicted and observed classes, presenting values for true positives (TP), false

positives (FP), true negatives (TN), and false negatives (FN).

Below are the formulas and definitions of the metrics used to evaluate the RF models in

this study:
e Sensitivity or True Positive Rate (TPR): The proportion of true positives correctly
identified by the model.
Sensitivity, = _ TR 3)

TP, + FN,
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M itivity = 1ZV: T (4)
ean sensitivity = — TP, T FN,
u=1
e Specificity or True Negative Rate (TNR): The proportion of true negatives correctly
identified by the model.
s TNy
Specificity, = m (5)
v
M ficity = 12 TNy )
ean specificity = VL, TN, 1 FP,
u=

e Balanced Accuracy: The average of sensitivity and specificity, providing an adjusted

measure for handling class imbalances.

Balanced ‘1( R ) 2
dalanced accuracy, = 2 TPu + FNu TNu + FPu
emsaasaconer = (e ) O
€an balanced accuracy = v 2 TPu+FNu TNu+FPu

u=1

Classification Methods

Once the classifiers are established, determining the class to which a specific line
belongs is essential. During the training phase (or classifier adjustment), correct and incorrect
classification rates measure the technique’s efficiency. However, a particular line often exhibits
varying degrees of membership across different classes, making the choice of an appropriate
classification method critical.

Soybean lines were classified according to their ancestry using two distinct methods.
The first method utilized the standard classification rule based on the Maximum a posteriori
(MAP) criterion. The second method employed a decision threshold, determined using the
Receiver Operating Characteristic (ROC) curve, to balance TPR and the false negative rate
(FNR) and optimize classification. Within the second method, two approaches (PERKINS;
SCHISTERMAN, 2006; ROBIN et al., 2011) were applied:

1. The top-left corner method identifies the point closest to (0,1) on the ROC curve.

2. The Youden index-based method balances sensitivity and specificity.

1) Standard Classification Method — MAP Rule
In the MAP rule, a class is assigned based on the highest posterior probability estimated

by the model. For a sample X, the predicted class 4 is given by:
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Yq = argce{cgr,lcaz{(...,cv}ﬁ(y - ClXQ) )
Where:

® Xq is the feature vector of the g-th line (q = 1,2, 3, ..., 1);

e ¥, is the predicted ancestry of the g-th line;

e crepresents one of the possible ancestries (Cy) to which x4 may belong (¢ € {C1, C2,
.,Cy}foru=1,23,..,v);

e Py = c|xq) € a probabilidade predita pelo modelo de x4 pertencer a uma determinada
ascendéncia c;

* {cr1r,1caz{(...,cv } P(y = c|xq) is the posterior probability predicted by the model for x4 to

belong to ancestry c;

e argmax represents the ¢ value which maximizes P(y = c|xg).
g P y q

2) Optimal Threshold-Based Classification Method

For this method, the predicted class §,for a sample X is given by:

Jq =arg__ max [P(y = c|xq) —tc] (10)

Where t, represents the optimized threshold for each class or ancestry.

2.1) Top-Left Corner Method on the ROC Curve
This method identifies the point on the ROC curve closest to (0,1), minimizing the

distance between TPR and FPR (false positive rate). The optimal threshold t. is calculated as:

te = arg mtin (1 — Sensitivity)2 + (1 — Specificity)? (11)

2.2) Youden Index Method
This method maximizes the difference between sensitivity and FPR, balancing
sensitivity and specificity. The Youden index (]J) is defined as (YOUDEN, 1950):
] = Sensitivity — (1 — Specificity) (12)
The optimal threshold t. is given by:
t. = arg mtaX[SensitiVity — (1 — Specificity)] (13)
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Random Forest Model Selection

Although many RF models were generated by combining different arguments for the
randomForest() function inputs, not all were expected to perform effectively as ideal classifiers.
Therefore, two strategies for model selection based on the mean balanced accuracy (MBA)
were adopted: model selection before summarization (BS) and model selection after
summarization (AS) of this metric. The MBA was chosen because it is more suitable for

imbalanced datasets and offers straightforward interpretability.

