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Abstract: Remote sensing is an efficient method of monitoring experiments rapidly and by enabling
the collection of significantly more detailed data, than using only field measurements, ensuring new
possibilities in scientific research. A small plot field experiment was conducted in a randomized
block design with winter oat (Avena sativa L.) varieties in Debrecen, Hungary in the 2020/2021
cropping year. Multiple field measurements and aerial surveys were carried out examining the
response of oat on Silicon and Sulfur foliar fertilization treatments thereby monitoring their effects
on the physiology, production and stress tolerance. Parallel application of in situ (elevation, soil pH,
NDVI, SPAD, chlorophyll content) and aerial (NDVI, NDRE) surveys including unmanned aerial
vehicles (UAVs) provided a diverse source of data for evaluation. Both the oat varieties (88.9%)
and the foliar fertilization treatments (87.5%) were correctly classified and clearly separated with
the discriminant analysis based on measured data. The Pearson correlation analysis showed a very
strong positive connection (r = 0.895–1.00) between the NDVI values measured using a hand-held
system and UAV-installed camera, except the third measurement time, where the correlation was
weaker (r = 0.70). Our results indicate that field experiments can be effectively supported by UAVs.

Keywords: remote sensing; UAV; NDVI; NDRE; SPAD; LAI; chlorophyll; oats; foliar fertilization

1. Introduction

There has been an increase in concern about food security and sustainable agricultural
development in the world recently, of which one of the main components is the actual
estimation of supply and demand of crops such as oat (Avena sativa L.). Oat is the sixth most
grown cereal globally [1] and the fifth most important in Europe [2]. The assessment of
biomass and yield before actual production is crucial as it determines policies and decisions
in the agricultural production system, due to the rising demand for food grain around the
world [3]. The temperature in Hungary is raising [4,5], which is accompanied by a decrease
in precipitation and an increase in the frequency of droughts [6].

Observations in agriculture require real-time data on the crops. The close connection
between the canopy Leaf Area Index (LAI) and fAPAR (fraction of Absorbed Photosyn-
thetically Active Radiation) [7,8] explains the viability of remote sensing-based biomass
monitoring systems. NDVI can be used as an indirect measure of primary productivity
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because of its almost linear relationship with fAPAR. NDVI sensors are one of several solu-
tions for nutrient and water management based on the measurement of pigment activity
related to photosynthetic activity. NDVI is an indicator of photosynthetically active vegeta-
tion, and its value coincides with the specific chlorophyll content and biomass content of
the vegetation coverage of the area, hence it gives essential information for farmers [9–13].
In addition, applications of various proximal sensors are available to measure pigment
activity related to the photosynthetic activity [14,15]. Multispectral cameras featuring
high spatial and temporal resolution images are also effective in determining vegetation
coverage and typology, biomass and vegetation analysis [16] for weed management [17]
and nutrient supply. Integrated management of macro and micronutrients is considered
essential to prevent any deficiency that would lead to productivity reduction. However,
some non-essential elements, like Silicon, can enhance the healthy growth, development
and yield of different crops [18], mitigating the negative effect of abiotic [19,20] and bi-
otic [21,22] stresses by promoting plant physiological processes. Sulfur deficiencies restrict
plant biomass, yield and quality [23]. Sulfur plays an important role in the protection
against environmental stresses, too. As Sulfur is not mobile in the plant, a continuous
supply of Sulfur is needed for optimum crop performance [24].

Agricultural monitoring systems based on remote sensing are capable of provid-
ing timely information on nutrient supply status, growth phases and predicted crop
yields [9,25,26], complementing the traditional methodology [27–29]. Due to its ability to
collect data synoptically, with a large spatial coverage, and possibly at the global scale,
interest in deploying satellite-based remote sensing data for crop monitoring and yield
forecasts has exploded. Furthermore, remote sensing can provide timely (and potentially
real-time) and objective crop growth data at relatively minimal costs. Crop yield estimation
and early crop production forecasting are critical for policymakers to make timely decisions
when planning for exports. Farmers can quickly identify fields where crop yields are likely
to change [30].

Our objectives were to observe the relationship among different field and remote
sensing measurements in winter oats. A further aim is to analyze and apply a biomass
monitoring system based on Vegetation Indices derived from on-field spot measurement
and drone-based imagery. Therefore, elevation, soil pH, NDVI (field and UAV), SPAD,
chlorophyll content and other plant parameters were measured.

Hypothesis 1. There is a strong relationship between the data measured with handheld and
UAV sensors.

Hypothesis 2. It is possible to separate the winter oat varieties and foliar fertilization treatments
based on the combination of measured data using discriminant analysis.

2. Materials and Methods
2.1. Soil Characteristics of the Experimental Site

The experiment was conducted in 2020/2021 at the research area of the Debrecen
University, Hungary, the coordinates are 47◦33′02′′ N; 21◦35′56′′ E. The area has homoge-
neous chernozem soil, in the World Reference Base for Soil Resources it is Calcic Endofluvic
Chernozem (Endosceletic), [31].

