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Introduction

Barley loose smut,
diseases of cereal crops,

Abstract. This paper presents a study of the potential of
hyperspectral imaging for identifying barley infection by Ustilago nuda
at various stages of disease development using machine learning methods.
The study focused on barley samples (Hordeum vulgare L.) collected
from agrocenoses in the northeastern part of Pavlodar region. Analysis of
spectral characteristics revealed significant differences between healthy,
infected, and desiccated plant areas, including reduced reflectance and the
absence of a distinct red edge in infected tissues. The Maximum Entropy
algorithm was employed for classification. The training set comprised
243 samples, while the testing set included 352 samples with pronounced
class imbalance. The model demonstrated high classification accuracy
of up to 95%. The results confirm the effectiveness of hyperspectral
imaging combined with machine learning for disease detection and
monitoring, including at early stages, which can be applied in precision
agriculture systems to enhance phytosanitary control efficiency and
promote sustainable grain production.

Keywords: hyperspectral imaging, loose smut, barley, monitoring
of agrocenoses, disease stages.

caused by the fungus Ustilago nuda, is among the economically significant
leading to substantial yield losses and deterioration of grain quality. A

distinctive feature of this disease is the latent nature of infection during the early stages of plant
development, where infection occurs at the flowering stage, after which the pathogen persists
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Study on the application of hyperspectral imaging for identifying barley loose smut at different
stages of development using machine learning methods

within tissues for an extended period without producing visual symptoms. Spores can overwinter
on plant debris and in soil, infecting young plants in spring. Traditional diagnostic methods
based on morphological traits prove largely ineffective for the timely detection of infection and
prevention of its spread.

Driven by advances in precision agriculture technologies, remote diagnostic methods
designed to detect physiological changes in plants before visible disease symptoms appear are
gaining particular relevance. One of the most promising approaches is hyperspectral imaging,
based on recording the reflectance properties of objects across a broad range of wavelengths.
Hyperspectral imaging (HSI) surpasses conventional methods in speed, objectivity, and automation
[1]. HSI is used to detect phytopathogens in cereal seeds [2], assess barley seed quality and hardness
[3-5], and determine protein, starch, lipid, mycotoxin [6-8], and nutrient content in barley [9].

HSI also enables the detection of fungal infection in grains at the individual kernel level
[10, 11], for instance, rice false smut [12], and facilitates mapping of infection foci across fields
[13]. The accuracy of loose smut detection using HSI can reach 90% [12, 14], allowing automatic
assessment of infection severity [15]. Classification models for detecting non-viable barley grains
have also demonstrated accuracy exceeding 90% [16]. Classification models are developed
using SVM, Random Forest, neural networks [17, 18], PLSR [19, 20], PLS-DA [21], and CNN [22],
employing both pixel-based and object-based classification [23]. Hyperspectral imaging is actively
applied to the detection of barley diseases, enabling the identification of infections at various
developmental stages [24].

Despite significant progress in the field of hyperspectral plant analysis, questions concerning
the identification of barley loose smut specifically remain insufficiently studied. The high sensitivity
of hyperspectral methods and their potential for integration with machine learning algorithms
open new prospects for developing accurate and automated diagnostic systems.

Accordingly, the aim of the present study is to investigate the application of hyperspectral
imaging for identifying barley loose smut using machine learning methods.

Materials and research methods

The study focused on common barley (Hordeum vulgare L., 1753) infected with the loose
smut pathogen Ustilago nuda ((Jensen) Rostr.,, 1889). Barley samples were collected from fields
in the main grain-producing districts of the northeastern part of Pavlodar region, Republic of
Kazakhstan. Healthy barley samples served as controls for comparing spectral patterns and
determining reflectance characteristics. Infected and healthy samples were collected during
the key barley developmental stages (BBCH 25-35, 39-59, 61-75). The climatic conditions of
the study area are characterised by a sharply continental climate, uneven precipitation during
the field season - from 15-22 mm to 65-70 mm, winds of 3-5 m/s from the NE and SW, mean air
temperatures of +13 to +22 °C, and variation in productive soil moisture reserves from 30 to 90
mm throughout the growing season. Plants were collected from sampling plots using rectangular/
triangular or checkerboard/diagonal transect patterns [25].

