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RESUMO 

 

 

CASTILHO SILVA, D. Sensor multiespectral embarcado em sistema de aeronave 

remotamente pilotada para manejo de nitrogênio em milho e feijão-comum. 2024. 105 f. 

Tese (Doutorado em Agronomia: Solo e Água) – Escola de Agronomia, Universidade Federal 

de Goiás, Goiânia, 2024.1 

 

Este estudo abrangente visa avançar no campo da fenotipagem rápida, 

aproveitando sistema de aeronave pilotada remotamente (RPAS) e imagens multiespectrais 

para aprimorar a avaliação de características críticas das plantas, com foco particular no 

conteúdo de nitrogênio e na otimização do rendimento. Com base numa revisão sistemática de 

41 artigos revisados por pares de 13 países, no primeiro capítulo, sintetizamos o conhecimento 

existente sobre a associação entre índices de vegetação (IVs) e características das plantas em 

diferentes estágios de crescimento de 11 principais espécies agrícolas. Extraindo insights de 

experimentos conduzidos ao longo de dois anos consecutivos, investigamos a correlação entre 

IVs, teor de nitrogênio foliar (LNC) e produtividade nos principais estágios de crescimento do 

milho e do feijão comum. O segundo capítulo examinou a eficácia dos IVs, como Green 

Normalized Difference Vegetation Index (GNDVI), Green to Near–Infrared Band Ratio (GN) 

e Transformed Chlorophyll Absorption in Reflectance Index (TCARI) na previsão de doses de 

nitrogênio e produtividade em milho nos estágios V6, V11 e R1. O terceiro capítulo focou no 

crescimento do feijão comum, integrando IVs selecionados com dados de textura (GLCM) 

derivados de imagens multiespectrais baseadas em RPAS para estimar com precisão o LNC em 

estágios críticos de crescimento (V4, R5 e R7). Notavelmente, o Green Normalized Difference 

Vegetation Index (GNDVI) e Modified Chlorophyll Absorption in Reflectance Index (MCARI) 

surgiram como preditores robustos do LNC, com a adição de métricas de textura (GLCM) 

aumentando a precisão, especialmente quando combinados com modelos de aprendizado de 

máquina como Random Forest (RF) e Support Vector Machine (SVM). Nossas descobertas 

ressaltam o potencial das imagens multiespectrais baseadas em RPAS, juntamente com técnicas 

avançadas para revolucionar os esforços de fenotipagem, facilitando o monitoramento mais 

preciso das principais variáveis das plantas e otimizando estratégias de manejo de culturas para 

melhor uso de insumos e manutenção de produtividade ao longo do tempo. 

 

 

Palavras-chave: sistema de aeronave pilotada remotamente (RPAS), imagem multiespectral, 

índice de vegetação, feijão, milho. 

 

 

 

_______________ 
1 Orientadora: Dra. Beata Emoke Madari. Embrapa Arroz e Feijão. 

  Coorientadores: Dr. Manuel Eduardo Ferreira. LAPIG, IESA. 

                            Drª. Maria da Conceição Santana Carvalho. Embrapa Arroz e Feijão. 



 
 

 

 

ABSTRACT 

 

 

CASTILHO SILVA, D. Harnessing UAV-mounted spectral sensors for optimal nitrogen 

management in corn and bean crops. 2024. 105 p. Thesis (Master in Agronomy: Soil and 

Water) - School of Agronomy, Federal University of Goiás, Goiânia – GO, 2024.¹ 

 

This comprehensive study aims to advance the field of rapid phenotyping by 

leveraging unmanned aerial vehicles (UAVs) and multispectral imagery to enhance the 

assessment of critical plant traits, with a particular focus on nitrogen content and yield 

optimization. Building upon a systematic review of 41 peer-reviewed papers from 13 countries, 

on the first chapter, we synthesized existing knowledge on the association between vegetation 

indices (VIs) and plant traits across different growth stages of 11 major crop species. Drawing 

insights from experiments conducted over two consecutive years, we investigated the 

correlation between VIs, leaf nitrogen content (LNC), and yield at key growth stages of corn 

and common bean. The second chapter examined the efficacy of VIs such as Green Normalized 

Difference Vegetation Index (GNDVI), Green to Near–Infrared Band Ratio (GN) and 

Transformed Chlorophyll Absorption in Reflectance Index (TCARI) in predicting nitrogen 

rates and grain yield in corn at V6, V11, and R1 stages. The third chapter focused on common 

bean growth, integrating selected VIs with texture data derived from UAV-based multispectral 

images to accurately estimate LNC across critical growth stages (V4, R5, and R7). Notably, 

the Green Normalized Difference Vegetation Index (GNDVI) and Modified Chlorophyll 

Absorption in Reflectance Index (MCARI) emerged as robust predictors of LNC, with the 

addition of texture metrics enhancing accuracy, especially when combined with machine 

learning models like random forest (RF) and support vector machine (SVM). Our findings 

underscore the potential of UAV-based multispectral imagery coupled with advanced analytical 

techniques to revolutionize phenotyping efforts, facilitating more precise monitoring of key 

plant traits and optimizing crop management strategies for better use of inputs and maintenance 

of yield over time. 

 

 

Key words: unmanned aerial vehicle (UAV), multispectral imagery, vegetation index, common 

bean, corn. 

 

 

 

 

 

 

___________ 
1 Advisor: Dra. Beata Emoke Madari. Embrapa Arroz e Feijão. 

  Co-advisor: Dr. Manuel Eduardo Ferreira. LAPIG, IESA. 

                      Drª. Maria da Conceição Santana Carvalho. Embrapa Arroz e Feijão. 
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1 INTRODUÇÃO 
 

Nas práticas tradicionais de produção agrícola, a fertilidade das terras agrícolas é 

geralmente assumida como homogênea, sendo adotada uma estratégia uniforme de 

gerenciamento de nitrogênio (N), enquanto o estado real de N do solo e da cultura apresenta 

grande variabilidade espacial e temporal ao longo da área (Zhang et al., 2022). A aplicação 

adequada de fertilizantes nitrogenados é a estratégia chave para garantir a produtividade ideal 

das culturas (Han et al., 2022). A melhor indicação do estado nutricional da planta é o teor 

foliar de N, porém os meios tradicionais de medição do N foliar são demorados, trabalhosos e, 

portanto, não atendem às necessidades de monitoramento rápido e em tempo real (Blackmer & 

Schepers, 1996). A obtenção remota e eficaz do teor foliar de N sempre foi um problema 

urgente a ser resolvido para impulsionar zonas com maior potencial de rendimento e/ou reduzir 

insumos (Marang et al., 2021; Li et al., 2022). 

O sistema de aeronave pilotada remotamente (RPAS) têm atraído considerável 

atenção científica e pública nos últimos anos, pois apresenta a vantagem de ser flexível de 

manipular, agindo como um método rápido, não destrutivo e eficiente (Jiang et al., 2020; Chen 

& Wang, 2022). A sua utilização oferece a possibilidade de obter dados de campo de forma 

fácil e rentável, resultando em imagens com alta resolução espacial e temporal (García-

Martínez et al., 2020; Li et al., 2022). A principal vantagem do uso de RPAS é que grandes 

populações de plantas podem ser avaliadas rapidamente, ao mesmo tempo que reduzem 

imprecisões resultantes da amostragem de um subconjunto limitado de plantas (Costa et al., 

2021). Os RPAS superaram as deficiências da deteção de aparelhos portáteis terrestres e de alta 

altitude (satélites), proporcionando um forte apoio à tecnologia de monitorização de 

informações sobre culturas na agricultura de precisão (Fu et al., 2020). Vários estudos 

mostraram o potencial de RPAS para estimar o conteúdo foliar de N em diversas culturas, como 

uva, algodão, milho, citrus, arroz e feijão (Osco et al., 2019; Wang et al., 2021; Xu et al., 2021; 

Peng et al., 2021; Peng et al., 2022). 
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Muitos esforços têm sido dedicados à identificação dos índices de vegetação (IVs) 

que melhor se correlacionam com as características das plantas (Almeida-Ñauñay et al., 2023). 

Os mais relevantes ligados ao status de N da cultura incluem o conteúdo de N foliar, a 

concentração de N na planta, o índice de nutrição de N (NNI) e a concentração de N (NC) para 

diferentes frações de plantas (Oliveira et al., 2020; Kou et al., 2022). 

Um desafio crítico à medida que a tecnologia evolui e o número de estudos 

publicados sobre este tema cresce exponencialmente com o tempo é acompanhar o progresso 

atual e identificar lacunas no conhecimento da investigação. A maioria dos estudos que utilizam 

RPAS avaliam o conteúdo de nutrientes usando um modelo de regressão simples, tipicamente 

modelos lineares (Barbedo, 2019), e geralmente focados em algumas características das 

plantas. Até o momento, a literatura acadêmica existente sobre a fusão de estudos utilizando os 

mesmos IVs e características de plantas é limitada. O desenvolvimento de uma revisão mais 

organizada e estruturada pode ajudar a identificar IVs e características de plantas promissores, 

ao mesmo tempo que desenvolve um conjunto de dados aberto para auxiliar no progresso futuro 

neste tópico. 

Embora muito trabalho tenha sido feito demonstrando que um RPAS com sensores 

multiespectrais passivos pode detectar estresse de N nas culturas, poucos estudos foram feitos 

para transformar essas leituras de sensores multiespectrais em um sistema prático de 

recomendação de N para ser aplicado em operações agrícolas. Além disso, estes estudos 

ignoraram mais informações armazenadas nas imagens de alta resolução adquiridas a baixa 

altura de voo, que contêm não apenas espectrais (IVs ou bandas únicas), mas também 

informações de textura relacionadas com as propriedades do N da cultura, como exemplo 

texturas baseadas em matriz de coocorrência de nível de cinza (GLCM). 

Modelos como platô linear ou platô quadrático, podem ter vantagens sobre os 

outros, uma vez que utilizam IVs para correlacionar com conteúdo de N foliar, produtividade 

ou doses de N no milho. Estudos que utilizaram esses modelos conduziram os voos de RPAS 

em estágios mais avançados do milho (acima de V12), o que pode ser tarde demais para 

identificar e corrigir a deficiência de N, além disso, estimar a taxa de N nos estágios iniciais de 

crescimento do milho é de grande importância na produtividade final (Benincasa et al., 2017). 

Nos últimos anos, aprendizado de máquina como Support Vector Machine (SVM), 

Random Forest (RF) e outros métodos têm sido cada vez mais aplicados na predição de N da 

cultura, superando os modelos tradicionais em termos de precisão. Pesquisas para a estimativa 

de conteúdo de N foliar para feijoeiro usando sensores baseados em RPAS são relativamente 

escassas. A maioria dos estudos existentes concentrou-se na estimativa da produtividade, índice 
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de área foliar e teor de matéria seca (Gutiérrez-Rodríguez et al., 2006; Köksal et al., 2008; 

Monteiro et al., 2013; Santana et al., 2016; Saravia et al., 2023). No entanto, a importância de 

estimar N foliar usando RF e SVM, em conjunto com IVs e métricas de textura GLCM, não 

pode ser subestimada no feijão. 

Seguindo esse raciocínio, esse trabalho teve como objetivos produzir três capítulos 

mostrando no primeiro: um processo de revisão sistemática com foco na recuperação de 

conjuntos de dados sobre o estado da arte na avaliação de características de plantas baseadas 

em RPAS. Nosso conjunto de dados global concentra-se nas principais espécies de culturas 

agrícolas, 11 no total, recuperadas de estudos publicados durante as últimas duas décadas (2000 

a 2023) em 13 países, com foco na relação entre IVs e características das plantas para 

caracterizar o status de N da cultura e identificar lacunas de conhecimento para orientar 

pesquisas futuras sobre avaliações de características de plantas baseadas em RPAS; no segundo 

capítulo: desenvolver um modelo para prever a dose de N necessária em cobertura para milho 

no estágio fenológico V6 usando dose de N e/ou conteúdo de N foliar; e no terceiro capítulo: 

determinar IVs e métricas de textura ideais de imagens multiespectrais de RPAS para estimar 

conteúdo de N foliar em feijão, explorando a capacidade de integração de informações 

espectrais e texturais na melhoria do monitoramento do status de N. 
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ABSTRACT 

 

Enhancing rapid phenotyping for key plant traits, such as biomass and nitrogen content, is 

critical for effectively monitoring crop growth and maximizing yield. Studies have explored 

the relationship between vegetation indices (VIs) and plant traits using drone imagery. 

However, there is a gap in the literature regarding data availability, accessible datasets. Based 

on this context, we conducted a systematic review to retrieve relevant data worldwide on the 

state of the art in drone-based plant trait assessment. The final dataset consists of 41 peer-

reviewed papers with 11,189 observations for 11 major crop species distributed across 13 

countries. It focuses on the association of plant traits with VIs at different growth stages. This 

dataset provides foundational knowledge on the key VIs to focus for phenotyping key plant 

traits. In addition, future updates to this dataset may include new open datasets. Our goal is to 

continually update this dataset, encourage collaboration and data inclusion, and thereby 

facilitate a more rapid advance of phenotyping for critical plant traits to increase yield gains 

over time. 

 

2.1 Background & Summary 

 

Agriculture is an important industry, serving as the foundation of food security and of the global 

economy1. The complexity of biological systems is reflected in the spatial temporal variability 

of the soil and crop N status within a field2. To ensure optimal use of outputs, fertilizers should 

be provided at the right time, place, with an adequate source and at the right rate, only when 

necessary3. Therefore, a variable nitrogen (N) management strategy must be implemented to 

optimize fertilizer N rates, economic benefits, and maintaining or increasing both yield and 

quality4. 

N is a critical element for crop growth and one of the most important nutrients in agriculture to 

improve crop yield and for protein formation5. Furthermore, the utilization of the right fertilizer 

N rate is crucial not only to increase yields but to reduce the environmental footprint of this 

practice3,6. Traditional methods for detecting crop N status involve time-consuming field 

sampling and costly laboratory analysis7. Monitoring crop N status efficiently and effectively 

remains an urgent problem to be solved8,9. 

In recent years, technological innovations based on the utilization of multispectral and 

hyperspectral sensors mounted in different platforms help to provide critical imagery data for 

phenotyping and developing new tools for precision agriculture10. The emergence of unmanned 

aerial vehicles (UAV, or commonly known as drone) has advanced remote sensing applications 

at fine scales. UAV have gained significant scientific and public interest, due to their flexibility, 
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easiness to use, and affordability11,12. The aerial platform and sensor cost with a rapid image 

availability make this equipment valuable for assessing critical plant traits for advancing yield 

gains13,14.  

Characterization of key plant traits can vary depending on the crop and growth stage. Many 

efforts have been dedicated to identifying VIs that best correlates to plant traits15–18. The most 

relevant linked to crop N status include leaf N content (LNC), plant N concentration (PNC), N 

nutrition index (NNI), and N concentration (NC) for different plant fractions19–24. Several crops 

have been investigated using drone technology to assess plant traits, including but not limited 

to wheat (Triticum aestivum L.)15, corn (Zea mays L.)16, rice (Oryza sativa L.)17, and barley 

(Hordeum vulgare)18. Different crops may require species-specific VIs to better characterize 

crop N status, as differences in leaf structure, canopy architecture, N allocation, and 

phenological stage should be taken into account when comparing across them4,25,26. In addition, 

other factors such as soil exposure, crop residues, and N application levels can also affect the 

stability of an index27, provide restrictions to use a more universal index for accurately estimate 

similar plant traits across crop species11. For example, NDVI has been found to be a reliable 

index for N estimation in corn but less effective for rice28–31. Therefore, it is important to 

identify and evaluate the most effective VIs more directly targeting specific plant traits across 

major field crops. 

A critical challenge as technology is evolving and the number of published studies on this topic 

grows exponentially with time is to keep up with the current progress and identify research 

knowledge gaps. Furthermore, as the analysis is based on a single experiment with N treatments 

and small plots, further research is needed to translate current findings to real-world 

scenarios32. Most studies using UAV assess nutrient content using a simple regression model, 

typically linear models14, and usually focused on a few plant traits. To date, the existing 

academic literature on the merger of studies utilizing the same VIs and plant traits is limited. 

Therefore, developing a more organized and structured review can help identify promising VIs 

and plant traits while developing an open dataset to assist future progress on this topic. 

Following this rationale, a systematic review process focusing on retrieving datasets on the 

state of the art in drone-based plant traits assessment was executed. Our global dataset focuses 

on major field crop species, 11 total, retrieved from studies published during the last two 

decades (2000 to 2023) in 13 countries. The final dataset contains 41 peer-reviewed scientific 

manuscripts focusing on the relationship between VIs and plant traits for characterizing crop 
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N status and identifying knowledge gaps to guide future research on drone-based plant traits 

assessments. 

 

2.2 Methods 

A literature search was conducted, involving identification, screening, eligibility, and inclusion 

of relevant records (Fig. 1a). The Scopus and Web of Science search engines were the main 

data sources. The keywords “multispectral airborne images” or “drone” or “UAV” or “UAS” 

or “unmanned aerial vehicle” or “remotely piloted aircraft system”, AND “nitrogen” AND 

“yield” were included in the search criteria, restricting the duration from 2000 to March 2023 

to identify the most promising modern technologies. 

After retrieving all relevant records (number of studies, n = 372), a first screening process was 

performed to remove duplicates (n = 264) for further processing. As a next step, an intensive 

analysis/full text reading was executed. Studies presenting the following criteria were excluded 

of the final database: 1) languages other than English, 2) unavailability of full-text publication, 

3) lack of focus on field experiments (other setting greenhouse, growth chamber, pots, etc.), 4) 

articles that did not use drones to collect RGB, multi- or hyperspectral images, 5) used more 

than one crop/plant mixed (not focus on a single cropping specie), 6) study not focused on plant 

N/yield association, 7) lack of observed N determinations (excluding indirect N measurements 

such as chlorophyll meters, handheld sensors), and lastly, 8) those studies only benchmarking 

UAV derived imagery data with handheld sensors. 

In the next step, full-text screening was performed to exclude studies that did not report data 

on VIs and plant trait, removing 222 papers. An additional 23 papers were identified and 

reviewed by examining citations from the remaining manuscripts, resulting in the inclusion of 

22 additional studies. These studies were checked for duplicates. As a result, a final database 

comprises 41 articles published between 2010 to 2023 (Fig. 1b). 
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Fig. 1 a) Sankey diagram illustrating the studies search, collection, filtering, and selection. b) 

Number of studies selected per year. 