The upper layer’s humus content is good (Hu% = 2.70–3.66), and the humus layer’s
thickness is roughly 80 cm. The soil plasticity index (KA) was 38. The upper soil layers are
slightly alkaline (pHH2O = 8.30–8.43) in acidity. The calcareous soil’s phosphorus supply
is very good (AL-soluble P2O5 1076.8–1671.6 mg kg−1), and its potassium supply is also
very good (AL-soluble K2O 525.5–658.9 mg kg−1 (Table 1). The sulfate supply is low, which
indicates the necessity of Sulfur application. The water table is 6–7 m deep, and the soil has
a good water regime.
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Table 1. Soil analysis results of the experiment area, first published by Kutasy et al. [19] (2021, Debrecen).

Layer
0–20 cm

Layer
20–40 cm

Layer
40–60 cm

pH (H2O) 8.30 8.36 8.43
KA 38 38 38

CaCO3 (%) 8.1 8.1 8.1
Humus (%) 3.66 2.92 2.70

NO3+NO2 (mg kg−1) 1.71 2.95 3.18
NH4 (mg kg−1) 0.836 1.023 3.180

P2O5 (AL) (mg kg−1) 1671.6 1376.1 1076.8
K2O (AL) (mg kg−1) 658.9 648.2 525.5

SO4 (mg kg−1) 3.07 6.00 7.81
Note: KA: Arany-type plasticity; AL: ammonium lactate-soluble.

2.2. Weather Characteristics of the Experiment Year

Debrecen’s climate is typical of the continental region, with harsh winters and hot, dry
summers, especially in July and August. The 30-year average temperature (1981–2010) is
10.3 ◦C. The weather characteristics of the experiment year are shown in Figure 1.
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Figure 1. Monthly precipitation totals and monthly average temperatures compared to the 30-year
average. 30-year-average: monthly averages for the period 1981–2010 at the experiment site, first
published by Kutasy et al. [19].

The germination and initial development of the winter oat experiment were very
favorable, despite the relatively late sowing (26 October 2020) due to above-average rainfall
in September–October and a mild and wet winter. A cooler-than-average spring helped the
tillering and vegetative development of winter oat varieties. June brought a very long dry
period, with temperatures above the 30-year average, which resulted in premature drying
and forced maturation of the plants.

2.3. Experiment Setup

The measurements were taken in a small plot (1.5 × 7 m = 10.5 m2) experiment, with
three independent repetitions (Figure 2). Sowing was done on 26 October 2020, with
550 seeds per m2 seed rate, with the depth at 5 cm.
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Figure 2. Field map with base map of NDRE image of 4 June 2021; Control, Si, S, Si+S: foliar
fertilization treatments; I., II., III.: replications; inside the treatment blocks the six oat varieties ((1)
‘Mv Hópehely’, (2) ‘Mv Kincsem’, (3) ‘Mv Imperiál’, (4) ‘Mv Istráng’, (5) ‘GK Arany’, (6) ‘GK Impala’)
were randomized.

(1) ‘Mv Hópehely’, (2) ‘Mv Kincsem’, (3) ‘Mv Imperiál’, (4) ‘Mv Istráng’, (5) ‘GK Arany’
and (6) ‘GK Impala’ are locally bred new, promising winter oat (Avena sativa L.) genotypes
that were evaluated. ‘Mv Hópehely’ is the first (2007) winter oat variety of Agricultural
Institute, Centre for Agricultural Research, Eötvös Loránd Research Network, Martonvásár,
Hungary, while ‘Mv Kincsem’, ‘Mv Imperiál’ and ‘Mv Istráng’ were registered in 2016. ‘Mv
Imperiál’ is the first black-seeded winter oat registered in Hungary. ‘GK Arany’ (2017) and
‘GK Impala’ (2005) are the varieties of Cereal Research Non-Profit Ltd., Szeged, Hungary.

Fertilization was: N20P40K120 kg ha−1, October 2020, N50 kg ha−1 26 February 2021.
We used four different treatments.

1. Control, without foliar fertilization.
2. Silicon fertilization (Si) 3.0 L ha−1.
3. Sulfur fertilization (S) 5.0 L ha−1.
4. Silicon+Sulfur fertilization (Si+S) 3.0+5.0 L ha−1.

Foliar fertilizers:

• Sulfur fertilizer: liquid foliar fertilizer with a high Sulfur content (lignosulfonate
formulation) 1000 g L−1 SO3, 30 g L−1 N, 30 g L−1 MgO, 27 g L−1 B, 0.003 g L−1 Mo.

• Silicon fertilizer: (potassium silicate formulation) 1.4 m/m% Si, 10.5 m/m% K2O.