Analysis, hyperspectral imaging, and subsequent investigation were conducted at the
Biological Research Laboratory of Toraighyrov University, Pavlodar, Kazakhstan. Imaging was
performed using a FigSpec FS-13 camera operating in the 400-1000 nm wavelength range,
encompassing both the visible and near-infrared regions. The imaging process employed a CMOS
detector with a frame rate of 128 fps, spectral resolution of 2.5 nm, and spatial resolution of 1920
pixels, with a pixel size of 5.86 um. The acquired images were imported into Breeze software for
preprocessing and visualisation of spectral data. To obtain accurate, informative data, calibration
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was performed using dark and white reference standards, and the model preprocessing stage
included the application of a Savitzky-Golay filter for smoothing and noise reduction, SNV, and
centering.

To reduce the dimensionality of the large hypercubes obtained, a PCA model was constructed,
enabling visualisation of the most informative principal components (PC1 and PC2). Raw Spectrum
plots were used to visualise the spectral characteristics of the studied samples, while Variance
Scatter point clouds were employed to reveal the distribution of signatures across individual
principal components and their variability with respect to features of disease lesions in the
hyperspectral images. All these steps ensured noise minimisation, background pixel exclusion,
and manual selection of regions of interest using a grid-based approach.

The imaged samples and extracted spectral features were subsequently used for machine
learning to test the performance of the algorithmic model. The Maximum Entropy algorithm
was selected as the basis for training, distinguished by its applicability to large datasets and
suitability for multiclass tasks. The preceding segmentation stage (Figure 1) was conducted
on the training set, which included 243 sample segments - 13.2% were healthy areas used as
controls, and 86.8% were loose smut-infected areas. The application of cross-validation helped
to improve training accuracy.

Figure 1. Workflow of the machine learning model from raw data acquisition to automatic
detection of disease features

The performance of the machine learning algorithm was tested on samples infected with
loose smut at different stages. Based on visual symptoms, and in accordance with State Standard
12044-93 “Methods for determining disease contamination” [26] and the pathogen developmental
stages [27] (Figure 2), the infected samples were classified into three stages: early, middle, and
late. The number of lesion segments selected for the study across the three developmental stages
of loose smut in the testing set totaled 352.

The model was developed on spectral data subjected to analysis of variance (ANOVA) and
processed using descriptive statistical methods at p>0.05. Model performance and effectiveness
were evaluated using the Confusion Matrix and the key quality metrics Precision, Recall, and
F1-score, while indicators such as Accuracy and Matthews Correlation Coefficient were used to
confirm model performance.
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Figure 2. Life cycle of barley loose smut pathogen
Results

The figures present hyperspectral images of barley, Raw Spectrum plots with curves reflecting
the spectral characteristics of plant areas, and Variance Scatter diagrams. The hyperspectral
image is rendered in false colours corresponding to the intensity of light reflectance. Warm
colours (red and yellow) indicate areas with high reflectance, while cool colours (cyan and blue)
represent zones of low reflectance. The Raw Spectrum plot contains curves reflecting the spectral
characteristics of a specific portion of the hyperspectral image and serves as a basic representation
of spectral data, showing the dependence of an object’s reflectance coefficient on wavelength
(400-1000 nm). This indicator is a key source of information on the physiological state of plant
tissues. Variance Scatter diagrams reflect the distribution of objects in principal component space,
where t[1] explains the main share of variance and t[2] accounts for the presence and primary
characteristics of additional variations. Such visualisation enables assessment of data structure,
degree of homogeneity, and differences between disease stages.

Healthy sample

Figure 3 presents a hyperspectral image of a healthy barley sample. The Raw Spectrum
plot shows that the highest reflectance intensity is exhibited by spike glumes, with a reflectance
coefficient of 30% at the first peak and 27% at the second. The yellow, cyan, and blue curves
also correspond to spike areas, with first-peak reflectance intensities of 19%, 18%, and 12%,
and second-peak values of 28%, 20%, and 17%, respectively. The green spectrum represents
the leaf and some awn areas, where the first-peak reflectance is 10% and the second-peak 17%.
The lowest reflectance intensity is observed in the stem and awns, described by the red curve
with a reflectance of 5% at the first peak and 16% at the second. The first peak range lies within
500-700 nm, and the second within 700-780 nm. Notably, a sharp decline in the curves with a
pronounced red edge is observed at 700 nm.

