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ABSTRACT

GONÇALVES, Mateus Teles Vital, D.Sc., Universidade Federal de Viçosa, September,
2024. Predictive methods using pedigrees, markers, and images for the genetic
improvement of sugarcane. Adviser: Luiz Alexandre Peternelli. Co-advisers: Gota
Morota and Márcio Henrique Pereira Barbosa.

The overall objective of this thesis was to assess predictive methods that leverage dif-

ferent sources of information, to improve genetic evaluation of sugarcane genotypes.

The plant material and experimental data used consisted of early-generation field tri-

als conducted by the genetic breeding program of the Universidade Federal de Viçosa

(PMGCA). In the first chapter I discussed the content, introducing research questions

and the main objectives of this thesis. In the second chapter, we compared pedigree-

based best linear unbiased prediction (PBLUP), genomic-based (GBLUP), and single-

step (ssGBLUP) models for the genetic evaluation of a sugarcane population in which

only a subset of individuals was genotyped. Models were evaluated in two cross-

validation (CV) schemes: validation using genotyped individuals (CV1) and validation

using nongenotyped individuals (CV2). Our results suggest that genetic evaluation us-

ing the ssGBLUP models may be an alternative approach for sugarcane. Also, results

showed that models including only pedigree information gave relatively high prediction

accuracies, suggesting that pedigrees are an important source of genetic information,

particularly for sugarcane and other crop species with complex polyploid genomes. In

the third chapter, we evaluated the integration of unoccupied aerial systems (UAS)-

based red-green-blue (RGB) imaging with pedigree and genomic prediction models to

improve selection accuracy for tonnes of cane per hectare (TCH). The objectives were

to estimate genetic parameters and trends for TCH andRGB-image extracted traits, and

to compare the performance of single-trait with multi-trait genomic and pedigree predic-

tion models that incorporate RGB-image extracted traits. The performance of models

was evaluated in terms of Pearson’s correlation between adjusted and predicted phe-

notypes, and mean squared error (MSE) using three cross-validation schemes, which

varied in the level of phenotypic information available: ST, without secondary traits; MT-



1, secondary traits in the training set; and MT-2, secondary traits in both, training and

testing sets. We used data of an augmented block design trial, consisting of 385 clones.

Clones were phenotyped at the second ratoon stage for TCH, and for 12 RGB-image

extracted traits collected in a single flight. In general, we found low genetic correlation

between TCH and RGB-image extracted traits, and moderate narrow-sense heritabil-

ity estimates for RGB-image extracted traits. Overall indirect response to selection of

RGB-image extracted traits was higher compared to direct response to selection for

TCH. Our results suggest that accuracies of multi-trait models that incorporated RGB-

image extracted traits did not improve compared to single-trait models for predicting

TCH. Future research should investigate alternative sensor technologies and optimize

UAS-based data collection.

Keywords: RGB; Single-step models; Multi-trait models; Polyploid; Saccharum spp.;

Genomic prediction.



RESUMO

GONÇALVES, Mateus Teles Vital, D.Sc., Universidade Federal de Viçosa, setembro
de 2024. Métodos preditivos utilizando pedigrees, marcadores e imagens para o
melhoramento genético da cana-de-açúcar. Orientador: Luiz Alexandre Peternelli.
Coorientadores: Gota Morota e Márcio Henrique Pereira Barbosa.

O objetivo geral desta tese foi avaliar métodos preditivos que aproveitam diferentes

fontes de informação, para melhorar a avaliação genética de genótipos de cana-de-

açúcar. O material vegetal e os dados experimentais utilizados consistiram de en-

saios de campo de fases iniciais de seleção conduzidos pelo programa de melhora-

mento genético da Universidade Federal de Viçosa (PMGCA). No primeiro capítulo

discuti o conteúdo, introduzindo as questões de pesquisa e os principais objetivos

desta tese. No segundo capítulo, comparamos os modelos de melhor predição lin-

ear não enviesada baseada em pedigree (PBLUP), baseada em genômica (GBLUP)

e de etapa única (ssGBLUP) para a avaliação genética de uma população de cana-

de-açúcar na qual apenas um subconjunto de indivíduos foi genotipado. Os modelos

foram avaliados em dois esquemas de validação cruzada (CV): validação usando in-

divíduos genotipados (CV1) e validação usando indivíduos não genotipados (CV2).

Nossos resultados sugerem que a avaliação genética usando os modelos ssGBLUP

pode ser uma abordagem alternativa para a cana-de-açúcar. Além disso, os resultados

mostraram que os modelos que incluíam apenas informações de pedigree resultaram

em accuracias preditivas relativamente altas, sugerindo que pedigrees são uma fonte

importante de informação genética, particularmente para cana-de-açúcar e outras es-

pécies vegetais cultivadas que possuem genomas poliploides complexos. No terceiro

capítulo, avaliamos a integração de imagens vermelho-verde-azul (RGB) baseadas

em sistemas aéreos não tripulados (UAS) com modelos de predição PBLUP e GBLUP

para melhorar a acurácia de seleção para toneladas de cana por hectare (TCH). Os

objetivos foram estimar parâmetros genéticos e tendências para TCH e característi-

cas extraídas de imagens RGB, e comparar o desempenho de modelos de predição

PBLUP e GBLUP univariados e multivariados que incorporam características extraídas



de imagens RGB. O desempenho dosmodelos foi avaliado em termos de correlação de

Pearson entre fenótipos ajustados e preditos e o erro quadrático médio (MSE) usando

três esquemas de validação cruzada, que variaram no nível de informação fenotípica

disponível: ST, sem características secundárias; MT-1, características secundárias no

conjunto de treinamento; e MT-2, características secundárias em presentes em am-

bos os conjuntos, treinamento e teste. Usamos dados de um ensaio de delineamento

de blocos aumentados, consistindo de 385 clones. Os clones foram fenotipados na

segunda soqueira para TCH e para 12 características extraídas de imagens RGB co-

letadas em um único voo. Em geral, encontramos baixa correlação genética entre

TCH e características extraídas de imagens RGB e estimativas moderadas de herd-

abilidade no sentido restrito para características extraídas de imagens RGB. Em geral,

a resposta indireta a seleção para características extraídas de imagens RGB foi maior

em comparação à resposta direta à seleção para TCH. Nossos resultados sugerem

que as acurácias preditivas de modelos multivariados que incorporaram características

extraídas de imagens RGB não melhoraram em comparação com modelos de univari-

ados para prever TCH. Pesquisas futuras devem investigar alternativas tecnologias de

sensores e otimizar a coleta de dados baseada em UAS.

Palavras-chave: RGB; Modelos single-step; Modelos multicaracterística; Poliplóide;

Saccharum spp.; Predição genômica.
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1. CHAPTER 1

1.1. General Introduction

Sugarcane is used as feedstock for sugar and renewable energy production, which

can contribute to reduce greenhouse gas emissions and mitigate the impacts of climate

change (Moreira & Pacca, 2020; Pereira et al., 2019). The aim of sugarcane breeding

programs is to develop new improved varieties that meet the industry and society needs.

However, breeding improved sugarcane varieties is a slow-moving process. Broadly

speaking, there are four main stages of testing and selection. The first and second

stages consists of large number of selection candidates tested in unreplicated field

trials. Then, third and forth stages consist of clonal assessment trials, where replicated

field trials are conducted across different environments (Cursi et al., 2022).

The intrinsic characteristics of sugarcane, including a complex polyploid genome

and biology, such as relatively long crop (growth) and breeding cycles hinder its ge-

netic improvement (Deomano et al., 2020; Lu et al., 2024). Therefore, current genetic

evaluation methods need optimization to increase the rates of genetic gain. Predictive

methods involve assessing the performance of selection candidates without phenotyp-

ing the individuals themselves (Bernardo, 2021). Predictive methods that incorporate

additional information sources may offer new opportunities, potentially helping breeders

to make better selection decisions (Cursi et al., 2022).

Oftentimes, data of comparative field experiments are challenging to analyze be-

cause of high imbalance and/or lack of replications. For this reason, sugarcane breed-

ers have relied on linear mixed models using the best linear unbiased prediction (BLUP)

methodology to analyze experimental data (Henderson et al., 1984). In sugarcane, pri-

marily, random genetic effects are considered independent and their corresponding

variance-covariance structure in mixed model equations becomes an identity matrix

(G𝜎2
𝑔 = I𝜎2

𝑔 ) (Hoarau et al., 2022). Also, in the genetic evaluation using BLUP, pedi-

gree information can be used to derive relationship matrices that describe the genetic

covariance among individuals in a given population (Barbosa et al., 2005).
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In genomic prediction, marker information is likewise used to compute such relation-

ship matrices. Presumably, marker-based relationships are expected to be more ac-

curate compared to pedigree counterparts (B. J. Hayes et al., 2009). Indeed, pedigree

records might be incomplete or not available whatsoever; pedigree-based relationships

ignore relatedness between founder individuals; are more likely to contain errors; and

hence over- or underestimate relationships and genetic parameters (Endelman et al.,

2018; Forni et al., 2011; Munoz et al., 2014). In contrast, markers offer a way of over-

coming the lack of pedigree records and can track hidden relationships due to historical

coancestry (B. J. Hayes et al., 2009; VanRaden, 2008). Furthermore, the use of marker

information enables the efficient detection of Mendelian sampling deviations, thereby

capitalizing on within-family variation (Goddard & Hayes, 2007). The benefits of ge-

nomic selection are greater at early selection stages (Heslot et al., 2015). However,

not all selection candidates can be genotyped due to budget constraints. In this con-

text, predictive methods that can efficiently integrate different sources of information,

such as the single-step genomic best linear unbiased prediction (ssGBLUP) are highly

desirable.

Another important bottleneck in sugarcane breeding is the evaluation of tonnes of

cane per hectare (TCH). A key objective in sugarcane breeding is to increase TCH.

However, evaluating TCH is a costly, time consuming, and labor-intensive task. Un-

occupied aerial systems (UAS) enables breeder to measure secondary traits that are

putatively genetically correlated with TCH on large populations, in a faster and more af-

fordable manner as compared to conventional phenotyping tools. Empirical evidence

suggests that by integrating high-throughput phenotyping (HTP) data derived fromUAS,

pedigree, and genotypic data can improve genetic evaluation of selection candidates

(Crossa et al., 2017). One strategy is to incorporate secondary traits measured with

UAS as response variables into multi-trait models. In this predictive method, models

are able to leverage information shared between related individuals and also between

correlated traits.

Despite promising, there are many gaps in our knowledge on the application of
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these predictive methods in sugarcane. Only one study using the ssGBLUP method in

sugarcane has been reported (B. J. Hayes et al., 2021). Moreover, few studies investi-

gated the exploitation of pedigrees in sugarcane (Barbosa et al., 2005; Deomano et al.,

2020; Inamori et al., 2024). Similarly, little information is known about the effectiveness

of multi-trait pedigree- and genomic-based prediction models to estimate TCH across

a larger numbers of diverse genotypes at early selection stages. Research done on

this topic in sugarcane did not evaluate multi-trait models, nor integrating pedigree and

genomic information, in addition, only a limited number of genotypes, established on

larger plots were considered (Cholula et al., 2020; Khuimphukhieo et al., 2023).

1.2. Thesis objectives

The general objective of this thesis was to assess predictive methods that leverage

different sources of information, to improve genetic evaluation of sugarcane genotypes.

In the second chapter, we compared pedigree-based, genomic-based, and single-step

(ssGBLUP) models for the genetic evaluation of a sugarcane population in which only a

subset of individuals was genotyped. In the third chapter, we evaluated the integration

of unoccupied aerial systems (UAS)-based red-green-blue (RGB) imaging with pedi-

gree and genomic information using multi-trait prediction models to improve selection

accuracy and efficiency for tonnes of cane per hectare (TCH).

1.3. References

Barbosa, M. H. P., de Resende, M. D. V., Bressiani, J. A., da Silveira, L. C. I., & Peter-
nelli, L. A. (2005). Selection of sugarcane families and parents by reml/blup.

Bernardo, R. (2021). Predictive breeding in maize during the last 90 years. Crop sci-
ence, 61(5), 2872–2881.

Cholula, U., da Silva, J. A., Marconi, T., Thomasson, J. A., Solorzano, J., & Enciso, J.
(2020). Forecasting yield and lignocellulosic composition of energy cane using
unmanned aerial systems. Agronomy, 10(5), 718.

Crossa, J., Pérez-Rodríguez, P., Cuevas, J., Montesinos-López, O., Jarquín, D., De
Los Campos, G., Burgueño, J., González-Camacho, J. M., Pérez-Elizalde, S.,
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2. Chapter 2

Single-step genomic best linear unbiased predictions of
sugarcane genotypes performance
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2.1. Abstract

Genomic prediction has the potential to improve genetic progress in sugarcane.

