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This study investigates the effectiveness of high-throughput phenotyping (HTP) using RGB images 
from unmanned aerial vehicles (UAVs) to assess vegetation indices (VIs) in different soybean pure 
lines. The VIs were accessed at various stages of crop development and correlated with agronomic 
performance traits. The field research was conducted in the experimental area of the Mato Grosso do 
Sul Foundation, Brazil, with 60 soybean pure lines. RGB images were captured at multiple stages of 
development (28, 37, 49, 70, 86, 105, 115, and 120 days after sowing). We used a linear mixed effects 
model, with restricted maximum likelihood (REML)/best linear unbiased prediction (BLUP) methods, 
to estimate variance components and genetic correlations, and to predict genotypic values. Significant 
genetic differences were identified among genotypes for all agronomic traits evaluated (p< 0.001), 
with high accuracy and heritability for plant height, maturity at R8, and 100-seed weight. There was 
a significant genotype × flight data interaction impact on VI expression, emphasizing the importance 
of timing data collection to enhance HTP with VIs in agronomic performance evaluation. In the early 
stages, the indices varied depending on the environment. On the other hand, the indices showed 
higher correlations with the traits of plant height and maturity at the R8 stage, at 105, 115, and 120 
days after sowing. HTP with VIs based on RGB images from UAVs has proven to be more effective in 
the early and final stages of soybean development, providing essential information for the selection of 
superior genotypes. This study highlights the importance of the temporal approach in HTP, optimizing 
the selection of soybean genotypes and refining agricultural management strategies.

Soybean [Glycine max (L.) Merril] is one of the most important crops globally, and Brazil is its largest producer1. 
This market dominance is a direct result of advances in genetic improvement that have increased the productive 
efficiency of cultivated varieties2,3. In turn, high-throughput phenotyping (HTP) in soybean cultivation is 
complex due to genetic diversity and varied plant responses to different environmental conditions4. This raises 
associated costs, limiting the efficiency and precision of genetic analyses. In this regard, HTP enables rapid 
and detailed analysis of physical and biological plant characteristics, contributing to more precise and efficient 
breeding strategies5,6.

The combination of optical sensors coupled with unmanned aerial vehicles (UAVs) and robust data analysis 
is driving the field of HTP7,8. The integration of these tools enables the collection of data on a large scale and 
with high precision, allowing for the rapid identification of vital plant characteristics such as health, growth, 
and response to environmental stresses. This approach has been applied in various crops, with digital cameras 
standing out due to their wide applicability and ease of integration with plant phenotyping platforms6,8. Digital 
cameras capture images using the three primary color channels - red, green, and blue (RGB), allowing for 
detailed analysis of plant visual characteristics9.

Vegetation indices (VIs) are quantitative parameters derived from the combination and analysis of RGB 
color channel intensities reflected by plants, such as RGVB - Red green blue vegetation index, GLI - Green Leaf 
index, and NGR - Normalized green-red vegetation index10,11. These indices provide information about plant 
health and vigor, as well as serving as sensitive indicators of characteristics such as biomass, water stress, and 
photosynthetic efficiency12. In the context of genetic improvement, the use of these indices allows for a non-
invasive and large-scale assessment of crop phenotypic characteristics. This enables the rapid identification of 
superior lines and the selection of desirable traits with greater precision and efficiency4,11.
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Temporal analysis of VIs can reveal patterns of plant growth and development, allowing researchers to 
better understand genotypic responses to different environmental conditions9,13. In turn, mixed models 
allow for more precise analysis of genotypic effects and genotype × stages of crop development, crucial in the 
context of genetic, climatic, and management variations. Mixed models offer a more suitable robust structure 
for decomposing variability because they consider both fixed and random effects. The application of mixed 
models using the restricted maximum likelihood (REML) method in estimating BLUPs (Best Linear Unbiased 
Predictors) is particularly valuable for isolating genetic effects, allowing for more accurate correlations between 
VIs and agronomic traits14. Evaluating a target population of genotypes using multi-environment trials allows 
for the measuring of genotype-by-environment (G × E) interaction. When explored, this interaction reveals the 
adaptability of genotypes. In cases of crossover interaction, it can alter the performance of selection candidates15. 
Additionally, assessing genotype × flight date interaction is essential for reliable selection, especially when 
combined with HTP. Therefore, the aims of this study were: to evaluate the effectiveness of VIs in phenotyping 
pure soybean lines using RGB images captured by a UAV at different developmental stages of the crop; to 
correlate these VIs with agronomic performance traits.

