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Abstract: The advancement of technology associated with the field, especially the use of unmanned
aerial vehicles (UAV) coupled with multispectral cameras, allows us to monitor the condition of
crops in real time and contribute to the field of machine learning. The objective of this study was
to estimate both productivity and above-ground biomass (AGB) for the corn crop by applying
different vegetation indices (VIs) via high-resolution aerial imagery. Among the indices tested, strong
correlations were obtained between productivity and the normalized difference vegetation index
(NDVI) with a significance level of p < 0.05 (0.719), as well as for the normalized difference red edge
(NDRE), or green normalized difference vegetation index (GNDVI) with crop productivity (p < 0.01),
respectively 0.809 and 0.859. The AGB results align with those obtained previously; GNDVI and
NDRE showed high correlations, but now with a significance level of p < 0.05 (0.758 and 0.695).
Both GNDVI and NDRE indices showed coefficients of determination for productivity and AGB
estimation with 0.738 and 0.654, and 0.701 and 0.632, respectively. The use of the GNDVI and NDRE
indices shows excellent results for estimating productivity as well as AGB for the corn crop, both at
the spatial and numerical levels. The possibility of predicting crop productivity is an essential tool
for producers, since it allows them to make timely decisions to correct any deficit present in their
agricultural plots, and further contributes to AI integration for drone digital optimization.

Keywords: precision agriculture; NDRE; NDVI; GNDVI; modeling training; machine learning;
multispectral images; artificial intelligence

1. Introduction

The above-ground biomass (AGB) is the most used indicator related to crop production
since is considered the key trait in crop production estimation [1]. Donald and Hamblin [2]
state that when crop yields are analyzed, it is usually divided between biological and
economic aspects. According to Yue et al. [3], biological yield refers especially to the
organic matter content produced and accumulated by the crop during its growth cycle. At
the same time, the economic yield was referred to as grain production and corresponds
to the final quantity produced by a given crop. Battude et al. [4] and Jin et al. [5] contend
that the early and predictive monitoring of biomass production, as well as the yield of
grain production, is essential for management agencies since it enables the adjustments of
activities related to agricultural production.

Traditionally, the way to obtain the AGB consists of the use of destructive sampling
methods, involving the harvest, weight, and account of crop biomass [6]. This method is
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reliable and shows great results; however, it is time-consuming and impractical to use for
large field areas. The advent of remote sensing (RS) techniques has made it possible to
analyze large areas in shorter periods, compared to traditional techniques, thus reducing
the analysis costs and obtaining results almost in real time for the farmer. The applications
of RS can range from high throughput-yield phenotyping to the analysis of abiotic or biotic
stress incidence, which can limit crop growth [7].

The advances in the use of both, unmanned aerial vehicles (UAV) and
multi/hyperspectral cameras with increasingly smaller sizes and lower costs have made it
possible to obtain images covering given areas with a greater range of temporal and spatial
scales and much higher resolutions than those provided by satellite images. Sankaran
et al. [8] emphasized that UAVs can be used in environmental and agricultural studies, of-
fering many advantages such as low-cost acquisition, controlled flight speeds and altitudes,
and increasingly lower weight of the equipment.

The joint processing of satellite and UAV images makes it possible to obtain vegetation
indices (VIs), which are used in different works. VIs are mathematical combinations of
the reflectance in different spectral bands of the electromagnetic spectrum, which can be
indicators of photosynthetic activity and vegetation vigor [9]. Most VIs use wavelengths
referring to the red, red edge, and the near-infrared spectral [10], but there are other VIs
that still make use of wavelengths referring to the blue and green bands. The vegetation in
the field does not present the same spectral reflectance since it does not have homogeneous
development and growth. Once a certain VI is generated, it becomes possible to distinguish
and verify the higher and lower values of the pixels, according to the test sensitivity, which
allows for building estimation/prediction models of the imaged field surface and crops
held on it [11].

VIs have been increasingly used in scientific studies, since they are very easy to obtain
and especially because of their reliability concerning the results obtained. It is worth
mentioning some of their uses in different scientific studies, such as for estimating forest
biomass [12], predicting the biomass of crops [4,13], the determination of water stress in
crops [14,15], the determination of chlorophyll concentration in leaves [16], and measuring
nitrogen content [17], among other applications.

