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Abstract. An analysis of modern work in the field of the use of Earth remote sensing data in agriculture has
shown that, at present, they have not yet created the information and methodological basis for estimating the
parameters of the chemical state of plants and soil. Currently, sample surveys of fields with mechanical sampling
at individual points at the end of the growing season are widely used. Such a survey is very time-consuming and
expensive, and most importantly, does not have sufficient accuracy required to solve management problems and
decision-making in precision farming. The aim of this work is to bridge this gap, which will make it possible to
more fully use the modern capabilities of remote sensing of the Earth to solve many problems of agricultural
technology management. Since the parameters of the chemical state of the soil are inaccessible to remote
sensing, a two-stage iterative scheme for their assessment was developed. It consists in the fact that on the basis
of mathematical models and current data of remote sensing of the Earth, the parameters of the crop biomass are
estimated, as well as the parameters of the chemical state of the crop biomass, and estimates of the parameters of
the chemical state of the soil are constructed from the estimates and the mathematical model. Moreover, the
closure of this integration procedure is carried out by comparing the actual reflection parameters relative to the
chemical state of the crop and their estimates obtained at the first stage of the assessment procedure.

Key words: control, estimation, biomass parameters, algorithm, mathematical models, chemical state, soil,
remote sensing.

Introduction

Modern information technologies are components of “smart agriculture”, which also includes
remote data collection from the fields. Among the components of “smart agriculture”, the central place
is occupied by precision farming (PF) technologies, which include a complex of modern information
technologies and robotic technological In essence, such a complex is aimed at solving the problems of
managing agricultural technologies [1; 2].

Application of mineral fertilizers is the operations through which crop yields are formed. At the
same time, optimization of fertilizer doses is one of the central and not yet positively solved problems.
Its solution is constrained by the lack of reliable information on the content of the main chemical
elements of plant nutrition in the soil, i.e. about the parameters of the chemical state of the soil.
Sample surveys of fields with mechanical sampling at individual points, carried out at the end of the
growing season, is very difficult. Marks and roads, most importantly, do not have sufficient accuracy
required to solve management and decision-making tasks. This situation makes it very relevant to use
such high-performance modern monitoring tools as remote sensing of the Earth (ERS). However,
despite the obvious progress in the use of remote sensing, there is a clear lag in the development of
methods for using this information in support systems for managerial decision-making in PF. Here,
methods for assessing the state of crops of crops based on various types of indices, which are
combinations of reflection parameters on different channels of the optical spectrum, are most widely
used today [3; 4]. Examples of the use of these indices can be found in many modern works [4-9].
Basically, methods associated with the use of vegetation indices were aimed at assessing the biomass
value [10-13]. This is due to the fact that, in essence, vegetation indices are scalar quantities, which do
not allow obtaining multicomponent information on them based on a larger number of parameters of
the state of crops and soil environment necessary for making managerial decisions in PF.

At the same time, works have recently begun to appear that show a desire to use Earth remote
sensing data to estimate some chemical parameters of plants in crops (nitrogen, carotenoids,
chlorophyll, etc.) [14; 15]. Such a turn in the orientation of research seems very promising for a
gradual transition to assessing the parameters of the soil-sowing system. In this regard, very interesting
conclusions follow from the review work [16]. It shows the evolution of methods for using remote
sensing data in precision farming for 25 years of development of this technological area. So. during
this period there was a transition from the use of the simplest sensors of individual physical parameters
of media to hyperspectral remote sensing data. This transition was accompanied by a significant
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increase in spatial resolution of images formed by remote sensing systems. Such new opportunities of
modern remote sensing methods allow not only focusing on various normalized vegetation indices, but
proceeding to the analysis of specific compounds, molecular interactions, stress loads and biophysical
or biochemical characteristics of crops. This leads to significant interest in the multiple collection of
remote sensing data to conduct real-time processing of soil, crops and pests [17].

In this direction, the work carried out by researchers of the Lausanne Federal Polytechnic School
is of great interest, within which walls a small-sized multispectral receiver was developed, the mass of
which allows it to be placed on an unmanned aerial vehicle (UAV) [18; 19]. In these works, it was
shown that data on the spectral characteristics of plants obtained using a miniature hyperspectral
imaging camera allow users quickly and with a high degree of reliability determine various indicators
of the state of crops and thereby increase the efficiency of agricultural practices and land use and
contribute to the implementation of the concept of PF.

