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Species identification of crops and weeds in wheat fields using
hyperspectral data and machine learning algorithms

Based on the relationship established between the morphological and anatomical properties of plant tissues
and the recognition performance of a machine learning algorithm, a comprehensive assessment of the limita-
tions of ML algorithms, using Random Forest as an example, was conducted for the first time for the mul-
ticlass identification of crops and weeds in the agroecosystems of northeastern Kazakhstan. The study identi-
fies the principal biological factors underlying the optical overlap of classes in the hyperspectral feature
space. Data were collected using a hyperspectral sensor operating in the VIS-NIR range. Spectral profiles
were analyzed by assessing variance distribution using principal component analysis and constructing reflec-
tance curves. Classification of the extracted data was performed using the Random Forest algorithm. Spring
wheat (Triticum aestivum) at different phenological stages and five dominant weed species (Euphorbia
virgata, Descurainia sophia, Vicia hirsuta, Fallopia convolvulus, and Echinochloa crus-galli) were selected
as the study objects. The algorithm demonstrated an overall classification accuracy of 72.94% on the test data
for crop-weed discrimination. High identification accuracy was achieved for wheat (MCC = 0.994), attributa-
ble to its spectral stability and pronounced red-edge features (680—730 nm). Lower accuracy in the intra-class
separation of weed species was associated with species-specific anatomical characteristics: the thick cuticle of
Euphorbia virgata increased reflectance, the complex structure of Vicia hirsuta contributed to spectral disper-
sion, and similarities in mesophyll structure between Echinochloa crus-galli and other grasses resulted in op-
tical overlap with crop features. Thus, the model enables reliable crop—weed discrimination, which is im-
portant for precision agriculture and targeted agrochemical application.

Keywords: hyperspectral sensing, spring wheat, weeds, machine learning, species identification, species dif-
ferentiation, spectral signatures, precision agriculture.

Introduction

Wheat is an important crop that ensures food security [1], accounting for approximately one-fifth of the
total current global food demand [2]. However, despite the global prevalence of its cultivation areas, these
regions are characterised by a number of problems that impede the implementation of initiatives in this direc-
tion [1]. One of the key destructive factors affecting cultivation and leading to substantial economic losses is
the infestation of crop stands with weeds [3], which is caused by the delay and slowdown of crop growth,
leading to reduced productivity and harvest quality [4] due to competition with weeds for sunlight, essential
nutrients, territory, and water resources [5, 6]. According to FAO data, the share of annual crop losses due to
weeds amounts to approximately 10 % [7, 8]. Traditional control methods, based on the blanket application
of herbicides to field areas infested with weed vegetation, are associated with high labour intensity, increased
financial costs, soil degradation, and negative environmental impacts [4, 9].

In the context of precision agriculture, the SSWM (Site-Specific Weed Management) strategy is gaining
relevance [3, 10, 11], involving the targeted application of protective agents only in locations where specific
species of undesirable plants (weeds) are detected [12], which allows for a manifold reduction of the pesti-
cide load on ecosystems [13]. The basis of this strategy is the automated and accurate identification of weeds
against the background of crop vegetation [14], which remains a challenging task to this day due to the mor-
phological similarity of plants, especially at early developmental stages.

Standard digital RGB cameras have significant limitations when classifying species with similar visual
characteristics. A promising alternative to them is hyperspectral systems, which, unlike traditional RGB and
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multispectral imaging [14], record the reflectance of objects in hundreds of narrow spectral bands, thereby
enabling the acquisition of detailed, unique spectral signatures of plants that reflect not only external mor-
phological characteristics but also structural features of tissues, as well as internal chemical composition
(chlorophyll, anthocyanin, carotenoid content, etc.) [15]. This makes it possible to distinguish species of
crops and weeds based on species identification models, detect stress conditions, and conduct phytosanitary
monitoring of crops at various stages of plant development [16].

One of the key research directions is the identification of weed vegetation in wheat crops [17]. Howev-
er, despite the capabilities of hyperspectral sensors, the spectral information extracted in the form of
hypercubes is characterised by high redundancy and dimensionality, which requires the application of com-
prehensive raw data processing methods. Machine learning and deep learning methods have become the pri-
mary tools for analysing such data arrays. The application of hyperspectral images in conjunction with ma-
chine learning algorithms enables the effective differentiation of several weed species using PLS-DA, SVM,
and multilayer neural networks (MLP), with the MLP model demonstrating the best results with classifica-
tion accuracy reaching nearly 100 % [18]. The combination of UAV imaging and convolutional neural net-
works allows for the accurate localisation of infestation hotspots and the assessment of the impact of weeds
on wheat yield and biomass [4]. This is based on the difference in spectral signatures of leaves of crop and
weed plants [19]. Traditional classifiers such as SVM, RF, and LDA [3, 20] demonstrate high performance
in classification tasks when appropriate preprocessing parameters and feature sets are selected [21]. The
combination of UAV-based hyperspectral imaging and deep neural networks enables the prediction of wheat
yield and plant phenotyping with high accuracy, while the application of CNNs [3, 14, 21], Transformer
models, and other artificial intelligence algorithms significantly enhances the efficiency of hyperspectral cu-
be processing and the automation of crop analysis [22].

Despite significant advances in this field, there is still insufficient data on the application of
hyperspectral imaging for the identification of weed vegetation and its differentiation from cereal crops, with
this issue being particularly relevant for the regions of Central Asia specialising in grain cultivation. In this
regard, the aim of this study is to investigate the application of hyperspectral imaging technology, as well as
the possibilities of integrating hyperspectral sensing and machine learning for the species-level identification
of crop and weed vegetation. The results of this study may help reduce the environmental burden and in-
crease the efficiency of agroecosystem monitoring through more precise application of plant protection
products, aligning with SDG 2 “Zero Hunger”, particularly the tasks of implementing innovative agricultural
technologies and ensuring sustainable agriculture.