 

A total of 41 records were identified fulfilling the main criterion of crop N estimation using 

different crops with RGB, multispectral, and hyperspectral data derived from the utilization of 

drones. The data retrieved from each paper included: i) geographic location of the experiments, 

ii) crop species, iii) plant traits (N content/concentration, N nutrition index (NNI), N uptake, 

leaf/plant N accumulation, canopy N content, N rate, and biomass), iv) VIs/bands, v) applied 

N rates, and vi) timing of UAV flights/phenological stages (further details presented in Table 

1). 
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ID Author Year Country Crop Phenological Stage / Time1 Plant Traits Vegetation Index2 Ref 

01 Almeida-Ñauñay et al. 2023 Spain Wheat Stem Elongation, Flowering Yield (t ha-1) NDVI 15 

02 Argento et al. 2021 Switzerland Winter Wheat 
Tillering, Stem Elongation, 
Heading 

Plant N Concentration (%), 
NNI, N uptake (kg ha-1) 

MCARI/MTVI2, 
NDRE 

33 

03 Ballester et al. 2017 Australia Cotton 
First Flower, First Cracked 
Boll, Maturity 

Plant N Concentration (%), N 
uptake (kg ha-1) 

SCCCI, 
TCARI/OSAVI, TGI, 
VARI, NDRE, NDVI 

34 

04 Benincasa et al. 2017 Italy Winter Wheat Stem Elongation, Heading Yield (t ha-1) NDVI 3 

05 Cai et al. 2019 USA Corn VT, R3, R4, R5, R6 
Yield (t ha-1), Leaf N 
Concentration (%) 

CIg 16 

06 Caturegli et al. 2019 Italy 
Bermudagrass, Tall 
fescue 

Mature Leaf N Concentration (%) DGCI 35 

07 Chen et al. 2019 China Winter Wheat Stem Elongation NNI, Relative Yield - 36 

08 De Andrade et al. 2022 Brazil Soybean R3 Leaf N Content (g m-2) 
CVI, GRVI, RECI, 
SCCCI 

37 

09 Fassa et al. 2022 Italy Corn V7 Yield (t ha-1) NDRE 38 

10 Fu et al. 2020 China Winter Wheat 
Stem Elongation, Heading, 
Flowering 

Plant N Concentration (%), 
Leaf N Concentration (%), 
Leaf N Density (g m-2), Plant 
N Density (g m-2) 

CIVE, ExR, GLI 39 

11 Fu et al. 2021 China Wheat 
Stem Elongation - Heading - 
Flowering - Ripening 

Leaf N Concentration (%) NDRE 40 

12 Geipel et al. 2016 Germany Winter Wheat 
Stem Elongation, Heading, 
Flowering, Ripening 

Plant N Concentration (%), 
Yield (t ha-1) 

REIP 32 

13 Heinemann et al. 2022 Germany Wheat 
Stem Elongation, Heading, 
Flowering 

N uptake (kg ha-1) REIP 41 

14 Jiang et al. 2022 China Winter Wheat Tillering, Heading NNI, Yield (t ha-1) - 42 

15 Kefauver et al. 2017 Spain Barley 150 DAP3 Yield (t ha-1) 
NDVI, OSAVI, 
RDVI, SAVI, WBI 

18 

16 Lebourgeois et al. 2012 
Reunion 
Island 

Sugarcane Grand Growth 
Canopy N Content (g m-2), 
Leaf N Content (g m-2) 

NDVI, GNDVI, SRPI 12 

18 Li et al. 2010 China Winter Wheat Tillering - Heading Plant N Concentration (%) 
NDI (365, 410), SR 
(787 / 765) 

43 

19 Li et al. 2015 China Rice Filling Leaf N Concentration (%) DGCI 17 
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ID Author Year Country Crop Phenological Stage / Time1 Plant Traits Vegetation Index2 Ref 
17 Li et al. 2018 USA Sorghum 120 DAP3 Biomass (t ha-1) RDVI 44 
20 Liu et al. 2018 China Oilseed Rape Vegetative NNI CIRE, VARI 45 
21 Luo et al. 2022 China Rice Booting, Heading Yield (t ha-1) SAVI, WDRVI 46 

22 Maresma et al. 2016 Spain Corn V12 N rate (kg ha-1) 
NDVI, GRVI, 
WDRVI 

47 

23 Namoi et al. 2022 USA 
Miscanthus × 
giganteus 

Mid-summer growing 
season 

Biomass (t ha-1) NDRE 48 

24 Osco et al. 2020 Brazil Corn V12 Leaf N Concentration (%) 
GNDVI, NDRE, 
NDVI, NIR, Red, 
SAVI 

49 

25 Pipatsitee et al. 2022 Thailand Corn Vegetative, Reproductive Yield (t ha-1), Biomass (t ha-1) NDRE, NDVI 50 
26 Rodene et al. 2022 USA Corn R1 Leaf N Concentration (%) VEG 51 
27 Vergara-Diaz et al. 2016 Zimbabwe Corn R1 Leaf N Concentration (%) NDVI 52 
28 Viljanen et al. 2018 Finland Grass Swards 06, 15, 19, 28 / June Biomass (t ha-1) MSAVI 53 

29 Walsh et al. 2018 USA Spring Wheat Tillering, Heading Plant N Concentration (%) 
CIg, CIRE, EVI2, 
MTCI, NDRE, NDVI 

54 

30 Walsh et al. 2022 USA Wheat Stem Elongation, Heading Yield (t ha-1) NDVI 55 

31 Walsh et al. 2023 USA Wheat Stem Elongation, Heading 
Yield (t ha-1), N uptake (kg ha-

1) 
NDVI 56 

32 Wang et al. 2019 Denmark Grass GDD4 432 - 861 
Plant N Concentration (%), 
Biomass (t ha-1) 

- 57 

33 Wang et al. 2021 China Rice Tillering, Jointing, Booting Leaf N Concentration (%) CIRE 58 
34 Wang et al. 2022 China Rice Jointing, Booting, Heading Leaf N Concentration (%) CIRE, CIREg, SAVI 59 

35 Xu et al. 2021 USA 
Switchgrass 
(Panicum 
virgatum) 

End of season Plant N Concentration (%) NDRE 60 

36 Xu et al. 2022 China Rice Jointing, Heading, Filling Biomass (t ha-1) GOSAVI 61 

37 Yang et al. 2020 China Winter Wheat Flowering - Ripening 
NUE - Plant N Content (kg ha-

1) 
GNDVI, NDRE, 
RNDVI 

62 

38 Zhang et al. 2022 China Wheat 
Stem Elongation, Heading, 
Flowering 

Yield (t ha-1), N uptake (kg ha-

1), Biomass (t ha-1) 
DATT, RESAVI 2 

39 Zheng et al. 2018 China Rice 
Jointing, Booting, Heading, 
Filling 

Plant N Concentration (%) 
CIg, CIRE, NDVI, 
OSAVI, Viopt 

7 
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ID Author Year Country Crop Phenological Stage / Time1 Plant Traits Vegetation Index2 Ref 

40 Zheng et al. 2018 China Rice Tillering, Jointing, Booting 
Leaf N Accumulation (g m-2), 
Plant N Accumulation (g m-2) 

CIRE, DATT, ENDVI, 
ExG, GNDVI, 
NGRDI 

63 

41 Zheng et al. 2020 China Rice 
Jointing - Booting - Heading 
- Filling 

Plant N Concentration (%), 
Leaf N Concentration (%), 
Leaf N Accumulation (g m-2), 
Plant N Accumulation (g m-2) 

NDRE 64 

Table 1. Study identification (ID), author, year, country, crop, phenological stage/time, plant traits and vegetation index. 1Stages followed 

by a comma or dashes represent studies that assessed plant traits in each or across phenological stages, respectively. 2A missing 

vegetation index value indicates that only plant traits were assessed. Information regarding the full VIs names is available on the figshare 

repository65. 3DAP: Days After Planting. 4GDD: Growing Degrees Days.
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The overall distribution of the selected studies, main crop species, and number of 

observations of the data are presented in Fig 2. Among the 41 studies selected, 15 reported 

data on wheat, 8 for rice, 7 for corn, 4 for grasses, and 7 for other crops, such as barley, 

cotton (Gossypium hirsutum L.), Miscanthus x giganteus, oilseed rape (Brassica napus L.), 

sorghum (Sorghum bicolor L.), soybean (Glycine max), and sugarcane (Saccharum 

officinarum).  

The total number of pairs of observed plant traits and VIs per crop were: barley (Hordeum 

vulgare) 251, corn (Zea mays L.) 1282, cotton (Gossypium hirsutum L.) 876, grass 

(bermudagrass hybrid, tall fescue, grass sward, perennial ryegrass, red fescue, and Panicum 

virgatum) 367, Miscanthus x giganteus 57, oilseed rape (Brassica napus L.) 94, rice (Oryza 

sativa L.) 3232, sorghum (Sorghum bicolor L.) 196, soybean (Glycine max) 78, sugarcane 

(Saccharum officinarum) 1026, and wheat (Triticum aestivum L.) 3730 observations in 13 

countries (Fig. 2). 

 

Fig. 2 Distribution of studies (number of observations) included in the final database 

according to their countries of origin and tested field crops. 

 

For each article presented in Table 1, all available information on VIs and plant traits from 

figures, tables, text, and supplementary material was extracted using the ‘juicr’ R package66. 

Also, the data were visually inspected to ensure the information was associated with plant 

development stage. 
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Among the 14 plant traits identified during data extraction (Table 2a), only two plant traits 

(i.e., relative yield and N uptake) could be combined, considering crop type (i.e., wheat and 

cotton), VIs (i.e., NDVI and NDRE), and phenological stage (Table 2b). 

a) 

Plant Trait Crop 

Yield (Mg ha-1) Barley, Corn, Rice, Wheat 

Plant N Density (g m-2) Wheat 

Plant N Concentration (%) Cotton, Grass, Rice, Wheat 

Plant N Accumulation (g m-2) Rice 

NUE - Plant N Content (kg ha-1) Wheat 

NNI Oilseed Rape, Wheat 

N uptake (kg ha-1) Cotton, Wheat 

N rate (kg ha-1) Corn 

Leaf N Density (g m-2) Wheat 

Leaf N Content (g m-2) Soybean, Sugarcane 

Leaf N Concentration (%) Corn, Grass, Rice, Wheat 

Leaf N Accumulation (g m-2) Rice 

Canopy N Content (g m-2) Sugarcane 

Biomass (Mg ha-1) Corn, Grass, Miscanthus x giganteus, Rice, Sorghum, Wheat 

 
b) 

Plant Trait Crop Time Index Study 

Yield (Mg ha-1) Wheat 
Tillering, Stem Elongation, 
Heading 

NDVI 3,15,55,56 

N uptake (kg ha-1) 
Wheat, 
Cotton 

Stem Elongation, Heading 
(Wheat); First Cracked Boll, 
First Flower, Maturity (Cotton) 

NDVI, NDRE 33,34,56 

Table 2. Overview of the 11 crops with their respective plant traits performed. a) The table 

comprises all possible estimated plant traits based on the crop. b) The table comprises the 

information of articles that were possible to combine based on the same VI for the respective 

time used in each crop plant. 

 

2.3 Data Records 

The data are accessible on the figshare repository65, available at 

https://doi.org/10.6084/m9.figshare.22938797, and includes the following files: 

1. “UAV_database.xlsx” includes the data. 

2. “Summary of the database.docx”, includes a summary of the dataset, defining each 

column, data extracted from the studies, the units for each variable when pertinent, and a 

definition for each variable. 

https://doi.org/10.6084/m9.figshare.22938797
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3. “List of references.docx”, presents all the references of the publications included in the 

dataset. 

4. “List of vegetation indices.docx”, presents all the abbreviated VIs with their full names of 

the studies located in the dataset. 

5. “Codes.zip”, includes all codes to make the figures of this study. 

The “UAV_database” contains all the information collected on this systematic analysis. The 

“Summary of the database” presents a description for each column of the “UAV_database” 

file with the information separated into three categories: 

Category I, general specification of the study, containing information for author and 

publication year, and paper identification for each study included in the dataset. 

Category II, experiment information, describing species, VI used, VI value, coefficient of 

determination (R²), root mean square error (RMSE), and phenological stage sampling 

moment or dates. 

Category III, key for the dataset related to plant traits used. All plant traits information is 

reported with their units, as expressed in the data collected from those respective studies. 

This category shows the amount of N rate applied, plant/leaf N concentration/content, N 

nutrition index, yield, relative yield, N uptake, leaf/plant N density, leaf/plant N 

accumulation, canopy N content, and the aboveground biomass values. 

Table 1 describes the main topics of the 41 selected studies, including species, country for 

the study location, author, and year of publication, phenological stage sampling moment, 

plant traits and VIs utilized for each study, and relevant keyword for the study. 

 

2.4 Technical Validation 

To demonstrate the value of the dataset, the relationship between VIs and plant traits was 

investigated. After constructing the database, we checked for potential outliers and carefully 

summarized the information to analyze the interaction of multiple studies with the goal of 

merging them.  

Data of N uptake and two VIs (NDRE and NDVI) are presented in Fig. 3 for three studies 

across stages and crops (cotton and wheat). These three studies were conducted in 

Switzerland, Australia, and the United States for wheat crop at three stages (tillering, stem 
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elongation, and heading) and then for cotton crop at three stages (first flower, first cracked 

boll, and maturity). The N uptake (kg N ha−1) was calculated by multiplying the dry matter 

biomass (kg ha−1) with the corresponding N concentration (%) of the plant sample33. 

Although these two crops are managed differently with respect to crop management such as 

time of nutrient application, the overall trend was similar between VIs and the key plant N 

trait identified for these crop species. 

In contrast to NDRE, NDVI saturated shortly after stem elongation before decreasing rapidly 

during the senescence phase1 when studies were combined (saturation point when NDVI ≥ 

0.5). The NDVI seems to be a viable N status indicator for a first N application, when the 

crop leaf canopy has not closed yet. The NDRE progress was linear until the stage of spike 

emergence, which takes place after the fertilizer application in winter wheat. Thus, it is 

plausible that NDRE is a better VI for the creation of fertilizer prescription maps and N 

uptake assessment than NDVI. Moreover, the correlation value for NDRE (R2 = 0.80 and 

0.67 for wheat and cotton, respectively) confirmed the assumption that NDRE can be used 

to monitor the N status of the wheat and cotton crops. Lastly, these studies provide initial 

evidence of the potential superiority of red-edge-NIR based spectral indices over NDVI (R2 

between 0.11 – 0.65 across crops)33,34. In addition, this dataset helps to demonstrate the need 

of expanding the exploration of other spectral bands to target specific plant N traits more 

directly. 

 

 

Fig. 3 Relationship between nitrogen (N) uptake (kg ha-1) and two VIs (NDRE, NDVI) for 

cotton and wheat crops. Colors refer to different studies, and type of symbols represent the 

different field crop. 
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2.5 Usage Notes 

This dataset can be used in studies to diagnose N status and various plant traits in different 

crop species using UAV imagery. For example, recent studies have used NDVI as a yield 

predictor for wheat3,15,55,56. However, when combining data from these studies conducted 

across different environments, it is not possible to gain insights about the relationship 

between relative yield and NDVI (Fig. 4). It is noteworthy to understand that different 

growth stages will present varying conditions, which indicates the need to properly report 

crop phenology (growth stage) and environmental conditions (rainfed vs. Irrigated) when 

correlating yield with any VI67. For instance, some studies have highlighted the importance 

of obtaining an estimation of crop biomass in reducing variability/noise when exploring crop 

N status68. This approach could lead to more reliable models and the development of more 

universal N management guidelines. 

Fig. 4 Relationship between relative yield and NDVI for wheat comprising all stages and 

individual ones (tillering, stem elongation and heading) combined. Colors represent different 

studies, and the type of symbols refer to the crop growth stage (time). 
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Despite considerable progress, there are still many relevant research knowledge gaps in 

drone-based crop research. Many studies do not use the same VIs to analyze a specific plant 

trait and/or phenological stage. In addition, numerous studies provided metrics (R² and/or 

RMSE) of the relationship between plant trait and VI, but often omitted the corresponding 

data, restricting the future use of those studies.  

Future updates to this dataset could include newly published studies and previously 

unavailable data (with potential for more contribution from different authors). The goal is to 

continually expand the dataset to encourage collaboration, open science, and inclusion of 

more data for more comprehensive UAV-VI crop trait estimates. Additionally, the dataset 

could be expanded to include other plant traits such as other nutrient deficiencies (e.g., 

potassium), drought status, and pest and disease detection. Drone-based imagery data can 

help detect changes in crop N status early in the season, permitting to adjust via 

interventions. Improving the ability to more precisely and dynamically correct crop N 

deficiencies will help farmers focus on a more sustainable approach to monitor large areas 

in a short period of time, improving farming profitability and reducing the environmental 

footprint. 

 

2.6 Code Availability 

Scripts using R programming language are provided to produce figures. Additional code and 

related files are available at figshare repository65: 

https://figshare.com/s/177cdcd70963a415925b. 
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ABSTRACT 

 

Nitrogen (N) is one of the factors that most affect corn yield. An alternative method in 

assessing N status is to measure the spectral reflectance of plant canopy by remote sensing. 

Corn images provided by unmanned aerial vehicle (UAV) offer a great advantage given their 

high spatial and temporal resolution. In order to (1) correlate multispectral images by means 

of vegetation indices, leaf N content (LNC) and yield at V6, V11, and R1 corn growth stages, 

and (2) to develop a model to predict top-dressing N rate to be applied at V5-V6, two 

experiments were carried out in Goiás State, Brazil. The experiment consisted of ten N rates 

ranging from 0 to 300 kg N ha-1 surface-applied at V5. The aerial imagery took place at V6, 

V11 and R1 stages. Leaf samples were collected on the day of the flight to assess leaf N 

content. The first experiment provided useful information to estimate N rate at V5 stage 

using VIs such as Green Normalized Difference Vegetation Index (GNDVI), Green to Near–

Infrared Band Ratio (GN) and Transformed Chlorophyll Absorption in Reflectance Index 

(TCARI). It was also possible to estimate N rates based on leaf N content and VIs using 

GNDVI, GN, and TCARI. GNDVI, GN, Soil Adjusted Vegetation Index (SAVI), Green Soil 

Adjusted Vegetation Index (GSAVI) and Ratio Vegetation Index (RVI) were the most 

accurate indices to predict grain yield at V6, V11 and R1 stages, emphasizing the V6 stage, 

where the highest correlations were found (R2 ≥ 0.70). 

 

Keywords: spectral reflectance, UAV, N recommendation, vegetation indices, yield. 

 

3.1 Introduction 

In traditional crop production practices, the fertility of farmlands on a certain farm is usually 

assumed to be homogeneous, thus a uniform nitrogen (N) management strategy is adopted, 

while the actual N status of soil and crop often exhibits large spatial and temporal variability 

over fields (Zhang et al., 2022). Rather than applying localized fertilizer amendments, 

growers use sparse data to guide the application of fertilizers to many acres of crops, using 

a common prescription, resulting in suboptimal growth and unnecessary nitrate leaching, 

runoff of N and nitrous oxide emissions, a greenhouse gas with a high global warming 

potential (Snyder et al., 2009; Quemada et al., 2013; Chancia et al., 2021). 