As follows from the analysis of modern works in the field of the use of remote sensing in
agriculture, information and methodological foundations for estimating the parameters of the chemical
state of plants and soil based on remote sensing data have not yet been created. The aim of this work is
to bridge this gap, which will make it possible to more fully use the modern capabilities of remote
sensing tools to solve many management tasks in PF.

Formulation of the problem

Since the state of sowing biomass is available to remote sensing means, a two-stage procedure can
be used to solve the problem of estimating the parameters of the chemical state of the soil. At the first
stage, according to remote sensing data, the parameters of the state of the sowing biomass are
evaluated immediately before harvesting, and at the second stage, based on the model of
communication with the crop, the parameters of the chemical state of the soil are estimated [20-22].
Despite the apparent simplicity of this approach, it should be borne in mind that at the time of
harvesting we evaluate not the current values of the parameters of the chemical state of the soil, but
only their residual values. This is due to the fact that the nutrients themselves are carried out with the
crop and rainfall throughout the growing season. The lack of information about these losses introduces
significant uncertainty in the model of the dependence of the crop on the parameters of the chemical
state. This forces us to move from the final (terminal) estimates to the current (monitoring) estimates
formed over the entire interval of the growing season of the crop. Such a transition is possible only
with a significant expansion of the number of optical remote sensing channels and mathematical
models, on the basis of which it is possible to form monitoring estimates. So, the development of new
multispectral means of remote sensing allows to obtain operational information about the parameters
of the chemical state of crops associated with similar soil parameters. In Fig. 1, 2, 3 maps are shown of
the nitrogen content of N, potassium K, and phosphorus P in corn plants at Kayapo Farm in Brazil.
They were obtained by researchers at Gamaya [23] (Report on Kayapo Farm. June 2015), established
at the Lausanne Federal Polytechnic School.

As it can be seen from these images, the main elements of plant nutrition have different spectral
scales, which indicates the information content of the remote sensing channels used in relation to the
chemical parameters of plants.

To use this information in the estimation problem, it is necessary to introduce two mathematical
models. The first of these is a dynamic model that takes into account all the factors affecting the
chemical parameters of plants. It is a source of a priori information on the chemical parameters of
plants. The second model reflects the relationship of these parameters with the optical reflection in the
blue, green and red ranges of the optical spectrum. This model is a source of posterior information on
the chemical parameters of plants. It should take into account cross-links between optical channels.
Given the fact that the parameters of the chemical state physically reflect the content of the chemical
element (g-kg™), then in the complex of the models used, a model of the dynamics of the mass
parameters of sowing over the field area will be required. To implement the procedure for assessing
mass indicators of sowing, a model of the connection of these parameters with the optical reflection in
the used remote sensing channels is also necessary.
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Fig. 1. Example of the distribution of spectral reflection parameters
depending on the nitrogen content in the biomass of maize sowing
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Fig. 2. Example of the distribution of the spectral reflection parameters
depending on the potassium content in the biomass of corn sowing
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Fig. 3. Example of the distribution of spectral reflection parameters
depending on the phosphorus content in the biomass of corn sowing
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Finally, to obtain the desired estimates of the chemical parameters of the soil, a dynamic model is
still required, considering the direct and inverse relationship of these parameters with the parameters
of the chemical state of the plants in the crop and with the mass indicators of the crop.

Thus, the construction of monitoring estimates of the parameters of the chemical state of plants
and soil is possible only by modeling all the components of the soil — sowing system. This system
includes the following mathematical models.

Model of optical measurements of the state of crop biomass

Due to the general physical laws of light reflection from an inhomogeneous dispersed medium,
including crops, the measurement model can be represented in the following vector-matrix symbolic
form [24]

-PX
Yy=pe 7, (1)

where p — the vector of scale parameters;
P — the matrix of communication parameters between the sowing conditions and optical
reflectance in the used spectral ranges;
X — the vector of sowing state parameters.

Due to the fact that estimating the parameters of an exponential model is difficult, due to its
instability, it is advisable to use variants of models, where this function is expanded in a power series.
For mass indicators of sowing, it has the following form [25]

_ 2 2 3 3
Zlm - plO,m + pll,m‘xlm + p12,mx2m + pl3,mxlm + p14,mx2m + plS,mxlm + pl(),mem’
_ 2 2 3 3
Z2m - p20,m + p21,m'xlm + p22,m'x2m + p23,m'xlm + p24,m'x2m + p25,m'xlm + p26,m'x2m 4 (2)

or in the vector matrix character form
Z, =P W(X,)) , (3)

where Z; = [an sz] — vector of the average over the area of the field reflection parameters
in the visible range (z,,,) and in the infrared range of the spectrum (z,,,);
_|Po Pu Po Pz Pu Pis P
P Pn Pn Pxs Pu P Pxl,
W(X,)= [1 X, Xy X X X x;n] — vector function, where the arguments

