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Abstract

Multispectral images provide valuable indicators of crop nutritional status, playing a key
role in strategies to reduce fertilizer use and enable supplementary applications in cases of
nitrogen deficiency, thereby ensuring productivity and profitability for farmers. However,
the diversity of remote sensing platforms (RSPs) makes the choice challenging, as there are
few comparative studies. This study compares the remote sensing platforms Sentinel-2,
CBERS-04A, and unmanned aerial vehicle (UAV), assessing their accuracy in detecting
different nitrogen doses (NDs) throughout the maize crop cycle in Botucatu-SP, using
10 vegetation indices (VIs). Six NDs were tested (0, 36, 84, 132, 180, and 228 kg ha−1 of
nitrogen) in nine assessments during the crop cycle. The results showed that, at the V7 stage,
the RSPs were effective in detecting the NDs in eight VIs. However, at the VT stage, only
the Sentinel-2 and CBERS-04A satellites demonstrated effectiveness in six VIs. Despite the
high correlation among the RSPs, the ability to distinguish the NDs varied depending on
the vegetation index (VI) and phenological stage. These findings highlight the importance
of selecting the appropriate VI and optimal timing, regardless of the chosen platform.

Keywords: multispectral satellite; UAV; vegetation index

1. Introduction
Agriculture plays a fundamental role in promoting the Sustainable Development Goals

(SDGs), with emphasis on eradicating famine, the sustainable use of natural resources, and
tackling climate change [1]. To achieve the goals set by the UN as part of the 2030 Agenda,
the FAO recommends adopting practices such as precision agriculture, which involves
decision-support systems based on advanced technologies like remote sensing. These
remote sensing platforms provide images captured at different wavelengths of the elec-
tromagnetic spectrum, offering valuable information about crops that can be expressed
through vegetation indices (VIs), thus enabling more efficient and sustainable agricultural
production [2].
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Multispectral remote sensing includes a variety of platforms, such as satellites, aircraft,
unmanned aerial vehicles (UAVs), and agricultural machinery equipped with high-tech
sensors. These tools have shown great potential for agricultural monitoring, improving
forecast accuracy [3]. Each platform has specific characteristics, such as spatial, spectral,
radiometric, and temporal resolutions. UAVs, also known as drones, allow the acquisition
of high-spatial-resolution (centimeter-level) images, enabling the capture of details not
accessible by satellites. However, UAVs face limitations including wind speed, precipitation,
the need for ground operators, and the handling of large volumes of data that require prior
processing. In contrast, satellite platforms offer the advantage of rapid and, in some cases,
free image acquisition, though they are limited by spatial resolution and cloud cover during
image capture [4,5]. Despite these limitations, multispectral remote sensing has advanced
significantly, with new technologies offering resolutions as fine as 1 m, better addressing
the needs of agriculture. The relationship between spatial resolution and within-field
variability is essential for understanding differences in crop productivity. Studies show
that as the spatial resolution increases from 3 m to 10 m, 20 m, and 30 m, the explained
variability decreases from 100% to 86%, 72%, and 59%, respectively [6]. A comparative
analysis of UAVs, aircraft, and nine satellite image providers found that UAVs had higher
costs and were not economically viable for variable-rate nitrogen fertilization in grain
crops, followed by aircraft and satellites. Although free satellites such as Landsat 7/8 and
Sentinel-2 have lower optical quality, the consistency of the data collected proved highly
advantageous [7].

The growing number of satellite missions increases opportunities for continuous veg-
etation monitoring, essential for precision agriculture and environmental sustainability.
However, estimating important agronomic characteristics such as nitrogen (N) concen-
tration using data from Landsat 7, Landsat 8, and Sentinel-2 satellites still presents a
significant challenge due to different sensor configurations and complex atmospheric in-
teractions [8]. A comparative study evaluated the use of the NDVI index on three remote
sensing platforms (tractor and UAV with Micasense Altum multispectral camera, and
Sentinel-2 satellite) for variable-rate N application in maize crops. The results indicated
a moderately strong correlation among the measurements; however, UAV data yielded
higher values due to soil reflectance influence [9]. Over the past two decades, numerous
studies have investigated nitrogen status in maize crops using multispectral remote sens-
ing. These studies show that different nitrogen levels can be expressed through vegetation
indices (VIs). Some use UAVs equipped with multispectral cameras such as the Sensefly
Sequoia and Red Edge MX, while others use satellites like Landsat-8 OLI and QuickBird.
Results suggest that multispectral imagery is effective for in-field nitrogen management
regardless of variety, as nitrogen levels are closely related to indices such as NDVI, NDRE,
GNDVI, GRg, EVI, SAVI, NRI, and NCI [10–13].

Although N is essential for achieving high yields and ensuring global food security,
about half of the applied nitrogen fertilizer is not absorbed by crops [14]. This low efficiency
is attributed to processes such as volatilization, runoff, leaching, and denitrification, which
significantly reduce the return on agricultural investment [15]. Additionally, some of these
loss pathways lead to contamination of surface and groundwater, such as nitrate leaching
(NO3

−) and the emission of greenhouse gases like nitrous oxide (N2O). This contributes to
global warming, with the production and use of nitrogen fertilizers accounting for about 5%
of global greenhouse gas emissions (GHG). This inefficiency is particularly evident in maize
crops, where nitrogen deficiency leads to higher reflectance around 550 nm due to reduced
chlorophyll concentration. This decreases radiation absorption and increases reflectance, as
the spectral signature of vegetation reflects plant health. Such information is crucial for
efficient nitrogen management and to avoid input waste and environmental damage [16,17].
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Efficient N management is challenging without accurate knowledge of its status in the
crop [18]. Various methods and tools are available for N management, including soil
tests, plant tissue analysis, spectral response, and the use of VIs. No single method is
considered fully sufficient, but precision agriculture tools such as UAVs and satellites have
proven superior to conventional methods, which face numerous challenges like being
time-consuming, destructive, and having limited throughput, making efficient lab analysis
difficult [19]. The adoption of these technologies can ensure proper nitrogen management,
resulting in yield increases of up to 18.8% by providing appropriate nutritional support
to the crop. Furthermore, the use of such technologies enables continuous and high-
precision monitoring of soil and plant conditions, promoting more sustainable and efficient
agricultural production [20,21].

