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Remote field monitoring results feasibility assessment
for energy crops yield management

Abstract. Most vegetation indices for UAV data analysis are developed for low-resolution satellite platforms, which
requires the use of other monitoring methods and agrochemical measures to accurately determine the state of plantations,
considering different stages of vegetation and spectral characteristics. The research aims to develop a methodology for
assessing the suitability of remote sensing spectral data for energy crop nutrition management. The study was conducted
using winter crops, including wheat and rapeseed. The results for winter wheat for the period from 2017 to 2020 were
analysed. Stresses associated with nutrient deficiencies were studied in the fields of long-term stationary experiments at
the National University of Life and Environmental Sciences of Ukraine. The results obtained from the Slantrange sensor
and Slantview software were used. The studies confirmed that the pixel distribution in images of plantations (wheat and
winter rape) can be described by a Gaussian distribution. The coefficient of determination for wheat was higher than for
rape due to the peculiarities of the plant leaf structure. For rapeseed, a higher coefficient of determination was found for the
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lognormal distribution, which is not convenient for automating fertilisation processes in precision farming technologies. The
analysis of the distribution by spectral channels, in particular the presence of several maxima, may indicate the presence of
foreign inclusions or transitional stages of vegetation, which makes such data unsuitable for crop management. It has been
established that if, after soil filtration, the maximum amplitude of the distribution exceeds the nearest one by more than 3
times, the growing season can be considered stable for a particular area, and the results of spectral monitoring are reliable
for further analysis It has been confirmed that the vegetation indices GNDVI and RNDVI are not effective for assessing the
reliability of data based on the standard deviation of the distribution. Reference values of the standard deviation of the
distribution can be established at research stations with controlled stress factors, which will help in crop management

Keywords: precision agriculture; data suitability; vegetation indices; Gaussian distribution

INTRODUCTION

Unmanned aerial vehicles (UAVs) are an innovative tool
for field monitoring that addresses some of the significant
drawbacks of satellite systems, such as inaccessibility, high
cost, and limited image resolution. However, most vegeta-
tion indices used to analyse UAV data have been developed
for satellite platforms with low resolution, where a group
of plants is displayed in a single pixel. The indices based
on the “soil line” concept are mainly aimed at assessing the
presence of biomass, but other methodological approaches
are needed to monitor crop production. The spectral char-
acteristics of plants also depend on the stages of vegeta-
tion, and in such cases, the calculation of the average value
for the entire plot, which is typical for satellite monitoring,
is not sufficiently accurate.

The problem of determining the conformity of the re-
sults of spectral monitoring of plantations with their con-
dition remains unresolved. Unless this issue is resolved,
the automation of processes for differentiated fertiliser ap-
plications remains unresolved, which critically affects the
technical aspect of precision agriculture. Erroneous data
on the interpretation of monitoring results fundamentally
complicate the selection of plantations for the production
of pellets, heat briquettes and biogas. Developing a meth-
odology for assessing the suitability of remote sensing
spectral data for nutrition management, and hence crop
formation, was the research goal.

Researchers were interested in the presence of crops
and their nomenclature, while the issue of crop manage-
ment was less relevant. The task of obtaining and inter-
preting information has become fundamentally more
complex for precision farming technology, as the spectral
characteristics of objects depend significantly on light-
ing conditions. With this in mind, a set of technical and
organisational measures is used to achieve data reproduc-
ibility. H. Aasen et al. (2015) considered the construction
of 3D plant models, where a methodology for combining
data from several flights is proposed to achieve high ac-
curacy. Despite interesting results, this approach requires
several consecutive flights in different directions, which is
not practical on an industrial scale with limited time. F. Liu
et al. (2021b) consider an approach to determine plant ar-
chitecture features by mass phenotyping using UAVs and
comparing spectral portraits with reference templates.
Information on plant size is useful for detecting stress

conditions. However, in the early stages of the growing
season, high image resolution is required to accurately
identify plant conditions, which can only be obtained from
low altitudes, making it difficult to use this technology on
an industrial scale. Another technical tool for estimating
plant size is LiDAR (Light Detection and Ranging), which
is described in the review article by H. Dhami et al. (2020).
However, even this innovative equipment, according to a
study by B.P. Banerjee et al. (2019), is less effective for small
plants with leaves only a few millimetres wide.

R. Lottering & K. Peerbhay (2022) proposed a differ-
ent approach to identifying the spread of pests in the for-
est, based on the use of reference values of plant spectral
parameters. The authors estimate the deviation of NDVI
(Normalised difference vegetation index) from seasonal
changes calculated at different stages of the growing sea-
son, since satellite imagery is performed at high frequency
and data for a specific stage of plant development can be
selected. However, in real production conditions, spectral
equipment is a valuable resource, and it is necessary to
minimise the number of flights.