P — matrix of model parameters;

m

are the parameters of the sowing state: xy,, is the average density of the sowing biomass
over the field area (yield), kg-m % x,,, is the average density of the wet mass of the crop
over the area of the field, kg-m >,

Model of optical measurements of the chemical state of crop biomass
It has the same shape as the model (2), but its dimension is determined by the number of
parameters of the chemical state and the spectral ranges used

L = Pro T Puuy T P T PisXs, p14x12h + p15x22h + p16x32h + p17x13h + p18x;h + plQ‘X;h’
Zon = Pao F PouXin T Py T PosXay + p24x12h + p25x22h + p26x32h + p27x13h + pzsx;h + p29x33h ) 4)
Zp = P30t PaXin T PaXyy + PasXy, + p34x12h + p35x22h + p36x32h + p37x13h + p38x;h + p39x;h'
or in symbolic vector matrix form
Z, =P, W(X,), ®))

Pow Pu P Pis Pu Pis P Pin Pis P
where P, =|py Py Pn Py Pu Ps Px Py Px Py | —matrix of parameters;

Pso P31 Px Pz P Pis P Py P Pax |,
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Wi(X,) :[1 Xy Xy Xy Xy X Xy, X X, x;h] — vector function of the
parameters of the chemical state of the crop;
Zuns Zons Z3n — reflection parameters in the blue, visible, and red channels relative to the

parameters of the chemical state of plant biomass:
X1ns Xop, X35, are the nitrogen, potassium, and phosphorus contents, respectively.

Model of the dynamics of the state parameters of biomass
It reflects the evolution of mass indicators of sowing in the daily time scale depending on the
main influencing factors [26]

vy (0)

|:le}={“11 a12:| |:x(t)1m}+|:b11 b, b, b14} Vi (1) +
Xy ay A4y |, x(1),, b, by, by by m vp(1)

no ©)
€1 S G Ao
+[021 Cy Czj £
"LAO
te (1,,T,),

In the block of parameters of the structure of biomass, the following states are:
* xy,, — the average density of sowing biomass over the field area (crop), kg-m;
® Xy, - field average density of the wet mass of the crop, kg-m™;
® fi —external disturbances in both blocks— daily average air temperature, °C;
e f,—the average daily radiation level, W (m>h)™;
e f;—the average daily rainfall intensity, mm.
Parameters of the chemical state of the soil:
e vy —the nitrogen content in the soil, kg-ha™;
® vx — the potassium content in the soil, kg-ha™;
e v, — the phosphorus content in the soil, kg-ha™;
ey, —moisture content in the soil, mm;
e T,T, —time, days in the growing season.
Model (6) in the canonical symbolic vector-matrix form has the following form

X,=A,X,»+B, V() +C, F@), 7

in which the structure of vectors and matrices corresponds to the expanded form (6).

A model of the dynamics of parameters of the chemical state and water reserve of the soil

It reflects the evolution of the parameters of the chemical state and water reserve of the soil in the
daily time scale, depending on the main influencing factors. Canonical vector-matrix expanded form
of the model

Vy a, 0 0 a,| |v 1 0 0 0f |dy@®
Vi 0 a, 0 a, V| 01 0 0 |de(®
Vp 0 0 ay; ay Vp 0 010 d,(t)
A 0 0 0 a b L Va 00 0 1] dy (1) ®
0 0 ¢, my, 0 n, 0 O
Ji(@®) X, (1)
0 0 cypy 0 x,,(®) 0 n, O
+ fz (t) - - xzh (t) 5
0 0 ¢y 5 0 X, (1) 0 0 33
S Xy, (1)
Cy Cp 1 oh 4l 12 0O 0 O
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where dp(?), dk(t), dn(t), dy(f) — the doses of nutrients, respectively, of phosphorus P, potassium
K and nitrogen N, kg-ha "and irrigation rate d,,, mm;
ay1-as3, C13-Ca2, My1-Mayn, N11- N33 — model parameters estimated from the experimental data;
t is the time, days.

Symbolic vector-matrix form of the model
X, =A, X,(®)+B,. d,, ) +M, V() +c, f,(). 9)

The given system of models makes it possible to implement an algorithm for estimating the state
parameters of the entire soil-sowing system using the observed reflection parameters from remote
sensing means. At the same time, the dimension of the vector of measured (observed) quantities is 5,
and it is less than the dimension of the full vector of state parameters of the entire system, equal to 9.
However, modern estimation technologies make it possible to restore estimates of directly
unobservable state parameters of multidimensional systems [25; 27; 28].