Methods
Plant material
The soybean dataset comprises four conventional soybean pure lines, nine Roundup Ready technology cultivars, 
and forty-seven genotypes of INTACTA RR2 PRO technology (Supplementary Table 1). The maturity groups of 
the genotypes ranged between 6.0 and 7.5. Data were collected throughout the 2020/2021 growing season. The 
study was conducted in the soybean breeding experimental area at the Mato Grosso do Sul Foundation Research 
Unit on Alegria Farm (latitude 21° 38’ S, longitude 55° 06’ W, and altitude 360 m) in Maracaju, a city in the state 
of Mato Grosso do Sul, Brazil.

Experimental design and growing conditions
Pure lines were evaluated in three experimental areas, located contiguously in the same Research Unit. Each 
area was implemented at different dates. We incorporated the sowing date as an environmental variation 
effect, facilitating a joint analysis of trials across different planting times. Henceforth, we will call this effect an 
“environment” (sowing dates - SD1, SD2, and SD3). The trials had a complete randomized block design with 
three replications. Soybean sowing was done using direct seeding with a vacuum seed distribution system, in 
plots of 5 rows of 12 m, with 0.5 m between rows, and an area of 30 m². The useful plot area was formed by the 
three central rows of 11 m, discarding 0.5 m at both ends.

The seeds were treated with Standak Top at a dose of 2 ml kg-1 and with liquid inoculant via the stalk - 
Bradyrhizobium + Azospirillum (1 dose - providing at least 1.2 million cells per seed, according to the 
manufacturer). Maintenance fertilization was performed with 330 kg ha-1 of NPK (02-20-20). The soil cover 
was maintained with corn and Brachiaria straw. Foliar fertilization was performed at stages V4, R1, R3, and 
R4/R5, as detailed in the supplementary material (Supplementary Table 2). Fungal control was carried out in 
four applications, with the following fungicides: 1st application - propiconazole + difenoconazole (0.15 L ha-1 
a.i.); 2nd application - trifloxystrobin + prothioconazole (0.4 L ha-1 a.i.); 3rd application - epoxiconazole + 
fluxapyroxad + pyraclostrobin (0.80 L ha-1 a.i.); and, 4th application - trifloxystrobin + ciproconazole (0.2 L ha-1 
a.i.) + mancozeb (1.5 kg a.i.). Weed and pest control were carried out following recommendations for the region.

Agronomic traits
The evaluations were carried out in the physiological maturity stage (R8), when there is a maximum accumulation 
of dry matter in the grains (fully mature grains). Lodging (LDG) was assessed using a rating scale of 1 to 5, 
where 1—indicates all plants erect, 2—up to 25% of plants lodged, 3—26 to 50% of plants lodged, 4—51 to 
80% of plants lodged, and 5—above 81% of plants lodged. Plants were considered lodged when they had an 
inclination angle of 45° or higher. Plant height (PH) was measured from the soil surface to the apical end of the 
main stem, using a tape measure, at three randomly selected points in the plot, and the results were expressed in 
cm. Maturity at R8 was assessed as the number of days from emergence to stage R8, which corresponds to full 
soybean maturation, expressed in days. Hundred-seed weight (100-SW) was evaluated by direct weighing on a 
precision balance. The seed yield (SY) was determined by weighing the harvested useful area (15 m2 of each plot) 
and then converted to kilograms per hectare, standardized to a moisture content of 13%.

High-throughput phenotyping analysis
The canopy development of soybean pure lines was monitored using digital images obtained from overflights, 
using a Drone (DJI Phantom 4) equipped with its own camera (RGB) with 20 megapixels. At the beginning of 
sowing, plots and ground control points (GCPs) were marked in the form of an X (white) placed throughout 
the study area. The coordinates of each control point were obtained by GNSS-RTK receiver (Global Navigation 
Satellite System-Real Time Kinematic) and were used to generate the orthomosaic from the images captured by 
the ARP at each sowing time (Fig. 1).

