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ABSTRACT This article is devoted to a set of important areas of research: the analysis of formal
representations and verification of pests and pathogens affecting crops using spectral brightness coefficients
(SBR) for the period from 2021 to 2023. The database contains about 10,000 records covering the growing
season, types of diseases and pests, as well as their growth phases in a real coordinate system. The work
uses machine learning techniques including logistic regression, extreme gradient boosting (XGBoost), and
Vanilla convolutional neural network (CNN) to analyze spectral data and classify the presence of pests and
diseases in satellite images. The main goal of the work is to optimize and improve the quality of agricultural
productivity through early detection and accurate classification of pests and diseases in the agricultural
sector. The results of the study can be applied in the development of innovative agricultural systems that
will increase yields, reduce the cost of pest and disease control, and optimize production processes. The
conclusions of this work can be used both as scientific and practical recommendations for agricultural
enterprises and organizations and for the development of new technologies and programs for automating
agricultural processes. The use ofmachine learning techniques and spectral data analysis promises significant
breakthroughs in the agricultural sector, helping to improve the efficiency, sustainability, and quality of crop
production.

INDEX TERMS Accuracy metrics, classification, clustering, data verification, machine learning, spectral
brightness coefficient.

I. INTRODUCTION
Agriculture plays a key role in ensuring food security and
sustainable development of society. However, crop pests and
diseases have a major impact on crop yields and product
quality [1], [2], threatening the efficiency and productivity
of the agricultural sector [3]. Pest and disease control is
one of the most important tasks of modern agriculture [4].

The associate editor coordinating the review of this manuscript and
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In recent decades, the incidence of pests and diseases has
increased significantly due to climate change, global trade
flows, migration of pests, and other factors. In [5], an innova-
tive multimodal deep learning framework called ExViT was
proposed to solve the problem of land use and land cover
classification (LULC) on remote sensing (RS) data. The
authors of the paper propose an extension of the traditional
Vision Transformer (ViT), which is popular in image pro-
cessing, to deal more efficiently with multimodal data. Key
ideas include processing multimodal image patches using
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parallel ViT branches extended with convolution modules
to efficiently exploit spatial and modality-specific informa-
tion. In addition, the use of a cross-modal attention module
has been proposed to exchange information between differ-
ent modalities. The paper presents experimental results on
two multimodal remote sensing datasets (Houston 2013 and
Berlin), showing that ExViT outperforms competitors based
on transformers and convolutional neural networks. The
authors also promise to provide source codes and datasets for
further research and reproducibility of the results. The authors
of this paper [6] propose a method for training a model that
can operate on multimodal data (e.g., imagery, radar data, and
LiDAR) without explicit labeling. Their approach involves
using a common subspace representation and regularization
for efficient learning. It is interesting how such methods can
improve data processing in remote sensing scenarios.

The presented study proposes a computational model
aimed at achieving high accuracy in the task of classify-
ing agricultural lands and their pests, as well as identifying
diseases. The developed model can identify diverse crop
species, overcoming the limitations of geographical factors.
Moreover, the proposed method is based on preliminary
training of the model using relevant data. The developed
computational model is an integrated approach that combines
advanced machine learning methods. The effectiveness of
this model is ensured by a training system on diverse data,
including diverse geographical distributions of agricultural
land and their characteristics. Thus, the model demonstrates
high adaptability to various climatic and geographical con-
ditions. The results obtained indicate a significant increase
in the accuracy of classification and detection of diseases
in agriculture. This computational model provides an impor-
tant tool for improving crop health monitoring and timely
response to potential problems, helping to improve the sus-
tainability and efficiency of agriculture in various regions of
the world. Traditional methods of pest and disease control
are often ineffective and can lead to negative consequences,
such as the development of pesticide resistance in pests or
the accumulation of chemical residues in products. During
the study, information about the locations in question in the
North Kazakhstan and Akmola regions was received from
JSC≪National Company Kazakhstan Garysh Sapary≫. The
data covers the period 2021-2023. The data consists of the
growing season, types of diseases and pests, and their growth
phases in a real coordinate system. The analysis revealed
that the database contains 23 types of diseases, pests, and
weeds. The database contains about 10,000 data. About
10,000 data points were trained using eXtreme Gradient
Boosting (XGBoost), logistic regression, and convolutional
neural network machine-learning techniques. To optimize
and improve agricultural productivity, developing innovative,
sustainable, and effective pest and diseasemanagement meth-
ods is important [7]. One promising approach is the use of
spectral brightness coefficients (SBC) to verify and monitor
the condition of crops [8]. Sentinel-2’s Vegetation Red Edge
channels [9], [10] are an important tool for identifying crop