The proper application of N fertilizers is the key strategy to secure optimal crop yield 

(Han et al., 2022). The best indication of the nutrient status of the plant is the leaf N content 

(LNC), however the traditional means of measuring leaf N are low, time-consuming, 

laborious, therefore do not meet the needs of rapid, real-time monitoring (Blackmer and 

Schepers 1996). Obtaining LNC remotely and effectively has always been an urgent problem 
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to be solved to either boost higher yield potential zones or reduce inputs (Marang et al., 2021; 

Li et al., 2022). 

Methods for estimating the applicable N rate are based on soil tests (Magdoff 1991), tissue 

N concentration (Tyner & Webb 1946), chlorophyll concentration (Varvel et al., 1997) and 

expected grain yield (Sousa & Lobato 2004). If these methods are used together with new 

rapid techniques, N use efficiency can increase considerably. The constant increase in N 

prices and the environmental impact has stimulated interest in reducing N rates. At the same 

time, the increase in the price of corn in the internal and external market has generated 

incentives for the use of technologies that allow the maximization of production.  

Unmanned aerial vehicles (UAVs) have attracted considerable scientific and public 

attention in recent years, as they have the advantage of being flexible to manipulate, acting 

as a rapid, nondestructive and efficient method (Jiang et al., 2020; Chen & Wang 2022). 

Their use offers the possibility of obtaining field data in an easy and profitable way, resulting 

in images with high spatial and temporal resolution (García-Martínez et al., 2020; Li et al., 

2022). 

The major advantage of using UAV is that large populations of plants can be assessed 

quickly, while also reducing inaccuracies resulting from sampling a limited subset of plants 

(Costa et al., 2021). Remote monitoring of crop nutrient status can provide on-demand, 

spatial information to improve crop yield and minimize over-application of fertilizers if 

integrated into existing precision agriculture technology used on-board commercial tractors 

and implements (Montgomery et al., 2020). UAVs have overcome the deficiencies of ground 

and high-altitude remote sensing, providing strong support for crop information monitoring 

technology of precision agriculture (Fu et al., 2020). 

Evidence suggests that estimating N in leaf or canopy based on spectral properties may 

be as accurate as measuring soil N to estimate N supply (Scharf et al., 2006). Measuring 

spectral reflectance of canopy leaves with multispectral cameras carried by UAVs may be 

an alternative method in assessing N status of plants (Schepers et al., 1992; Bausch and Duke 

1996; Goel et al., 2003; Kyveryga et al., 2012). With such sensors it is also possible to 

estimate yield in most corn phenological stages (Blackmer and Schepers 1996; Maresma et 

al., 2016). 

There are a growing number of vegetation indices (VIs) to estimate chlorophyll 

concentration, LNC, dry mass, and yield. The indices are calculated by combining 

reflectance on the wavelengths located in the visible, red-edge and near infrared ranges 
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(Gabriel et al., 2017). Sripada et al., (2006) studied 26 VIs to estimate N rate to be applied 

at V7 stage of corn. Others separated the VIs into structural indices (e.g., Normalized 

Difference Vegetation Index – NDVI, Renormalized Difference Vegetation Index – RDVI, 

Optimized Soil Adjusted Vegetation Index – OSAVI) and chlorophyll indices (e.g., Red Edge 

Reflectance Index, Double-Peak Canopy Nitrogen Index – DCNI, TCARI, TCARI/OSAVI) 

(Gabriel et al., 2017). Still others separate VIs into N (e.g., DCNI), leaf pigment (e.g., 

TCARI, TCARI/OSAVI) and amount of green content in the leaf (e.g., NDVI, OSAVI) (Cilia 

et al., 2014). 

Several indices, such as Difference Vegetation-Index (DVI) and SAVI, have been 

proposed as ideal for correcting soil influence (Tucker 1979; Huete 1988). Another method 

for soil correction is the use of relative indices. Bausch & Duke (1996) were the first to use 

this method defined as the Nitrogen Reflectance Index (NRI), based on the NIR/G ratio (NIR 

and green reflectance ratio) of an area of interest with NIR/G from an area where there is no 

N limitation (reference area). 

The importance of VIs as estimators of LNC is mainly because the VIs enhance some 

characteristics related to biological variables, such as chlorophyll content and biomass, 

which are highly correlated with LNC and plant height (Osco et al., 2020). LNC is the major 

index for representing the plant’s leaf N nutrition, and through monitoring the LNC, proper 

fertilizer-N measures can be enacted (Liu et al., 2016). LNC at early growth stages is a good 

indicator for N fertilizer application, and at later growth stages is highly related to the final 

grain quality. Quantification of LNC therefore provides important information for the 

production of high-yield and good-quality crops (Zheng et al., 2018; Xu et al., 2021). 

While much work has been done demonstrating that a UAV with passive multispectral 

sensors can detect N stress in crops, few studies have been done to transform these 

multispectral sensor readings into a practical N recommendation system to be applied in 

farming operations. Few studies used the simplified Holland and Schepers algorithm for corn 

(Thompson & Puntel 2020), nitrogen fertilizer optimization algorithm (NFOA) for rice 

(Yang et al., 2022), modified sufficiency index algorithm (MSIA) for wheat (Zhang et al., 

2022), a two-step approach for modelling optimal N rate for winter wheat (Piikki et al., 

2022), standard farmers´ N application for winter wheat (Argento et al., 2020), plant N 

uptake and N nutrition index estimated by random forest regression using band reflectance 

for potato (Peng et al., 2021), and linear, quadratic, linear/quadratic-plateau model for corn 

(Sripada et al., 2005, Gabriel et al., 2017; Maresma et al., 2016, 2018). All studies above 
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highlight the importance of using regional optimum topdressing N application or farmer´s 

traditional management to compare UAV-sensor based variable rate N application. These 

methods can reduce the production cost and increase the net income by reducing N rates 

with no yield difference compared to the farmers’ traditional management. Although they 

achieved the same yield using UAV-based sensor compared to farmer´s recommendation 

using less N inputs, only one VI was used to estimate N rate (Thompson & Puntel 2020; 

Zhang et al., 2022). The equation utilized was developed to Nebraska state. It requires data 

such as expected yield, soil organic matter, N credits, soil nitrate-N concentration, grain N 

content, plant N uptake, and N nutrition index prior to use the UAV sensor (Thompson & 

Puntel 2020, Peng et al., 2021, Yang et al., 2022), which makes this approach difficult and 

may not be adequate to other regions. Furthermore, some studies have not validated their 

methods (Yang et al., 2022). Regardless the method used, prior to implementing these 

technics, experimentation is needed to calibrate them, preferably, for the site and variety of 

interest. As several factors can affect the spectral reading (Schepers et al., 1992), the transfer 

of a method to different sites with different edaphic and climatic conditions as well as 

varieties may prove to be difficult (Scharf & Lory 2009). It is clear that no one method can 

be used individually, but a combined approach might help in improving N use efficiency 

(Sharma & Bali 2018). 

Template models such as linear-plateau or quadratic-plateau can have advantages over 

the others once these utilize VIs to correlate with LNC, yield or N rate. Studies that utilized 

these models conducted the UAV flights at later corn stages (above V12) which can be too 

late to identify and correct the N deficiency, furthermore estimating N rate at initial stages 

of corn growth is of great importance for the final yield (Benincasa et al., 2017) as corn 

absorbs more than 60% of the N until the VT stage (Ritchie et al., 1997). In Brazil, studies 

are still scarce using only a few VIs such as NDVI (Santos et al., 2020), a fact that limits the 

reliable use of methods based on the analysis of reflectance spectra obtained by remote 

sensors, and on their use in larger corn fields. 

The objectives of this study were (1) to develop a model to predict top-dressing N rate 

required for corn at V6 stage using N rate and/or LNC; (2) to correlate VIs with LNC (g kg-

1) and yield (kg ha-1) at V6, V11 and R1 stages; (3) to validate the prediction model for N 

rate estimation at V6 stage. 

 

3.2 Materials and methods  
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The methodology consisted of three distinct phases: (a) conducting a field survey to gather 

relevant data, (b) performing chemical analysis on leaf tissue samples, and (c) utilizing 

digital image processing techniques for data analysis. Each phase comprised specific steps, 

which were visually represented in a workflow diagram (Fig. 1) and further elaborated upon 

below. 

 

Fig. 1 Workflow diagram of the process performed in this study 

 

3.2.2 Experimental Site and Management 

 

The study was conducted in the experimental farm of Embrapa Rice and Beans, in Santo 

Antônio de Goiás – Goiás State, Brazil (16°29'10.5"S, 49°17'53.7"W) (Fig. 2). The first 

experiment was planted on December 14th, 2020, with the Pioneer P307 VHY hybrid. Corn 

emergence occurred five days after planting. The experimental site covered approximately 

8600 m2, located under a central pivot irrigation system, which was used only during summer 

dry spells. The soil of the experimental area was a Rhodic Ferrosol and had homogeneous 

distribution of its characteristics (Table 1).  
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Fig. 2 Location of the study area and detail of the experimental plots. The image of the 

experiment was obtained using RGB camera on 28 January 2021, at V11 stage. The plot 

labels refer to N source: U – Urea (46% N) and CAN – Calcium Ammonium Nitrate (27% 

N). Numbers followed by U or CAN represent N rate applied at V5 stage (60, 120, 180, 240 

and 300 kg N ha-1). Zero (0) represents the control (0 kg N ha-1) 
 

Table 1 Soil texture and chemical properties of the soil used in the study 

                K      +       
         

  Z    
 

               
       

                                            

  –                                                                   

    –                                                                  

 

The experiment was implemented in 2020 and 2021 cropping season to study N use 

efficiency in rotation of corn (Zea mays), soybean (Glycine max) and common beans 

(Phaseolus vulgaris) using two types of N fertilizers, urea containing 46% N and calcium 

ammonium nitrate (CAN) containing 27% N. Our first part of our study, aimed to develop a 

model to predict top-dressing N rate required for corn at V6 stage using LNC. UAV flight 

dates were adjusted to the field leaf sampling dates (Table 2). 

 

Table 2 Synthesis of field management and data acquisition calendar 

Year Seedling N Fertilizer  UAV Flight Field Sampling Growth Stage Harvest Date 

2020 14 December 6 January 

13 January 13 January V6 

28 April 2021 28 January 28 January V11 

23 February 23 February R1 
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2021 23 November 18 December 

23 December  V6 

05 April 2022 05 January - V11 

27 January  R1 

 

Pre- and post-emergence herbicides were used. In pre-emergence, 2.5 L ha-1 of glyphosate 

(48%) was applied 7 days before planting. In post emergence, 2 L ha-1 of Atrazine (50%) 

and 800 ml ha-1 of Nicosulfuron (6%) were applied at V3 to control weeds. To control corn 

leafhopper, 150 g ha-1 of Imidacloprid (70%) and 500 g ha-1 of Acephate (75%) were applied 

at V5 and V8, respectively. 

The second part, to validate the prediction model for N rate estimation at V6 stage, was 

done from November 2021 to April 2022 using the same management practices. 

 

3.2.3 Experimental design and treatments 

 

The experimental design used completely randomized blocks with ten fertilizer treatments 

and five repetitions, referring to the rates and sources of N. N was applied manually at V5 

stage (60, 120, 180, 240 and 300 kg N ha-1 as urea and 60, 120, 180 and 300 kg N ha-1 as 

CAN), plus the control treatment (0 kg N ha-1) totalizing 50 plots. Two days after planting 

YaraBasa (6N-27P-6K with sulfur, calcium and micronutrients) at 300 kg ha-1 and KCl (60% 

K2O) at 170 kg ha-1 rates were applied. Thus, all the 50 plots received 18 kg N ha-1 each at 

planting, including the control plots. 

Plots with 300 kg N ha-1 were used as reference area to calculate yield, LNC and N rate 

for the other treatments in the study. Each plot contained 8 rows of 10 m length, measuring 

0.90 m between rows and 0.17 m within rows (plot dimensions were 10 x 7.2 m). The buffer 

areas between plots were 3 m. 

 

3.2.4 Remote sensing: data acquisition and analysis 

 

Seven days after top-dressing N application (V5 stage), a digital multi-spectral camera Parrot 

Sequoia (Fig. 3) mounted on an UAV (Sensefly – Bluegrass) was used to acquire 

multispectral aerial images (“TIF” format) of the experiment. The flight was conducted 

under optimum weather condition at an altitude of 70 m above ground (V6, V11 and R1 

stages). The time of flight was less than 20 min between 10:00 and 12:00h a.m. on sunny 

days, without clouds on January 13th, 28th, and February 23rd of 2021 (Table 2). Before the 
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flight, a calibration plate that accompanies the Parrot Sequoia was registered to carry out the 

radiometric calibration of images in a later process. Flight planning was generated using the 

Pix4D Capture software with a side and front overlap of 70%. Orthomosaic photos were 

generated using the Pix4Dmapper Pro software (Pix4D SA, Lausanne, Switzerland). 

 

 

Fig. 3 A: Parrot Sequoia sensor spectral response function. The central wavelengths of the 

bands are 550 nm (40 nm) Green, 660 nm (40 nm) Red, 735 nm (10 nm) Red-Edge, and 790 

nm (40 nm) NIR, adapted from Deng et al., (2018); B: Parrot Sequoia multispectral camera; 

C: Bluegrass UAV, from Sensefly 

 

Bluegrass is a self-operating, autonomous UAV weighing 1850 g with the sequoia camera 

included. It is used to capture high spatial resolution aerial photos for the construction of 

accurate orthomosaics (georeferenced) in addition to 3D surface models. According to the 

manufacturer, it can cover about 30 ha in a single automated mapping flight, at an altitude 

of 70 m, with a spatial resolution of 0.066 m pixel-1 (considering only the use of the 

multispectral sensors). 

The Parrot Sequoia camera is composed of two photographic sensors: one multispectral, 

composed of four independent synchronous bands, positioned in the green (G), red (R), red-

edge (RE) and near infrared (NIR) bands, and another comprising a RGB camera. At the top 

of the drone, there is a sensor that continuously captures the solar irradiance, for radiometric 

calibration of the multispectral bands. The complete sensor weighs approximately 100 g, 

powered by the drone's own battery. 

Four 1.2 Megapixel spectral images (10 bits of radiometric resolution) were captured in 

each shot (in addition to an RGB image), with a spatial resolution of 0.035 m pixel-1 for the 

multispectral bands. The RGB image was not used in this study, due to the drone's shaking 

during the flight, which compromised the quality of this record. 

Pix4DMapper was utilized for radiometric calibration. To ensure accurate measurements, 

a calibrated reflectance plate was imaged with the Parrot Sequoia camera prior to the flight. 

Additionally, the camera's built-in sunshine sensor was employed during the flight to assess 

the local light conditions. By employing the calibrated reference plate, the software was able 
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to calibrate and rectify the reflectance values of the images based on the provided calibration 

plate values. This calibration process considered both the light conditions during image 

capture and specific sensor characteristics. 

Fifteen VIs reported in the literature were calculated using the values of the single bands 

extracted from the NIR, RE, R and G (Table 3). The ArcGIS Pro 2.8.0 (Esri Inc. 2021) 

software was used to extract the response of the different N treatments for each VI and 

individual bands. Polygons in vector format (shapefile) were created for each experimental 

plot (45 m2) to generate the average reflectance of each VI, NIR, RE, R and G using the 

“Zonal Statistics as Table” ArcGIS Pro tool. To generate the VIs, the “Raster Calculator” 

tool was applied to insert the formulas for the respective vegetation indices (Table 3) along 

with the orthomosaics generated in each individual band of the Sequoia sensor. Relative 

bands (Rel NIR, Rel R and Rel G) and VIs (e.g., R_GDVI) were calculated as the ratio of 

the spectral value of a plot of interest to the average of the spectral value of plots that received 

the highest N rate (300 kg N ha-1). 

 

Table 3 Calculated vegetation indices 

Vegetation Index Formula Reference 

Normalized 

Difference 

Vegetation Index 

(NDVI) 

NDVI = (NIR – RED) / (NIR + RED) 
(Rouse et al., 

1974) 

Green Normalized 

Difference 

Vegetation Index 

(GNDVI) 

 

(NIR – GREEN) / (NIR + GREEN) 

(Gitelson et al., 

1996) 

Red to NIR band 

ratio (RN) 
Red / NIR 

(Scharf and Lory 

2009) 

Green to Near–

Infrared Band Ratio 

(GN) 

Green / NIR 
(Scharf and Lory 

2009) 

Soil Adjusted 

Vegetation Index 

(SAVI) 

1.5 x NIR –  R 

NIR +  R +  0.5
 (Huete 1988) 

Modified Soil 

Adjusted Vegetation 

Index (MSAVI) 

2 𝑥 𝑁𝐼𝑅 + 1 −  √(2 𝑥 𝑁𝐼𝑅 + 1)2 − 8 𝑥 (𝑁𝐼𝑅 − 𝑅)

2
 (Qi et al., 1994) 

GSAVI 
1.5 x NIR –  Green

(NIR + Green + 0.5) 
 

(Sripada et al., 

2006) 

Nitrogen Reflectance 

Index (NRI) 

NIR G interest area⁄

NIR G reference area⁄
 

(Bausch and 

Duke 1996) 

Modified Chlorophyll 

Absorption Ratio 

Index (MCARI) 

((RE − Red) − 0.2 (RE − Green)) (RE / Red) 
(Daughtry et al., 

2000) 

Transformed 

Chlorophyll 

Absorption in 

3 ((RE − Red) − 0.2(RE − Green) (RE / Red)) 
(Haboudane et 

al., 2002) 
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Reflectance Index 

(TCARI) 

Optimized Soil 

Adjusted Vegetation 

Index (OSAVI) 

1.16 (NIR − Red) / (NIR + Red +0.16) 
(Zou and Mõttus 

2017) 

TCARI/OSAVI TCARI / OSAVI 
(Haboudane et 

al., 2002) 

TCARI / MSAVI TCARI / MSAVI 
(Haboudane et 

al., 2002) 

Ratio Vegetation 

Index (RVI) 
NIR / RED (Jordan 1969) 

Difference 

Vegetation Index 

(DVI) 

NIR – RED (Tucker 1979) 

Reflectance of Green, Red, RE (Red Edge) and NIR (Near-infrared). 

 

3.2.5 Yield and leaf N content estimation 

 

Grain yield was measured in the three central rows (2.70 x 3.00 m) of each plot, which were 

manually harvested at the physiological maturity stage (R6). Grain moisture was adjusted to 

13%. The yield response to N rate and spectral images were correlated. 

Leaf samples for the determination of LNC (g kg-1) were collected at V6, V11 and R1 

stages on the day of spectral acquisition. These samples were obtained from 15 plants at 

random in each plot at each of the three phenological stages. At V6 and V11, the leaf sample 

obtained was the last fully expanded leaf (visible collar). At R1, the leaf sampled was the 

opposite and below the first upper ear. The midrib was discarded, and the leaves were dried 

at 65 degrees Celsius until they reached constant weight. Subsequently, the samples were 

ground for determining LNC, applying the Dumas combustion method (Keeney & Bremner 

1967) using the Rapid N cube by Elementar (Frankfurt, Germany). 