General assessment algorithm

Since the parameters of the chemical state of the soil are inaccessible to remote sensing means,
the following iterative scheme for their assessment is proposed. It consists in the fact that based on
mathematical models and current remote sensing data, the parameters of the crop biomass are
estimated, as well as the parameters of the chemical state of the crop biomass, and estimates of the
parameters of the chemical state of the soil are constructed from the estimates obtained. Estimates of
the parameters of the chemical state of the soil thus formed are repeatedly substituted into the
algorithms for estimating the parameters of the biomass and the parameters of the chemical state of the
biomass. Such a procedure is repeated until convergence is achieved, which can be indicated by the
proximity of the vectors of real reflection parameters and their estimates for the chemical state of the
crop biomass. Based on these comments, the algorithm for estimating the parameters of the chemical
state of the soil includes the following steps.

Step 1. Initial assessment conditions are introduced:

¢ vector of the parameters of the state of the biomass inoculation X,,(0);
e vector of the parameters of the chemical state of the crop X,,(0);
e vector of parameters of the chemical state of the soil V(0).

Step 2. Enter the data of remote sensing at time t:
e vector of the observed reflection parameters for the state of sowing biomass Z,,(?);
¢ vector of the observed reflection parameters of the chemical state of the crop Z().

Step 3. The sowing biomass parameters are estimated at time t according to the following
procedure [25; 27; 28]

f(m =A,X,)+B, V()+C, F@1)+R, (1) P—a \E;V)(zxm) K (Z, ()= X, ),

. T(x X 13

R, =R, ()Al+A R, ()-R, (1) AL ,(Xm) K 9 WEXm) R, (1), (13)
X, " X,

X, 0)=X,(0),R0)=K,,
where R,, — covariance matrix of estimation errors.
Step 4. The parameters of the chemical state of the sowing biomass at time t are estimated:
X, = A, X, () +B, d,, () +M, V(0 +c,, f,()+R, K (Z, (1) =X, (1),
R, =R,()AL+A, R,(1)-R,()K;'R, (1), (14)
X, (0)=X,(0), R, (0)=K,,.
where R;,— covariance matrix of estimation errors.

Step 5. The parameters of the chemical state of the soil are evaluated:
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V=A,V®)+B,D"+C, F()-M, X, (H-N, X, ()

_ (15)
V(1) =V(0).

Step 6. The evaluation quality criterion is calculated
J()=(Z,(0)~P, WX, (Z,()~P, W(X,)). (16)

The current value of the criterion (16) is fixed as Jt = J (t) and go to step 3, where estimates of the
vector of parameters of the chemical state of the soil are transferred.

Step 7. After repeating steps 3-6, a new criterion value (16) is obtained, which is fixed as
Joo1 =T (). IfJ-J, .1 <9, then STOP, otherwise go to step 3, until the condition J—J,,; <3 is fulfilled.

Since the parameters of the chemical state of the soil are not measured, the algorithm for
estimating them (15) has no feedback according to estimates, i.e. it is not closed. Therefore, the
control criterion of the general estimation algorithm is closed by the measured parameters of the
chemical state of the crop. Another variant of the general algorithm scheme is possible, which can be
called classical [25; 27; 28].

It implies combining all considered models into a single model of the “soil-sowing” system,
which contains a block of optical measurements (RS) and a block of dynamics of state parameters. In
this case, immediately at one time, a vector of assessments of the entire system is formed, including
the parameters of the chemical state of the soil. However, this variant of the algorithm is difficult to
implement due to the separate identification of models of individual system blocks and the
construction of a common matrix of covariance errors of optical measurements of the state parameters
of these elements.

Testing the evaluation algorithm

Stage 1. Periodically, with an interval of 7-10 days, samples are taken from test sites, the area of
each is 25-30 m” and the number is 12-15 pcs. Of the following system status parameters:

e parameters of the state of sowing biomass: xy,, is the average density of the sowing biomass
over the field area (yield), kg-m *; x,,, is the average density of the dry sowing mass over the
field area;

e parameters of the chemical state of the crop biomass: xy,, x5, X3, — respectively, the content of
nitrogen, potassium and phosphorus;

® parameters of the chemical state of the soil: vy is the nitrogen content in the soil, vk is the
potassium content in the soil, vp is the phosphorus content in the soil, v, is the moisture
content in the soil.