Numerous remote sensing platforms have the potential to monitor crop nutritional
status, but it is not yet clear whether they offer equally promising results in specific contexts.
The hypothesis of this research is that different remote sensing platforms may provide
varying predictive capabilities for identifying nitrogen deficiency in agricultural crops. This
study investigates how key factors (spatial, spectral, radiometric, and temporal resolution)
influence the accuracy of deficiency detection. It also explores whether the platforms can be
complementary or if one outperforms the others in terms of performance. The effectiveness
of the platforms may also be influenced by the crop’s phenological stage, highlighting the
importance of vegetation indices as crucial tools for analysis. Thus, the objective of this
article is to compare the multispectral remote sensing platforms Sentinel-2, CBERS-04A,
and unmanned aerial vehicle (UAV) to determine whether these platforms can accurately
detect different nitrogen doses (NDs) at various phenological stages of maize crops using
vegetation indices (VIs).

2. Materials and Methods
2.1. Study Area

Between January and July 2023 (Figure 1), a field experiment was conducted at the
Lageado Experimental Farm, which belongs to the Faculty of Agronomic Sciences, located
in Botucatu, São Paulo (22◦48′50′′ S, 48◦25′51′′ W, at an altitude of 778 m).

Figure 1. Location of the study area in the municipality of Botucatu, São Paulo, Brazil.
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According to Franco et al. [22], the Köppen–Geiger climate classification [23] for
Botucatu is type Aw (tropical savanna climate), characterized by hot and rainy sum-
mers and cold, dry winters. The average annual temperature is 21.34 ◦C, with relative
humidity around 70% and total annual precipitation of approximately 1500 mm, dis-
tributed over 107 days per year. The soil in the experimental area was classified as Typic
Rhodudalf [24,25].

2.2. Conducting the Experiment

The experiment was conducted during the 2023/2024 growing season using FS710
hybrid maize (ForSeed®, Changsha, China). Soil preparation was carried out to a depth
of 0.30 m using plowing followed by leveling harrowing. At sowing, NPK fertilizer was
applied to supply 12 kg ha−1 of N, 42 kg ha−1 of P2O5, and 24 kg ha−1 of K2O, placed
0.05 m below and beside the seeds. Sowing took place on 9 January 2023, with a spacing of
0.90 m between rows and six plants per linear meter, targeting a density of 66,000 plants
per hectare.

2.3. Experimental Design and Treatments

The experiment followed a completely randomized design, with six treatments and
four replicates. The plots were predefined to ensure a minimum number of pixels and
respect the pixel structure and displacement of the multispectral satellite grids. The position
of each plot was determined using a Garmin GPSmap 60CSx (Kansas City, Kansas, USA),
based on geographic coordinates predefined in QGIS software, version 3.22.10.

The treatments consisted of different levels of topdressed nitrogen fertilization. Appli-
cation was performed manually by broadcast spreading at the V6 vegetative stage (28 days
after emergence), using urea as the N source (45% N). The applied nitrogen doses (NDs)
were 0, 36, 84, 132, 180, and 228 kg ha−1 of N, corresponding to 0%, 30%, 60%, 90%, 120%,
and 150%, respectively, of the recommended 160 kg ha−1 N dosage proposed by Cantarella
et al. [26], applied in a single dose.

The experiment occupied a total area of 40,600 m2 (considering the plots and the
spacing between them), composed of experimental plots of 900 m2, with a spacing of
10 m between them. Each treatment level of nitrogen fertilization occupied a total area of
3600 m2. The dimensions of each plot were 30 m in the north–south direction and 30 m in
the east–west direction.

2.4. Obtaining Images
2.4.1. Unmanned Aerial Vehicle (UAV)

The unmanned aerial vehicle (UAV) used in the experiment was a Phantom 4 Pro
(SZ DJI Technology Co., Ltd., Shenzhen, China), equipped with an RGB camera, model
FC6310 (SZ DJI Technology Co., Ltd., Shenzhen, China), with a focal length of 8.8 mm and a
resolution of 5472 × 3648 pixels, resulting in a pixel resolution of 0.0232 mm. Additionally,
it was integrated with an RGN camera, model Survey3W (MAPIR, San Diego, CA, USA),
with a focal length of 3.4 mm and a resolution of 4000 × 3000 pixels, providing a pixel
resolution of 0.0402 m. This RGN model includes the spectral bands 550 nm (reflectance in
the green region), 0.66 µm (reflectance in the red region), and 0.85 µm (reflectance in the
near-infrared region) [27].

The average flight time was approximately 12 min and 18 s, covering an area of about
13 ha at an altitude of 80 m above ground level. The data collected by the RGB and RGN
cameras were processed using PIX4Dmapper software, version 4.10 (Pix4D S.A., Prilly,
Switzerland), which generated orthomosaics and digital maps.
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2.4.2. CBERS-04A Satellite

The medium-resolution remote sensing satellite images from CBERS-04A were
obtained from the Remote Sensing Data Center (CDSR), responsible for receiving,
storing, and processing the images. The data were acquired through the website
http://www.dgi.inpe.br/catalogo/explore (accessed on 15 June 2025) [28], via the image
generation division of INPE|CGOBT|DIDGI.

The imagery was captured using the CBERS-04A’s Wide-Field Imager (WPM), which
has a spatial resolution of 8 m. The spectral bands used correspond to 0.45–0.52 µm (blue),
0.52–0.59 µm (green), 0.63–0.69 µm (red), and 0.77–0.89 µm (near-infrared). The revisit
cycle over a fixed point is 31 days [29].

2.4.3. Sentinel-2 Satellite

Data from the Sentinel-2 satellite constellation were obtained via the Copernicus Space
Data Ecosystem, responsible for providing image access, navigation, and metadata export.
The images were acquired from https://browser.dataspace.copernicus.eu/ (accessed on
15 June 2025) [30], via the data distribution service for Sentinel-2 missions.