Regression analysis was used to identify VIs that were useful in predicting LNC and yield. 

The linear model was preferentially used to the quadratic model if it resulted in a higher or 

equal regression coefficient. 

 

3.2.6 Statistical Analysis 

 

To analyze the VIs according to the different N treatments, an area of approximately 45 m2 

was used in each treatment using ArcGis Pro 2.8.0 software (Esri Inc. 2021), excluding the 

edge of each corn plot. Pixels presenting bare soil within the plot were eliminated at the V6 

stage following the methods described in Thompson & Puntel (2020). In the following corn 
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stages, there was no presence of bare soil as the corn canopy closed the space between rows 

before V11 stage. A multiple comparison analysis, using the Tukey Honest Significant 

Difference (HSD) test at a significance level of 0.05, was performed. For each treatment, 

this analysis compared mean VIs values, distinguishing different significant groups. 

SigmaPlot 12.0 software (Systat Software, 2011), and easyreg package (Arnhold 2019) in 

RStudio were utilized for the statistical analysis. 

Linear, linear-plateau, quadratic and quadratic-plateau regression analyses were also 

performed: (1) between VIs and LNC measured under different N rates, to determine the 

economic optimal N rate (Maresma et al., 2018), and (2) between VIs and yield, to determine 

the usefulness of VIs to predict grain yield at V6, V11 and R1 growth stages. 

 

3.2.7 Validation Trial 

 

To validate the first part of the study, a validation trial was conducted in an adjacent area, 

under the same edaphic and climatic conditions, between December 2021 and April 2022, in 

an area of approximately 1600 m2. Eight complete random treatments were installed based 

on the VIs that best correlated in the first experiment with N rates applied and LNC for each 

of the two N sources used (urea and CAN). N fertilization was conducted according to the 

results obtained in the first experiment, aiming for maximum yield of the area with the 

following combinations: 1) GNDVI with LNC using CAN; 2) GN with LNC using CAN; 3) 

GNDVI with LNC using urea; 4) TCARI with LNC using urea; 5) GNDVI with N rate using 

CAN; 6) GN with N rate using CAN; 7) GNDVI with N rate using urea; and 8) GN with N 

rate using urea, with four repetitions totalizing 32 plots (7.2 x 5.0 m each), with 14 corn rows 

per plot (0.50 m between rows and 0.30 m within rows). The buffer between the plots was 

1m (Fig. 4). Corn was hand harvested at physiological maturity stage. Grain yield was 

measured in the four central rows (2 x 3 m) of each plot and subsequently, the grain was 

adjusted to 13% moisture content. 
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Fig. 4 Validation trial with eight treatments and four replications (32 plots), allocated 

adjacent to the first experiment. Image obtained with the Bluegrass drone using Parrot 

Sequoia multispectral camera, with the red band, applying false color composition through 

ArcGis Pro 2.8.0 software. CAN: Calcium ammonium nitrate; LNC: leaf N content. 

Treatments: (1) GNDVI with LNC using CAN; (2) GN with LNC using CAN; (3) GNDVI 

with LNC using urea; (4) TCARI with LNC using urea; (5) GNDVI with N rate using CAN; 

(6) GN with N rate using CAN; (7) GNDVI with N rate using urea; (8) GN with N rate using 

urea 

 

Corn was sown on 23 November 2021 and harvested on 05 April 2022. Fertilization at 

planting consisted of KCl (52 kg ha-1, 58% K2O) and Super Triple (250 kg ha-1 with 41% 

P2O5). No N was applied at planting. After obtaining the orthomosaic images at V5 (23 

December 2021), top-dressing of N in the calculated rates was performed manually on the 

following day. 

 

3.3 Results 

 

Visual representation of VIs GNDVI, OSAVI and NDVI at V6 stage can be seen in Fig. 5. 

Higher values of VIs were verified in plots that received more than 120 kg N ha-1 for all N 

sources. The large presence of bare soil at V6 was visible.  
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Fig. 5 Vegetation indices A: GNDVI, B: OSAVI and C: NDVI at V6 corn stage. The 

identification of N rates applied in each plot can be seen in Fig. 2. Detail of a plot where 240 

kg N ha-1 was surface-applied, showing the presence of the soil in reddish color for three 

highlighted VIs 
 

Reflectance values in the visible region (Green – 550 nm and Red – 660 nm) were below 

10% in all stages evaluated (Online Resource 1). Soil reflectance data were then eliminated 

using ArcGis Pro software (“supervised classification” tool) to separate what was soil from 

corn. Thus, a graph was generated allowing us to see the decline between the green and red 

region, giving the characteristic of plant presence in that region. The control treatment (0 kg 

N ha-1) had the highest reflectance in the red region (5; 3.77; and 3.71, for V6, V11 and R1 

stages, respectively), indicating less use of sunlight and consequently resulting in lower 

yield. In all stages, the control treatment reflected more light in the visible wavelength and 

less in the NIR region than the treatment with the highest N rate (300 kg N ha-1), allowing 

us to distinguish plots that received a lower N rate from plots that received the high N rate. 

Online Resource 1 shows the average values of VIs, LNC (g kg-1) and yield (kg ha-1) with 

different treatments applied in the plots. The treatments are placed according to the total N 

rate applied at V5 separated by phenological stage (V6, V11 and R1). 

For all variables considered, treatments with N rate were grouped in one to four 

homogeneous groups within each stage. Of these, the control treatment (0 kg N ha-1) 

presented the lowest values for GNDVI, GN, TCARI, TCARI/OSAVI and TCARI/MSAVI 

VIs at V6, being totally different from the other N treatments. In the case of LNC, it was 

also possible to differentiate the control treatment from others at 60 kg N ha-1 at V6. Of the 

nine remaining indices, three VIs (NDVI, RN, MCARI) were only different from the control 

at a rate of 120 kg N ha-1 or higher, and one (RVI) at a rate of 240 kg N ha-1 or higher. The 

remaining VIs (SAVI, MSAVI, GSAVI, OSAVI and DVI) were homogenous at any N rate. 

At the V11 stage, the control presented the lowest values for twelve vegetation indices: 
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NDVI, GNDVI, RN, GN, SAVI, GSAVI, MCARI, TCARI, OSAVI, TCARI/OSAVI, 

TCARI/MSAVI and RVI, in addition to the LNC, identifying the treatments equal to or above 

60 kg N ha-1. For two remaining indices, MSAVI and DVI, it was only possible to 

differentiate the control from the 120 and 180 kg N ha-1 rate, respectively. At R1 stage, the 

control treatment presented the lowest values only for GNDVI, identifying the treatments 

equal to or above 240 kg N ha-1. 

For the results obtained in the treatment of 300 kg N ha-1, it was expected that this 

treatment might have been expected to be in the upper part of the homogeneous group 

classification (group “a” or “ab”) for the different variables considered. However, it was not, 

even though this treatment produced the highest yield together with the 240 kg N ha-1 

treatment (8239 kg ha-1). Indices that contain the green spectrum region in their composition, 

GSAVI, GN and GNDVI, were the ones that best differentiated the treatments 240 and 300 

kg N ha-1 at V6 stage. 

With regard to yield, treatments of 240 and 300 kg N ha-1 showed the greatest responses 

to N rate applied at V6 (8314 and 8239 kg ha-1, respectively), being classified in group “a”. 

LNC increased linearly (p<0.05) with increasing N rate in the evaluated stages (Online 

Resource 1). At V6 and V11 stages, the control treatment showed the lowest values when 

compared to the other N rates. At the R1 stage, however, it was not possible to differentiate 

the control from the other rates. At the V6 stage, the levels of LNC were between 26.9 and 

42 g kg-1. At the V11 stage, LNC were between 26.4 and 35.2 g kg-1. 

 

3.3.1 Predicting N rate at V5 from spectral images, based on N rate applied 

 

The spectral images obtained at V6 (one week after N application) provide the N rate at V5 

based on the variables using linear, linear-plateau, quadratic and quadratic-plateau models. 

Higher N rate (urea source) presented higher yields (240 and 300 kg N ha-1) being 

significantly affected by N rate applied at V5, yielding 8314 and 8239 kg ha-1, respectively. 

As for the treatments using CAN, there was no difference in yield between 120 and 300 kg 

N ha-1 rate, yielding 7114 and 7981 kg ha-1, respectively (Fig. 6). There was no difference 

between the control, 60 and 120 kg N ha-1. 
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Fig. 6 Linear model of yield response to N rate in the form of urea (a) and in the form of 

calcium ammonium nitrate (CAN) (b), applied at V5 stage. Each point is the average of 5 

replications. Error bars represent standard deviation at p < 0.01 
 

The coefficients of determination (r2 or R2) of the relationships between the optimal N 

rate (urea, CAN and both applied at V5), absolute bands (G, Red, RE and NIR), VIs, and 

relative VIs are shown in table 4. 

Among four mathematical models (linear, linear-plateau, quadratic and quadratic-plateau) 

used to predict the relationship between optimal N rate and VIs, the linear, quadratic and 

quadratic-plateau models showed consistently significant relationships. For the individual 

spectral bands (NIR, Red Edge, Red and Green), the NIR and Green were the only ones that 

showed significance with the applied N rate (urea source), albeit with a low R2= 0.21 and 

R2=0.20, respectively. When using the VIs, the coefficients of determination of the models 

increased considerably. The union of the two N sources did not bring a significant increase 

in the prediction of N rate to be applied at V5 in any of the VIs used (Table 4 – both), as well 

as in the relative VIs; therefore, the two N sources were tested separately. 

When using urea for the linear model, GNDVI (r2 = 0.62), GN (r2 = 0.62), TCARI/OSAVI 

(r2 = 0.54), TCARI/MSAVI (r2 = 0.62), NRI (r2 = 0.54), R_GNDVI (r2 = 0.51) and R_GN 

(r2 = 0.54) VIs had the highest significant coefficients with ideal N rate. For the quadratic 

model, the GNDVI (R2 = 0.64), GN (R2 = 0.64), TCARI (R2 = 0.55), TCARI/OSAVI (R2 = 

0.57), TCARI/MSAVI (R2 = 0.62), NRI (R2 = 0.57), R_GNDVI (R2 = 0.54) and R_GN (R2 

= 0.57) VIs had significant coefficients with ideal N rate (Table 4). In general, the quadratic 

regression model behaved significantly similar to the linear model while increasing the 

complexity. Thus, only the linear model was used for further analysis and discussion. The 

linear model was used in comparison with the quadratic-plateau model as there was no yield 

saturation with increasing N rate at V5 stage. 

When using CAN as N source, for the linear-plateau model the GNDVI (R2 = 0.74), GN 

(R2 = 0.75), TCARI/OSAVI (R2 = 0.55), TCARI/MSAVI (R2 = 0.55), R_GNDVI (R2 = 0.70) 
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and R_GN (R2 = 0.75) VIs had the highest significant relationships with optimal N rate. For 

the quadratic-plateau model, the GNDVI (R2 = 0.74), GN (R2 = 0.75), TCARI/OSAVI (R2 = 

0.55), TCARI/MSAVI (R2 = 0 .54), R_GNDVI (R2 = 0.63) and R_GN (R2 = 0.61) VIs had 

significant relationships with ideal N rate (Table 4). In general, the linear-plateau regression 

model behaved significantly similar to the quadratic-plateau model while increasing the 

complexity. As a result, only the linear-plateau model was used for further analysis and 

discussion. The linear-plateau model was used for the CAN with the GNDVI and GN VIs, 

as there was no yield increase above 120 kg N ha-1 and the VIs also had saturation in this 

region close to the rate applied at V5 (Fig. 7). 

 

 

Table 4 Regression analysis of the optimal N rate (kg N ha-1) applied at V5, using urea, 

calcium ammonium nitrate (CAN) and both, with near infrared (NIR), red (R), Red Edge 

(RE), green (G) and the various spectral indices of vegetation (VIs), as well as the relative 

vegetation indices (Rel average VI of the plot of interest divided by the average of the same 

VI in plots that were applied 300 kg N ha-1). The significance and coefficient of 

determination (r2 or R2) for the linear, linear-plateau, quadratic and quadratic-plateau models 

are presented 

 Model 

Vegetation Index Linear Linear-plateau Quadratic Quadratic-plateau 

 r2 R2 

 Urea – CAN – Both  
NIR NS – NS – 0.12* NS – NS – NS 0.21* – NS – 0.14* NS – NS – NS 

Red Edge NS – NS –NS NS – NS – NS NS – NS – NS NS – NS – NS 

Red NS – NS – NS NS – NS – NS NS – NS – NS NS – NS – NS 

Green NS – NS – NS NS – NS – NS 0.20* – NS – NS 0.21* – NS – NS 

NDVI 0.27* – 0.18* – 0.23** NS – NS – 0.28** 0.28* – 0.43* – 0.30** NS – 0.44* – 0.30** 

GNDVI 0.62** – 0.59** – 0.52** NS – 0.74** – NS 0.64** – 0.72** – 0.57** 0.64** – 0.74** – 0.57** 

RN 0.29* – 0.17* – 0.22** NS – NS – 0.29** 0.29* – 0.43* – 0.31** 0.29* – 0.43* – 0.30** 

GN 0.62** – 0.58** – 0.52** NS – 0.75** – NS 0.64** – 0.73** – 0.57** 0.64** – 0.75** – 0.57** 

SAVI 0.22* – NS – 0.13* NS – NS – NS 0.26* – NS – 0.13* NS – NS – NS 

MSAVI 0.22* – NS – 0.16* NS – NS – NS 0.27* – NS – 0.16* NS – NS – NS 

GSAVI 0.37* – 0.29* – 0.29**  NS – NS – NS 0.38* – 0.30* – 0.29** NS – 0.30* – NS 

MCARI 0.43* – 0.64* – 0.30** 0.48** – 0.36* – 0.32** 0.48** – 0.40* – 0.34** 0.48** – 0.44* – 0.34** 

TCARI 0.50** – 0.32* – 0.31** 0.54** – NS – 0.33** 0.55** – 0.42* – 0.37** 0.55** – 0.47** – 0.37** 

OSAVI 0.27* – NS – 0.16* NS – NS – NS 0.29* – NS – 0.16* NS – NS – 0.16* 

TCARI/OSAVI 0.54** – 0.32* – 0.34** NS – 0.55** – 0.39** 0.57** – 0.49** – 0.42** 0.57** – 0.55** – 0.42** 

TCARI/MSAVI 0.62** – 0.64* – 0.38** NS – 0.55** – 0.41** 0.62** – 0.49** – 0.43** 0.62** – 0.54** – 0.43** 

RVI 0.38** – NS – 0.22** NS – NS – 0.27** 0.38* – 0.45* – 0.29** 0.38* – NS – 0.28** 

DVI 0.18* – 0.19* – 0.17* NS – NS – NS 0.23* – 0.19* – 0.17* NS – 0.19* – NS 

NRI 0.54** – 0.47** – 0.28** NS – NS – NS 0.57** – 0.59** – 0.31** NS – 0.58** – NS 

Rel_NIR NS – NS – NS NS – NS – NS 0.36* – NS – NS NS – NS – NS 

Rel_Red_Edge NS – NS – NS NS – NS – NS NS – NS – NS NS – NS – NS 

Rel_Red NS – NS – 0.11* NS – NS – NS NS – NS – 0.14* NS – NS – 0.16* 

Rel_Green 0.28* – NS – 0.14* 0.36* – NS – NS 0.39* – NS – 0.20* 0.38* – NS – 0.21* 

Rel_NDVI 0.33* – NS – 0.16* NS – NS – NS 0.38* – NS – 0.16* NS – NS – 0.16* 

Rel_GNDVI 0.51** – 0.59** – 0.61** NS – 0.70** – NS 0.54** – 0.70** – 0.62** NS – 0.71** – 0.63** 
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Rel_RN 0.22* – 0.21* – 0.18* NS – NS – NS 0.31* – 0.28* – 0.18* NS – 0.27* – 0.18* 

Rel_GN 0.54** – 0.58** – 0.59** NS – 0.75** – NS 0.57** – 0.73** – 0.61** NS – 0.75** – 0.61** 

Rel_SAVI 0.20* – NS – NS NS – NS – NS 0.43** – NS – NS NS – NS – NS 

Rel_MSAVI 0.20* – NS – 0.09* NS – NS – NS 0.42* – NS – 0.10* NS – NS – NS 

Rel_GSAVI 0.28* – NS – 0.23** NS – NS – NS 0.43* – NS – 0.25** NS – NS – NS 

Rel_MCARI 0.16* – 0.46* – 0.50** NS – NS – NS 0.16* – 0.67** – 0.53** NS – 0.65** – 0.53** 

Rel_TCARI 0.17* – 0.37* – 0.45** NS – NS – 0.46** NS – 0.61** – 0.53** NS – 0.57** – 0.55** 

Rel_OSAVI 0.30* – NS – 0.11* NS – NS – NS 0.40* – NS – 0.12* NS – NS – NS 

Rel_TCARI/OSAVI 0.18* – 0.50** – 0.48** NS – NS – 0.49** 0.24* – 0.70** – 0.53** NS – 0.68** – 0.54** 

Rel_TCARI/MSAVI 0.22* – 0.43* – 0.45** NS – NS – NS 0.29* – 0.60** – 0.48** NS – 0.58** – 0.48** 

Rel_RVI 0.39* – 0.32* – 0.25** NS – NS – NS 0.49** – 0.44* – 0.48** NS – 0.43* – 0.48** 

Rel_DVI NS – NS – 0.10* NS – NS – NS 0.29* – NS – 0.13* NS – NS – NS 

CAN: Calcium ammonium nitrate; *p  0.05; **p  0.01; NS: not significant 

 

Regression analyses for the VIs composed of the NIR and G bands (GNDVI, GN, 

R_GNDVI, R_GN) showed better relationships with N rate applied at V5, compared with 

VIs composed of the NIR and R bands (NDVI, SAVI, OSAVI, RVI). Models showing the 

relationship between N rate at V5, and the best VIs are shown in Fig. 7 for urea and CAN N 

sources. 

 

 

Fig. 7 The five best estimators of N rate to apply at V5 stage for urea (GNDVI-a, GN-a and 

TCARI/MSAVI-a), and calcium ammonium nitrate (GNDVI-b and GN-b) 

 

3.3.2 Predicting N rate at V5 from spectral images, based on leaf N content 

 

The LNC of corn reached the highest levels at the rate of 223.09 and 139.90 kg N ha-1 for 

urea (40.20 g kg-1) and CAN (41.91 g kg-1), respectively. The results were significantly 
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affected by the rate applied at V5 (Fig. 8). The lowest LNC levels were observed in the 

control treatment for the two N sources. 

 

Fig. 8 Leaf N content (g kg-1) and top-dressed N rate applied at V5 corn stage for urea (a), 

and calcium ammonium nitrate (CAN) (b) N sources. The quadratic-plateau models, for urea 

(a), and linear-plateau for CAN (b), were the ones that best fit the data. Each point refers to 

the average of 5 leaves per plot. The bars refer to the standard deviation of the mean 
 

There was no yield increase above LNC of 40.80 g kg-1, reaching the plateau at 7433.34 

kg ha-1 using urea (Fig. 9a). This yield value did not differ statistically from yields observed 

at rate of 240 and 300 kg N ha-1 applied in V5 (8313.95 and 8239.23 kg ha-1, respectively), 

thus, LNC obtained at V5 stage can accurately estimate the N rate to be applied at this stage. 