The Variance Scatter diagram is characterised by a compact, dense cluster in the region
of negative or near-zero t [1] values, high point concentration, and limited dispersion. The first
principal component t[1] explains 56.7% of total variance, while t[2] explains only 2.16%, which
is associated with low intra-class variability.
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Figure 3. Spectral characteristics of healthy barley

Sample infected with loose smut

Figure 4 shows a barley spike infected with loose smut. In the Raw Spectrum plot, the
red curve corresponds to the blue-coloured spike areas affected by the disease, characterised
by low spectral intensity with a reflectance coefficient of 5-6%. The remaining spectra belong to
intact plant tissue and exhibit higher reflectance. The green, yellow, and blue spectra describe
green barley tissue and display two distinct peaks: first-peak reflectance values reach 22.5%,
30%, and 37%, with second-peak values of 20%, 30%, and 35%, respectively. Here, the first peak
lies in the 550-700 nm range, while the second is recorded in the 700-780 nm range. The cyan
and purple curves represent desiccated spike areas with reflectance of 37.5-46%, with the peak
located in the 600-700 nm region.

In the Variance Scatter diagram, the first principal component t[1] explains 74.8% of total
variance, while the second component t[2] accounts for approximately 6.17% of variance with less
significant variations. Additionally, a broad point distribution, a pronounced arc-shaped structure,
and strong elongation along t[1] are observed, indicating high heterogeneity of spectral features.

Figure 4. Spectral characteristics of barley infected with loose smut
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Testing set

Early stage
Figure 5 shows a sample at the early stage of loose smut development.

Figure 5. Spectral characteristics of the early stage of loose smut development

The red curve corresponds to infected areas with reflectance in the range of 7-17%, while
the green spectrum describes awn areas with reflectance values from 10% to 19%. The yellow,
blue, and cyan curves represent healthy stem and spike areas with reflectance of 30-40%, and the
purple spectrum depicts healthy spike areas with reflectance reaching 55%. Overall, all curves
except the purple one exhibit a pronounced red edge at 700 nm. In the Variance Scatter diagram,
the first principal component t[1] explains 77.4% of total variance, while t [2] accounts for only
4.34% of the explained feature variation. The resulting point cloud forms a dense cluster with a
distribution tail extending toward positive t [1] values and moderate dispersion. Here, spectral
changes are just beginning to emerge, a transitional state is forming, and a significant portion of
the sample retains healthy characteristics.

Middle stage

Figure 6 shows a sample at the middle stage of loose smut development, where the red
curve corresponds to infected areas with reflectance in the 5-13% range. The green curve describes
awn areas with reflectance varying from 10% to 17%. The purple spectrum is characterised by
reflectance of 27% and represents unaffected spike areas. The yellow, blue, and cyan curves
correspond to healthy stem and spike areas with reflectance ranging from 27% to 38%. All
curves except the purple one exhibit a pronounced red edge at 700 nm. In the Variance Scatter
diagram, the first principal component t [1] explains 62.4% of total variance, while t [2] accounts
for only 4.52% of variance. A marked broadening of the distribution, a clear arc-shaped form, and
a rightward shift of the distribution center (along t [1]) are observed, explained by intensifying
physiological changes and increasing variability of spectral responses.
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Figure 6. Spectral characteristics of the middle stage of loose smut development

Late stage

Figure 7 shows a sample at the late stage of loose smut development. In the Raw Spectrum
plot, the red curve with a reflectance of 5-6% describes areas infected with loose smut. The
purple and cyan spectra represent desiccated sample areas with a peak in the 550-700 nm region
and reflectance of 35-37.5%. The remaining curves correspond to healthy areas and exhibit two
peaks with a pronounced red edge. The first peak is characterised by reflectance values ranging
from 16% to 30%, and the second peak from 15% to 28%. According to the Variance Scatter
diagram, the first principal component t [1] explains approximately 58.6% of total variance,
while the second principal component t [2] explains 8.26% of variance, indicating increased
variability and heterogeneity of spectral signatures due to overt disease manifestation. In this
case, the distribution exhibits maximum spread, a significant shift along t [1], and a high degree
of dispersion and sparsity of points.

