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DESVENDANDO PERSPECTIVAS GENÔMICAS E FENÔMICAS SOBRE
CARACTERÍSTICAS RELACIONADAS À FLORAÇÃO EM CANA-DE-AÇÚCAR

USANDO MÉTODOS DE APRENDIZADO DE MÁQUINA

RESUMO -

Cana-de-açúcar (Saccharum spp.) é uma gramínea de alta capacidade foto-
ssintética e acúmulo de sacarose, sendo de suma importância para o setor sucroen-
ergético e o agronegócio brasileiro. O florescimento é um dos processos fisiológicos
que afeta negativamente, tanto a qualidade da matéria prima como a produtividade,
porém é importante para o melhoramento genético na obtenção de novas cultivares,
sendo portanto relevante uma busca de padrões fenotípicos e genotípicos associa-
dos à característica. Neste sentido, objetivou-se a implementação de fenotipagem de
alto rendimento para avaliação dos caracteres envolvidos na floração e um estudo de
associação genômica ampla (GWAS) em um painel de acessos utilizando caracteres
fenotípicos coletados tradicionalmente e via fenômica. Um painel de 154 genótipos
foi instalado na estação de hibridação do Programa de Melhoramento Genético de
Cana-de-Açúcar do Instituto agronômico de campinas (IAC), localizado em Uruçuca-
BA. Foram avaliados fenotipicamente em cana-planta (2023) e primeira soca (2024)
com voos de drone realizados durante as fases de florescimento com posterior proces-
samento de ortomosaicos e métricas para análises com abordagens de aprendizado
de máquina. A genotipagem foi realizada via sequenciamento para em conjunto com
dados fenótipicos realizar-se o GWAS. O primeiro capítulo abrange uma pequena re-
visão introdutória sobre os principais temas da tese como um histórico da cana-de-
açúcar, além dos principais aspectos relacionados a floração, mapeamento associa-
tivo, fenômica e aprendizado de máquina. O segundo capítulo aborda a fenômica,
onde um modelo de aprendizado profundo de redes neurais convolucionais (CNN)
para detecção e contagem de inflorescências obteve uma acurácia de 84% e sua
correlação com dados de campo variaram de R² = 0.29 – 0.72. Já o modelo de apren-
dizado de máquina supervisionado para classificação de resposta ao florescimento
por redes neurais perceptron multicamadas obtiveram acurácia de até 87%. Por fim,
dentre os modelos de regressão testados, o algoritmo xgboost teve a melhor perfor-
mance com R² = 0.52, indicando que fenômica é uma abordagem promissora para
complementação de dados fenotípicos a nível de campo. O capítulo três aborda o
mapeamento associativo, por intermédio da prospecção de 19.139 single nucleotide
polymorphism (SNPs), na análise de associação foram encontrados 54 marcadores
associados significativamente com dados fenotípicos tradicionais e 69 marcadores as-
sociados a dados de fenotipagem de alto rendimento. Além disso, um modelo de clas-
sificação por redes neurais após a etapa de seleção de atributos, com um conjunto
de dados de apenas 136 SNPs selecionados, atingiu 100% de acurácia na classifi-
cação em resposta ao tempo para o florescimento a modelagem para mesma tarefa
com dados de fenômica atingiu 87%. Por fim o capítulo 4 traz as considerações fi-
nais destacando os principais resultados que ressaltam o poder preditivo de dados
de fenotipagem de alto rendimento e GWAS, como ferramentas conjuntas que podem
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auxiliar os melhoristas e produtores a lidarem com a característica do florescimento
em cana-de-açúcar.

Palavras-chave: Fenômica, GWAS, Índices vegetativos, Mapeamento associativo,
Seleção genômica
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UNRAVELING GENOMIC AND PHENOMICS INSIGHTS INTO
FLOWERING-RELATED TRAITS IN SUGARCANE THROUGH MACHINE