The flights were autonomously conducted with a plan created in the Dronedeploy® application and began 
from seedling emergence until harvest, 28, 37, 49, 70, 86, 105, 115, and 120 days after sowing (DAS). One flight 
per day was conducted, lasting between 15 and 25 minutes, at an altitude of 50 m and a speed of 3 m/s, with 
a 1 cm pixel size for greater image precision. The images were captured with a lateral overlap of 80% and a 
frontal overlap of 75% for the construction of the final orthomosaic. UAV flights were conducted under stable 
environmental conditions on calm, clear days within specific flight windows to ensure data consistency. A single 
flight capturing multiple images per phenotyping session was performed to enhance image quality and overlap. 
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The weather parameters (temperature, humidity, and wind speed) were continuously recorded throughout the 
growing season.

Image processing was performed using Agisoft MetaShape software (version 1.5.3, Agisoft LLC, St. Petersburg, 
Russia), where orthomosaics for each date were generated to obtain vegetation indices. The extraction of spectral 
variable values was performed using Quantum GIS v.3.10.14 software (QGIS Development Team, Open Source 
Geospatial Foundation). Colorimetric indices based on the RGB wavelength spectrum were considered. The 
aerial images captured were analyzed using the R program, utilizing functions from the FieldImageR package12 
to estimate the vegetation indices detailed in Table 1.

Statistical analysis
All statistical procedures are based on the restricted maximum likelihood (REML) test16 for estimating variance 
components; and on the best linear unbiased prediction (BLUP) method for predicting genotypic values17. We 
used two different models for traits and indices. For trait, the following multi-environment model was fitted:

	 y = Xb + Zg + ε� (1)

where y  is the vector of phenotypic observations; b is the vector of fixed effects (intercept, environment and 
repetitions); g is the random effect of genotype nested within environments, modelled using a compound 

Vegetation indices Equation References

Red – –

Green – –

Blue – –

Red green blue vegetation index RGVB = GREEN2−BLUE×RED
GREEN2+BLUE×RED

9

Excess green vegetation index E × G = 2 × GREEN − RED − BLUE 28

Excess red vegetation index E × R = 1.4 × RED − GREEN 29

Excess blue vegetation index E × B = 1.4 × BLUE − GREEN 30

Green leaf index GLI = 2×GREEN−RED−BLUE
2×GREEN+RED+BLUE

23

Normalized green-red vegetation index NGR = GREEN−RED
GREEN+RED

31

Visible atmospherically resistant index VARI = GREEN−RED
GREEN+RED−BLUE

32

Vegetative VEG = GREEN
REDα·BLUE(1−α) , α = 0.667 33

Blue green pigment index BGI = BLUE
GREEN

34

Table 1.  Vegetation indices evaluated from images captured by UAVs in overflights at different populations of 
soybean cultivars.

 

Figure 1.  Schematic representation of high-throughput phenotyping study in soybean genotypes. The 
experimental area with flight plan, orthomosaic generated after sowing, software used for extraction of spectral 
variable values and some vegetation indices, and the correlation between vegetation indices and agronomic 
traits are depicted.
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symmetry correlation structure (g ∼ N(0, σ2
gΦ ⊗ IV , where Φ is a matrix with ones in the diagonal 

and a uniform correlation ρ in the off-diagonals, and V is the number of genotypes). and ε is the vector of 
residual effects, modelled using a block-diagonal structure (ε ∼ N(0, ⊕M

p σ2
εp

IN ), where M is the number of 
environments [p = 1, 2, . . . , M ], N is the number of plots per environment, and ⊕ is the direct sum symbol).

Following, we fitted a multi-environment repeated measures model for the indices’ data:

	 y = Xb + Z1g + Z2ge + Z2gd(e) + ε� (2)

where y is the vector of phenotypic observations, b is the vector of fixed effects (intercept, environment, flight date 
nested within environment, and repetitions nested within date and environment), g is the random main effects 
of genotypes (g ∼ N(0, σ2

gI)), ge is the vector of genotype × environment interaction effect (gd ∼ N(0, σ2
geI)

), gd(e) is the vector of genotype × flight date interaction, nested within environments (gd ∼ N(0, σ2
gd(e)I)

), and ε is the vector of residual effects, modelled using a block-diagonal structure between environments, and 
a heterogeneous first-order autoregressive structure between flight dates. From this model, the BLUPs were 
obtained within each flight date (i.e., g + ge + gd(e)).