Figure 7. Spectral characteristics of the late stage of loose smut development

Statistical analysis

In order to identify patterns in the pathological process during smut infection, both healthy
and infected samples were examined based on reflectance indicators and spectral parameters.
For healthy barley, the maximum reflectance was recorded in the spike (mean 21%), the lowest
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in the stem with awns (10.5%), and intermediate reflectance intensity was observed in the leaf
(13.5%). Particularly noteworthy is the coefficient of variation, ranging from 6.59% for the leaf
to 13.30% for the stem with awns, identified as within-group variability, where the greatest
heterogeneity according to the indicators was found for stem structures. Additionally, healthy
spikes may be characterised by a wider dynamic signal range, manifested primarily through
maximum rate of change and delta reflectance values of 11.54 and 18, respectively (Table 1,
Figure 8). In healthy plants, all structural elements exhibit reflectance within the 500-780 nm
range, with a bandwidth of 280 nm, a contrast ratio of 1.56, a relative bandwidth of 0.219, and a
contrast of 0.359 (Table 2, Figure 8). These parameters were thus used as controls for comparison
with loose smut-infected samples.

When examining indicators for the second portion of the training set - namely, loose smut
infections - all areas were divided into three functional zones: desiccated areas, visually healthy
tissue, and tissue directly infected by the pathogen. Desiccated areas were characterised by
high reflectance values (37.5 to 46%) combined with low variability (CV=2.59%) and moderate
Rate of change and delta reflectance values (7.29 and 8.5, respectively) (Table 1, Figure 8). The
spectral range for these areas is narrowed compared with healthy and diseased zones, spanning
approximately 600-700 nm, with the contrast ratio decreasing to 1.17 and normalised contrast
to 0.143 due to the narrowing of the main spectral response range, confirming homogeneous
dehydration and tissue necrosis unaccompanied by active pigment decomposition (Table 2,
Figure 8).

Table 1
Barley reflectance characteristics in the spectral domain
Reflectance Mean o
Ne Species Part (%) reflec Stalllda.lrd Coefﬁ.c1e.nt Rate of | Delta reflec-
] deviation | of variation | change tance
min max tance
Training set
Ear 12 30 21,0 2,29 10,89 11,54 18,0
1 | Healthy Leaf 10 17 13,5 0,89 6,59 4,49 7,0
Stem and 5 16 | 105 1,40 13,30 7,05 11,0
arista
Dried area 37,5 46 41,8 1,08 2,59 7,29 8,5
2 Ustilago Healthy area 20 37 28,5 2,16 7,58 11,99 17,0
nuda
Affected 5 6 5,5 0,13 2,31 0,64 1,0
area
Testing set
Healthy area 10 55 32,5 5,72 17,58 28,85 45,0
3 | Early stage
v Stage | Affected 7 17 | 120 1,27 10,58 6,41 10,0
area
Healthy area 10 38 24,0 3,56 14,82 17,95 28,0
4 Middle Affocted
stage ecte 5 13 9,0 1,02 11,29 513 8,0
area
Dried area 35 37.5 36,3 0,32 0,38 1,96 2,5
5 | Late stage Healthy area 16 28 22,0 1,52 6,93 7,50 12,0
Affected 5 6 5,5 0,13 2,31 0,64 1,0
diTd
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Wavelength parameters of barley spectra

Table 2

Wavelength

. Spectral Contrast Relative Normalised con-
nm
Ne Species Part _( ) bandwidth ratio bandwidth trast
min ‘ max
Training set
Ear, leaf,
1 | Healthy stem and 500 780 280 1,56 0,219 0,359
arista
Dried area 600 700 100 1,17 0,077 0,143
, | Ustilago | Healthy 550 | 780 230 1,42 0,173 0,295
area
nuda
Affected 500 | 780 280 1,56 0,219 0,359
area
Testing set
Earl Healthy,
3 y affected 500 780 280 1,56 0,219 0,359
stage
area
. Healthy,
g (Middle |t cted 500 | 780 280 1,56 0,219 0,359
stage
area
Dried area 550 700 150 1,27 0,120 0,214
Sr?althy 500 800 300 1,60 0,231 0,375
5 | Late stage
Affected
area 500 780 280 1,56 0,219 0,359

Healthy areas on the infected plant are distinguished by intermediate reflectance values,
lower than those of desiccated zones, accompanied by elevated variation values of 7.58%.
Overall, the spectral parameters of these areas are close to those of healthy tissue and fall within
the reflectance wavelength range of the healthy sample, indicating partial preservation of the
photosynthetic apparatus but with some shifts toward a stress state.
Loose smut-infected areas are marked by a sharp drop in reflectance to 5.5% with
minimal variability of 2.31%. All other derived indicators, such as rate of change and delta, are
also at minimal levels (0.64 and 1.0, respectively). Infected sample parts are characterised by
low reflectance across a broad spectral range (500-780 nm), which is primarily associated with
moist, decomposing tissues exhibiting high chlorophyll (absorption) and water content (Tables
1, 2, Figure 8).
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Figure 8. Visualisation of statistical data

