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Abstract. The study presents an approach for detecting rust and differentiating
lesions using hyperspectral imaging and machine learning methods. Analysis
of the differences in the spectral characteristics of lesions on the wheat ear,
leaf, and stem revealed patterns between light reflectance and the structure
of plants and pathogens. Healthy areas have a high reflectance coefficient due
to their normal cellular structure and chlorophyll content. Lower intensity
was detected in desiccated areas, which is associated with moisture loss
and disrupted plant structure. Areas affected by rust exhibit low reflectance
coefficients, which are related to tissue degradation and the accumulation of
dark pigments by the pathogens, contributing to their resistance to external
stresses. This forms a distinct spectral profile, allowing for clear visual
identification of the disease. As aresult, with the aim of identifying the presence
of lesions caused by Puccinia graminis and Puccinia triticina, a classification
model based on the Random Forest algorithm was developed to recognise
rust-affected zones, achieving an overall classification accuracy of 94%. The
obtained values indicate the model's high potential for detecting rust lesions,
confirming the promise of synergistic analysis of hyperspectral data combined
with ensemble machine learning algorithms for the non-invasive detection of
wheat rust diseases.

Keywords: hyperspectral imaging, spectral characteristics, plant rust, wheat
agrocenosis, classification model

Introduction

Wheat rust, caused by fungi of the genus Puccinia, is a severe pathology of cereal crops. The
disease causes significant damage to yield [1] and grain quality. Crop losses can reach up to 50-
60% [2]. Therefore, early and accurate identification is a crucial component of phytosanitary
monitoring, as even a moderate disease stage reduces the photosynthetic activity of leaves and
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Spectral signatures of wheat rust from hyperspectral data: the potential of machine learning methods

accelerates their aging, leading to deterioration in grain quality. Furthermore, different types of
rust develop differently and require timely, appropriately selected control measures. Untimely
detection leads to rapid expansion of disease foci and increased fungicide costs.

Hyperspectral imaging has become one of the most promising tools for disease monitoring.
Using hyperspectral imaging, infected and healthy plants can be distinguished with high
accuracy, enabling early detection of stripe [3-7] and leaf [5, 8, 9] rust at early stages. This
technology facilitates the creation of disease recognition models that can determine the severity
of infection for stripe and leaf [10, 11] rust; models based on Random Forest algorithms [12],
CNN architectures, and UAV-hyperspectral data [13] show high accuracy in detecting the
severity of stripe rust, while an ML model was used to recognise stem rust [14]. UAV-based
hyperspectral imaging provides a reliable assessment of the spread of stem [15, 16], stripe
[17-21], and leaf [21] rust in field conditions over large areas. Although multispectral imaging
can identify stripe rust [22, 23], hyperspectral imaging proves to be more sensitive to the
pathology compared to multispectral imaging [24] and allows for determining the stages of
disease development, predicting its severity, and tracking its dynamics. In rust identification,
the biophysical parameters of vegetation indices [25] and spectra [26] are important, especially
narrow spectral bands in the red and near-infrared regions.

In this work, we aim to analyse the spectral characteristics of wheat samples affected by rust
and to build a classification model using machine learning methods to assess the potential of
hyperspectral imaging for reliable disease identification.

Materials and research methods

Spring wheat (Triticum aestivum L., 1753) plants affected by rust diseases caused by Puccinia
graminis and Puccinia triticina were used as objects of this study (Figure 1).