Model Selection Before MBA Summarization (BS)
1. The best model with a specific configuration of arguments was selected based on the
highest MBA value obtained from the validation set for each fold within each repetition.
2. The mean evaluation metrics (MBA, sensitivity, and specificity) were then calculated
for each repetition using the metric values from the folds in the validation set.
3. Finally, estimates of the mean and standard deviation of the metrics (calculated from
the repetition averages) were obtained for the validation dataset.
Model Selection After MBA Summarization (AS)
1. Initially, models with specific argument configurations had their metrics (MBA,
sensitivity, and specificity) summarized by averaging the values across each repetition

(i.e., using the metrics from the folds).

2. These metrics were further summarized by calculating their overall mean and standard
deviation.

3. Finally, the best argument configuration was selected based on the highest MBA mean
obtained from the validation set.

In the cross-validation process, which utilized five folds and five repetitions, the model
selection before summarization (BS) strategy resulted in 25 models trained with different
combinations of arguments, while the model selection after summarization (AS) strategy
resulted in 25 models trained with the same argument combinations.

In both approaches, model selection was performed either by including the different
phenotypic datasets as part of the arguments defining the model structure or by excluding these
datasets from the argument set. In the first case, the summarized evaluation metrics (mean and
standard deviation) were obtained independently of the datasets. In the second case, the metrics

differed between the datasets.
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Finally, graphical perspectives of the model selection results were illustrated using the
“goplot2” (versdao 3.5.1) (WICKHAM, 2016), “ggtext” (versao 0.1.2) (WILKE; WIERNIK,
2022), and “gghdx” (versao 0.2.8.9000) (VAN DEN BRAND, 2024) packages in R.
Additionally, confusion matrices were created with the “cvms” (versao 1.5.2) to represent the

results of the models selected with the 15 X k restriction on the number of lines.

RESULTS AND DISCUSSION

Discrimination and classification techniques are crucial in genetic improvement, but
various factors significantly influence their results. Among these, the specific genetic
characteristics of the populations being evaluated (CRUZ; FERREIRA; PESSONI, 2011), the
degree of imbalance in the dataset (WANG et al., 2021), the choice of the classification model,
and the metric used to evaluate the approach’s effectiveness stand out (KOKLU; CINAR;
TASPINAR, 2021).

Figure 3 demonstrates model selection results, considering the inclusion of different
phenotypic information datasets to configure the models and the variations incorporated into
other parameters.

Regarding the particularities of the evaluated genetic set, the maternal parents group
exhibited greater genetic variability, which led to better performance in metrics indicating
classification effectiveness. The sensitivity level for maternal parents was significantly higher
than for paternal parents, and this advantage was also evident when compared to the
recombinant group, whose performance was considered satisfactory.

Classification for maternal ancestors outperformed paternal and recombinant ancestors,
particularly under the 15 X k restriction. In the 1 X k restriction, the low MBA (~0.55) in
ancestry classifications was more associated with an increase in the FNR than the FPR.
Conversely, a better balance between FPR and FNR was observed when applying the 15 X k
restriction.

The positive impact of applying restrictions was evident from a methodological
perspective, including classification method, effectiveness metrics, and dataset restrictions to
mitigate class representation effects. In this study, restricting the dataset yielded various
benefits, including reducing imbalance, providing a more equitable distribution of lineage
representation across classes, and decreasing the number of classes within each genetic group
(maternal parent, paternal parent, and hybrids). Methods like random undersampling and

oversampling, which balance class observations by reducing samples in majority classes or
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replicating samples in minority classes, respectively, have significantly improved the
performance of decision tree-based machine learning methods such as Random Forest (TANG;
HENDERSON; GARDNER, 2021).

In general, although not in all cases, classification using the Youden index-based
method was more advantageous than other methods, as evidenced by sensitivity and MBA
metrics. Additionally, model selection performed before summarizing the MBA showed
slightly better results than after summarizing the MBA, especially under the 15 X k restriction,
as reflected in MBA and average sensitivity metrics across all ancestries. A slight increase in
average sensitivity was also observed when BS selection was applied to the 1 X k restriction
dataset for all ancestries.

