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Abstract. Every year, farms face the problem of ensuring the necessary
development and growth of field crops due to the high probability of field crops being
affected by certain types of pests. Pests can significantly impair the development of
crops if their population is not controlled. This will reduce the harvest. To ensure a
certain level of field crop production, it is necessary to take a series of measures to
reduce the risk of harvest losses and optimize the costs of protecting plant growth. A
key element of effective farmland management is the reliable prediction of the number
of pests using artificial neural networks and their appropriate configuration. This
approach will reduce harvest losses and preserve the ecosystem of a particular region.
Reliable forecasting of pest numbers is guaranteed to create conditions for minimizing
the cost of growing crops.

However, machine learning can only be implemented if there are relevant results
of monitoring the number of pests and the factors that influence changes. These factors
include solar activity, temperature, and humidity. Such studies were conducted and
samples were formed. Neural networks of different structures were used for
forecasting, such as the radial basis function and the multilayer perceptron. The results
of the forecasting show a sufficiently high accuracy, which will significantly improve
production efficiency.

Keywords: neural networks, machine learning, forecasting, field crops,
agriculture

Introduction.  With ~ modern of a complex of pests by phases of their
technologies of field crops cultivation, a dynamics, new reproduction cycles,
reasonable prediction of the timing of number and levels of harmfulness is
occurrence, prevalence and development becoming  increasingly  important
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(Wang, R., et al. 2024, Hongguo Zhang,
et al. 2023, Rahman, S.M. & Ravi, G.,
2022). This allows to optimize plant
protection products both in the country
as a whole and in individual soil and
climatic zones. Of particular importance
Is the long-term forecast, which is based
on solar-terrestrial connections and
periodic changes in weather and climate
that affect the dynamics of the number,
reproduction and spread of pests, with an
assessment of their harmfulness. The
spread and harmfulness of grain crop
phytophages within the long-term
indicators depends on both the processes
of controlling the phytosanitary state of
agrocenoses and the influence of solar
insolation, as well as the hydrothermal
coefficient (HTC) as the ratio of the
amount of precipitation with average
daily air temperatures above +10°C, as
the basis for the definition, reproduction
and spread of pests, as a constant value
that differs in the Steppe and the Forest
Steppe. At the same time, the sum of
effective temperatures is important for
predicting pest reproduction, as it is
constant for different geographical
populations and ensures the intensity of
development, reproduction and number
of pest species (Nitta, A. et al. 2024,
Rakhonde, G.Y. et al. 2024, Wang
Xianfeng, et al. 2018). [1-2; 5;7;9].
Materials and methods. The
primary importance is the generalization
of numerical values of solar activity, in
particular, the number of spots on the
disk (Wolf number) with the dependence
on them of the number of pests in the
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years of minimum and maximum of
these indicators, which should be used in
models for predicting the emergence and
development of both soil-dwelling and
migratory pests (T. Boopathi, A. L.
Rathna Kumar, & M. Sujatha, 2022).
The combination of these factors, as the
basis for the interaction of pests in space
and functional asymmetries, determines
the  stability of  self-regulation
mechanisms and the predicted levels of
reproduction of species and populations
in the process of their formation (Wang
Xianfeng, et al. 2023, Zhang, Hongguo
et al. 2023).

An integral part of the assessment
of the phytosanitary state of the
agrocenosis as a whole is agrotechnical
information, as well as the phenology of
pests and its coincidence with the
phenology of the phases of crop
development as components of models
of formation and certain mechanisms of
stability of the dynamics of pest
reproduction in the Steppe and Forest
Steppe of Ukraine.

Results and Discussion. Long-
term observation (1996-2023) of certain
patterns in the Steppe and Forest Steppe
characterizes the  conditions  for
analyzing the relationship between the
number of pests and these factors
(Everitt, B. S., & Howell, D. C., 2021,
Biecek, P., & Burzykowski, T., 2021), in
particular, hydrothermal coefficient
(HTC) and solar activity (Figs. 1-4).
HTC (Fig. 1, Fig. 2), which allow
generalizing  the  processes  of
entomocomplex formation and modeling
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and predicting the number of dominant and R? = 0.43 for the Forest Steppe zone
phytophagous species in the Steppe with (Electronic resource, 2024).

a determination coefficient of R? = 0.73,
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Figure 1. Dependence of the number of pests on the HTC (Steppe)
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Figure 2. Dependence of the number of pests on the GTC (Forest Steppe)
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Figure 3. Dependence of the number of pests on solar radiation (Steppe)
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Figure 4. Dependence of the number of harmful organisms on solar radiation

(Forest Steppe)

In the case of linear correlations
with a low level of adequacy (the
coefficient of determination does not
exceed 0.7302 and 0.4351, respectively,
for the Steppe and Forest Steppe zones),
the determined numerical values can be
used for forecasting using regression
equations. At the same time, it can be
argued that there are certain conditions
of uncertainty that characterize the
peculiarities of the biology and ecology
of entomocomplexes in general.