Madeira is an island region, characterized by mountain agriculture practiced in ter-
races, on average with less than one hectare [18]. Some factors limit the use of satellite
images in the region, such as the coarse spatial resolution of the images, since normally
the fields on the island are small and the nature of agriculture determines the mixture of
various crops in small areas; and secondly, optical remote sensing is virtually impossible
due to persistent cloud cover.

This agriculture, except for monocultures of vine and banana production, is majorly
low input pluricultural, whereas several crops coexist in the same field terrace. The high
agrodiversity is expressed in the use of local landraces and genetic resources in many
crop cultures [19]. In the present work, UAV imagery is applied to a maize field with
Santana landrace, one of the most traditional crops cultivated by local farmers [20,21]. The
development of this prediction model is important for future application in the assessment
of the maize production cycle, and determination of the abiotic or biotic constraints that
could result from climatic conditions.

This study presents for the first time an estimation of productivity and above-ground
biomass (AGB) for corn landrace production using different VIs from high-resolution aerial
UAV imagery.

2. Materials and Methods
2.1. Study Area

The present study was conducted at Quinta de São Roque (32◦39′37′′ N, 16◦55′15′′ W,
altitude 198 m) of the University of Madeira, Funchal—Portugal in 2022. The soil of the
study area is classified as Chromic Cambisol, with a clayey texture. According to the
Köppen classification, the study area is classified as having a temperate climate with hot
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and dry summers (Csa), with average, maximum, and minimum temperatures of 18.5 ◦C,
26.4 ◦C, and 11.1 ◦C and average annual accumulated precipitation of approximately
653 mm.

2.2. Field Test

In the present study, 3 treatments were analyzed, where the control treatment (Con-
trol) consisted solely of corn planting without the use of any type of compost; the other
treatments used distinct dosages of organic compost, 10 kg m−2 (T1) and 5 kg m−2 (T2),
used to verify if they influence the productivity of the crop (Figure 1). A corn landrace,
Santana, was used in the field assay. The assay was set up under a random block design
in plots, with 1.60 × 2.50 m, inter-row, and spacing between plants of 30 cm and 25 cm,
respectively. An average of 60 seeds per treatment was used.
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Figure 1. Experimental design of the study area with different doses of organic compost.

One hundred and thirty (130) days after planting, the crop completed its production
cycle, and the plots were harvested and weighed individually. Total biomass production
was quantified by weighing all the material collected in each plot, while productivity was
quantified by weighing only the cobs in each plot. In the present study, no fertilizer was
applied beyond the initial dose of compost, no phytosanitary treatment was done on the
crop, and no irrigation was performed.

2.3. Vant Platform

A DJI Matrix 210 RTK V2 multirotor quadcopter was used for image acquisition,
through flights at 30 m above the field surface. The UAV was equipped with a gimbal,
mounting a Micasense Altum multispectral and thermal imager. It collects images in 5
spectral bands (blue, green, red edge, and near-infrared), along with the thermal LWIR, with
a size of only 8.2 cm × 6.7 cm × 6.45 cm and a weight of 407 g. The Altum multispectral
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camera can collect images with a ground sample distance (GSD) of 5.2 cm at a height of
120 m above ground, with a view field of 48 degrees × 37 degrees for the multispectral
channels.

2.4. Data Acquisition

A start flight mission (time 0) was performed before the corn sowing. Three flights
were performed over the corn canopy, during stages V8 (plants with 8 leaves), flowering
(R1), and before harvest (R6—physiological maturity, [22]). Details of each flight mission
are listed in Table 1.

Table 1. Flight mission details.

Flights Date Growth Stage
(DAS)

Wind
Speed
(km/h)

Images
Collected

Point Density
(pt/cm2)

GSD
(cm·pix−1)

1 10 February 2022 0 6.2 1648 0.176 1.06
2 18 April 2022 60 4.3 1710 0.121 1.44
3 18 May 2022 90 7.4 1332 0.16 1.25
4 27 June 2022 130 8.7 1176 0.185 1.16

Note: DAS: days after sowing; GSD: ground sample distance.