For data acquisition, the S2B mission, MSIL1C product, and Level-1C level were
established. The MSI multispectral sensor has 13 spectral bands; we chose four bands at
10 m, corresponding to 0.49 µm (reflectance in the blue region), 0.56 µm (reflectance in
the green region), 0.665 µm (reflectance in the red region), and 0.842 µm (reflectance in
the near-infrared region). The period to travel the route is 5 days at the equator with the
constellation of 2 satellites, Sentinel 2A and 2B [31].

2.5. Vegetation Indices for UAV, Sentinel-2, and CBERS-04A

After collecting multispectral images from UAV, Sentinel-2, and CBERS-04A platforms,
the satellite-provided images were analyzed using the open-source Geographic Information
System (GIS) QGIS, version 3.22.10, to verify the presence of clouds that could compromise
visualization of the experimental area. Then, the spectral bands were processed using the
mathematical formulas for vegetation indices (VIs) (Table 1). The extracted index values
were determined based on the mean pixel values within experimental plots.

Table 1. Vegetation indices used in this study.

Index Fórmula Authors

greenNDVI (NIR−GREEN)
(NIR+GREEN)

[32]

MCARI2 1.5[2.5(NIR−RED)−1.3(NIR−GREEN)]√
(2NIR+1)²−(6NIR−5

√
RED)−0.5

[33]

MGRVI (GREEN)²−(RED)²
(GREEN)²+(RED)²

[34]

MSAVI 2NIR+1−
√

(2NIR+1)²−8(NIR−RED)
2

[35]

MTVI2 1.5[1.2(NIR−GREEN)−2.5(RED−GREEN)]√
(2NIR+1)²−(6NIR−5

√
RED)−0.5

[33]

NDVI (NIR−RED)
(NIR+RED)

[36]

SAVI
[

(NIR−RED)
(NIR+RED+L)

]
× 1 + L [37]

SR NIR
RED [38]

VARI (GREEN−RED)
(GREEN+RED−BLUE)

[39]

WDRVI (a×NIR−RED)
(a×NIR+RED)

[40]

greenNDVI = Green Normalized Difference Vegetation Index; MCARI2 = Modified Chlorophyll Absorp-
tion Ratio Index; MGRVI = Modified Green Red Vegetation Index; MSAVI = Modified Soil-Adjusted Vege-
tation Index; MTVI2 = Modified Triangular Vegetation Index; NDVI = Normalized Difference Vegetation In-
dex; SAVI = Soil-Adjusted Vegetation Index; SR = Simple Ratio Index; VARI = Visible Atmospherically Resis-
tant Index; WDRVI = Wide-Dynamic-Range Vegetation Index. BLUE = Reflectance in the Blue Region (nm);
GREEN = Reflectance in the Green Region (nm); RED = Reflectance in the Red Region (nm); NIR = Reflectance in
the Near-Infrared Region (nm); L = Soil Adjustment Factor; a = Weighting Coefficient.

http://www.dgi.inpe.br/catalogo/explore
https://browser.dataspace.copernicus.eu/
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Throughout the maize growing season, nine data acquisition campaigns were con-
ducted, covering three representative phenological stages: vegetative (V7), early reproduc-
tive (VT), and advanced reproductive (R3, R4, and R5). At each stage, all remote sensing
platforms flew over the experimental area and collected multispectral images at varying
spatial resolutions.

The UAV provided between 1,515,339 and 1,671,849 pixels per plot, due to the excep-
tionally high spatial resolution of the multispectral camera, which resulted in a greater
number of pixels for calculating the average vegetation indices (VIs). For the Sentinel-2
satellite, the average was based on 4 pixels located at the center of the plots, due to their
strategic positioning. On the other hand, for the CBERS-04A satellite, the average was
calculated using 6 to 9 centrally located pixels within the plots, owing to the higher spatial
resolution of its camera, which allows for greater pixel variability within the plots. The
different spatial resolutions enabled a detailed analysis of the study area and a comparison
between the remote sensing platforms used, as illustrated in Figures 2, A1 and A2 for the
UAV, Sentinel-2, and CBERS-04A.

 
Figure 2. Vegetation indices at the V7 phenological stage of the study area, obtained from the
CBERS-04A, UAV, and Sentinel-2 platforms.
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2.6. Leaf Sampling and Diagnosis

Fresh plant tissue collection was performed at the R1 stage (flowering), sampling
30 leaves as recommended by Malavolta et al. [41]. The leaves were dried in a forced-air
circulation oven at 65 ◦C until they reached a constant weight. Subsequently, the leaves
were ground using a Wiley-type knife mill (1 mm mesh). The nitrogen content in the leaves
was determined following the method described by the AOAC [42]. Leaf nitrogen content
was determined following AOAC [42] methods, using sulfuric acid digestion to obtain
extracts that were distilled by the Kjeldahl method for N quantification via titration.

2.7. Statistical Analysis
2.7.1. Analysis of Variance

The data were analyzed using RStudio software (version 2022.07.1+554 “Spotted
Wakerobin”). Data normality was verified using the Shapiro–Wilk and Royston tests, while
the homogeneity of variances was assessed using Bartlett’s test. For data that did not
meet the assumptions, transformations were applied using the “bestNormalize” package.
One-way ANOVA was used to evaluate the nitrogen content in the leaves, followed by
a quadratic regression analysis performed with the “stats” package. The corresponding
graph was generated using the “dplyr” package.

Two-way ANOVA was applied to assess the effects of nitrogen doses (NDs) and remote
sensing platforms (RSPs) on vegetation indices (VIs). Three phenological stages of the
maize crop were analyzed (V7, VT, and the reproductive stages R3, R4, and R5, which were
analyzed together), allowing for a comprehensive comparison of the variables throughout
the plant’s development. When significant differences were observed, the Least Significant
Difference (LSD) multiple comparison test was applied at a 5% significance level.

2.7.2. Principal Component Analysis and Pearson Correlation

Principal component analysis (PCA) was used to reduce data dimensionality and iden-
tify relevant patterns among the variables. The analyses were carried out using RStudio
software, version 2022.07.1+554 “Spotted Wakerobin”, with the statistical packages “Fac-
toMineR” and “factoextra”, which enabled the extraction and visualization of quantitative
and categorical variables. Additionally, Pearson’s correlation was calculated using the
same variables, with the aid of the “corrplot” package.

