EYPA3UAbIK ATPOTEXHUKAJIbIK XYPHAJ1/ EURASIAN AGROTECHNICAL JOURNAL
/ EBPASUIACKUIA ATPOTEXHUYECKUI XKYPHAN Ne 3 (131)/2026 ISSN 3135-243X,3135-2448

UDC 632.727:551.58:004.8(574) Research article

Agro-climatic zoning of the phytosanitary risk of outbreaks of harmful non-
gregarious locusts in Kazakhstan based on climatic data and neural network
modeling

Kurmet S. Baibussenov' *, Aigul M. Bekbayeva'*, Zhassulan Z. Amanbay' "/, Askar A. Zhubatkanov
Arsen A. Dzhumagulov

NCSC ”S. Seifullin Kazakh Agrotechnical Research University“, Astana, Kazakhstan
Corresponding author: Kurmet S. Baibussenov: baibussenovks10051987 @gmail.com
Co-authors: (1: AB) bekbaevaaigul@gmail.com; (2: ZhA) amanbai_zhasulan@mail.ru
(3: AZh) askar_05-94@mail.ru; (4: AD) dzhumagulov.arsen@mail.ru

Received: 28.07.2026 Accepted: 02.10.2026 Published: 09.10.2026

Copyright: Baibussenov K.S. et al. This article is an open access article distributed under the terms of the Creative
Commons Attribution 4.0 International License (https://creativecommons.org/licenses/by/4.0/)

Abstract

Background and Aim. Given the ongoing shifts in global climate, enhancing predictive models for
the dispersal of non-gregarious locusts — a major threat to Kazakhstan agriculture — has become a
critical priority. By leveraging advanced spatial data analytics and artificial intelligence, researchers
can significantly refine phytosanitary forecasting. This research aims to conduct an agro-climatic
classification of Kazakhstan and construct a predictive model for identifying high-risk locust breeding
grounds, utilizing historical monitoring data, climatic variables, and deep learning architectures.

Materials and Methods. The study relies on extensive, long-term phytosanitary monitoring
records from across Kazakhstan. Key agro-climatic predictors — including surface and air temperatures,
precipitation levels, soil moisture, and NDVI — were derived from ERA5-Land, Open-Meteo, and
satellite-based Earth observation data. The analytical framework integrates geoinformation systems
with a hybrid CNN-LSTM neural network, enabling the simultaneous evaluation of both spatial and
temporal dynamics of the environmental factors involved.

Results. The study successfully mapped Kazakhstan into distinct zones based on the level of
phytosanitary risk (low, medium, and high) for locust outbreaks. Findings indicate that the likelihood
of infestation is driven by a synergy of agro-climatic conditions, with risk levels rising as one moves
from humid, mountainous regions toward semi-arid and arid landscapes. The implementation of the
CNN-LSTM model significantly improved the accuracy of spatial risk assessments, allowing for a more
precise identification of vulnerable agricultural areas.

Conclusion. This methodology enhances the precision of phytosanitary surveillance and provides a
robust scientific foundation for predicting locust migration. These findings offer a valuable framework
for building digital decision-support systems, optimizing survey logistics, and streamlining the
implementation of agricultural pest control strategies throughout Kazakhstan.

Keywords: harmful non-gregarious locusts; phytosanitary risk; agro-climatic zoning; deep learning;
climate data; Kazakhstan.

Introduction

Locusts, notorious for their omnivorous nature, pose a serious threat to agricultural crops. Their
impact is profound, jeopardizing the sustainability of agroecosystems, threatening food security, and
hindering the economic viability of agriculture. When certain locust species experience population
booms, they spread their range, create new infestation hotspots, and significantly increase the risk
to crops. This results in substantial crop damage and higher expenses for pest control measures
[1, 2, 3]. The Food and Agriculture Organization of the United Nations (FAQ) identifies locusts as a
major agricultural danger, particularly in dry and semi-arid areas globally [3]. Climate change presents
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another significant risk, characterized by rising air temperatures, shifting precipitation patterns, more
frequent extreme weather events, and increased aridity. These factors substantially impact pest
population growth and elevate the risk of outbreaks [4, 5].

Inthe Republicof Kazakhstan, managing non-gregariouslocustsis especially critical given the nation’s
vast agricultural expanse and diverse natural and climatic landscapes. Steppe, semi-arid, desert, and
mountainous regions exhibit marked variations in temperature, moisture levels, and growing season
lengths, creating distinct environments for pest proliferation [6, 7]. Within the country, both swarming
species such as the Asian migratory locust (Locusta migratoria L.), the Moroccan locust (Dociostaurus
maroccanus Thunb.), and the Italian locust (Calliptamus italicus L.) — and non-gregarious species,
including Dociostaurus kraussi, Gomphocerus sibiricus, Chorthippus albomarginatus, Stauroderus
scalaris, Pararcyptera microptera, and Oedaleus decorus, are present. While non-gregarious locusts do
not create swarms, they can still develop localized high-density populations that result in substantial
crop damage and pasture degradation. This specific group constitutes the focus of the present research [8].