With the BLUPs of traits and indices, we computed the correlation between them, within environments and flight 
dates (different days after sowing). We also performed the likelihood ratio test (LRT) to detect the significance 
of the genotypic variation. The LRT statistic was estimated as follows:

	 LRT = −2(LogLr − LogLc)� (3)

where Lr  is the maximum point of the likelihood function of the reduced model, and Lc is the maximum point 
of the likelihood function of the complete model. The result of this equation was compared with values from the 
chi-square distribution, with degrees of freedom equal to 1.

Finally, we estimated the heritabilities at the plot level were estimated as follows:

	

H2 =
σ2

g

σ2
g + σ2

ge

M
+

σ2
gd(e)

M×D
+

σ2
εp

B

� (4)

where D and B are the number of flight dates and blocks, respectively.

Ethical statement
The plant species used here is a cultivated plant (G. max L.), and the genotypes employed were provided by the 
Mato Grosso do Sul Foundation (Fundação MS), located in the state of Mato Grosso do Sul, Brazil. We confirm 
that we have complied with all the necessary regulations for this type of research.

Results
The results revealed significant differences (p < 0.001) by the LRT test for all evaluated agronomic traits, as 
indicated in Table 2. The boxplots display the distribution of traits in soybean genotypes, including R8, PH, 
LDG, 100-SW, and SY. R8 and PH show medians of 110 and 130, respectively, with greater variability in height. 
In contrast, 100-SW and SY have medians of 16.5 and 4300, respectively, with low variability, indicating higher 
consistency. These results suggest that 100-SW and SY are reliable for selection, while the variability in PH and 
LDG should be monitored to improve plant uniformity (Fig. 2).

The genetic variance was notably higher for SY and PH, with values of 51,800 and 131.36, respectively (Table 
3). Genetic accuracy estimates exceeded 0.9 for R8 and PH across all three trials, indicating strong reliability for 
selection based on these traits. Additionally, high experimental precision was observed across the experiments, 
with values ranging from 0.008 (R8-SD1) to 0.39 (LDG-SD1). These findings highlight the importance of these 
parameters for these traits, providing a solid foundation for effective breeding strategies.

Trait LRT p-valor

R8 maturation stage 350.67 < 0.001
Height 257.54 < 0.001
Lodging 49.256 < 0.001
100 seed weight 69.157 < 0.001
Seed yield 62.761 < 0.001

Table 2.  Genotypic effect on agronomic traits of soybean genotypes through the likelihood ratio test (LRT).
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All vegetation indices showed significant differences for the genotype effect, as indicated by the LRT test 
(p < 0.001), revealing genetic variability (Table 4). The genotype × environment (G×E) interaction was not 
significant; however, there was a significant statistical difference (p < 0.001) for the genotype × flight data (G×
GD) interaction, indicating that genotypes exhibited distinct behaviors across different flight periods.

The genetic variance component ranged from 0.000149 (BGI) to 17.1 (RED), with indices like E×G, E×
B, RED, GREEN, and BLUE showing higher values (Table 5). These indices also exhibited significant G×GD 
interaction, indicating that their responses vary significantly between flight datas, further emphasizing their 
environmental sensitivity and potential for selective breeding or environmental adaptation studies.

The Table 6 presents the correlations (ρ) across different environments (SD1, SD2, and SD3) for various 
vegetation indices, indicating the degree of association between index measurements in each environment and 
reflecting each index stability or sensitivity to environmental variations. For instance, the BGI index shows 
a positive correlation in SD1 (0.313) but a strong negative correlation in SD2 (−6.96), suggesting that this 
indexâ€™s responses are highly influenced by the specific conditions of SD2. In contrast, correlations close to 
zero, such as the BLUE index in SD2 (0.0011), indicate minimal association in that particular environment. 
These results indicate that the interaction between genotypes and flight data in a multi-environment context 
highlights which indices are more stable across environments and which respond differently. This provides 
valuable insights into the robustness of each vegetation index under varying environmental conditions.

Heritability ranged from 0.5 (SD1 - SY) to 0.9 (SD1 - R8), indicating that the phenotype reflects the genotype 
well (Fig. 3a). For vegetation indices, heritability varied according to the environment and flight data. At 49 DAS, 
heritability showed low values, unlike at 105 DAS, where higher values were observed (Fig. 3b). The correlation 
between vegetation indices varied depending on the date of sowing in the different trials. In environment SD1, at 
37, 105, 115, and 120 DAS, high correlations were observed, ranging from negative to positive for PH and R8. In 
environment SD2, at 28 DAS, these traits also showed higher correlations, as well as at 115 days. In environment 
SD3, at 115 and 120 days, the strongest correlations with the vegetation indices were recorded (Fig. 4).