However, genomic information may not be available for all phenotyped individuals. The

single-step genomic best linear unbiased prediction (ssGBLUP) method can provide an

alternative genetic evaluation approach by combining nongenotyped and genotyped

individuals. Here, we investigated ssGBLUP for genetic evaluation of a sugarcane

population at an early selection stage. The pedigree contained 4,450 individuals, of

which 3,704 were phenotyped and nongenotyped, and 377 were phenotyped and geno-

typed. We evaluated five models: a pedigree-based (PBLUP-2) and a genomic-based

(GBLUP) model considering only genotyped individuals; a pedigree-based model con-

sidering all phenotyped individuals (PBLUP-1); and two ssGBLUP models consider-

ing all phenotyped individuals, one using the standard genomic relationship matrix

(ssGBLUP-1) and one adjusted genomic relationship matrix (ssGBLUP-2). The models

were evaluated in two cross-validation (CV) schemes: validation using genotyped indi-

viduals (CV1) and validation using non-genotyped individuals (CV2). In CV1, we found

that ssGBLUP and PBLUP had overall superior performance compared to GBLUP. The

two ssGBLUP models evaluated also gave similar performance. For stalk number and

stalk diameter, PBLUP showed higher prediction accuracy than ssGBLUP. For CV2, we

found no significant differences in performance between PBLUP and ssGBLUP mod-

els. Our results suggest that genetic evaluation using ssGBLUP models may be an

alternative approach for sugarcane. Our results also showed that models including

only pedigree information gave relatively high prediction accuracies, suggesting that

pedigrees are an important potential source of genetic information, particularly for sug-

arcane and other crop species with complex polyploid genomes.
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2.2. Background

Sugarcane (Saccharum spp.) is a large perennial grass widely cultivated in tropi-

cal and subtropical regions (Cursi et al., 2022; Hale et al., 2022). Sugarcane is grown

primarily for sugar and ethanol. The sugarcane milling process produces a consider-

able amount of bagasse (residual biomass) that can be sent to incinerators to generate

electrical energy (Bezerra & Ragauskas, 2016). Alternatively, mills can use bagasse

to produce ethanol (Lopes et al., 2016). Sugarcane is considered a bioenergy crop be-

cause it is used as a feedstock for biofuel and bioelectricity production (Carvalho-Netto

et al., 2014; Matsuoka et al., 2014).

The continuous development of high-performing sugarcane varieties is key for the

industry (M. H. P. Barbosa et al., 2012). However, conventional genetic evaluation

methods that rely solely on phenotypic selection have not been yielding sufficient ge-

netic gain rates. This is partly due to the relatively long growing and breeding cycles,

consisting of extensive field trials, involved in the process of developing new varieties.

An alternative and promising approach to genetic evaluation is genomic prediction

(Meuwissen et al., 2001).

Genomic prediction integrates high-throughput genotyping technologies with quan-

titative genetic analysis. In genomic prediction, genome-wide DNA markers are used

simultaneously to infer the performance of selection candidates either as parents or per

se, i.e., additive or total genetic values. A fundamental assumption is that at least one

marker is in linkage disequilibrium with each genomic region affecting a target pheno-

type (Goddard & Hayes, 2007). The application of genomic prediction in plant breeding

programs may allow more accurate predictions of the additive and total genetic value

of selection candidates (Fugeray-Scarbel et al., 2021). Moreover, such predictions

could be made as early as the seed or seedling stage. Hence, the increase in selec-

tion accuracy and reduction in breeding cycle length can ultimately be translated into

increased genetic gain (Heffner et al., 2009). Several statistical models have been

proposed for genomic prediction (Morota & Gianola, 2014). However, the most widely

used model is the genomic best linear unbiased prediction (GBLUP) model and its ex-
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tensions. The GBLUP model uses marker genotypes, such as single nucleotide poly-

morphisms (SNP), to compute a genomic relationship matrix (G) (VanRaden, 2008).

It is equivalent to the animal model used in conventional pedigree-based selection or

pedigree-based best linear unbiased prediction (PBLUP) where additive genetic effects

(breeding values) are modeled by a covariance structure derived from a numerator re-

lationship matrix (A) computed from pedigrees (Henderson, 1976; Piepho et al., 2008).

The GBLUP model assumes that all individuals are genotyped. However, infor-

mation from non-genotyped relatives, including their phenotypic records and pedigree

relatedness, can also be jointly exploited. One way to accomplish this task is to use

the single-step genomic best linear unbiased prediction (ssGBLUP) approach (O. F.

Christensen & Lund, 2010; Legarra et al., 2009; Misztal et al., 2009). In ssGBLUP,

in addition to all phenotypic data, genomic (G) and pedigree-based (A) relationships

are combined into a single hybrid covariance matrix (H). Since H is also considered a

relationship matrix, the ssGBLUP approach can be implemented using standard mixed

model equations. The ssGBLUP can better estimate genetic relationships, thereby pro-

viding more accurate predictions for all individuals in the pedigree. Likewise, increasing

the sample size by including phenotypic information from nongenotyped individuals can

contribute to increased accuracy (O. Christensen et al., 2012).

Genomic prediction has recently been increasingly applied to sugarcane (Gouy et

al., 2013; Yadav, Wei, et al., 2021). However, the use of pedigree information in sugar-

cane is relatively limited with the exception of some studies based on a multiple kernel

approach (Deomano et al., 2020; Inamori et al., 2024) and ssGBLUP (Hayes et al.,

2021). In animal breeding, a number of studies have investigated the effectiveness of

ssGBLUP and the approach is now routinely used in many livestock industries. In forest

tree breeding, a growing body of research using ssGBLUP can be found (Cappa et al.,

2019; Paludeto et al., 2021; Ratcliffe et al., 2017; Thavamanikumar et al., 2020; Walker

et al., 2022). In crops, Ashraf et al. (2016) were the first to evaluate the performance of

ssGBLUP using multi-environment wheat trial data, and Pérez-Rodríguez et al. (2017)

used a larger reference set of wheat lines reporting the superiority of ssGBLUP over
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other prediction models. In addition, ssGBLUP has been used in the analyses of fruit

trees (Imai et al., 2019), potato (Sood et al., 2020), rice (Morais et al., 2018; Morais Ju-

nior et al., 2018), and maize (de Oliveira et al., 2020).

Therefore, the objective of this study was to evaluate the utility of ssGBLUP for the

genetic evaluation of a sugarcane segregating population in which only a subset of

individuals was genotyped. We also compared PBLUP and GBLUP models to serve

as baselines. We used data from an early selection stage generated by the sugarcane

breeding program of the Universidade Federal de Viçosa, Brazil (PMGCA-UFV).

2.3. Material and methods

2.3.1. Data

The experimental data used in this study came from field trials established by PMGCA-

UFV. An F1 breeding population was created by polycrosses performed at the Flowering

and Crossing Station of Serra do Ouro, located in Murici, AL, Brazil. True seeds were

transported to the Sugarcane Research and Breeding Center in Oratórios, MG, Brazil

(20◦ 25’ S, 42◦ 48’ W; 494 m above sea level and typical eutrophic red latosol with

clayey texture) and germinated in plastic trays.

In December 2010, seedlings from 124 half-sib families were planted in a field trial at

the Sugarcane Research and Breeding Center under commercial growing conditions.

Families were laid out in a randomized complete block design with six replicates. The

resulting plots consisted of single furrows, 5 m long and 1.40 m apart, containing 10

seedlings planted as single stools. Each family was thus represented by 60 different

genotypes, for a total of 7,440 individual plants. In May 2012, the following traits were

measured on the first ratoon crop on a stool-mean basis: stalk number, stalk diameter

(cm), stalk height (m), and soluble solids (Brix%). A total of 377 individuals were se-

lected from the original population for genomic prediction analysis (Figure 1).

Genomic DNA was extracted from leaf tissue and samples were genotyped using

a target sequencing system, specifically hybridization-based enrichment sequencing
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Figure 1 – Density curve estimates representing the distribution of phenotypes (a. Stalk Num-
ber; b. Stalk Diameter; c. Stalk Height, and d. Soluble Solids) of the sugarcane population
evaluated. Min: minimum; Max: maximum; SD: standard deviation.

Source: The author, 2024, p. 22

(Neves et al., 2013). In contrast to whole genome systems, target sequencing fo-

cuses on specific regions of the genome, allowing for a reduction in genome complex-

ity (Mertes et al., 2011). Target genomic regions are captured for DNA library prepa-

ration and hybridized to biotinylated DNA single-stranded oligonucleotides (probes).

The probes used in this study were synthesized by RAPiD Genomics (Gainesville, FL,

US) using publicly available expressed sequence tags and whole-genome shotgun se-

quences. Subsequently, DNA libraries were sequenced and the raw sequence data

were processed using the same criteria as in Gonçalves et al. (2021). After quality con-

trol, 𝑚 = 124,307 SNP markers were available for subsequent analysis.

The pedigree information used in this study was compiled from a database main-

tained by PMGCA-UFV, a publicly available database (http://tropgenedb.cirad.fr/tropgene/

JSP/index.jsp) developed by CIRAD (French Agricultural Research Center for Interna-

tional Development), and through personal communication with researchers. As a re-

sult, we traced relationships back to the founders for which information about further

ancestors was unknown and individuals were assumed to be unrelated (Table 1). We

considered individuals with at least three generations of records (Atkin et al., 2009).

http://tropgenedb.cirad.fr/tropgene/JSP/index.jsp
http://tropgenedb.cirad.fr/tropgene/JSP/index.jsp


23

Table 1 – Pedigree information of the sugarcane population used in our study.

Identification Generation No. of individuals

Nonphenotyped and Nongenotyped Founders and Parents 369

Phenotyped and Nongenotyped F1 3704

Phenotyped and Genotyped F1 377

Total - 4450

Source: The author, 2024, p. 23

2.3.2. Phenotypic data analysis

We adjusted phenotypes before fitting genomic prediction models. We derived

BLUP values for each trait without including pedigree information (Piepho et al., 2008)

to avoid double shrinkage of response variables used in subsequent analysis (Hayes et

al., 2021; Yadav et al., 2023). We performed the analysis in the Selegen-REML/BLUP

software using the following linear mixed model (Resende, 2016):

𝑦𝑖 𝑗 𝑘 = 𝑟 𝑗 + 𝑔𝑖 + 𝑝𝑘 + 𝜖𝑖 𝑗 𝑘 , (1)

where 𝑦𝑖 𝑗 𝑘 is the phenotype of the ith individual measured in the jth replicate (block)

and kth plot; 𝑟 𝑗 is the fixed effect of replicate (block) added to the general mean (𝜇); 𝑔𝑖

is the random effect of the ith genotype; 𝑝𝑘 is the random effect of plot; and 𝜖𝑖 𝑗 𝑘 is the

residual term. The distributional assumptions for the random effects were as follows: 𝑔𝑖

∼ N(0,𝜎2
𝑔 ); 𝑝𝑘 ∼ N(0,𝜎2

𝑝); and 𝜖𝑖 𝑗 𝑘 ∼ N(0,𝜎2
𝜖 ). Finally, we calculated deregressed BLUP

values as follows:

𝑑𝑒𝑟𝑒𝑔𝑟𝑒𝑠𝑠𝑒𝑑𝐵𝐿𝑈𝑃 =
𝐵𝐿𝑈𝑃

1 − 𝑃𝐸𝑉

𝜎2
𝑔

(2)

where PEV, and 𝜎2
𝑔 are the prediction error variance, and genotype variance for each

trait obtained from equation (1), respectively.
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2.3.3. Quantitative genetic models

Here we describe the models used for the genetic evaluation of the sugarcane seg-

regating population considered in this study. We used the BLUP values of the evaluated

traits as response variables in all the models. We used a basic linear model of the form:

y∗ = 1𝜇 + Zu + 𝝐 , (3)

where y∗ is a vector of adjusted phenotypes obtained from equation (2); 1 is a vector

of ones; 𝜇 is the overall mean; Z is an incidence matrix associating phenotypes and

random additive genetic effects; u is a vector of additive genetic effects; and 𝜖 is a

vector of residuals. It was assumed that 𝑢 ∼ N(0, K𝜎2
𝑢 ) and 𝜖 ∼ N(0, I𝜎2

𝑒 ), where K

is an 𝑛 × 𝑛 relationship matrix; 𝑛 is the number of clones; I is an identity matrix; and

𝜎2
𝑢 and 𝜎2

𝑒 are the additive genetic variance and residual variance, respectively. The

matrix K takes one of the five relationship matrices, A, A22, G𝑣, Hv,and Ha, defined

below. Hereinafter, models using these relationship matrices are referred to as PBLUP-

1, PBLUP-2, GBLUP, ssGBLUP-1, and ssGBLUP-2, respectively (Table 2).

Table 2 – Summary of models and respective relationship matrices.