Experimental

The objects of the study were samples of crop and weed vegetation. The study crop was spring wheat
(Triticum aestivum L., 1753). The weed vegetation was represented by the following five dominant species:
Euphorbia virgata Waldst. & Kit., 1803; Descurainia sophia (L.) Webb ex Prantl, 1887 (syn. Sisymbrium
sophia L., 1753); Vicia hirsuta (L.) Gray, 1821 (syn. Ervum hirsutum L., 1753); Fallopia convolvulus (L.)
A.Léve, 1970 (syn. Polygonum convolvulus L., 1753); Echinochloa crus-galli (L.) P.Beauv., 1812
(syn. Panicum crus-galli L., 1753). Sampling of both crop and weed vegetation was conducted in the north-
east of Pavlodar Region, Republic of Kazakhstan, during the main developmental stages of spring wheat ac-
cording to the BBCH scale: 10-20, 25-35, 39-59, and 61-75. The weather and climatic conditions of the
study areas were characterised by a sharply continental climate with an average daily temperature during the
growing season of +17.5 °C, average precipitation levels ranging from 40 to 48 mm, NE and SW winds with
a speed of about 4 m/s, dark chestnut and chestnut medium-loamy soils with a calcareous composition and
alkaline reaction (average pH 7.5).

For the analysis and subsequent imaging, 120 plant samples were selected: Triticum aestivum — 20,
Euphorbia virgata — 20, Descurainia sophia — 20, Vicia hirsuta — 20, Fallopia convolvulus — 20,
Echinochloa crus-galli — 20. The collected samples were transported from the fields to the Laboratory of
Biological Research at Toraighyrov University (Pavlodar, Kazakhstan) for spectral studies. The acquisition,
preprocessing, and processing of raw spectral data were performed using a FigSpec FS-13 hyperspectral
camera (CHNSpec Technology, Hangzhou, China) with a CMOS detector and Breeze software (Umed, Swe-
den). Hyperspectral imaging was conducted in the visible and NIR range with a spatial step of 2.5 nm at 1.92
thousand pixels, each with a size of 5.86 um. The raw three-dimensional hypercubes, for the extraction of
informative data, were preliminarily subjected to reference calibration (Spectralon, 99 %; Labsphere, Inc.,
North Sutton, NH, USA), noise elimination, smoothing, normalisation, and centering. Multidimensional lay-

138 Fundamental and Experimental Biology. 2026, 31, 3(123)



Species identification of crops...

er-by-layer visualisation and spatial dimensionality reduction were performed based on a PCA model with
the extraction of principal components using Variance Scatter and the spectral representation of pixels from
key informative regions via Raw Spectrum. PC1 and PC2 were used for the analysis of feature variability
(t[1] reflects the main spectral differences between features, while t[2] determines additional variable charac-
teristics). The formation of labeling in the dataset for further training and the selection of working pixels
were carried out manually, followed by the segmentation of plant samples into distinct regions. The extracted
sample regions, totaling 538, were used to develop a working model based on the Random Forest machine
learning algorithm, and were divided into two main sets: the training set included 358 sample regions—
66.5 % of the entire dataset; the test set comprised 180 sample regions—33.5 % of the dataset. The training
of the RF-based model was performed using cross-validation. The workflow of the algorithm, from the im-
port of raw data to training, is presented in Figure 1.

[ Triticurn aestivum

B Euphorbia virgata

Absorbance [P Descurainia sophia

39151- Machine learning (RF)

1006.8 nm [ vida hirsuta

Measurement

Segmentation

[Irallopia convolvuius

[Cchinochloa crus-gali

Figure 1. Algorithm workflow from raw data import to the application of machine learning

The extracted spectral reflectance data were processed using descriptive statistics and analysis of vari-
ance (ANOVA), with statistical significance set at p<0.05. The obtained indicators for species identification
and differentiation of weed and crop vegetation are presented in the format of a Confusion Matrix. The as-
sessment of classification quality was conducted using metrics such as Precision, Recall, and F1-score, while
Accuracy and MCC were calculated to evaluate the performance of the model and the obtained results, al-
lowing for the determination of the machine learning model’s operability and its applicability to individual
species of the studied weed and crop vegetation.

Results and Discussion

Spectral analysis

The figures present hyperspectral images of wheat and weed vegetation of agroecosystems, Raw Spec-
trum plots with curves reflecting the spectral characteristics of plant regions, and Variance Scatter diagrams.
The hyperspectral image is rendered in pseudo-colours that correspond to the level of light reflectance inten-
sity. Warm colours (red, yellow) denote areas with high reflectance, while cool colours (cyan, blue) represent
zones of low reflectance. The Raw Spectrum plot contains curves reflecting the spectral characteristics of a
specific part of the hyperspectral image. The plot represents a basic presentation of spectral data, showing
the dependence of the object’s reflectance coefficient on wavelength (400-1000 nm), where this indicator is
a key source of information about the physiological state of plant tissues. The Variance Scatter diagrams re-
flect the distribution of objects in the principal component space.

Figure 2 presents hyperspectral images, Raw Spectrum plots, and a Variance Scatter diagram of a
young wheat plant (Sample 1) and a plant at the heading stage (Sample 2). The spectral curves of the Raw
Spectrum plot for Sample 1 are in the range of 500780 nm. It was established that the most intense curves
(purple and cyan), corresponding to the brightest areas of the hyperspectral image (coleoptile and spike),
reach a reflectance coefficient of about 50-53 % in the wavelength region of 620-650 nm. The minimum
values are characteristic of the red curve, whose reflectance coefficient does not exceed 10-12 %. For the
green and red curves, a pronounced red edge region and a sharp increase in reflectance between 680 and
730 nm are recorded after 680 nm, driven by the transition from strong chlorophyll absorption to high reflec-
tance in the near-infrared region. Along with this, it was revealed that after 730—780 nm, the reflectance co-
efficient gradually decreases. For the wheat spike (Sample 2), the spectral curves have a similar shape but are
distinguished by lower reflectance amplitude. The maximum reflectance coefficient values of the most in-
tense areas reach 37.5 % in the 600-650 nm range. The red curve, corresponding to regions with minimum
reflectance, is characterised by a coefficient of about 7.5 % at the first peak and 20 % at the second peak. At
the same time, the red edge in the 680-730 nm interval is observed for all curves of the plot; however, the
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curves of the spikelet glumes have lower reflectance within the second peak. The Variance Scatter diagrams
reflect the distribution of spectral variability of the data in the principal component space. Accordingly, it
was revealed that for the young wheat plant, the first component t[1] explains 64.5 % of the total variance,
and the second component t[2] explains 14.6 %, which may indicate high spectral heterogeneity of tissues
among the leaf, coleoptile, and root. For the wheat spike, the first principal component already explains
82.2 % of the total variance, and the second component only 5.21 %. The more compact distribution of
points and the dominance of the first component indicate a more homogeneous spectral structure of the spike
compared to the young plant.
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Figure 2. Wheat spectral profile

Figure 3 presents the weed vegetation and Variance Scatter diagrams, and Figure 4 presents the Raw
Spectrum plots.