TABLE 1. Sentinel-2 satellite channels used.

pests and diseases based on spectral brightness coefficients
(SBC). Sentinel-2 is a space-based Earth observation system
mission providing data in a variety of spectral bands (Table 1).
Sentinel-2’s Vegetation Red Edge channels are in the red edge
region of the spectrum, which lies between the Red and Near-
Infrared regions. This spectral range is especially informative
for analyzing the state of vegetation and identifying changes
in crops associated with pests and diseases. Monitoring veg-
etation health is the ‘‘Vegetation Red Edge’’ channels, which
allow you to analyze the green chlorophyll characteristics of
plants, which helps determine their health and possible stress.
If pests or diseases are present, changes in the spectral char-
acteristics of plants can be detected, indicating their presence.

Use of Vegetation Red Edge channel spectral data and
vegetation indices such as Normalized Difference Vegeta-
tion Index (NDVI) [11], [12], [13], Normalized Difference
Water Index (NDWI) [14], [15], [16], Soil-Adjusted Vegeta-
tion Index (SAVI) [17], [18], [19], Atmospherically Resistant
Vegetation Index (ARVI) [20], [21], [22], Enhanced Vege-
tation Index (EVI) [23], [24], [25], and Green Normalized
Difference Vegetation Index (GNDVI) [26], [27], [28], are
important tools for monitoring and analyzing the state of
vegetation on the Earth’s surface. These indices are based on
the analysis of spectral data obtained from remote sensing
and assess various aspects of vegetation, such as its health,
density, and moisture. The NDVI (1) is a numerical metric
used in the field of Earth remote sensing to assess andmonitor
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the health of vegetation on the Earth’s surface. NDVI mea-
sures the difference in the reflection of light across different
spectral ranges, which allows us to determine the presence
and density of plant cover

NDVI = (NIR− Red)/(NIR+ Red) (1)

where Near Infrared (NIR) and Red represent reflected values
in the near-infrared and red spectral ranges, respectively.
NDVI is an index that helps assess the density and health of
vegetation. The NDWI is a numerical metric used in the field
of Earth remote sensing to detect water surfaces and estimate
soil moisture and vegetation on the Earth’s surface (2). NDWI
can detect the presence of water in remote sensing images and
estimate its distribution

NDWI = (Green− NIR)/(Green+ NIR) (2)

where Green represents the reflected value in the green spec-
tral range. NDWI is used to detect water surfaces and estimate
soil moisture. The Soil-Adjusted Vegetation Index (SAVI) is
an index used in the field of Earth remote sensing to assess
and monitor the health of vegetation (3). It is an improved
version of the NDVI, which takes into account the influence
of soil type on spectral data and allows a more accurate
assessment of vegetation health

SAVI = ((NIR− Red)/(NIR+ Red + L)) ∗ (1 + L) (3)

where L is a correction parameter that takes into account
the background brightness of the soil. SAVI is designed to
account for the influence of soil on spectral data and assess
vegetation health. The Atmospherically Resistant Vegetation
Index (ARVI) is an index designed to more accurately assess
the health of vegetation on the Earth’s surface while mini-
mizing the impact of atmospheric conditions and atmospheric
distortion on spectral data. ARVI (4) is an improved version
of the Normalized Difference Vegetation Index (NDVI) that
takes into account the influence of atmospheric conditions on
reflected light and helps more accurately assess the health of
vegetation

ARVI= (NIR− (2 ∗ Red)+Blue)/(NIR+(2 ∗ Red)+Blue)

(4)

where Blue represents the reflected value in the blue spectral
range. ARVI is designed to reduce the influence of atmo-
spheric conditions on spectral data and increase sensitivity to
changes in vegetation. The Enhanced Vegetation Index (EVI)
is a numerical metric used in the field of Earth remote sensing
to assess the health of vegetation on the planet’s surface.
EVI (5) is an improved version of the NDVI and is designed to
account for some of the limitations and distortions of NDVI,
such as the effects of atmospheric conditions and surface
reflections.