Y. Cao et al. (2020) present an original approach to de-
termining the state of plants by changing their dimensions
using sugar beet as an example. The researchers proposed a
new vegetation index - WDRVI (Wide-dynamic-range veg-
etation index), introduced with an additional coefficient
for the infrared channel. However, the 5% increase in accu-
racy achieved requires compensation for the cost of deter-
mining dynamically changing coefficients for the infrared
channel, which may not be feasible from the point of view
of large-scale production. Given this, a more promising ap-
proach is to compare the spectral performance with certain
reference samples.

The prospects of these innovative indices for crop
yield management are described by N. Amarasingam et
al. (2022). The standard functionality of Slantview is limit-
ed to ready-made vegetation indices and does not provide
access to the original data adjusted for light and geoloca-
tion, so information about the channels was taken accord-
ing to the method described by S. Shvorov et al. (2020).

G. Yan et al. (2019) showed that a decrease in the res-
olution of the images leads to a loss of the ability to dis-
tinguish separate bands corresponding to soil and plants.
The approach was improved by A. Coy et al. (2016), where
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the identification was refined by assessing the distribution
of intensity values of colour components in CIELAB space.
The authors used thresholds to determine the area of the
plant dome. However, this approach can be effective only
in the early stages of the growing season, when the shadow
formed on the lower tiers of plant leaves can be neglected.

Soil and plant identification in the study of L. Li et
al. (2018) were based on the left or right half of the Gaussi-
an distribution. This approach allows for the identification
of two components in the presence of three components,
but its effectiveness is questionable.

Thus, the analysis of the literature shows that the
Gaussian distribution describes the dependence of the
number of pixels on the intensity values of colour compo-
nents for plants and soil. However, the above studies were
conducted under stationary conditions with the same plant
growing season and air-dry soil conditions. For practical
implementation, it is necessary to explore other options,
including production fields.

MATERIALS AND METHODS
The study was conducted using winter crops, including
wheat and rapeseed. For winter wheat, the results ob-
tained during the period from 2017 to 2020 were analysed.
Stresses associated with nutrient deficiencies were inves-
tigated in the fields of long-term stationary experiments
conducted at the Department of Agrochemistry and Crop
Production Quality of the National University of Life and

#i% 50274149, 31008248

Environmental Sciences of Ukraine, where fertiliser appli-
cation systems are studied.

This study was conducted under the Convention on
Biological Diversity (2022). Multispectral studies in the in-
frared range were carried out using the Slantrange 3p sys-
tem (USA) and Slantview software (version 2.13.1.2304),
specially developed for this sensor equipment. A feature of
Slantview software is the ability to create maps of vegeta-
tion index distribution directly quickly and autonomous-
ly on the field. It also provides the formation of a general
orthophoto plan from the images, and lighting correction
and provides the user with ready-made maps of the dis-
tribution of vegetation indices, such as various variants
of NDVI (Normalised difference vegetation index). Using
standard Slantview software tools, the data can be export-
ed in GeoTIFF format. Rapeseed plots with and without
signs of technological stress were considered in the study.
Data from individual spectral channels and vegetation in-
dices calculated by Slantview were analysed.

To ensure clear identification of pixels in the image,
reference points were used, which were implemented in the
Slantview software for the image and map windows. These
points were present both in the map window and in the im-
ages (Fig. 1). Slantview has a distance measurement option
in the map window, which is not available in the image win-
dow. Therefore, to accurately identify the position of the
study plots on the images, it is necessary to have at least
two reference points with a known distance between them.

5t SlantView: 5027418669, 31.00817204, GREEN NOVI = 0.759962

FOeRHSICIIIOrA@9@9.IB8CRHRR

Figure 1. Slantview interfaces, with the “snapshots” and “maps” windows
on the left and right, respectively (Green NDVI index)
Note: a white quadrangle in the map window marks the area displayed in the snapshot window

Source: compiled by the authors

The highest detail (GSD of 0.04 m/pixel) was obtained
using the snapshot window in Slantview software, which
provides access to various NDVI options such as Green,
Red and RedEdge. When studying the results for individual
spectral channels in the snapshot window, monochrome
images were used, which were saved in BMP format to pre-
serve complete information. To do this, Paint (Microsoft
Windows 7.0 Sp.1) was used to copy the screen.

Using the map window in Slantview, a smaller-scale
map of the index distribution was obtained. In this window,

in addition to the standard NDVI indices, indices proposed
by Slantview developers, such as Stress, Vegetative fraction
and Yield potential, were calculated. The methodology
was further improved by using reference points that were
also displayed in the image window for individual spec-
tral channels (Pasichnyk et al., 2021). The minimum scale
(GSD 0.5 m/pixel) of the index distribution was obtained
from the geotiff file, where geospatial data can be stored
in Slantview software. Statistical processing of the exper-
imental data on the distribution parameters was carried
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out using OriginPro v/8.0951 (B951) software developed by
OriginLab Corporation.