Discussion
All agronomic traits studied in soybeans showed genetic variability. Additionally, the indices E×G, E×B, RED, 
GREEN, and BLUE, also showed strong genetic influence and differentiated temporal influence on the studied 

Figure 2.  Boxplot representation of the distribution of lodging (LDG), plant height (PH), R8 maturation stage 
(R8), 100-seed weight (100-SW), and seed yield (SY) in soybean genotypes. See the caption of Fig. 2.

 

Scientific Reports |        (2024) 14:32055 5| https://doi.org/10.1038/s41598-024-83807-4

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


genotypes. These results are aligned with previous studies highlighting a wide genetic diversity underlying 
complex agronomic traits in soybeans18. Genetic diversity in soybean germplasm from different geographical 
regions, such as China, Brazil, and Japan, and in wild soybean populations, has been well documented18–21. 
Particularly in Brazil, the genetic diversity of soybeans may be associated in part with plant adaptation to 
Brazilian environments20. Most of the important agronomic traits result from various genetic, molecular, and 
physiological mechanisms that affect the trait of interest, directly or indirectly through other intermediate 

Vegetation indices Genotype Genotype x environment Genotype x flight data interaction

BGI 21.368∗∗∗ −0.0005ns 1031.5∗∗∗

E X G 39.424∗∗∗ −1.587e−05ns 855.13∗∗∗

E X B 34.346∗∗∗ −2.2162e−05ns 1021.8∗∗∗

GLI 55.46∗∗∗ −0.0024771ns 645.48∗∗∗

NGR 38.148∗∗∗ −0.0054905ns 554.43∗∗∗

RGVB 33.138∗∗∗ −0.0018515ns 666.99∗∗∗

VARI 48.162∗∗∗ −0.0013473ns 780.37∗∗∗

VEG 31.262∗∗∗ −0.00022885ns 357.38∗∗∗

RED 64.364∗∗∗ 0.00031297ns 623.85∗∗∗

GREEN 73.863∗∗∗ −2.0217e−05ns 980.21∗∗∗

BLUE 37.03∗∗∗ −7.3809e−05ns 685.18∗∗∗

Table 4.  Effects of genotype, genotype × environment, and genotype × flight period interaction on various 
vegetation indices based on the likelihood ratio test (LRT). Significance levels: ∗∗∗ significant at p < 0.001, ns = 
not significant. See the caption of Table 1.

 

Trait Parameter SD1 SD2 SD3

R8 maturation stage

σ2
g 16.03

σ2
res

0.87 2.38 3.09

r̂ĝg 0.98 0.96 0.96

cv 0.008 0.014 0.016

Mean 114 106.45 105.25

Height

σ2
g 131.36

σ2
res

61.94 22.84 23.86

r̂ĝg 0.92 0.97 0.96

cv 0.06 0.04 0.04

Mean 120.98 113.41 114.98

Lodging

σ2
g 0.68

σ2
res

0.92 0.35 0.50

r̂ĝg 0.80 0.89 0.86

cv 0.39 0.28 0.033

Mean 2.45 2.07 2.12

100 Seed Weight

σ2
g 1.30

σ2
res

2.39 1.46 1.49

r̂ĝg 0.77 0.83 0.83

cv 0.09 0.07 0.07

Mean 16.31 15.57 16.21

Seed Yield

σ2
g 51,800

σ2
res

120,285 88,344 57,115

r̂ĝg 0.75 0.79 0.85

cv 0.07 0.06 0.05

Mean 4404.12 4318.09 4200.22

Table 3.  Estimates of variance components, genetic parameters, and means of agronomic traits for the 
evaluated soybean genotypes, where σ2

g  represents the homogeneous genotypic variance, σ2
res represents the 

residual variance, r̂ĝg  is the accuracy, and CV is the coefficient of variation, evaluated across the three sowing 
dates (SD1, SD2, and SD3).
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traits22. Therefore, the results on the genetic influence and The interaction between flight date and VI reinforces 
the importance of understanding genetic expression for genetic improvement.