Model Relationship matrix Matrix dimension Information source

PBLUP-1 A 4,081 × 4,081 Pedigrees

PBLUP-2 A22 377 × 377 Pedigrees

GBLUP G𝑣 377 × 377 Genotypes

ssGBLUP-1 Hv (G𝑣 + A) 4,081 × 4,081 Pedigrees + Genotypes

ssGBLUP-2 Ha (G𝑎 + A) 4,081 × 4,081 Pedigrees + Genotypes

Source: The author, 2024, p. 24

2.3.4. PBLUP models

For PBLUP, all phenotyped individuals were included in the analysis. We excluded

missing plots due to seedling death and considered a minimum depth of three gener-
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ations in the pedigree (progeny, parents, and grandparents), so we used 4,081 of the

original 7,440 individual plants. This resulted in the 4,081 × 4,081 relationship matrix

A (Table 2). The 377 × 377 relationship matrix A22 was constructed by subsetting the

A matrix, considering only phenotyped and genotyped individuals. The A matrix was

derived using the AGHmatrix R package (Amadeu et al., 2016).

2.3.5. GBLUP models

For GBLUP, only the phenotyped and genotyped individuals were considered. The

genomic relationship matrix G𝑣 was obtained as:

G𝑣 =
WW′

2
∑𝑚

𝑙=1 𝑝𝑙 (1 − 𝑝𝑙)
,

where W is the centered codominant diploidized SNP marker matrix with elements

coded as 2 if homozygous for the reference allele, 1 if heterozygous, and 0 if ho-

mozygous for the alternative allele, and 𝑝𝑙 is the allele frequency of the 𝑙th marker

(VanRaden, 2008). Here, the reference is a monoploid sugarcane genome sequence

(Garsmeur et al., 2018). We used the AGHmatrix R package to compute G𝑣 (Amadeu

et al., 2016).

2.3.6. ssGBLUP models

For ssGBLUP, all phenotyped individuals were included in the analysis, regardless

of whether they were genotyped or not. Compatibility between genomic and pedigree

information is an important subject when applying the ssGBLUP approach (Misztal et

al., 2013). Differences in their genetic bases can lead to biased estimates and loss

of accuracy. Also, this lack of compatibility can affect the estimation of variance com-

ponents and result in poor convergence rates (C.-Y. Chen et al., 2011). Several ap-

proaches have been proposed to make pedigree- and marker-based relationship ma-

trices compatible (Aguilar et al., 2010; Vitezica et al., 2011). One strategy is to scale G𝑣

so that its diagonal (diag) and off-diagonal (off.diag) elements match those of the A22
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matrix (O. Christensen et al., 2012):

G𝑎 = 𝛽G𝑣 + 𝛼,

where 𝛽 and 𝛼 were estimated using the following system of linear equations:


Average(diag(G𝑣))𝛽 + 𝛼 = Average(diag(A22))

Average(off.diag(G𝑣))𝛽 + 𝛼 = Average(off.diag(A22))

We then combined A with either G𝑣 or G𝑎 to derive the hybrid relationship matrix

Hv, and Ha, respectively, for the ssGBLUP models:

Ho =


A11 + A12A−1

22 (Go − A22)A−1
22 A21 A12A−1

22 Go

GoA−1
22 A21 Go

 ,
where 𝑜 takes 𝑣 or 𝑎 depending on whether G𝑣 or G𝑎 was used; A11 is the subset of A

for nongenotyped individuals; A12 and A21 are the relationship between nongenotyped

and genotyped individuals; A22 is the relationship between genotyped individuals; and

Go takes one of the genomic relationship matrices (G𝑣 or G𝑎) described above.

To gain a better understanding of how the ratio of genotyped to nongentoyped in-

dividuals impacts predictions, we randomly sampled and excluded nongenotyped indi-

viduals from the population and fitted ssGBLUP models. We tested the following ratios

of genotyped to nongenotyped individuals: 9:100, 20:100, 30:100, and 40:100.

2.3.7. Assessment of prediction models

Our primary goal was to investigate the effectiveness of the ssGBLUP approach.

Therefore, we compared the performance of ssGBLUP-1 (Hv) and ssGBLUP-2 (Ha)

with PBLUP-1 (A), PBLUP-2 (A22), and GBLUP (G𝑣). Two cross-validation (CV) sce-

narios were evaluated. In the first scenario (CV1), we only considered the prediction

of genotyped individuals, so we compared all PBLUP, GBLUP, and ssGBLUP models.

In the second scenario (CV2), we considered the prediction of non-genotyped individ-
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uals and thus compared PBLUP-1, ssGBLUP-1 and ssGBLUP-2. We generated 20

partitions using repeated random sampling CV. For each partition, approximately 80

% of the individuals were assigned to the training set and the remaining 20 % were

assigned to the test set. The test set consisted of 77 and 740 observations in the first

and second scenarios, respectively. The size of the training set varied across the dif-

ferent modeling approaches and prediction scenarios (Figure 2). In CV1, the training

set for GBLUP and PBLUP-2 consisted of 300 individuals, while the training set for

PBLUP-1 and ssGBLUP consisted of 4,004 individuals. In CV2, PBLUP-1 and ssG-

BLUP were trained with 3,341 individuals. To evaluate the performance of the genomic

prediction models, we used prediction accuracy, calculated as the Pearson correlation

between adjusted phenotypes and predicted genetic values. Mean prediction accuracy

estimates between the evaluated models were then evaluated using the Tukey test (𝛼

< 0.05).

Variance components were estimated using equation (3) and then used to calculate

a narrow-sense genomic heritability estimate for each relationship matrix using the fol-

lowing formula:ℎ̂2 = 𝜎2
𝑢

𝜎2
𝑢+𝜎2

𝑒

2.3.8. Implementation

All models were implemented using aMarkov chainMonte Carlo Bayesian approach

with the R package BGLR (Pérez & de Los Campos, 2014). We assumed a Gaussian

likelihood function and assigned a scaled inverse chi-squared distribution to the additive

genetic and residual variance components to obtain the joint posterior distribution of the

model unknown parameters:

𝑝(𝜇, u, 𝜎2
𝑢 , 𝜎

2
𝑒 |y) ∝

𝑛∏
𝑖=1

𝑁 (𝜇 + ui,
𝜎2
𝑒

𝑛𝑖
)𝑁 (ui |0,K𝜎2

𝑢 )𝑁 (0, I𝜎2
𝑒 )

𝜒−2(𝜎2
𝑒 |𝑣𝜖 , 𝑆𝜖 ) 𝜒−2(𝜎2

𝑢 |𝑣𝜖 , 𝑆𝜖 )
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where 𝜒−2 is the scaled inverse chi-squared distribution with 𝑣 and 𝑆 degrees of free-

dom and scaling parameter, respectively. In each analysis, 25,000 Markov chain Monte

Carlo samples were generated and the first 10,000 samples were discarded as burn-in

with a sampling interval of five. We verified the convergence of the chains using the

Geweke diagnostic (Geweke, 1992) of sample residual estimates using the R package

coda (Plummer et al., 2006).

Figure 2 – Schematic diagram showing cross-validation scenarios. n1: number of nongeno-
typed individuals; n2: number of genotyped individuals; trn: training; tst: test

Source: The author, 2024, p. 28
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2.4. Results

2.4.1. Phenotypic data and genetic parameters estimates

The phenotypic distributions of all measured traits approximately followed the shape

of a normal distribution (Figure 1). Due to the selection performed on the population,

genotyped individuals had slightly higher mean phenotypic values than nongenotyped

individuals, except for soluble solids. In terms of dispersion, little difference was ob-

served, with similar standard deviation values between the two groups for all traits.

The genomic heritability estimates for the traits evaluated are shown in Table 3.

Overall, moderate to high heritability estimates were observed, ranging from 0.68 to

0.91. For all traits, PBLUP-1 and ssGBLUP had the highest heritability estimates.

PBLUP-2 showed the lowest heritability estimates for all traits. The GBLUP models

showed genomic heritability estimates between PBLUP-1 and ssGBLUP.

Table 3 – Genomic heritability estimates based on pedigree (ℎ2
𝑃), genomic (ℎ

2
𝐺) and the com-

bination of both information (ℎ2
𝐻) for stalk number (SN), stalk diameter (SD), stalk height (SH),

and soluble solids (SS).

Model
SN SD SH SS
ℎ2
𝑃 ℎ2

𝐺 ℎ2
𝐻 ℎ2

𝑃 ℎ2
𝐺 ℎ2

𝐻 ℎ2
𝑃 ℎ2

𝐺 ℎ2
𝐻 ℎ2

𝑃 ℎ2
𝐺 ℎ2

𝐻

PBLUP-1 𝑎 0.91 - - 0.88 - - 0.82 - - 0.85 - -
PBLUP-2 𝑏 0.80 - - 0.76 - - 0.69 - - 0.68 - -
GBLUP 𝑐 - 0.81 - - 0.79 - - 0.78 - - 0.82 -

ssGBLUP-1 𝑑 - - 0.90 - - 0.87 - - 0.85 - - 0.82
ssGBLUP-2 𝑒 - - 0.91 - - 0.88 - - 0.83 - - 0.85

Notes:
𝑎 Pedigree-based model using A matrix (all phenotyped individuals considered).
𝑏 Pedigree-based model using A22 matrix (only phenotyped and genotyped individuals con-
sidered).
𝑐 Genomic-based model using G matrix (only phenotyped and genotyped individuals con-
sidered).
𝑑 Hybrid model using Hv matrix(all phenotyped individuals considered).
𝑒 Hybrid model using the Ha matrix (all phenotyped individuals considered).

Source: The author, 2024, p. 29

To examine the relationships among individuals in the sugarcane population con-

sidered, we normalized the elements of the A, G𝑣, and H𝑣 matrices so that their off-
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diagonal elements are bounded between 0 and 1. The relationships among individuals

were illustrated using heatmaps (Figure 3). The heatmaps showed that the relation-

ships among individuals represented by the G𝑣 matrix were modest. We found stronger

relationships in the A matrix compared to those in G𝑣 and H𝑣.

Figure 3 – Hetmaps of the marker-based (A), pedigree-based (B), and hybrid (C) relationship
matrices. The darker the color, the stronger the relationship.

Source: The author, 2024, p. 30
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2.4.2. Prediction models

Genomic prediction accuracies for CV1 and CV2 are shown in Figures 4 and 5,

respectively. In CV1, the models were validated using genotyped individuals. The

values of the alpha and beta parameters obtained after adjusting the G matrix were 𝛼 =

0.013 and 𝛽 = 2.023. Two ssGBLUPmodels, ssGBLUP-1 and ssGBLUP-2, were similar

in predictive performance. Overall, GBLUP showed the lowest prediction accuracy for

all traits. We found that ssGBLUP and PBLUP had superior performance compared to

GBLUP models. For stalk height and soluble solids, the differences between ssGBLUP

and PBLUP were not significant, but for stalk number and stalk diameter, the PBLUP

models showed higher prediction accuracies.

Figure 4 – Validation accuracy data distributions for prediction scenario 1 based on 20 cross-
validation replicates. Means followed by a common letter are not significantly different by
Tukey’s test of multiple comparisons at the 5% level of significance

Source: The author, 2024, p. 31

In CV2, the models were validated using non-genotyped individuals. In this case,

we observed an increase in accuracy and a decrease in prediction uncertainty. Also, for

all traits, PBLUP and ssGBLUP were comparable, and the mean prediction accuracies

were not significantly different.
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Figure 5 – Validation accuracy data distributions for prediction scenario 2 based on 20 cross-
validation replicates. Means followed by a common letter are not significantly different by
Tukey’s test of multiple comparisons at the 5% level of significance

Source: The author, 2024, p. 32

We tested different ratios of genotyped individuals in the population and found that

the accuracies of the ssGBLUP models tended to decrease and resulted in similar ac-

curacies to the GBLUPmodels as the proportion of genotyped individuals progressively

increased and the training set size decreased (Figure 6).
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Figure 6 – Prediction accuracies of ssGBLUP models across different ratios of genotyped indi-
viduals. Red dashed horizontal lines indicate the mean prediction accuracy of GBLUP models.

Source: The author, 2024, p. 33

2.5. Discussion

In this study, we evaluated the performance of genetic prediction models using

markers (GBLUP), pedigrees (PBLUP), and the combination of both sources of infor-

mation (ssGBLUP). Ongoing research advances are increasingly allowing the use of

marker information for plant breeding applications. Although phenotypic selection has

been common in sugarcane, genomic prediction can have a major impact on genetic

progress. Simulation studies have investigated the potential benefits of this approach

as a breeding tool in sugarcane compared to phenotypic selection (Voss-Fels et al.,

2021). Experimental studies on traits such as cane yield and its components, quality,

sugar yield, and disease resistance have also been conducted with encouraging results

(Batista et al., 2021; C. Chen et al., 2023; Deomano et al., 2020; Gonçalves et al., 2021;

Inamori et al., 2024; Islam et al., 2021, 2022; Islam et al., 2023; O’Connell et al., 2022;

Satpathy et al., 2022; Yadav, Wei, et al., 2021). However, genomic information may

not be available for all phenotyped individuals due to budget constraints. In contrast,

pedigree records are inexpensive and easier to obtain. There is growing evidence that
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the joint use of genomic and pedigree information can improve estimates of genetic

relationships and the accuracy of prediction models (Crossa et al., 2014; Velazco et

al., 2019). Thus, modeling strategies that can efficiently integrate different sources of

genetic information, such as ssGBLUP, are highly desirable.