For the mathematical processing of the spectral data,
an approach described by D. Liu et al. (2021a), when the
distribution was considered as a Gaussian distribution, was
used. This particular approach focuses on the early stages
of the growing season, when the number of pixels associ-
ated with plants and soil is approximately the same, and
correctly uses the sum of two Gaussian distributions — one
for soil presence and the other for plants, and in the later
stages of the growing season, the proportion of the sum at-
tributed to plants will dominate the proportion due to soil,
which requires modification of the methodology for assess-
ing the suitability of spectral data for crop management.

In the first stage, using the amplitude version of the
modified Gaussian function (GaussAmp) without a shift
along the ordinate axis, the parameters of the distribution
of the largest peak (Max1) were calculated based on exper-
imental data.

—(X-xc)?

N=AXxexp 2»% | 1)
where N — number of measurements (in our case, the num-
ber of pixels); X — colour component intensity, A — ampli-
tude; xc — average value; w — standard deviation (according
to value A/2).

The amplitude version of the Gaussian function was
selected as it better describes peak values compared to the
classical Gaussian function and is also easier to adapt to
the variable size of the experimental plots, which is impor-
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tant for the industrial implementation of solutions.

In the second stage, based on the results of experimen-
tal measurements (EHR) and the calculated values of Max1,
the difference between them was calculated (EHR - Max1).
In the third stage, using expression (1), the results obtained
at stage 2 for the second maximum of the distribution
(Max2) were calculated. In the fourth stage, the calculated
distribution data for (EHR — Max2) were subtracted from
the experimental data. In the fifth stage, the parameters
of the distribution equation for MAX1 were refined based
on the results obtained in stage 4. Stages 2-5 can be per-
formed cyclically to refine the results. The calculations are
terminated when the difference in the mean value of the
distribution before and after the cycle becomes less than 1.

RESULTS AND DISCUSSION
Following a study by V. Lysenko et al. (2018), the state of
nitrogen nutrition can be assessed in the optical range.
No characteristic colouration was found for technologi-
cal stresses (Dolia, et al., 2019). However, plants that were
damaged by the phytotoxic effect of herbicides or the after-
effects of their application showed typical signs of damage,
such as curvature of the leaf blade (Fig. 2). As a result, frag-
ments of the upper and lower sides of the leaf blade were
recorded during horizontal scanning.

Technological stresses on winter rape caused abnor-
mal colouration of the 2 lower leaves, the palette of which,
depending on the stage of development and the nature of
the stress, contained from white to red-yellow-purple col-
ours (Fig. 3).

Figure 2. Winter wheat crops were affected
by herbicide residue,
which caused leaf curl

Stresses associated with technological operations
were investigated in the production fields of farms locat-
ed in the Kyiv region. The presence of technological stress
was noted by the farm’s employees since, as a result of the
unusually warm and snowy winter, herbicides from the

Figure 3. Winter oilseed rape crops with the abnormal
colouration of the 2 lower leaves, which is a sign of
technological stress (2020.10.28)

previous season were not destroyed, which led to the dam-
age of winter crops.

Figure 4 shows the results of the calculations for the
red component for the experimental wheat data obtained
in 2017.05.05.
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Figure 4. Results of approximation of the dependence of the number
of pixels on the intensity of the red colour component (2017.05.05)

Source: compiled by the authors

According to the data presented, the use of the pro-
posed methodology showed that the mean value of the
distribution increased by 2 units while the standard devia-
tion w decreased by 3 units. The nature of the distribution
corresponds to the data presented in the study by L. Li et
al. (2018), but it is more correct to consider not one but
the sum of 2 distributions, Max1 and Max2, which over-
lap. This contradicts the results presented in D.-Zh. Liu et
al. (2021a), but the researchers considered the initial stag-
es of vegetation and the overlap in the results can be ex-
plained by possible effects due to the peculiarities of the
jpeg data storage format.

The presence of a distribution of Max2 can be ex-
plained by the presence of a shadow on the lower leaves
that differs from the upper ones, as well as by soil fixation.
The proposed approach to processing experimental results
will be effective if a condition Max1>Max2. In practical

application, a situation is often encountered when plants
of the same crop are simultaneously present in the field at
different stages of vegetation or in different physiological
states (for example, after the appearance of the flag leaf,
which was recorded during the monitoring on 2018.06.08).
The analysis of the dependencies presented in Figure 5
shows that Max1=Max2. This gives grounds to use an ap-
proach where, at the first stage, two Gaussian distributions
are separately determined, and then 2 separate distribu-
tions are considered in parallel.