LEARNING APPROACHES

ABSTRACT -

Sugarcane (Saccharum spp.) is a grass distinguished by its remarkable pho-
tosynthetic efficiency and notable sucrose accumulation, making it essential to the
sugar-energy sector and a cornerstone of Brazilian agribusiness. The physiological
process of flowering adversely affects both the quality of the raw material and the over-
all yield; nevertheless, it holds significant importance for genetic breeding endeavours
aimed at developing novel varieties. Therefore, it is crucial to delineate phenotypic
and genotypic patterns associated with this trait. In this regard, the primary objec-
tive of the present research was to implement high-throughput phenotyping to evaluate
traits pertinent to flowering, in conjunction with conducting a genome-wide association
study (GWAS) utilizing a diverse panel of germplasm accessions. Both traditional and
phenomics methodologies were used to assess the phenotypic traits. A total of 154
genotypes were planted at the sugarcane crossing station of the Instituto Agronômico
de Campinas (IAC) located in Uruçuca, Bahia. These cultivars underwent phenotypic
evaluation during the plant-cane stage in 2023 and the first ratoon stage in 2024, em-
ploying Unmanned Aerial Vehicles (UAV) flights throughout the flowering season. This
process was complemented by the generation of orthomosaics and the computation of
vegetative indices and metrics for subsequent analysis utilizing machine learning tech-
niques. Genotyping was conducted via genotyping by sequencing (GBS) to support
the GWAS. The first chapter provides an introductory overview of the main thesis top-
ics, including sugarcane history, as well as aspects of flowering, association mapping,
phenomics, and machine learning. The second chapter of this thesis specifically ad-
dresses high-throughput phenotyping. A sophisticated deep learning framework em-
ploying a convolutional neural network (CNN) for the detection and quantification of
inflorescences achieved an accuracy of 84%, with correlation to the ground truth rang-
ing from R² = 0.29 to 0.72. Moreover, neural network classification models, partic-
ularly multi-layer perceptrons (MLP), attained classification accuracies of up to 87%.
Among the regression models assessed, the XGBoost algorithm demonstrated supe-
rior efficacy, achieving an R² = 0.52, indicating its potential as an ancillary approach
to phenotypic data acquisition in field environments. The third chapter is dedicated
to association mapping. Through the examination of 19,139 single-nucleotide poly-
morphisms (SNPs) via GBS, 54 markers were identified in the GWAS as significantly
correlated with field data, while an additional 69 markers displayed associations with
high-throughput phenotyping data. Notably, post-feature selection, a neural network
classification model achieved a classification accuracy of 100% concerning flowering
time responses with a restricted dataset of 136 selected. Lastly, the fourth chapter
brings the final considerations, highlighting the key findings that underscore the pre-
dictive capacity of integrating high-throughput phenotyping data with GWAS method-
ologies, which can significantly assist breeders and producers in the management of
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flowering traits in sugarcane.

Keywords: Phenomics, GWAS, Vegetation indices, Association mapping, genomic
selection
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CHAPTER 1 –
GENERAL CONSIDERATIONS

1.1 Introduction

Climate change, primarily driven by greenhouse gas emissions, is linked to an
increase in the frequency of extreme catastrophic events (Zhao et al. 2015). Within this
framework, bioenergy crops are posited to play a pivotal role; specifically, bioethanol is
recognized as a sustainable energy source capable of reducing greenhouse gas emis-
sions by approximately 85% when compared to fossil fuels like gasoline (Goldemberg
and Guardabassi 2010). However, climate change poses potential risks to the produc-
tion yield of sugarcane (Linnenluecke, Nucifora, and Thompson 2018). In 2024, the
Brazilian sugarcane harvest yield was recorded at 79.95 tons per hectare, culminating
in a total production yield of 689.8 million tons. The sugar market generated revenues
totalling 5.6 billion United States dollars (USD), indicating a 24% increase. Conversely,
ethanol exports saw a decline of 17.2%, totalling 440.1 million litters, which has signif-
icantly influenced Brazil’s Gross Domestic Product (GDP).

Flowering represents a significant challenge in sugarcane cultivation, adversely
impacting yield by diminishing the accumulation of sugar within the stalk (Berding and
Hurney 2005). This phenomenon may lead to stalk desiccation, commonly termed
pithiness (Evans 1966; Caputo et al. 2007). In contrast, flowering is a critical trait
for breeders to monitor during the development of new varieties; in particular, al-
though many sugarcane varieties successfully flower in equatorial regions, some geno-
types may experience flowering recalcitrance and lack of synchrony, making it diffi-
cult to select the best crossbreeding options. This restricts the choice to genotypes
that flower simultaneously, presenting a significant limitation for breeding programs
(Glassop, Anne L Rae, and Bonnett 2014). Currently, sugarcane is classified as an
Intermediate-short Day Plant (IDP), indicating that its flowering occurs when the pho-
toperiod is shorter than its critical flowering photoperiod (Paul H. Moore and Berding
2013). Moreover, the sugarcane flowering response exhibits substantial variability and
is significantly influenced by genotype, even under optimal natural conditions (Melloni
et al. 2015). Given the significance of flowering in this critical agricultural crop, it is
imperative to develop a comprehensive understanding of this trait to aid breeders and
producers in effective management.