We collected plant material during the 2025 growing season in the major grain-producing
regions of Northeastern Kazakhstan. To obtain representative samples, plants showing rust
symptoms were selected during the key phenological stages of the crop (BBCH 39-59 and 61-
75), where these stages correspond to the development of the pathogens and their spread
across different parts of the plant. The sampling area comprised 10 monitoring plots. Plant
counts on these plots were based on 10 specimens per plot. To comprehensively cover all
potential variations in symptom expression, the distance between adjacent plots ranged from
25 to 50 paces; the distance from the field edge varied between 25 and 50 meters, with further
progression into the crop reaching 200-300 meters. Rectangular/triangular and diagonal
(checkerboard) sampling patterns were employed to assess the spatial distribution of symptoms.
Accordingly, the first pattern helped evaluate the uniformity of infection, while the second was
applied for patchy or heterogeneous pathogen spread [27]. Subsequently, phytopathological
diagnostics were performed on the collected samples at the Laboratory of Biological Research
of Toraighyrov University (Pavlodar, Kazakhstan) in accordance with the State Standard 12044-
93 "Methods for determination of disease infestation" [28].

Following this, the selected plant specimens were prepared for hyperspectral imaging. This
procedure involved calibration using white and black references to convert raw sensor data
into reflectance values, removal of background noise through ROI masking, and normalisation
of the resulting spectral data. Hyperspectral imaging was carried out using a FigSpec FS-13
VNIR scanning camera (400-1000 nm; Hangzhou, China). The system provided 1200 spectral
channels with a spectral resolution of 2.5 nm and a spatial resolution of 1920 pixels, where each
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pixel size was 5.86 um, and the frame rate was 128 frames per second using a CMOS detector
[29, 30].

Figure 1. Study objects (a - wheat ear, b - wheat leaf, c - wheat stem)

The initial hyperspectral data, presented as hypercubes, were processed using Breeze
software (version 2024.2.0). For spectral analysis, a PCA model and the Pixel Explore tool were
applied. This allowed the use of original spectral plots to visualise spectral curves for individual
plant samples across the VNIR range. Scatter plots were used to analyse pixel distribution across
PCs, where colour intensity reflects point density - red indicating the highest density (PC1
representing the most pronounced spectral differences; PC2 representing spectral variability
within a lesion).

To visualise the spectral channels with the greatest variance, hyperspectral cubes were
projected onto two-dimensional images by creating maximum variance images. In this study,
PCA served as an exploratory method to assess the spectral separability and heterogeneity of
rust lesions. The Random Forest algorithm was used as a supervised classification method. The
input features for each ROI consisted of spectral reflectance values across the VNIR range (400-
1000 nm), as well as derived indices including mean reflectance, standard deviation, relative
bandwidth, and wavelength contrast. Hyperparameter tuning was performed via mesh search,
with parameters for the Random Forest set as number of trees (n estimators = 100), maximum
tree depth (max depth = 10), and splitting criterion (Gini impurity). This approach was chosen
to enhance model reliability and reduce the risk of overfitting, as it processes independent
decision trees in parallel and aggregates their predictions to produce a final classification result
[31].

Statistical analysis of the spectral data was performed using ANOVA and descriptive statistics.
For each organ and tissue condition, statistical significance was assessed by calculating p-values,
and effect sizes were quantified using n? (eta squared) and Cohen’s d, emphasising organs
exhibiting the most pronounced spectral differences. Model performance was evaluated using
five-fold cross-validation. The 143 ROIs were selected to isolate tissue areas with lesions. To
better approximate independent evaluation and reduce potential bias, the ROIs were split plant-
wise, so that ROIs from the same plant did not appear in both the training and validation folds.
In each iteration of the five-fold cross-validation, approximately 70% of the ROIs were used for
training, and 30% for validation, and performance metrics (F1-score, Precision, Recall) were
averaged across all folds to assess internal stability. The approach used reduces the likelihood
of overfitting and allows for a reliable evaluation of the model.
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Results