It is possible to detect the presence of several separate
maxima by using expression (1) to describe the experimen-
tal results and knowing the value of the standard deviation.
For the results obtained, the value of w was 28. However,
if we consider the data as the sum of three distributions,
Max1, Max2, and Max3, the corresponding w values were
between 18 and 23, whichis typical for plants and soil (Fig. 5).

6004 —— All  (xc=170, w=28);
|- -- Maxl1 (xc=156, w=16); o o
5004 TT777 Max2 (xc=193, w=12); r ttﬂf'
________ Max3 (xc=118, w=17); X515
« Total (Max1+Max2+Max3)
g 400
kS
2 _
kS
g 300
§ _
= 200
100
| i / 4 ~
0 LB i S L == =

20 40 60 80

— T T
100 120 140 160 180 200 220 240 260

Red color intensity

Figure 5. Results of approximation of the dependence of the number of pixels on the intensity
of the red colour component for winter wheat (2018.06.08 — there is a flag sheet)

Source: compiled by the authors
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The results obtained by approximating the data using
the general Gaussian relationship (All) are incorrect since
the mean value of the general distribution does not corre-
spond to any of the maximums of the distributions. This
indicates that the plants were monitored in a transitional
state. Thus, the vegetation stage can be considered stable
for the site, and the results of its spectral monitoring are
reliable if, after soil filtration, the maximum amplitude
of the distribution exceeds the closest amplitude by more
than 3 times. Therefore, it is recommended to repeat the

3000
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2000+

1500

Number of pixels

1000

500
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experiment in a few days when the crop has fully entered the
appropriate vegetation phase. To automate the processing of
the monitoring results, you can obtain reference values for
the pixel distribution by conducting stationary experiments.

For universal optical range digital cameras like the
FC200, it is not necessary to observe the selectivity of the
filters exactly. Therefore, to verify the results obtained, a
study was carried out using the specialised spectral com-
plex Slantrange 3. The results of these studies, showing a
lack of mineral nutrition, are shown in Figure 6.

G Fertilizers MIN (w=7.1, R2=0.98);
G Fertilizers MAX (w=3.6, R?=0.999
R Fertilizers MIN (w=18, R2=0.84);
R Fertilizers MAX (w=9.8, R2=0.98)

40

I T
60 100

Spectral channel

Figure 6. Dependence of the number of pixels on the intensity of green (G) and red (R) colour components (27.04.20)
Note: Fertilisers MAX — 1.5 norms of mineral fertilisers have been applied; Fertilisers MIN — no fertilisers have been

applied
Source: compiled by the authors

When the experimental data were approximated using
GaussAmp, the standard deviation for the green channel
was 7.1 for stressed plants and 3.6 for healthy plants (with
a coefficient of determination R?>0.98). Regarding the red
component, regardless of the nutritional condition, two
maxima were observed, which were more pronounced in
conditions of insufficient nutrition. Similarly, to the green
channel, for the red channel, the standard deviation for

2504 ® G Teh.str. (w=38.4);
] P GNormal (w=5.5); a
2257] f R Teh.str. (w=9.0); 4
200 R Normal (w=5,6). &
< 1754
X 1
a 1504
‘ia 4
5 125
g 100
=] i
Z 754
501
25
0 -
20 30 40 50

60

healthy plants was about half that of plants under stress
- 9.8 and 18, respectively. The coefficient of determination
for the increased rate of mineral fertilisers was 0.98, and
for damaged plants — 0.84. Studies on the manifestation of
technological stress caused by herbicide aftereffects were
conducted on production fields near the village of Hvardi-
yske with latitude 50.0347 and longitude 30.0286. This is
shown in Figure 7.

110

70
Spectral channel

Figure 7. The dependence of the number of pixels on the intensity of the green (G) and red (R) colour components
and the presence of technological stresses (The.str). Date of research: 2020.04.27

Source: compiled by the authors
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According to the results obtained, the width of the dis-
tribution for the green and red channels was 1.5 times larger
for plants under stress compared to healthy plants. In the red
channel, there were no two distinct maximums of the distri-
bution, regardless of the presence of technological stress, in
contrast to the results obtained at the experimental station.
The coefficient of determination R2 was > 0.98 regardless
of the channel. The authors assume that the difference in
plant development in the production field and the experi-
mental station is due to different sowing dates and wheat
varieties. Given that sowing can take several days, the use

of unmanned aerial vehicles (UAVs) has an additional ad-
vantage over satellite platforms in terms of data reliability.