The Raw Spectrum plots reflect the spectral characteristics of different parts of the weed plants present-
ed in the hyperspectral images. The spectral curves of Sample 1 demonstrate the highest reflectance values
among all plants. The maximum reflectance coefficient of the purple curve reaches 75-77 % in the
610-650 nm range, which corresponds to areas of the root zone. The cyan and blue spectra have reflectance
coefficients corresponding to 60-67 %. The yellow curve has its first peak recorded in the wavelength region
of 500-730 nm, with a reflectance coefficient of 45 %, and its second peak noted in the region of
730-750 nm with a reflectance coefficient within 30-35 %, also belonging to the root part. The green curve
reflects the leaf veins and stem of the weed and has a reflectance coefficient of 28 %. The red spectrum dis-
plays the spectral characteristics of the leaves with a reflectance coefficient not exceeding 14-15 %. For
Sample 2, the maximum reflectance of the purple curve reaches 25-35 %, and the reflectance peak is noted
in the wavelength region of about 620-650 nm, which corresponds to the root zone of the weed. The cyan,
blue, and yellow curves are distinguished by a reflectance coefficient in the range of 20-27 % and belong to
the stem and leaves. The red curve has a reflectance coefficient of 7 % and corresponds to individual shaded
areas of the weed leaves. In the green spectral region, reflectance reaches up to 10 %, followed by a sharp
increase to 25 % after 700 nm. The presence of the red edge in the region of 700 nm was also revealed for all
spectral curves except the purple one.
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Figure 3. Hyperspectral images and Variance Scatter of weeds
(1 — Euphorbia virgata, 2 — Descurainia sophia, 3 — Vicia hirsuta,
4 — Fallopia convolvulus, 5 — Echinochloa crus-galli)

For Sample 3, the maximum value of the purple spectrum reaches 60 % in the region of 620-650 nm.
The cyan, blue, and yellow curves have reflectance coefficients of 40-53 %, corresponding to root areas. The
red and green spectra display the leaves and stems, having reflectance coefficients of 10-15 % at the first
peak and 20-30 % at the second peak, and a clearly pronounced red edge is observed in the 680—730 nm
interval.

For Sample 4, the maximum reflectance coefficient of the purple curve is 60 %, the cyan is 50 %, the
blue corresponds to 30-35 %, and the yellow to 20-30 %, which relate to the root and near-root parts. The
green spectrum has a reflectance coefficient of 5 %, and the red curve is characterised by a minimum value
of 5 % in the visible range. In the 670-700 nm region, a deep reflectance minimum is observed, followed by
a sharp red edge in the 700-740 nm range, with the reflectance coefficient reaching 25 % for the green and
15 % for the red curve, where the former spectrum belongs to stem areas and the latter to leaves.

All curves of Sample 5 have two peaks due to the formation of the red edge in the 700-740 nm range,
after which reflectance gradually decreases in the near-infrared range beyond 780 nm. The first peak is in the
500-730 nm wavelength range, and the second peak is in the 730-780 nm region. The reflectance coefficient
of the purple curve reaches 51 % at the first peak and 40 % at the second, the cyan 37.5 % and 35 %, the blue
30 % and 35 %, the yellow 27 % and 30 %, the green 15 % and 25 %, and the red 10 % and 15 %, respec-
tively. The purple, cyan, and blue curves display the near-root part, the yellow and green curves display the
leaves, and the red curve corresponds to individual shaded areas of the leaves.

The formation of a dense cluster of points in the region of low values of the second component and an
elongated spectral tail, reflecting the heterogeneity of plant tissues and differences between leaves, stems,
and root zones, is characteristic of all samples. The highest value of the second component is observed in
Vicia hirsuta (18.8 %), indicating the heterogeneity of the plant’s spectral characteristics. At the same time,
in Descurainia sophia, the first component explains the lowest percentage of variance among all samples
(64.5 %), and its variance diagram shows a wide distribution of points and a less pronounced cluster com-
pactness. The fifth sample (Echinochloa crus-galli) exhibited the lowest value of the second component and
the greatest dominance of the first (82.2 %), indicating the relative homogeneity of the spectral data of this
weed species.
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Figure 4. Raw spectra of weeds
(1 — Euphorbia virgata, 2 — Descurainia sophia, 3 — Vicia hirsuta,
4 — Fallopia convolvulus, 5 — Echinochloa crus-galli)

The obtained spectral differences between wheat and weed vegetation are driven by a combination of
biophysical properties of plant tissues, including chlorophyll content, mesophyll anatomy, cuticle thickness,
cell wall structure, the number of intercellular spaces, and the level of tissue water retention. The most sig-
nificant differences were observed in the red-edge and NIR ranges, associated with the physiological state of
plants and the structural features of leaf tissue. The spectral curves of the green parts of the studied objects
demonstrate the reflectance pattern of photosynthetic vegetation, with low reflectance in the blue and red
regions of the spectrum due to chlorophyll absorption, an increase in reflectance in the green region, and the
formation of the red edge in the 680—730 nm range. The red edge is formed due to the combination of strong
light absorption by chlorophyll in the red region of the spectrum and intense multiple scattering in the near-
infrared range. The spectral curves of the root and near-root zones, due to the absence of photosynthetic ac-
tivity and the presence of other pigments, do not exhibit a red-edge feature and reflect light throughout the
wavelength range from 500 to 780 nm.
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The higher reflectance values of the young wheat plant compared to the spike are explained by the ana-
tomical features of the vegetative organs. The leaves and coleoptile of the young plant contain developed
spongy parenchyma and a large amount of intercellular space, which enhances internal light scattering and
leads to increased reflectance in the NIR region. In addition, young tissues are characterised by high chloro-
phyll content and an active photosynthetic apparatus, which contributes to the formation of a more pro-
nounced red edge. In contrast, the tissues of the spike have a denser structure, a smaller proportion of inter-
cellular spaces, and a higher content of mechanical tissues, which reduces the intensity of internal scattering
and lowers the reflectance coefficient. Similar patterns have been described in studies of the spectral struc-
ture of cereal crops, where it has been shown that the transition from vegetative to generative organs is ac-
companied by a decrease in red edge amplitude and a reduction in reflectance in the near-infrared range due
to changes in tissue structure and decreased chlorophyll content [23, 24]. The pronounced red edge in young
wheat leaves and individual weed plants indicates a high content of photosynthetically active pigments and a
developed internal cellular structure. According to research data, the position and steepness of the red edge
are closely related to chlorophyll concentration, biomass, and plant water status. An increase in chlorophyll
content causes a shift of the red edge toward longer wavelengths (red shift), whereas a decrease in physiolog-
ical activity and water stress leads to a reduction in amplitude and a smoothing of the red edge [25-28].