EVI=2.5 ∗ ((NIR−Red)/(NIR+6 ∗ Red−7.5 ∗ Blue+1))

(5)

EVI is an improved version of NDVI that also takes into
account atmospheric influences and allows for a more accu-
rate assessment of vegetation health. The GNDVI is a
numerical metric used in the field of remote sensing to assess
the health of vegetation on the Earth’s surface. GNDVI (6)
measures the difference in the reflection of light in the green
spectral range and the near-infrared range, which allows us to
determine the presence and density of plant cover.

GNDVI = (NIR− Green)/(NIR+ Green) (6)

GNDVI is similar to NDVI but uses a green value instead
of red. This index also evaluates vegetation density. These
indices are important tools for monitoring ecosystems, crops,
and the environment, and they provide information on the
condition and quality of vegetation through the analysis of
spectral data obtained from space and other remote plat-
forms. Spectral radiance coefficients reflect electromagnetic
radiation measured at different wavelengths and can provide
information about the physiological state of plants, the pres-
ence of pests and diseases, and stress conditions in crops.
Modern technologies for remote sensing of the Earth, such
as satellite imagery and unmanned aerial vehicles (drones),
make it possible to obtain spectral data with high accuracy
and spatial resolution. This work will examine the potential
of using spectral radiance coefficients for the verification of
crop pests and diseases, as well as their role in optimizing and
improving the quality of agricultural productivity. Various
methods for analyzing CSCs, such as machine learning and
image processing methods, will be considered, as well as
examples of the successful implementation of these methods
in practice. The results obtained will allow us to conclude the
prospects and applicability of spectral brightness coefficients
for solving pressing problems in agriculture and ensuring
the sustainable development of this important sector of the
economy.

II. METHODS
To identify pests and diseases of crops using spectral bright-
ness coefficients (SBC) in the Vegetation Red Edge channels
of the Sentinel-2 satellite, various methods of data analysis
and processing can be used. Some of these include vegetation
indices such as NDVI or NDRE (Normalized Difference
Red Edge), calculated from data from the Vegetation Red
Edge and Sentinel-2 infrared channels. Recognizing pests
and weeds [29] can be challenging and may require the use
of machine-learning techniques. However, certain changes
in vegetation indices may indicate the presence of pests or
weeds. A combination of ranges was used to create a special-
ized index and the resulting data was processed to identify the
unique characteristics of pests and weeds (7).

CustomIndex = (RedEdge− Green)/(NIR+ Blue+ Red)

(7)

Then, threshold values of this index were used to identify
pests and weeds, and these indices were used as features to
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train the machine learning model. For pest and weed detec-
tion, a machine-learning model was trained using different
vegetation indices and spectral bands as features, and pest
and weed presence labels as target variables. These indices
allow you to assess the health and physiological state of
plants. Changes in index values may indicate the presence of
stress caused by pests or diseases. Spectral signature analysis
is the process of comparing the spectral characteristics of
vegetation in infected and healthy crop areas. Changes in
spectral characteristics can be detected using spectral curves
and help highlight diseased areas. Using machine learn-
ing techniques such as classification methods (e.g. Logistic
Regression [30], [31], XGBoost [32], [33], Vanilla CNN [34],
[35], [36]) can automatically identify diseased or contami-
nated crop areas based on data from Vegetation Red Edge
feeds. This requires training datasets that include information
about healthy and contaminated sites. Thismethod usesmath-
ematical algorithms to extract pest or disease characteristics
based on changes in vegetation spectra. Spectral data from the
Vegetation Red Edge channels can be analyzed using special
models to identify signals associated with the presence of
pests or diseases. The use of the above methods makes it pos-
sible to identify andmonitor pests and diseases of crops based
on spectral data from the ‘‘Vegetation Red Edge’’ channels
of the Sentinel-2 satellite [37]. These methods provide more
accurate and automated detection of problems in the fields,
which helps optimize and improve the quality of agricultural
productivity.

Within the framework of this study, the classification of
agricultural land plots into normal and anomalous was car-
ried out. The main emphasis was placed on the analysis
of various spectral and geographical characteristics, includ-
ing latitude and longitude coordinates, observation date, and
spectral indices B01-B08, NDVI, SAVI, NDWI, ARVI, EVI,
and GNDVI. These parameters, collected using satellite or
aerial imaging systems, provide valuable information for
monitoring land conditions. Three different machine learn-
ing models were applied to solve the classification problem:
XGBoost, Vanilla CNN, and Logistic Regression. Validation
and evaluation of the effectiveness of eachmodel were carried
out using metrics such as Accuracy, ROC AUC, Log Loss,
F1 Score, Precision, and Recall.