The flight missions were programmed and carried out in the proximity of solar noon to
avoid differences in the quality of the images with shading. The processing of the obtained
images was performed using Pix4D Mapper 4.6.4 (Pix4D, Prilly, Switzerland), a software
specifically designed to process UAV images using techniques based on computer vision
and photogrammetry.

2.5. Vegetation Indices Obtention via UAV

In this study, 5 VIs were used (Table 2). All indices and the processing of the produc-
tivity and AGB maps were performed using ArcGIS software version 10.6.1. Two analyses
were tested in the present study. The first consisted of obtaining the average values of the
VIs for the 9 study plots, obtained throughout the entire cycle of the crop; these data were
obtained for flights 2, 3, and 4. The second consisted of obtaining the average values of the
VIs for the 9 study plots; however, this used data only from flight 4, which was performed
before the crop harvest.

Table 2. Vegetation indices were used.

Index Formula Reference

Normalized Difference Vegetation
Index NDVI = (Nir − Red)

(Nir + Red)
[23]

Green Leaf Index GLI = (2 X Green − Red − Blue)
(2 X Green + Red + Blue)

[24]

Green Normalized Vegetation
Index GNDVI = (Nir − Green)

(Nir + Green)
[25]

Normalized Difference Red Edge NDRE = (Nir − Re)
(Nir + Re)

[26]

Normalized Green Red Difference Index NGRDI = (Green − Red)
(Green + Red)

[27]

Note: Blue—blue reflectance; Green—green reflectance; Red—red reflectance; Re—red edge reflectance;
Nir—near-infrared reflectance.

2.6. Statistical Analysis

The statistical analysis was performed using Jamovi computer software version 2.3.16
(The Jamovi project, [28]). Once obtained the VIs values, they were analyzed to verify the
normality or not of the obtained samples. The Shapiro–Wilk normality test was performed,
aiming to verify the normality of a random sample, i.e., whether it comes from a normal or
non-normal distribution Shapiro–Wilk, test. From this test, there was no evidence to reject
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the null hypothesis, and the values came from a normal distribution, with a significance of
1% probability.

The Pearson correlation coefficient (r) was used to evaluate the correlation between
productivity and AGB with VIs. The interpretation of Pearson’s correlation coefficient can
be obtained from its value, and the correlation is classified as very weak (0.00–0.19), weak
(0.20–0.39), moderate (0.40–0.69), strong (0.70–0.89), and very strong (0.90–1.00) [29].

The root means square error (RMSE) between observations and predictions was
used to evaluate the accuracy of productivity and AGB predicted by different models.
The correlations with the most relevant values were used in the development of linear
correlations between productivity and AGB VIs.

3. Results and Discussion
3.1. Effect of Organic Compost

The applied dosages of organic compost in the assays seem not to significantly influ-
ence the variation of productivity and AGB between the treatments (Table 3). Even though
the treatments did not present significant differences, the vegetation indices were checked
for the correlation between corn productivity and the AGB.

Table 3. Effects of organic compost dosages on the corn crop.

Treatments Productivity (t ha−1) Biomass (t ha−1)

Control 7.32 ± 3.74 a 67.78 ± 19.92 a
T1 10.96 ± 6.57 a 90.94 ± 25.36 a
T2 11.80 ± 6.12 a 96.19 ± 32.15 a

Note: Means followed by the same letter do not differ by the Scott–Knott test at a 5% probability level of error.
Average ± standard deviation.

3.2. Spectral Behavior of Tested VIs

With the average values of the five indices tested, it was possible to present the
evolution of their spectral behavior throughout the crop cycle (Figure 2). For all indices, it
was found that at 60 days after sowing, the highest values obtained were for treatment 1.
In the flowering period, it was found that the values for all indices increased considerably,
especially for the control and for treatment 2. At 130 days after sowing, it was found that
treatment 1, for all indices tested except for GNDVI, had the lowest values. In general, at the
end of the trial, the results for all treatments were very close, except for the GNDVI, which
showed a greater discrepancy between the values obtained by the other indices analyzed.
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3.3. Productivity and AGB Analysis via VIs

After running the samples through the Shapiro–Wilk normality test, they were found
to have a normal distribution. Once this was verified, the correlation matrix was obtained
using Pearson’s test (Table 4).

Table 4. Pearson’s correlation matrix between the study variables.