3. Results and Discussion
3.1. Analysis of Variance
3.1.1. Leaf Diagnosis

The analysis of variance (ANOVA), presented in Table 2, shows the results for N
content in maize leaves. Foliar nitrogen content differed significantly as a function of the
different nitrogen doses (NDs). Figure 3 illustrates the quadratic regression analysis of leaf
nitrogen content as a function of the NDs. The regression coefficient R2 = 0.663 indicates
that approximately 66.3% of the variation in the data is explained by the quadratic rela-
tionship between the variables, suggesting a moderate correlation between them. The
frequency of nitrogen content in the leaves indicates a consistent foliar N level in response
to the topdressed NDs.

The absence of N fertilization (0 kg ha−1 of N) resulted in the lowest foliar nitro-
gen content, showing a reduction of approximately 15% compared to the 36 kg ha−1 N
dose and 28% in relation to the other doses (Figure 3). As the NDs increased, foliar N
content remained consistent between the 84 and 228 kg ha−1 N doses. These results are
in line with the findings of Mondal et al. [43], who reported lower foliar N content in
the control treatment (0 kg ha−1 N) at 55 days after emergence (DAE) of maize. In that
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study, a slight increase in foliar N was observed at 40 kg ha−1 N, while doses between
80 and 240 kg ha−1 N maintained uniform nitrogen content. This suggests physiological
saturation, indicating that nitrogen uptake and assimilation are limited by genetic and
metabolic factors, regardless of increased N supply.

Table 2. Nitrogen content in maize leaves at the flowering stage, grown under different topdressed
nitrogen doses.

NDs (kg ha−1) N (g kg−1)

Reference 25 and 35
CV(%) 8.81%
p-value 0.0002 *

Reference: Leaf nutrient concentrations considered adequate for maize (corn), as established by Cantarella
et al. [26]. (*) = Significant at significance level of 5%.

 
Figure 3. Scatter plot with a quadratic regression line, illustrating leaf nitrogen content as a function
of nitrogen doses of 0, 36, 84, 132, 180, and 228 kg ha−1.

Furthermore, Cantarella [26] states that the ideal N content in maize leaves should
range between 25 and 35 g kg−1 to ensure maximum yield or crop growth. The results of
this study showed that foliar N levels ranged between 18 and 29 g kg−1, with the highest
value of 29 g kg−1 observed with a nitrogen dose of 132 kg ha−1. The adequacy of foliar
N content relative to recommended levels may be influenced by factors such as genotype
characteristics and fertilization management practices. Recent studies emphasize that
nutrient composition is affected by genotype effects, with two maize hybrids showing
maximum N concentrations in stems and leaves when fertilized with 300 kg ha−1 N [44].

3.1.2. Phenological Stage V7

According to the analysis of variance (ANOVA) for phenological stage V7 (Table 3), the
greenNDVI and VARI indices did not show significant differences in response to nitrogen
doses (NDs). Previous studies [45] have indicated that greenNDVI displayed a weaker
response to nitrogen supply during early growth stages; however, this response became
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stronger at later stages. These results are consistent with the findings of Han et al. [46], who
evaluated nitrogen in maize from the VT to R6 stages and found that VARI had the lowest
accuracy (R2 = 0.311) among the six indices analyzed.

Table 3. Results of the two-way ANOVA for the variables (NDs and RSPs) at the V7 stage.

Variables geenNDVI MCARI2 MGRVI MSAVI MTVI2

p-value (RSPs) 0.00 * 0.00 * 0.00 * 0.00 * 0.00 *
p-value (NDs) 0.08 ns 0.01 * 0.02 * 0.02 * 0.01 *

p-value (I) 0.94 ns 0.89 ns 0.92 ns 0.91ns 0.89 ns

Variables NDVI SAVI SR VARI WDRVI

p-value (RSPs) 0.00 * 0.00 * 0.00 * 0.00 * 0.00 *
p-value (NDs) 0.03 * 0.03 * 0.02 * 0.09 ns 0.04 *

p-value (I) 0.89 ns 0.89 ns 0.92 ns 0.96 ns 0.86 ns

(RSPs) = Remote Sensing Platforms. (NDs) = Nitrogen Doses (kg ha−1 of N). (I) = Interaction between RSPs and
NDs. (*) = Significant. (ns) = Not significant at the 5% significance level.

On the other hand, the VIs MCARI2, MGRVI, MSAVI, MTVI2, NDVI, SAVI, SR, and
WDRVI showed significant differences for both factors: remote sensing platforms (RSPs)
and nitrogen doses (NDs). Thus, the results indicate that the remote sensing source did
not exert a substantial impact on predicting differences in NDs, although variations were
observed among the indices. All RSPs proved suitable for assessing the different nitrogen
doses at this phenological stage (Table 3). These consistent findings reinforce the conclusions
of Croft et al. [11], who suggested that multispectral reflectance data can be used to estimate
chlorophyll content, enabling the use of both satellite- and UAV-based multispectral sensors
to guide fertilization and maintain adequate nitrogen levels throughout the growing season.

These results align with the recommendations of Zhang et al. [47], who emphasized
that seeking a balance between nitrogen inputs, crop yield, and quality can benefit from
combining traditional indices such as NDVI, NDRE, and GNDVI with innovative indices to
provide valuable insights across different crop types and development stages. The indices
MCARI2, MSAVI, MTVI2, NDVI, SAVI, and WDRVI showed higher average values for
nitrogen doses between 84 and 180 kg ha−1, as well as for indices obtained via Sentinel-2
(Table A1). These findings validate the predictive capacity for nitrogen deficiency, where
maize shows chlorosis in leaves after this stage, progressing to senescence. These leaves did
not elongate properly, and plant growth was stunted. Similar symptoms were reported by
Romualdo et al. [48] in maize cultivated with 40% of the recommended N dose, especially
after stage V7, where chlorosis extended along the midrib and led to necrosis and rupture,
in addition to thin stems.