2.5.1. Comparison between GBLUP versus PBLUP

Although most studies differ in terms of target traits, statistical model, training popu-

lation size, marker density, genotyping platform, genotyping protocol, and CV schemes,

the overall GBLUP accuracies we found corroborate those reported in previous ge-

nomic prediction studies in sugarcane (Deomano et al., 2020; Hayes et al., 2021; Ya-

dav, Wei, et al., 2021). For example, using an equivalent model, (Gouy et al., 2013)

found accuracies of 0.31-0.47 for stalk number and stalk diameter. They also reported

slightly higher accuracies for soluble solids, ranging from 0.42-0.55. Similar results

were observed for stalk height (Aono et al., 2022). In contrast, lower accuracies were

reported for stalk number, stalk diameter, stalk height, and soluble solids (Batista et al.,

2021; Islam et al., 2022).

In our study PBLUP showed better prediction accuracies than GBLUP for all traits

analyzed, which is different fromwhat has been reported in the literature in other species

(Albrecht et al., 2014; Ashraf et al., 2016; Auinger et al., 2016; Burgueño et al., 2012;

Crossa et al., 2010; Endelman et al., 2018; Morais et al., 2018). This finding can be

interpreted in terms of two main explanations.

The first possible reason is due to deficiencies in genomic information. Modern in-

terspecific sugarcane hybrids have a large and complex nuclear genome (∼ 10 Gb),

which shows high ploidy levels with frequent occurrence of aneuploidy (Garcia et al.,

2013; Thirugnanasambandam et al., 2018). Therefore, it is possible that the density of

our marker panel was insufficient to capture all causal loci. However, previous studies

evaluating target enrichment sequencing and other similar genotyping platforms with

lower marker densities suggest that this may not be the most relevant factor in sugar-

cane genomic prediction given the high linkage disequilibrium present in current elite
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breeding populations (Deomano et al., 2020; Gemenet et al., 2020; Hayes et al., 2021;

Islam et al., 2021; Raboin et al., 2008; Yang et al., 2019). It has been argued that

other sequence variants, such as copy number variation, may help to further explain

genetic variance (Schiessl et al., 2019; Weber et al., 2023). Regarding the genotyping

protocol, although reduced representation DNA sequencing methods are powerful and

more suitable for polyploid genomes, this type of data is likely to suffer from genotyp-

ing errors, such as low quality genotype calls, potentially leading to increased rates of

missing data (Bourke et al., 2018; Endelman et al., 2018; Ferrão et al., 2021; Gemenet

et al., 2020). The choice of allele dosage and ploidy parameterization models during

genotype calling can also affect the genomic prediction of polyploids. For example,

de C. Lara et al. (2019) found that models that included tetraploid dosage had slightly

higher performance compared to pseudo-diploid models. Also, Yadav et al. (2023)

reported small accuracy gains of 5–7% by using continuous genotyping parameteri-

zation. However, recent studies have shown that improvements with the inclusion of

allele dosage information may depend on the ploidy level, trait, and genotype class

frequencies in the population (Batista et al., 2021; de Bem Oliveira et al., 2019; Nyine

et al., 2018). Another parameter that could be optimized is the sequencing depth or

read depth (de Bem Oliveira et al., 2020; Wang et al., 2022).

The second possible reason is related to peculiarities of family or population struc-

ture. The breeding value of an individual can be factorized as the sum of the parental

average (i.e., half of the breeding value of each female and male parent) and the

Mendelian sampling term. One of the major advantages of using GBLUP is the abil-

ity to exploit within-family variance through efficient estimation of Mendelian sampling

(H. Daetwyler et al., 2007). In contrast, PBLUP heavily relies on tracing gene flow

through common ancestry by estimating the parental average component of breeding

value, thereby emphasizing more the between-family variation (Werner et al., 2020).

Because we used a CV design with random partitioning, the validation sets consisted

of individuals from different families. This suggests that by using this CV design, both

the parental average and the Mendelian sampling term were determinants of breeding
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value predictions (Werner et al., 2020).

Genetic diversity is often characterized by effective population size (Ne), which

quantifies the rates of genetic drift and inbreeding. Hence, Ne serves as an indicator

of changes in allele frequencies in a given population (Vencovsky & Crossa, 2003) and

Ne can be predicted for a half-sib family (Resende & Barbosa, 2006; Vencovsky, 1978).

To make adequate inferences based on half-sib families, a sample size of 300 is rec-

ommended because it represents 99 % of the maximum Ne (Peternelli & de Resende,

2015). In our study, the family size consisted of 60 individuals due to the scarcity of

cropland and technical difficulties in setting up larger field trials. This sample size may

not have allowed the full exploitation of all possible desirable genotype combinations

in the segregating progeny, reducing the probability of the occurrence of top-ranking

individuals superior to their parents partly due to Mendelian sampling deviations (Anto-

nios et al., 2023; M. Barbosa et al., 2005; Bijma et al., 2020). Therefore, it is possible

that this relatively modest family size was insufficient to exploit within-family haplotype

variation, thereby reducing the advantages of GBLUP. A recent study also reached the

same conclusions to explain the high accuracies obtained with pedigree-based linear

kernel models for predicting disease resistance in wheat (Juliana et al., 2017). Similarly,

analysis of simulated data showed an increase in the relative importance of Mendelian

deviations as family size and heritability increased (Vela-Avitúa et al., 2015). However,

another possibility is that this particular family or population structure combined with a

larger sample size was better at estimating the breeding value of close relatives up and

down the pedigree, thus favoring PBLUP over GBLUP (H. Daetwyler et al., 2007).

Another potential issue is a combination of the short breeding history of modern elite

sugarcane germplasm and the breeding schemes used. It has been argued that mod-

ern sugarcane breeding populations exhibit substantial linkage disequilibrium (Barreto

et al., 2019; Raboin et al., 2008; Yadav, Ross, et al., 2021). This high extent of linkage

disequilibrium may be due to two main factors. First, the limited number of founder

genitors involved during the initial breeding efforts coupled with the high similarity of

the parental pools (Aitken et al., 2006; Todd et al., 2015; Yang et al., 2019; Zan et al.,
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2020). Second, the low number of crossing cycles leading to fewer opportunities for

recombination events (Fickett et al., 2020; Yang et al., 2019). Together, these aspects

can be associated with a narrow genetic base, implying low Ne (Marjanovic & Calus,

2020). Low Ne estimates are associated with loss of heterozygosity. For example,

such a founder event, previously described in the breeding history of sugarcane, can

create a population bottleneck, leading to a rapid decay of heterozygosity (Yang et al.,

2018). The high genomic inbreeding coefficient estimates in modern sugarcane vari-

eties obtained using runs of homozygosity further support this argument (Yang et al.,

2020).

The degree of heterozygosity is considered an important factor that can influence

the amount of Mendelian sampling variance. The two factors are positively propor-

tional (Bonk et al., 2016). The PMGCA-UFV program practices family selection in early

field trials, followed by recycling of advanced selection candidates as parents in new

hybridization (Cursi et al., 2020). However, this can promote inbreeding due to co-

selection of siblings resulting in loss of heterozygosity, especially in truncation selection

schemes (H. Daetwyler et al., 2007). For example, the simulated individual best linear

unbiased prediction (BLUPIS) method is designed to optimize selection between and

within families. Using BLUPIS, families with genotypic values below a certain threshold

are discarded (M. Barbosa et al., 2005; Resende & Barbosa, 2006). Furthermore, due

to the complex reproductive biology of sugarcane, a high percentage of selfed progeny

can occur after hybridization (Costa et al., 2014; Todd et al., 2020).

The loss of heterozygosity may be compensated by high ploidy levels (Comai, 2005;

Costa et al., 2014), which may explain the lack of performance loss for soluble solids,

stalk number, and stalk diameter reported in the literature (M. d. A. Silva & Gonçalves,

2011). Batista et al. (2021), who evaluated allele dosage information in ploidy levels

ranging from 6 to 14, reported a low frequency of classes of heterozygous genotypes

in an F1 biparental sugarcane population, possibly indicating low heterozygosity. The

genetic variance among the progeny of modern sugarcane hybrids is expected to be

conditioned by the proportion of the Saccharum officinarum to Saccharum spontaneum
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(S. spontaneum) subgenomes, that each individual inherits. The greater the proportion

of the S. spontaneum genome, the greater the variability (Matsuoka et al., 2014; Thirug-

nanasambandam et al., 2018; Yang et al., 2019). Moreover, theoretically, the contribu-

tion of Mendelian deviations in determining breeding values is expected to be greater

as individuals are more distantly related to the base population (Walsh & Lynch, 2018).

Hence, in addition to the possibility that Mendelian deviations may not be adequately

expressed due to limited family size, Mendelian deviations may also be negligible as

a consequence of a short breeding history and limited genetic diversity (Lauer et al.,

2021).

Previous studies support this explanation. M. Barbosa et al. (2001) used real data

to investigate the effect of sampling on the inference of sugarcane family means. The

results found by the authors suggest low within-family variance, since no significant

differences were found between rows within family plots for traits with low heritability,

such as cane yield and its components (e.g., stalk number). Conversely, this is in-

consistent with the high, significant estimates of within-plot (or within-family) variability

reported in previous studies (Mbuma et al., 2020; Pisaroglo de Carvalho et al., 2014;

F. L. d. Silva et al., 2015). However, this observation is controversial because it is

often difficult to obtain reliable estimates of within-family variance in sugarcane (Atkin

et al., 2009; M. Barbosa et al., 2001). Genotype by microenvironment interactions may

account for a significant proportion of the phenotypic variation expressed by plants, par-

ticularly in family field trials, which consist of unreplicated individual genotypes planted

in small plots subject to interplot competition effects such as differential light incidence

(Brasileiro et al., 2016; Cursi et al., 2020; Jackson & McRae, 2001). Taken together, it

seems reasonable to suggest that Mendelian deviations were small in our population,

which was stratified into multiple segregating homogeneous families. The same expla-

nation has been proposed by Juliana et al. (2018), who found equivalent and slightly

superior prediction accuracies of pedigree-based compared to genomic-based models

for yield in wheat.

Pedigree records can contain several errors. For example, individuals may be as-
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signed to incorrect parents, and some parents may be unknown. These errors reflect

the complex reproductive biology of sugarcane and the level of pollen control during

hybridization. In our study, progeny were derived using polycrosses. In polycrosses,

half-sibs may actually be full-sibs or even selfing may occur (Tew & Pan, 2010). De-

spite these challenges in using pedigree information, our results showed that PBLUP

performed better than GBLUP for sugarcane traits. Similar results have been reported

in previous studies (Beaulieu et al., 2014; Cappa et al., 2019; Z.-Q. Chen et al., 2018;

Klápště et al., 2020), especially for perennial species (Beaulieu et al., 2022; Cros et al.,

2014). For example, Nadeau et al. (2023) investigated the effect of sample size on ge-

netic parameter estimates and breeding value accuracy in white spruce (Picea glauca

[Moench] Voss) and argued that the equivalent performance of GBLUP and PBLUP

was due to a small number of trees per family and lower within-family genetic variance.

Also, Simiqueli et al. (2023) reported that PBLUP outperformed GBLUP models tested

in different intra- and interspecific breeding populations of Eucalyptus.

2.5.2. ssGBLUP

In this study, our main objective was to investigate the utility of ssGBLUP for the ge-

netic evaluation of sugarcane clones at an early stage of progeny testing. We evaluated

two CV scenarios. The prediction of the performance of genotyped individuals (CV1)

was consistently improved with ssGBLUP compared to GBLUP for all traits. Similarly, a

sizeable increase in accuracy using ssGBLUP was reported for sugar content in citrus,

but only modest improvements for fruit weight and acid content (Imai et al., 2019). In

contrast, negligible improvements in accuracy were reported for advanced sugarcane

clones using ssGBLUP compared to GBLUP for all traits evaluated (Hayes et al., 2021).

In the present study, the overall performance of ssGBLUP was either comparable to or

slightly lower than PBLUP. Previous studies have reported mixed results. For exam-

ple, Sood et al. (2020) found improvements in accuracy using ssGBLUP compared to

PBLUP. A similar result was obtained by Morais et al. (2018), but no clear superiority of

ssGBLUP compared to GBLUP. Ashraf et al. (2016) reported that ssGBLUP provided
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higher prediction accuracy than PBLUP and GBLUP in wheat. For stalk number and

stalk height, ssGBLUP showed lower performance compared to PBLUP, which is con-

sistent with the findings of Pérez-Rodríguez et al. (2017) for grain yield in wheat lines

and Cappa et al. (2019) for several traits, except lignin composition, in Eucalyptus hy-

brids.