The figures present hyperspectral images of wheat ear, leaf, and stem affected by rust,
accompanied by the Raw Spectrum graphs showing curves thatreflectthe spectral characteristics
of plant areas, and a Variance Scatter diagram. The hyperspectral image is characterised by
being coloured in conditional colours that correspond to the level of light reflectance intensity.
Here, warm colours (red, yellow) denote areas with high reflectance, while cold colours (light
blue, blue) indicate zones of low reflectance. The Raw Spectrum graph contains curves reflecting
the spectral characteristics of specific regions of the hyperspectral image. On the other hand,
the Variance Scatter diagram represents the distribution of spectral data after dimensionality
reduction, where each point corresponds to a single pixel of the hyperspectral image, which is
transformed into principal component coordinates. Considering the object localisation in the
image, it can be noted that the colours of the areas corresponding to the curves of different
colours are indicated on its right side: for example, the red curve corresponds to the blue colour
on the hyperspectral image, as follows from the colour scale.

Figure 2 depicts an ear affected by the rust pathogen. It is worth noting that the red curve
corresponds to the rust-affected area of the ear at its base with a reflectance of 23%. The
remaining curves belong to healthy areas of the ear, where the reflectance varies within 15-30%.
The spectral peaks belonging to the ear were in the wavelength range of 550-780 nm, which is
standard for all examined samples. Notably, this range includes the red edge region, known for
its sensitivity to the physiological state of plants. In the Variance Scatter, the first component
t[1] (73.2%) reflects the majority of data variation and differences between spectra, while the
second component t[2] (6.15%) shows additional variations. The high t[1] values within the
explained variance indicate the dominance of spectral values characteristic of healthy ear areas,
whereas t[2] primarily explains spectral deviations associated with local lesion areas. Overall,
the points were grouped into one cluster, indicating that a large number of pixels have similar
spectral characteristics. The presence of individual outliers is represented by the image of rare
points, which reflect rust areas with distinct spectral properties, confirming the possibility of
identifying regions with altered optical characteristics (Figure 2).

Raw Spectrum Yanance scatter
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Figure 2. Spectral characteristics of a wheat ear affected by rust

JLH. Tymunee amoindarst Eypasust yammuik yHusepcumeminiyy XABAPIIBICBL. Buo102usabiK FolabMAap cepusicol Nel(154)/ 107
BULLETIN of L.N. Gumilyov Eurasian National University. Bioscience series 2026
BECTHHK Espasuiickozo HayuoHaabHo20 yHugepcumema umeHnu J1.H. ['ymusesa. Cepust 6uosozudeckue HayKu



D.A. Tagayev, M.B. Salkymbayeva

Figure 3 depicts a rust-affected leaf, where the red curve reflects individual rust foci with
an average reflectance of 15%. Here, the yellow curve describes areas surrounding the disease
foci with a reflectance identical to the previous one - 15%. The similarity of spectra inherent to
the infection foci may predominantly indicate that the disease was characterised by the onset
of infection symptom development, or it may point to underlying physiological changes that
were relatively difficult to distinguish visually. The purple curve belongs to desiccated areas
of the leaf, where reflectance values of 25% were noted, which, in most cases, is explained
precisely by the degradation of cellular structure and disruption of water balance. Alongside
this, the remaining curves correspond to healthy tissue and have a reflectance in the range of
20-35%, the primary reason for which may be the relative variability of lighting conditions
and the anatomical heterogeneity of the foliar organ's structure. It is important to note that the
maximum spectral peaks were in the 550-780 nm range, corresponding to the region sensitive
to stress impacts. The Variance Scatter diagram is characterised by an elongated shape, where
the actual percentage of scattered points, reflecting pixels differing in spectral properties, is
4.56%, indicating a relative predominance of homogeneous spectral characteristics with locally
pronounced areas of deviations (lesions by the rust pathogen) (Figure 3).