Interestingly, the indices MGRVI and SR showed similar patterns in distinguishing
between the averages of the factors (RSPs and NDs), as did the indices MCARI2 and MTVI2
(Table A1). These VIs, proposed by Haboudane et al. [33] as improved estimators of leaf area
index, are enhanced variants of indices originally designed to measure photosynthetically
active radiation (TVI and MCARI). These results are consistent with earlier findings, such
as those by Nguy-Robertson [49], who noted that MCARI2 and MTVI2 are mathematically
identical; therefore, using only one of them is recommended to optimize time and effort.

Unlike the other indices analyzed, MGRVI and WDRVI presented negative average
values throughout the maize growth cycle (Tables A1–A3). This interpretation can be
clarified by considering that WDRVI incorporates a weighting coefficient below 1 in its
mathematical formulation, providing a more robust determination of the crop’s physiologi-
cal and phenological characteristics by reducing the disparity between near-infrared (NIR)
and red reflectance contributions to NDVI [40]. Meanwhile, MGRVI, or the modified GRVI,
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captures reflectance differences due to chlorophyll a and b absorption and is defined as
the normalized difference of the squared green and red reflectance, amplifying reflectance
differences [34].

3.1.3. Phenological Stage VT

Table 4 presents the ANOVA results for the vegetation indices (VIs) related to the VT
phenological stage. The factors (RSPs) and (NDs) were significant for the VIs MCARI2,
MGRVI, MTVI2, and VARI. Therefore, for these specific indices, the remote sensing platform
did not significantly influence the prediction of NDs. As such, all RSPs were suitable for
evaluating the different NDs based on these indices and phenological stage. Our findings
align with those of Ye et al. [50], in which crop growth stages directly impacted remote
sensing performance, as canopy reflectance is influenced by biomass before the V12 stage
and by plant nitrogen content after this stage.

Table 4. Results of the two-way ANOVA for the variables (NDs and RSPs) at the VT stage.

Variables GreenNDVI MCARI2 MGRVI MSAVI MTVI2

p-value (RSPs) 0.00 * 0.00 * 0.00 * 0.00 * 0.00 *
p-value (NDs) 0.00 * 0.01 * 0.00 * 0.00 * 0.00 *

p-value (I) 0 0.28 ns 0.10 ns 0.05 * 0.27 ns

Variables NDVI SAVI SR VARI WDRVI

p-value (RSPs) 0.00 * 0.00 * 0.00 * 0.00 * 0.00 *
p-value (NDs) 0.00 * 0.00 * 0.00 * 0.03 * 0.00 *

p-value (I) 0.02 * 0.02 * 0.05 * 0.24 ns 0.00 *
(RSPs) = Remote Sensing Platforms. (NDs) = Nitrogen Doses (kg ha−1 of N). (I) = Interaction between RSPs and
NDs. (*) = significant; (ns) = not significant at significance level of 5%.

For the indices MCARI2, MTVI2, and VARI, the CBERS-04A satellite provided the
highest average values, as did the doses ranging from 84 to 228 kg ha−1 of N, which
did not differ significantly from each other. Interestingly, for the MGRVI index, higher
mean values were observed at doses of 0 and 36 kg ha−1 of N, which were statistically
similar to each other and differed from the other NDs (Table A2). These results are in
agreement with previous findings by Sharifi [51], in which Sentinel-2 data proved effective
in mapping N uptake in maize. In that study, indices such as TCARI, MCARI, MTVI2, and
GNDVI demonstrated high predictive capacity for nitrogen content at the biomass peak,
being more sensitive to variations in chlorophyll concentration, as also observed in the
present study. In contrast, indices such as NDVI, SR, and NDRE did not show sensitivity in
regions of low nitrogen uptake due to saturation effects and non-linear relationships with
canopy absorption.

ANOVA analysis revealed that the interaction between the factors (I) was significant
for the VIs greenNDVI, MSAVI, NDVI, SAVI, SR, and WDRVI. Thus, the LSD test confirmed
that, for these indices, the image acquisition source significantly influenced the predictive
capacity to diagnose nitrogen doses in the crop. Therefore, only the Sentinel-2 and CBERS-
04A satellites proved efficient in identifying the NDs, whereas the UAV was not effective
(Table A2). This contradicts the findings of Cai et al. [52], in which multispectral sensors
based on UAVs and CubeSat satellites showed similar performance in detecting N stress in
maize under different N management practices. A possible explanation for this discrepancy
between the current results and those cited in the literature could be the interference
of soil background noise in maize canopy images acquired with the UAV, as previously
demonstrated by Qiao et al. [12], who showed that soil background segmentation methods
can reduce image texture complexity and enable noise rejection to improve the diagnostic
accuracy of maize canopy chlorophyll content in the field.
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For the VIs greenNDVI, MSAVI, NDVI, SAVI, and WDRVI derived from Sentinel-2,
the absence of nitrogen fertilization (0 kg ha−1 of N) was comparable to the reduced dose
of 36 kg ha−1 of N, which, in turn, did not differ from the dose of 84 kg ha−1 of N. In
contrast, for the same indices obtained via CBERS-04A, the absence of nitrogen fertilization
(0 kg ha−1 of N) was clearly identified by the VIs, differing from the other NDs. For the
SR index, a distinct pattern was observed compared to the other VIs, as the absence of
nitrogen fertilization (0 kg ha−1 of N) showed the highest average and differed from the
other NDs when analyzed using CBERS-04A imagery (Table A2). These findings reflect
those previously reported by Maresma et al. [53], who observed in their study that the
absence of nitrogen fertilizer resulted in lower values for the indices NDVI, WDRVI, and
GRVI, clearly distinguishing it from treatments with nitrogen fertilization.

3.1.4. Phenological Stages R3, R4, and R5

Table 5 presents the ANOVA results for different phenological stages of the maize crop.
The UAV captured images at the R3 stage, Sentinel-2 acquired imagery at the R4 stage,
and CBERS-04A captured images at the R5 stage. The reason for these differing growth
stages was the presence of clouds during image acquisition and the long revisit period of
the CBERS-04A satellite, which is 31 days.