The differences among weed species are also associated with their morphological and anatomical char-
acteristics. Euphorbia virgata was characterised by the highest reflectance values, especially in the near-root
zone. This may be explained by the presence of thick, succulent tissues, a developed system of vascular ele-
ments, and the presence of amyloplasts. Spurges contain a significant amount of milky sap and possess a
comparatively thick cuticle, which enhances internal light scattering and increases the reflectance properties
of the tissues. The broad leaves of Euphorbia virgata form a more uniform reflectance surface compared to
narrow-leaved species. Descurainia sophia exhibited the lowest values of the first principal component and
high spectral heterogeneity. This species has highly dissected, filiform leaves, resulting in pronounced varia-
bility in reflection angles and shadow zones. The thin, linear leaves reduce the volume of multiple internal
scattering, and the heterogeneous leaf orientation leads to a broadening of the point cloud on the Variance
Scatter diagram. Vicia hirsuta is characterised by the highest value of the second component, indicating pro-
nounced intra-tissue heterogeneity of spectral characteristics. This species has a complex, branching shoot
structure and combines thin leaves and stems with varying degrees of lignification and moisture content.
This leads to differences in reflectance between individual plant organs and the formation of a wide spectral
dispersion. In Fallopia convolvulus, the deep minimum in the 670—700 nm region and the subsequent sharp
increase in reflectance are associated with intense chlorophyll absorption and a strong contrast between the
leaf blade and the vascular tissues of the stem. The presence of a pronounced red edge indicates the preserva-
tion of an active photosynthetic apparatus. Echinochloa crus-galli demonstrated the most homogeneous
spectral structure. Its broad leaves and relatively uniform tissue anatomy provide similar light reflectance
conditions over most of the plant surface.

The main difference between weed vegetation and wheat is the higher spectral variability and a wider
range of reflectance. The young wheat plant was characterised by a relatively smooth and stable spectral
curve shape with a maximum reflectance coefficient of about 50-53 %, whereas in some weed species, espe-
cially Euphorbia virgata and Vicia hirsuta, reflectance reached 6077 %.

Analysis of statistical indicators

In the course of the study, the reflectance characteristics of spring wheat and five weed species at dif-
ferent stages of ontogenesis were analysed, as well as the spectral contrast characteristics within the VNIR
range. The reflectance indicators clearly demonstrate variability among the studied plant species, as well as
within a species depending on the phenological phase. Wheat exhibited a pronounced decrease in reflectance
during the transition from the young plant stage to the heading stage with mean and maximum reflectance
coefficient (RC) values within 31.50 % and 53 % for the first variant and 22.50 % and 37.50 % for the se-
cond, respectively. Among the studied weeds, the maximum reflectance values were found in Euphorbia
virgata, which applies both to the mean reflectance (45.50 %) of the plant tissues of this species and to the
maximum (77 %). These characteristics, along with a delta reflectance of 63 %, represented the highest val-
ues among all weed species and across all studied wheat growth stages. However, alongside this, certain
groups of weeds were identified whose spectral characteristics are approximately similar in their manifesta-
tion to the crop vegetation during certain phenophases. The closest indicators in terms of value are the reflec-
tance-absorption characteristics of Echinochloa crus-galli, with a mean RC value within 30.50 %, which
clearly demonstrates the similarity of the spectral characteristics of this weed species to the young wheat

ISSN 3080-6836 (Print) ISSN 3080-6844 (Online) 143



R.M. Ualiyeva, M.M. Kaverina et al.

plant (mean RC=31.50 %). A similarity was also established for such spectral reflectance characteristics as
rate of change and CV: for the young spring wheat plant—27.56 % and 5.46 %, and for the weed—26.28 %
and 5.21 %, respectively. Vicia hirsuta (mean RC=35 %) has values that differ somewhat more but are not
greatly distant from those of young wheat. On the other hand, the reflectance patterns of Descurainia sophia
(21 %) and Fallopia convolvulus (26.50 %) are highly similar to those of heading wheat (22.50 %). At the
same time, the highest coefficient of variation was recorded for the latter weed and was equal to 22.52 %,
which is an indicator of high intraspecific heterogeneity of reflectance properties in this species (Tab. 1).

Table 1
Reflectance characteristics of wheat and weeds
Ne Sample Reflectance (%) Mean Star)dzflrd cv Rate of AReflectance
min max deviation change
. Young plant 10 53 31.50 5.46 17.34 27.56 43,00
1 Tr|t|_c um Ear-bearing
aestivum 7.5 375 22.50 3.81 16.93 19.23 30,00
wheat plant
2 |Euphorbia virgata 14 77 45.50 8.00 17.58 40.38 63.00
3 |Descurainia sophia 7 35 21.00 3.56 16.93 17.95 28.00
4 |Vicia hirsuta 10 60 35.00 6.35 18.14 32.05 50.00
5 [Fallopia convolvulus 3 50 26.50 5.97 22.52 30.13 47.00
6 |Echinochloa crus-galli 10 51 30.50 5.21 17.07 26.28 41.00

The assessment of the spectral characteristics of the wavelength range within VIS-NIR demonstrated
the identity of macroparameters for the two groups of studied vegetation (“Wheat” and “Weeds”), corre-
sponding to the wavelength interval of 500-780 nm. It was also observed that both groups demonstrated a
spectral bandwidth of 280 nm, a contrast ratio of 1.56, a relative bandwidth of 0.22, and a normalised con-
trast of 0.36 (Tab. 2).