High-throughput phenotyping (HTP) employing unmanned aerial vehicles (UAVs)
represents a promising, cost-effective, and scalable approach for the acquisition of ex-
tensive phenotypic data (Luo, Liu, and Lakshmanan 2023). This methodology is par-
ticularly advantageous for traits demonstrating temporal variations, such as flowering.
HTP operates in concert with high-throughput genotyping techniques such as Genotyp-
ing by Sequencing (GBS) (Elshire et al. 2011), which efficiently addresses the analysis
of a large number of single nucleotide polymorphism (SNP) markers. The feasibil-
ity of GBS is further enhanced by the reduced costs associated with next-generation
sequencing (NGS), thus facilitating marker-trait associations (MTA). This contempo-
rary approach seeks to synergize HTP-generated phenotypic data with NGS-derived
genotypic data, thereby improving genetic gains in sugarcane breeding effectively, par-
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ticularly by streamlining the preliminary selection phase. Currently, after significant 
yield improvements in recent decades primarily through traditional breeding meth-
ods, sugarcane is experiencing a plateau phase characterized by minimal substantial 
progress in critical yield traits (Yadav et al. 2020). Therefore, both genomic selec-
tion (GS) and genome-wide association studies (GWAS) are important strategies for 
future advancements. (Hong, W. Huang, et al. 2024).There are also more specific 
approaches, such as using breeding values to guide crossbreeding through genomic 
prediction(Gonçalves et al. 2025).

Association mapping (AM) strategies offer notable advantages compared to tra-
ditional linkage maps (LM), which generally require detailed pedigree information and 
often display low resolution. In contrast, AM not only delivers improved genomic resolu-
tion but also enables the conduct of genetic population studies and provides access to 
germplasm information independent of previous genealogical data. Furthermore, AM is 
capable of identifying several alleles at each locus and recording historical events that 
have occurred throughout evolutionary history. It exhibits significant power in terms of 
linkage markers; however, this effectiveness relies on the utilization of a high number 
of SNP markers, accompanied by careful curation and extensive genome coverage, to 
realize its full potential (Banerjee et al. 2020).

In contemporary research, alongside omics, a notable emerging methodology 
for data analysis is machine learning (ML), which significantly enhances analytical ca-
pabilities for managing large datasets, such as those derived from NGS and HTP. This 
advancement enables the application of both supervised and unsupervised models to 
uncover latent patterns within extensive data collections. Consequently, the primary 
objectives of this thesis are: i) to examine traits associated with flowering a nd their 
correlations with vegetative indices and metrics obtained through high-throughput phe-
notyping, aiming to develop machine learning and deep learning models; and ii) to 
conduct a GWAS to identify markers linked to flowering t raits, u tilizing a n integrated 
approach that combines GWAS and HTP methodologies.
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2.5 Conclusion

High-throughput phenotyping (HTP) serves as an effective and scalable methodology501

for conducting phenotypic analysis in sugarcane, which has conventionally emphasized traits502

pertaining to productivity and phytopathology. This study aims to bridge the gap in research re-503

garding flowering-related traits, elucidating significant findings in this area. vegetation index and504

metrics, including canopy cover (CC), excess greenness (EXG), plant height (PH), and plant505

volume (PV), can yield valuable insights into flowering traits. These vegetation index and met-506

rics demonstrated superior performance in classification models compared to regression mod-507

els. For labor-intensive traits, such as flowering count and flowering intensity in cane (PC), as508

well as days to flowering (DTF) and days to flag leaf emergence (DFTL) in the first ratoon (FR),509

regression models employing lasso and ridge regularization outperformed ensemble models,510

including random forest (RF) and XGBoost (XGB). Notably, DTF can be accurately assessed511

utilizing orthomosaic datasets from extensive field trials, which exhibit strong correlations with512

ground truth data. Vision-based computational models for the detection and enumeration of513

inflorescences in sugarcane remain in the developmental stage. These models show strong514

correlations with ground truth in sparse flowering plots at the beginning of the flowering sea-515

son. However, their accuracy decreases significantly as canopy flowering coverage increases,516

making detection and counting difficult. Future enhancements could tackle these limitations517

by including multi-year data and training models across a broader spectrum of sugarcane va-518

rieties and flowering stages. The future combination of high-throughput phenotypic data with519

genotypic information will facilitate genomic selection related to flowering traits. This integration520

promises to expedite breeding cycles and enhance the efficiency of sugarcane improvement521

programs.522
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