A separate analysis was also conducted for the testing set, examining the dynamics of
statistical indicators of disease progression. At the early stage, the healthy area is characterised
by a mean reflectance of 32.5% and a relatively wide reflectance range (from 10% to 55%) - the
highest among all groups - but is distinguished by high variability (CV=17.58%). A delta reflectance
value of 45 indicates strong heterogeneity of tissue structures at the initial infection stage. In
diseased areas at the early stage, mean reflectance is quite low (only 12%, with CV=10.58% and
delta reflectance = 10). Reflectance here is higher than in infected areas of the training set, clearly
indicating the initial degradation stage.

At the middle stage of loose smut infection, reflectance in the healthy region decreases
(mean to 24%) compared with the early stage and variability remains high (CV=14.82%). Infected
areas at this stage become darker, bringing statistical indicators closer to the training set values
(reflectance 9%, CV=11.29%) (Table 1, Figure 8).

The late stage is characterised by clear spectral differentiation of zones: the desiccated
region exhibits homogeneous and stable indicators with a low coefficient of variation of 0.88%
and a narrowed spectral range from 550 to 700 nm, which, combined with a moderate contrast
value (0.214), indicates dried and fully necrotised tissues. Healthy areas retain some variability
(CV=6.93%) (Tables 1, 2, Figure 8), remaining in close agreement with the reference. However,
the overall reflectance value is somewhat reduced, which may indicate partial tissue degradation.
Minimal variability and near-complete correspondence with training set indicators are characteristic
of infected areas, confirming a stable pathological tissue state. Accordingly, the late stage serves as
a clear example of the stabilisation of necrotic and infected zones, accompanied by a simultaneous
decline in the functional activity of tissues considered conditionally healthy.

Machine learning

Machine learning was performed using the Maximum Entropy algorithm (Figure 9). The
training set comprised 243 samples: 32 (13.2%) healthy and 211 (86.8%) loose smut-infected.
93.8% of the healthy samples and 89.1% of the loose smut-infected samples were correctly classified.
A total of 10.3% of samples were assigned to “No class”. The F1-score, which combines Precision
and Recall into a single average metric and reflects the balance between the model’s ability to
find class objects without including extraneous ones, was 96.8% for healthy samples and 94.2%
for Ustilago nuda-infected samples. The testing set, which included previously trained samples
as well, totaled 595 samples (352 of which were new and unknown to the model): 79 (13.3%)
healthy and 516 (86.7%) loose smut-infected. As a result, 93.7% of healthy samples and 87%
of diseased samples were correctly classified. A total of 12.1% of samples were assigned to “No
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class.” The F1-score was 96.7% for healthy samples and 93.1% for Ustilago nuda (Figures 9, 10).
In the training set, the proportion of correctly classified instances according to the Accuracy
metric was 93.75% for healthy and 89.10% for infected samples. In the testing set, the results
remained stable, with 93.67% for healthy and 87.02% for infected samples. Balanced Accuracy
values reached 95.73% in the training set and 95.18% in the combined training and testing set.
The high and stable values of this indicator demonstrate that the model effectively recognises
both classes despite their imbalance. MCC values were 0.955 for the training set and 0.947 for the
testing set. The virtually unchanged MCC values between the training and testing sets indicate
good generalisation ability of the model and the absence of pronounced overfitting (Table 3).

Figure 9. Results of machine learning using the Maximum Entropy algorithm (a - early
stage, b - middle stage, c - late stage)

Figure 10. Confusion matrix (a - Training+Testing sets, b - Training set)
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Table 3
Machine learning classification metrics: Maximum Entropy
Ustilago .
Health Average Health Ustilago nuda Average
Metrics y nuda & y 9 &
Training set Training+Testing sets

B‘“arrg’c‘;““' 93,75 89,10 91,42 93,67 87,02 90,34

Balanced Ac- 96,90 94,55 95,73 96,85 93,50 95,18
curacy

MCC 0,968 0,942 0,955 0,967 0,926 0,947

Discussion

Hyperspectral imaging enables the identification of pathogens based on their molecular
structure. The dark colour of spores may be attributed to the presence of melanin-like pigments,
as found in Podospora anserina [28], Pestalotiopsis microspora [29], and Ustilago maydis [30].
Melanin can protect fungal spores from ultraviolet radiation, enhance desiccation resistance, and
reinforce the spore cell wall. Owing to their dark colouration, loose smut spores absorb more
light than they reflect; consequently, the spectra of plant tissues infected by these fungi differ
markedly, exhibiting reduced intensity. Healthy plant tissue exhibits high reflectance due to the
green pigment chlorophyll and the reflectivity of the mesophyll, and the spectral curves of these
areas differ clearly from those of tissues infected with loose smut. It was found that healthy plant
curves exhibit a pronounced red edge at 700 nm, whereas the spectra of diseased areas lack
distinct peaks and a red edge.