Productivity AGB NDVI GLI GNDVI NDRE NGRDI

1st analysis

Productivity —
AGB 0.911 *** —

NDVI 0.719 * 0.605 —
GLI 0.153 −0.054 0.666 —

GNDVI 0.859 ** 0.758 * 0.944 *** 0.544 —
NDRE 0.809 ** 0.695 * 0.936 *** 0.499 0.953 *** —
NGRDI 0.401 0.185 0.862 0.869 0.701 * 0.724 —

2nd
analysis

Productivity —
AGB 0.911 *** —

NDVI −0.399 −0.537 —
GLI −0.820 ** −0.841 ** 0.361 —

GNDVI 0.834 ** 0.701 * −0.073 −0.631 —
NDRE 0.400 0.305 0.459 −0.522 0.484 —
NGRDI −0.555 −0.666 0.636 0.650 −0.554 0.153 —

Note: correlation is significant when: * p < 0.05, ** p < 0.01, *** p < 0.001.

For the first analysis, strong positive correlations were obtained between productiv-
ity and normalized difference vegetation index (NDVI) (0.719) with a significance level
(p < 0.05); strong correlations were also obtained between normalized difference red edge
(NDRE, and green normalized vegetation index (GNDVI) with crop productivity (p < 0.01),
according to the classification proposed by Devore [29]. The same was observed regard-
ing AGB results, where NDRE (0.695) and GNDVI (0.758) showed the highest positive
correlations, with a significance level of p < 0.05, while NDVI does not show variation in
the significance level, concerning productivity analysis. Since the other analyzed indices
(green leaf index (GLI) and normalized green red difference index (NGRDI) did not show
significant correlations with productivity and biomass, they were eliminated from further
analyses for the first analysis.

Regarding the correlation analysis for the second analysis, it was found that the GLI
and GNDVI indices showed strong negative and positive correlations, respectively (−0.820
and 0.834) (p < 0.01) for productivity. For AGB, both indices showed strong correlations
again, with results equal to those obtained for productivity (−0.841 and 0.701). However,
the correlation of GNDVI with AGB was slightly lower with productivity (p < 0.05).

Detailing each analysis further, it was found that in the first analysis, both GNDVI and
NDRE were the indices that showed the better correlations (0.859 and 0.809, respectively)
with productivity. Our results differ greatly from other published works, where NDVI
represents the best indices for the estimation of crop productivity [30,31].

According to Gitelson and Merzlyak [32], the GNDVI replaces the red band with the
green band in comparison to the NDVI, showing greater sensitivity to the variations in
chlorophyll concentration. This replacement of bands favored the improvement in the
estimation processes. Zhou et al. [33] and Khosravirad et al. [34] stated that the use of
GNDVI is commonly adopted in productivity-related studies for sugarcane. Sankaran
et al. [35], analyzing biomass estimation in bean plantations in Othello, WA, USA, obtained
a good correlation between GNDVI and biomass, with a Pearson’s coefficient greater
than 0.52.

The results obtained in the present study agree with those obtained by Marques
Ramos et al. [36], in which they found that NDVI, GNDVI, and NDRE were the indices
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that showed a strong correlation with corn productivity. Similar results were also found by
Kayad et al. [37], Schwalbert et al. [38], and Peralta et al. [39].

Regarding the NDRE, Gitelson, and Merzlyak [32] explained that the red edge band
used by this index provides higher sensitivity in the estimation of productivity, because it
is linked with leaf chlorophyll content, allowing the high absorption of incident energy in
the leaf surface and at the same time avoiding the high degree of reflectance occurring in
the lower parts of the leaf internal structure. Zhang et al. [40] demonstrated the strong link
between leaf chlorophyll content and biomass, and that the prediction of maize productivity
using reflectance related to the red edge is not impeded by noise related to O2 and water
absorption. Taskos et al. [41] state that the red edge band can decrease the index saturation
found in crops with high canopy density, which easily occurs with the NDVI. Henriques
et al. [13], analyzing a VI’s series, concluded that NDVI, NDRE, and GNDVI showed a
strong correlation with maize production in Chapadão do Sul, Brazil. Again, results were
very similar to those obtained in the present work, in which NDVI was the VI with the
lowest correlation value of 0.83, compared to GNDVI (0.91) and NDRE (0.94).