Table 2
Spectral contrast features across the visible-to-near-infrared spectral region
N samoles Wavelength (nm) Spectral Contrast | Relative | Normalised
B P Amin Amax bandwidth ratio bandwidth | contrast
1 |Wheat 500 780 280 1.56 0.22 0.36
2 |Weeds 500 780 280 1.56 0.22 0.36

The main key task in precision smart farming is the reliable and accurate differentiation of crop and
weed vegetation for the subsequent targeted application of herbicides. The obtained data on the statistical
indicators of the spectra made it possible to identify a number of features and limitations associated with the
automated identification and differentiation of plant species. First and foremost, an obvious phenological
dependence of differentiation was revealed. In accordance with the reflectance characteristic indicators, it
was established that using only reflectance amplitude to create a single static “crop/weed” segregation model
is not feasible. Due to the fact that the reflectance indicators within the species (wheat) drop by nearly a third
(from 31.50 % to 22.50 %) by the time of heading, this indicates that the model’s efficiency for differentia-
tion depends specifically on the phenological phase of monitoring. It was established that at the early stages
of vegetation, young wheat can be easily distinguished, for example, from Descurainia sophia (mean differ-
ence of about 10 %), but in relation to Echinochloa crus-galli, a “spectral mimicry” effect may arise (mean
RC difference = 1 %), which may be related to this plant’s belonging to the category of grass weeds. Howev-
er, by the heading stage, wheat, according to its spectral profile (22.50 %), begins to overlap with
Descurainia sophia (21 %) and may have similar spectral features to Fallopia convolvulus (26.50 %), while
Vicia hirsuta (35 %) and Echinochloa crus-galli (30.50 %) contrast quite clearly with the crop. On the other
hand, our data indicates that Euphorbia virgata can be consistently identified across all wheat development
stages, owing to its anomalously high reflectance (45.50 %).

It was established that for interspecific identification, the use of standard broadband vegetation indices
or multispectral cameras with wide spectral bands is ineffective due to the identical nature of their
fundamental spectral contrast features. This is related to the similarity of the cellular structure of the leaves
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and the chlorophyll content in the tissues of the studied plant samples, which influences the shape
of the spectral curve.

Machine learning

The identified differences in hyperspectral characteristics between wheat and weed vegetation, as well
as among individual weed species, formed the basis for constructing the classification model. The confusion
matrix of the classification model demonstrates varying efficiency in recognising wheat and individual weed
species based on hyperspectral features. The training model showed 84.9 % correctly classified samples. The
model performed best with wheat—96.9 % correctly classified samples. The worst results were obtained for
Echinochloa crus-galli, whose classification accuracy amounted to 68.4 % (Fig. 5, 6).

Actual dasses Total Triticum aestivum Euphorbia virgata Descurainia sophia Vicia hirsuta Fallopia convolvulus | Echinochioa crus-... No css A
Triticum aestivum 87(48.3%) 86(98.9%) 1(1.15%)
eopotavge | 18(0% s 16569 | nEm

Descuraina sophia 26(14.4%) 22 (84.6%) 2(7.69%) 2(7.69%)

Vica hirsuta 15(8.33%) 8(53.3%) _
Ecnochbacrusgal 18 (10%) 1(5.56%) tesen) | A@aw) 3(16.7%)

# Predicted 180 (100%) 86 (47.8%) 7(3.89%) 27 (15%) 13 (7.22%) 0 9 (5%) 38 (21.1%)
Correctly 123 (68.3%)
Incorrectly 57 (31.7%)
Pregsion 100% 57.1% 81.5% 61.5% 0% 33.3%
Recal 98.9% 22.2% 84.6% 53.3% 0% 16.7%
F-score 99.4% 32% 83% 57.1% 0% 22.2%
Actual ciasses ‘ Total ‘ Triticum aestivum Euphorbia virgata ‘ Descurainia sophia ‘ Vicia hirsuta Falopia convolvulus | Echinochioa arus-... ‘ No chss B
Triticum aestivum 65 (18.2%) 63 (96.9%) 2(3.08%)
Euphorbia virgata 48 (13.4%) 36 (75%) 2(4.17%)
Descurainia sophia 100 (27.9%) 1(1%) 95 (95%) 4(4%)
Vicia hirsuta 72(20.1%) 1(1.3%%) 60 (83.3%) 1(1.39%)
Falopia convolvulus 35(9.78%) 2(5.71%) 24 (68.6%)
Echinochioa crus-gal 38 (10.6%) 2(5.26%) 1(2.63%) 26 (68.4%)
# Predicted 358 (100%) 63 (17.6%) 39/(10.9%) 99 (27.7%) 62 (17.3%) 24(6.7%) 27 (7.54%) 44 (12.3%)
Corectly 304 (84.9%)
Incorrectly 54(15.1%)
Pregision 100% 92.3% 96% 96.8% 100% 96.3%
Recal 96.3% 75% 95% 83.3% 68.6% 68.4%
F-score 98.4% 82.8% 95.5% 89.6% 81.4% 80%

Figure 5. Confusion Matrix (A — Test, B — Train)
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Sample Group Image Category Machine learning (RF) Machine learning (RF)

9.1.6. Mu... Group H B Triticum aestivum 1 B Triticum aestivum
9.1.6. MNu... Group | B Triticum aestivum 1 W Triticum aestivum
9.1.6. MNu... Group : @ Triticum aestivum | W Triticum aestivum
9.1.6. MNu... Group | @ Triticum aestivum ‘ | Triticum aestivum
9.1.6. Mu... Group " @ Triticum aestivum @ Triticum aestivum
9.1.6. MNu... Group @ Triticum aestivum @  Triticum aestivum
9.1.6. Mu... Group | B  Triticum aestivum i B Triticum aestivum
9.1.6. MNuw... Group @ Triticum aestivum @  Triticum aestivum
9.1.6. Mu... Group | B  Triticum aestivum i B Triticum aestivum
9.1.6. Nuw... Group ' @ Triticum aestivum } @ Triticum aestivum
9.1.6. Mw... Group ; B Triticum aestivum B Triticum aestivum
9.1.6. MNuw... Group ! @  Triticum aestivum ; @ Triticum aestivum
9.1.6. Mu... Group ! B Triticum aestivum ! B Triticum aestivum
9.1.6. Nuw... Group B Triticum aestivum B Triticum aestivum
1.2. Euph... Group @ Euphorbia virgata | [m] Vicia hirsuta
1.2. Euph... Group B Euphorbia virgata 4-3 =] Vicia hirsuta
1.2. Euph... Group ® Euphorbia virgata \' [m] Vicia hirsuta
1.2. Euph... Group '.__L_. B Euphorbia virgata _j o Vicia hirsuta
1.2. Euph... Group I @ Euphorbia virgata I [ ]