Notably, the phenotypic dataset comprising all variables formed the configuration of
most models selected before MBA summarization (BS). Furthermore, only datasets containing
all variables were included in models selected after MBA summarization (AS)

(Supplementary Table S4).
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Classification Method MAP . Closest topleft . Youden

Mean Sensitivity
Mother Father Hybrid

Mean Specificity
Father Hybrid

Mean Balanced Accuracy
Mother Father

BS AS BS AS ' BS AS BS AS ' BS AS BS AS
Txk 157k Txk T Txk 157k

Figure 3. Average sensitivity (true positive rate), specificity (true negative rate), and mean
balanced accuracy (MBA) obtained from Random Forest classifications of the paternal,
maternal, and recombinant ancestries of soybean lines (Glycine max L.) using the Maximum a
posteriori (MAP) method, Youden index, and top-left corner method. On the x-axis, 1 X k, and
15 X k indicate the restrictions applied to the number of lines in the dataset due to the k-fold
cross-validation procedure. Also, on the x-axis, “BS” and “AS” indicate that model selection
was performed before and after MBA summarization. The dashed horizontal red line indicates

an MBA of 0.5

Information about soybean genotype leaflets is widely recognized for its association
with photosynthetic efficiency, which directly influences productivity, adaptability, and
resistance to pathogens and abiotic factors. However, such data has often been limited to leaflet

size and shape. In this context, image-based analysis can significantly enhance morphological
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studies by providing additional details on texture and contour. These improvements lead to
more precise characterizations and more effective discrimination of lineages.

Therefore, it is essential to consider the information presented in Figure 4, which shows
model selection results while accounting for the exclusion of different phenotypic datasets
during model configuration. This figure highlights the predominance of selected models that
included all variables when these were part of the model configuration definition
(Supplementary Table S4). Consistently, Figure 4 demonstrates that using a general dataset
comprising all phenotypic datasets achieves higher classification accuracy regardless of
ancestry type, model selection criteria, or applied restrictions.

Suppose analyses using subsets of information need to be prioritized. In that case,
datasets containing shape or texture variables should receive greater attention due to their

enhanced impact on metrics that quantify classification efficiency.
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Variable Sets Shape . Texture . Vls . Fourier . All

Mean Sensitivity
Mother Father Hybrid

Mean Specificity

Mother Father Hybrid
1.04 . . 1.0 . N 1.09 .
0.8 : : 0.8 : : 0.8 : :
0.6 0.6 0.6
0.4+ 0.4 0.4
0.2 0.2 0.2
0.0- 0.0- 0.0~

Mean Balanced Accuracy
Mother Father Hybrid

BS AS BS AS ' BS AS BS AS BS AS BS AS
Txk 15 x k Txk 5%k Txk 15 x k

Figure 4. Average sensitivity (true positive rate), specificity (true negative rate), and mean
balanced accuracy (MBA) obtained from Random Forest classifications of the paternal,
maternal, and recombinant ancestries of soybean lines (Glycine max L.) for each phenotypic
dataset used. On the x-axis, 1 X k, and 15 X k indicate the restrictions applied to the number of
lines in the dataset due to the k-fold cross-validation procedure. Also, on the x-axis, “BS” and
“AS” indicate that model selection was performed before and after MBA summarization. The
Youden index was chosen for this graph as it generally demonstrated superior performance
compared to other classification methods tested. The dashed horizontal red line indicates an

MBA of 0.5

When conducting classification studies on a group of lineages, the expectation is to
identify representative sets of well-characterized genotypes that can be discriminated with

relative ease. These genotypes exhibit typical configurations of size, shape, color (as indicated
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by vegetative indices), and texture, distinguishing them from others (BRASIL, 1997). However,
lineages also represent a more homogeneous group of genotypes, where distinguishability is
reduced even when broader information and more sophisticated biometric approaches are
applied.