Although the national phytosanitary surveillance system operates, current methodologies primarily
concentrate on documenting present population statuses and generating short-term predictions
derived from field observations. Consequently, long-term climate fluctuations and the spatial diversity
of natural habitats are often overlooked, thereby constraining the accuracy of extended forecasts
[9, 10]. Conventional techniques relying on statistical evaluation, professional judgment, and empirical
correlations between meteorological factors and pest life cycles fail to adequately capture the
nonlinear behavior of populations and struggle with handling extensive spatial and temporal datasets
[10, 11]. The advancement of geospatial tools and remote sensing has greatly broadened the scope
for investigating phytosanitary dynamics. ERA5-Land reanalysis offers continuous spatial information
regarding atmospheric temperature, soil moisture, rainfall, and additional climatic variables [12].
Data from MODIS and Sentinel satellites enable the acquisition of vegetation health metrics, such as
the NDVI index, land surface temperature (LST), and other ecological indicators [13, 14]. Combining
these datasets with geographic information systems facilitates the shift toward spatial modeling of
phytosanitary conditions.

Advancements in machine learning and deep learning techniques for environmental modeling
and biological process forecasting have been substantial. Algorithms such as Random Forest, Gradient
Boosting, Support Vector Machines, and XGBoost successfully capture intricate nonlinear dynamics
linking climate variables to pest dispersion [15, 16]. Meanwhile, Convolutional Neural Networks (CNNs)
and Long Short-Term Memory (LSTMs) are gaining traction for analyzing spatial and temporal patterns
in natural phenomena. The CNN-LSTM hybrid model enhances the extraction of spatiotemporal
characteristics, thereby boosting predictive precision relative to conventional statistical approaches
[17, 18]. Nevertheless, despite these digital forecasting breakthroughs, research predominantly
targets locust swarms, ecological niches, or habitat suitability evaluations. Investigations concerning
non-gregarious species remain scarce and typically restrict themselves to examining isolated climatic
elements, lacking a holistic evaluation of phytosanitary risk spatial structures. Consequently, the
field of agro-climatic zoning, which synthesizes long-term phytosanitary data, climate reanalysis,
geoinformation systems, and contemporary neural networks, remains underexplored [6, 15, 18].
Amidst global climate shifts, spatial phytosanitary risk assessment holds significant practical value,
enabling the identification of high-risk zones, refining surveillance efforts, and optimizing protective
strategy planning.

Consequently, establishing a scientifically grounded methodology for agro-climatic zoning of
phytosanitary risks associated with non-gregarious locust outbreaks — by combining extended
monitoring records, climate indicators, and neural network algorithms-represents a pressing scientific
priority. This strategy emphasizes not merely predicting outbreaks but also evaluating spatial
phytosanitary threats to delineate zones with differing risk levels. The study aims to formulate a
methodological framework for agro-climatic zoning of phytosanitary risks linked to non-gregarious
locust outbreaks in Kazakhstan, utilizing integrated long-term monitoring data, climatic parameters,
and neural network modeling techniques.
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Materials and Methods

Study area and input data

This investigation was conducted across the Republic of Kazakhstan, a vast nation defined by
diverse natural and climatic regimes as well as varied agricultural terrain. The scope encompassed 167
administrative districts that represent the primary farming areas of the country. These regions span
steppe, dry-steppe, semi-desert, desert, and foothill ecological zones, each distinguished by unique
patterns of temperature, rainfall, moisture availability, and growing season length; these factors
collectively influence the geographic distribution of non-gregarious locust populations [19, 20].

The study relied on phytosanitary monitoring data for non-gregarious locusts gathered by the
Republican Methodological Center for Phytosanitary Diagnostics and Forecasts, under the Ministry
of Agriculture of the Republic of Kazakhstan, spanning the period from 2003 to 2024. The dataset
comprised 12,115 records detailing pest abundance, survey locations, observation dates, and field
assessment outcomes. Prior to analysis, the information underwent verification for completeness,
logical coherence, and spatial accuracy, after which it was integrated into a unified geoinformation
database [21]. The spatial distribution of the studied areas and agro-climatic zones is shown in Figure 1.
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Figure 1. Study area and spatial distribution of administrative regions
of Kazakhstan used in modeling

Climate data and model predictors

To describe the natural and climatic settings, we utilized ERA5-Land global climate reanalysis data,
which offers spatially continuous details regarding air temperature, soil moisture, precipitation, and
various other land surface attributes. Furthermore, historical meteorological records from the Open-
Meteo platform were employed to validate and enhance the climatic profiles of the investigated regions
[22,23]. Climatic predictorsincluded land surface temperature (LST), atmospheric temperature, rainfall,
soil moisture, total evapotranspiration, and the normalized difference vegetation index (NDVI). These
variables were selected because they possess significant predictive power for modeling the spatial
distribution of phytophagous insects, a finding supported by contemporary studies [24-26]. Table 1
summarizes the key features of the input data.

270



EYPA3UANBIK ATPOTEXHUKAJDIK }KYPHA/1/ EURASIAN AGROTECHNICAL JOURNAL

/ EBPASUICKUA ATPOTEXHUYECKWUIA XKYPHAN Ne 3 (131)/2026 ISSN 3135-243X,3135-2448
Table 1. Input data used in the development of the phytosanitary risk model
Data source Indicators Spat|§I Period Purpose
resolution
Government Number of non-
phytosanitary gregarious locusts, 167 districts 2003-2024 Target variable
monitoring | coordinates of surveys
Air temperature,
ipitati . . .
ERA5-Land prfeupl 'a on, ~9 km 2003-2024 Climatic predictors
soil moisture,
evapotranspiration
MODIS NDVI 250 m 2003-2024 Characteristics of
vegetation cover
MODIS LST 1km 20032024 Land Surface
temperature
Open-Meteo Daily meteorological Daily data 2003-2026 Verification of climatic
data parameters

Table 1 demonstrates that the model was constructed using diverse data sources, merging long-
term phytosanitary surveillance, climate reanalysis outputs, and remote sensing imagery. This synthesis
enabled the creation of a unified spatiotemporal database, which was essential for training the CNN-
LSTM architecture and executing agro-climatic zoning of phytosanitary hazards.