1.2. Euph... Group 1‘ B Euphorbia virgata |‘ o Vicia hirsuta
1.2. Euph... Group 1 B Euphorbia virgata N 5] Vica hirsuta
1.2. Euph... Group ‘. W Euphorbia virgata % o Vicia hirsuta
1.2. Euph... Group -'-. ki al B Euphorbia virgata E o) o Vica hirsuta
1.2. Euph... Group i W Euphorbia virgata '\ o Vicia hirsuta
1.2. Euph... Group \: B Euphorbia virgata E\\ [u] Vica hirsuta
1.10. Ech... Group % @ Echinochloa crus-gali 1 [m] Vicia hirsuta
1.10. Ech... Group 1 @ Echinochloa crus-gali 3 o Vicia hirsuta
1.10. Ech... Group ﬁl @ Echinochioa crus-gali _‘r‘ o Vicia hirsuta
3.5. Desc... Group @ Descurainia sophia L}

3.5. Desc... Group B  Descurainia sophia L]

3.5. Desc... Group B Descurainia sophia B Triticum aestivum
3.5. Desc... Group I B Descurainia sophia l L}

3.5. Desc... Group @ Descurainia sophia | a Vicia hirsuta
3.5. Desc... Group @ Descurainia sophia [u] Vica hirsuta
3.5. Desc... Group | @ Descurainia sophia @ Descurainia sophia

Figure 6. Classification results

The overall classification result of the test model was 68.3 % (123 correctly classified samples out of
180), while 31.7 % of samples were assigned by the model to incorrect classes. The highest classification
accuracy was achieved for wheat, where 86 out of 87 samples were correctly identified, corresponding to a
recall of 98.9 %. The virtually complete absence of false-positive results indicates the high spectral unique-
ness of wheat compared to weed vegetation. This is likely associated with the relatively homogeneous ana-
tomical structure of the leaves and coleoptile, the characteristic red edge shape, and the stable reflectance
distribution in the near-infrared range. The best results among the weed plants were obtained for Descurainia
sophia. The model correctly classified 22 out of 26 samples of this species, corresponding to a recall of
84.6 % and a precision of 81.5 %. The high classification accuracy may be due to the plant’s specific mor-
phology, with thin, filiform leaves and relatively low reflectance coefficients compared to other weeds. For
Vicia hirsuta, the classification quality in the test set proved to be moderate: recall was 53.3 %, and precision
— 61.5 %. The majority of samples were erroneously assigned to the “No class” category (33.3 %) and par-
tially confused with Echinochloa crus-galli. Vicia hirsuta is characterised by a branching shoot structure and
the presence of leaves with varying orientations, which leads to wide spectral dispersion. Low classification
quality was observed for Euphorbia virgata and Echinochloa crus-galli. For Euphorbia virgata, recall
reached only 22.2 %, despite relatively high reflectance coefficients. Most samples were erroneously classi-
fied as “No class” (61.1 %) or confused with Echinochloa crus-galli. A likely reason is the high variability
of reflectance among the near-root zone, leaves, and stem of the plant. Euphorbia virgata has thick, succu-
lent tissues, a developed system of vascular elements, and a heterogeneous distribution of moisture, which
causes a significant change in spectral characteristics within a single plant. Because of a limited number of
training examples, the model was unable to extract stable spectral features of this species. Echinochloa crus-
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galli was also characterised by low recall (16.7 %) and precision (33.3 %). Some samples were erroneously
assigned to Vicia hirsuta and the “No class” category. The reason may be the similarity of the spectral char-
acteristics of Echinochloa crus-galli to wheat and other grass plants. As a representative of the Poaceae fam-
ily, this species possesses linear leaves, similar mesophyll anatomy, and a close red edge position, which
complicates class separation in multidimensional spectral space. For Fallopia convolvulus, the model failed
to correctly classify any samples in the training data. Recall and precision were 0 %. The majority of objects
were erroneously classified as “No class” or confused with Descurainia sophia. Such a result may be associ-
ated with the high spectral dissimilarity among different parts of the weed, the low reflectance intensity of
the leaves, and an insufficient amount of training data. The high proportion of objects in the “No class” cate-
gory (21.1 % of all predictions) indicates insufficient separability of certain spectral features and the pres-
ence of overlap between classes (Fig. 5).

According to the generalised statistical indicators of the algorithm (Tab. 3), the model demonstrates
high potential in solving the basic task of classification and differentiation of crop and weed vegetation,
which is confirmed by the Macro Accuracy value of 0.82214. In contrast, the decrease in this indicator on the
test dataset (Macro Accuracy Test = 0.63123), the Log Loss metric (0.66778), and the cross-validation accu-
racy (CV Macro Accuracy = 0.72645) clearly reflect the natural complexity of working with the optical
characteristics of biological objects. Such a change in the metric indicates spectral overlap between certain
plant species within the “Weeds” categorical group, which, in turn, may be resolved in the future by expand-
ing the database of spectral signatures and data for analysis, enabling more confident feature generalisation.

Table 3
Algorithm statistics
Algorithm name Macro Log Loss Log Loss Micro Macro CV Macro
9 Accuracy 9 Reduction Accuracy |Accuracy Test| Accuracy
Random Forest 0.82214 0.66778 0.61251 0.83544 0.63123 0.72645

Table 4 presents the accuracy and correlation metrics (MCC) for the algorithm used, confirming that the
algorithm effectively copes with separating the crop plant from the weed background, with an average accu-
racy of 72.94 % in the test set.

Table 4
Quality assessment metrics for machine learning sample sets
. Triticum Euphorbia | Descurainia |,,. ._, . Fallopia Echinochloa
Metrics - ' 8 Vicia hirsuta .
aestivum virgata sophia convolvulus crus-galli
Random Forest (Train)
Binary Accuracy 96.92 75.00 95.00 83.33 68.57 68.42
Balanced 98.45 87.47 97.46 91.63 84.30 84.19
Accuracy
MCC 0.984 0.831 0.954 0.897 0.827 0.811
Random Forest (Test)
Binary Accuracy 98.85 22.22 84.62 53.33 0.00 16.67
ia'anced 99.45 61.07 92.25 76.60 50.00 58.29
ccuracy
MCC 0.994 0.355 0.829 0.572 - 0.234

Wheat demonstrated exceptional recognition stability, where binary accuracy rose from 96.92 % at the
training stage to 98.85 % on the test set, and Balanced Accuracy from 98.45 % to 99.45 %. At the same time,
the MCC value in the test set was determined to be 0.994, which confirms the uniqueness of the spectral
characteristics of the crop, as well as the reliability of the model’s performance in its identification. Regard-
ing the recognition of specific weeds, it was also established that the model effectively distinguishes species
with uniquely characteristic morphology. In particular, Descurainia sophia deserves special attention, main-
taining high classification performance on the test data (Binary Accuracy=84.62, MCC=0.829), which
demonstrates the algorithm’s ability to capture and identify stable patterns of optical characteristics, particu-
larly for fine-leaved plants. For the intra-class differentiation of a number of weed plants (Euphorbia virgata,
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Vicia hirsuta, Fallopia convolvulus, Echinochloa crus-galli), classification proved to be a more challenging
task, which was demonstrated by a decline in the metric indicators on the test set. However, this is substanti-
ated by biological features. In particular, the signs of anatomical affinity of grass weeds (Echinochloa crus-
galli) with the studied crop obviously create difficulties for separating these classes in the basic spectral
space. Alongside this, a reason may be the high internal heterogeneity, forming a wide dispersion of spectral
values (multidirectional leaf orientation in Vicia hirsuta, uneven moisture distribution in the dense tissues of
Euphorbia virgata). It was found that these variability features were actually insufficient to form a single
universal set of rules for recognising these species within the group (Tab. 4).