III. RESULTS AND DISCUSSIONS
During the study period, several key data were identified cov-
ering various aspects of agricultural management and crop
monitoring. Among the identified factors are creeping bitter-
weed, gypsy moth, dodder, Asian longhorned beetle, as well
as important diseases and pests such as Pepino mosaic virus,
tomato spotted wilt virus, golden potato nematode, potato
canker, grasshopper, wheat thrips, gray armyworm, Asian
locust, brown rust, Hessian fly, Italian locust, Colorado potato
beetle, meadow moth, mouse rodents, septoria and ground
squirrels. Each of the identified factors is characterized by
a feature vector that includes 14 key features. These param-
eters include B01-B08 (visible and infrared reflectance),

NDVI (normalized differential vegetation index), SAVI
(advanced soil vegetation index), NDWI (normalized water
index), ARVI (regional vegetation index), EVI (enhanced
vegetation index) and GNDVI (normalized vegetation dis-
crimination index). These trait vectors provide a comprehen-
sive approach to characterizing and monitoring crop health,
providing deeper analysis and more accurate predictions
regarding the impact of factors influencing crop success and
health.

The Pest Verification Model is a comprehensive and struc-
tured approach to identifying and confirming the presence
of pests in crops. This method involves several sequential
steps and applies various techniques to ensure high accuracy
and efficiency of the process. The first step uses data from
Sentinel-2 satellites and other sources to analyze the spectral
characteristics of vegetation. This analysis aims to identify
anomalies associatedwith the presence of harmful organisms.
Integration of pest and pathogen information into databases
plays a key role in collating and analyzing the resulting
data. The application of machine learning algorithms such
as classification, clustering, and neural networks acts as an
automated tool for analyzing spectral data. These algorithms
identify characteristic features that indicate the possible pres-
ence of pests. Image processing techniques are widely used
to highlight and analyze areas susceptible to potential pest
impacts. The process of data verification and classification is
complemented by the use of expert systems. These systems
play an important role in validating the results obtained from
machine learning algorithms, taking into account additional
expert information and context. Ultimately, a system is devel-
oped for automated decision-making based on the results of
data analysis. This step allows us to create an effective mech-
anism for responding to identified threats, based on objective
data and expert examination. Figure 1 shows the pest ver-
ification model provides an integrated and science-based
approach to protecting farmland from potential threats.

Spectral radiance coefficients are numerical character-
istics that describe how objects or surfaces interact with
electromagnetic radiation in different parts of the spectrum.
To distinguish between weeds and crop species, spectral char-
acteristics can be used to analyze reflected or emitted light.
In this study, classification based on spectral characteristics
was used to identify weeds or crop species (Figure 2). This
allows land cover analysis to be carried out using machine
learning or image processing techniques. However, the accu-
racy of such analyses depends on many factors, including
crop diversity, development stages, climatic conditions, and
the quality of remote sensing imagery. These factors interact
to create a complex context that must be taken into account
when interpreting research findings.

To visualize the performance of the classification model,
a Confusion Matrix was calculated for all selected three
machine learning models (Figure 3). 31 data samples were
used to validate the training. This matrix allows you to
evaluate how each model copes with the classification of dif-
ferent classes and identify possible errors. Confusion matrix
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FIGURE 1. Malicious organism verification model.

FIGURE 2. Verification of harmful organisms using spectral brightness
coefficients.

analysis helps to better understand the strengths and weak-
nesses of models in the context of the selected problem.
When calculating the error matrices in the context of the
machine learning method, logistic regression showed four

FIGURE 3. Confusion matrix for machine learning methods.

cases of misclassification (Figure 3(a)). At the same time,
the XGBoost method revealed two errors of the second type
(Figure 3(c)). These results indicate differences in the per-
formance of the two models, where logistic regression made
more Type I errors while XGBoost made fewer Type II errors.
Analyzing such discrepancies in the error matrix provides
valuable information for further tuning and optimization of
models taking into account the specifics of the classification
problem. As shown in Figure 3(b), the number of examples
that were correctly classified as positive using the Vanilla
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CNN method was 13, while the XGBoost method detected
14 such examples (Figure 3(c)). These results reflect the
effectiveness of both models in identifying positive classes,
where XGBoost showed a slight increase in accuracy com-
pared to Vanilla CNN. Analyzing such differences provides
information about the comparative performance of methods
and can serve as a basis for further tuning of models.