Thus, solar activity (Fig. 3 and Fig.
4), using a linear correlation, affects the
number of pests under conditions of
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uncertainty, as evidenced by the small
values of the linear correlation
coefficients (- 0.0802 and - 0.0408,
respectively) and determination
coefficients (0.408 and 0.1061). This
means that in this case, it is not
recommended to use the regression
equation for forecasting.

Thus, the presence of uncertainty
conditions leads to the use of a neural
network to predict the occurrence of
pests, the number of which depends
mainly on the dynamics of the HTC level
and solar activity with functional
connections in the neural network. The
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principle of forecasting and forming a
control decision can be implemented
using machine learning for control
systems, which is an example given in
Essien, A., & Giannetti, C. (2020),
Saleem, M. H. etal. (2021), Kurumatani,
K. (2020).

Since the number of pests depends
on the SST and solar activity (Fig. 1-4),
an important component of their
forecasting is the development of a
model for predicting the SST and solar
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activity by years (Electronic resource,
2024). As already noted, long-term
observations of changes in HTC and
solar activity over the past almost 30
years have made it possible to obtain
systemic links between the studied
factors and the complex of harmful
insect phytophagous species, which
should be considered in new forms of
crop production using the forecast of
their number and harmfulness (Fig. 5-7).

y =0,0078x - 14,505
R?=0,0633

2010 2015 2020 2025

Years

Figure 5. HTC values by years of observation 1996-2023 (Steppe)
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Figure 6. HTC values by years of observation 1996-2023 (Forest Steppe)
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Figure 7. Solar radiation by years of observation 1996-2023

The analysis of the materials
presented in Figs. 5-7 allows us to draw
conclusions about the feasibility of using
neural network theory to forecast HTC
and solar radiation by year.

The experience of using a neural
network with a radial basis function
structure for other tasks (prediction of
ambient temperature in Lysenko V. et
al.,, 2022) has given grounds to

recommend its use for predicting the
impact of technological factors on the
formation and spread of pests. The
principle of using neural networks to
control technological processes is also
highlighted in the works of Viswanatha,
V. et al. (2023), Lovesum, J., & Prince,
B. (2023), the results of such researches
are presented in Fig. 8.

a) b) c)
Case ITK(C) | MMKIC)- Output | fCase FTK(N) | MMK(N)-OQutput ||Case | Cou.pan. = Cow.pag. - Output
name Target J.RBF 1-51 name Target 1.RBF 1-51 nams Target 1.RBF 1-51
1 1,3500001 1 | 1 _?EEIIJIJIJ! 1 [ 1160000
] 0,860000 1042454 |5 1,290000 1,338079) |5 173,9000 170,123
] 0.960000 (,308866 |6 1,320000 1,289728 | |6 170,4000 1784903
] 1,140000 1206651 |7 1,270000 1,225910 |7 163,6000 156,0176
| 0.960000 0964901 19 1,110000 1,131096/ |9 65,3000 71,8201
10 1,030000 0997721 {10 1,200000 1,189415] 110 45 8000 41,1690
1" 1,240000 1,296603| |11 1,450000 1,499582 |11 24,7000 23,6501
12 1,520000 1489711 |12 1,820000 1,830811) |12 12,6000 13 6798
13 1,690000 1542991 |13 1,760000 1,685841| |13 42000 6,8885
14 1,500000 1550101/ | 14 1,300000 1,376167| | 14 4,6000 26712

Figure 8. Results of using the radial basis function neural network for
predicting HTC for the Steppe and Forest Steppe (a, b, respectively) and solar

radiation (c)
Since SST and solar radiation affect
the number of pests, the numerical
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values of previous years and their impact
on the structures of entomocomplexes
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and the number of dominant species in
subsequent periods are reasonable
predictors of the forecast. This is
confirmed by the autocorrelation
functions of the number of pests, HTC
and solar radiation by years of
observation (Fig. 8-9). In the
quantitative version, the characteristics
1,000000

0,800000

0,600000

0,400000
0,200000 /
0,000000

-0,200000 0 0\2/\,_;/. 10

-0,400000

Autocorrelation function

-0,600000

-0,800000
Years

of the Forest-Steppe and Steppe zones
are somewhat different, but their
qualitative appearance is similar. These
dependencies are characterized by a
periodic component that dampens with a
period of 10 years. This circumstance
should be taken into account when
growing crops.

Steppe
4—0—oind/m?2

”_JA\' HTC
5 20 25 Solar radiation

Figure 9. Correlation function between the number of pests in the HTC and
solar radiation by years of observation (Steppe)
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Figure 10. Correlation function of the number of pests, HTC and solar
radiation by years of observation (Forest Steppe)

Based on personal experience, a
network with a multilayer
perceptron structure was used to predict

neural
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the number of pests depending on the
HTC and solar activity (Lysenko V. et

al., 2022). The researchers' experience
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has shown a satisfactory result of the
neural networks with the “multilayer
perceptron” structure (N. A. Pasichnyk

et al. 2023, N. Kiktev et al., 2023). The
forecast depth was 1 year, and the results
are shown in Fig. 11.