Figures 5, 6, and 7 illustrate that only a few ancestries (maternal, paternal, or
recombinant) achieved a balanced accuracy of close to 70% in the selected models.
Furthermore, for ancestries with a balanced accuracy of around 50% and specificity of 100%,
the models could correctly classify all negative examples (non-target ancestries) but
consistently failed to identify positive examples (target ancestry). This classification indicates
that the selected models effectively distinguish non-target ancestries but face significant

challenges in accurately recognizing examples belonging to the target ancestry.
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Figure 5. Average sensitivity (true positive rate), specificity (true negative rate), and mean
balanced accuracy (MBA) obtained for each maternal ancestor of soybean lines (Glycine max
L.) using the 1 X k restriction dataset with Random Forest models. The Youden index and the
selection of models performed before MBA summarization (BS) were chosen to compose the
data presented in this graph, as both showed superior performance compared to other
classification methods and model selection criteria tested. The dashed horizontal red line

indicates a balanced accuracy of 0.5.
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Figure 6. Average sensitivity (true positive rate), specificity (true negative rate), and mean
balanced accuracy (MBA) obtained for each paternal ancestor of soybean lines (Glycine max
L.) using the 1 X k restriction dataset with Random Forest models. The Youden index and the
selection of models performed before MBA summarization (BS) were chosen to compose the
data presented in this graph, as both showed superior performance compared to other
classification methods and model selection criteria tested. The dashed horizontal red line

indicates a balanced accuracy of 0.5.
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HOPURICAIPRO x HOAMABOYIPRO
6700RR x DM6160IPRO

BMXPOTENCIARR x MARM4CONDORBRANQ

ROOSCAMINORR x FPSPARANAPANEMARR
6700RR x BMXATIVARR

FPSSOLAR x FPSJUPITERRR
DM6563IPRO x DM5958RR
FPSJUPITERRR x MONASCARR
SYN1561IPRO x M6210IPRO
TMG7166RR x NS5909RR
TMG7260IPRO x BMXFIBRAIPRO
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MASSALFPSJUPITERRR x DM70BMXRR

Figure 7. Average sensitivity (true positive rate), specificity (true negative rate), and mean
balanced accuracy (MBA) obtained for each recombinant ancestor of soybean lines (Glycine
max L.) using the 1xk restriction dataset with Random Forest models. The Youden index and
the selection of models performed before MBA summarization (BS) were chosen to compose
the data presented in this graph, as both showed superior performance compared to other
classification methods and model selection criteria tested. The dashed horizontal red line

indicates a balanced accuracy of 0.5.

The distinguishability of the genotypes observed and discussed earlier may have been
affected by the low heterogeneity of the studied genotypes and the degree of imbalance in the
dataset. In Random Forest’s voting-based classification process, such low representation can
lead to misclassifications. In this study, a scenario with reduced imbalance was analyzed by
applying restrictions to the dataset, involving fewer genotypes per ancestry. The results of this

analysis are presented in Figure 8.
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The findings in Figure 8 indicate that reducing the number of ancestries to those with
greater representation in terms of the number of associated lines — resulting in a more balanced
distribution of lines per ancestry — improved classification performance for the remaining
ancestries. However, the increase in balanced accuracy should be interpreted cautiously, as the
metric values for each class were derived from a much larger number of negative observations

in the one-vs-all approach based on simplified confusion matrices.
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Figure 8. Average sensitivity (true positive rate), specificity (true negative rate), and mean
balanced accuracy (MBA) for each maternal, paternal, or recombinant ancestor of soybean lines
(Glycine max L.) obtained using the 15 X k restriction dataset with Random Forest models. The

Youden index and the selection of models performed before MBA summarization (BS) were
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chosen to compose the data presented in this graph, as both showed superior performance
compared to other classification methods and model selection criteria tested. The dashed

horizontal red line indicates a balanced accuracy of 0.5.

Finally, Figures 9, 10, and 11 provide a detailed view of the classification of maternal,
paternal, and recombinant ancestries using the Youden index to validate the best Random Forest
models selected before MBA summarization. The maternal, paternal, and recombinant
ancestries that achieved the highest accuracy rates were TMG7062RR, FPSJUPITERRR, and
FPSSOLAR x FPSJUPITERRR, respectively. Conversely, the maternal, paternal, and
recombinant ancestries that achieved the highest error rates were DM70BMXMAGNARR,
FUNDACEP66RR, MARM4CONDORBRANQ, and DM6563IPRO x DM5958RR.
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Figure 9. Confusion matrix presenting the validation of Random Forest models for classifying
maternal ancestors of soybean lines (Glycine max L., Merr.) using the 15 X k restriction dataset.
The Youden index and the selection of models performed before MBA summarization (BS)
were chosen to compose the data for this figure, as both showed superior performance compared
to other classification methods and selection criteria tested. The leaflets were randomly selected
to represent the lines associated with each ancestor, positioned to the right or below the names