Regarding the prediction of non-genotyped individuals (CV2), non-significant differ-

ences in accuracy were observed between ssGLBUP and PBLUP. This is in line with

previous studies in Eucalyptus hybrids (Simiqueli et al., 2023) and in potato (Sood et al.,

2020), which reported that ssGBLUP and PBLUP had similar prediction accuracies for

non-genotyped individuals. Also, Imai et al. (2019) found that ssGBLUP and PBLUP

were comparable for most traits, further corroborating our results.

We also considered the compatibility between pedigree- and genomic-based rela-

tionship matrices. It has been argued that pedigree and genomic relationship matrices

are computed assuming genetic parameters from different base populations and hence

are on different scales (O. Christensen et al., 2012). In general, we found only marginal

and non-significant differences between ssGBLUP-1 and ssGBLUP-2. This may be

due to the predominance of recent family relationships in our population, as opposed to

more distant relationships (Atkin et al., 2009). This is particularly true for simple pedi-

grees, which mainly consist of parent-offspring relationships, and as a consequence of

the short breeding history of elite sugarcane populations. In our sugarcane data, the

A2 and G𝑣 matrices showed similar estimates of relationships (Figure 3).

The gains provided by ssGBLUP in CV1 can be partly explained by the fact that pre-

diction accuracy is a function of the number of records or training set size (C.-Y. Chen

et al., 2011; H. D. Daetwyler et al., 2008; Wientjes et al., 2013). Therefore, a higher

prediction accuracy of ssGBLUP compared to GBLUP is expected with the inclusion

of phenotypes from nongenotyped individuals (Ashraf et al., 2016; Cappa et al., 2019;

Morais et al., 2018). This was further illustrated when we experimentally excluded in-

formation from nongenotyped individuals to increase the ratio of genotyped individuals

(Figure 6). We found that as the number of nongenotyped individuals decreased, and in
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turn, the ratio of genotyped individuals increased, the accuracies of ssGBLUP roughly

equaled those of GBLUP. The same trend was reported by Cappa et al. (2019), high-

lighting the benefits of additional phenotypic information.

With respect to CV2, an important advantage of ssGBLUP is that it can extend

genomic information from genotyped individuals to nongentoyped relatives. Genomic

information can provide two main benefits. First, it provides a more accurate estimate

of relatedness between individuals as a proxy for the amount of genome segments

shared, as opposed to what is expected based on pedigree relationships. Second,

by eliminating the need for labor-intensive and time-consuming phenotyping of future

selection candidates, it allows earlier selection decisions for traits that are difficult to

measure. However, genotyping all selection candidates can still be prohibitively ex-

pensive, especially for small or fixed budget breeding programs, and particularly for

crops with complex polyploid genomes that require large segregating populations to

evaluate (Gemenet & Khan, 2017). In our dataset, the ssGBLUP and PBLUP models

yielded rather similar accuracies. This result could be attributed to the small number

of genotyped individuals relative to the nongenotyped (Sood et al., 2020). Indeed, it

has been argued that lower proportions of genotyped individuals relative to the total

population of phenotyped individuals may be associated with reduced performance of

ssGBLUP compared to PBLUP and GBLUP (Song et al., 2019).

Overall, it is noteworthy that our results showed that ssGBLUP was at least as good

as the best-performing model for most traits, regardless of the prediction scenario. This

is in agreement with previous plant and animal breeding reports that investigated ss-

GBLUP and other tree improvement studies (Paludeto et al., 2021; Pérez-Rodríguez

et al., 2017).

2.5.3. Practical considerations for sugarcane breeding programs

Our findings suggest that ssGBLUP can be an attractive predictive breeding ap-

proach for untested genotyped and nongenotyped selection candidates. As mentioned

above, the PMGCA-UFV and most sugarcane breeding programs use family selection
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in early field trials. In our study, the units of test and selection were half-sib families.

Theoretically, the additive genetic variance between and within half-sib families is one-

quarter and three-quarters, respectively (Hallauer et al., 2010). Therefore, the response

to selection is expected to be greater when selection is performed within families. In

family trials, sugarcane breeders usually practice a combination of between-family and

within-family selection to maximize genetic selection efficiency and ultimately response

to selection. However, between-family selection is preferred because of the higher her-

itability at the family level for complex traits. Under these circumstances, conventional

phenotypic selection without BLUP or using pedigree information (PBLUP) is likely to

be sufficient to accurately predict the parental average component and rank families (H.

Daetwyler et al., 2007). However, at the time of selection, phenotypic information of the

progeny of individual selection candidates is not available, which precludes prediction

of Mendelian sampling deviations and hinders within-family selection using BLUP or

PBLUP analysis (H. Daetwyler et al., 2007; Hickey et al., 2014; Werner et al., 2020).

Truncation selection schemes, such as BLUPIS, are designed to also weight the within-

family genetic variance. However, this method is not optimal because the top-ranking

families are subjected to mass selection (visual rating), which can be inefficient. This

is because unreplicated plants tested in small plots and single environments are in-

fluenced by substantial genotype by environment interaction, which negatively affects

the response to selection (Jackson & McRae, 2001). It can also potentially lead to the

depletion of genetic diversity (Crossa et al., 2014; Hickey et al., 2014). In contrast,

GBLUP can increase the efficiency of within-family selection by accurately predicting

Mendelian deviations, regardless of the availability of phenotypic data from one’s own

selection candidates or their progeny (H. Daetwyler et al., 2007).

When family trials consist of full-sibs, it is reasonable to expect that the parental

average, which is related to the between-family variance, and the Mendelian deviation,

which is related to the within-family variance, are equally important factors influencing

the breeding values of selection candidates. Regardless of the type of family used, ss-

GBLUP can be used to predict both components of the breeding value for all selection
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candidates (Pérez-Rodríguez et al., 2017). To fully benefit from the implementation of

genomic prediction using the ssGBLUP approach will require greater control over pol-

lination during hybridization including increased phenotyping efforts to better estimate

marker effects and the development of ad hoc training and breeding populations. This

may require large, genetically diverse, and thoroughly screened breeding materials. In

addition, enhanced genotyping protocols are needed to cope with the complexity of the

sugarcane genome, and to offset against high genotyping costs. Furthermore, our re-

sults highlight the advantage of exploiting pedigrees as a potential genetic information

source, particularly for sugarcane and other crop species that exhibit complex polyploid

genomes (Inamori et al., 2024).

2.5.4. Limitations and future directions

First, the CV prediction accuracies were based on a single generation, disregarding

prediction scenarios with lower degrees of relatedness. We used the random sampling

CV scheme, which gives equal weigh to within-family and between-family predictions

(de Almeida Filho et al., 2019). However, datasets that allow the evaluation of forward

validation scenarios should be considered in future investigations.

Second, we focused only on additive genetic effects. After hybridization, a forward

selection scheme was applied. Since individual plants were vegetatively propagated

all sources of genetic variance can be included. Therefore, considering only additive

genetic effects may overlook the genetic merit of selection candidates. However, pre-

vious studies have reported that capturing non-additive genetic effects using machine

learning only leads to an incremental increase in prediction in sugarcane (C. Chen

et al., 2023; Inamori et al., 2024; Yadav, Wei, et al., 2021). Nevertheless, the mean

cross-validation prediction accuracies we observed are in line with previous reports,

indicating the robustness of pseudo-diploid additive-based prediction models (Ferrão

et al., 2021). It would also be interesting to explore other sources of information beyond

pedigrees and markers. Various omic technologies provide predictors that can also be

used to infer relatedness between individuals (Bi et al., 2023).
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Another potential advantage of the ssGBLUP is the ability to combine multi en-

vironment and unbalanced historical datasets, enabling the exploitation of genotype

by environment interactions and connecting breeding programs. For example, Pérez-

Rodríguez et al. (2017) used a multiplicative reaction norm model including the main

and interaction effects of genotype and environment in combination with the ssGBLUP

approach. Furthermore, Morais Junior et al. (2018) modeled genotype by environment

interactions using multiplicative reaction norm models with high dimensional environ-

mental covariates. The PMGCA-UFV is part of a nationwide network of sugarcane

breeding programs (M. H. P. Barbosa et al., 2012; Cursi et al., 2022). Such a network

could help leverage resources by effectively integrating all available pedigree, pheno-

typic, genotypic, and envirotypic data to predict the performance of untested sugar-

cane clones in different environments. However, when combining datasets, a potential

shortcoming could be the quality of phenotypic data generated across selection stages

due to different levels of experimental precision in replicated and unreplicated field tri-

als (Hayes et al., 2021; Michel et al., 2020; Morais Junior et al., 2018; Sood et al.,

2020). Nevertheless, Michel et al. (2020) reported advantages of the ssGBLUP when

models were trained using genotyped individuals evaluated at advanced stages of se-

lection in multi-environment trials and subsequently used to predict the performance

of nongenotyped individuals in early preliminary yield trials. This highlights the impor-

tance of thorough phenotyping efforts to obtain accurate estimates of allele effects in

genomic prediction models.

2.6. Conclusion

This study investigated the utility of combining pedigrees for genomic prediction in

sugarcane. The ssGBLUP models showed relatively good performance compared to

the baseline models for most traits, regardless of the prediction scenario evaluated. In

conclusion, our study showed that ssGBLUP can be a convenient modeling approach

for sugarcane breeding, as it provides the opportunity to integrate different sources of

information, allowing for increased predictive power. Our results also suggest that the
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structure, size, and genetic composition of the training and breeding populations are key

factors that need to be carefully considered by breeders for successful implementation

of ssGBLUP.
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3. Chapter 3

Sugarcane biomass yield prediction using high-throughput RGB
image-extracted traits and multi-trait pedigree, and genomic

prediction models
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3.1. Abstract

In sugarcane breeding, the evaluation of tonnes of cane per hectare (TCH) is costly,

time consuming and labor-intensive. Statistical methods that incorporate pedigree and

genomic information can be particularly useful to make selection decisions for TCH.

Unoccupied aerial systems (UAS) enable breeders to collect traits that are correlated

with difficult to measure traits, such as TCH. The integration of pedigree and genomic

information with UAS may further improve selection accuracy for TCH. Here our ob-

jectives were to estimate (i) genetic parameters and trends for TCH and Red-Green-

Blue (RGB)-image extracted traits, to compare (ii) the performance of single-trait with

multi-trait genomic and pedigree prediction models that incorporate RGB-image ex-

tracted traits. The performance of models was evaluated in terms of Pearson’s correla-

tion between adjusted phenotypes, and mean squared error (MSE) using three cross-

validation schemes, which varied in the level of phenotypic information available: ST,

where clones had been evaluated only for TCH; MT-1, where phenotypic data of sec-

ondary traits were combined with those of TCH in multi-trait models, and MT-2 where

phenotypic data of secondary traits were available in both, training and testing sets. We

used data of an augmented block design trial, consisting of 385 clones. Clones were

phenotyped at the second ratoon stage for TCH, and for 12 RGB-image extracted traits

collected in a single flight. In general, we found low genetic correlation between TCH

and RGB-image extracted traits, and moderate narrow-sense heritability estimates for

RGB-image extracted. Overall indirect response to selection of RGB-image extracted

was higher compared to direct response to selection for TCH. Cross-validation pre-

diction accuracies and MSE of single- and multi-trait models were very low and sim-

ilar, regardless of the pair-wise combination of secondary and the primary trait and

the cross-validation scheme considered. Our results suggest that accuracies of multi-

trait models that incorporated RGB-image extracted traits did not improve compared to

single-trait models for predicting TCH. Future research should investigate alternative

sensor technologies and optimize UAS-based data collection.
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3.2. Background

A key objective in sugarcane breeding is to increase cane (biomass) yield. There

is evidence that gains from selection of cane yield are associated with increases in

sucrose and fiber yields, which are also major economically important traits (Acreche

et al., 2015; da Silveira et al., 2015; Jackson, 2005). However, phenotyping selection

candidates for cane yield potential is challenging. Cane yield is a complex trait that

shows quantitative genetic control, and hence, it is expected to be highly affected by

environmental effects.

The task escalates at early selection stages due to the large number of selection

candidates and the lack of propagation material, which prevents the implementation

of replicated trials and larger experimental units, further contributing to decrease heri-

tability estimates of cane yield potential (Yadav et al., 2020). Also, due to budget con-

straints, mechanical harvesters fitted with weighing machines are not always available

to weigh whole plots (Zhou, 2014). To circumvent these issues, cane yield potential can

be indirectly estimated based on data of yield-related traits such as stalk number, stalk

weight, stalk height and stalk diameter sampled from family or clonal plots (Cursi et al.,

2022; da Silveira et al., 2015; Zhou, 2014). Nevertheless, these manual measurements

are cumbersome and prone to human error, lacking throughput and robustness (Araus

et al., 2018). Moreover, estimated TCH using data of sampled yield-related traits may

underestimate actual TCH of whole plots, potentially leading to the discard of superior

genotypes (da Silveira et al., 2015). Collectively, the evaluation of cane yield potential

is costly, time consuming and labor-intensive.