CNN-LSTM model architecture and training

Input representation. All three networks receive the same input: a 24-month window of monthly
agro-climatic predictors preceding the target year, shaped as [24 x 19], where 19 predictors (air and
land-surface temperature, precipitation, soil moisture, evapotranspiration, SPI-3/6/12, growing degree
days, aridity index, NDVI and per-district anomalies). The output of each network is a single sigmoid
unit giving the probability of outbreak formation.

(19:'temperature_2m_mean', 'temperature_2m_max', 'temperature_2m_min', 'precipitation _
sum', 'shortwave_radiation_sum', 'soil_moisture', 'et0_fao evapotranspiration’, 'spi3’, 'spi6’, 'spi12’,
'gdd’, 'aridity’, 'dryness’, 'ndvi’, 'ndvi_anom’, 'ndvi_d3', 'temperature_2m_mean_anom’', 'precipitation_
sum_anom', 'soil_moisture_anom’)

Table 2. Models’ A rchitectures

Component CNN LSTM CNN-LSTM (hybrid)

Conv1D (32, k=3, ReLU)
Feature - MaxPool (2) - ConvlD

extraction (64, k=3, ReLU) >

GlobalAvgPool

LSTM (48, return Conv1D (32, k=3, ReLU) >
sequences) - Dropout | MaxPool (2) - Conv1D (64,
(0.3) > LSTM (24) k=3, ReLU) = LSTM (32)

Dense (24, ReLU) >
Dropout (0.3)

Output Dense (1, sigmoid) Dense (1, sigmoid) Dense (1, sigmoid)

Dense head Dense (16, ReLU) Dense (16, ReLU)

The CNN captures local temporal patterns; the LSTM captures longer-range temporal dependencies;
the hybrid CNN-LSTM combines both — convolutional layers extract local features that the LSTM then
models as a sequence (Table 2).

Training procedure. All models were trained with the Adam optimizer, binary cross-entropy loss,
and a batch size of 64, for up to 100 epochs. Class weights inversely proportional to class frequency
were applied to counter class imbalance. To reduce variance, three instances of each architecture
were trained with different random seeds (42, 1, 7) and their predicted probabilities averaged (seed
ensemble).

Data partitioning. A strict temporal (forward-chaining) split was used to emulate operational
forecasting and avoid look-ahead bias: training on 2003—-2020 (2 534 samples), testing on 2021-2024
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(545 samples), and forecasting 2025-2030. Within the training period, 15% of samples were held
out as a validation set for early stopping. An outbreak was defined as district-level numerosity > the
70th percentile (= 1.72 individuals-m™2), giving a positive-class rate of =~ 0.38 at district level. Feature
standardization (z-score) parameters were computed on the training set only and applied unchanged
to the validation, test and forecast sets, preventing any information leakage from the future.

Computation of the Risk Score. The integrated phytosanitary Risk Score is the outbreak probability
produced by the CNN-LSTM model, aggregated to the agro-climatic-zone level. For each district-year
the model outputs a probability p of outbreak formation. The zone-level Risk Score for a given year is
obtained as the probability that an outbreak occurs in at least one district of the zone,

Risk Score =1 -TT: (1 - pi),

where p; is the predicted probability for district i of the zone. The Risk Score therefore ranges from
0 to 1 and represents the zone-wide likelihood of outbreak formation. Aggregation to the zone level
was adopted because it markedly improves discrimination relative to the district level (zone-level ROC-
AUC = 0.81-0.83 vs. district-level = 0.53—-0.60).

Determination of the risk-category thresholds. The three categories — low (Risk Score < 0.40),
medium (0.40—-0.70) and high (> 0.70) — were established by grouping the eleven zones by their Risk
Score using unsupervised classification (k-means, three clusters) and locating the natural breaks in the
Risk Score distribution; the cut-points were then rounded to 0.40 and 0.70 for interpretability. The
resulting categories were validated against independent historical outbreak statistics for 2003—2024
(Table 4), which were not used to set the thresholds: the low category corresponds to 2—4 recorded
outbreaks and a mean inter-outbreak interval of 6.5-10.5 years; the medium category to 5-7 outbreaks
and 3.9-5.8 years; and the high category to 8-11 outbreaks and 2.2—3.3 years. The monotonic decrease
of the inter-outbreak interval and of the coefficient of variation (from 41.2% to 11.8%) across the three
categories confirms that the thresholds separate genuinely distinct risk regimes rather than arbitrary
cut-points.

Spatial features of agro-climatic conditions for the spread of non-gregarious locust pests

A critical phase of this research involved evaluating the spatial variability of Kazakhstan’s agro-
climatic parameters and their influence on the emergence of non-gregarious locust hotspots. The
prevalence and density of Acrididae species are largely governed by thermal conditions, rainfall, soil
hydration, and vegetative cover, all of which dictate population growth, viability, and breeding cycles
[7, 12, 24]. The study relied on phytosanitary surveillance records of non-gregarious locusts collected
across 167 administrative districts of Kazakhstan between 2003 and 2024, encompassing 12,115
observations in total. To define climatic variables, the analysis incorporated ERA5-Land reanalysis data,
Open-Meteo meteorological records, and satellite-derived metrics for land surface temperature (LST)
and the normalized difference vegetation index (NDVI) [22-26].

Utilizing extensive historical datasets has allowed researchers to mitigate the influence of anomalous
weather years, thereby facilitating a more accurate evaluation of spatial variations in environmental
factors that align with contemporary models for predicting insect pest distributions [27].