In this work, the XGBoost method proved to be the more
efficient model among those considered, but it is necessary
to carefully monitor its performance during testing. Vanilla
CNN, although providing good results, requires optimization
for better generalization. Logistic regression, in turn, was
less effective. Based on the provided data and calculations,
the Matthews Correlation Coefficient (MCC) values reveal
the strength of association between predictions and actual
values for the three models. Notably, XGBoost exhibits the
highest MCC, indicating its superior predictive capability
(MCC_LR≈ 0.445,MCC_CNN≈ 0.612,MCC_XGBoost≈
0.722). The Fowlkes-Mallows Index, reflecting similarity,
underscores the models’ performance in achieving agree-
ment. Both XGBoost and Logistic Regression with XGBoost
showcase a proximity to unity in their similarity indices,
denoting a high degree of concordance (FM_LR_CNN ≈

0.827, FM_LR_XGBoost ≈ 0.860, FM_CNN_XGBoost ≈

0.852). Considering Cohen’s Kappa Coefficient, a metric
accounting for agreement while adjusting for chance,
XGBoost consistently outperforms the other models, rein-
forcing its effectiveness in predictions (Kappa_LR ≈ 0.391,
Kappa_CNN ≈ 0.562, Kappa_XGBoost ≈ 0.660).
In summary, the elevated MCC values signify robust pre-

dictive relationships, with XGBoost demonstrating the most
substantial association. Similarly, the high Fowlkes-Mallows
Index values underscore strong agreement, particularly evi-
dent in the comparisons involving XGBoost. Cohen’s Kappa
Coefficient further substantiates the superior performance
of XGBoost in achieving both agreement and adjustment
for chance. Collectively, these findings suggest XGBoost’s
effectiveness and precision in prediction, distinguishing it
from Logistic Regression and Vanilla CNN in this analysis.
Figure 4 shows the comparative result of all three models,
which provides important indicators for choosing amodel and
possible directions for its improvement, taking into account a
specific classification task.

Using the above 14 features, a database containing 15,000
entries for each machine-learning method was constructed.
The data presented in the database has a multidimensional
structure, reflecting various aspects associated with the phe-
nomena of agricultural land and their interaction with pests,
diseases, and other factors. The model training process was
carried out based on the provided data using various machine
learning methods. Each method was trained on a sample
of 15,000 records, allowing the model to learn a variety of
patterns and dependencies in the data. As a result of training,
the model acquired the ability to classify, making it possi-
ble to determine the classification accuracy for each of the
considered machine learning methods.

FIGURE 4. Comparative results of machine learning methods.

The XGBoost model demonstrated exceptional perfor-
mance, achieving accuracy and ROC AUC scores of 90.32%
and 0.9, respectively. The Log Loss value of 3.48, and the
maximum values of F1 Score, Precision, and Recall equal
to 0.9, indicate the high reliability of the model. This is
especially significant given the complexity of the task and
the variety of characteristics based on which the classi-
fication was based. When testing training, the XGBoost
method showed high accuracy - 97.98%. Such efficiency
can be attributed to the algorithmic features of XGBoost,
which make this model extremely adaptive to various data
types and structural anomalies. When tested, the model also
demonstrated 90% accuracy, confirming its applicability and
reliability.

The use of convolutional neural networks (Vanilla CNN)
also showed good results, although slightly inferior to
XGBoost. With a training accuracy of 83.87%, ROC AUC
of 0.83, and F1 Score of 0.838, this model provides reliable
classification. However, it is worth noting that the accuracy
during testing decreased to 71.43%. This may indicate over-
training of the model or insufficient generalization, which
requires additional analysis and possible correction of the
architecture or training parameters. Although CNNs are com-
monly used for image analysis, their successful application
in this study highlights their versatility and ability to identify
complex relationships in data.

The logistic regression model performed less impressively
than other models, with a training accuracy of 80% and an
ROCAUC of 0.808. These figures, together with the F1 Score
of 0.799 and Log Loss of 6.97, indicate the relatively poor
performance of this model for this task. At the same time,
the accuracy during testing was 71.43%, which is close to the
training indicators and may indicate sufficient stability of the
model. However, given the lack of performance, optimization
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of the model or other approaches should be considered to
improve classification performance. According to the grow-
ing season data of 06/01/2023, the anomalous value was
determined and clarified by specialists at the coordinate point
of latitude - 69.888 and longitude - 52.336. The model was
tested on this piece of land. The result was a weed outbreak
of 5.7 percent, as shown in Figure 5.