In this context, unoccupied aerial systems (UAS) such as image-based high-throughput

phenotyping (HTP) tools integrated with unoccupied aerial vehicules (UAV) can be an

attractive alternative for field phenotyping with plot-level resolution of extensive trials

(Herr et al., 2023; Tattaris et al., 2016). In sugarcane, UAS-based imaging is being

used to both measure and predict geometric (De Souza et al., 2017), physiological

(Hoffman et al., 2024; Natarajan et al., 2019), quality (Barbosa Júnior et al., 2023; Chea

et al., 2020; Cholula et al., 2020), agronomic yield-related (de Oliveira et al., 2022; Todd
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& Johnson, 2021), and canopy spectral traits (Akbarian et al., 2023; Khuimphukhieo,

Bhandari, et al., 2024). In particular, UAS based on Red-Green-Blue (RGB) imaging

using standard digital cameras is a widely employed approach with many applications

in plant breeding research (Araus et al., 2018; Luo et al., 2023). RGB imaging has

advantages compared to other sensors including low cost, light weight, and high res-

olution (Araus et al., 2018; Yang et al., 2017). Indeed, a growing body of research

supports the feasibility of estimating cane yield potential using RGB image-extracted

traits (Cholula et al., 2020; Huang et al., 2024; Khuimphukhieo, da Silva, et al., 2024;

Khuimphukhieo et al., 2023; Sanches et al., 2018; Som-ard et al., 2018; Sumesh et al.,

2021; Todd et al., 2022).

Phenotypic data collected with HTP tools can be used to efficiently augment the in-

formation available of each selection candidate, and havemainly been incorporated into

statistical models as response or predictor variables (Morota et al., 2022). In sugarcane,

the majority of the UAS-based imaging studies used these HTP traits as predictors by

using indirect selection (for example, Cholula et al., 2020) or index selection (Natarajan

et al., 2019). Typically, these methods were employed within the framework of linear re-

gression or machine learning models, which provide a streamlined modeling approach.

However, other modeling strategies have been proposed. For example, Rutkoski et

al., 2016 investigated the use of canopy spectral traits as response variables to im-

prove accuracy in multi-trait pedigree and genomic prediction models for grain yield in

wheat. Also, Mróz et al., 2024 utilized canopy spectral traits, including RGB bands, to

build spectral reflectance-derived relationship matrices to exploit genotypic similarities

among selection candidates to predict grain yield in spring wheat. Moreover, most of

the available UAS-based imaging studies in sugarcane focused in predicting cane yield

potential in large commercial fields, or in late selections stages with larger plots using

few varieties.

Therefore, in the present study we evaluated the integration of UAS-based RGB

imaging with pedigree and genomic prediction models to improve selection accuracy

and efficiency in the development of superior sugarcane varieties. We used experi-
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mental data of small unreplicated plots from an early selection stage, and our specific

objectives were: to estimate (i) genetic parameters and trends for TCH and RGB-image

extracted traits, to compare (ii) the performance of single-trait with multi-trait genomic

and pedigree prediction models that incorporate RGB-image extracted traits, and (iii) to

provide knowledge on the application of UAS-based RGB imaging in sugarcane breed-

ing programs.

3.3. Material and methods

3.3.1. Plant material and field trial

We evaluated a total of 385 clones selected from a original seedling population

constituted of 98 half-sibs progeny previously established in a family trial, which is part

of the sugarcane genetic breeding program conducted by the Universidade Federal de

Viçosa (PMGCA). The field trial was planted in 2016 using an augmented randomized

block design with 21 blocks, and three check varieties (RB867515, RB966928, and

RB92579) replicated in each block. Experimental units consisted of two-row 3 m long

furrows with 1.4 m inter-row spacing plots. The trial was grown following standard

commercial agronomic practices during a 3-year crop cycle (plant cane, first and second

ratoon) at the Sugarcane Genetic Breeding Research Station (CECA) of the PMGCA

(20°25’ S, 42°48’ W, 494 m altitude), Oratórios, MG, Brazil.

3.3.2. Phenotypic data

In 2019 (second ratoon), stalks were manually cut with machetes and cane yield

potential, reflected by the tonnes of cane per hectare (TCH), was measured by me-

chanically weighing all stalks in each plot using a tractor-mounted boom pole fitted with

a digital dynamometer. The whole plot weight records were converted to tonnes per

hectare as:

𝑇𝐶𝐻 = (𝑃𝑊 × 10)/𝑃𝐴, (4)
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where PW is the plot weight (in 𝑘𝑔) and PA is the plot area (in 𝑚2).

We collected high-throughput phenotypic data in 2019 at a single timepoint in the

end of the growing season (maturity stage). For this, we used a digital RGB cam-

era (FC330, DJI, Shenzhen, Guangdong, China) attached to a quadcopter unoccu-

pied aerial vehicle (Phantom 4 Pro, DJI, Shenzhen, Guangdong, China). Before the

flight mission, we conducted a field survey in the study area. Then, a total of nine red

ethylene-vinyl acetate (EVA) foam panels were distributed around and inside the field

trial, which served as ground control point (GCP) targets (Figure 7). We used the DJI

Ground Station and the DJI GS Pro app to program the flight mission. The autonomous

flight mission was performed between 11:00-13:00 h, at a flight altitude of 50 m, and

with 80 % forward and 60 % side image overlap. This resulted in a a ground sample

distance (GSD) of 2.5 cm.

Figure 7 – Geographic location of the experiment site and orthomosaic image of field trial. Dark
red dots in the orthomosaic image indicate the ground control points (GCPs).

Source: The author, 2024, p. 63

The GCPs were georeferenced using a global navigation satellite system (GNSS)

receiver (T10, ComNav Technology Ltd., Shanghai, China) operating in real-time kine-

matic (RTK) mode to produce observations with a 0.05 m precision. This process
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enabled the orthorectification of the overlapping nadir images acquired to the South

American geocentric reference system (SIRGAS 2000) datum with a projected coor-

dinate system of UTM zone 23 S. After, GCPs were inported into Agisoft Metashape

(Agisoft LLC, St. Petersburg, Russia) and processed using the structure-from-motion

(SfM) algorithm for the three-dimensional reconstruction of the scene. With this data,

we built the dense point cloud, and the digital elevation model, which allowed the gen-

eration of the orthomosaic image. Finally, we assessed geospatial accuracy using two

of the nine GCPs as checkpoints.

The ’GeoTiff’ format orthomosaic file was imported into QGIS software (QGIS 3.4,

Open-Source Geo-Spatial Foundation Project. https://qgis.osgeo.org). In QGIS, we

created and adjusted corresponding polygon shapefiles to each plot (Figure 8). Then,

image files were imported to R and we extracted the mean intensity pixel values of

red, green and blue bands contained in the vector layer using the packages ”imager”

and ”magick”. From the mean intensity pixels values of the respective visible bands

we computed nine vegetation indices (VIs) according to the formulae shown in Table

Table 4. These VIs have been widely adopted in previous studies and were shown to

be closely associated with chlorophyll content, vigour, and biomass in several crops

(Radočaj et al., 2023), including sugarcane (Cholula et al., 2020; Khuimphukhieo et al.,

2023; Sanches et al., 2018). Also, due to the presumable ability of the red band to

discriminate sugarcane clones (Peternelli & Andrade, 2023), potentially an indicator of

differences in biomass content (Barzin et al., 2020).
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Figure 8 – Example of polygon shapefile of a random plot.

Source: The author, 2024, p. 65

Table 4 – RGB-image extracted traits used in this study.

Band/Vegetation Index Formula Reference

Normalized Red band (𝑟) 𝑅

𝑅 + 𝐺 + 𝐵
-

Normalized Green band (𝑔) 𝐺

𝑅 + 𝐺 + 𝐵
-

Normalized Blue band (𝑏) 𝐵

𝑅 + 𝐺 + 𝐵
-

Normalized Excess Red index (𝑁𝐸𝑥𝑅) 1.4𝑟 − 𝐺

𝑟 + 𝑔 + 𝑏
(Meyer et al., 1999)

Normalized Excess Green index (𝑁𝐸𝑥𝐺) 2𝑔 − 𝑟 − 𝑏

𝑟 + 𝑔 + 𝑏
(Woebbecke et al., 1995)

Excess Green minus Excess Red index (𝐸𝑥𝐺𝑅) 𝑁𝐸𝑥𝐺 − 𝑁𝐸𝑥𝑅 (Meyer & Neto, 2008)

Visible Atmospherically Resistant index (𝑉𝐴𝑅𝐼) 𝑔 − 𝑟

𝑔 + 𝑟 − 𝑏
(Gitelson et al., 2002)

Normalized Green-Red difference index (𝑁𝐺𝑅𝐷𝐼) 𝑔 − 𝑟

𝑔 + 𝑟
(Tucker, 1979)

Red Green Blue index (𝑅𝐺𝐵𝑉𝐼) 𝑔2 − 𝑟 × 𝑏

𝑔2 + 𝑟 × 𝑏
(Bendig et al., 2015)

Modified Green-Red vegetation index (𝑀𝐺𝑅𝑉𝐼) 𝑔2 − 𝑟2

𝑔2 + 𝑟2 (Bendig et al., 2015)

Green–Red ratio index (𝐺𝑅𝑅𝐼) 𝑔

𝑟
(Kanemasu, 1974)

Redness index (𝑅𝐼) 𝑟 − 𝑔

𝑟 + 𝑔
(Escadafal & Huete, 1991)

Notes: R, G, and B denote the values of red, green, and blue bands. r, g and b denote the
normalized values of red, green, and blue bands.
Source: The author, 2024, p. 65
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3.3.3. Genotypic data

The population of clones were genotyped using target enrichment sequencing, as

described in more detail by Gonçalves et al., 2021. Briefly, markers with minor allele

frequency lower than 5% were discarded. Also, markers with missing data were im-

puted from a binomial distribution density function using mean allele frequencies. After

quality filtering, the resulted genotypic dataset was a matrix with order of 385 × 124,307

containing marker genotypes.

3.3.4. Phenotypic data analysis

The records of TCH and RGB-image extracted traits were analyzed using the lme4

package (Bates et al., 2005) in R (R Core Team, 2024). Best linear unbiased estimators

(BLUES) were calculated by fitting the following linear mixed model:

𝑦𝑖 𝑗 = 𝜇 + 𝑔𝑖 + 𝑐𝑖 + 𝑏 𝑗 + 𝜖𝑖 𝑗 , (5)

where 𝑦𝑖 𝑗 is the phenotypic record of the ith clone measured in the jth block; 𝜇 is the

overall mean; 𝑔𝑖 is the fixed genotype effect of ith clone (BLUE), 𝑐𝑖 is the random effect of

check varieties distributed as 𝑐𝑖 ∼ iid N(0,𝜎2
𝑐 ); 𝑏 𝑗 is the random effect of block distributed

as 𝑏 𝑗 ∼ iid N(0,𝜎2
𝑏 ); and 𝜖𝑖 𝑗 is the associated residual effect distributed as 𝑒𝑖 𝑗 ∼ iid

N(0,𝜎2
𝑒 ).

3.3.5. Prediction models

In this study, single and multi-trait models using TCH as the primary trait were eval-

uated within the framework of a best linear unbiased prediction (BLUP) analysis. Ac-

cordingly, the prediction models considered three linear kernels (variance-covariance

structures) that represent the genetic relationship among individuals. These linear

kernels were constructed using different sources of information, including pedigrees,

genotypes and visual spectral bands. All models were fitted using the R package

sommer(Covarrubias-Pazaran 2016) through the “mmer” function.
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3.3.6. Single-trait models

The general form of the single-trait model was:

y = 1𝜇 + Zui + 𝒆(𝑖 = 1, 2, 3), (6)

where y is a 385 × 1 vector of BLUEs of TCH from equation (5); 1 is a vector of ones;

𝜇 is the overall mean; Z is an incidence matrix relating the elements of vector y to

corresponding genetic effects; ui is a vector of genetic effects; and 𝑒 is the vector of

residual effects. It was assumed that 𝑒 ∼ N(0,I𝜎2
𝑒 ), 𝑢1 ∼ N(0,A𝜎2

𝑢1), and 𝑢2 ∼ N(0,G𝜎2
𝑢2),

in which I is an identity matrix; 𝜎2
𝑢1, 𝜎

2
𝑢2, and 𝜎2

𝑒 are the corresponding pedigree-based

and genomic-based additive genetic variances, and error variance, respectively; A is a

385 × 385 additive genetic relationship matrix calculated based on pedigrees records,

and considering a minimum depth of three generations (progeny, parents, and grand-

parents); and G is the a 385 × 385 genomic relationship matrix computed following the

first method of Van Raden (VanRaden, 2008). Models that incorporated A and G were

denoted as ST-PBLUP, and ST-GBLUP, respectively. We used the AGHmatrix R pack-

age (Amadeu et al., 2016) to compute A and G.