Case K (C) K (C) - Output

name Target | 5 MLP 2-7-1

1 _ 14.3000&1 14,4971
2 9,30000 10,05788
3 17,20000 17,23457
5 11,00000 11,17699
6 14,60000 1466895
7 23,80000 23,6739
8 19,70000 19,75783

Figure 11. Results of predicting the number of pests based on the use of the

“multilayer perceptron” neural network

The block diagram of machine
learning for predicting the number of
pests is shown in Fig. 12.
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Solar
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Figure 12. Neural networks for machine learning and pest prediction

The results show a fairly good
convergence and can be used for
preparatory work on pest control.

Conclusions.

1. The level of long-term
population and harmfulness of insect
phytophages of agrocenoses depends on
changes in weather and climatic
conditions and modern technologies of
field crops cultivation with the
manifestation of systematic resistance
and formation of phytosanitary

conditions in both the Steppe and Forest
Steppe of Ukraine.

2. Based on the results of many
years of research, a new tool for
modeling the dynamics of phytophage
reproduction under the cause-and-effect
relationship of pests with environmental
factors has been developed, which
consists in the use of machine learning,
artificial neural networks with the
structure of “radial-base function” and
“multilayer perceptron”.
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3. The results of the use of neural
models for predicting the number of
pests have created conditions for
generalizing basic information on the
parameters of the dynamics of insect-
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IITYYHI HEUPOMEPEXI 1JI51 IPOTHO3YBAHHSI YUCEJBHOCTI
HIKITHUKIB TIOJIBOBUX KYJbTYP
M. M. [oas, B. II. JIucenxo, T. I. JIlengen, K. B. Hakoneuna, B. 1. Bopox

Anomauia. IlJopoxy nepeo cocnodapcmeamu nocmae npoonema 3aoe3nedeHis
He0OXIOHO20 pO36UMKY MaA pOCmy HNONbOBUX KYIbMYP Y 38 A3KY 3 BUCOKOIO
UMOBIPHICMIO YPANCEHHSL NOTbOBUX KYIbMYP OKPEeMUMU 8UOAMU WKIOHUKIG. [IIKiOHuKu
MOJHCYMb 3HAYHO NO2IPWUMU PO3BUMOK CIIbCLKO2OCNOOAPCOKUX KYAbMYP, SAKUO He
Konmpoatosamu ix nonynayio. Lle smenwumo ypoowcai. /s 3abe3neuents nesHozo
Ppi6Hs 8UPOOHUYMBA NOILOBUX KYIbIMYDP HEOOXIOHO 8HCUMU KOMNIEKC 3AX00i8 U000
BHUJICEHHST PUBUKY BMPAM 8pONCAI0 MAd ONMUMI3AYIL eumpam Ha 3aXucm pocmy
pocaun. Kniowoeum enemenmom epekmueno2o ynpaeiinus CilbCbKO2OCNOO0APCOKUMU
Yei0osaMuU € HaodilHe NPOSHO3YBAHHS YUCETbHOCMI UWKIOHUKIE 3 00NOMO2010 WUHIYYHUX
HEeUpPOHHUX Mepedc ma ix 6ionosionoi koughicypauii. Taxuti nioxio 003601umo
SMEHWUMU 8mpamu  8podxcaro ma 30epecmu  eKOCUCMEMY OKPEeMO20 peioH)y.
Ilocmogipne npoeHo3y8anHs 4ucenbHOCMI WKIOHUKIE 2apaHmMO8AHO CMBOPIOE YMOBU
0J151 MIHIMI3QYii UMPAM HA BUPOULYBAHHSL CLIbCLKO2OCNOOAPCOKUX KYIbMYD.

OoHak MawunHe HABYAHHS MOJICHA Peanizysamu Juuie 3a HAsIBHOCMI 8i10N0BIOHUX
pe3yibmamie MOHIMOpUH2y YUCenbHOCMI WKIOHUKIE ma (hakmopis, wo niuearoms Ha
sminu. i pakmopu éxnouaoms COHAUHY AKMUBHICMb, MeMNepamypy ma 60J102iCMb.
Taxi odocnioscenns Oynu nposedeni ma cgopmosani eubipxku. J{ns npocHo3yeamis
BUKOPUCMOBYBANIUCS HEUPOHHI MepediCl pi3HOT cCmpyKmypu, maxi sk padiaibHa 0a3ucHa
Qyukyia ma d6azamowiaposuili nepcenmpoH. Pesynemamu npoecHo3yeéanusa ceiouams
npo 00CMAMHbO BUCOKY MOYHICMb, WO 3HAYHO NIOUWUMb epeKmuU8HiCmb
BUPOOHUYMEA.

Knwuoei cnosa: neliponni mepedci, Mawuntue Ha84anHs, NPOSHO3Y8AHHS, NOJILOGI
KYIbmypU, CilbCbKe 20Cn00apCcmeo
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