Vegetation index distribution maps for wheat

To conduct research using remote sensing with the help of
unmanned aerial vehicles (UAVs), the width of the study
areas of the hospital was relatively small. Therefore, the
results from the Slantview software map window were used
to obtain data for the studies. The results of the research
on stresses related to power shortages and technological
stresses are shown in Figure 8.

800__ = o GreenNDVI Fertilizers MIN (w=0.005);
7004 = Z GreenNDVI Fertilizers MAX (w=0.010);
. 'a RedNDVI Fertilizers MIN (w=0.01);
» 6004 RedNDVI Fertilizers MAX (w=0.01).
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Vegetation indexes (NDVI)

Figure 8. Dependence of the number of pixels on the value of the vegetation index GreenNDVI (GNDVT)
and RedNDVI (RNDVI)
Note: a - stress caused by nutrient deficiency - fertilisers; b — stress caused by inadequate performance of technological

operations - stress
Source: compiled by the authors

Considering the obtained experimental results, it is
possible to conclude that the characteristics of the Gauss-
ian distribution for pixels of the NDVI vegetation index
map differ significantly from those obtained directly using
spectral channels. For example, for NDVI, the standard de-
viation of the distribution in damaged plants was equal to
or even smaller than in healthy plants (in contrast to the

results obtained using spectral channels). The coefficient
of determination for the NDVI distribution was 0.85-0.95,
which is significantly lower than the distribution obtained
using the green and red spectral channels. This implies
that the use of standard NDVI indices does not allow for a
sufficient assessment of the suitability of spectral monitor-
ing results for further analysis.
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Winter rape (separate spectral channels)

In the early stages of plant growth, it is not enough to com-
pletely cover the soil. Slantview software is not capable
of filtering out soil and shadows in images acquired using
spectral channels. Therefore, to identify plants, we used
the infrared channel (NIR 800-900 nm) to filter the soil.
The monitoring was carried out under uniform cloud cov-
er, so shadows from the leaves were not considered during
the filtration. It was found that, in comparison with wheat,
the experimental data for rape are better described by a
lognormal dependence, considering the value of the coeffi-
cient of determination:
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where N - number of measurements (in our case, the num-
ber of pixels); X — intensity of the colour component (8-bit
model), Al — area; xc — mean; w1l - standard deviation (cor-
relates with A1/2).

Based on the analysis of the distribution for rapeseed
in the G channel (Fig. 9), it was found that the lognormal re-
lationship is slightly better than the Gaussian relationship
in explaining the left part of the distribution. This applies
to the plots with healthy plants (40-50) and those show-
ing technological stress (60-80). These results confirm the
conclusions about the nature of the relationship given in
W. Song et al. (2015), where the authors also considered the
shadow from the upper leaves on the lower ones, which is
probably relevant for plants with wide leaves such as rape.

®  Rape - Teh. stress
LogNormal (R2=0.98)
GaussAmp (R?=0.96, w=16.7)
Rape normal

" LogNormal (R?=0.98)

"""" GaussAmp (R?=0.96, w=22,1)
GaussAmp Max1

0 r= T ? T T : T
20 40 60 80

100 120 140 160 180 200

Green color intensity

Figure 9. Results of approximation of the dependence of the number of pixels on the intensity of the green component
of colour for winter rape (2019.10.30)

Source: compiled by the authors

Reducing errors can be achieved by considering the ex-
perimental results as a sum of Gaussian distributions, for
example, using the Max1 function. This can be attributed
to the fact that not only the length/width ratio is different,
but also the dimensions of rapeseed leaves are much larger
than those of wheat, and the camera can capture individu-
al plant parts, such as “petiole”, “leaf veins”, etc., from the
same height, and these parts create their distributions. The
ratio of such parts can vary significantly, which will affect
the distribution parameters and fundamentally complicate
the interpretation of the data. The presence of a shadow
additionally increases the number of factors that affect the
results of spectral studies. As a solution to this problem,
which is necessary for crop management in crop produc-
tion practices, Z.Y. Niu et al. (2021) and Z. Wang et al. (2023)
proposed the use of machine learning technologies. How-
ever, the problems of neural network training, which are
indicated in these papers when classifying plant images,
may include the following aspects:

O Insufficient training data: for successful training
of neural networks, a sufficient number of diverse plant
images is required. However, collecting a large amount
of high-quality data can be a time-consuming and re-
source-intensive process, especially when it comes to

classifying a wide range of numerous plant varieties and
hybrids, the number of which is growing every year.

) Unbalanced classes: an uneven distribution of
images between different plant classes can sometimes oc-
cur in the training data. This can lead to incorrect weight-
ing of certain classes during training, and the model may
be more inclined to classify more represented classes.