[t was established that desiccated areas of infected plants also exhibit no pronounced red
edge and appear as a spectral curve with a single high-reflectance peak. Data on the spectral
differences among healthy, diseased, and desiccated areas are shown in Figure 11.

Figure 11. Spectral differences among healthy, infected, and desiccated barley tissues
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The numerical spectral indicators obtained enable statistical substantiation of the
differentiation among healthy, necrotised, and actively loose smut-infected tissues. These differences
are governed by reflectance level, spectral bandwidth, and feature variability. Statistical analysis
demonstrated that infected areas predominantly exhibit consistently low reflectance (5-6%, CV=3%),
associated with high moisture content and pigment absorption under conditions of disrupted
cellular structure. This signal is presumably largely stage-independent and may therefore serve
as a reliable diagnostic marker. The reflectance level of desiccated tissues is characterised by
high values (36-42%) and low variability (CV<3%), attributed to the dehydration process and the
resulting strong scattering. The breakdown of individual cellular structures and pigments leads to
spectral narrowing compared to the normal range, to approximately 600-700 nm. Healthy areas
on infected plants exhibit signs of systemic stress and generally show intermediate reflectance
values (22-32%). At early disease stages, a transient increase in reflectance may be observed,
potentially associated with compensatory tissue activity.

Ustilago nuda develops gradually, and at early stages, changes in spectral characteristics
may be subtle, complicating classification. High dimensionality and noise sensitivity lead to partial
overlap of features from different classes. Meanwhile, the predominance of infected samples may
influence decision boundaries; however, in this case, the effect is successfully compensated by
the algorithm. The use of the Maximum Entropy algorithm, based on a probabilistic approach
with regularization, enabled minimization of the imbalance effect, as confirmed by high Balanced
Accuracy values. According to Binary and Balanced Accuracy metrics, the Maximum Entropy
algorithm correctly accounts for class distribution and shows no pronounced bias toward the
dominant class. High F1-score values indicate a balanced model with effective detection of
infected samples. Notably, the slight decrease in this metric for infected plants is associated
with the heterogeneity of Ustilago nuda disease manifestation, especially at early stages when
spectral differences between classes are minimal. The increase in the proportion of uncertain
classifications in the testing set may be due to overlapping spectral features between healthy and
infected plants and the presence of intermediate physiological states. The higher accuracy for
healthy samples, despite their underrepresentation, can be explained by the lower variability of
their spectral characteristics. Healthy plants form a more homogeneous spectral profile, whereas
infected samples exhibit a wide range of changes depending on the pathogen developmental
stage and infection severity. The slight decrease in accuracy for infected samples in the testing
set indicates the presence of challenging or borderline cases, which is typical for early plant
disease diagnostics.

Since MCC is one of the most reliable quality metrics for binary classification with imbalanced
data, the obtained values (~95%) indicate high agreement between model predictions and actual
classes. It follows that infected zones are stable markers of active infection. Reflectance values for
healthy tissues align with known data for cereals [31-33], and the typical contrast between low
reflectance of infected tissues and high reflectance of necrotised tissues agrees with observations
for other pathogens, though loose smut is characterised by particularly pronounced patterns
[34]. Accordingly, the analysed statistical features can be used to develop methods for identifying
barley smut using hyperspectral sensors.