The variation in VI across different flight dates (physiological stages) in soybean crops can be explained by 
the physiological and morphological changes that plants undergo throughout their development. As soybeans 
grow and develop, changes occur in leaf structure, chemical composition, and interaction with the environment, 
affecting how leaves reflect light and, consequently, causing changes in VI7,23. For example, in the early stages, 
lower leaf density may result in different light reflection patterns, impacting indices such as E×G and GLI, which 
are sensitive to the green color6. As the plant develops and leaf density increases, changes in light absorption and 
reflection can be captured by indices such as Red and Green. Therefore, variations during plant physiological 
maturity can influence VI such as NGR and RGVB, which are indicative of vegetative vigor and maturity9,24.

Heritability and accuracy are fundamental parameters in quantitative genetics and genetic improvement. 
While heritability indicates the proportion of the phenotypic variance of a trait attributable to genetic variance25, 
accuracy reflects the precision with which true genetic values are estimated11. Therefore, high heritability 
coupled with high accuracy suggests potential for success in genetic selection and improvement of specific traits 
in a population.

In this research, the agronomic traits that showed higher heritability and accuracy were PH, R8, and 100-
SW. Previous studies have also highlighted the importance of these traits in the context of soybean breeding, 
emphasizing their relevance to cultivar productivity and adaptability25,26. In turn, the vegetation indices (VI) 
with higher heritability were RED, GREEN, and GLI. Together, these results allow us to conclude that these traits 
are promising for genetic breeding programs in soybeans. The high accuracy of these traits enables the selection 
of genotypes with superior performance, contributing to the development of soybean varieties with higher 
productivity and quality. Therefore, focusing on improving these specific indices can lead to the development of 
lines with desirable phenotypic characteristics.

The correlation analysis between vegetation indices and agronomic traits, such as R8, SY and 100-SW, has 
provided valuable information on genetic and environmental influence on the expression of these traits4. In 
this work, PH and R8 were the agronomic traits most strongly correlated with the VI. PH is a key indicator 
of vegetative vigor and potential yield26. In turn, R8 maturity, which corresponds to the number of days from 

Vegetation indices SD1 SD2 SD3

BGI 0.313 −6.96 0.299

E × G 0.248 −0.091 0.100

E × B 0.177 −0.055 0.323

GLI 0.394 −0.005 0.208

NGR 0.443 −0.024 0.331

RGVB 0.355 0.003 0.135

VARI 0.518 −0.080 0.420

VEG 0.440 0.007 0.138

RED 0.379 0.097 0.479

GREEN 0.193 0.029 0.306

BLUE 0.461 0.001 0.492

Table 6.  Correlations (ρ) of vegetation indices across sowing dates SD1, SD2, and SD3.

 

Vegetation indices σ2
g σ2

gxe σ2
gxgd Mean

BGI 0.000149 0.00000000443 0.00155 0.574

E×G 16.7 0.00000691 126 58.190

E×B 9.77 0.00000596 73.3 −15.367
GLI 0.000203 0.00000000969 0.000986 0.140

NGR 0.000187 0.0000000306 0.00134 0.061

RGVB 0.000516 0.0000000452 0.00364 0.382

VARI 0.000306 0.00000000824 0.00145 0.195

VEG 0.000903 0.00000000864 0.00738 1.357

RED 17.1 0.00000363 58.2 112.040

GREEN 10.4 0.00000281 35.3 125.683

BLUE 4.53 0.00000693 20.3 75.590

Table 5.  Estimates of variance components, genetic parameters, and mean values of vegetation indices for 
soybean genotypes, derived from RGB images captured by drones. Here, σ2

g  represents the genotypic variance, 
σ2

gxe denotes the variance of the genotype × environment interaction, σ2
gxgd is the variance of the genotype × 

flight datas interaction, and the final column shows the mean values of each vegetation index.
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emergence to full plant maturity, influences plant phenology, harvest yield, and seed quality, becoming a 
fundamental characteristic for optimizing productivity in genetic breeding programs12. Thus, the correlations 
of these traits with the VI indicate that the indices are non-destructive, rapid, and efficient tools for monitoring 
the development of soybean varieties, allowing for more precise agronomic interventions and the enhancement 
of selection and genetic breeding strategies. The application of VI in HTP of soybeans has been widely explored, 
with studies using regression models to predict the relative maturity of soybean lines based on VI derived from 
UAV images4,6,12. In addition to the correlations with PH and R8 recorded in this work, correlation models 
between plant morphological characteristics and VI have shown potential to assess vegetation cover, nutritional 
status, vigor, growth, and crop productivity in other studies12.