O Influence of external factors: When capturing pho-
tos of plants, various factors can affect the image, such as
lighting, angle, noise, and image resolution. These fac-
tors can create additional noise or change the appearance
of plants, which makes it difficult to classify them, includ-
ing by neural networks.

O Processing large amounts of data: classification of
plantimagescanbecomputationallyintensiveandtime-con-
suming, especially when deep learning and complex mod-
els are used. Processing large amounts of data can be bur-
densome for systems that are limited by computing power.

Q. Yuan & Z. Zuo (2022) tried to limit the number of
training images to 800, but even this number can be prob-
lematic in terms of research organisation.

To overcome these problems approaches such as data
augmentation, training set augmentation, the use of pre-
trained models, transfer learning techniques, and neural

Machinery & Energetics. Vol. 14, No. 2
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network architecture optimisation can be used. However,
the issues remain controversial and require additional re-
search, as shown in the study by H. Li & L. Zhang (2021).
Thus, it is premature to consider the focus on machine
learning technologies as the most promising approach.

Y. Liu et al. (2012) suggested using combinations of
Gaussian distributions to obtain the average value of plant
spectral parameters. This required capturing the bands
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belonging to plants and soil separately in the image. Al-
though positive results were achieved, the high resolution
of the images taken from a height of 3 metres made it diffi-
cult to apply on a large scale in industry.

As for the R channel, the nature of the distribution re-
mained unchanged - the coefficient of determination was
higher for the lognormal dependence than for the Gauss-
Amp dependence (Fig. 10).

Rape - Teh.stress
LogNormal R?=0.94

*7° GaussAmp R2=0.86 , w=21.7

Rape normal
LogNormal R?=0.98
GaussAmp R?=0.95 , w=10.3

- - ——
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100 120 140 160 180

200

Red color intensity

Figure 10. Results of approximation of the relationship between the number of pixels
and the value of red colour intensity for winter rape (2019.10.30)

Source: compiled by the authors

When the experimental data were approximated by
the Gaussian equation, the standard deviation for healthy
plants was half that of plants showing technological
stress (as opposed to the G channel). This is probably due
to the abnormal colour of the two lower leaves of rapeseed
affected by technological stress, which have a palette of
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yellow to red colours. The results obtained for the Red-
Edge spectral channel are similar to those for the green
channel (Fig. 11). The use of a lognormal relationship in-
stead of GaussAmp to approximate the experimental data
did not bring a significant improvement - the R? value in-
creased by only 0.006.

= Rape - Teh.stress GaussAmp
- - - R?=0.98, w=19

®  Rape - Normal
— GaussAmp R?=0.96, w=25
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Figure T11. Results of approximation of the dependence of the number of pixels
on the intensity of the green component of colour for winter rape (2019.10.30)

Source: compiled by the authors
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Winter rape (maps of the distribution of vegetation indices)
For vegetation indices, the possibility of soil and shadow
filtering is provided, but the manufacturer does not dis-

N. Pasichnyk et al.

close the algorithms, so the parameters recommended
by the developers were used (Soil filter = 0.5, Shadow fil-
ter=0.5). The results are presented in Table 1.

Table 1. Results of approximation of experimental data using GaussAmp distribution for winter rape plots

No. Index GSD m/pixel Plot sample xc w R? W/W,
1 2 3 4 5 6 7 8
1 Rapeseed + technical stress 0.671 0.039 0.972
— 0.04 1.05
2 Rapeseed 0.767 0.041 0.921
3 Rapeseed + technical stress 0.675 0.016 0.932
—— Green NDVI 0.25 0.5
4 Rapeseed 0.772 0.008 0.915
5 0.5 Rapeseed + technical stress 0.671 0.015 0.961 0.53
6 ) Rapeseed 0.767 0.008 0.967 ’
7 Rapeseed + technical stress 0.716 0.06 0.945
—_— 0.04 0.067
8 Rapeseed 0.830 0.004 0.848
9 Rapeseed + technical stress 0.72 0.016 0.966
—— RedNDVI 0.25 0.56
10 Rapeseed 0.83 0.009 0.958
11 0.5 Rapeseed + technical stress 0.717 0.012 0.971 0.75
12 ’ Rapeseed 0.823 0.009 0.961 ’
13 Rapeseed + technical stress 0.39 0.117 0.792
— 0.04 0.812
14 Rapeseed 0.578 0.095 0.711
Rapeseed + technical stress 0.406 0.026 0.898
——— RedEdgeNDVI 0.25 0.46
16 Rapeseed 0.567 0.012 0.921
17 0.8 Rapeseed + technical stress 0.384 0.034 0.899 0.59
18 ) Rapeseed 0.560 0.020 0.877 ’
19 Rapeseed + technical stress 0.305 0.215 0.02
— Stress 0.5 0.037
20 Rapeseed 0.372 0.008 0.902
21 Rapeseed + technical stress 0.068 0.029 0.732
—— Veg. Fract. 0.5 0.65
22 Rapeseed 0.439 0.019 0.258
23 . Rapeseed + technical stress 0.068 0.029 0.732
——  Yield pot. 0.5 3.1
24 Rapeseed 0.49 0.09 0.65