In the case of CAN, there was no yield increase above the LNC of 42.97 g kg-1, reaching 

saturation at 8679 kg ha-1 (Fig. 9b). This yield value does not differ statistically from yields 

observed at rate of 120 and 300 kg N ha-1 applied at V5, which also makes the LNC useful 

to estimate top-dress N rate at this stage. 

 

Fig. 9 Leaf N content (g kg-1) obtained at V5 stage and grain yield for urea (a), and calcium 

and ammonium nitrate (b) N sources. Linear-plateau models for urea and quadratic-plateau 

models for CAN were used to correlate the two variables 
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The determination coefficients (r2 or R2) of the relationships between the LNC of the last 

fully expanded corn leaf collected at V5, individual spectral bands, and VIs are presented in 

table 5. 

Among four different mathematical models (linear, linear-plateau, quadratic and 

quadratic-plateau) used to predict the relationship between optimal N rate and VIs, the linear, 

quadratic and quadratic-plateau models showed consistently significant relationships. For 

the individual spectral bands (NIR, Red Edge, Red and Green), the green band was the only 

one that showed a significant correlation with LNC, using the linear model for urea source; 

however, it showed a low correlation coefficient (r2=0.19). The other individual spectral 

bands did not correlate with LNC at V5. When using the VIs, the coefficients of the models 

increased considerably. The union of two N sources with LNC at V5 did not bring a 

significant increase in the prediction of N rate to be applied in any of the VIs used, as well 

as the relative VIs (Rel_VIs); thus, the two N sources were tested separately. 

When using urea as N source, the linear model had the highest significant correlation 

coefficients with LNC, GNDVI (r2 = 0.55), GN (r2 = 0.55), TCARI (r2 = 0.60), 

TCARI/OSAVI (r2 = 0.55), and TCARI/MSAVI (r2 = 0.55). For the quadratic model, the 

GNDVI (R2 = 0.55), GN (R2 = 0.55), TCARI (R2 = 0.63), TCARI/OSAVI (R2 = 0.57), 

TCARI/MSAVI (R2 = 0.57), Rel_MCARI (R2 = 0.63) and Rel_TCARI (R2 = 0.63) had 

significant relationships with LNC (Table 5). In general, the quadratic regression model 

behaved better to predict LNC compared to the linear model when using the TCARI.  The 

linear regression model behaved better for the GNDVI. 

When using CAN as N source, for the quadratic-plateau model, the GNDVI (R2 = 0.71) 

had the highest significant relationship with LNC. For the quadratic model, GN (R2 = 0.70) 

showed the highest significant relationship with LNC (Table 5). 

 

Table 5 Regression analysis of leaf N content (g kg-1) with near infrared (NIR), red (R), Red 

Edge (RE), green (G) and the various vegetation indices (VIs), as well the relative vegetation 

indices (Rel_VI, average VI of the plot of interest, divided by the average of the same VI in 

plots that were applied 300 kg N ha-1). Data shown are from urea N source, calcium 

ammonium nitrate (CAN) and the two together (both). The significance and coefficient of 

determination (r2 or R2) for linear, linear-plateau, quadratic, and quadratic-plateau are 

presented 

 Model 

Vegetation Index Linear Linear-plateau Quadratic Quadratic-plateau 

 r2 R2 

 Urea – CAN – Both  
NIR NS – NS – NS NS – NS – NS NS – NS – NS NS – NS – NS 
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Red Edge NS – NS –NS NS – NS – NS NS – NS – NS NS – NS – NS 

Red NS – NS – NS NS – NS – NS NS – NS – NS NS – NS – NS 

Green 0.19* – NS – NS NS – NS – NS NS – NS – NS NS – NS – NS 

NDVI 0.17* – 0.28* – 0.26** 0.21* – 0.33* – 0.28** 0.22* – 0.31* – 0.30** 0.22* – 0.31* – 0.30** 

GNDVI 0.55** – 0.66** – 0.51** NS – NS – NS 0.55** – 0.71** – 0.54** 0.55** – 0.71** – 0.54** 

RN 0.17* – 0.24* – 0.24** NS – NS – NS NS – 0.24* – 0.24** NS – 0.24* – NS 

GN 0.55** – 0.67** – 0.51** NS – NS – NS 0.55** – 0.70** – 0.54** NS – NS – NS 

SAVI NS – NS – NS NS – NS – NS NS – NS – NS NS – NS – NS 

MSAVI NS – NS – 0.08* NS – NS – NS NS – NS – NS NS – NS – NS 

GSAVI 0.20* – 0.23* – 0.20*  NS – NS – NS 0.20* – 0.23* – 0.21* 0.20* – 0.23* – 0.21* 

MCARI 0.51** – 0.35* – 0.33** NS – NS – NS 0.62** – 0.47** – 0.44** NS – NS – 0.33** 

TCARI 0.60** – 0.37* – 0.37** NS – NS – NS 0.63** – 0.47** – 0.44** NS – NS – NS 

OSAVI NS – NS – 0.09* NS – NS – NS NS – NS – 0.13* NS – NS – 0.12* 

TCARI/OSAVI 0.55** – 0.39** – 0.39** NS – NS – NS 0.57** – 0.46** – 0.45** NS – NS – NS 

TCARI/MSAVI 0.55** – 0.39** – 0.40** NS – NS – NS 0.57** – 0.48** – 0.48** NS – NS – NS 

RVI 0.26* – 0.25* – 0.23** NS – NS – 0.27** 0.27* – 0.26* – 0.26** 0.27* – 0.26* – 0.26** 

DVI NS – NS – 0.09* NS – NS – NS NS – NS – NS NS – NS – NS 

NRI 0.41** – 0.50** – 0.16* NS – NS – NS 0.42** – 0.50** – 0.22* 0.42** – 0.50** – 0.38** 

Rel_NIR NS – NS – NS NS – NS – NS NS – NS – NS NS – NS – NS 

Rel_Red_Edge NS – NS – NS NS – NS – NS NS – NS – NS NS – NS – NS 

Rel_Red NS – NS – NS NS – NS – NS NS – NS – NS NS – NS – NS 

Rel_Green 0.26* – NS – 0.11* NS – NS – NS 0.30* – NS – 0.12* NS – NS – NS 

Rel_NDVI NS – NS – NS NS – NS – NS NS – NS – NS NS – NS – NS 

Rel_GNDVI 0.48** – 0.65** – 0.49** NS – NS – NS 0.49** – 0.67** – 0.50** 0.49** – 0.67** – 0.50** 

Rel_RN NS – NS – 0.09* NS – NS – NS NS – NS – NS NS – NS – NS 

Rel_GN 0.48** – 0.67** – 0.47** NS – NS – NS 0.49** – 0.70** – 0.48** NS – NS – NS 

Rel_SAVI NS – NS – NS NS – NS – NS NS – NS – NS NS – NS – NS 

Rel_MSAVI NS – NS – NS NS – NS – NS NS – NS – NS NS – NS – NS 

Rel_GSAVI NS – NS – 0.14* NS – NS – NS NS – NS – 0.15* NS – NS – 0.15* 

Rel_MCARI 0.51** – 0.35* – 0.43** NS – NS – NS 0.63** – 0.47** – 0.55** NS – NS – NS 

Rel_TCARI 0.62** – 0.37* – 0.32** NS – NS – NS 0.63** – 0.50** – 0.47** NS – NS – NS 

Rel_OSAVI NS – NS – NS NS – NS – NS NS – NS – NS NS – NS – NS 

Rel_TCARI/OSAVI 0.52** – 0.40** – 0.43** NS – NS – NS 0.53** – 0.46** – 0.49** NS – NS – NS 

Rel_TCARI/MSAVI 0.48** – 0.43** – 0.38** NS – NS – NS 0.50** – 0.48** – 0.44** NS – NS – NS 

Rel_RVI 0.21* – 0.24* – 0.16* NS – NS – NS NS – 0.25* – 0.16* NS – 0.25* – 0.16* 

Rel_DVI NS – NS – NS NS – NS – NS NS – NS – NS NS – NS – NS 

CAN: Calcium ammonium nitrate; *p  0.05; **p  0.01; NS: not significant 

 

These results bring reliability to estimate LNC in corn at V5 stage and define strategies 

regarding the N rates using VIs such as GNDVI, TCARI and GN. When Rel_VIs was used, 

there was no considerable improvement compared to VIs. The linear, quadratic and 

quadratic-plateau models, showing the relationship between LNC and the best VIs are shown 

in Fig. 10. 
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Fig. 10 Vegetation indices (VIs) GNDVI and TCARI for urea (a), and GNDVI and GN for 

calcium ammonium nitrate (b), which best estimated the leaf N content at V5 stage 

 

A gradual increase in GNDVI was associated with an increase in the economic optimal N 

rate as for GN and TCARI VIs, the opposite was observed. The narrow range of GNDVI 

(0.54–0.67) and TCARI (0.08–0.16) values in the case of urea and GNDVI (0.54–0.67) and 

GN (0.21 –0.29) in the case of CAN, which are responsive to N rate is a concern, as even 

small variations in the values of these VIs can significantly change the predicted LNC in the 

model. So, a validation trial was conducted to verify if these VIs can estimate N rate at V5 

corn stage. 

 

3.3.4 Validation trial 

 

The VIs best related to applied N rate (Fig. 7) and LNC (Fig. 10) were used for validation. 

The reflectance of each treatment was obtained at V5 to estimate the N rate as urea and CAN 

(Table 6). 

 

Table 6 Treatments used in the validation with their respective mean reflectance, mean 

standard deviation (SD) amount of N applied (kg ha-1) at V5-V6, and yield for each treatment 

compared to the first experiment. The treatments were applied one day after image 

acquisition in the area 
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                                               Y               

               –                             

            –                             

                                                                   

               –                            

            –                            

                                                                   

            –                             

            –                             

                                                                   

            –                   9        

         –                 9         

                                                                  

CAN: calcium ammonium nitrate; LNC, Leaf N Content; SD, Standard Deviation; yield followed by the same letter do not differ at p<0.05 

 

Top-dressed N applications at V5-V6 stage were calculated based on the highest yield 

obtained to the N rate applied from urea and CAN. Although there may be no advantages in 

applying N rate to reach higher yield due to the economic return, our experiment 

demonstrated the ability of VIs to estimate N rate, obtaining a grain yield similar to the best 

N rate used in the first experiment to obtain high yield (Table 6). Using GNDVI and GN VIs 

with LNC, for CAN N source, yielded 6711.52 and 6673.48 kg ha-1, respectively, not 

differing from the optimal yield of 6716.24 kg ha-1 obtained with 140 kg N ha-1 in the first 

experiment (Fig. 9b). The best VIs related to LNC for the urea N source were GNDVI and 

TCARI, yielding 7437.54 and 7617.43 kg ha-1, respectively, not differing from the optimal 

yield of 7558.14 kg ha-1 obtained with 223 kg N ha-1 in the first experiment (Fig. 9a). Using 

the GNDVI and GN VIs with the rate of N applied as CAN, the yield was 7437.21 and 

7617.32 kg ha-1, respectively, not differing from the optimal yield of 7414.28 kg ha-1 

obtained with the rate of 120 kg N ha-1 in the first experiment (Fig. 8b). The best VIs related 

to the applied N rate from the urea were GNDVI and GN, yielding 7397.25 and 7475.48 kg 

ha-1, respectively, not differing from the optimal yield of 7560.50 kg ha-1 obtained with 240 

kg N ha-1 in the first experiment (Fig. 8a). Regardless the VI and plant variable used, the 

economy of N application is one of the major benefits of using these methods. The economy 

of N application ranged from 6.6 to 35% as compared to the traditional method used in the 

first experiment to achieve high yield. 

 



57 
 

3.3.5 Relationship between VIs and yield at V5, V11 and R1 growth stages 

 

Online Resource 1 also presents the results of linear and quadratic regression analysis, 

relating VIs to grain yield. In general, quadratic regression models significantly improved 

yield prediction over linear models. The V6 stage allowed strong correlations with a high 

range of spectral indices (sixteen indices with a R2 > 0.67), when using urea as N source. As 

for CAN at V6, the NIR and DVI obtained close relationships with yield (R2 = 0.84). For the 

V11 stage using urea, the best correlations were observed with six indices (all with R2 > 

0.70). For CAN as N source. the GNDVI, GN and MCARI presented R2 = 0.99. At R1, the 

best correlation occurred with three indices (R2 > 0.75) for urea, while TCARI/OSAVI and 

TCARI/MSAVI reached R2 = 0.98 for CAN. For LNC, there was no significance in any of 

the N sources and physiological stages of corn, except for CAN at R1, where it presented a 

high significance of 0.98. 

 

3.4 Discussion 

 

3.4.1 Enhancing crop nitrogen management and yield through UAV-based sensing 

and vegetation indices 

 

Unmanned aerial vehicles equipped with remote sensing technologies and vegetation indices 

offer promising solutions. The V6 stage would have the worst performance among the 

evaluated stages, due to the influence of the soil reflectance manifested in high reflectance 

in the red region and the absence of reflectance decline between the green and red region 

(data not shown) (Deng et al., 2018; Chen and Wang 2022), which is a characteristic of 

healthy plants (Scharf and Lory 2009). This would have happened if the reflectance in each 

plot had not removed the soil, where at this growth stage it is still possible to see the bare 

soil in the image generated by the UAV. 

The adequate levels of LNC at R1 stage range from 27.5 to 32.5 g kg-1 and from 27 to 35 

g kg-1, according to Malavolta et al., (1997) and Raij et al., (1996), respectively. For the R1 

stage, only the rate of 300 kg reached leaf N levels close to those of Malavolta et al., (1997) 

and Raij et al., (1996) with a maximum value of 26.30 g kg-1 at 300 kg N ha-1 (Online 

Resource 1). These results are corroborated by Silva et al., (2005), who also found LNC at 

the R1 stage lower than those described as adequate, attributing this effect to the hybrid used. 
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Usually, the main causes of LNC variations in corn are factors related to corn genetics, soil 

fertility and, mainly, changes in climatic conditions (Jakelaitis et al., 2005; Silva et al., 2005). 

According to Gabriel et al., (2017), when leaf N levels reach the maximum concentration, 

the corn plant tends to increase biomass instead of increasing leaf N concentration. 

Individual bands correlated well with yield at V6 (NIR and Red Edge), V11 (NIR) and 

R1 (Green) stages. Green band composite indices were highly correlated with grain yield. 

Other authors have also pointed out that green-based vegetation indices are particularly 

useful for assessing N status at the V6 stage or at later stages of corn growth (Schepers et 

al., 1992; Blackmer and Schepers 1996; Bausch and Khosla 2010; Maresma et al., 2016, 

2018), although Maresma et al., (2016) also established a high correlation between NDVI 

and yield (R2 = 0.92) at V12, with a flight altitude of 120 m, demonstrating that the red 

region can still be used in some studies and situations. 

 

3.4.2 Integrating spectral imaging with applied N rates for enhanced prediction 

accuracy at V5 growth stage 

 

The union of the two N sources did not bring a significant increase in the prediction of N 

rate to be applied at V5 in any of the VIs used, as well as in the relative VIs; therefore, the 

two N sources were tested separately. Among the fifteen indices evaluated in this study, three 

exhibited the highest performance: using urea as N source the highlighted VIs were GNDVI, 

GN, and TCARI/MSAVI, as for CAN the best VIs were GNDVI and GN. A gradual increase 

in GNDVI was associated with an increase in N rate applied. For GN and TCARI/MSAVI 

VIs, the opposite was observed. The narrow range of GNDVI (0.55–0.63) and GN (0.28–

0.23) values for urea, GNDVI (0.55–0.62) and GN (0.28–0, 23) for CAN, which are 

responsive to the N rates applied, may be a concern, as even small variations in GNDVI and 

GN values can significantly change the predicted N rate in the model (Fig. 7). Sripada et al., 

(2005) also found a small variation in RGDVI values (0.95–1.02), not validating the model 

completely. 

Sripada et al., (2006), trying to estimate N rate at V7, obtained weak linear and quadratic 

correlations of the VIs studied (r2 ≤ 0.22 with emphasis on R_Green, DVI, RDVI and 

R_GDVI). Scharf and Lory (2009) conducted similar work at V7 stage and observed a high 

linear model correlation for Green (R2 = 0.70) and Blue (R2 = 0.79). Sripada et al., (2005) 
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achieved an R2 of 0.69 for the R_DVI, at a later stage (VT). In the present work, R_DVI and 

DVI had low correlation (R² < 0.29), thus not being ideal for recommending N rate.  

Works such as those by Sripada et al., (2005), Scharf and Lory (2009), Maresma et al., 

(2016, 2018) also bring coefficients of determination of the NIR and G bands together that 

are higher than NIR and R together when defining the optimal N rate to apply. In fact, VIs 

that contain a green band have been found to be more useful for assessing leaf chlorophyll 

variability when the leaf area index is moderately high (Gitelson et al., 1996). These data 

show the reliability of the results obtained in this work to determine N rates to be applied at 

early corn growth stages. 

Although Sripada et al., (2005) found a better estimate of N rate with relative VIs at VT 

stage than normal VIs, in this study we did not obtain a considerable improvement using 

relative VIs at V6 stage compared to normal VIs. Higher coefficients were obtained with the 

relative R_GDVI VI (linear-plateau model with R2 = 0.67). Scharf and Lory (2009) also 

obtained better values with the relative VIs Rel_Blue-Green (R2 = 0.76), Rel_RE (R2 = 0.74), 

Rel_Green (R2 = 0.75**) and Rel_Green /NIR (R2 = 0.65) at V6 stage. Our work indicates 

that a reference area would not be necessary (plots receiving a higher N rate that did not limit 

corn growth; in this study the rate of 300 kg N ha-1) to estimate N rate at V5. 

 

3.4.3 Harnessing spectral imaging to optimize N management in corn at V5 growth 

stage based on LNC 

 

The union of two N sources with LNC at V5 did not bring a significant increase in the 

prediction of N rate to be applied in any of the VIs used, as well as the relative VIs; thus, the 

two N sources were tested separately. These results bring reliability to estimate LNC in corn 

at V5 stage and define strategies regarding the N rates using VIs such as GNDVI, TCARI 

and GN. When Rel_VIs was used, there was no considerable improvement compared to VIs.  