The highest values of significant correlations between the BLUPs of the VI and the BLUPs of the agronomic 
traits in the early stages of development can be interpreted as a reflection of the initial growth dynamics of the 
different soybean varieties, where the spectral colors captured by RGB images change significantly as the plants 
develop9,23. This pattern changed during the intermediate stages of development, between 49 and 86 DAS, when 
significant correlations were limited to the RED index. Probably, the plants of all varieties had reached the 
maximum stand of vegetative development, with few variations in agronomic traits and in VI among varieties 
and a lower relationship between the traits. In the final stages of plant development, a larger number of VI again 
showed significant correlations with agronomic traits. This result can be interpreted as a plant response to the 
maturation phase, where physiological and morphological changes, such as changes in leaf and pod density and 
coloration, can influence spectral reflection, especially in the RED range captured by RGB images24.

Taken together, the correlation results highlight the relevance of VI, obtained from UAV RGB images, as 
potential tools for monitoring the development and maturation of soybean cultivars, similar to the results 
obtained by other authors4,12,25. There is a robust association between plant height and indices that capture green 

Figure 3.  (a) Heritability estimates for the five evaluated traits across three soybean trials; (b) heritability 
estimates for vegetation indices across different sowing dates and flight data.
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color intensity, possibly reflecting a period of vigorous growth and intense leaf development. The variations 
in correlations observed throughout the crop cycle suggest that different indices may be more suitable for 
monitoring different stages of plant development. This understanding can contribute to the improvement of 
agricultural management strategies and cultivar selection, as well as provide valuable information for future 
research in the field of HTP.

The findings of this research also suggest that phenological changes associated with soybean maturation 
are strongly related to the GREEN and RED spectral characteristics of plants, captured in indices such as Red 
or RGVB, NGR, GLI, and E×G. These results indicate a complex interaction between soybean maturation and 
VI, potentially reflecting leaf senescence dynamics and changes in plant chemical composition that affect light 
reflection in the spectral bands captured24. However, the results suggest a limited influence of VI in predicting 
plant lodging and productivity under the studied conditions.

The effect of the interaction G×GD, evaluated using mixed linear models, allowed us to understand the 
temporal variation in VIs at different stages of crop development. This component provides valuable insights 
into how specific VIs respond to environmental and developmental factors at distinct growth stages. Our 
findings demonstrate that VIs such as RGVB, NGR, and GLI showed greater efficacy during early vegetative and 
maturity phases, while other indices, such as RED, exhibited different correlation patterns. Upon reconsidering 
this analysis, we can better distinguish the ideal stages for UAV-based HTP data collection, ensuring that the 
selection of superior genotypes is more precise and effective. These results emphasize the importance of adapting 
UAV flights to specific crop growth periods to maximize the predictive power of VIs for agronomic traits27.

Conclusions
The optimal timing for conducting HTP in soybeans, using IVs derived from RGB images captured with UAVs, 
occurs during the early stages of crop development (at 28 and 37 DAS) or during the late stages of development 
(from 105 to 120 DAS). These stages of crop development have shown the highest correlations between IVs 
and agronomic traits. These timings provide a window to capture critical information about plant growth and 
maturation. However, the effect of the interaction between genotypes and flight data should be evaluated in 
order to be more reliability in the selection.

The agronomic traits most strongly correlated with IVs are R8 maturity and plant height. The variations in 
correlations over time emphasize the importance of a temporal approach in the application of IVs for agronomic 

Figure 4.  Correlation map of the BLUPs of vegetation indices, obtained through mixed models from RGB 
image data captured using drones, with the BLUPs of agronomic traits in soybean cultivars across all three 
trials. See the caption of Fig. 2.
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performance analysis. The selection of specific indices and the plant development stage at the time of data 
collection are essential to maximize the utility of the collected information for soybean crop management. The 
results presented here demonstrate the potential of RGB images captured by UAVs as a practical and efficient 
approach for evaluating phenotypic characteristics on a large scale, providing a solid foundation for future 
research and practical applications in crop improvement and management.

Data availibility
The dataset used and/or analysed during the current study is available from the corresponding author upon 
reasonable request.
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