of maternal ancestors (on the x-axis above and the y-axis to the left, respectively).
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Figure 10. Confusion matrix presenting the validation of Random Forest models for classifying
paternal ancestors of soybean lines (Glycine max L.) using the 15 X k restriction dataset. The
Youden index and the selection of models performed before MBA summarization (BS) were
chosen to compose the data for this figure, as both showed superior performance compared to
other classification methods and selection criteria tested. The leaflets, positioned to the right or
below the names of paternal ancestors (on the x-axis above and the y-axis to the left,

respectively), were randomly selected to represent the lines associated with each ancestor.
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Figure 11. Confusion matrix presenting the validation of Random Forest models for classifying
recombinant ancestors of soybean lines (Glycine max L.) using the 15 X k restriction dataset.
The Youden index and the selection of models performed before MBA summarization (BS)
were chosen to compose the data for this figure, as both showed superior performance compared
to other classification methods and selection criteria tested. The leaflets, positioned to the right
or below the names of recombinant ancestors (on the x-axis above and the y-axis to the left),

were randomly selected to represent the lines associated with each ancestor.
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CONCLUSIONS

There is variability among genotypes that could be effectively discriminated and
classified using the Random Forest machine learning algorithm.

The germplasm used as maternal parents for the studied lineages demonstrated better
discrimination compared to other ancestries.

The degree of imbalance in the dataset significantly affects the representativeness of
genotypic classes. Restricting the dataset to ensure more equitable representation
yielded more favorable discrimination results.

Comprehensive information extracted from images enhances discrimination efficacy.
However, for leaflet-based discrimination, data on shape and texture should be

prioritized.
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SUPPLEMENTARY MATERIAL

Supplementary Table S1. Utility of paternal parents in the dataset based on the 1 X k and

15 X k restrictions imposed for performing k-fold cross-validation using Random Forest

models.
Number of Utility in the First Utility in the Second
Count Father R Restriction (Minimum of 5 Restriction (Minimum of 75
lines Lines) Lines)

1 6700RR 200 Yes Yes
2 DM58BMXAPOLORR 105 Yes Yes
3 FUNDACEP66RR 92 Yes Yes
4 MARM4CONDORBRANQ 83 Yes Yes
5 FPSIUPITERRR 78 Yes Yes
6 65631PRO 67 Yes No
7 HOPURICAIPRO 59 Yes No
8 MONASCARR 55 Yes No
9 DM6160IPRO 49 Yes No
10 MARM2CHAPADA 47 Yes No
11 FPSPARANAPANEMARR 44 Yes No
12 BMXATIVARR 34 Yes No
13 COLETADP 26 Yes No
14 TMG7166RR 25 Yes No
15 1564IPRO 24 Yes No
16 15b70IPRO 21 Yes No
17 HOAMABOYIPRO 18 Yes No
18 NS5909RR 15 Yes No
19 BMXFIBRAIPRO 12 Yes No
20 M6210IPRO 8 Yes No
21 5909 7 Yes No
22 FRONTEIRABA 5 Yes No
23 DMBMXALVORR 5 Yes No
24 DM70BMXRR 5 Yes No
25 COLETACHAPADALL 4 No No
26 DM5958RR 3 No No
27  COLETATENENTEPORTELA 3 No No
28 FPSURANORR 2 No No
29 MARM3VIDENTEDUTRA 2 No No
30 ROTAS54IPRORR 2 No No
31 T™MG 1 No No
32 COLETAVICENTEDUTRA 1 No No
33 M5892 1 No No
34 NS5958RR 1 No No
35 FUNDACEP65RR 1 No No
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Supplementary Table S2. Utility of maternal parents in the dataset based on the 1 X k and

15 X k restrictions imposed for performing k-fold cross-validation using Random Forest

models.
Count Mother Number of  Utility in the First Restriction Utility in the Second Restriction
lines (Minimum of 5 Lines) (Minimum of 75 Lines)