The 11 agro-climatic zones used in this study were newly delineated based on the analysis of
contemporary climatic and agro-climatic conditions across Kazakhstan. Although several agro-
climatic classifications of Kazakhstan have been reported previously, they do not provide a sufficiently
comprehensive and up-to-date spatial framework for the entire country, and many of the available
schemes were developed under climatic conditions that differ substantially from those observed in
recent decades. Therefore, considering ongoing climate change and associated shifts in temperature
and moisture regimes, a new agro-climatic zoning framework was developed for the purposes of the
present study. The zoning procedure followed established methodological principles of geographical
and GIS-based spatial analysis, including the integration, spatial comparison, and classification of key
heat- and moisture-related climatic indicators. A detailed description of the data processing, zoning
criteria, spatial delineation procedures, and validation of the resulting agro-climatic zones is beyond
the scope of this article and will be presented separately in a dedicated study. In the present paper, the
resulting 11-zone framework is used as a spatial basis for assessing phytosanitary risk and analyzing
the distribution and dynamics of non-gregarious locust populations.

Table 3 summarizes the resulting 11 agro-climatic zones and their principal climatic characteristics.
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Table 3. Agro-climatic characteristics of the zones of formation of populations of non-gregarious
locusts in Kazakhstan (long-term average values for 2003—2024)

. . Average Average Precipitation, ?O”
Agro-climatic zone abun.dance, temptoerature, mm/year NDVI | LST, °C | moisture,
species/m? C m3/m3

Very humid / moderately warm 2.52 8.9 485 0.63 24.8 0.34
Humidified / moderately warm 5.25 10.6 392 0.58 27.3 0.29
Humid / Hot 5.47 14.8 348 0.51 314 0.23
Semi-arid / moderately warm 4,78 11.9 308 0.45 30.2 0.21
Semi-arid / warm 4.31 14.6 252 0.39 33.5 0.17
Semi-arid / hot 2.00 17.3 198 0.31 36.7 0.13
Arid / warm 0.83 16.1 182 0.28 35.2 0.12
Arid / hot 7.97 18.9 128 0.22 39.6 0.08
Mountainous (East) 1.81 6.4 542 0.66 22.1 0.36
Mountainous (South) 3.33 9.5 463 0.54 26.7 0.27
Mountainous (South-East) 1.97 8.1 511 0.60 24.6 0.32

Data presented in Table 3 reveal substantial variations across Kazakhstan’s agro-climatic regions
regarding thermal conditions, moisture supply, and plant cover, all of which influence the mean density
of non-gregarious locusts. Average yearly atmospheric temperatures rose from 6.4 to 18.9 °C, while
annual rainfall dropped from 542 to 128 mm. Concurrently, land surface temperatures climbed from
22.1t039.6 °C, and indices for vegetation (NDVI) and soil water content fell from 0.66 to 0.22 and from
0.36 to 0.08 m3/m?, respectively, signaling a heightened level of regional dryness.

The highest mean locust density (7.97 species/m?) occurred in hot, arid zones featuring peak
atmospheric (18.9 °C) and surface (39.6 °C) temperatures alongside scarce rainfall (128 mm/year).
This density exceeds that of very humid, moderately warm zones (2.52 species/m?) by more than
threefold and surpasses arid, warm zones (0.83 species/m?) by nearly tenfold. Conversely, in wetter
areas receiving 348-392 mm of rain with NDVI readings of 0.51-0.58, locust abundance remained
elevated (5.25-5.47 species/m?), suggesting no straightforward linear correlation between specific
climate metrics and population growth.

In semi-arid regions, densities ranged between 2.00 and 4.78 species/m?2. In mountainous terrains,
despite ample precipitation (463-542 mm/year) and robust NDVI values (0.54—-0.66), locust numbers
stayed below 1.81-3.33 species /m?, likely due to cooler atmospheric (6.4-9.5 °C) and surface (22.1-
26.7 °C) temperatures.

Findings indicate that the spatial arrangement of non-gregarious locusts stems from intricate
interactions among thermal regimes, moisture supply, and vegetative states. These observed trends
validate the nonlinear impact of agro-climatic variables and support employing the CNN-LSTM
architecture for phytosanitary risk zoning.

Results

To predict the phytosanitary risk of the formation of foci of non-gregarious locusts, the developed
CNN-LSTM model was used, combining the capabilities of a convolutional neural network for extracting
spatial features and a recurrent LSTM network for analyzing the temporal dynamics of agro-climatic
indicators. The effectiveness of the model was evaluated by comparing it with independent CNN and
LSTM architectures using standard classification metrics: Accuracy, Precision, Recall, F1-score and area
under the ROC curve (ROC-AUC). The results of the comparative analysis are shown in Figure 2.

As shown in Figure 2, the CNN-LSTM model has demonstrated better results compared to the
CNN and LSTM architectures. The ROC-AUC value was 0.80 versus 0.63 for CNN and 0.50 for LSTM,
corresponding to the level of random classification.
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Figure 2. Comparison of the effectiveness of forecasting models and assessment
of the phytosanitary risk of outbreaks of non-gregarious locusts based on the CNN-LSTM model

According to Accuracy, Precision, Recall, and F1-score metrics, the CNN-LSTM model reached 0.78,
0.76, 0.75, and 0.75, respectively, which was 15-26% higher than CNN and more than 50% higher
than LSTM. This indicates the advantage of hybrid architecture in identifying the spatial and temporal
patterns of the formation of foci of non-gregarious locusts.