We also evaluated a third model (ST-KBLUP), which incorporated in the BLUP anal-

ysis a 385 × 385 genetic relationship matrix based on visual spectral bands extracted

from RGB images. The visual spectral band reflectance-based relationship matrix K

was obtained as :

K =
VV′

𝑛
,

where V is a 385 × 3 scaled matrix of BLUEs of mean pixel values for each RGB

channel for each genotype, V′ is its transpose, and 𝑛 is the number of visual spectral

bands (𝑛 = 3). It was assumed that 𝑢3 ∼ N(0,K𝜎2
𝑢3), where 𝜎2

𝑢3 is the visual spectral

band reflectance-based additive genetic variance.
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3.3.7. Multi-trait models

The general form of the multi-trait model was:


y1

yj

 =

I 0

0 I



𝜇1

𝜇 𝑗

 +

W1 0

0 Wj



a1

aj

 +

e1

ej

 (7)

where yT = [y1, ..., yj] is the vector of BLUEs obtained from equation (2) for the pri-

mary trait and secondary traits, respectively; 𝜇T = [𝜇1, ..., 𝜇 𝑗 ] is the vector of means;

aT = [𝑎1, ..., 𝑎 𝑗 ] is the vector of additive genetic effects; and eT = [𝑒1, ..., 𝑒 𝑗 ] is the vector

of residualeffects. It was assumed that aT ∼ MVN(0,A ⊗ Σp) for multi-trait pedigree-

based models (MT-PBLUP), or aT ∼MVN(0,G⊗Σg) for multi-trait genomic-based mod-

els (MT-GBLUP), and eT ∼ MVN(0,R ⊗ I). Here, Σp, Σg, and R, are 2𝑥2 unstructured

variance-covariance matrices for the additive genetic, and residual effects of primary

and secondary traits, respectively.

3.3.8. Genetic parameters and efficiency of selection

By fitting the model in equation 6, the variance components for each trait and rela-

tionship matrix were used to calculate narrow-sense heritability estimates as:

ℎ̂2
𝑎 =

𝜎2
𝑎

𝜎2
𝑎 + 𝜎2

𝑒

(8)

where 𝜎2
𝑎 is the additive genetic variance, and 𝜎2

𝑒 is the residual variance.

The variance components obtained from bivariate models in equation (4) were used

to calculate the genetic correlation among traits as:

ˆ𝑟1 𝑗 =
ˆ𝜎𝑎1 𝑗√

𝜎2
𝑎1 + 𝜎2

𝑎 𝑗

(9)

where ˆ𝑟1 𝑗 is the estimated genetic correlation between TCH and jth secondary trait;

ˆ𝜎𝑎1 𝑗 is the covariance between TCH and jth secondary trait; 𝜎2
𝑎1 and 𝜎2

𝑎 𝑗
are the genetic

variances of TCH and jth secondary trait, respectively. We also computed phenotypic
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correlations among traits using the Pearson’s correlation coefficient.

To compare the efficiency of selection on single and multi trait models we estimated

the direct and indirect response to selection (Morota et al., 2022). Here, for both param-

eters we did not considered the intensity of selection. We computed direct response to

selection for each trait using the following equation:

𝑅𝑥 = ℎ̂𝑥𝜎𝑔𝑥 (10)

where ℎ̂𝑥 is the square root of the narrow-sense heritability estimate of trait 𝑥, and 𝜎𝑔𝑥 is

the standard deviation of the additive genetic variance of trait 𝑥. We computed indirect

response to selection as:

𝑅𝑋𝑌 = ℎ̂𝑌 | ˆ𝑟𝑋𝑌 | 𝜎𝑔𝑋 (11)

where ℎ̂2 is the narrow-sense heritability of secondary trait 𝑌 , | ˆ𝑟𝑋𝑌 | is absolute value of

the estimated genetic correlation between the primary trait 𝑋 and secondary trait 𝑌 , and

𝜎𝑔𝑋 is the square-root of the additive genetic variance of the primary trait 𝑋.

3.3.9. Prediction scenarios and assessment ofmodels’ performance

We evaluated models’s performance using five-fold-cross validation. This proce-

dure was used to estimate prediction accuracy and mean squared error (MSE). Predic-

tion accuracy was computed as the average Pearson’s correlation coefficient between

observed and predicted values (𝑟 = 𝑐𝑜𝑟 (𝑦, 𝑦)), and MSE as:

𝑀𝑆𝐸 =

∑𝑛
𝑖=1(𝑦𝑖 − 𝑦𝑖)2

𝑛
(12)

where 𝑦𝑖 and 𝑦𝑖 are the predicted value and observed value for the ith observation in the

test set, and 𝑛 is the number of observations. In five-fold-cross validation clones were

randomly split into five folds, each consisted of 77 clones, of which four were used for

training, and the remaining used to calculate prediction accuracy and RMSE estimates.

This cross-validation procedure was repeated 50 times with different random partitions,
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where all models were analyzed in the same partition.

In total, we evaluated three single-trait (ST-PBLUP, ST-GBLUP, ST- KBLUP) and two

multi-trait (MT-PBLUP, MT-GBLUP) models in three prediction scenarios (Figure 9). In

the first prediction scenario (ST) we applied single-trait models, where clones had been

evaluated only for TCH. In the second scenario (MT-1), phenotypic data of secondary

traits were combined with those of TCH in multi-trait models. In the third scenario (MT-

2), we also considered multi-trait models, but phenotypic data of secondary traits were

available on both, training and testing sets. This scenario evaluates the prediction

ability of models when selection candidates would have been evaluated at the time

of predictions for secondary traits. In all scenarios, the primary trait was targeted for

predictions.

Figure 9 – Graphic representation of the Cross-Validation schemes. ST: single-trait scenario;
MT-1: first multi-trait scenario.; MT-2: second multi-trait scenario. TCH: tonnes of cane per
hectare; ExR: Excess Red index; ExG: Excess Green index; ExGR Excess Green minus Ex-
cess Red index; VARI: Visible Atmospherically Resistant index; NGRDI: Normalized Green-Red
difference index; RGBVI: Red Green Blue index; MGRVI: Modified Green-Red vegetation in-
dex; GRRI: Green–Red ratio index; RI: Redness index.

Source: The author, 2024, p. 70
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3.4. Results

3.4.1. Heritability and genetic correlation

For the primary trait (TCH), heritability estimates showed the lowest values of 0.13,

and 0.16 using genomic- and pedigree-based models, respectively (Table 5). The

narrow-sense heritability estimates for secondary traits were all higher compared to

TCH, and ranged from 0.27 to 0.80 for genomic-based models and from 0.49 to 0.73

for pedigree-based models. Overall, narrow-sense heritability estimates based on ge-

nomic information were lower compared to those based on pedigree information for

most traits, including TCH.

Table 5 – Narrow-sense heritability (ℎ2), genetic correlation (𝑟𝑔), direct response to selection
(𝑅𝑥) and indirect response to selection (𝑅𝑋𝑌 ) estimates of RGB-image extracted traits and TCH
using genomic- (G) and pedigree-based (A) relationship matrices.

Trait
G A

ℎ2 𝑟𝑔 𝑅𝑥 𝑅𝑋𝑌 ℎ2 𝑟𝑔 𝑅𝑥 𝑅𝑋𝑌

NExR 0.32 -0.27 - 0.04 0.52 -0.34 - 0.13

NExG 0.79 0.22 - 0.12 0.71 0.30 - 0.19

ExGR 0.55 0.25 - 0.08 0.65 0.33 - 0.18

VARI 0.80 0.21 - 0.11 0.73 0.29 - 0.18

NGRDI 0.52 0.25 - 0.08 0.64 0.33 - 0.17

RGBVI 0.79 0.22 - 0.12 0.70 0.30 - 0.18

MGRVI 0.40 0.26 - 0.06 0.56 0.34 - 0.14

GRRI 0.36 0.26 - 0.05 0.56 0.34 - 0.14

RI 0.27 -0.28 - 0.04 0.49 -0.34 - 0.12

TCH 0.13 - 0.14 - 0.16 - 0.16 -

Notes: NExR: Excess Red index; NExG: Excess Green index; ExGR Excess Green minus
Excess Red index; VARI: Visible Atmospherically Resistant index; NGRDI: Normalized Green-
Red difference index; RGBVI: Red Green Blue index; MGRVI: Modified Green-Red vegetation
index; GRRI: Green–Red ratio index; RI: Redness index; TCH: tonnes of cane per hectare.
Source: The author, 2024, p. 71

Genetic correlation estimates are provided in Table 5. Low positive and similar ge-

netic correlations among secondary traits and TCHwere observed using both, genomic-

and pedigree-based models. Genetic correlation estimates ranged from -0.28 to 0.26
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and from -0.34 to 0.34 for genomic- and pedigree-based models, respectively. With

the exception of NExR, and RI, secondary traits were positively correlated with TCH,

regardless of the relationship matrix used. Moreover, the strength of the genetic corre-

lations were dependent on the relationship matrix used, where pedigree-based corre-

lations had higher values.

3.4.2. Performance of single- and multi-trait models

Figure 10 shows the distribution of cross-validation prediction accuracies and the

mean squared error of prediction for single-trait models. As shown in Figure 10, the

cross-validation results using single-trait models gave near-zero and negative predic-

tion accuracies. Prediction accuracies ranged from -0.11 to 0.12, from -0.10 to 0.13,

and from -0.15 to 0.10, with means of 0.01, 0.01, and -0.02, for GBLUP, PBLUP and

KBLUP models, respectively. The average MSEP ranged from 0.90 to 1.16, from 0.90

to 1.15, and from 0.92 to 1.21 for GBLUP, PBLUP and KBLUP models, respectively.

The single-trait model that considered the relationship matrix derived from RGB bands

(KBLUP) gave the lowest mean prediction accuracy and higher MSEP. In general, in

terms of mean prediction accuracies and MSEP genomic-based (GBLUP) models per-

formed similarly compared to pedigree-based models (PBLUP).
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Figure 10 – Distribution of Cross-Validation prediction accuracies and mean square error of
prediction (MSEP) of single-trait prediction models for tonnes of cane per hectare (TCH). ST:
single-trait scenario.

Source: The author, 2024, p. 73

Figure 11 shows the distribution of cross-validation prediction accuracies and the

mean squared error of prediction for multi-trait models evaluated in prediction scenarios

MT-1 and MT-2. In both prediction scenarios evaluated (MT-1 and MT-2) low and simi-

lar prediction accuracies were found with negligible differences among MT-1 and MT-2.

Also, in both MT-1 and MT-2, no single combination of secondary traits performed bet-

ter for the prediction of TCH. In the MT-1 scenario, mean prediction accuracies ranged

from -0.0195 to -0.0098, and from -0.0006 to -0.0118, with average MSEP ranging from

1.1052 to 1.8292, and from 1.1278 to 1.1720 for genomic and pedigree-based models,

respectively. In the MT-2 scenario, mean prediction accuracies ranged from -0.0195

to -0.0098, and from -0.0075 to -0.0006 with average MSEP ranging from 1.1052 to

1.8292, and from 1.1278 to 1.1720 for genomic and pedigree-based models, respec-

tively. Compared to single-trait models, the mean cross-validation precition accuracies

and avarage MSEP of multi-trait models yielded similar results, regardless of the pair-

wise combination of secondary and the primary trait and the presence of secondary

traits in training and testing sets.
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Figure 11 – Distribution of Cross-Validation prediction accuracies and mean square error of
prediction (MSEP) of multi-trait prediction models for tonnes of cane per hectare (TCH) using
different combinations of secondary traits. MT-1: first multi-trait scenario.; MT-2: second multi-
trait scenario. TCH: tonnes of cane per hectare; ExR: Excess Red index; ExG: Excess Green
index; ExGR Excess Green minus Excess Red index; VARI: Visible Atmospherically Resistant
index; NGRDI: NormalizedGreen-Red difference index; RGBVI: RedGreen Blue index; MGRVI:
Modified Green-Red vegetation index; GRRI: Green–Red ratio index; RI: Redness index.

Source: The author, 2024, p. 74

3.4.3. Efficiency of selection

Table 5 presents the estimates of expected direct response to selection (𝑅𝑥) for each

trait and of indirect response to selection (𝑅𝑋𝑌 ) for TCH with RGB-image extracted

traits using G and A relationship matrices in multi-trait models. All secondary traits

showed a higher indirect response to selection compared to direct selection for TCH.

The secondary trait NExG showed the highest indirect response to selection. Also,

ExGR VARI, RGBVI, and NGRDI had higher estimates of indirect response to selection

compared to direct response to selection for TCH. Both direct, and indirect response to

selection for primary and secondary traits were higher for models using the relationship

matrix A as compared to G.
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3.5. Discussion

3.5.1. Single-trait models

The use of genotypic and pedigree data in prediction models has become of partic-

ular interest for plant breeders (Crossa et al., 2017; Dreisigacker et al., 2021). Several

studies have demonstrated the potential advantage these information sources can have

for predicting breeding values of selection candidates (Burgueño et al., 2012; Crossa

et al., 2010; Juliana et al., 2018). In such models, predictions benefit from borrowing

information shared between related individuals.