Raw Spectrum VAriance scatter
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Figure 3. Spectral characteristics of a wheat leaf affected by rust

Colour differences between various areas of the stem essentially indicate a disruption of
physiological processes or may be a result of tissue degradation. Figure 4 depicts a diseased
stem, where the red and green curves belong to diseased areas; here, the red reflects the
most severely affected areas with a reflectance of 8%, while the green curve has a reflectance
within 15%. These low values may be associated with the accumulation of pathogenic biomass
or the destruction of cell structure. The yellow curve corresponds to desiccated areas of the
stem (28%), whereas the remaining curves represent regions retaining a healthy green colour
(30-35%), primarily due to the preservation of pigments and lower moisture content. The
wavelength range of the spectral peaks, as with other areas, was noted within 550-780 nm,
which is a result of the physiological sensitivity of plant tissues to pathological impacts. The
Variance Scatter contains numerous points, accounting for 6.24%, reflecting the heterogeneity
of the stem surface due to the spectral features of disease lesions.
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A comparative analysis conducted on the spectral profiles of different plant organs enables
the investigation of optical properties of individual areas depending on the physiological state
and anatomical structure of the studied samples. Figure 5 demonstrates the spectral profiles of
different parts of wheat: ear, leaf, and stem. It has been established that the red curve reflects
the spectral characteristics of the ear with a reflectance of 11-18%, the green curve belongs
to the leaf and has a reflectance of 10-21%, while the blue curve describes the stem, where
reflectance was within 14-21%. These differences were primarily determined by chlorophyll
content, structural features of tissues, and an indicator such as moisture content. The identified
spectral indicators were determined within the 550-780 nm range, which primarily correspond
to regions of maximum sensitivity. This fact is associated with various pathological changes
occurring in the tissues of plant organisms and is used as an informative identifier for
differentiating lesions.
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Figure 4. Spectral characteristics of a wheat stem affected by rust

Figure 5. Comparative spectral profiles of wheat ear, leaf, and stem
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Descriptive statistical indicators and the results of the analysis of variance for the reflectance
and wavelength range are presented in Tables 1 and 2, respectively. The data in Table 1 show
quite pronounced indicators of the reflectance associated with different functional states. It
should be noted that, in several cases, the statistical analysis yielded a standard deviation of
zero. This result arises because the calculations were based on the reflectance coefficient,
which exhibited a single pronounced peak. Under these conditions, the absence of variability in
the parameter leads to a zero-standard deviation. Therefore, in the present case, the magnitude
of the standard deviation is determined not by the distribution of values across the entire
spectral range, but by the presence and number of pronounced peaks in the spectrum. Spectra
containing two or more distinct peaks exhibited non-zero variance, reflecting differences in
their amplitude characteristics. The average value of the coefficient for the affected areas
was approximately 23%, while for the entire sample as a whole, it was only 14.5%, which is
60% lower than the first indicator. Healthy ear areas are characterized by a wide wavelength
range, which accompanies increased variability indicators (CV=8.47%) and indicates the actual
heterogeneity of the optical properties of undamaged tissue.

Desiccated leaf areas have an average reflectance (25-28%) distinguished by its stability,
which corresponds to reduced moisture content, as well as degradation of tissue structure, and
is confirmed by zero values of standard deviation and variation indicators. The stem exhibits
more pronounced differentiation of spectral characteristics. Differences in reflectance indicators
are manifested precisely in the fact that affected areas exhibit minimal reflectance values,
whereas healthy areas show maximum values (11.5% and 32.5%, respectively). Moreover, the
main reflectance difference (A) with the maximum value was recorded within 10.58%, which
corresponds to a healthy leaf and ear, and is a result of the sensitivity of this parameter, reflecting
primarily the physiological state of the plants.