FIGURE 5. Clustering result using the XGBoost model.

By comparing the performance of three different models -
XGBoost, Vanilla CNN, and Logistic Regression - in the con-
text of the agricultural plot classification task, we can come to
a convincing conclusion about the outstanding performance
of the XGBoost model.

In this study, an in-depth analysis and experimental verifi-
cation of the time complexity of the XGBoost algorithm used
for classification problems was carried out. The XGBoost
algorithm was chosen for its efficiency and wide application
in modern machine learning. To estimate time complexity,
data consisting of 1707 observations with 14 features, includ-
ing numerical variables and time stamps, was used. As a
first step, the data was preprocessed, including converting
timestamps into a numeric format relative to a given start
date. To select the optimal hyperparameters of the model,
the GridSearchCV method was used, which made it possible
to fine-tune the model to the specifics of the data. The
main criterion for assessing the effectiveness of the model
was the accuracy metric, and additional metrics were also
considered, such as F1-score, precision, and recall, to more
fully understand the performance of the model. Experimental
testing involved measuring the time required to train the
model and subsequently make predictions. This made it
possible to estimate the time complexity of the algorithm.
The results showed that the training time increases linearly
with the size of the input data, which is consistent with the
theoretical assumptions of the linear time complexity of the
XGBoost algorithm. Thus, it was experimentally confirmed
that the algorithm has linear time complexity in the context
of the data presented. Finally, the research methodology,
detailed data analysis, model training, and evaluation process,
as well as the timing characteristics of the algorithm are doc-
umented. The study’s findings highlight the effectiveness and

scalability of XGBoost in machine learning tasks, especially
when working with large data sets, confirming its suitability
for a wide range of data science applications.

This model demonstrated the best results in all metrics
considered and confirmed its effectiveness during testing.
XGBoost has high classification accuracy, reliability, and sta-
bility in predictions. Its ability to work with various types of
data, including numerical and categorical attributes, as well as
time series processing, makes it a powerful tool for analyzing
and classifying agricultural areas.

On the other hand, Vanilla CNN and Logistic Regression
also performed well, but they were less stable compared to
XGBoost. These models may require additional optimization
and parameter tuning to achieve high performance, and their
application may be more complex in the context of agro-
nomic data. The obtained results of the study have important
implications for application in real conditions. They can be
used to monitor and manage agricultural plots, which will
help agricultural enterprises and agronomists make informed
decisions about crop care and pest control. In addition, the
methodology applied in this study can be adapted and applied
to other classification problems in the fields of agronomy
and ecology, thereby expanding its scope of applicability and
impact. This is an important step towards optimizing and
making agriculture more sustainable in the modern world.

This approach allows us to systematically evaluate the
performance of different machine learning methods in the
context of agricultural problems. The obtained classification
accuracies are a key criterion for comparative analysis of the
effectiveness of methods, contributing to a better understand-
ing and selection of optimal approaches to solving problems
in the field of agricultural technologies.

IV. CONCLUSION
In conclusion of this article, it can be noted that the study
of verification of harmful organisms and pathogens affect-
ing crops using spectral-space data and machine learning
methods, including logistic regression, Vanilla CNN, and
XGBoost, is a relevant and promising area of research.
These methods and tools have a significant impact on opti-
mizing and increasing agricultural productivity in modern
conditions.

Logistic regression, Vanilla CNN, and XGBoost demon-
strate their effectiveness in various aspects of the problem
of verifying harmful organisms and pathogens. Logistic
regression provides a simple and interpretable method for
classifying and assessing the risks associated with pest expo-
sure to crops. On the other hand, Vanilla CNN can efficiently
work with image and spectral data, making it a powerful
tool for automatically identifying and classifying pathogens
and harmful organisms. This method helps identify even
complex samples and allows analysis at a higher level of
detail. XGBoost, on the other hand, stands out for its ability
to work efficiently with numerical data and time series. This
boosting algorithm helps improve the accuracy and reliability
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of forecasts and can be used to more accurately estimate the
proportion of harmful organisms and pathogens.

In conclusion, the combined use of spectral-space data
and machine learning techniques in agriculture has enormous
potential to improve the sustainability of agricultural sys-
tems, optimize resources, and increase productivity. These
innovative approaches lead to more precise and efficient
farmlandmanagement, which is critical in the face of growing
populations and changing climate conditions.
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