Available means of remote sensing over the entire surface of the field, including test sites, every
three days receive the following remote sensing data:

e reflection parameters of the state of sowing biomass: in the visible range (z;) and in the
infrared range (z,);

e reflection parameters of the parameters of the chemical state of the crop biomass: zy, Zon, 231 —
reflection parameters in the visible and infrared ranges of the spectrum.

From the nearest meteorological station daily data on external climatic disturbances are received:

e fi —average daily air temperature, °C;

e f,—average daily radiation level, W-(m*h)™,

e f;—average daily rainfall, mm;

The parameters of control actions are recorded over the entire area of the field and for each test
site:

dp,dg, dc,, dy — the dose of nutrients, respectively, of phosphorus P, potassium K, nitrogen N;
® dy, —doses of foliar top dressings with nitrogen, doses of foliar top dressings with nitrogen;
® d,—irrigation rates.
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Stage 2. Based on the operational information obtained by sampling and measuring external
disturbances and controls, the parameters of models (3), (5), (7), (10), and (12) are refined. Moreover,
the identification time interval is variable, starting from the third measurement to the current time
instant t =34, ... t.

Stage 3. According to the results of identification of mathematical models (3), (5) and current
remote sensing data Z,(f) and external climatic disturbances F(t), algorithm (13) estimates the vector
of parameters of the state of sowing biomass for each current point in time z.

Stage 4. According to the results of identification of mathematical models (5), (12) and current
remote sensing data Z,(¢) and external climatic disturbances F(¢), using algorithm (14), estimates of the
vector of chemical parameters of the sowing biomass state are formed for each current time 7.

Stage 5. Based on the results of identification of the mathematical model (10) and the estimates
obtained in stages 3,4, using the algorithm (15), estimates of the vector of parameters of the chemical
state of the soil are formed for each current time ¢. At the same time, at the first assessment step, the
initial value of the assessment vector is taken equal to the average value of the vector measured at the
test sites.

Figures 4 and 5 present the results of identification of mathematical models (3), (5) of remote
sensing for mass and chemical parameters of sowing of perennial grasses according to the
experimental data from 2016-2019.
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Fig. 4. Results of the identification of mathematical models of remote sensing
for mass indicators of sowing perennial grasses

Here, the reflection parameters are reflected along the vertical axis, and the numbers of
experimental points are plotted along the horizontal axis, with a different combination of mass
indicators and chemical parameters of the crop biomass. This allows us to present the results of
identification of a multidimensional model on a single graph. The graphs of the 12-day observation
interval show that these models have the properties of regularity and sufficient accuracy. This allows
them to be used in problems of estimating state parameters according to remote sensing data.

Figure 6 presents the results of identifying model (7) and evaluating the mass indices of sowing
perennial grasses using current remote sensing data and meteorological parameters. Obviously, both
the model identification process (calculated values) and the estimation procedure are stable. In this
case, the standard error of the estimation is less than the identification error by 30-35 %. It should be
noted that estimates of biomass indicators are based only on current remote sensing data, and
experimental points on the graph are highlighted to calculate real estimation errors.
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Fig. 6. Results of the identification of the model and the estimation of mass indicators
for sowing perennial grasses

Figure 7 presents the main result of the functioning of the entire complex — the process of
constructing estimates of the chemical parameters of the soil and its water supply. These estimates are
formed on the basis of estimates of mass indicators and chemical parameters of the soil, current
meteorological factors and technological operations performed. Here, the experimental parameter
points are plotted to calculate the actual estimation errors, which fall within the range of 10-15 %.
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Fig. 7. Results of the evaluation of the chemical parameters of the soil
according to remote sensing data

Conclusions

The methodology and software and hardware tools for assessing the state parameters of crops and
soil based on the integration of ground measurements and remote sensing data of the Earth are
proposed. The novelty of the proposed methodology is a two-stage iterative assessment procedure,
which provides for the sequential assessment of mass indicators of sowing, chemical parameters of
sowing and, based on them, the formation of estimates of chemical parameters and water reserve of
the soil. To implement the assessment procedure, a set of new mathematical models is used, which
includes models of optical measurements by remote sensing, a model of the dynamics of mass
indicators of sowing, a model of the dynamics of chemical parameters of biomass, and a model of the
dynamics of chemical parameters and soil water supply. The stability and reliability of the estimation
procedure is ensured by closing the algorithm through estimating the parameters of the chemical state
of the biomass of the crop, which are compared with the actual values of the remote sensing data. The
information generated by the assessment complex can be used to make management decisions on the
doses of mineral fertilizers and irrigation rates in precision farming systems.
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