Application times for foliar fertilization:

1 December 2020 BBCH13 (3 leaves unfolded)
10 May 2021 BBCH39 (flag leaf stage)
18 June 2021 BBCH73 (early milk)

2.4. Measurements, Calculations and Their Methodology
2.4.1. Field Measurements

Elevations of the field and coordinates of corner points of each parcel were surveyed
on the field with a geodetic theodolite. The parcel boundaries, as well as the corner point
coordinates of the experiment field, were determined with Stonex S9i RTK GPS using
the Stop&Go technique. Field survey information, thereafter, were processed in the ESRI
ArcGIS Pro software environment, where each parcel was interpreted as a rectangular
polygon. These polygons individually provided the spatial extent of the other attributes.
Thereby the spatial connection of the versatile measured and calculated parameter set is
given in the joint parameter table.
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The chlorophyll content of leaves was measured using SPAD-502Plus (Konica Minolta
Inc., Tokyo, Japan) lightweight handheld chlorophyll meter without causing damage to
plants. Chlorophyll absorbance peaks in the blue (400–500 nm) and red (600–700 nm)
regions, with no absorbance in the near-infrared region. The SPAD-502Plus measures
the absorbance of the leaf in the red and near-infrared regions. Considering these two
absorbance values, the numerical Soil Plant Analytical Division (SPAD) value can be
calculated, which is proportional to the amount of chlorophyll present in the leaf [32].

The SPAD values were measured three times: 27 May (BBCH 52); 10 June (BBCH 65);
24 June (BBCH 77) [33]. Each time, six plant measurements were taken for each plot.

The Normalized Difference Vegetation Index (NDVI) was estimated based on the
absorption and reflection of near-infrared and visible red light [34]. The NDVI values were
observed using two methods: on-field and drone-based imagery. A Trimble (Sunnyvale,
CA, USA) GreenSeeker hand-held crop sensor was used to measure the NDVI on the field.
This sensor uses light-emitting diodes (LEDs) with wavelengths of 656 nm and 774 nm
for active illumination. The two-band optical reflectance sensor (optical reflectance ratio)
records the intensity of the reflected light (Red and NIR). The sensor started to operate by
pulling the trigger at the start of each row. We took multiple readings and an average was
calculated when the trigger was released at the end of the sensed area. We held the sensor
consistently 60 cm above the canopy for optimal reading.

NDVI, NDVIUAV and NDREUAV values were measured five times, 27 May (BBCH52),
3 June (BBCH58), 10 June (BBCH65), 17 June (BBCH73), 24 June (BBCH77).

Prior to harvest, the maximum plant height for each individual plot was also measured.
On 9 July 2021 (BBCH89), the grain yield of each plot was harvested using a Wintersteiger
125 plot combine with a 125-cm cutting width. Grain samples were taken from each plot to
determine the grain moisture content and 1000 kernel weight (TKW).

2.4.2. UAV Based Measurements

A DJI Phantom 4 Pro V2 drone equipped with Sentera Double 4K TrueNDVI and
TrueNDRE sensors was used to record remotely sensed NDVI and NDRE images. The
orthorectified photos were analyzed in QGIS 3.16.12. Hannover software.

It was necessary to separate the channels further, we can use a system of equations to
subtract out the effect of the out-of-band channels on each band. This calculation assumes
that the incoming light is approximately uniform (which is the case with daylight). We also
add the constraint that the power across each of the filtered bands is equal. This allows us
to perform calculations across each of the color bands, even if the filter widths vary. This
results in the following [35] (Equations (1)–(3)):

Red = −0.966× DNblue + 1.000× DNred (1)

NIR = 4.350× DNblue− 0.286× DNred (2)

NDVI = − (NIR− Red)
(NIR + Red)

(3)

If our light source has smooth power across our wavelengths of interest, we can
subtract out the use of band wavelengths in the NIR and Red Edge portions via the
following (Equations (4)–(6)):

RedEdge = −0.956× DNblue + 1.000× DNred (4)

NIR = 2.426× DNblue− 0.341× DNred (5)

NDRE = − (NIR− RedEdge)
(NIR + RedEdge)

(6)

The boundaries of the plots were determined by Trimble RTK. The resulting polygon
shape file was pasted onto the stitched orthophoto at different time points. Then by the
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QGIS software, the raster was recalculated using the formula, and zone statistics were used
to determine the mean values on each plot.

2.4.3. Laboratory Measurements

The following parameters were examined analytically in laboratories: pH values of
the soil, and the chlorophyll content of oat samples.

Soil samples were taken 29 June 2021 from three locations in each parcel from the top
20 cm. The soil of the small plot field is homogenous from the aspect of soil genetics and
during this experiment, no treatment was applied on the pedosphere therefore, samples
were handled according to averaging method during ample preparation and laboratory
measurements. Hence, instead of 216 samples, only 24 samples were examined on three
large blocks of four treatments on six varieties.

The pH was measured with a WTW pH/Cond 3320 m from soil samples that were
dissolved in distilled water at a ratio of 1:2.5. The solutions were filtered for measurement
after shaking them on a flat platform shaker for 24 h in sealed glass beakers.