It is also possible to estimate the N rate to be applied at V5 using LNC as also stated by 

Gabriel et al., (2017) at R1 stage obtaining a saturation LNC of 34.32 g kg-1 at 118.6 kg N 

ha-1. Our work indicates that it would not be necessary to use a reference area (plots receiving 

a higher rate of N that did not limit corn growth) in areas close to normal planting to estimate 

LNC at V5, which is a great advantage, according to Scharf and Lory (2009) and Sripada et 

al., (2005). 
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Gabriel et al., (2017) also found good correlations between LNC, TCARI (R2 = 0.75) and 

TCARI/OSAVI (R2 = 0.89). Leaf N concentration generated a linear-plateau regression with 

N rate applied, therefore, capable of detecting leaf N deficiency, leading to the identification 

of zones with greater nutrient demand. When using TCARI correlated with LNC, we were 

also able to estimate the N rate to be applied at V5, with a yield similar to the first experiment 

(Table 6). Indeed, TCARI is a vegetation index that measures chlorophyll (McMurtrey et al., 

1994); when combining TCARI with OSAVI the correlation with LNC can be further 

increased, as OSAVI is considered a structural index, and in cases where the plant canopy 

has not yet covered the soil it can be an ally for TCARI to estimate LNC in corn. Our work 

also showed a good correlation between LNC, TCARI (R2 = 0.63) and TCARI/OSAVI (R2 

= 0.57) (Table 5). 

For indices such as NDVI, Rel_DVI and OSAVI, Gabriel et al., (2017) found a low 

correlation with LNC, not being indicated to predict LNC in corn plants at R1 stage. Our 

result also shows the same, bringing low correlation for NDVI (R2 < 0.30), Rel_DVI, and 

OSAVI (R2 < 0.13) at V5 stage. 

 

3.4.4 Potential applications of this study and future work 

 

Farmers and agricultural stakeholders have interest in evaluating and predicting the N status 

of crops and forecasting potential grain yield during the early stages of the season. This is 

important for several reasons, such as enhancing N management practices, scheduling 

harvest and tractor operations, anticipating milling and storage requirements, and guiding 

marketing strategies. Although there may be no advantages in applying N rate to reach higher 

yield due to the economic return, our experiment demonstrated the ability of VIs to estimate 

N rate, obtaining a grain yield like the best N rate used in the first experiment aiming high 

yield. 

In Brazil, the stage at which most farmers apply N fertilizer to corn crops is typically 

during the V4 to V6 growth stages. This timing aligns with the period when corn plants have 

established a strong root system and are beginning rapid vegetative growth, allowing for 

efficient nutrient uptake and utilization. By applying N fertilizer during this stage, farmers 

aim to meet the crop's nutritional requirements and optimize grain yield potential. 

To our knowledge, this is the first study to evaluate the comparative ability of predicting 

and evaluating the corn N recommendation at early stages using VIs, LNC, and N rate. 
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However, conducting experiments prior to utilizing vegetation indices and LNC for 

predicting N in corn crops is crucial because researchers can assess the performance of these 

indices and LNC measurements in relation to actual N requirements and crop response. In 

addition, these predictive models need to be validated under specific local conditions and 

corn variety to ensure their accuracy and reliability. 

Other important aspects to take into consideration when estimating N rate are highlighted 

hereafter; even if the reflectance accurately estimates the N requirement at the time of the 

reflectance measurement, future conditions may change the N supply or demand. This would 

result in N deficiency with low detection by spectral reflectance. In fields with a history of 

organic residues or leguminous plants, mineralization at the beginning of planting may be 

slow, and the diagnosis may underestimate N availability. Lack of precipitation after N 

application could also reduce the effectiveness of this method. Despite the possible flaws, 

its application still proves to be quite viable, from both the economic and the operational 

perspective, due to the increasing availability of RGB and multispectral cameras embedded 

on UAVs with the possibility of local or regional calibration for corn and other crops. 

The use of LNC can be advantageous over the N rate method once it required less N input 

applied at V5 corn stage in this study. Also, the linear-plateau and quadratic-plateau showed 

in the LNC method brings reliability in both N rate and yield estimation cases. The advantage 

of incorporating a linear-plateau relationship in this context is that it allows for a more 

realistic representation of the relationship between VIs and LNC. It accounts for the 

possibility that VIs may increase linearly with increasing LNC up to a certain threshold, 

beyond which further increases in LNC may not result in significant changes in the 

vegetation indices. 

Continued advancements in UAV technology, remote sensing, and machine learning 

algorithms offer exciting prospects for further improving N management in precision 

agriculture. Future research should focus on considering other modeling approaches that 

combine multiple VIs, incorporating additional parameters such as weather data, soil 

characteristics, and crop genetics applying non-linear models or more complex machine 

learning techniques to enhance the accuracy and applicability of N rate recommendations. 

 

3.5 Conclusion 

The vegetation indices studied were useful to determine optimal grain yield and leaf N 

content for urea and CAN N sources. Regression models showed the best VIs based on the 
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wavelength of the green band (GNDVI and GN) to predict N rate. Some VIs related to the 

red band (Red) also predict N rate to be applied in V5, however, due to the low coefficient 

of determination of the regression models, its use is uncertain. The relative VIs did not 

significantly improve the prediction of N rate at V5, which brings a great benefit, as it does 

not need to use reference areas for decision-making in the management of nitrogen 

fertilization in corn. 

In general VIs can contribute to improving the efficiency of N use by reducing N inputs 

while maintaining grain yield, improving the economic return and increasing or maintaining 

the maximum productivity of the area. Our reliance on these models to apply N at V5 is 

limited to the dataset obtained in geographic, edaphic and climatic conditions of this study. 

By integrating UAV data with variable-rate application systems on commercial tractors and 

implements, farmers can dynamically adjust N fertilizer rates based on real-time crop needs, 

leading to optimized resource utilization, reduced environmental impact, and improved 

profitability. Collaboration among researchers, technology developers, and farmers is 

essential for advancing the implementation, calibration, and validation of UAV-based 

sensing and VI analysis, paving the way for a more efficient and sustainable future of 

precision N management. 
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ABSTRACT 

 

 

This study investigates the potential of utilizing multispectral imagery acquired from 

unmanned aerial vehicles (UAVs) to enhance the accuracy of leaf nitrogen content (LNC) 

estimation, a crucial parameter for assessing crop nitrogen status and guiding nitrogen 

management practices. We integrated selected vegetation indices (VIs) and texture data 

derived from UAV-based multispectral images to estimate LNC in common bean (Phaseolus 

vulgaris L.). The research spanned two consecutive years (2021–2022) and encompassed 

various nitrogen application rates. UAV flights coincided with critical growth stages (V4, 

R5, and R7) of common bean, where destructive leaf samplings were conducted. Following 

preprocessing of the UAV imagery, we computed VIs, texture metrics, and the normalized 

difference texture index (NDTI). Our findings revealed that the green normalized difference 

vegetation index (GNDVI) and the modified chlorophyll absorption in reflectance index 

(MCARI) delivered the most accurate LNC estimates at the V4 and R5 growth stages (R2 of 

0.53–0.57) among all the VI candidates. NDTIs incorporating correlation and homogeneity 

demonstrated the ability to explain 71% and 58% of LNC variability for the R7 growth stage 

and the entire growing season, respectively. Furthermore, we employed machine learning 

models, random forest (RF) and support vector machine (SVM), to combine VIs with gray 

level co-occurrence matrix (GLCM) texture features. These models significantly enhanced 

the accuracy of LNC estimation across all growth stages, as well as when examined 

separately. Therefore, the integration of band spectral indices with UAV-based textural 

information might be a promising technique in common bean growth monitoring. 

 

Keywords: UAV, multispectral imagery, vegetation index, GLCM, LNC, common bean 

 

4.1 Introduction 

The common bean (Phaseolus vulgaris L.) is a popular crop all around the world 

with more than 27 million tons produced in 2021, serving as a vital source of nutrition and 

sustenance for billions of people, offering a rich source of protein, fiber, and essential 

nutrients (FAOSTAT 2021). Proper rate and timing of nitrogen (N) is crucial factors for high 

yield and quality. A significant portion of N in the plant is directed towards the leaves 

(Ghanbari et al. 2013) thus the leaf nitrogen content (LNC) of a canopy has been widely 

used to characterize crop N status in field conditions (Fu et al. 2022). LNC is an important 

indicator used to measure the N status of beans. Plants that have nutritional deficiencies 

related to N show visual symptoms in their leaves, known as chlorosis (Xue et al. 2020). 

Monitoring crop N content is beneficial during the early growth stages for effective 
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fertilization planning (Maresma et al. 2018) and during maturing growth stages to assess 

yield (Luo et al. 2022). Therefore, the continuous monitoring of N is of great importance. 

The efficiency of traditional methods of measuring LNC is low, time-consuming, 

laborious, and it does not meet the needs of rapid, real-time monitoring (Blackmer and 

Schepers 1996). Obtaining the LNC remotely, rapidly, efficiently and effectively has always 

been an urgent problem to be solved to either boost higher yield potential zones or reduce 

inputs to lower potential areas reducing environmental impact while increasing profit 

(Marang et al. 2021; Li et al. 2022). 

In recent years, unmanned aerial vehicles (UAVs) have attracted significant scientific 

and public interest due to their flexibility, enabling rapid, non-destructive, and efficient 

operations (Jiang et al. 2020; Chen & Wang 2022). Their use in remote sensing offers the 

possibility of obtaining field data in an easy and profitable way, resulting in images with 

high spatial and temporal resolution (García-Martínez et al. 2020; Li et al. 2022). The major 

advantage of using UAV is that large populations of plants can be assessed quickly, while 

also reducing inaccuracies resulting from sampling a limited subset of plants (Costa et al. 

2021). Several studies have shown the potential of UAV data for estimating LNC in several 

crops such as grape, cotton, corn, citrus trees, and rice (Osco et al. 2019; Wang et al. 2021; 

Xu et al. 2021; Peng et al. 2022). Though successful, these studies ignored more information 

stored in the high-resolution UAV images acquired at a low flight height, which contains not 

only spectral (vegetation indices – VIs or single bands) but also texture information related 

to crop N properties.  

Gray level co-occurrence matrix (GLCM) based textures are derived from the gray 

tone spatial-dependance matrix and represent the heterogeneity in the tonal values of pixels 

within a region of interest (ROI) (Wood et al. 2012). Textural information can reflect the 

characteristics of objective surfaces once variations in N levels have an impact on both the 

size and color of crop leaves. Consequently, these variations result in disparities in how the 

canopy structure absorbs and reflects light, ultimately altering the textural characteristics at 

the pixel level (Fu et al. 2021). The incorporation of GLCM textures into this context remains 

relatively scarce. Liu et al. (2018) achieved great estimates of the nitrogen nutrition index in 

winter oilseed rape by combining VIs and GLCM textures, which were derived from VIs. 

The most valuable texture metrics identified were correlation and variance depending on the 

background removal or not within the ROI. Fu et al. (2020) used homogeneity, correlation 
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and contrast GLCM textures for all three bands (blue, green, and red) to improve estimates 

of plant N density and plant N concentration in winter wheat. Guo et al. (2022) highlighted 

important GLCM texture metrics such as contrast, homogeneity and mean for the winter 

wheat plant N content estimates with RF model achieving a coefficient of determination (R2) 

of 0.92 and root mean square error (RMSE) of 3.17 g m-2. Zheng et al. (2020) evaluated the 

potential of integrating texture and spectral information for improving the quantification of 

leaf and plant N concentration in rice crops, applying normalized difference texture index 

(NDTI) where it was based on the VIs and designed to emphasize differences between two 

spectral bands and directions. They indicated model VIs with a R2 range of 0.00 – 0.20, 

texture features with a R2 range of 0.00 – 0.35 and the combination of VIs and NDTI with a 

R2 between of 0.68 and 0.70 for leaf N concentration and plant N concentration, respectively. 

The most important NDTIs were dissimilarity, correlation and mean using red edge and near 

infra-red bands. 

Information of spatial heterogeneity provided by texture metrics may be 

complementary to the spectral characteristics. However, the selection of texture metrics to 

predict LNC in beans may be influenced by many factors, such as the genotypes, the light 

condition, and the image acquisition resolution (Barbier and Couteron 2015). Thus, the 

selected texture metrics in these studies may not be the best predictors for a different crop 

type or region. The findings underscored the promise of also utilizing image textures 

extracted from UAV imagery to estimate N levels in common bean. Additionally, it was 

observed that these image texture attributes, derived from high-resolution UAVs, frequently 

exhibit scale-dependent characteristics, potentially resulting in variations in model 

performance and transferability. Thus, the combination of machine learning (ML) methods 

and effective predictors (spectra, texture factors, etc.) would achieve good performance in 

solving the nonlinear problem of LNC estimation. 

In recent years, with the advancement of data mining techniques, such as support 

vector machines (SVM), neural networks, artificial neural network (ANN), random forest 

(RF), and other methods have been increasingly applied to the prediction of crop N content, 

which outperform traditional models in terms of accuracy. For example, Wang et al. (2021) 

performed better LNC estimates of paddy rice using ANN, SVM and RF when single or 

multiple growth stages are involved. Peng et al. (2021) found that a combination of VIs using 
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RF provided better plant N concentration estimation with RMSE and relative root mean 

square error (RRMSE) of 0.19% and 10.11%, respectively for potato crop. 

In addition, different ML methods differ in prediction accuracy. For example, Zha et 

al. (2020) used VIs with RF, ANN, and SVM models to perform estimates of plant N uptake 

and N nutrition index (NNI) in rice. The validation results indicated that the RF model 

performed the best among the tested methods with RMSE of 11.52 kg ha-1 and 0.09 for plant 

N uptake and NNI, respectively at stem elongation stage. Osco et al. (2020) evaluated the 

performance of nine supervised ML methods. The results indicated that the RF algorithm 

performed better, with R² and RMSE, respectively, of 0.91 and 1.9 g kg−1 for leaf N 

concentration, and 0.86 and 0.17 m for corn plant height estimates. They also demonstrated 

that VIs contributed more to the algorithm’s performances than individual spectral bands. 

To the best of our knowledge, research to the estimation of LNC for common bean 

using UAV-based sensors is relatively scarce. Most existing studies have focused on 

estimating yield, leaf area index, and dry matter content (Gutiérrez-Rodríguez et al. 2006; 

Köksal et al. 2008; Monteiro et al. 2013; Santana et al. 2016; Saravia et al. 2023). However, 

the importance of estimating LNC using RF and SVM, in conjunction with VIs and GLCM 

texture metrics, cannot be underestimated. Therefore, the objectives of this study were (i) to 

determine the optimal VIs and texture metrics from UAV multispectral imagery for 

estimating LNC, and (ii) to explore the capability of integrating spectral and textural 

information in the improvement of N status monitoring. 

 

4.2 Materials and methods 

The methodology consisted of three distinct phases: (a) conducting a field survey to 

gather relevant data, (b) performing chemical analysis on leaf tissue samples, and (c) 

utilizing digital image processing techniques for data analysis. Each phase comprised 

specific steps, which were visually represented in a workflow diagram (Fig. 1) and further 

elaborated upon below. 
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Fig. 1. Workflow diagram of the process performed in this study. 

 

4.2.1 Study Area 

 The study area was located at Embrapa Rice and Beans field station at Santo Antônio 

de Goiás – Goiás State, Brazil (16°29'10.5"S, 49°17'53.7"W). The site area covers 

approximately 8600 m2, located under a central pivot irrigation system used only when 

needed during summer season. Because it corresponds to a relatively small experimental 

area, the soil presents similar conditions. This area is constantly monitored, and soil 

corrections are conducted whenever necessary. 
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It should be noted that the plots were continuously used over the previous 5 years as 

an experimental field for studies related to the fertilization of corn and common bean with 

N. The same treatments were applied to each individual plot as in the previous years. As a 

result, it would be expected that the effect of different N treatments would be more evident. 

Three treatments were added in this experiment, in addition to those that had been used for 

5 years (160 and 200 kg N ha-1 as urea and 200 kg N ha-1 as calcium ammonium nitrate – 

CAN source). 

4.2.2 Experimental Design 

The experimental field was divided into 50 plots, including 15 rows of common bean, 

which were planted at a row spacing of 45 cm, plot length was 10 m, and width was 7.2 m, 

with an alleyway in between each plot. The experimental design was a randomized complete 

block. Common bean (BRS FC402 cultivar) was planted on 26 May 2021, and 23 May 2022. 

There were ten treatments of N, including the control, 40, 80, 120, 160 and 200 kg ha-1 of 

urea and 40, 80, 120 and 200 kg ha-1 of CAN as N sources, applied randomly with five 

replicates (Fig. 2). All plots were fertilized based on soil test results and received uniform 

applications of Yara Basa fertilizer (6N-27P-6K plus sulfur, calcium and micronutrients) at 

a rate of 300 kg ha-1 at planting, and 170 kg ha-1 of KCl (60% K2O) was hand-spread two 

days after planting. Thus, the 50 plots received 18 kg N ha-1 at planting, including the control 

treatment. The N application treatments were performed just after emergence in each year at 

V4 (4th trifoliolate unfolded at node 6 + branching).  
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Fig. 2. Location of the study area and detail of the experimental plots. The image was 

obtained using the parrot sequoia RGB camera on 16 July 2021, at R5 stage. The labels refer 

to N source: U – Urea (46% N) and CAN – Calcium Ammonium Nitrate (27% N). Numbers 

followed by U or CAN represent N rate applied at V4 stage (40, 80, 120, 160 and 200 kg N 

ha-1). Zero represents the control (0 kg N ha-1). 

 

4.2.3 UAV Campaigns, Sensors and Data Collection 

We used the Parrot® Sequoia™ multispectral imaging sensor (Parrot Drones S.A.S, 

Paris, France), which captures the reflected light at four spectral bands: green (G; 550 nm; 

40 nm bandwidth), red (R; 660 nm; 40 nm bandwidth), red-edge (RE; 735 nm; 10 nm 

bandwidth), and near-infrared (NIR; 790 nm; 40 nm bandwidth) with 1.2 Mpx. The camera 

was mounted on a Bluegrass UAV from Sensefly (Fig. 3) and it was also equipped with an 

irradiance sensor for measuring incident light, in order to correct for variable lighting 

conditions during the flight. Prior to each flight, ground images from a calibration target 

(AIRINOV Aircalib; AIRINOV, Paris, France) were acquired, in order to derive accurate 

reflectance values. The latter was a polyvinyl chloride (PVC) board with a gray target area 

silkscreen printing and ArUco tags for the albedo measurements of each band, which have 

been measured specifically for the Sequoia sensor. The flight planning was generated using 

the Pix4D Capture software with a side and front overlap of 70%. The single images were 

subsequently combined to create an orthophotomosaic using the Pix4Dmapper Pro software 

(Pix4D SA, Lausanne, Switzerland), which employs an advanced Structure from Motion 

(SfM) workflow to generate precise orthophotomosaics with absolute reflectance values. 
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Pix4D accomplishes this by integrating calibration target images and irradiance sensor data 

into an automated process, eliminating the requirement for manual calibration or additional 

image processing by the user. This calibration procedure considered both the lighting 

circumstances during image capture and the specific attributes of the sensor. An overview of 

the acquisition procedures and processing of UAV imagery can be found in Aasen et al. 

(2018). 