Maresma et al. [42] and Vian et al. [43] reported that the corn yield can be estimated
using the NDVI vegetation index. The present study only in parts agrees with this, since
the use of the NDVI in the estimation of productivity and aboveground biomass shows
significant correlations at the level of p < 0.05. However, the coefficient of determination of
this index for productivity and aboveground biomass shows much lower results than those
obtained with GNDVI and NDRE, with stronger correlations (Table 5).

Table 5. Average corn productivity and biomass calculated via vegetation indices.

Analysis Equations R2 RMSE (t ha−1)

1st analysis

Productivity = −74.4 + 131.8X (GNDVI) 0.738 3.04
Productivity = −27 + 105.7X (NDRE) 0.654 3.50
Productivity = −66 + 100X (NDVI) 0.517 4.13
Biomass = −279 + 567X (GNDVI) 0.701 19

Productivity = −70.7 + 443.9X (NDRE) 0.632 20.9

2nd analysis

Productivity = 75.2− 187.1X (GLI) 0.673 3.40
Productivity = −159 + 261X (GNDVI2) 0.695 3.29

Biomass = 411− 937X (GLI) 0.708 15.7
Biomasss = −612 + 1074X(GNDVI2 ∗) 0.492 20.7

* GNDVI2 corresponds to the same equation as GNDVI, the number 2 was added just to differentiate the first
from the second analysis.

3.4. Estimation of Productivity and AGB via VIs

Linear equations allowing the estimation of productivity and AGB were generated
using the values of the selected VIs (Table 5). The estimation of corn productivity for
the first analysis, using GNDVI and NDRE, allowed us to obtain an equation with
high values of determination coefficients (R2) of 0.738 and 0.654, respectively. At the
same time, the value of R2 obtained for NDVI reaches only 0.517, relatively much
lower than the other VIs. For ABG, the indices that obtained the highest values for
the coefficient of determination were again the GNDVI and NDRE, with values of R2

0.701 and 0.632, respectively. The AGB estimations values obtained were relatively
higher than those found for productivity. The GNDVI was considered the most relevant
index for the present study since it presented the highest values for the coefficient
of determination, both for the estimation of corn productivity and biomass. For the
second analysis, the results show that for the yield estimation, the GNDVI obtained
a coefficient of determination slightly higher than the GLI (0.695 and 0.673); however,
when the AGB was analyzed, the results were inverted, and the GLI presented results
much higher than the GNDVI (0.708 and 0.492, respectively). Henriques et al. [13]
obtained similar results for R2 for the GNDVI index in their study (0.71) also analyzing
the corn crop; however, Kayad et al. [37] obtained much lower results for GNDVI ×
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productivity in 3 cycles of the corn crop in Northern Italy; it should be noted that
they used images coming from Sentinel-2. Wahab et al. [44], using GNDVI derived
from UAV images, stated that the index works very well in estimating the maize vigor
and yield for small farms; this statement corroborates with our results. Rahman and
Robson [45], analyzing the productivity estimation of sugarcane, obtained valid results
with GNDVI, obtaining a linear relationship between the index and crop productivity,
with values of R2 = 0.69 and RMSE = 4.2 t ha−1. Regarding the NDRE when compared
with the NDVI, according to Taskos et al. [41], thanks to the red-edge band used by the
second index, it becomes less susceptible to the index of saturation. This is the most
acceptable statement when comparing different VIs. According to Li et al. [46], the use
of a vegetation index that makes use of the red-edge band favors deeper penetration
into the crop canopy, besides being highly sensitive in determining the leaf chlorophyll
content present which shows strong correlations with biomass and productivity [32].
Several works claim that the NDRE presents better results compared to other Vis for
estimating crop productivity. Duan et al. [47] estimate the productivity of rice crops,
obtaining a value for the coefficient of determination of 0.67, as well as a correlation
value of 0.73 for the index with crop productivity. Cordero et al. [48] also analyzed
rice fields under different fertilizations and concluded that the NDRE was the index
that performed the most favorably in biomass estimation (R2 = 0.76). The NDRE and
the chlorophyll index red edge (CIRE) showed a coefficient of determination of 0.61 in
maize [49]. Peng and Gitelson [50] analyzed the soybean gross primary productivity,
testing and comparing VIs, and concluded that the NDRE showed a stronger linear
relationship with the analyzed parameter (R2 = 0.87), being superior to NDVI (R2 = 0.83).