Leaf samples were taken from three sample points within each parcel. Total chlorophyll
content assessment was carried out on leaf samples taken on 24 June (BBCH 77). Leaf sam-
ples were preserved and prepared for analysis according to the findings of Szabó et al. [36].
The leaves were refrigerated at 4 ◦C before being delivered and processed in the laboratory
within 6 h—according to the common procedure. For uniformity, 80 percent acetone and 1 g
quartz sand were used to destroy the pigment content of the leaf samples. The suspensions
were centrifuged for 3 min at 3000 rev/min in a Hettich ROTOFIX 32A, and the clean
solution was transferred to a 2.5 mL quartz cuvette. The absorbance of the solution was de-
termined using a SECOMAN Anthelie Light II. UV-VIS spectrophotometer at wavelengths
of 470, 644 and 663 nm. Light in the red range is absorbed by chlorophyll-A, whereas
light in the blue range is absorbed by chlorophyll-B. Droppa et al. [37] used the following
formula to convert the observed values to total chlorophyll levels (Equation (7)):

Chla + b = (20.2× A644 + 8.02× A663)×
V
w

(7)

Chla+b: chlorophyll-A and B content (µg/g), V: volume of extracted plant tissue
(mL), A644: spectral absorbance value in wavelength of 644 nm (unitless), A663: spectral
absorbance value in wavelength of 663 nm (unitless), w: weight of fresh plant tissue
sample (g).

Measured values for all mentioned parameters were imported into ArcGIS based on
sample point coordinates and parcel corner coordinates measured on the field with a Stonex
S9i GNSS Receiver brand RTK GPS device.

For soil pH values, three parcels (one for each experiment repetition for the same
treatment) have the same values, respectively, due to the average sampling and measuring.
In the case of the chlorophyll content of oats, each sampling point is represented as one
record in the GIS database; hence, points were available in sufficient amount to run raster
interpolation providing chlorophyll content distribution map supporting data visualization.

2.5. Data Analysis

The IBM SPSS Statistics 22.0 statistical software (IBM Corp. Chicago, IL, USA) was
used for data analysis and evaluation. To compare the means of the different parameters
among the varieties and treatments, a univariate GLM model with descriptive statistics
turned on was utilized. We checked the prerequisites to the analysis of variance (normality,
homogenous variances and independency) on the dependent variables. The Kolmogorov–
Smirnov test was used to check for normality. For pairwise comparisons of the means,
LSD post hoc testing was used. The significance level (alpha) was set to p = 0.05. To
test group membership, discriminant analysis was applied on standardized values. The
linear relations between the parameters were detected using Pearson correlation analysis
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(two-tailed). The interval of standard error and significance on the figures and tables were
presented where it was relevant.

3. Results
3.1. Elevation and Soil pH

The Digital Elevation Model (DEM) generated from the measured elevation values
shows a slight dipping towards the west, consequently, the general flow direction is from
east to west. The mean is 106.67 m, the minimum value is 106.493 m, while the highest
points are 106.86 m above sea level (Figure 3).
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The measured pH values fall within a narrow range (7.59–7.87), but vary between
treatments, with the highest pH values measured in the Si and S treated areas and in the
control areas and the lowest pH values measured in the S treated areas (Figure 4).
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means of the control and Sulfur fertilized plots were equal on 27 May, while the Si and 
Si+S treatments resulted in lower SPAD values by 3.1 and 8.2%, respectively, compared to 

Figure 4. Soil pH map for the winter oat parcels; Control, Si, S, Si+S: foliar fertilization treatments; I.,
II., III.: replications; inside the treatment blocks the six oat varieties were randomized.
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3.2. Effects of Treatments on the Chlorophyll Content and SPAD Value of Oat

The chlorophyll content data series of plant samples show a bimodal lognormal
distribution with higher values in the control and Si treated areas (Figure 5), although the
differences among the varieties or the treatments were not significant.
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24 June 2021; control, Si, S, Si+S: foliar fertilization treatments; I., II., III.: replications; inside the
treatment blocks the six oat varieties were randomized.

The foliar fertilization caused a significant discrepancy (p < 0.001) in the SPAD value
of the oat varieties in all three measurement times (Figure 6). The range was between 33.88
and 59.50 on 27 May (BBCH52), 43.70 and 64.18 on 10 June (BBCH65) and 15.70 and 56.58
on 24 June (BBCH77). The last measurement showed very low values of SPAD (control,
Si, S, Si+S, 44.47, 38.15, 44.95, 32.71, respectively), and the variation was the highest. The
means of the control and Sulfur fertilized plots were equal on 27 May, while the Si and Si+S
treatments resulted in lower SPAD values by 3.1 and 8.2%, respectively, compared to the
control. Later in the season, the Sulfur fertilized plants had the highest relative chlorophyll
content, but the values were higher only by 2.9 and 1.1% than the control. Silicon foliar
fertilization decreased the SPAD value of the oat observed on 10 and 24 June, it was lower
by 9.3 and 14.2% than the control.

The response of the varieties to the treatments was varied in the SPAD values. On
10 June, when the highest values were observed, ‘Mv Istráng’ showed the highest SPAD
value (58.45), and ‘GK Arany’ was the lowest (54.03). The Si fertilized plants showed
lower SPAD value compared to the control plots in ‘Mv Hópehely’, ‘Mv Kincsem’, ‘Mv Im-
periál’, ‘Mv Istráng’, ‘GK Arany’, ‘GK Impala’, by 5.8, 14.5, 13.0, 9.8, 3.4, 8.3%, respectively
(Figure 7).