Table 1
Spectral characteristics of wheat samples: Reflectance

Ne Plant Body part ([zzfi?fciz?enrfte) Reﬂl\gce?annce, Starllda}rd cv Rate of | A Reflec
part (%) Median Deviation Change | tance
1 |Ear Body 11-18 14.5 0.89 6.13 | 14.50 4.94
Affected areas 23 23.0 0.00 0.00 | 23.00 0.00
Healthy areas 15-30 22.5 191 8.47 | 22.50 10.58
2 | Leaf Body 10-21 15.5 1.40 9.01 | 15.50 7.76
Affected areas 15 15.0 0.00 0.00 | 15.00 0.00
Dried areas 25 25.0 0.00 0.00 | 25.00 0.00
Healthy areas 20-35 27.5 1.91 6.93 | 27.50 10.58
3 | Stem Body 14-21 17.5 0.89 5.08 | 17.50 4.94
Affected areas 8-15 11.5 0.89 7.73 | 11.50 4.94
Dried areas 28 28.0 0.00 0.00 | 28.00 0.00
Healthy areas 30-35 32.5 0.64 1.95 | 32.50 3.53

The results presented in Table 2 demonstrate that, regardless of the condition of the plant
tissue or organ, all main spectral characteristics were noted in the wavelength range of 550-780
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nm. Thus, the following indicators were obtained: constancy of the spectral range width within
230 nm, contrast ratio of 1.42, relative bandwidth - 0.173, and normalized contrast - 0.295.
This indicates that the key differences between the samples were related to changes in light
reflectance rather than to shifts in spectral range width or peaks.

Table 2
Spectral characteristics of wheat: Wavelength
v | Rantpar | Ve | S | conmstraio | S| Mo
Ear 550-780 230 1.42 0.173 0.295
Leaf 550-780 230 1.42 0.173 0.295
Stem 550-780 230 1.42 0.173 0.295

These observations were confirmed by statistical analysis (Table 3). The factor studied
had a highly significant effect on stem and leaf reflectance (p<0.001) with large effect sizes
(n?=0.41 and 0.38; Cohen’s d=1.25 and 1.10, respectively), reflecting the fact that rust
pathogens predominantly affect leaves and stems. In contrast, the effect on ear reflectance
was not statistically significant (p=0.16) and corresponded to a small effect size (n?=0.02;
Cohen’s d=0.18). These results indicate that stem and leaf reflectance are the most informative
parameters for differentiating tissue conditions, confirming their utility as indicators in
diagnosing phytopathological conditions of wheat.

Overall, it was found that the most informative among the statistical data were the reflectance
indicators, which allow for more accurate differentiation of desiccated, affected, and healthy
tissue areas on plant samples, confirming their expediency for use as indicators in diagnosing
phytopathological conditions of wheat.

After processing the spectral data, categories were added for different zones of the
hyperspectral images of wheat parts. Figure 6 shows key information about the classification
model built using the Random Forest machine learning algorithm. The core of the Random
Forest method in this context involves generating many independent decision variants and then
aggregating their outputs; this is, done by creating random samples from the original data, each
used to train an individual decision tree. The results from all these trees are then averaged to
produce the final rust classification model with high accuracy.

Table 3
Spectral characteristics of wheat: Wavelength
Ne Plant part p-value n? Cohen’s d
Ear 0.16 0.02 0.18
Leaf <0.001 0.38 1.10
Stem <0.001 0.41 1.25

The statistical data of the algorithm are presented under the letter D. Macro Accuracy, equal to
0.74074, indicates a fairly good balanced accuracy across all examined classes. Micro Accuracy
shows the proportion of all correctly classified zones and is about 89%. Log loss is less than 0.3,
which is a sign of a stable model and indicates a low probability error, and Log Loss Reduction
within 0.69 is an indicator of the model's quality improvement compared to the baseline. The
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cross-validation value confirms model stability when applied to various subsamples, but at the
same time it may indicate potential for further improvement by retraining on additional data.

The confusion matrix (C) presents classification performance metrics such as Recall, Precision,
and the F1-score. Precision shows how accurate the model's predictions are and ranges from
92.9% to 97.6%; Recall, meanwhile, reflects how well the model finds all diseased areas, and
as a result, ranges from 86.7% to 100%. The F1-score is the harmonic mean between Precision
and Recall and shows how balanced the model is, where experimentally obtained data were
noted within the range of 89.7% to 96.5%. Thus, rust-affected leaf areas were classified with
the highest accuracy (100%), good classification performance was observed for stem zones
(95.4%), whereas only 86.7% of leaf zones were correctly classified. In Figure 6, under letters
A and B, the area parameter is visible, which shows the size of the affected areas, allowing for a
visual comparison of the scale of the lesions.