1 DM70BMXMAGNARR 172 Yes Yes
2 NS5958RR 134 Yes Yes
3 TMG7062RR 110 Yes Yes
4 FPSSOLAR 78 Yes Yes
5 15b70IPRO 65 Yes No
6 FPSNETUNORR 60 Yes No
7 HOJACUIIPRO 59 Yes No
8 6700RR 57 Yes No
9 NS5909RR 51 Yes No
10 FPSJUPITERRR 49 Yes No
11 ROOSCAMINORR 44 Yes No
12 MASSAL 34 Yes No
13 BMXTURBORR 25 Yes No
14 6410IPRO 24 Yes No
15 7262RR 21 Yes No
16 BMXPOTENCIARR 18 Yes No
17 HOPURICAIPRO 18 Yes No
18 DM58BMXAPOLORR 16 Yes No
19 TMG7260IPRO 12 Yes No
20 TMG7166RR 10 Yes No
21 SYNI1561IPRO 8 Yes No
22 BMXPOTENCIA 7 Yes No
23 BMXFORCARR 7 Yes No
24 MARM4CONDORBRANQ 5 Yes No
25 HOPITAPOIPRO 5 Yes No
26 MASSALFPSJUPITERRR 5 Yes No
27 DM65631PRO 3 No No
28 M6210IPRO 2 No No
29 4823RR 2 No No
30 M3 1 No No
31 NS6209 1 No No
32 TMG7262RR 1 No No
33 FPSPARANAPANEMARR 1 No No
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Supplementary Table S3. Utility of recombinants in the dataset based on the 1 X kand 15 X k

restrictions imposed for performing k-fold cross-validation using Random Forest models.

Utility in the ~ Utility in the
. .. Second
Count Recombinants Nun.lber of FlI'S.t Bestrlctlon Restriction
lines (Minimum of 5 ..
Lines) (Mmm.lum of 75
Lines)

1 NS5909RR x MARM4CONDORBRANQ 161 Yes Yes
2 DM6563IPRO x DM5958RR 88 Yes Yes
3 NS5958RR x 6700RR 87 Yes Yes
4 FPSSOLAR x FPSJUPITERRR 78 Yes Yes
5 15b70IPRO x 6563IPRO 65 Yes No
6 HOJACUIIPRO x HOPURICAIPRO 59 Yes No
7 FPSNETUNORR x DM58BMXAPOLORR 57 Yes No

8 6700RR x DM6160IPRO 56 Yes No
9 FPSJUPITERRR x MONASCARR 49 Yes No
10 DM70BMXMAGNARR x DM58BMXAPOLORR 48 Yes No
11 NS5958RR x MARM2CHAPADA 47 Yes No
12 ROOSCAMINORR x FPSPARANAPANEMARR 46 Yes No
13 DM70BMXMAGNARR x BMXATIVARR 28 Yes No
14 MASSAL x COLETADP 26 Yes No
15 BMXTURBORR x TMG7166RR 25 Yes No
16 6410IPRO x 1564IPRO 24 Yes No
17 7262RR x 15b70IPRO 21 Yes No
18 BMXPOTENCIARR x MARM4CONDORBRANQ 18 Yes No
19 HOPURICAIPRO x HOAMABOYIPRO 18 Yes No
20 TMG7260IPRO x BMXFIBRAIPRO 12 Yes No
21 TMG7166RR x NS5909RR 10 Yes No
22 SYNI1561IPRO x M6210IPRO 8 Yes No
23 BMXPOTENCIA x 5909 7 Yes No
24 BMXFORCARR x MARM4CONDORBRANQ 7 Yes No
25 DM58BMXAPOLORR x FUNDACEP66RR 7 Yes No
26 DM70BMXMAGNARR x MONASCARR 6 Yes No
27 6700RR x BMXATIVARR 6 Yes No
28 MARM4CONDORBRANQ x NS5909RR 5 Yes No
29 HOPITAPOIPRO x FRONTEIRABA 5 Yes No
30 DM70BMXMAGNARR x DMBMXALVORR 5 Yes No
31 MASSALFPSJUPITERRR x DM70BMXRR 5 Yes No
32 MASSAL x COLETACHAPADALL 4 No No
33 MASSAL x COLETATENENTEPORTELA 3 No No
34 FPSNETUNORR x 6700RR 3 No No
35 DMS8BMXAPOLORR x FPSURANORR 2 No No
36 6700RR x MARM3VIDENTEDUTRA 2 No No
37 4823RR x ROTAS54IPRORR 2 No No
38 M3 x TMG 1 No No
39 MASSAL x COLETAVICENTEDUTRA 1 No No
40 NS6209 x M5892 1 No No
41 TMG7262RR x NS5958RR 1 No No
42 FPSPARANAPANEMARR x FUNDACEP65RR 1 No No
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Supplementary Table S4. Counting of the different variable sets used to configure the Random

Forest models selected before the summarization (BS) of the mean balanced accuracy (MBA).