Thus, the results show that hyperspectral analysis possesses high efficiency for recognising wheat and
certain weed species; however, classification accuracy depends on the spectral homogeneity of the plant and
the degree of overlap of its spectral characteristics with those of other species. Species with unique morphol-
ogy and a stable spectral profile are classified most successfully, whereas plants with complex shoot mor-
phology or similar tissue anatomy exhibit a higher level of classification errors.

Conclusion

The conducted analysis of spectral characteristics and machine learning results allowed for drawing
principal conclusions regarding the prospects for automated species-level identification of crop and weed
vegetation. It was established that hyperspectral sensing, in combination with the Random Forest ML algo-
rithm, proved the high validity and success of crop vegetation segregation from the weed background, which
addresses the main task of precision agriculture. The spectral stability of spring wheat enables the model to
identify it with high accuracy (MCC=0.994). A dependence of recognition on the anatomical specificity of
the plant and the phenological phase was also revealed; in particular, the morphological features of
Descurainia sophia form stable patterns, allowing the algorithm to perform accurate identification. However,
the spectral proximity of green biomass across the broad VIS-NIR range (500-780 nm) requires the expan-
sion of the spectral database for the application of standard metrics. The attempt to separate complex weed
species from one another, such as grass weeds or species with high tissue heterogeneity, manifests in a de-
crease in the predictive ability of the model, which is an obvious consequence of their intraspecific variabil-
ity and, as a result, spectral overlaps. Moreover, the application of the RF algorithm, with an overall accura-
cy of 72.94 % on the test set, formed a reliable basis for performing basic “crop-weed” classification. To
transition toward high-precision multiclass identification and intra-group weed differentiation, it is essential
to extract narrow-band spectral markers, balance complex training datasets, and integrate textural features,
thereby compensating for optical overlaps. In conclusion, the developed classification model demonstrates
potential for integration into site-specific herbicide application systems by solving the task of reliable crop
preservation, thereby providing a foundation for further optimisation of machine learning algorithms in intra-
class weed differentiation.
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MamuHaJbIK OKBITY AJITOPUTMAEPiH Nai1ajJaHy apKbLIbI
rHINepPCneKTPAJAbI JepeKTep Heridinae Ouaai ericrikrepinaeri
AAKbLI 5KOHE apaMIIeN 6CiMIIKTEPiH TYPJIiK aHBIKTAaY

Anramn per Ka3zakcTaHHBIH CONTYCTIK-IUBIFBICBIHAFB! arpolieHO3Aap JKarJaibIHAa JaKbLI OCIMIIKTEp MEH
apaMmIIenTep/i KOMKIACThI XIKTey Ke3iH/le MAIIMHAIBIK OKBITY anropurmziepiniy (Random Forest mbicasbiH-
I1a) LIEKTeyJepiHe ociMIOiK TiHIAEpiHiH MOP(OIOrHAIBIK-aHATOMUSIIBIK KACHETTEPI MEH TaHy THIMIIIr
apachIHIAFbl ©3apa OalIaHBICTBI HETI3re aja OTBIPBIN KeUmIeHAl Oaranay kyprisinmi. KymMeicTa rumepcrex-
TpaJabl Oenrisiep KeHiCTIriHAe KIAacTapIblH ONTUKAIBIK Ka0aTTacyblHa OKENIETiH OMOJOTHSIIBIK TaOUFaTTaFbl
Heri3ri daxropnap Herizmenni. depexrep VIS-NIR nuamazonsHza rUmepcrekTpasiibl CEHCOpP KOMeTiMeH
skuHaIel. CHEKTpiuik mpoduibaepni Tannay 0ac KOMIOHEHTTEp Sici apKbUIBI JAWCIEPCHS KYPBUIBIMBIH
Oaranay >KOHE INAFBUIBICY CIIEKTpJIEpiH KYpy HETri3iHAe jKy3ere achIpbUIABL. AJIBIHFaH JIEpPEeKTepAi KIKTey
Random Forest anroputmi apKpUTbl OpBIHIAIABL 3epTTEy HBICAHAAPHI peTiHae apTypii (eHodazanapaars!
sxa3aeik Oumait (Triticum aestivum) ericrikrepi xone apammentepaiy 6ec 6aceim Typi (Euphorbia virgata,
Descurainia sophia, Vicia hirsuta, Fallopia convolvulus, Echinochloa crus-galli) tammanaer. Anroputm
«IaKplI-apaMIIe» AeHreilinae 00beKTiaepai THIM/I aXBIPaTHII, TeCT AepeKTepinae 72,94 % xKammsl KiKkTey
TONAIriH KepceTTi. bupaiiner anbpikTay mommiri xorapsl geHreine (MCC=0.994) 6ombimn, Oy OHBIH CHEKTPIIIK
TypakThuIBIFEI MeH red edge (680-730 HM) aiiMarbIHaFB! aKBIH OSNTiIEpPMEH TYCiHAIpiaeni. ApaMientepi
TYPJIK JCHreiie aKbIpaTy MONITIHIH TOMEHICYl OJapIblH aHATOMUSIIBIK EPEKIICTIKTEpiMEH OaiIaHBICThI
eKeHi aHbIKTaNAbl: Euphorbia virgata-HelH KanbiH KyTHKYJSIPIBIK KabaTTapsl )KOFaphl MAFbLUIBICY MOHEPIH
tyasipanss, Vicia hirsuta-aeiH Kypaeni MOPQOIOTHSIIBIK KYPBUIBIMBI CIIEKTPIIK ayBITKYIbI KYIICHTEl; a
Echinochloa crus-galli me3oduminiy moHAI MakpUIgapra yKcac KYpBUIBIMBL KeiOip CrieKTpiik Genrinepix
ONITUKAIBIK KabaTTacysiHa okeneni. Ocpltaiiia, o3ipJeHTeH MOJENh MOICHH OCIMIIKTEp MEH apaMILIenTepai
CEHIM1 aXKBIPATHIM, ASJME-AdJ ETiHIIUNK TEXHOJOTHIAphl MEH arpOXWMHKATTapAbl MakKcaTThl KOJIaHYy
JKYHeINIepiH eHTi3yTe Heri3 Kajlaibl.