The flights were conducted under optimum weather condition at an altitude of 70 m 

above ground (Vega et al. 2015; Montgomery et al. 2020) with a spatial resolution of 6.6 cm 

pixel-1 during three growth stages: V4, R5 (One pod with fully developed seeds), and R7 

(One pod at mature color – physiological maturity). The time of flight was less than 20 min 

between 10:00 and 12:00h a.m. on sunny days. UAV flight dates were adjusted to the field 

leaf sampling dates (Table 1). 

  

Fig. 3. A: Calibration panel that accompanies the Parrot Sequoia camera for radiometric 

calibration of images; B: Parrot Sequoia multispectral camera. The central wavelengths of 

the bands are 550 nm (40 nm) green, 660 nm (40 nm) red, 735 nm (10 nm) red edge, and 

790 nm (40 nm) NIR; C: Bluegrass UAV, from Sensefly company. 

 

Table 1 Synthesis of field management and data acquisition calendar. 

Y                                                        w                      
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4.2.4 Masking Soil Pixels 

 To calculate the spatial mean of VIs for individual rows of common beans, it was 

crucial to eliminate bare soil pixels situated amidst the rows. The occurrence of such a 

phenomenon is noticed when plants are in the vegetative phenological stages. The 

background soil reflectance potentially decreases the effectiveness of the leaves in VI values 

(Barzin et al. 2020). The image processing pipeline aimed to segment vegetation areas within 

the acquired aerial imagery using the NDVI thresholding technique (Gallo et al. 2018). A 

defined threshold value of 0.7 was applied to the computed NDVI map. This threshold value 

was chosen to delineate the regions with healthy vegetation. A binary mask was generated 

by classifying NDVI values above the threshold as '1' (vegetation) and values below or equal 

to the threshold as '0' (non-vegetation). The binary mask was applied to the original image 

data using element-wise multiplication. This operation resulted in an image where non-

vegetation areas were set to zero, effectively segmenting the vegetation regions from the 

background (Fig. 4). 

 

Fig. 4. Visual representation of the efficacy of the segmentation technique. The segmented 

vegetation image (B) was juxtaposed with the original TIF image (A). Both images were 

displayed side by side, with specific zoomed-in areas for detailed observation. 

 

4.2.5 Calculation of Vegetation Indices and gray level co-occurrence matrix 

 The study utilized a high-resolution image captured by an aerial platform, serving as 

the source of spectral information. Additionally, a shapefile containing the delineated 

polygons (45 m2) representing distinct plots was used to extract reflectance information. The 

image consisted of multiple spectral bands, each corresponding to a specific range of 
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wavelengths. The mean reflectance values of four bands (band 1: green, band 2: red, band 3: 

red edge, band 4: near-infrared) were calculated within each polygon using zonal statistics. 

To quantify various vegetation characteristics, seventeen widely used VIs reported in the 

literature, were calculated for each polygon using the extracted reflectance values (Table 2). 

Table 2 Vegetation indices used. 

                                   

                     
                         

(Band1 - Band2) ÷ (Band1 + Band2) Z                 

                               
             

(Band4 - Band3) ÷ (Band3 + Band2)                      

                           
       

(Band4 ÷  Band3) −  1                      

                               
       

(Band4 - Band3) ÷ (Band4 + Band3)                   

                                 
             

(Band4 - Band2) ÷ (Band4 + Band2)                    

                                  
       

(Band4 - Band2) ÷ (Band4 + Band2)0.5 Z                 

                        
                         

1.16 × (Band4 - Band2) ÷ (Band4 + Band2 + 0.16) Z                   

                               
                

1.5 × (1.2 × (Band4 - Band1) - 2.5 × (Band2 - Band1)) ÷  
((Band4 +  1)2 - (2.4 × Band4) - (1.8 × Band2) + 0.5) 

               

                            
                         

(Band4 - Band1) ÷ (Band4 + Band1)                       

                                  
              

(2 × Band4 + 1 - ((2 × Band4 + 1)2 - 8 × (Band4 - Band2))0.5 ÷ 2 Q               

                               
              

1.16 × (Band4 - Band1) ÷ (Band4 + Band1 + 0.16)                      

                                
                             

(1.5 × (2.5 × (Band4 - Band3) - 1.3 × (Band4 - Band2))) ÷ 
((2 × Band4 + 1)2 - (6 × Band4 - 5 × (Band3 - Band2)) - 0.5) 

                      

                                  
                    

3 × (Band3 - Band2) - 0.2 × (Band3 - Band1) × (Band3 / Band2)                        

            TCARI ÷ OSAVI                        

            TCARI ÷ MSAVI                        

                             Band3 ÷ Band2             

                                  Band3 - Band2             

 

 GLCM was employed in this study to evaluate the potential of texture analysis on 

reflectance images for improving beans N status monitoring. A shapefile containing 

geometries representing distinct regions of interest (ROIs) was employed. The 'id' column 

from this shapefile was extracted to establish correspondence between ROIs and identifiers. 

Furthermore, the orthomosaicked image comprising multiple spectral bands was read, 

considering the presence of bare soil and vegetation pixels. For each 'id' from the shapefile, 

the geometry bounds were derived to define the spatial extent of the ROI. Subsequently, the 

region of interest (ROI) was extracted from the image based on these bounds. The grayscale 

representation of the ROI was prepared to facilitate GLCM computation. GLCM was 
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computed for each band within the ROI. The analysis encompassed diverse directions, 

employing four fixed angles (D1 = 0°, D2 = 45°, D3 = 90° and D4 = 135°). 

A set of eight texture metrics derived from GLCM analysis, encompassing mean 

(MEA), variance (VAR), homogeneity (HOM), contrast (CON), dissimilarity (DIS), entropy 

(ENT), second moment (ASM), and correlation (COR), were calculated. A detailed 

description of the eight-texture metrics can be found in Lu and Batistella (2005). 

Subsequently, the interrelationships among these diverse texture metrics were investigated 

to mitigate data dimensionality and heighten data processing efficiency. Upon this analysis, 

we selected a subset of four key texture metrics, namely HOM, CON, COR, and ASM, for 

the subsequent texture analysis. This focused analysis was performed across the five spectral 

bands and four distinct directions. The average value of each metric across different 

directions and bands was calculated for every plot. This step facilitated the generation of 

more comprehensive insights. 

The extraction of the Normalized Difference Texture Index (NDTI) was also 

undertaken (Zheng et al. 2020; Zheng et al. 2018). These authors used NDTI because it has 

the capability to improve the performance of texture analysis and its wider variation than 

other texture metrics at high N levels at later growth stages. This allowed for better 

estimation of N nutrition parameters in rice crops using UAV-based multispectral imagery. 

GLCM metrics (HOM, CON, COR, and ASM), four bands and four directions were 

performed using NDTI. The equation NDTI = (T1-T2)/(T1+T2) was proposed, where T1 

and T2 are a random texture feature from the four bands in four directions. To identify a 

suitable texture pairing, an assessment of the correlation between LNC and NDTI was 

conducted, encompassing all feasible combinations of texture variations. 

 

4.2.6 Harvest and Leaf N Content Process 

Grain yield was measured in the three central rows (2.70 x 3.00 m) of each plot, 

which were manually harvested at the physiological maturity stage. Grain moisture was 

adjusted to 13% moisture content. The yield response to N rate was performed. Yield-

normalization was accomplished by expressing relative grain yield values relative to the site-

year maximum. The resulting relative yield values will typically range between 0 and 1, with 

higher values indicating higher grain yield. 
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Leaf sampling was collected at V4, R5 and R7 stages on the same UAV flight day for 

the determination of LNC (g kg-1). These samples were obtained from 15 plants at random 

in each plot at three phenological stages. The leaf sample obtained was the last trifoliolate 

unfolded. The leaves were dried at 65 degrees Celsius until constant weight. Subsequently, 

the samples were ground for determining LNC, applying the Dumas combustion method – 

Rapid N cube by Elementary analyzer (Keeney & Bremner 1967). 

Regression analysis was used to identify VIs, GLCM, and NDTI that were useful in 

predicting LNC. The linear model was used prior to the quadratic model only if its use 

resulted in a higher coefficient of determination. 

 

4.2.7 Statistical Analysis 

 In this study, we employed Python programming language, utilizing Jupyter Lab as 

our development environment. The data analysis and manipulation were facilitated by 

leveraging the capabilities of Anaconda, a comprehensive platform that streamlines the 

management of packages and environments, ensuring reproducibility and consistency in our 

analyses. 

The data collected from the two field experiments were pooled to explore the 

connections among agronomic variables, VIs, GLCM, and NDTI textures along with their 

composite interactions. This investigation was conducted employing simple regression, 

random forest (RF) and support vector machine (SVM) analyses.  

To ensure the robustness of the models, the dataset was divided into training and 

testing sets using a test size of 20%. The input features were standardized to ensure that all 

features are on the same scale, preventing any one feature from disproportionately 

influencing the model's performance. 

For both the SVM and RF models, hyperparameter tuning was conducted performing 

an exhaustive search over a specified hyperparameter grid. For SVM, the hyperparameters 

tuned were the kernel type ('linear', 'rbf', 'poly') and the regularization parameter 'C' (0.1, 1 

or 10). For RF, hyperparameters included the number of estimators (100, 500 or 1000), 

maximum tree depth (none, 10 or 20), minimum samples required to split a node (2, 5 or 

10), and minimum samples required to be at a leaf node (1, 2 or 4). 
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Following hyperparameter tuning, the best SVM and RF models were identified 

using the respective best hyperparameters for each growth stage and dataset (Table 3). These 

models were then trained on the scaled training data. Additionally, the importance of features 

in the RF model was determined. The top 10 most important features were selected based on 

their importance scores. 

Table 3 Best hyperparameters for each model, growth stage, and dataset used. 

Growth 

Stage 
Dataset 

All Features Top 10 Features 

Hyperparameters Hyperparameters 

RF SVM RF SVM 

n estimators 
max 

depth 

min 

samples 

split 

min 

samples 

leaf 

kernel C n estimators 
max 

depth 

min 

samples 

split 

min 

samples 

leaf 

kernel C 

V4 

VIs 100 none 5 2 rbf 10 500 none 2 4 rbf 1 

GLCM + VIs 1000 none 5 1 linear 1 100 10 2 1 rbf 10 

NDTI + VIs 100 none 2 4 poly 1 1000 10 2 1 poly 1 

R5 

VIs 1000 none 5 1 linear 1 100 none 10 1 linear 0.1 

GLCM + VIs 1000 none 5 1 linear 1 1000 10 2 4 rbf 10 

NDTI + VIs 100 none 2 1 rbf 1 1000 none 10 2 linear 1 

R7 

VIs 1000 none 5 1 linear 1 1000 none 10 4 linear 10 

GLCM + VIs 100 none 2 1 linear 1 500 none 10 4 linear 10 

NDTI + VIs 1000 none 2 4 rbf 10 100 none 10 2 linear 10 

Entire 

Season 

VIs 1000 none 5 1 linear 1 1000 none 10 4 rbf 10 

GLCM + VIs 500 none 2 1 linear 10 100 none 10 1 rbf 10 

NDTI + VIs 500 10 2 1 linear 0.1 100 10 10 1 rbf 10 

 

Furthermore, the SVM and RF models were re-trained using only the top 10 features. 

Like the initial model training, hyperparameter tuning, prediction, and metric calculation 

were performed for these models. To validate the models, a five-fold cross-validation 

procedure (k = 5) was applied to the merged dataset, and the evaluation was based on metrics 

such as root mean square error (RMSE) and relative RMSE (RRMSE). 

 

4.3 Results 

4.3.1 Variation of LNC and Yield Over the Three Growth Stages 

 Table 4 provides information on the LNC for different growth stages of two-year 

study, as well as the variability of the LNC at each N rate applied. The smallest LNC mean 

value for all growth stages was observed at an N rate of 0 kg ha-1. The V4 growth stage 

exhibited the greatest mean LNC values compared to the other stages. As N application 

increased from 0 to 200 kg ha-1, there was a corresponding increment in LNC. The mean 

LNC ranged from 56.59 to 64.37 g kg-1, with a SD ranging from 2.73 to 3.50. The CV 
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indicated moderate to low relative variability, ranging from 4.35% to 6.56%. The observed 

minimum and maximum values were within a relatively narrow range, varying from 50.73 

to 68.70. During the R5 growth stage, the LNC demonstrated a similar response pattern to 

varying N rates. Increasing N levels led to an augmentation in LNC, with mean values 

ranging from 49.28 to 56.53. The SD showed a slightly wider range, varying from 2.89 to 

4.60, resulting in CV values of 5.13% to 9.08%. The LNC's range exhibited by the minimum 

and maximum values spanned from 43.89 to 62.74, indicating a broader spectrum of 

variability compared to the V4 stage. The R7 growth stage showcased distinct behavior in 

terms of LNC response to N rates. Like previous stages, an increase in N application led to 

an increase in LNC. The mean values ranged from 39.95 to 49.85, and the SD ranged from 

4.74 to 7.03, yielding CV values of 10.50% to 16.09%. Notably, the R7 growth stage 

demonstrated the highest relative variability among the three growth stages, as indicated by 

the CV. The range between minimum and maximum values spanned from 29.72 to 57.91, 

suggesting considerable heterogeneity. 

Table 4 Summary of descriptive statistics for LNC (g kg-1) for each fertilization treatment 

(N rate) at V4, R5, and R7 growth stages. Average yield (t ha−1) obtained at harvest is also 

shown. SD: standard deviation; CV: coefficient of variation. 
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 Grain yield was lowest in the 0N treatment, ranging from 1.47 up to 1.92 t ha−1 with 

a mean of 1.65 t ha-1. Across all years, yields increased with increasing N rate up to a 

maximum and either plateaued or decreased at the highest N rates. Maximum yields ranged 

from 3.56 to 3.98 t ha−1. Based on the linear-plateau regression model, maximum yields were 

achieved with an average N fertilizer rate of 91 kg N ha−1 (Fig. 5). 

 

Fig. 5. The relationship between N rate and relative grain yield as described by a linear-

plateau regression model. The mean and standard deviation relative yield for each N rate (0, 

40, 80, 120, 160, and 200 kg N ha-1) are presented. The vertical dashed line at 91 kg N ha−1 

represents the N fertilizer value where the relationship reaches a plateau. 

 

4.3.2 Performance of Spectral Vegetation Indices, Gray Level Co-occurrence 

Matrix, and Normalized Difference Texture Indices 

 From a pool of 21 VIs, the top 10 VIs were selected based on their performance in 

estimating LNC at various growth stages. Similarly, the analysis encompassed a vast 

spectrum of 64 GLCM texture features. The most informative texture features were 

identified, with the top 10 GLCM features emerging as consistent indicators of spatial 

variations in LNC. Additionally, an extensive set of 4032 NDTI combinations were assessed. 

From this extensive array, the top 5 NDTI combinations stood out as reliable tools for 

assessing LNC across diverse growth stages. 

VIs, GLCM and NDTI across various growth stages and the entire growing season 

provided valuable insights into their capacity to predict LNC (Table 5). At the V4 growth 

stage, the GNDVI demonstrated the highest R2 value of 0.571. Likewise, GSAVI and the 

GVI showed notable R2 values of 0.567 and 0.537, respectively. GLCM features such as 

CORB4_D4 and HOMB1_D4 demonstrated promising R2 values of 0.486 and 0.483, 
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respectively. NDTI involving (HOMB1_D3, HOMB4_D2) or (HOMB4_D2, HOMB1_D3) displayed 

high R2 values of 0.551, indicating their potential for assessing LNC at this early stage. 

 Transitioning to the R5 stage, the MCARI emerged as the top-performing VI with an 

R2 value of 0.539. Additionally, the Green and Red Edge reflectance displayed substantial 

correlations with R2 values of 0.513 and 0.490, respectively. GLCM CORB2_D3 and 

CORB2_D2 exhibited R2 values of 0.398 and 0.397, respectively, indicating their potential in 

distinguishing LNC at this intermediate growth stage. HOMB1_D4 also exhibited significant 

performance with an R2 value of 0.393. NDTI like (HOMB1_D4, ASMB4_D3) or (HOMB1_D4, 

ASMB4_D4) displayed R2 values of 0.465. 

 Moving to the R7 stage, the DVI took the lead with an R2 of 0.452, while the Red 

Edge and the NGRDI exhibited significant R2 values of 0.431 and 0.403, respectively. The 

RVI also proved its suitability for this growth stage with R2 of 0.390. GLCM features derived 

from CORB2 (CORB2_D4, CORB2_D3, CORB2_D2, CORB2_D1) demonstrated high R2 values, 

with CORB2_D4 leading the pack with R2 of 0.696. These features underscored their 

effectiveness in capturing textural information relevant to LNC as the crop developed. NDTI 

like (CORB1_D3, CORB4_D1) achieved a remarkable R2 value of 0.714, indicating their strong 

correlation with LNC. (CORB2_D3, CORB4_D3) also exhibited high R2 values of 0.708. 

 Throughout the entire growing season, while several VIs, GLCM and NDTI showed 

strong performance at specific growth stages, it appears that they might not maintain the 

same level of performance when applied across the entire growing season. This could be due 

to variations in crop conditions, environmental factors, or the specific characteristics of the 

metrics themselves. NDTI achieved the highest R2 values compared to Vis and GLCM. 

NDTI like (CONB2_D2, CONB2_D4) or (CONB1_D2, CONB1_D3) maintained R2 values of 0.570 

and 0.568, respectively, indicating their consistency in assessing LNC across different 

growth stages. 

Table 5 Simple linear relationship between LNC, vegetation indices, GLCM and NDTI (R2) 

at different growth stages. 
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All regressions are statistically significant at p < 0.001. ASM, Second Moment; CON, Contrast; COR, 

Correlation; HOM, Homogeneity. The acronyms represent the texture parameter from corresponding band and 

direction. For example, CORB4_D4 represents the mean texture parameter from NIR band reflectance at 135º 

direction. The most significant feature for each growth stage is highlighted. 

 

4.3.3 Performance of VIs, GLCM and NDTI Combinations 

 Table 6 shows the testing performance of the combination of VIs and texture indices 

in the estimation of LNC with linear regression, RF and SVM models for different growth 

stages. Three different datasets were compared: "VIs", "GLCM + VIs" (Texture Features + 

VIs), and "NDTI + VIs" (Normalized Difference Texture Index + VIs). Additionally, all 

available features and the top 10 features for modeling were experimented. The RF and SVM 

outperformed the best linear regressions (VIs and NDTIs) for V4, R5 and R7 growth stages. 

The best linear regression was achieved with GNDVI at V4 stage with RMSE of 1.79 g kg-

1 and RRMSE of 14.17%. Among the models, the top 10 features generated the lowest RMSE 

and RRMSE compared to all features for each phenological stage, regardless of the machine 
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learning model used. Generally, RF and SVM models showed competitive performance 

across various datasets and growth stages. 