Discussion

Rust pathogens are obligate fungi of the genus Puccinia. Brown leaf rust is caused by P
triticina, black stem rust by P graminis f. sp. tritici, and yellow stripe rust by P. striiformis f.
sp. tritici [32]. Their spores land on the plant, penetrate tissues via haustoria, and as a result,
secrete effector proteins that suppress plant immunity [33, 34].
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Figure 6. Classification model (A - selected zones, B - analyse tree, C - confusion matrix, D -
model statistics)
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Our experimental data confirm that healthy areas have greater reflectance intensity compared
to affected and desiccated ones, with the rust-affected areas having the lowest reflectance values.
It is also important to note that among all plant parts, the ear possesses the lowest reflectance
intensity, although the actual difference between the reflectances is practically insignificant.

Figure 7 shows the dependence between pigment content and the degree of light reflectance.
As follows from the figure, red arrows indicate the degree of actual light reflectance. Thus,
healthy plant tissue has a high reflectance, which is due to the green pigment chlorophyll,
reflecting light in the green range of the visible spectrum (500-600 nm) and in the near-infrared
range (from 700 nm). Furthermore, it has been established that the decrease in reflectance
intensity of affected areas is primarily associated with the dark pigmentation of the disease.
Equally important is the fact that rust pathogens contain DHN-melanins [35], for example, in
black stem rust, and carotenoids (phytoene, lycopene, y-carotene, and [3-carotene), for example,
in yellow stripe rust [36]. These are primarily used to provide direct protection for the pathogen
against ultraviolet light, as well as to shield it from oxidative stress.

Our analysis also revealed that different types of rust can exhibit varied spectral indicators,
which may depend on pigment content. The main reasons for this may be disruption of the
epidermis structure, the presence of the pathogen's dark pigment, destruction of the mesophyll,
and inhibition of chlorophyll synthesis, which consequently leads to reduced light reflectance
in diseased areas and the plant as a whole. Accordingly, the decrease in reflectance is one of the
key diagnostic indicators for rust identification in direct spectral analysis.

Figure 7. Wheat leaf (A - healthy areas, B - affected areas, C - dried areas)
Conclusion

The obtained data confirm thathyperspectralimagingis a highly effective tool for the detection
of wheat rust and the assessment of its overall phytosanitary status. The use of hyperspectral
data allowed for the analysis of differences in the spectral characteristics of lesions on the wheat
ear, leaf, and stem, as well as the identification of the most significant patterns.
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It has been established that healthy areas have a high level of light reflectance, which is
due to normal cellular structure and its chlorophyll content. Meanwhile, the intensity in
desiccated areas is noted to be at a lower level, which may be associated with moisture loss
and disruptions occurring in the plant structure. It has been revealed that rust-affected zones
possess low reflectances, related to tissue degradation and the accumulation of dark pigments
in the pathogens, which allow them to ensure resistance to external stresses. These combined
factors create a distinct spectral profile that enables reliable disease identification.

As a result, based on the analysis of spectral characteristics using the Random Forest
algorithm, a classification model was built for recognising rust-affected zones, with an actual
average classification accuracy of up to 94%.