In this study, the predictive ability of both pedigree, and genomic-based single-trait

models was substantially low, and similar. The genomic prediction results we found

are in line with those of Islam et al. (2022), which reported very low genomic predic-

tion accuracies for TCH. In contrast, the cross-validation genomic prediction accura-

cies we found are lower compared to other studies. For example, Yadav et al. (2021)

reported prediction accuracies for TCH ranging from 0.218 to 0.325. In Hayes et al.

(2021), despite the lowest accuracies of predicted genomic estimated breeding values

being reported for TCH, the authors found higher avarage accuracies, of 0.3 across

four locations. Deomano et al. (2020) reported higher pedigree and genomic prediction

accuracies for TCH compared to our study.

These results can be attributed to the complex genetic architecture of TCH, which

is influenced by a number factors such as climatic variables, biotic stresses, and inter-

plot competition effects, particularly in small unreplicated plots, potentially resulting in

large experimental error (Deomano et al., 2020; Natarajan et al., 2019). This was re-

flected by the low estimates of narrow-sense heritability we observed for TCH. Unlike

most of the studies that assessed genomic prediction for TCH, here we used data of

small unreplicated plots. Another possibility is that we employed models that consid-

ered only additive genetic effects, and these were insufficient to model the underlying

genetic variance. The results of Hayes et al. (2021) and Deomano et al. (2020) suggest

that models including only additive genetic effects may oversimplify the complexity of
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predicting TCH, which could be largely governed by non-additive genetic effects.

Another possible reason to explain the genomic prediction results might be the in-

adequate distribution of markers across the genome, especially for a large genome

plant specie and a complex traits such as TCH, rendering markers unable to capture

all QTLs (O. A. Montesinos-López et al., 2023). Also, our population was derived from

a previously established family trial submitted to selection, this may have resulted in

reduced genetic variation for TCH, diminishing the power of genomic predictions (Deo-

mano et al., 2020; Juliana et al., 2018). In this study, pedigree and genomic information

were not informative for predicting TCH. However, for less complex traits such as stalk

number or soluble solids, pedigrees can be a valuable genetic information source, as

demonstrated in the first chapter of this thesis and by Inamori et al. (2024).

In sugarcane breeding programs, the evaluation of TCH is a time-consuming and

labor-intensive process. Among the factors responsible for this are the large number of

progeny populations generated and the size of the crop, which can reach 4 m in height

(Lu et al., 2024). In this sense, remote in-field measurements using UAS-based RGB

imaging is an appealing tool, enabling sugarcane breeders to screen extensive field

trials more efficiently at a relatively low cost (Natarajan et al., 2019; Todd et al., 2022).

The usefulness of RGB-image extracted traits to estimate TCH and TCH-related traits

has been investigated in previous studies (Sanches et al., 2018; Todd et al., 2022). In

particular, spectral reflectance traits are frequently employed. Spectral reflectance traits

are developed using straightforwardmathematical formulae expressed as VIs (Liu et al.,

2019). For example, Sumesh et al. (2021) found stalk density to be correlated with the

Excess Green index. Also, Todd and Johnson (2021) utilized UAS-based RGB imaging

to predict yield of sugarcane families for a second ratoon crop. Authors found that

NGRDI and other spectral traits of the CIElab color space model significantly correlated

with cane yield.

Besides VIs, raw data from individual wavelengths can be used to express the in-

formation of spectral reflectance traits (Mróz et al., 2024). Thus, we considered a third

modeling strategy that incorporated RGB visual spectral bands to derive genotypic re-
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lationship matrix K. Similarly to pedigree- and genomic-based accuracies, single-trait

models that incorporated K gave a very poor performance. One possible explanation

for this results is that we conducted only one flight during the crop season, which may

have contained insufficient information to describe the genetic components of TCH.

Mróz et al. (2024) combined data of multiple time points across crop years, potentially

providing a more informative dataset. Indeed, the frequency of data collecting points,

and the optimal date to measure spectral reflectance traits are known to be important

aspects of UAS-based imaging (Herr et al., 2023). The results of Zhao et al. (2016)

indicated that the best time to measure canopy reflectance for TCH estimation was

during the tillering stage, which is an earlier growth stage compared to this study. In

(Natarajan et al., 2019), authors considered average measurements across multiple

time points over the crop season. They found that genetic variance and heritability of

NDVI was higher in early growth stages compared to late stages, suggesting that as

sugarcane plants reach physiological maturity, canopies close and spectral reflectance

saturates, hindering the discrimination of clones. Similarly, Cholula et al. (2020) re-

ported higher correlations of NDVI with cane yield roughly at the tillering stage. But for

the excess green index, correlations with cane yield were only significant at the ma-

turity stage. Sanches et al. (2018) identified the transition point between tillering and

elongation (biomass accumulation) stage as the optimal timing to predict cane yield.

The results of Hoffman et al. (2024) indicated that canopy temperature and NDVI could

be used to identify high- and low-yielding sugarcane genotypes when measured ear-

lier on in the growth cycle for well-watered environments. A potential weakness of our

study was that since we collected data in the end of crop cycle, the height of plant

canopies and overlap of leaves from neighboring plots may have interfered with image

data quality (Gitelson et al., 2002). Indeed, sugarcane is known to have a complex

canopy architecture (Barbosa Júnior et al., 2021).
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3.5.2. Multi-trait models

Previous studies suggest that the integration of high-throughput phenotyping (HTP)

data can further improve genomic prediction models, resulting in enhanced prediction

accuracy (Morota et al., 2022; Persa et al., 2021). One of the applications of this strat-

egy is to incorporate secondary traits measured with UAS as response variables into

multi-trait models (Rutkoski et al., 2016). In this modeling strategy, the benefits stem

from heritability and genetic correlation between primary and secondary traits (Calus &

Veerkamp, 2011; Jia & Jannink, 2012). Multi-trait models are able to levarage informa-

tion shared between individuals and also between traits (A. Montesinos-López et al.,

2021). This can be an useful aspect for predictions across populations, cycles and en-

vironments. As we discussed in the previous chapter, there is a trade-off between the

benefits and costs of genomic prediciton, particularly at early selection stages, where

its application can be prohibitively expensive, due to the large number of selection can-

didates. Although pedigrees also have inherent weakness, such as being unable to

capture within family variation, they represent a more affordable solution for predicting

TCH at early selection stages. Hence, an alternative strategy would be to use multi-trait

pedigree prediction models (Crossa et al., 2017).

Our results indicated that multi-trait models did not improve prediction accuracies

compared to single-trait models, regardless of the cross-validation scheme. Moreover,

we observed negligible differences of multi-trait models using G and A relationship ma-

trices. These results can be attributable to the complexity of TCH and the broad range

of heritability estimates of RGB-image extracted traits evaluated in the present study

(Bhatta et al., 2020). This is in agreement with the results of Fernandes et al. (2018),

who found that single- and multi-trait genomic models yielded similar results for pre-

dicting biomass yield in sorghum. Similarly, Lado et al. (2018) used cross-validation

MT-1 and did not found multi-trait genomic to perform better than single-trait models for

bread wheat baking quality traits. In contrast, the simulated results of Jia and Jannink

(2012) showed that prediction accuracy for a low-heritability trait was significantly in-

creased using multi-trait genomic prediction models. Rutkoski et al. (2016) found that
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by including secondary VIs prediction accuracies increased for grain yield in wheat us-

ing both, pedigree and genomic relationships. Similar results were found by Sun et al.

(2017), who evaluated multi-trait pedigree and genomic models using canopy temper-

ature and/or NDVI as secondary traits for predicting wheat grain yield.

One of the attractive features of UAS-based imaging is the ability to measure sec-

ondary traits that are correlated with difficult to measure primary traits, such as TCH, on

large populations of selection candidates in a fast and cost-efficient manner. This fea-

ture allow prediction models to exploit not only information shared between related indi-

viduals, but also per se data of selection candidates at the time of selections (Rutkoski

et al., 2016). Accordingly we tested a second prediction scenario using the cross-

validation scheme MT-2. Here, we did not observed improvements in prediction accu-

racy of multi-trait models when RGB-image extracted traits were included in the testing

set. Previous studies reported that significant improvements in predictions were ob-

served when secondary traits were included on training and test set (Bhatta et al., 2020;

Gaire et al., 2022; Lado et al., 2018; Muvunyi et al., 2022; Rutkoski et al., 2016; Sun

et al., 2017; Velazco et al., 2019). A possible explanation could be the combination of

low genetic correlations between TCH and RGB-image extracted traits and associated

modest heritability estimates of the latter (Shahi et al., 2022).

Narrow-sense heritability of TCH was low using both G and A. By contrast, all

RGB-image extracted traits showed higher heritability than TCH, with estimates using

A outperforming those using G. However, these higher estimates of heritability did not

translated into increased prediction accuracy of multi-trait models. This was likely due

to experimental error variations as a result of using small unreplicated plots and a di-

verse set of genotypes, which may lead to biased estimates genetic parameters (Herr

et al., 2023; Krause et al., 2020). The results found by Jia and Jannink (2012) sug-

gest that genetic correlation might be more important than the heritability. Moreover,

for complex traits, multi-trait models provided only negligible improvements relative to

single-trait models. According to Montesinos-Lopez et al. (2022), multi-trait models

can help increase the prediction accuracy when the degree of correlation is moderate to
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large. Despite the importance of the degree of heritability some authors argued that ge-

netic correlations might be more a decisive factor (Krause et al., 2020). Therefore, the

higher the absolute genetic correlation between traits, the greater the benefit of multi-

trait models (A. Montesinos-López et al., 2021). In our dataset correlations between

spectral reflectance traits and TCH were low. Khuimphukhieo et al. (2023) evaluated a

series of RGB image-extracted traits to assess cane yield and quality traits. They found

that most spectral reflectance traits measured between elongation and maturity growth

stages were positively associated with TCH, including ExG, ExGR, MGRVI, NGRDI,

RGBVI and VARI. In contrast, in the maturity phase correlations decreased and were

equivalent the genetic correlation estimates of this study, corroborating our results and

highlighting importance of defining the appropriate flight timing. Moreover, the findings

of Zhao et al. (2016) indicated that TCH was better estimated using data collected be-

fore sugarcane canopy closure, as differences among clones for spectral reflectance

traits are much smaller compared to early growth stages, leading to very low correla-

tions.

Multi-trait models can provide more accurate estimates of genetic correlations be-

tween traits, thus improving selection decisions (O. A. Montesinos-López et al., 2019).

Here, we found that the strength of the genetic correlations, direct, and indirect re-

sponse to selection for primary and secondary traits were dependent on the relation-

ship matrix used, where pedigree-based estimates yielded higher values. Krause et

al. (2020) reported that HTP traits measured in small plots correlated with grain yield

of larger plot sizes. This results suggests the indirect selection using UAS-based VIs

could result in superior genetic gains compared to direct selection for TCH on small

unreplicated plots.

In the present study, we restricted the analysis to solely bi-variate models. Sun et al.

(2017) observed that including all secondary traits in multi-trait pedigree and genomic

models did not improved predictive ability for grain yield compared to bi-variate models.

Authors found that including a single secondary trait showing higher indirect selection

efficiency gave the best results. In contrast, found multi-trait model that used both CT
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and NDVI in general had better prediction accuracy for those traits compared to model

that used a single trait, i.e. either CT or NDVI, with a few exceptions (Lado et al., 2018;

Sandhu et al., 2021). The results found byGaire et al. (2022) corroborate that using only

one or few highly heritable, and strongly correlated secondary traits to predict primary

traits may be a more parsimonious approach (Sandhu et al., 2021). This is because

the inclusion of more traits could come at the cost of increasing computational intensity

and/or lead to problems with multicollinearity, and convergence to solve mixed model

equations (O. A. Montesinos-López et al., 2019; Sandhu et al., 2021).

3.5.3. Future directions

The effectiveness of UAS-based imaging to optimize genetic evaluation for quality,

yield, and yield-related traits in sugarcane breeding has been demonstrated in previous

studies (Akbarian et al., 2023; Chea et al., 2020; de Oliveira et al., 2022; Poudyal et al.,

2022). In future studies, the benefits of this tool could be greater by conducting multiple

measurements over the growing season. Also, future investigations should assess dif-

ferent sensor technologies, such as multispectral, thermal, and hyperspectral cameras.

These sensors could provide information on different wavelength that can be more in-

formative for predicting TCH. Finally, future studies should consider the optimization of

protocols for UAV flight planning and image processing, as these factors can have a

significant impact on image data quality (Gano et al., 2024).

3.6. Conclusion

We found low genetic correlation between TCH andRGB-image extracted traits, and

overall moderate narrow-sense heritability estimates for RGB-image extracted traits.

Indirect response to selection using the indices ExGR VARI, RGBVI, and NGRDI was

slightly higher compared to direct response to selection for TCH. In general, our results

suggest that prediction accuracies of multi-trait models that incorporated RGB-image

extracted traits did not improve compared to single-trait models for predicting TCH. Fu-

ture research should investigate alternative sensor technologies and a temporal frame-



82

work for UAS-based data collection.
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