We found no significant correlations among the soil pH, the chlorophyll content
measured in the laboratory from leaf samples were taken on 24 June (BBCH 77) and the
SPAD values from field measurements at different vegetation periods: 27 May (BBCH 52);
10 June (BBCH 65); 24 June (BBCH 77). Pearson correlation coefficient (r) values can be
found in Table 2.
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Table 2. Pearson correlation coefficient (r) values between chlorophyll content, pH and SPAD values
in winter oat (2021, Debrecen).

Chlorophyll Content pH SPAD1 SPAD2 SPAD3

Chlorophyll content 1 −0.304 −0.059 −0.216 0.011
pH −0.304 1 −0.071 0.208 −0.162

3.3. NDVI Field and UAV Measurements

The application of foliar fertilization caused significant differences in the NDVI values
in all the measurement times (p < 0.001). The highest NDVI values were observed in
the control plots, the difference varied between 2.2–3.4% on 27 May, 2.8–4.4% on 3 June,
1.0–2.8% on 10 June, 0.6–3.7% on 17 June and 3.0–15.6% on 24 June (Figure 8). The effect of
the treatments was more articulated at the last measurement time (BBCH77).
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The differences in NDVI were also significant among the varieties (p < 0.001), the
variation was very low. The differences varied from 0.12% to 2.44% on 27 May (BBCH52),
from 0.08% to 2.08% on 3 June (BBCH58), from 0.10% to 3.43% on 10 June (BBCH65), from
0.28% to 2.53% on 17 June (BBCH73) and from 0.35% to 10.12% on 24 June (BBCH77)
(Figure 9).

Parallel with the field measurements, UAV-based observations were made. The high-
resolution RGB image and high resolution stitched orthophotos of NDVI and NDRE can be
found in Figures 10–12.



Sustainability 2022, 14, 3339 11 of 19

Sustainability 2022, 14, x FOR PEER REVIEW 11 of 20 
 

 
Figure 8. The NDVI values of the winter oat as the effect of the treatments (Debrecen, 2021); Mean 
of the varieties, ± standard error. The differences among the treatments were significant at p = 0.001. 
The different letters mean significant difference at p < 0.05 among the treatments. 

The differences in NDVI were also significant among the varieties (p < 0.001), the 
variation was very low. The differences varied from 0.12% to 2.44% on 27 May (BBCH52), 
from 0.08% to 2.08% on 3 June (BBCH58), from 0.10% to 3.43% on 10 June (BBCH65), from 
0.28% to 2.53% on 17 June (BBCH73) and from 0.35% to 10.12% on 24 June (BBCH77)  
(Figure 9). 

 
Figure 9. The NDVI values of the winter oat varieties as the effect of the treatments (Debrecen, 3 
June 2021); ± standard error. The differences among the treatments were significant at p = 0.001. The 
different letters mean significant difference at p < 0.05 among the treatments. 

Parallel with the field measurements, UAV-based observations were made. The high-
resolution RGB image and high resolution stitched orthophotos of NDVI and NDRE can 
be found in Figures 10–12. 

Figure 9. The NDVI values of the winter oat varieties as the effect of the treatments (Debrecen,
3 June 2021); ±standard error. The differences among the treatments were significant at p = 0.001.
The different letters mean significant difference at p < 0.05 among the treatments.

Sustainability 2022, 14, x FOR PEER REVIEW 12 of 20 
 

 
Figure 10. Winter oat experiment RGB 4 June 2021. Captured by Phantom 4 Pro V2. High resolu-
tion—2 cm/pixel. The plots are clearly separated. 

 
Figure 11. Winter Oat experiment 17 June 2021. NDVI raster calculated by Sentera formula. Cap-
tured by Phantom 4 Pro V2 Sentera Double 4K NDVI camera. High-resolution stitched orthophoto. 

Figure 10. Winter oat experiment RGB 4 June 2021. Captured by Phantom 4 Pro V2. High resolution—
2 cm/pixel. The plots are clearly separated.



Sustainability 2022, 14, 3339 12 of 19

Sustainability 2022, 14, x FOR PEER REVIEW 12 of 20 
 

 
Figure 10. Winter oat experiment RGB 4 June 2021. Captured by Phantom 4 Pro V2. High resolu-
tion—2 cm/pixel. The plots are clearly separated. 

 
Figure 11. Winter Oat experiment 17 June 2021. NDVI raster calculated by Sentera formula. Cap-
tured by Phantom 4 Pro V2 Sentera Double 4K NDVI camera. High-resolution stitched orthophoto. 

Figure 11. Winter Oat experiment 17 June 2021. NDVI raster calculated by Sentera formula. Captured
by Phantom 4 Pro V2 Sentera Double 4K NDVI camera. High-resolution stitched orthophoto.

Sustainability 2022, 14, x FOR PEER REVIEW 13 of 20 
 

 
Figure 12. Winter Oat experiment 17 June 2021. NDRE raster calculated by Sentera formula. Cap-
tured by Phantom 4 Pro V2 Sentera Double 4K NDRE camera. High-resolution stitched orthophoto. 