The integrated indicator of phytosanitary Risk (Risk Score) also demonstrated pronounced spatial
differentiation. The minimum values (0.18-0.38) are typical for moistened and mountainous areas
with a low risk level, in semi—arid zones the indicator increases to 0.58-0.77, and the maximum values
(0.83-0.91) are registered in arid regions of Kazakhstan, where the greatest phytosanitary danger is
predicted.

The change in the Risk Score is fully consistent with the patterns of changes in air temperature,
ground temperature, precipitation, NDVI index, and soil moisture identified in section 3.1. As climate
aridity increases, the projected phytosanitary risk increases consistently, confirming the ability of
the CNN-LSTM model to take into account the complex influence of agro-climatic factors on the
development of populations of non-gregarious locusts.

Thus, the CNN-LSTM model provides the highest forecasting accuracy and allows for a quantitative
assessment of phytosanitary risk, which is the basis for subsequent agro-climatic zoning of the territory
of Kazakhstan.

Agro-climatic zoning of the phytosanitary risk of outbreaks of non-gregarious locusts

Based on the integrated phytosanitary risk indicator (Risk Score) calculated using the CNN-LSTM
model, an agro-climatic zoning of the territory of Kazakhstan was performed based on the probability
of the formation of foci of non-gregarious locusts. For each agro-climatic zone, the risk category,
the number of outbreaks for 2003—-2024, the average inter-outbreak interval and the coefficient of
variation characterizing the resistance of phytosanitary hazards are determined (Table 4).

Table 4. Quantitative assessment of the phytosanitary risk of the formation of foci of non-gregarious
locusts in agro-climatic zones of Kazakhstan

. . Number of Coefficient
S Average Risk Risk Average L
Agro-climatic zone Score categor outbreaks interval. vear of variation,
8OV | (2003-2024) Y %
Very humid / moderately warm 0.18 Low 2 10.5 41.2
Humidified / moderately warm 0.27 Low 3 8.2 37.5
Mountainous (East) 0.31 Low 3 8.0 34.7
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Continuation of Table 4

Mountainous (South-East) 0.38 Low 4 6.5 31.9
Mountainous (South) 0.42 Medium 5 5.8 29.8
Humid / hot 0.49 Medium 5 5.4 28.6
Semi-arid / moderately warm 0.58 Medium 6 4.7 24.5
Semi-arid / warm 0.69 Average 7 3.9 20.7
Semi-arid / hot 0.77 High 8 3.3 17.4
Arid / warm 0.83 High 9 2.8 14.6
Arid / hot 0.91 High 11 2.2 11.8

As follows from the data in Table 4, the agro-climatic zoning of the territory of Kazakhstan
allowed us to identify three categories of phytosanitary risk of the formation of foci of non-
gregarious locusts. The Risk Score values increased from 0.18 in the very humid, moderately warm
zone to 0.91 in the arid hot zone, reflecting an increase in the probability of outbreaks as aridity
increased.

The low-risk category (Risk Score < 0.40) includes very humid, humid, moderately warm and
mountainous zones, where 2—4 outbreaks were recorded in 2003-2024, and the average inter—
outbreak interval was 6.5-10.5 years. The average risk category (0.40-0.70) is characterized by
5-7 outbreaks and a reduction in the inter—flare interval to 3.9-5.8 years.

The most unfavorable situation was observed in semi-arid hot and arid high—risk zones (Risk
Score 0.77-0.91), where the number of outbreaks reached 8-11, and the average inter-flare
interval was reduced to 2.2-3.3 years. At the same time, the coefficient of variation decreased
from 41.2% to 11.8%, which indicates greater stability and recurrence of outbreaks in arid areas.

The results obtained confirm a natural increase in phytosanitary risk during the transition
from humid and mountainous areas to semi-arid and arid zones of Kazakhstan and can serve as a
basis for differentiated planning of phytosanitary monitoring and protective measures.

Based on the calculated values of the integral indicator Risk Score, spatial zoning of the
territory of Kazakhstan was performed, the results of which are shown in Figure 3.

The figure shows the agro-climatic zoning of the phytosanitary risk of outbreaks of non-
gregarious locusts within eleven agro-climatic zones of Kazakhstan. The zoning was performed on
the basis of an integral Risk Score calculated using the CNN-LSTM model trained on phytosanitary
monitoring data for 2003-2024. (12.115 observations, 167 administrative districts) using a
set of agro-climatic predictors, including air temperature, ground surface temperature (LST),
precipitation, soil moisture, and vegetation index NDVI.

For practical interpretation, the Risk Score values were grouped into three categories: low risk
(Risk Score < 0.40), medium risk (0.40—-0.70) and high risk (> 0.70), reflecting the likelihood of the
formation of foci of non-gregarious locusts and allowing to differentiate territories according to
the intensity of phytosanitary monitoring and protective measures.
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Figure 3. Agro-climatic zoning of the phytosanitary risk of outbreaks of non-gregarious locusts
in Kazakhstan based on the Risk Score values obtained using the CNN-LSTM model

Analysis of the map revealed a clear spatial pattern of risk distribution. The minimum Risk Score
values are typical for northern humidified and mountainous areas, where climatic conditions limit the
development of pest populations. The average risk was noted in semi-arid areas, and the maximum
risk was in arid and warmest semi-arid zones of the south and west of Kazakhstan, which corresponds
to the data of long-term phytosanitary monitoring and reflects the influence of high temperatures,
insufficient moisture and vegetation cover features.