 At the V4 growth stage, for the "VIs" dataset, the "Top 10 Features" SVM model had 

the lowest RMSE of 1.80 and RRMSE of 2.93%.  At the R5 growth stage, also using "VIs" 

dataset, the RF model with the top 10 features had the lowest RMSE of 2.79 and RRMSE of 

5.20. However, the R7 and entire season the best dataset was the "GLCM + VIs", using RF 

model and the top 10 features with RMSE of 3.42 and 3.96, and RRMSE of 7.39 and 7.32, 

respectively. 

   

Table 6 Accuracy assessment with RMSE and RRMSE values for the estimation of LNC 

with different datasets and models across growth stages. 
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CORB1_D3, CORB4_D1 and HOMB2_D2, HOMB2_D4 represents the correlation and homogeneity GLCM from green, NIR and 

red band reflectance at 90º, 0º, 45º and 135º direction, respectively. The most significant dataset for each growth stage is 

highlighted. 

 The data presented in Fig. 6 comprise the feature importance of the top 10 features 

(representing the contribution of each feature to the model's predictive performance) and the 

scatter plots of measured LNC values versus estimated ones derived from the optimal non-

parametric algorithm in each growth stage. At V4 stage, the SVM model outperformed the 

RF model with GSAVI, MCARI, DVI, and green reflectance as the most important VIs used 

in the model reaching RMSE and RRMSE values of 1.80 and 2.93, respectively (Fig. 6a,b). 

The R5 stage also showed MCARI, DVI and green reflectance as the most important VIs for 

the RF model, including TCARI/OSAVI reaching RMSE and RRMSE values of 2.79 and 

5.20, respectively (Fig. 6c,d). As for the last growth stage studied, the GLCM + VIs was the 
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best dataset to estimate LNC at the R7 stage. Interestingly, among the four GLCM textures 

analyzed, only the COR was present as the most important features for the RF model. 

Furthermore, the green and red bands at three directions (45º, 90º and 135º) composed the 

COR texture in the prediction of LNC, reaching RMSE and RRMSE values of 3.42 and 7.40, 

respectively (Fig. 6e,f). Throughout the entire growing season, the GLCM COR with NIR 

band at the 135º direction, TCARI/OSAVI, MTCI and MCARI VIs were the most important 

features using RF model, reaching RMSE and RRMSE values of 3.96 and 7.33, respectively 

(Fig. 6g,h). 
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Fig. 6. Top ten features importance and the relationship between the LNC (g kg-1) estimated 

vs. the LNC measured by VIs and texture metrics using (a, b) SVM model at V4; (c, d) RF 

model at R5; (e, f) RF model at R7 growth stage; and (g, h) RF model over the three stages 

(entire season). The dashed lines indicate 1:1. 
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 To highlight the viability of the proposal, a map was generated using the SVM model 

at V4 stage, incorporating VIs as input parameters, to predict values for LNC (Fig. 7). This 

map offers a qualitative insight into the outcomes. After training, a machine learning model 

can analyze image data and produce a visual representation of the area. 

 

Fig. 7. Prediction map over the 2021/2022 crop season indicating the LNC related to every 

plot in the UAV-based image for the V4 common bean growth stage. The model used for 

inference was the SVM and only the top 10 features VIs were used as input data to calculate 

the predicted LNC. 

 

4.4 Discussion 

4.4.1 Different Performances of Individual VIs and Textures 

  

The estimation accuracy for LNC was significantly higher using VIs at V4 and R5 

growth stages. The optimal VIs at V4 (GNDVI, GSAVI) could explain 57% of the variability 

in LNC, respectively. On the other hand, the optimal VIs at R5 (MCARI, Green Reflectance) 

could explain 54% and 51% of the variability in LNC, respectively. The LNC varied in a 

broad range across the growing season and N rate applied. It increased from the beginning, 

leveled off in the middle and then decreased until physiological maturity (Ghanbari et al. 

2013).  



90 
 

 The best-performing VIs were GNDVI and GSAVI at V4 stage, which was expected 

and in agreement with the findings (Li et al. 2020; Marin et al. 2021; Osco et al. 2019; Wright 

et al. 2004). Texture indices showed a better performance when compared to VIs at R7 and 

entire growth stage which is in agreement to the performance of texture ratios in rice plant 

N accumulation estimation (Zheng et al. 2020). For the R7 stage, all the 10 best GLCM and 

NDTI indices textures were related to the COR texture reaching R² between 0.60 and 0.71 

with green, red and NIR bands at 90 (D3) and 135º (D4) directions. Correlation measures 

how correlated or linearly related the pixel intensities are in different directions within the 

image. It quantifies how similar the grayscale values of pairs of pixels are when they are 

separated by a specific distance and orientation. Fu et al. (2020), Fu et al. (2021), Guo et al. 

(2022) and Li et al. (2022) also found COR as one of the best GLCM texture features to 

estimate LNC, plant N density and content using green and red bands for winter wheat and 

tea plants. 

 The entire growth stage was best correlated with LNC using NDTI indices such as 

HOM and CON metrics accompanied by green and red bands reaching R² between 0.50 and 

0.59. HOM performed well at late growth stages and most texture features at 720 nm were 

superior to other texture features for the entire season for estimating plant N concentration 

in rice (Zheng et al. 2018), which is in contrast to this study where we found green and red 

bands better correlated to LNC for the entire growth season. That might be because the 

reflectance at red edge and NIR bands had a broader variation through the growing season 

and the texture features from these bands could explain more variation in plant N 

concentration than LNC. 

Texture indices (NDTI) performed significantly better than individual texture 

(GLCM) measurements, which might be similar to advantages of VIs that could reduce the 

influence of canopy geometry (Huete 1988; Zheng et al. 2018). Given different growth stage, 

the optimal NDTI was different, because canopy structure varies as common bean plants 

grow, and leaves dominate the canopy before reproductive stage. Interestingly, the optimal 

NDTIs across all growth stages consisted of texture parameters from green and red bands 

(Table 4). Since they are good indicators of canopy chlorophyll, LAI, biomass, amount of 

supplied N, and grain yield (Gitelson et al. 2003; Maresma et al. 2016, 2018), the NDTIs 

from those bands performed well in LNC estimation. 
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Specifically, NDTI (HOM red, HOM red) and NDTI (CON red, CON red) were the 

optimal texture indices across the entire growing season in linear regression for LNC 

estimation. Zheng et al. (2020) found NDTI (MEA nir, MEA red edge) and NDTI (MEA nir, 

MEA green) the optimal texture indices across the whole growing season using exponential 

regression for leaf N accumulation and plant N accumulation estimates in rice. 

The texture analysis was always performed with a pattern direction (45º) (Jin et al. 

2015; Yue et al. 2019; Guo et al. 2022). The direction as stated by Zheng et al. (2020) was 

rarely studied to verify the best one to estimate plant variables. They found the 45º and 90º 

direction the most important ones to estimate LNC, leaf N accumulation and plant N 

accumulation using red edge band. However, Fu et al. (2020) did not find significant 

difference between the four orientations studied for plant N concentration estimates in winter 

wheat. In this study, texture metrics using the 90º (D3) and 135º (D4) constructed the optimal 

GLCM and NDTI for LNC estimation, which might be explained by the strong capability of 

across-row texture metrics in differentiating the tonal variations caused by N status. That is 

because common bean is grown in rows, and the local window sliding along the row 

orientation contains more homogeneous vegetation than from other directions. Furthermore, 

the bean plants in the same row grow more homogenously than those in different rows, 

resulting in lower contrast. 

 

4.4.2 The Benefits of Combined Information for Enhancing Leaf N Content 

  

Machine learning methods are increasingly used to estimate parameters to monitor 

crop growth. The results of this study show that machine-learning estimates of N content 

based on multispectral UAV imagery or texture metrics are more accurate than single-index 

estimates, which is also in agreement to Feng et al. (2022). The testing set estimation using 

the SVM or RF models are also better than all single VIs or texture metrics (Table 6) which 

may be related to the number of features importance involved in the construction of these 

models. Han et al. (2022) compared linear regression with RF built from single bands and 

VIs. Their results of the saturation problem showed by individual VIs can be alleviated in 

RF model which accuracy is significantly improved. 
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The combination of spectral data and texture measurements has been proposed to 

improve plant N concentration (Zheng et al. 2018; Fu et al. 2020; Guo et al. 2022), leaf area 

index (Li et al. 2022), grain protein content (Fu et al. 2021), residue cover (Jin et al. 2015), 

leaf N concentration (Zheng et al. 2020) and biomass (Yue et al. 2019). In this study, the 

combination of VIs and GLCM textures significantly improved the estimation of LNC at R7 

and for the entire season as compared to using VIs alone, with an increase of more than 45% 

in RMSE using RF regression (Table 6). This finding agrees well with the results of Fu et al. 

(2021) which reported that the combination of texture indices and VIs improved the 

estimation of LNC significantly in wheat. Furthermore, a universal model suitable for the 

entire season could not only be used to guide N fertilization applications (Maresma et al. 

2016; Zhang et al. 2022) but also to predict grain yield before harvest (Luo et al. 2022; Tian 

et al. 2022; Walsh et al. 2022). 

 The combination of VIs to estimate LNC at V4 and R5 growth stages was 

significantly better than combining texture and VIs. Interestingly, using the top 10 features 

improved the LNC estimation as compared to all features for across all phenological stages 

assessed. GSAVI, MCARI, DVI and green reflectance composed the most important indices 

to estimate LNC using SVM and RF models (Fig. 6). The highest correlation between N 

rates, plant N uptake, grain yield and GSAVI were also found (Barzin et al. 2020; Maresma 

et al. 2018; Zha et al. 2020). Li et al. (2020) also estimated yield using RF model with 

MCARI and plant height derived from crop surface models. Han et al. (2022) found DVI as 

one of the most important VIs features to perform plant N accumulation and N nutrition 

index estimation using RF model. 

 For R7 and entire season stages the use of VIs and GLCM textures significantly 

improved LNC predictions. Most top 10 best features were related to the COR GLCM 

metric. TCARI/OSAVI, MTCI and MCARI also were considered important VIs features for 

the entire season for LNC estimation. López-Calderón et al. (2020) also found 

TCARI/OSAVI as the most important multispectral VI to estimate N content in forage maize 

using RF. Berni et al. (2009) also highlighted the efficacy of the TCARI/OSAVI index in 

mitigating the influence of bare soil and fluctuations in leaf area when assessing olive trees. 

Chen and Wang (2022) showed that MTCI was the best index for estimating plant N 

concentration in cotton with RRMSE of 9.31%. These indices offer a valuable tool for 
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establishing predictive models to estimate chlorophyll concentration through multispectral 

imaging. 

 With spectral information alone, VIs often exhibit weak capabilities of detecting N 

status at late growth stages due to the fact of crop senescence. Textural information could 

capture the variation of leaf color within and between plots, especially at later stages when 

leaf color changes dramatically. However, our results demonstrated that the fusion of spectral 

and textural information could improve N status monitoring efficient. Therefore, UAV 

multispectral imagery could be used to estimate common bean LNC with independent 

models for different growth stages. 

 

4.4.3 Common bean plant variables estimation 

 

This study was one of the first to study the use of UAV-based sensors to perform 

common bean LNC estimates. Saravia et al. (2023) predicted yield using multispectral 

camera with multiple linear regression highlighting DVI, EVI and TVI as the best VIs for 

that purpose when bean plants reached maximum canopy cover. Other studies used handheld 

canopy reflectance spectroradiometer sensor taken at 0.5 – 1.5 m above the canopy to 

estimate yield at 80 days after sowing using NDVI, GNDVI and SAVI (Gutiérrez-Rodríguez 

et al. 2006; Köksal et al. 2008). Monteiro et al. (2013) and Santana et al. (2016) also 

estimated yield, leaf area index and dry matter using NDVI, SAVI and EVI at R6 stage with 

a coefficient of determination above 0.84. 

In this research, we performed multispectral data, VIs, and textural metrics through 

UAV remote sensing. Utilizing predictive models based on RF or SVM, we generated 

distribution maps depicting the LNC of beans at various growth stages. Specifically, the LNC 

map during the V4 stage offers valuable guidance to farmers for applying N fertilizers at 

adaptable rates once this stage is where most producers broadcast N rates. The LNC response 

to N rate applied at V4 stage also showed the capacity of N rates estimates at that stage (Fig. 

8). LNC is the major index for representing the plant’s leaf N nutrition, and through 

monitoring the LNC, proper fertilizer-N measures can be enacted (Liu et al. 2016). By 

putting together fig. 5 and 8, it is possible to transform these multispectral sensor readings 

into a practical N recommendation system to be applied in farming operations as stated in 
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References (Sripada et al. 2005; Gabriel et al. 2017; Maresma et al. 2016, 2018). Employing 

UAV proves highly effective in addressing the limitations associated with satellite remote 

sensing and proximal crop canopy sensing. It establishes a dependable data source for 

diagnosing the nutritional status of beans in terms of N and for making in-season variable 

rate recommendations. The applicability of these models still needs to be improved through 

further testing with more datasets from different geographic sites. 

 

Fig. 8. Linear plateau model of LNC response to N rate applied at V4 growth stage. Each 

circle is the average of 5 replications. Error bars represent standard deviation at p < 0.01. 

 

4.5 Conclusions 

 We explored the feasibility of multispectral imagery from unmanned aerial vehicles 

as a means of monitoring nitrogen status. Our investigation encompassed vegetation indices, 

texture metrics, texture directions, and texture indices. When it came to estimating leaf 

nitrogen content, the testing accuracy of predictions was notably low when relying solely on 

vegetation indices, individual texture metrics, or texture indices. Nevertheless, substantial 

enhancements in accuracy were realized when VIs and texture metrics were combined. The 

highest accuracy for LNC (RMSE = 1.80 g kg-1 and RRMSE = 2.93%) was obtained using 

SVM model at V4 growth stage with VIs combination. For the R5 stage the VIs combination 

also showed the greatest accuracy (RMSE = 2.79 g kg-1 and RRMSE = 5.20%). The R7 and 

entire growth stages better predicted LNC using the combination of VIs and texture metrics 

showing RMSE values of 3.42 and 3.96 g kg-1, RRMSE values of 7.40 and 7.33%, 

respectively. 
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 In the computation of texture metrics, it's advisable to employ the across-row 

directions (D3 and D4) when dealing with row-planted crops, rather than the default diagonal 

direction (D2), as they deliver superior performance. These discoveries can be valuable as 

guidelines for formulating suitable texture indices using multispectral UAV imagery for 

monitoring N nutrition. This research offers fresh perspectives on amplifying the N-related 

signals extracted from common beans canopies by incorporating textural data alongside 

conventional vegetation indices. This approach exhibits significant potential for accurately 

assessing and developing more effective strategies for advanced crop nutrient in-season 

management. 
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5 CONSIDERAÇÕES FINAIS 

 
 

O primeiro capítulo desta tese traz resultados importantes quanto à quantidade 

de pesquisas que vem sendo feitas com RPAS no monitoramento em tempo real do 

nitrogênio (N) nas principais culturas agrícolas. Apesar do progresso considerável, ainda 

existem muitas lacunas no uso de RPAS/drones em culturas agrícolas. Muitos estudos não 

utilizam os mesmos índices de vegetação (IVs) para analisar uma característica específica 

da planta e/ou estágio fenológico. Além disso, numerosos estudos forneceram métricas (R² 

e/ou RMSE) da relação entre característica da planta e índice de vegetação, mas muitas vezes 

omitiram os dados correspondentes, restringindo o uso futuro desses estudos. Estágio 

fenológico diferente apresentará condições variadas, o que indica a necessidade de relatar 

adequadamente a fenologia da cultura e as condições ambientais (sequeiro vs. irrigado) ao 

correlacionar uma variável de planta (produtividade, conteúdo de nitrogênio foliar etc.) com 

quaisquer IV. 

Atualizações futuras do conjunto de dados do capítulo 1 poderão incluir estudos 

recentemente publicados e dados anteriormente indisponíveis (com potencial para mais 

contribuições de diferentes autores). O objetivo é expandir continuamente o conjunto de 

dados para incentivar a colaboração, a ciência aberta e a inclusão de mais dados para 

estimativas mais abrangentes das características das culturas e possível utilização dos dados 

para tomada de decisão em qualquer lugar do mundo. 

O capítulo 2 mostrou que os IVs baseados no comprimento de onda da banda 

verde (GNDVI e GN, por exemplo) foram os melhores para prever a dose de N no milho. 

Os IVs relativos não melhoraram significativamente a predição da dose de N em V5, o que 

traz um grande benefício, pois não necessita utilizar áreas de referência para tomada de 

decisão no manejo da adubação nitrogenada no milho. 

O uso do conteúdo de N foliar é mais vantajoso em relação ao método da dose 

de N, uma vez que exigiu menor aporte de N aplicado no estádio V5 do milho neste estudo. 
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Além disso, usar modelos de platô linear e platô quadrático mostrados no método de 

conteúdo de N foliar trazem confiabilidade tanto nos casos de estimativa de dose de N quanto 

de produtividade. A vantagem de incorporar uma relação platô linear neste contexto é que 

ela permite uma representação mais realista da relação entre IVs e conteúdo de N foliar. 

Mesmo que a refletância estime com precisão a necessidade de N no momento da medição 

da refletância, as condições futuras poderão alterar a oferta ou demanda de N. 

Conduzir experimentos antes de utilizar índices de vegetação para prever N no 

milho é crucial porque os pesquisadores/consultores podem avaliar o desempenho desses 

índices em relação às necessidades reais de N e à resposta da cultura. Além disso, esses 

modelos preditivos precisam ser validados sob condições locais e variedades de milho 

específicas para garantir sua precisão e confiabilidade. 

O capítulo 3 descobriu que utilizando modelos preditivos baseados em Random 

Forest (RF) ou Support Vector Machine (SVM) combinando IVs e métricas de textura, 

geraram-se mapas de distribuição representando o conteúdo de N foliar do feijão no estágio 

V4, oferecendo orientação valiosa aos agricultores para a aplicação de N em taxa variável, 

uma vez que esta fase é onde a maioria dos produtores aplicam N em cobertura. Índices 

como GSAVI, MCARI, DVI e refletância do comprimento do verde compuseram os índices 

mais importantes para estimar conteúdo de N foliar usando modelos SVM e RF. 

No cálculo de métricas de textura, é aconselhável empregar as direções 

transversais (90º e 135º) às fileiras ao lidar com culturas plantadas em linha, em vez da 

direção diagonal padrão (45º), pois elas proporcionam desempenho superior. 

Integrando dados de RPAS com sistemas de aplicação de taxa variável em 

tratores e implementos comerciais, os agricultores podem ajustar dinamicamente as taxas de 

fertilizantes com base nas necessidades das culturas em tempo real, levando a uma 

otimização de recursos, redução do impacto ambiental e maior rentabilidade. A colaboração 

entre pesquisadores, desenvolvedores de tecnologia e agricultores é essencial para avançar 

na implementação, calibração e validação de detecção baseada em RPAS, abrindo caminho 

para um futuro mais eficiente e sustentável de gerenciamento de precisão do N. 
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