3.5. Spatialization of Productivity

After the analysis and selection of the VIs that presented the highest R2, the spatializa-
tion of the observed productivity and biomass were performed, and the estimates were
obtained, disentangling the VIs.

The realization of the spatialization of both productivity and AGB, in comparison
with the data observed in the field, demonstrates that the results from the first analysis
resemble very closely the observed reality (Figure 3); totally different results were
obtained with data from the second analysis (Figure 4). NDRE and GNDVI present a
great similarity with the spatialization with the verified production of the present study.
It is noteworthy that both the R2 and RMSE values of the second analysis were higher
than those found for the NDRE; however, the results of the spatialization are different
from reality, in that there is a large extrapolation of the highest yields in a central band
(for GLI and the GNDVI2).

However, it should be noted that even though the spatializations of the first analysis
present a great similarity with the spatialized verified production, there are several points
that both overestimate and underestimate the real results. The models obtained, especially
with the use of equations from the GNDVI and NDRE, can be improved with future work,
seeking to refine the analysis, and consequently bringing the simulated results closer to the
verified reality.

3.6. Spatialization of AGB

Spatialization of AGB was also performed, using the same type of analysis used for
productivity (Figure 5). Results obtained were very similar to the productivity estimates.
Analyzing the spatialization of the first analysis, it was verified that the GNDVI presents
great proximity with the results of the verified biomass. In this case, the NDRE extrapolates
the results and considers a central strip as the area with the highest productivity. As for
the spatializations with the results from the equations of the second analysis (Figure 6),
the results are different from the verified reality. As with productivity estimation, further
studies should be carried out to refine the results. The comparative analysis of the indices
with the observed biomass proves that the GNDVI and the NDRE show some similarity
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with the spatialization of observed in-the-field biomass values, although some plots obtain
values that are underestimated and others overestimated.
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3.7. Analysis of Total Productivity and Total Biomass

To make a simple numerical comparison of the results obtained with the use of each of
the formulated equations, the productivity and AGB of all the treatments of the trial were
summed, resulting in a single value. This result was classified as total productivity and
total biomass, respectively (Figure 7).
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Analyzing initially the total yield, it was possible to note that the equation that makes
use of the GLI index (second analysis) was the one that presented numerical results very
close to the total verified yield; however, both the NDRE and the GNDVI were also very
close to the quantified reality. The GNDVI2 extrapolated the results.

Regarding the analysis of total biomass, the index that came closest to the quantified
reality was NDRE. The GNDVI and GLI obtained results well below the results obtained in
the field, and again the GNDVI2 showed values above the reality quantified in the field.
The results presented are promising for the use of the equation resulting from the use
of NDRE.

4. Conclusions

The normalized difference vegetation index (NDVI), although being globally the most
used in the present study showed much lower results than those obtained by the normalized
difference red edge (NDRE) and the green difference normalized vegetation index (GNDVI).
The rapid saturation of the index with areas with large amounts of biomass and the noise
of water and oxygen uptake compromise the distinction between real productivity values
and the above-ground biomass.

Considering that the methodology applied in the present study is relatively simple and
presents results very close to reality, it can very well be applied by small rural landowners
by periodically obtaining UAV images of their crop fields and processing them to estimate
crop yields. It is worth mentioning again that new studies with the same theme, applied in
areas with larger dimensions, can help refine the results obtained in the present study.

The use of the GNDVI and NDRE indices shows excellent results for estimating
productivity as well as AGB for the corn crop, both at the spatial and numerical levels.

Obtaining a larger quantity of data (first analysis) demonstrated that spatially the
results are considerably superior to a punctual data collection (second analysis). However,
in terms of productivity, the equation using the GLI index provided almost identical results
to the verified productivity. The possibility of predicting crop yields is an essential tool for
producers, since it allows them to make timely decisions to correct any deficit present in



Agriculture 2023, 13, 1115 12 of 14

their agricultural plots. Further, this paper contributes to the robustness of the database,
and to the modeling, training, and integration of AI for drone digital optimization.
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