Thus, this research demonstrates that the integration of hyperspectral imaging with machine
learning methods enables the detection of rust and differentiation of the degree of infection by
its pathogen across various plant parts, including early stages. This approach can be integrated
into remote monitoring systems for wheat agroecosystems, thereby ensuring timely diagnosis
of various phytopathologies.
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Anparna. 3epTTey ruIepclneKkTpaJJbl BU3ya/lHd3alUsA KoHe MallWMHAJBbIK OKBITY OAiCTepiH
KOJIJAHA OTBIPBIN, TaTThl aHBIKTAY >KoHe 3aKbIMAAHYAbI capajiay TocCiJiH YCbIHaJbl. bupaan
MacaFblHbIH, allblpaFbIHbIH *K9HE CabaFbIHbIH, 3aKbIMJAaHYbIHbIH, CIEKTPJIIK CUIIaTTaMaJsapblH/aFbl
albIpMallbLIBIKTApAbl TaJJay >KapbIKThIH IIAFbIIBICYBI KOHE OCIMAIKTEep MeH KO3AbIPFBIIUITAp/bIH
KYpPbUIBIMBl apacbIHAAFbl 3aHJBLIBIKTapAbl KepceTTi. Cay alMakTapZa KaJsbIIThl >KacyllaJblK
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KYPBLJIbIMFa K9HEe OHbIH KypaMbIH/|aFbl XJI0pOpUJIre 6aiIaHbICThI )KOFApPbI IAFbLIbICY KO3)GUIIMEHTI
aHbIKTaAbl. TEMeH KapKbIH/bLJIbIK bLJIFaJ/blH }K0FalyblHa )KoHe 6CiMAIK KypbLJIbIMbIHbIH OY3blIybIHA
6GalIaHBICThI OCIMAIKTIH KYpFaK aliMaKTapbIH/[a aHbIKTa//bl. TaTTaH 3apjan nmeKKeH aiMaKTap/blH
LIaFblIbICy KO3)PULIMEeHTTEpPiHIH TOMeH KepceTKillTepi TiHAepAiH AerpajalUsicbiHa }oHe ChIPTKbI
cTpeccTepre Te3iMAiIKKe BbIKINAA eTeTiH KO3/JbIPFbIIITApAa Kapa MNUICMEHTTepAiH >XUHaJybIHA
6aiyaHbICThl. Bysl aypyfa ToH, OHbl HaKThbl aHbIKTayFa MyMKiHJiK 6epeTiH cnekTpJik npoduiabai
Kypaigbl. HoTmxkecinge Puccinia graminis, Puccinia triticina K034 bIpFbIIUITApPbIHbIH, 3aKbIMAAHYbIHbIH
GOJIYbIH aHBIKTAy MaKCaTbIHJA KaJNbl KikTey Aauaairi 94% 6o/saThIH TaTTaH 3apjan IIeKKeH
aiiMakTapab!l TaHy yuwidH Random Forest anropuTmi HerisiHge »KikTey Mozesi KypbliAbl. AJbIHFaH
MOH/Iep YJITiHiH TaTleH 3aKbIM/IaHFaH alilMaKTap/bl aHbIKTAy Kabi/lieTiHiH *X0OFaphl eKeHiH KepceTei
Jle, 6y 6ulaiiiblH TaT aypy/lapblH MHBA3UBTI eMeC TYp/ie aHbIKTay YIUiH ruIlepcleKTpaaibl epeKTepai
aHCaMOJIbJiK MallWHaJbIK OKBITY aJropUTMJepiMeH OipiKTipiireH cHHepreTHKaJblK TaJJaylblH
NepCcrneKTUBAaChIH pacTal/bl.

TyiiH ce3aep: rumepcrnekTpa bl BU3yalU3alMsA, CIEKTPJIK cUNATTaMajap, TaT, 6ujan
arpoLLeHOo3bl, XKIKTey MozeJi

Cl'leKTpaJ'leble CUTHATYPbI P2XKABYHWHbI NIIE€HUIbI 110 THINIEPCNEKTPA/IbHBIM JAHHBIM:
MNOTEHII A1 METOJ0B MAIIIMHHOI'O 06yqe1m;1