Table 5. Results of the two-way ANOVA for the variables (NDs and RSPs) at stages R3, R4, and R5.

Variables GreenNDVI MCARI2 MGRVI MSAVI MTVI2

p-value (RSPs) 0.00 * 0.00 * 0.00 * 0.00 * 0.00 *
p-value (NDs) 0.29 ns 0.58 ns 0.38 ns 0.39 ns 0.58 ns

p-value (I) 0.82 ns 0.81 ns 0.82 ns 0.81 ns 0.81 ns

Variables NDVI SAVI SR VARI WDRVI

p-value (RSPs) 0.00 * 0.00 * 0.00 * 0.00 * 0.00 *
p-value (NDs) 0.43 ns 0.43 ns 0.38 ns 0.84 ns 0.47 ns

p-value (I) 0.78 ns 0.78 ns 0.81 ns 0.99 ns 0.74 ns

(RSPs) = Remote Sensing Platforms. (NDs) = Nitrogen Doses (kg ha−1 of N). (I) = Interaction between RSPs and
NDs. (*) = significant. (ns) = not significant at significance level of 5%.

The analysis revealed differences only for the factor (RSPs) across all VIs. No significant
differences were identified for the factors (NDs) and (I) (Table 5). The underlying cause of
this result may be related to the phenological stages at which the images were acquired. At
stages R3, R4, and R5, detecting nitrogen supply in the crop becomes challenging due to
canopy closure, nitrogen consumption, and biomass presence. These results support the
observations by Sumner et al. [45], who evaluated the response of VIs to different nitrogen
doses in maize. It was observed that the magnitude of VI values varied depending on the
growth stages, the year, and the sensing platforms. As the growing season progresses and
the maize canopy closes, the usefulness of these indices in detecting differences in nitrogen
supply appears to diminish.

Similarly, these estimates are consistent with research conducted by Colovic et al. [54],
which showed that several VIs do not demonstrate high sensitivity to maize crop parame-
ters. It is crucial to consider that the relationship between canopy-level spectral signals and
target properties can be influenced by structural factors such as plant size, age, and leaf
angle. The texture characteristics of multispectral images of the maize canopy become more
complex as the growing period progresses. This occurs because, as maize grows, the soil
background may be mistakenly classified as part of the crop due to the complexity of plant
structures and increased shading from overlapping leaves, which adds to the complexity of
the canopy structure [12].
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3.2. Principal Component Analysis
3.2.1. Remote Sensing Platforms

In this study, the results obtained from the principal component analysis (PCA) for
the variables of the remote sensing platforms (RSPs) Sentinel-2, CBERS-04A, and UAV,
presented in Figure 4, highlight that two principal components explain 98.4% of the cumu-
lative variance of the dataset. The first principal component (PC1) accounts for 93.8% of
the total variance, while the second (PC2) contributes 4.6%. It can be observed that the RSP
vectors exhibit strong associations, suggesting a direct correlation between them, and are
well represented by components PC1 and PC2 (Figure 4a).

 

 
(a) (b) 

 
(c) (d) 

Figure 4. (a) PCA biplot for RSPs; (b) Pearson correlation plot between RSPs; (c) PCA biplot for RSPs
and NDs; (d) PCA biplot for RSPs and VIs.

Pearson correlation analysis (Figure 4b) confirms the strong correlation between
the RSPs, corroborating the evidence from the PCA. The highest correlation coefficient
was found between Sentinel-2 and CBERS-04A (r = 0.94), followed by the correlation
between Sentinel-2 and UAV (r = 0.91), and between CBERS-04A and UAV (r = 0.86). These
results highlight the similarity between the RSPs despite differences in spatial, radiometric,
and temporal resolutions, as well as differences in camera imaging characteristics. The
correlation results among the RSPs in this study align with findings from Santos et al. [55],
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who identified similarities among the evaluated images and found that even with different
spatial scales, the platforms showed high correlation coefficients (r = 0.73) between UAV and
Sentinel-2, and a moderate correlation between UAV and Landsat 8 (r = 0.65). Furthermore,
the urgency of large-scale monitoring in precision agriculture becomes evident. The fusion
of drone and satellite images could be an adaptive approach, minimizing the repetitive use
of drones [56].

Moreover, although the dataset expresses multiple concentrations, this behavior is
not due to the different N application doses shown in Figure 4c. Instead, it reflects the
data’s behavior in relation to the VIs, which play a key role in clustering the data. The
indices MGRVI and WDRVI, in particular, show a distinct dispersion compared to the
other VIs, presenting an opposite orientation to the vectors, validating the findings from
the ANOVA throughout the entire crop growth cycle, in which these indices consistently
showed negative values (Figure 4d).

3.2.2. Vegetation Indices

In this study, the results obtained from the PCA for the independent variables of the
determined VIs (greenNDVI, MCARI2, MGRVI, MSAVI, MTVI2, NDVI, SAVI, SR, VARI,
and WDRVI) shown in Figure 5 reveal that only two principal components explain 98.5% of
the cumulative variance in the dataset, with PC1 and PC2 accounting for 88.5% and 10% of
the total variance, respectively. The results indicate that the VIs MCARI2, MSAVI, MTVI2,
NDVI, SAVI, and WDRVI show a strong association and robust contribution to PC1. In
contrast, the VIs greenNDVI and VARI diverge from the others, presenting only a moderate
association among the vectors (Figure 5a).

The Pearson correlation shown in Figure 5b supports these findings, highlighting
strong correlations among MCARI2, MSAVI, MTVI2, NDVI, and SAVI, with coefficients
ranging from r = 1 to r = 0.91. This suggests multicollinearity among these variables and
indicates that the VIs respond in a similar manner, reflecting vegetation vigor and common
environmental factors such as vegetation density, atmospheric conditions, solar illumina-
tion geometry, soil moisture, color, and brightness. Therefore, in line with the ANOVA
results for the V7 phenological stage, these VIs confirm their capacity to predict nitrogen
(N) deficiency, regardless of the remote sensing platform used (Table 3). Additionally, these
indices showed negative correlations with the VIs MGRVI and SR, which were strongly
correlated with each other (r = 1). The VIs greenNDVI and VARI exhibited a correlation
coefficient of r = 0.86. These results confirm findings from previous studies, which indicate
that vegetation indices have different sensitivities to specific factors. Although they may
show similarities, each index captures distinct aspects of the interaction between vege-
tation and the environment, as no single index can evaluate vegetation universally and
precisely [57,58].