Kinm ce30ep: rumepcleKTpaiibl 30HATAY, Ka3[blK OWpai, apaMiuentep, MaIIHHAJBIK OKBITY, TYPIiK
aHBIKTAY, TYPJEP/l aXbIPaTy, CIIEKTPIIK KoJITaHOaIap, HaKThI eTiHIITIK.

P.M. Yanuesa, M.M. Kagepuna, A.B. Ocunosa, A.E. Konnaes,
M.A. YHaiizabekona, C.b. XKanrasun

BunoBasi nieHTH(PUKANUA KYyJIbTYPHOH M COPHOM PACTHUTEIbHOCTH
B II0CEBAX MIIEHUIBI 10 THNEPCHEKTPAIbLHBIM JAHHBIM
C MCII0JIL30BAHMEM AJITOPUTMOB MAIIIMHHOTO 00y4eHus!

BriepBble npoBe/icHa KOMIUIEKCHAs OlieHKa orpanndeHnii ML-anmroputmos (Ha nmpuMepe Random Forest) mpu
MYJIBTHKIIACCOBOH MICHTH(HUKAINH KYIbTYPHBIX PaCTEHHI M COPHIKOB B arpoIlieHO3aX ceBepo-BocToka Ka-
3aXCTaHa Ha OCHOBE YCTaHOBJIICHHUS B3aMMOCBSI3H MEXAY MOP(}OIOro-aHaTOMHIECKHIMH CBOHCTBAMU PacTH-
TENBHBIX TKaHEH U 3((PEKTHBHOCTHIO PACIIO3HABAHMS alTOPUTMOM MAIIMHHOTO 00ydeHus. B paborte o6ocHO-
BaHBI OCHOBHBIC IPUYMHBI OHOJIOTMIECKOH IPHPOABI, MPOSBIIONINECS B ONTHIECKOM MEPEKPHITHH KJIACCOB
B IIPOCTPAHCTBE TUMEPCIEKTPAIbHBIX MPU3HaKoB. COOp JaHHBIX MPOBE/EH THIIEPCIIEKTPATBEHBIM CEHCOPOM B
nuanazone VIS-NIR. Axanu3 crieKTpaibHbIX NpoGHIeH MPOBEICH HA OCHOBE OLICHKH PACIPEACIICHUS THC-
HEePCHU METOJOM IJIABHBIX KOMIIOHEHT M IIOCTPOCHHs KPUBBIX OTpaxeHus. Kilaccudukaiys n3BICYEHHBIX
JIAHHBIX BBIMOJNHEHA Ha OCHOBe anropurma Random Forest. B kadectBe 00BEKTOB HCCIICIOBAHUS BHIOPAHBI
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nocesbl ApoBoit mureHuis! (Triticum aestivum) Ha pasbix GpeHodasax U [saTh JOMHUHUPYIOIINX BHIOB COPHOM
pacrurensHoct (Euphorbia virgata, Descurainia sophia, Vicia hirsuta, Fallopia convolvulus, Echinochloa
crus-galli). Anroput™ mokaszan 3(HEeKTHBHOCTH Cerperauy Mo THIY «KyJIbTypa-COPHSAK» C 00mIeil TOUHO-
CTBIO KJIACCHU(HKAIUK HA TECTOBBIX JaHHBIX 72,94 %. BEIsIBICHa BBICOKAs TOYHOCTh HICHTH(HKAIIUH TIIIIC-
Hurpl (MCC=0,994) 3a cyer crekTpanbHON CTaOMIBHOCTH M BBIpaXKCHHBIX mpu3HakoB red edge (680—730
HM). YCTaHOBIICHO, YTO CHIDKEHHE TOYHOCTH IPH IONBITKE BHYTPUKIIACCOBOTO Pa3JIeIeHHsT COPHIKOB CBS3a-
HO C aHATOMHUYECKUMH OCOOCHHOCTSIMH OTAENBHBIX MMpeICcTaBUTelNel (INIOTHBIC KYTHKYISIpHBIC ciiou Euphor-
bia virgata mpuBoOmSIT K IPOSIBICHNIO BHICOKHX ITOKA3aTeJeil OTPaXKSHHSI 10 CPABHEHUIO C OCTAIbHBIMU BHIA-
MH; CIIOXKHast apxurekTypa Vicia hirsuta Be3pIBacT KpUTHYECKHIA CHIEKTPAIBHBIA pa3dpoc; CXOACTBO CTpOe-
Hust mesoduiuia Echinochloa crus-galli ¢ kyabTypoii, yuuThiBast €ro mpUHAUIEKHOCT K 311aKOBBIM, TPHUBO-
JMT K YaCTUYHOMY ONTHYECKOMY CJIMSHMIO C HEKOTOPBIMU NpH3HaKaMu). TakuM oOpa3om, pazpaboTaHHas
MO/IeJIb TI03BOJISICT PELINTh TIIABHYIO 33/1a4y — ofecnedeHne HaeKHOH nuddepeHIranny KyIpTypHO# pac-
THTEIBHOCTH OT COPHOTO (DOHA, YTO SIBJISETCS BaXKHBIM YCIOBHUEM LISl YOPMHUPOBAHHUSI TEXHOJIIOTHYECKOT0 Oa-
3HCa TOYHOT'O 3eMIIC/ICIHUS M BHEIPEHHUSI CUCTEM TAPTreTHOIO IPHMEHEHHS arpOXHMHKATOB.

Knrouegvie cnosa:. TUNEPCHEKTPAJIBHOC 30HANPOBAHUEC, SApOBas MIICHUIIA, COpHasA PaCTUTCIbHOCTh, MallllH-
HOC 06yqu1/Ie, BHJI0Bast I/IZ[CHTI/Iq)I/IKaHI/ISI, BHJI0Bast HI/I(i)(i)epeHHI/IaL[I/IH, CHEKTPAJIBbHBIC CUTHATYPbI, TOYHOC
3CMIICOCIIUC.
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