The relationship was inspected between the NDVI values measured using a hand-
held system and UAV-installed camera (NDVIUAV) with Pearson correlation analysis (Ta-
ble 3). Close correlation was expected, and the coefficients pointed to a very strong posi-
tive connection between them (r = 0.895–1.000), except for the third measurement time, 
where the correlation was weaker (r = 0.700). The correlation was statistically significant 
(p = 0.01). There was also a positive correlation between the hand-held NDVI and 
NDREUAV values (r = 0.213–0.517).  

Table 3. Pearson correlation coefficient (r) values among NDVI, NDVIUAV, NDREUAV (2021, Debre-
cen). 

 NDVI1 NDVI2 NDVI3 NDVI4 NDVI5 NDRE2 UAV NDRE3 UAV NDRE4 UAV NDRE5 UAV 
NDVI2 0.683 ** - 0.210 0.548 ** 0.469 ** 0.517 ** 0.516 ** 0.236 * 0.458 ** 
NDVI3 0.270 * 0.210 - 0.455 ** 0.090 0.064 0.256 0.172 0.102 
NDVI4 0.427 ** 0.548 ** 0.455 ** - 0.569 ** 0.431 ** 0.529 ** 0.213 0.296 * 
NDVI5 0.360 ** 0.469 ** 0.090 0.569 ** - 0.424 ** 0.489 ** 0.247 * 0.388 ** 

NDRE2UAV 0.389 ** 0.517 ** 0.064 0.431 ** 0.424 ** - 0.809 ** 0.389 ** 0.742 ** 
NDRE3UAV 0.390 ** 0.516 ** 0.256 0.529 ** 0.489 ** 0.809 ** - 0.495 ** 0.594 ** 
NDRE4UAV 0.035 0.236 * 0.172 0.213 0.247 * 0.389 ** 0.495 ** - 0.555 ** 
NDRE5UAV 0.248 * 0.458 ** 0.102 0.296 * 0.388 ** 0.742 ** 0.594 ** 0.555 ** - 
NDVI1UAV 1.000 ** 0.683 ** 0.270 * 0.427 ** 0.360 ** 0.389 ** 0.390 ** 0.035 0.248 * 
NDVI2UAV 0.682 ** 0.988 ** 0.203 0.590 ** 0.495 ** 0.548 ** 0.555 ** 0.235 * 0.491 ** 
NDVI3UAV 0.539 ** 0.516 ** 0.700 ** 0.764 ** 0.464 ** 0.402 ** 0.506 ** 0.120 0.204 
NDVI4UAV 0.423 ** 0.562 ** 0.398 ** 0.968 ** 0.571 ** 0.470 ** 0.579 ** 0.216 0.330 ** 
NDVI5UAV 0.279 * 0.443 ** 0.157 0.415 ** 0.895 ** 0.352 ** 0.419 ** 0.242 * 0.329 ** 

**. Correlation is significant at the 0.01 level; *. Correlation is significant at the 0.05 level. 

The correlation was inspected between the SPAD, NDVIUAV and NDREUAV values 
(Table 4). The Pearson correlation analysis resulted in positive but low correlation coeffi-
cient (r) values. The range was from 0.017 to 0.601, and in some cases, it was statistically 

Figure 12. Winter Oat experiment 17 June 2021. NDRE raster calculated by Sentera formula. Captured
by Phantom 4 Pro V2 Sentera Double 4K NDRE camera. High-resolution stitched orthophoto.

The relationship was inspected between the NDVI values measured using a hand-held
system and UAV-installed camera (NDVIUAV) with Pearson correlation analysis (Table 3).
Close correlation was expected, and the coefficients pointed to a very strong positive
connection between them (r = 0.895–1.000), except for the third measurement time, where
the correlation was weaker (r = 0.700). The correlation was statistically significant (p = 0.01).
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There was also a positive correlation between the hand-held NDVI and NDREUAV values
(r = 0.213–0.517).

Table 3. Pearson correlation coefficient (r) values among NDVI, NDVIUAV, NDREUAV (2021, Debrecen).

NDVI1 NDVI2 NDVI3 NDVI4 NDVI5 NDRE2 UAV NDRE3 UAV NDRE4 UAV NDRE5 UAV

NDVI2 0.683 ** - 0.210 0.548 ** 0.469 ** 0.517 ** 0.516 ** 0.236 * 0.458 **
NDVI3 0.270 * 0.210 - 0.455 ** 0.090 0.064 0.256 0.172 0.102
NDVI4 0.427 ** 0.548 ** 0.455 ** - 0.569 ** 0.431 ** 0.529 ** 0.213 0.296 *
NDVI5 0.360 ** 0.469 ** 0.090 0.569 ** - 0.424 ** 0.489 ** 0.247 * 0.388 **