Model Selection* Ancestry Restriction Classification Method Variable sets N#**
BS Maternal 001 MAP Shape 6
BS Maternal 001 MAP Texture 1
BS Maternal 001 MAP All 18
BS Maternal 001 Youden Shape 2
BS Maternal 001 Youden All 23
BS Maternal 001 Closest top left Shape 3
BS Maternal 001 Closest top left All 22
BS Maternal 015 MAP Shape 2
BS Maternal 015 MAP Texture 1
BS Maternal 015 MAP All 22
BS Maternal 015 Youden Texture 1
BS Maternal 015 Youden All 24
BS Maternal 015 Closest top left Texture 3
BS Maternal 015 Closest top left All 22
BS Paternal 001 MAP Shape 7
BS Paternal 001 MAP All 18
BS Paternal 001 Youden Shape 1
BS Paternal 001 Youden All 24
BS Paternal 001 Closest top left Shape 4
BS Paternal 001 Closest top left All 21
BS Paternal 015 MAP Shape 4
BS Paternal 015 MAP Texture 1
BS Paternal 015 MAP All 20
BS Paternal 015 Youden Shape 3
BS Paternal 015 Youden Texture 1
BS Paternal 015 Youden All 21
BS Paternal 015 Closest top left Shape 3
BS Paternal 015 Closest top left Texture 1
BS Paternal 015 Closest top left All 21
BS Recombinants 001 MAP Shape 6
BS Recombinants 001 MAP All 19
BS Recombinants 001 Youden Shape 4
BS Recombinants 001 Youden All 21
BS Recombinants 001 Closest top left Shape 5
BS Recombinants 001 Closest top left All 20
BS Recombinants 015 MAP Shape 1
BS Recombinants 015 MAP Texture 3
BS Recombinants 015 MAP All 21
BS Recombinants 015 Youden Shape 1
BS Recombinants 015 Youden Texture 2
BS Recombinants 015 Youden All 22
BS Recombinants 015 Closest top left Texture 2
BS Recombinants 015 Closest top left All 23

* Only the datasets formed by “All” variables were used to configure the models selected after summarization (AS) of the mean

balanced accuracy (MBA). ** The variable sets formed by vegetative indices (VIs) and Fourier descriptors did not configure

any of the best models selected.
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GENERAL CONCLUSIONS

This study highlights the power and versatility of digital phenotyping and machine
learning in soybean leaflet analysis, offering practical contributions to genotypic discrimination
and plant breeding.

The methods established in Chapter 1 provided comprehensive guidelines, rationales,
and scripts for extracting diverse phenotypic traits from RGB images including vegetative
indices (VIs), shape measures, Fourier elliptical descriptors (EFDs), and texture characteristics.
These procedures, applied systematically to all available images, demonstrated robustness,
flexibility, and potential for adaptation across various research contexts.

In Chapter 2, phenomic data analysis revealed distinct contributions of each dataset.
Fourier descriptors exhibited the least redundancy among all datasets. The identification of five
genotypic patterns, with more than 50% concordance across datasets, reinforces the value of
phenomic analysis in genetic improvement studies, aiding in genotype pattern recognition and
the identification of critical predictive and classificatory attributes.

Chapter 3 demonstrated the efficacy of the Random Forest machine learning algorithm
for genotype discrimination and classification, especially when the dataset was balanced to
address representational biases. The germplasm used as maternal parents for the studied
lineages exhibited superior discriminatory potential. In addition, shape and texture attributes
contribute to the best leaflet-based genotypic differentiation.

These findings collectively underscore the transformative role of computational tools
and machine learning in advancing phenotypic studies, providing a robust framework for future

research in genotype identification, cultivar characterization, and plant breeding.