P.M. YasimeBal, A.B. OcunoBa?, M.M. KaBepuna*3, C.B. ’Kanrazun*, H.H. Ukcar®
L23Topalizvipos yHUsepcumem, I[lassiodap, Kazaxcmau
*SEgpasutickuti HayuoHabHbIU yHUusepcumem umenu J1.H. ['ymusesa, Acmara, KazaxcmaH

AHHOTanus. B ucciiefoBaHUY Npe/cTaB/IeH NOAX0/, K BbISIBJIEHUIO P>KaBYMHbI U AU depeHInaLum
HopakeHUH ¢ IpUMeHeHWeM TUIePCNeKTPabHOM BU3yaJU3al MU U MeTOI0B MallUHHOI0 06y4eHus .
AHa/nu3 pa3/IMyri B CIEKTPa/bHbIX XapaKTepUCTHKaAX OPaXKeHUH K0J10Ca, JIUCTA U CTe6J1s MIIEeHULbI
[I0Ka3a/l 3aKOHOMEPHOCTH MeXJYy CBeTOOTpaKEHHEM U CTPYKTYPOH pacTeHUM W B036yAuTesed
3a60/1eBaHUH. 30pOBbIE YYAaCTKU MUMEIOT BbICOKUHM K03 PUIHMEHT OTparkeHUsI 3a CUET HOpMaJbHOU
KJIETOYHOU CTPYKTYPHI U COZlep:KaHHUs B Hel xjiopoduJiia. bosiee HU3Kash MHTEHCUBHOCTD BbIsSIBJIEHA Y
3aCOXIIMX y4aCTKOB, CBA3aHHBIX C IOTepeX BJaru U HapylleHHeM CTPYKTYpbl pacTeHus. [lopakeHHbIe
pP’KaBUMHOM 30HBI 006/1aJjal0T HU3KUMHU K03QPULHUEHTAaMU OTPaKeHHUs], YTO CBSI3aHO C JAerpajauuen
TKaHel U HaKOIJIEHUEM TEMHbIX NUICMEHTOB y BO30yAuTesel, CIOCOOGCTBYIOUIMX YCTOMYUBOCTU K
BHELIHHUM CTpeccaM. DTO pOpMUpPYeT XapaKTePHbIN ClIeKTPaIbHbIN PO Uik, TO3BOIAILNN HATJISALHO
uJleHTUGULUpPOBaTh 60Jie3Hb. B pe3yibTaTe C Lefblo UAeHTUQUKALWUU NPUCYTCTBUS NMOpPaKeHUH
B036yauTessasMU Puccinia graminis, Puccinia triticina 6b1y1a mocTpoeHa kjaccupuKaliMoHHass Mojesb
Ha ocHoBe asiropuTMa Random Forest /i1 pacno3HaBaHUsl 30H, IOPaXKEHHBIX PKaBUMHOM, € o6Liel
TOYHOCTbIO Kjaaccubukanuu 94 %. [losyyeHHble 3HaUYeHUs] YKa3blBAlOT HAa BBICOKYH CIIOCOOGHOCTH
MO/IeJIU BBIABJIATb NOPAXXeHUA P>KaBYMHOM, YTO MOATBEPKJAaeT NepCeKTUBHOCTb CHHEPreTHYeCKOr o
aHa/iM3a TUIepCleKTpPaJbHbIX JaHHBIX B COYETAaHHUMU C aJCOPUTMaMM aHCaMGJIeBOTO MAaLIWHHOTO
006y4eHHUs AJ151 HeMHBA3WBHOIO BbISIBJIEHUs] pXKaBUMHHbIX 3a60/1eBaHUM NILEHULIb.

KiroueBble cJ10Ba: TruIlepCHeKTpaJbHas BU3yalu3alyd, CIeKTpajbHble XapaKTEePHUCTHUKHY,
p’KaBUMHA, arpoLeHO3 MILeHHUL b, KJaccuPUKaLMOHHAsI MOJeJlb
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