NDRE2UAV 0.389 ** 0.517 ** 0.064 0.431 ** 0.424 ** - 0.809 ** 0.389 ** 0.742 **
NDRE3UAV 0.390 ** 0.516 ** 0.256 0.529 ** 0.489 ** 0.809 ** - 0.495 ** 0.594 **
NDRE4UAV 0.035 0.236 * 0.172 0.213 0.247 * 0.389 ** 0.495 ** - 0.555 **
NDRE5UAV 0.248 * 0.458 ** 0.102 0.296 * 0.388 ** 0.742 ** 0.594 ** 0.555 ** -
NDVI1UAV 1.000 ** 0.683 ** 0.270 * 0.427 ** 0.360 ** 0.389 ** 0.390 ** 0.035 0.248 *
NDVI2UAV 0.682 ** 0.988 ** 0.203 0.590 ** 0.495 ** 0.548 ** 0.555 ** 0.235 * 0.491 **
NDVI3UAV 0.539 ** 0.516 ** 0.700 ** 0.764 ** 0.464 ** 0.402 ** 0.506 ** 0.120 0.204
NDVI4UAV 0.423 ** 0.562 ** 0.398 ** 0.968 ** 0.571 ** 0.470 ** 0.579 ** 0.216 0.330 **
NDVI5UAV 0.279 * 0.443 ** 0.157 0.415 ** 0.895 ** 0.352 ** 0.419 ** 0.242 * 0.329 **

**. Correlation is significant at the 0.01 level; *. Correlation is significant at the 0.05 level.

The correlation was inspected between the SPAD, NDVIUAV and NDREUAV values
(Table 4). The Pearson correlation analysis resulted in positive but low correlation coefficient
(r) values. The range was from 0.017 to 0.601, and in some cases, it was statistically
significant at p = 0.05 or 0.01 level. The results showed that there was a weak or no
connection between the SPAD and NDVIUAV values (r = 0.017–0.437) in the first three
measurement times. Between the NDVIUAV5 and SPAD1-3 values, there was medium
strength and significant correlation (r = 0.601, 0.350, 0.452, respectively). The NDREUAV
and SPAD values showed no connection to medium correlation (r = 0.022–0.485).

Table 4. Pearson correlation coefficient (r) values between NDVIUAV, NDREUAV and SPAD values in
winter oat (2021, Debrecen).

SPAD1 SPAD2 SPAD3

NDVIUAV1 0.142 0.195 0.437 **
NDVIUAV2 0.337 ** 0.226 0.352 **
NDVIUAV3 0.033 0.017 0.031
NDVIUAV4 0.456 ** 0.147 0.382 **
NDVIUAV5 0.601 ** 0.350 ** 0.452 **
NDRE2UAV 0.457 ** 0.262 * 0.280 *
NDRE3UAV 0.485 ** 0.190 0.282 *
NDRE4UAV 0.284 * 0.022 0.057
NDRE5UAV 0.337 ** 0.151 0.243 *

** Correlation is significant at the 0.01 level (two-tailed); *. Correlation is significant at the 0.05 level (two-tailed).

3.4. Discriminant Analysis

Discriminant analysis was run to investigate the relationship between the categori-
cal grouping variables and a group of interrelated scale variables after standardization
(NDVIUAV1-5, NDREUAV1-5, SPAD1-3, Height, TKW and Yield). The yield map can be seen
in Figure 13.

First, the categorical variable was the variety. The result showed that classification was
successful because 88.9% of original grouped cases were correctly classified. The original
and predicted group memberships fitted well (Table 5). The percent of correctly classified
cases varied from 66.7% (‘Mv Hópehely’) to 100% (Mv Kincsem, Mv Imperiál). Figure 14
presents the visual interpretation of the classification result. The varieties ‘Mv Kincsem’,
‘Mv Imperiál’ and ‘GK Impala’ are clearly separated.
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Figure 14. Combined groups plot of discriminant analysis, oat varieties (Debrecen, 2021).

Table 5. Discriminant analysis classification results, oat varieties.

Variety
Predicted Group Membership

1 2 3 4 5 6

1 66.7% 0% 0% 25% 8.3% 0%
2 0% 100% 0% 0% 0% 0%
3 0% 0% 100% 0% 0% 0%
4 16.7% 0% 0% 83.3% 0% 0%
5 8.3% 0% 0% 0% 91.7% 0%
6 8.3% 0% 0% 0% 0% 91.7%

88.9% of original grouped cases were correctly classified.
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Table 6 shows the discriminant analysis result where the categorical variable was
the foliar fertilization treatment. The classification was also successful, 87.5% of original
grouped cases were correctly classified. The share of the correctly classified cases varied
from 83.3% (Si) to 94.4% (Si+S). On the combined groups plot (Figure 15), the fertilization
treatments can be separated visually, but overlapping also can be observed.

Table 6. Discriminant analysis classification results, fertilization treatments.