The effects of nitrogen doses (NDs) on maize are illustrated in Figure 5c. The subtle dis-
placement of the ellipses suggests a tendency in data dispersion for the 0 and 36 kg ha−1 N
doses compared to the other NDs, although all exhibited non-uniform data dispersion. This
behavior may be attributed to the influence of RSPs, as shown in Figure 5d, highlighting
their fundamental role in data clustering. The UAV data showed greater concentration,
with a smaller ellipse, indicating lower measurement variability. In contrast, the data from
CBERS-04A showed excessive dispersion. Sentinel-2, on the other hand, demonstrated
moderate dispersion compared to CBERS-04A and greater dispersion than the UAV. The
abundance of pixels captured exclusively by the UAV contributes significantly to the ro-
bustness of the data. In this context, Zhang et al. [47] emphasize that optimizing flight
parameters and rigorous sensor calibration are essential for ensuring the accuracy and
reliability of the measurements obtained. Moreover, when using satellite platforms, it is
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important to consider the lower image resolution, as atmospheric influence may increase
data dispersion [4].

  
(a) (b) 

  
(c) (d) 

Figure 5. (a) PCA biplot for VIs; (b) Pearson correlation graph between VIs; (c) CA biplot for VIs and
nitrogen doses (NDs); (d) PCA biplot for VIs and remote sensing platforms (RSPs).

3.2.3. Phenological Stage

According to the PCA presented in Figure 6, it was possible to identify the relationships
between the phenological stage of the maize crop at the time of multispectral image
acquisition and the RSPs. Based on the data obtained by UAV, there is a high degree of data
aggregation for all phenological stages monitored by this platform, V7, VT, and R3. This
concentration is particularly notable when compared to the satellite-acquired data.

For the CBERS-04A data, there is visible clustering corresponding to the V7, VT, and
R5 stages. Notably, during the VT stage, the CBERS-04A data show a distinct displacement
and elongation of the ellipse compared to the other stages. Uniquely, the Sentinel-2 data
stand out due to a dense clustering of points, especially in the R4 phenological stage.

Reflections on the crop’s different growth stages are always relevant. In the V7 stage,
which occurred approximately 36 days after emergence (DAE), the maize crop had recently
received the nitrogen treatments. At this stage, the influence of structural factors such
as plant size and biomass quantity is significant, along with the presence of exposed soil.
This may explain the larger ellipse sizes compared to other stages. As growth progresses
past 59 DAE, the canopy fully develops, increasing photosynthetic activity and reducing
the influence of earlier factors. Finally, from 93 DAE onward, water supply decreases
due to reduced rainfall in the region during May, leading to more intense leaf senescence
during the grain filling period, a natural process in which the plant redirects nutrients to
the developing grains.
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Figure 6. PCA biplot for VIs in relation to phenological stages and RSPs.

These observations are explored by Venâncio et al. [59], who, based on maize crop
development, observed an inverse relationship between the amount of photosynthetic
vegetation and soil coverage. At 13 DAE, all VIs had low values, indicating the early
growth phase. In contrast, at 61 DAE, the amount of photosynthetic vegetation increased,
reflected in peak values for most indices. However, by 77 DAE, during the reproductive
phase, photosynthetic vegetation began to decline as the plants reached their maximum
height. This decrease in VIs results from loss of vegetative vigor, which becomes more
evident as the harvest approaches.

4. Conclusions
The results of this study demonstrate that multispectral images obtained from different

remote sensing platforms (RSPs) such as the Sentinel-2 and CBERS-04A satellites and an
unmanned aerial vehicle (UAV) are effective for accurately detecting varying nitrogen
doses. However, the selection of vegetation index (VI) and the phenological stage at the
time of image acquisition play a critical role in the effectiveness of remote sensing for
identifying nitrogen deficiency in maize crops.

• For images captured by UAV, the vegetation indices (VIs) greenNDVI, MSAVI, NDVI,
SAVI, SR, and WDRVI did not perform satisfactorily during the VT phenological stage.
In contrast, during the V7 stage, the influence of image source was less significant,
allowing for more reliable predictions.

• The use of the Sentinel-2 satellite is recommended due to its excellent temporal res-
olution and free access to imagery. Moreover, employing multiple VIs is advisable
to ensure effective nutritional assessments and minimize adverse effects. It is also
essential to conduct monitoring at an appropriate growth stage to ensure the accuracy
and relevance of nutritional analysis.

• This study paves the way for future research to further explore the specificities of
different multispectral remote sensing platforms and how the images generated can
be applied to monitor nutrient deficiencies in crops. It highlights the importance of
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thoughtful selection of monitoring technologies, which can enhance the efficiency of
site-specific management enabled by precision agriculture.
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Appendix A

Figure A1. Vegetation indices at the VT phenological stage in the study area, obtained from the
CBERS-04A, UAV, and Sentinel-2 platforms.
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Appendix B

Figure A2. Vegetation indices at the R3, R4, and R5 phenological stages in the study area, obtained
from the CBERS-04A, UAV, and Sentinel-2 platforms.
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Appendix C

Table A1. Results of the LSD test for the variables (NDs and RSPs) at the V7 stage.