Discussion

The findings substantiate that the geographic spread of non-gregarious locust hotspots in
Kazakhstan is tightly linked to the region’s agro-climatic factors. This zoning reveals a natural rise in
phytosanitary threats as one moves from wet, mountainous regions toward semi-arid and arid areas,
aligning with previous research on how temperature, rainfall, soil humidity, and plant cover affect
locust population trends [7, 12, 24, 28].

Research has demonstrated that relying on single climate metrics fails to yield precise predictive
outcomes. The most significant phytosanitary threats arise from the convergence of elevated
temperatures, insufficient rainfall, diminished soil moisture, and a reduction in the NDVI index. This
evidence underscores the necessity of employing an integrated approach that combines climatic and
remote sensing data to model pest dispersion [24, 25, 26, 27].

A major strength of this research lies in the application of a CNN-LSTM hybrid framework, which
integrates the examination of spatial and temporal dynamics within agro-climatic variables. Employing
such architectures is widely regarded as one of the most promising directions in environmental
modeling, owing to the superior precision in forecasting intricate natural phenomena [27-33].

The findings validate the efficacy of this methodology for estimating phytosanitary threats posed
by non-gregarious locusts. In contrast to the majority of existing studies that concentrate on specific
species or restricted regions, this work represents the inaugural agro-climatic zoning of phytosanitary
hazards across the full extent of Kazakhstan, leveraging extensive monitoring records, Earth remote
sensing, and deep learning techniques. The suggested strategy broadens the scope for quantitative
spatial risk evaluation and the strategic planning of phytosanitary surveillance [29, 30].
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The real-world value of this research stems from the ability to utilize zoning maps for enhancing
phytosanitary surveillance, pinpointing key areas for inspection, and efficiently distributing resources
among plant protection agencies. Subsequent enhancements to the model will involve integrating
land use patterns, crop composition, and climate change projections, thereby increasing the precision
of extended-term predictions [31, 32].

Conclusion

In the course of the study, an approach to the agro-climatic zoning of the phytosanitary risk of
the formation of foci of non-gregarious locusts in Kazakhstan was developed, based on the use of
long-term phytosanitary monitoring data, climate information and deep learning methods. The results
made it possible to identify spatial patterns of risk distribution and establish the relationship between
agro-climatic conditions and the likelihood of pest outbreaks.

It is shown that the CNN-LSTM hybrid model provides effective integration of spatial and temporal
data, increasing the reliability of the assessment of phytosanitary risk and agro-climatic zoning of the
territory. The developed model and zoning maps can be used in the organization of phytosanitary
monitoring, survey planning and management decision-making, and also serve as a scientific basis for
the further development of digital geoinformation forecasting systems and decision support in the
context of climate change.
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KasaKctaHaa KAMMaTTbIK AepeKkTep MEeH HeMpoXKeninik mogenoaey
Heri3iHAe 3uAHAbI CafAK, WeripTkenep epLlyiHiH GUTOCAHUTAPUANDIK, KayniH
ArpoKAMMATTbIK ayAaHAACTbIpy

baitbyceHos K.C., bekb6aeBa A.M., AmaH6aii XK.3., lybaTkaHoB A.D., xkymarynos A.A.

«C. CedynnuH aTbiHaafbl Ka3aK arpotexHuKanblk 3epTrey yHMBepcuteTi» KeAK, ActaHa, KasaKkcTaH

TyiiH

Anfbilaptrap MeH MmakcaT. Cask weriptkenep KasaKcTaHAafbl aybll  WApPyaLlbl/blfbl
OAKbINAAPbIHbIH eneyni 3uaHKecTepiHiH 6ipi 6oabin Tabblnagbl, onapablH CaHbl MEH KEHICTIKTIK Tapanybl
KNMMATTbIK YXOHEe 3KON0ruAbIK GaKkTopaapablH, Kypaeni e3apa acepimeH aHblKTanagbl. KAMMATTbIK,
©3reprilTiK NeH apuATEHY YAEPICTEPiHIH, KYLIEI }acaHabl MHTENNEKT XKaHe reoaknapaTTbik Tangay
TeXHo/IorMANapblH NalkganaHa oTblpbin, PUTOCAHUTAPUANDBIK TIYEKeNAi KeHICTIKTIK 6osirKayapblH,
3aMaHayn a4icTepiH a3ipaeyai KaxkeT eTeqi. 3epTreyadiH MaKcaTbl — KAMMATTbIK Aepektep, Hepai
KalbIKTaH 30HATay MaTepuangapbl KaHe CNN-LSTM rubpuarti Helpoxkeninik mogeniH Kongany
HerisiHge KasaKcTaH ayMafblH casiK, LWeripTKenepain, epLlyiHiH, pUTOCAaHUTApPUANbIK ToyeKken AeHreli
6OMibIHLLIA arpoOK/IMMATTbIK ayAaHaacTbIpy.