Source: compiled by the authors

Table 1 of the results shows that the lowest coef-
ficient of determination was obtained for the RedEdge
spectral channel at the maximum resolution. According to
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Figure 12, regardless of the presence of technological
stress, two separate distributions with different amplitudes
are observed for winter rape in the RedEdge channel.

Rape - Teh.stress GaussAmp

GaussAmp R%=0.711; w=0.095

T
0.4
RedEdgeNDVI

T
0.5

Figure 12. Results of approximation of the dependence of the number of pixels
on the value of the RedEdgeNDVI index at GSD=0.04 for winter rape (2019.10.30)

Source: compiled by the authors
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Remote field monitoring results feasibility assessment...

One of the possible reasons for this phenomenon is the
difference in the fixation of individual components of the
leaves and stem of rape in this range. This is confirmed by
the fact that when the resolution decreases (GSD>0.25), this
phenomenon is no longer observed. This phenomenon was
not observed for other variants of the NDVI index. In the
future, a specific study of this phenomenon for the RedEdge
channel could be useful for foliar diagnosis of rapeseed.

The presence of a significant difference in the NDVI
index between healthy and damaged rape plants, in our

opinion, is explained by the abnormal colouration char-
acteristic of technological stresses, which is not recorded
in the considered spectral ranges for wheat. For all var-
iants of the NDVI index with a resolution of GSD>0.25,
the standard deviation (w) for plots with rapeseed dam-
aged by technological factors was larger than for healthy
plants. With the high resolution of Slantview software,
recording organic residues from the previous crop as
separate objects, the following manifestations are ob-
served (Fig. 13).

Figure 13. Image of the Slantview software image window with the distribution of the RedNDVI index
for the boundary between healthy rapeseed plants (bottom) and those with technological stress (top)
Note: blue crosses indicate reference points for pixel positioning in different spectral channels

Source: compiled by the authors

The study considers the Slantrange system to capture
maps of vegetation index distribution only at maximum
resolution. This software operation mode and the use of
the snapshot window interface allow the agronomist to
assess the quality of tillage and the number of organic
residues in the fields. High-resolution maps of vegetation
index distribution can be useful for estimating not the to-
tal plant area, but separately for determining the area of
photosynthetically active leaves. For example, leaf bor-
ders have lower vegetation index values in the images, and
damaged plants with underdeveloped leaves have a higher
percentage of the area covered by leaf mass.

CONCLUSIONS

The study experimentally confirmed the statement that the
distribution of pixels in images of plantations (wheat and
winter rape) can be described by a Gaussian distribution.
The coefficient of determination in the approximation of
experimental data for wheat is higher than for rape, which
can be explained by the peculiarities of the plant leaf struc-
ture. For rapeseed, the highest coefficient of determination
was obtained for a lognormal distribution. Such a distribu-
tion is inconvenient given the automation of fertilisation
processes in precision farming technologies.

Analysis of the distribution by spectral channels, in
particular the presence of several maxima, may indicate
the presence of foreign inclusions or transitional stages of
vegetation, which means that such data may not be suita-
ble for crop management.

The vegetation stage can be considered stable for
a particular site, and the results of spectral monitoring
are reliable for further analysis if, after soil filtration, the
maximum distribution amplitude exceeds the nearest val-
ue by more than 3 times, based on agronomic crop man-
agement rules.

The reliability of the data can be assessed based on the
calculated standard deviation of the colour component dis-
tribution for pixels, rather than the average value used for
traditional vegetation indices. The reference values of the
standard deviation for the proposed GaussAmp equation
for approximating experimental data should be established
at research stations with controlled stress factors.