Factors Variables GreenNDVI VARI

(RSPs)
CBERS-04A 0.31 c 0.01 c

UAV 0.40 a 0.11 b
Sentinel-2 0.35 b 0.17 a

Factors Variables MCARI2 MGRVI MSAVI MTVI2

(RSPs)
CBERS-04A 0.49 b −0.57 b 0.48 b 0.43 b

UAV 0.28 c −0.51 a 0.43 c 0.25 c
Sentinel-2 0.67 a −0.71 c 0.58 a 0.60 a

(NDs)

0 0.47 bc −0.59 ab 0.49 bc 0.42 bc
36 0.46 c −0.58 ab 0.49 bc 0.41 c
84 0.49 abc −0.60 abc 0.50 abc 0.43 abc

132 0.49 ab −0.60 bc 0.51 ab 0.43 ab
180 0.50 a −0.61 c 0.51 a 0.44 a
228 0.46 c −0.58 a 0.48 c 0.41 c

Factors Variables NDVI SAVI SR WDRVI

(RSPs)
CBERS-04A 0.31 b 0.47 b 0.53 b −0.48 b

UAV 0.27 c 0.41 c 0.57 a −0.48 c
Sentinel-2 0.41 a 0.62 a 0.41 c −0.35 a

(NDs)

0 0.33 bc 0.49 bc 0.51 ab −0.43 b
36 0.32 bc 0.49 bc 0.52 ab −0.43 b
84 0.34 abc 0.51 abc 0.50 abc −0.42 ab

132 0.34 ab 0.51 ab 0.50 bc −0.42 ab
180 0.45 a 0.52 a 0.49 c −0.41 a
228 0.32 c 0.48 c 0.52 a −0.44 b

(RSPs) = Remote Sensing Platforms. (NDs) = Nitrogen Doses (kg ha−1 of N). (I) = Interaction between RSPs and
NDs. Means followed by the same letter (a, b, c) do not differ by LSD test. At the 5% significance level.

Table A2. Results of the LSD test for the variables (NDs and RSPs) at the VT stage.

Factors Variables MCARI2 MGRVI MTVI2 VARI

(RSPs)
CBERS-04A 0.88 a −0.92 c 0.77 a 0.46 a

UAV 0.32 c −0.56 a 0.29 c 0.18 c
Sentinel-2 0.74 b −0.78 b 0.65 b 0.21 b

(NDs)

0 0.63 c −0.74 a 0.56 c 0.25 c
36 0.64 bc −0.74 a 0.56 bc 0.26 bc
84 0.65 ab −0.76 b 0.57 ab 0.29 ab

132 0.65 a −0.76 b 0.58 a 0.29 ab
180 0.66 a −0.76 b 0.58 a 0.30 a
228 0.66 a −0.76 b 0.58 a 0.30 a

Factors Variables greenNDVI MSAVI

(RSPs) CBERS-04A UAV Sentinel-2 CBERS-04A UAV Sentinel-2

(NDs)

0 0.53 aD 0.45 bA 0.38 cC 0.76 aC 0.47 cA 0.62 bC
36 0.56 aC 0.44 bA 0.39 cBC 0.78 aB 0.47 cA 0.63 bBC
84 0.58 aAB 0.44 bA 0.41 cAB 0.80 aAB 0.47 cA 0.65 bAB
132 0.59 aAB 0.44 bA 0.43 bA 0.81 aA 0.47 cA 0.67 bA
180 0.61 aA 0.44 bA 0.43 bA 0.81 aA 0.47 cA 0.67 bA
228 0.58 aBC 0.45 bA 0.42 cA 0.80 aAB 0.48 cA 0.66 bA
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Table A2. Cont.

Factors Variables NDVI SAVI

(RSPs) CBERS-04A UAV Sentinel-2 CBERS-04A UAV Sentinel-2

(NDs)

0 0.61 aC 0.31 cA 0.45 bC 0.92 aC 0.47 cA 0.68 bC
36 0.64 aB 0.31 cA 0.46 bBC 0.96 aB 0.46 cA 0.70 bBC
84 0.67 aA 0.31 cA 0.48 bAB 0.10 aA 0.46 cA 0.73 bAB
132 0.68 aA 0.31 cA 0.50 bA 1.01 aA 0.46 cA 0.75 bA
180 0.68 aA 0.31 cA 0.50 bA 1.03 aA 0.46 cA 0.75 bA
228 0.66 aAB 0.32 cA 0.49 bA 0.99 aAB 0.48 cA 0.74 bA

Factors Variables SR WDRVI

(RSPs) CBERS-04A UAV Sentinel-2 CBERS-04A UAV Sentinel-2

(NDs)

0 0.24 cA 0.53 aA 0.38 bA −0.09 aD −0.45 cA −0.31 bC
36 0.22 cB 0.53 aA 0.37 bAB −0.04 aC −0.45 cA −0.29 bBC
84 0.20 cBC 0.53 aA 0.35 bBC 0.00 aB −0.45 cA −0.27 bAB
132 0.19 cC 0.53 aA 0.34 bC 0.02 aAB −0.45 cA −0.25 bA
180 0.19 cC 0.53 aA 0.33 bC 0.04 aA −0.45 cA −0.25 bA
228 0.20 cBC 0.52 aA 0.34 bC −0.01 aB −0.44 cA −0.26 bA

(RSPs) = Remote Sensing Platforms. (NDs) = Nitrogen Doses (kg ha−1 of N). (I) = Interaction between RSPs and
NDs. Means followed by the same lowercase letter in the column (a, b, c) and uppercase letter in the row (A, B, C,
D) do not differ from each other. At significance level of 5%.

Table A3. Results of the LSD test for the variables (NDs and RSPs) at stages R3, R4, and R5.

Factors Variables GreenNDVI MCARI2 MGRVI MSAVI MTVI2

CBERS-04A 0.40 a 0.67 a −0.74 c 0.61 a 0.59 a
(RSPs) UAV 0.40 a 0.27 c −0.51 a 0.43 c 0.24 c

Sentinel-2 0.26 b 0.51 b −0.54 b 0.45 b 0.45 b

Factors Variables NDVI SAVI SR VARI WDRVI

CBERS-04A 0.44 a 0.66 a 0.39 c 0.13 a −0.32 a
(RSPs) UAV 0.27 c 0.41 c 0.57 a 0.13 a −0.48 c

Sentinel-2 0.29 b 0.44 b 0.54 b 0.08 b −0.46 b

(RSPs) = Remote Sensing Platforms. (NDs) = Nitrogen Doses (kg ha−1 of N). (I) = Interaction between RSPs and
NDs. Means followed by the same letter (a, b, c) do not differ by LSD test. At significance level of 5%.
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