Matepmnangap meH aaictep. 3eptrey KasaKcTaHHbH 167 akKimwinik ayaaHbiHga 2003-2024
XbINAapbl KyprisinreH cask weriptkenepdid, GUTocaHUTapUANbIK MOHUTOPUHII GoMbiHWwa 12 115
GaKbllayabpl KamMTUTbIH gepektep 6asacbiHa Herisgengi. MpeaukTopnap petiHae ERAS5-Land kaHe
Open-Meteo pepeKkTepiHeH afiblHFaH KAMMATTbIK »KOHE KalUblKTAH 30HATAY KepCeTKilTepi, OHbIH,
iwiHge kep 6eti TemnepaTypacbl (LST), aya TemnepaTypachbl, *ayblH-WALWbIH Me/Lepi, Tonblipak
bIIFANAblNbIFbl, 3BanOTpaHcnMpauna xaHe NDVI uHpgekci nainpanaHbingbl. KeHIcTIKTIK Tangay
reoaknapaTtTblk TEXHO/IOTMANAPAbI NalAanaHy apKblabl Kypri3ingi. PUToCaHUTAPUANDBIK TayeKkenai
mogenbaey ywiH CNN-LSTM cBepTouTbl oHE PEeKypPpPeHTTi HeMpoHAbIK XeninepaiH, rmbpuarti
apxuTeKTypacbl KoagaHblngbl. MogenbaiH Tvimainiri Accuracy, Precision, Recall, F1-score »aHe ROC-
KpuBa acTbiHAafbl ayaaH (ROC-AUC) KepceTKiwTepi 60lblHLWa 6aFanaHabl.

Hatuxkenep. CNN-LSTM rubpuaTi mogeni »keke CNN kaHe LSTM mogenbaepiMmeH canbiCTbipFaHaa
€H, XKoFapbl KiKTey canacbiH KepceTTi: ROC-AUC maHi TuiciHwe 0,63 »kaHe 0,50 6onfaH Ke3ge CNN-LSTM
ywiH 0,80 Kypaabl, an Accuracy kepceTkiwi 0,78 6onapl. MHTerpanaplk Risk Score KepceTkiwi HeriziHge
KasakctaH aymafbl GUTOCAHUTAPUABIK TayeKendiH yw aeHreniHe GipikTipinreH 11 arpoKAnMMaTTbIK,
alMaKKa ayaaHAaacTblpblagbl. Cask weripTKkenep OWaAKTapbiHbIH, KaabiNTacy KaymniHiH, eH, *Kofapbl
OeHreni engiH OHTYCTIK XoHe baTbic GenikTepiHaeri apuATi KoHe KapTblalk apuATi ayaaHaapaa
aHbIkTangbl (Risk Score 0,77-0,91), an ToyekengiH, eH TOMEH MoHAEPi CONTYCTIK }IHE LWbIFbIC
eHipnepaiH, binFangbl }KaHe Tay/ibl aymaKTapbliHa ToH 6onapl (Risk Score 0,18—0,38). AnbiHfaH Tayeken
KapTasapbl aymakTapabl PUTOCAHUTAPUANBIK Kayin AeHreni 6oibiHIIa capanayfa, GUTOCAaHUTAPUANDIK,
MOHWUTOPUHITI OHTaTAaHAbIPYFa }KaHe TUICTi KopFay ic-LiapanapbiH Xocnapaayra MyMKiHAIK 6epea,.

KopbITbiHABI. KnuMaTTbIK AepeKTepai, epai KalwblKTaH 30HATaY MaTepuangapbiH, reoaknapaTTbiK,
TEXHONOTUANAPAbI KOHE TepeH OKbITy a4icTepiH BipiKTipy casK weripTkenep epulyiH KeHiCTiKTIK
6onKayablH, A2N4irH apTTbipagbl. ANbIHFaH HITUMKENep KAMMATTbIH, e3repyi KafaahbiHaa umMdpbIK
Wwewwim Kabblngayabl Kongay *Kymenepid Kypyaa, GUToOCaHUTAPUAIBIK MOHUTOPUHITI KETiNAipyae sKaHe
aybl/l Wapyalbl/iblFbl anKanTapblH KOpfayablH 6belimaenreH wapanapbiH a3ipaeyae naganaHbinybl
MYMKiH.

Kint ce3spep: 3uaHAbl caAK wWeripTkenep; ¢GUTOCAHUTAPUANBIK TIyeKen; arpPoKAMMATTbIK
AyAaHAACTbIPY; TEPEH, OKbITY; KIMMATTbIK AepekTep; KasakcTaH.
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Arpoknmmaruyeckoe paﬁOHMPOBaHMe d)MTOCE\HVITapHOI'O PUCKa BCNbILUEK
BpeAHbIX HeCTagHbIX capaH4yoBbIX B KazaxctaHe Ha OCHOBE KNIMMATUYECKUX
AdHHbIX U HEleOCETEBOFO moagennposaHua

baitbyceHoB K.C., bek6aeBa A.M., AmaH6aii XK.3., lybaTkaHoB A.D., xkymarynos A.A.

HAO «KasaxcKkuii arpoTexHM4eckunin uccienoBatesibckuii yHusepeuteT umenu C. CelidynnmnHay, ActaHa, KasaxcraH

AHHOTauuA

MpeanocbliKM 1 Lenb. HecTagHble capaHY0BbIe ABNAOTCA OAHOWM M3 3HAYMMbIX Fpynn BpeauTenei
CeNIbCKOX03ANCTBEHHbIX KyabTyp KasaxcTaHa, YMCNEHHOCTb M MPOCTPAHCTBEHHOE PAcnpoCTpaHeHue
KOTOPbIX ONpenensatoTca CAOXHbIM B3aMMOLENCTBMEM KAMMATUYECKUX U IKOJOTMYECKMX GaKTOPOB.
YcuneHve KAMMaTU4ecKkoim MU3SMeHYMBOCTM M NPOLLECCOB apuam3aumm obycnosnmBaeT HE06X04MMOCTb
pa3paboTKM COBPEMEHHbIX METOLO0B NPOCTPAHCTBEHHOFO NPOrHO3MPOBaHMNA GUTOCAHUTAPHOIO PUCKA C
NCNO/Ib30BAaHMEM TEXHONOTUI UCKYCCTBEHHOIO MHTENIEKTA U reoMHGOPMaLMOHHOrO aHanusa. Lenbto
nccnefoBaHUA ABAANOCH arpPOKAMMATMYECKOE PaiOHUpPOBaHMe TeppuTopmmn KasaxctaHa no cTenexHu
OUTOCAHUTAPHOIO PUCKA BCMbIWEK HECTagHbIX CapaH4YOBbIX Ha OCHOBE KAMMATUYECKMX AaHHbIX,
MaTePUaNoB AUCTAHLMOHHOIO 30HAMPOBAHMA 3eMAN U MPUMEHEHUA TMOPUAHON HelpoceTeBow
moaenn CNN-LSTM.