The GNDVI and RNDVI vegetation indices proved to be
ineffective for assessing data reliability based on the stand-
ard deviation of the distribution. This highlights the need
to introduce additional packages in GIS that separately de-
scribe the green and red spectral channels for inclusion in
the standard set of vegetation indices.
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OuiHKa NpuMpaTHOCTI pe3ynbTaTiB AUCTAHLIMHOro MOHITOPUHIY NoriB
ANA ynpaBriHHSA BPOXXA€EM €HepreTUUYHUX KymnbTyp

AHoTauUiq. binburicTs BeretamiitHux iHAEKCiB A1 aHanisy manux BITJIA po3po6iieHi [jis CynyTHMKOBUX TIaTGopm
HM3bKOI PO3JiNbHOI 34aTHOCTI, 1IJ0 BMMAara€ BUKOPMCTaHHS iHIIMX MeTO/iB MOHITOPUHTY Ta arpoXiMiuHMX 3aXO0/iB /IS
TOYHOTO BM3HAUEHHS CTAHY POCIMHHMX HACal’KeHb, BPaXOBYIOUM Pi3Hi CTaflil BereTallii i clieKTpaabHi XapakTepUCTUKU.
ToMy roJloBHa MeTa AOCTiIKeHHs — pO3po6Ka MeTOOMKM OL[iHKM MPUAATHOCTI CIIeKTPATbHUX JaHUX OUCTAHIIITHOTO
MOHITOPUHTY [IJIs1 yIIPaBJIiHHS KMBJIEHHSIM eHepreTUUHUX KyIbTyp. oCIiIkeHHS TPOBefeHO 3 BUKOPUCTAHHSIM 03UMUX
KYyJbTYp, 30KpeMa IIleHuli i pinaky. AHami3yBaaucs pe3yabTaTy OJis MilleHuii 03umMoi 3a nepiof 3 2017 mo 2020 pik.
IocnigKkeHHs CTpeciB, OB’SI3aHMX 3 HeCTayelo eJIeMeHTIB sKMBJIeHHS, TPOBOILMIIVCS Ha MOJISIX 6araTOPiuHMX CTAl[iOHAPHUX
nmocninis HarioHampHOTO yHiBepCUTeTY 6iopecypciB i MprpogoKopucTyBaHHS YKpaiHyu. BUKOPUCTOBYBaIMCH pe3yabTaTu
oTpuMaHi Bif ceHcopy Slantrange Ta rporpaMHoro 3abesmneueHHst Slantview. V mpoBeieHMX TOCTiAKEHHSX ITiITBEPIKEHO,
10 PO3IO/iJ MiKceniB Ha 306paskKeHHSIX POCIMHHMX HACAKeHb (MIIeHNIIi Ta pilaky 03MMMX) MOKe 6yTH OTIMCaHMii
posnogpinom l'ayca. KoedilieHT meTepMinariii ijist meHuIli 6yB BUIIMM, HiX [JIS pillaky, yepe3 0co6JMBOCTi OyI0BM JIUCTIB
pocinuH. 17181 pinaxy 6y/10 BUSBIEHO BUILMIT KoedillieHT JeTepMiHaLii AJIs1 TOTHOPMaabHOTO PO3TIOALY, SIKMii He € 3pYIHUM
IJIS aBTOMaTM3allii Mpo1eciB MiIKMBIEHHS B TEXHOJIOTiSIX TOYHOT'O 3eMJIEPOOCTBA. AHAII3 PO3IOAiITY 3a CIIEKTPaTbHUMU
KaHaJlaMI, 30KpeMa HasiBHiCTh KiJIbKOX MaKCMMYMiB, MOYKe CBiIUMTI TTPO HASIBHICTh CTOPOHHIX BKJIIOYEHb 200 TepexiTHuX
eTariB BereTarlii, 1[0 pOOUTh TaKi gaHi HEMPUIATHUMM JIJISI KepyBaHHS BposkaeM. BcTaHOBIEHO, 110 SIKIIO micis dinbTparlii
IPYHTY MakCMMaJIbHA aMIUTITyZa PO3IOiTy TIepeBUILYE HAMOMVKIy OibII Hixk B 3 pa3u, eTar BereTallii Moske BBaskaTUCS
CTabiNbHMM 151 IeBHOI Ii/ISTHKY, & Pe3y/lbTaT CIIeKTPaJIbHOTO MOHITOPUHTIY € HaIiifHMMM [IJIs TOZAbIIOr0 aHAi3y
ITigTBepIKeHO, 1m0 BereTarilini inmekcu GNDVI Ta RNDVI He € eeKTMBHMMM [IJIs OL[iHKM HAAi/iHOCTi JaHMX HA OCHOBI
CTaHZAPTHOTO BiAXWIeHHS po3noniny. ETaloHHI 3HaYeHHS CTaHIaPTHOTO BiIXMIEHHS PO3IIOIiTY MOKYTb OyTI BCTAHOBJIEHI
Ha JOCIiIHUIBKUX CTaHLiSIX 3 KOHTPOJIbOBAaHMMM CTPECOBMMM UMHHUKAMM, 1110 TOIIOMOXKe B KepyBaHHI BPOsKaEM

KniouoBi cnoBa: TouHe 3eMIepo6CTBO; MPUIATHICTh JaHNUX; BereTalliitdi ingekci; posmomin l'ayca
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