Overall, the model demonstrated high effectiveness, with high classification accuracy
and result reliability, robustness to class imbalance, and good generalisation ability. Despite
a proportion of uncertain classifications, the model can be used for preliminary diagnosis of
barley diseases. Further improvements in accuracy are possible through increasing the volume
of balanced data and integrating ensemble and deep learning methods.
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Study on the application of hyperspectral imaging for identifying barley loose smut at different
stages of development using machine learning methods

Conclusion

This study evaluated the effectiveness of hyperspectral imaging for identifying barley
infection caused by loose smut (Ustilago nuda). It was established that hyperspectral data enable
the detection of subtle changes in plant physiological state caused by infection development, even
before pronounced morphological symptoms appear. Diseases accompanied by the formation of
dark spores are characterised by reduced reflectance in the visible and near-infrared ranges and
by spectral curves lacking a distinct red edge, which may serve as a diagnostic marker. The dark
colouration of fungal plant diseases is driven by adaptations for spore dispersal and survival under
agricultural field conditions. Based on spectral differences resulting from variations in pigment
content between healthy and diseased tissues, a classification model was developed, achieving
a detection accuracy of 95%. The application of the Maximum Entropy algorithm demonstrated
high classification efficiency on both training and testing sets. The higher classification accuracy
for healthy samples is associated with their lower spectral variability, whereas infected plants
are characterised by heterogeneous features due to the different developmental stages of
Ustilago nuda. The model exhibited high binary and balanced accuracy values, as well as a high
F1-score, indicating its ability to correctly recognise both healthy and infected samples even
under considerable class imbalance. The high Matthews Correlation Coefficient values confirm
the reliability and robustness of the results.

Thus, the findings confirm the high diagnostic value of this approach for the early detection
of phytopathogens. The study demonstrates that the application of hyperspectral imaging can
enhance the efficiency of phytosanitary monitoring, enable early detection of barley loose smut,
and reduce economic losses in agricultural production.
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MaiuvHaJIbIK OKBITY 9/icTepi Heri3iHAe apnaHbIH TO3aH /bl
KapaKyHecCiH JaMyAbIH 9PTYPJii Ke3eHAepiHJe aHbIKTAay/[a TMnepcneKTpaab/bl
BHM3ya/IM3alMAHbI KOJIJAHY /bl 3€PTTEY

P.M. YanuegBal’, A.B. OcunoBa?, M.M. KaBepuna*3,
M.9. Kakceioek?, C.B. ’Kanrasun®

L234Topalirvipos yHusepcumemi, [lasaodap, Kazakcman
S/LH. I'ymunee amosiHdarsl Eypasus yaimmblk yHugepcumemi, Acmaua, Kazakcmau

Axjarna. Makajia/ia MallMHAJIbIK OKBITY 9/iCTEPiH KOJIJaHa OTBIPHII, ayPYAblH JaMybIHbIH,
apTypJii KeseHJepiHe apnaHblH, Ustilago nuda K03bIpFhIlLbIMEH 3aKbIM/JaHYbIH aHBIKTAY YIIiH
rurnepcneKTpasbl BU3yaJUu3alUAHbIH MYMKIHAIKTEpPI 3epTTeJIreH. 3epTTey HbICaHbl peTiHze
[IaBsioap 06/1BICBIHBIH, CONTYCTIK-1IBIFBICBIH/IAFbI arpOL€eHO3/lap/AaH ipiKTeJlin aJbIHFaH apna
yarinepi (Hordeum vulgare L.) naiigananbigbl. CIeKTPJIiK cUIIaTTaMasap/bl TaaAay eciMIik-
TEePZAiH cay, 3aKbIMJJaHFaH kdHe KypaFaH 0eJliKTepi apacblHJaFbl esieyJli alblpMallblIbIKTap,bl
KOPCETTI, COHbIH illliH/e MaFbLIbICY KabiJlieTiHiH TOMeH/leyi xKoHe 3aKbIMJJaHFaH TiHJep/e a-
KbIH red edge aliMaFbIHbIH, 60/1Maybl aHbIKTaAAbL. 2KikTey yiiH Maximum Entropy aaroputmi
KOJ1AaHbLIbL. OKBITY »KUBIHTBIFbIHA 243 yJITi, /1 TECTiiey KUBIHTBIFbIHA CAHATTAP apacblHAAFbl
allKpIH TeHrepimcisziri 6ap 352 y.ri enrizingi. Moaenb 95%-fa JieiliH :KoFaphbl XKIiKTey A2J1AiriH
KepceTTi. AJIbIHFaH HATHXKeJiep TUIlepCleKTpaslAbl BU3yaJU3alUAHbl MalllMHAJIBIK OKBITY 9/i-
cTepiMeH 6ipre Ko/JaHy/blH aypyAbl JUAarHOCTUKAJIAay/a *KoHe OHbIH JlaMyblH, COHBIH, illiHAe
epTe Ke3eHJep/Je, MOHUTOPUHTIeyie TUIMAI eKeHiH pacTabl. Bys Tacin duTocaHUTapJIbIK,
GaKpLIayAbIH, THIM/IIITIH apTThIPY K9HE aCThIK, 6H/ipiCiHIiH TYpaKThI JaMyblH KAMTaMachl3
eTy MaKcaTbIH/[a 3JIMe-/1dJ1 erlHILIIIK XKyHesiepiH/e KOJ1JaHblIybl MyMKIiH.