Matepuanbl 1 meToapl. WMccnegoBaHMe OCHOBaHO Ha 6ase  AaHHbIX  GUTOCAHMTApPHOrO
MOHUTOPUHIA HECTagHbIX CapaH4YoBbIX, BK/AoYatowern 12 115 HabnwoaeHui, BbINOJHEHHbIX B 167
AOMUHUCTPATUBHbIX paMoHax KasaxcTaHa 3a nepuwog 2003-2024 rr. B KauyecTtBe npenmKTOpoOB
NCNO/Ib30BaHbl KAMMATUYECKME U AUCTAHLUMOHHbIE MoKa3aTenn, noaydyeHHble ns ERA5-Land 1 Open-
Meteo, BKNtoYas TemnepaTypy noBepxHocTh 3emau (LST), TemnepaTypy Bo3ayxa, KOJIMHECTBO OCAZKOB,
BNIA)KHOCTb MOYBbI, 3BanoTpaHcnupaunio u nHaekc NDVI. MpocTpaHCTBEHHbIN aHAAW3 BbINOAHEH
C MCNONb30BaHMEM TFEOUHPOPMALLMOHHBIX TEXHOAOMMK. [nA moaenvpoBaHus (GUTOCAHUTAPHOTO
PUCKa NpUMEHeHa TMBpUAHAA APXUTEKTYpPA CBEPTOYHOM U PEKYPPEHTHOM HeNpoHHbIX ceTeir CNN-
LSTM. 3¢ deKTMBHOCTb MOAENM OLLEHMBAIAch MO NokasaTenam Accuracy, Precision, Recall, F1-score u
naowaam nog ROC-kpmeoi (ROC-AUC).

Pesynbtatbl. MTMbpugHas mozenb CNN-LSTM obecneumna Haunydlee KayecTBO KaaccuduKaumm
no cpasHeHuto ¢ otaenbHbimu mogenamum CNN n LSTM: ROC-AUC coctasun 0,80 npoTtms 0,63 n 0,50
cooTBeTCTBEHHO, Npu Accuracy 0,78. Ha ocHoBe MHTerpanbHoro nokasatens Risk Score Tepputopusa
KasaxctaHa b6bina panoHMpoBaHa ¢ BblgeneHnem 11 arpoKAMMaTUYECKUX 30H, CFPYNNMPOBAHHbIX NO
Tpem ypoBHAM GUTOCAHUTAPHOTO pUcKa. Hanbonee BbICOKMI pUCK GOPMMPOBAHUA O4AroB HECTaLHbIX
CapaHYOBbIX YCTAHOB/IEH B apUAHbIX U NOAYAaPUAHbIX PAMNOHAX IOXKHOM M 3amafHON YacTel CTpaHbl
(Risk Score 0,77—0,91), Torga Kak MMHUMabHble 3HAYEHMA PUCKA XapPaKTEPHbI AN1A YBIAXKHEHHbIX U
FOPHbIX TEPPUTOPUI CEBEPHbBIX U BOCTOUHbIX pernoHos (Risk Score 0,18-0,38). MonyyeHHble KapTbl
puUcKka no3sonsalT AnddepeHUMpPoBaTb TEPPUTOPUM NO YPOBHIO (GUTOCAHUTAPHOM OMACHOCTH,
ONTUMMU3NPOBATL PUTOCAHUTAPHBLIA MOHUTOPWUHI W MAAHMPOBATb COOTBETCTBYHOLLME 3aLUUTHbIE
MepPONPUATUA.

3akntoyeHne. MHTerpayma KAMMaTUYeCcKMX aHHbIX, MaTePUaNoB ANCTAHLMOHHOMO 30HAMPOBaHMA
3emnu, reoMHPOPMaLMOHHbIX TEXHONOTUIA U METOL0B rNyb6oKoro 0byyeHUa obecneynBaeT NoBbILEHNE
TOYHOCTM MPOCTPAHCTBEHHONO MPOTrHO3MPOBAHMA BCMbIWEK HEeCTagHblX CapaH4yoBbIX. [10yYeHHble
pe3ybTaTbl MOFYT MCMO/Ib30BATLCA NPU CO34aHUM LUPPOBBIX CUCTEM MNOALEPHKKM NPUHATUA PELLEHW,
COBEpPLUEHCTBOBAHUN GUTOCAHUTAPHOrO MOHMUTOPUHIA WM pa3paboTKe aJaNTUBHbLIX Mep 3alLUTbI
Ce/IbCKOX03ANCTBEHHbIX YTOAMM B YCIOBUAX UBMEHEHUA KAMMATA.

KnioueBble cnoBa: BpegHble HECTagHble CapaHYyoBble; GUTOCAHUTAPHDIN PUCK; arPOKAMMaTUYECKOE
palioHnpoBaHue; rnybokoe obyyeHne; KIMMaTnyeckne AaHHble; KasaxcTtaH.
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