Treatment
Predicted Group Membership

Control Si S Si+S

Control 88.9% 5.6% 5.6% 0%
Si 5.6% 83.3% 11.1% 0%
S 5.6% 11.1% 83.3% 0%

Si+S 0% 5.6% 0% 94.4%
87.5% original grouped cases correctly classified.
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4. Discussion

All cultivated areas in the world are affected by climate change, and the most negative
effects (increased incidents of heatwaves and droughts) will be found for the continental
climate in the Pannonian zone, including Hungary, too [38]

Plants change their appearance continuously during their growth cycle in response to
different abiotic and biotic environmental effects and the added treatments, just like macro-
and micronutrient fertilization. Data were recorded on the physiological aspects of crops
with different field and remote sensing surveys. As the spectral response of crop canopy
is influenced by the plant health, growth stage, field management practices and stress
condition, monitoring our fields by UAV surveys could be useful for a rough evaluation of
the nutritional status of plants [39]. Remote sensing is a valuable tool to provide improved
information on the response of winter oat varieties to Silicon and Sulfur foliar fertilizer
treatments applied at different phenological stages.

Hand-held relative chlorophyll content meters, like the SPAD-502Plus are well suited
to measuring the chlorophyll content of leaves relatively accurately in many plant species.
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The researchers report different and sometimes conflicting results on its usefulness. The
accuracy depends on the species and the type of leaf pigment. Mielke et al. [40] evaluated
the SPAD values using laboratory leaf samples measurements. They found that SPAD
values are quite reliable when the measurement location and the sampling location are
the same on the leaf. Zandonadi et al. [41] found positive linear correlations among SPAD
values and nitrogen content of sorghum hybrids. In contrast, we found no significant
correlation between the chlorophyll content measured in a laboratory from leaf samples
and the SPAD values from field measurements at different growth stages. In our study,
we found that the differences among the varieties were not significant, but the foliar
fertilization caused a significant change in the SPAD values. Żelazny [42] reported that the
chlorophyll concentration of the oat leaves can be predicted using hyperspectral imagery.

Our results revealed significant differences among the foliar fertilizer treatments
in the NDVI values in all measurement times. The effect of the treatments was more
pronounced at the end of the growing season (24 June, BBCH77). Shah et al. [43], Hatfield
and Prueger [39] and Kizilgeci et al. [44] obtained similar results with oats and different
field crops (maize, soybean, wheat, durum wheat and canola).

The use of remote sensing capabilities allows fast measurements compared to manual
measurements. The question is the reliability of the measurement results obtained, which
is why they need to be validated. We examined the relationship between the NDVI values
measured with the hand-held instrument and UAV-installed camera (NDVIUAV) with
Pearson correlation analysis. A very strong positive correlation was found between them
(r = 0.895–1.000). Thus, the hypothesized (hypothesis 1) close correlation between the
manual measurements and the UAV sensor readings was confirmed.

Hypothesis 2 was that it is possible to separate the oat varieties and foliar fertilization
treatments based on the measured SPAD, NDVIUAV, NDREUAV, height, TKW and yield
parameters using discriminant analysis. There are data in the literature on the classification
of genotypes of different crops. Öner [45] wrote, based on the investigation on local maize
genotypes that the classification was successful, but increasing the number of heritable
traits gives the more effective classification of genotypes. Other researchers stated that dis-
criminating the crop varieties based on morphological and biophysical features is possible,
but using hyperspectral data is more useful and applicable on large scale. The accuracy
is generally high in cultivar detection. Bégué et al. [46] stated 73–92% accuracy, but other
researchers demonstrated higher success rates (89.9–100%) [47]. In the maize crop, the accu-
racy was affected by the phenological stages, and Chivasa et al. [48] found that flowering
and onset of senescence were the ideal stages for accurate discrimination. Zhang et al. [49]
demonstrated that cotton cultivars can be classified using hyperspectral data with accuracy
from 90.4% to 100%. The discriminant analysis results in our investigation demonstrated
that classification was successful, with 88.9% of the initial grouped cases properly classified.
The original and predicted group memberships fitted well, and the accuracy varied from
66.7% to 100%. We also found that the accuracy of the classification in the discriminant
analysis on the foliar fertilization treatment also was very high, 87.5% of original grouped
cases were correctly classified and the accuracy varied from 83.3% (Si) to 94.4% (Si+S) in
the treatments.

The problem in comparing the results of different studies is that usually different
sensors and different experimental conditions (crop species, varieties, soil conditions, etc.)
were used.

5. Conclusions

The field observed relative chlorophyll content (SPAD) and the laboratory-measured
leaf chlorophyll content are not necessarily closely related.

Using hyperspectral imagery, oat varieties and plots receiving different silicon and
Sulfur foliar fertilization treatments can be reliably distinguished.

Based on our results, high-resolution RGB orthophotos and NDVI and NDRE maps
from UAV instruments equipped with hyperspectral cameras could be an important addi-
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tional input for the evaluation of small plot field experiments, but accurate and detailed
research also requires surface measurements. The remote sensing method provides a de-
tailed raster data set of the upper leaves and sampling should be designed accordingly, and
the values measured by the two methods are to be compared in more detail.

The advantages of using remote sensing in small plot experiments were confirmed in
this study, however, the measurements using handheld equipment cannot be completely
substituted by them. Both varieties (88.9%) and treatments (87.5%) were successfully
classified using discriminant analysis based on a combination of remote sensing and
surface data.
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