Ty#iH ce3aep: runepcneKTpasibl BU3yaau3alus, To3aH bl KapakKyiie, apia, arpoleHo3-
Jibl 6aKbliay, aypy Ke3eHJepi.
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H3y4yeHHe NpyMeHEeHHUs TuNepCcneKTpajibHON BU3yaau3anuu
AJIA UAeHTUPUKALMH NbIJIbHOM IOJIOBHHM AYMEHS Ha Pa3HbIX CTaAUAX
pa3BUTHS C MCNIOJIb30BAHHEM METOJ0B MALLIMHHOT'O 06Yy4YeHUA

P.M. YasiueBa’, A.B. OcunoBa?, M.M. KaBepuna*3, M.9. dKakcbi6ek*, C.b. ’)Kanrasun®

L234Topaliebipos yHusepcumem, [lasnodap, KazaxcmaH
SEepasultickulli HayUOHa/bHbIU yHugepcumem um. J1.H. ['ymuneea, Acmaua, KazaxcmaH

AHHOTaMs. B cTaTbe npe/icTaBeHO UCCI€IOBaHHE BO3MOXXHOCTEN IUIEPCIEKTPalb-
HOU BU3ya/IM3al[UH AJIs UAeHTUOUKALUK TopaxkeHus suMeHs Ustilago nuda Ha pa3jInyHbIX
CTaIUSAX pa3BUTHS 3a60JIeBaHHUS C TPUMEHEHUEM METO/I0B MAallIMHHOTO 06y4eHUs1. O6'beKTOM
MccJie[JoBaHUs BBICTYMAMU 06pa3iibl suMmeHs (Hordeum vulgare L.), oTo6paHHbIe B arpolieHo-
3aX ceBepo-BocToKa [laBsiogapckoii 06/1acTH. AHAJIU3 CIIEKTPAJIbHBIX XapAKTEPUCTUK MOKa3aJl
CyleCTBEHHbIE PA3IMnYUs MeX/1y 3J0POBbIMH, TOPAXKEHHBIMHU U BBICOXIITUMH yYaCTKaMHU pac-
TEHUH, BKJII0Yasi CHIDKEHHE OTPaXKaTeJbHOU CIOCOOHOCTU U OTCYTCTBHE BbIpaXkeHHOro red
edge y MHOUIIMPOBAHHBIX TKaHeH. [yis KJacCUPUKALUKM UCITOJIb30BaH aJropuTM Maximum
Entropy. O6yuatoijas Bbibopka BK/Itodasia 243 obpasiia, TecTtoBas - 352 o6pasiia ¢ BbIpaXKeH-
HBbIM ZIMCOaJIAaHCOM KJI1acCOB. MoJiesib MoKa3asia BBICOKYI0 TOYHOCTh Kiaaccupukanuu Ao 95%.
[losiyyeHHbIe pe3y/IbTaThl MOATBEPKAAIOT 3P PEKTUBHOCTh I'MIIEPCIEKTPAIbHON BU3yaIM3alUH
B COYETAHUU C MAIIMHHBIM 06y4YeHUEM /IJIs AUATHOCTUKHU 3a60JIeBaHUSI © MOHUTOPHUHTA €r0
pPa3BUTHS B TOM YHCJIe HA paHHEHN CTaIMH, YTO MOXKET GbITh UCI0Jb30BAHO B CUCTEMAX TOYHOTO
3eMJiefiesvsl 1151 TOBbIIeHUsI 3P PEKTUBHOCTH GUTOCAHUTAPHOTO KOHTPOJISI U YCTOHYHUBOTO
Pa3BUTHSA 3€PHONPOU3BO/ICTBA.

KiwoueBble c10Ba: runepcrneKTpasbHasi BU3yasiu3alys, NblJIbHAsI TOJIOBHS, SYMEHD,
MOHHUTOPHHT arpoleH030B, CTaIUH 60JI€3HU.
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