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Abstract

In this study, an algorithm for synthetic expansion of training datasets was developed and applied to the regional classification of cotton
varieties recommended for cultivation in the Republic of Uzbekistan. The algorithm is based on heuristic logic, and the class objects were
restructured based on similarity criteria. Initially, a space of textual, nominal, and quantitative features was formed using real data from the
state register. Subsequently, the features were fully converted to nominal form, and the degrees of similarity between objects were
determined through scaling. A proximity function and decision rules were developed, and the contribution of class objects to their respective
classes was evaluated. Artificial objects were generated based on heuristic criteria, increasing the number of classes and their elements. This
approach significantly improved the stability and accuracy of the classification model. Experimental results showed that the proposed
algorithm achieved a precision of 95.8 %, which is substantially higher than that of the decision tree (87 %) and KNN (84.4 %) algorithms,
demonstrating the effectiveness of the proposed method. The research results have created the opportunity to accurately classify cotton
varieties by region.

Keywords: automatic classification; classification; cotton varieties; degree of similarity; nominal and quantitative; objects; regionalisation;
synthetic training samples; text

Introduction and allocate suitable varieties for each province. In recent years, local
breeders have developed varieties such as Zangi-Ota-2, Ishonch,
Zafar and Niyat, which are currently being tested for their suitability
in different regions. Zangj-Ota-2, a high-yielding cotton variety with
good fibre quality and stable performance across different soil and
climate conditions. It is valued for its adaptability and reliable
productivity. Ishonch, an early-maturing, high-yield variety known
for its tolerance to drought and soil salinity. It produces fiber that
meets international quality standards. Zafar, an early-ripening
cotton variety with consistently high fibre quality. It has shown
strong results in regional field trials and is suitable for intensive
cultivation. Niyat, a locally developed cotton variety characterised by
good adaptation to local agro-ecological conditions and stable
yields, making it suitable for practical farming systems.

The current global cotton industry demands the identification of
cotton varieties adapted to specific climatic conditions to ensure
high yields and quality. Cotton is one of the world’s most
economically significant agricultural commodities, supporting the
livelihoods of hundreds of millions of people and anchoring global
textile, trade, and manufacturing industries. Major cotton-producing
countries like China, India, the USA, and Brazil have recommended
varieties for each agro-ecological zone, which differ in their class,
productivity, disease resistance, and fibre quality. In recent years, the
use of artificial intelligence technologies for classifying cotton
varieties has been intensifying. However, preparing high-precision
classification models requires large volumes of training samples.
High-precision artificial intelligence classification models require

large training datasets to ensure sufficient variability and model Concurrently, the number of varieties included in the state
reliability. register is increasing, though this process demands time and

resources. If artificial objects were created based on the existing
register, automated and intelligent systems for adapting varieties to
specific regions could operate more quickly, reliably, and with higher
precision. This would not only accelerate the selection process but
also significantly contribute to the formation of the state regjster.

In many cases, due to insufficient real agrobiological data,
the limited number of objects in each class reduces classification
accuracy. From this perspective, generating synthetic replicas of
cotton varieties based on real data is considered one of the pressing
issues in international research. Agriculture, particularly cotton
cultivation, is one of the main sectors of Uzbekistan’s economy. Due The rapid development of information technologies and the
to varying regional climatic and soil conditions, it is crucial to identify ~ aPplication of artificial intelligence algorithms in cotton farming are
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creating significant advancements in the classification of cotton
varieties. Although the existing real training datasets include
386 objects, the small number of objects in some classes reduces the
reliability of classification. Therefore, by developing algorithms for
creating synthetic datasets based on heuristic logic, the number of
objects in each class is balanced, and the generalisation capability of
machine learning models increases. Furthermore, this approach
expands the possibilities for accelerating regional zoning and
automating the analysis of varieties included in the registry.

Agriculture, systems for automatic classification of cotton
varieties are being developed alongside digjtalisation processes.
However, the lack of a large, balanced training dataset consisting of
clearly distinguishable objects remains a major challenge for these
systems. In this context, synthetic training samples enable the
achievement of reliable, reproducible, and highly accurate results in
artificial intelligence and deep learning models. Simultaneously, the
effectiveness of scientific and practical activities significantly
increases through the selection of new varieties, their adaptation to
specific regions, ensuring economic efficiency, and reducing trials in
experimental fields. Thus, algorithms for creating synthetic samples
are becoming an integral component of modern digital agriculture.

Materials and Methods

Various algorithms for the territorial classification of agricultural
crops were studied. Among them are hierarchical, density, network,
and model methods, whose effectiveness was evaluated using
accuracy, precision, and recall metrics. The importance of methods
such as K-means and DBSCAN in the regionalisation process has
been substantiated. Partitioning methods, also known as centroid-
based methods. An example of an algorithm using the division
method is the K-means algorithm. By finding the central points K
and assigning a regionalisation corresponding to the center closest
to each point, the divides the data points into K-separated
regionalisations. Franti P and Sieranoja S proposed algorithms and
models that study the properties of the applied intelligence dataset
across 6 clusters in K-means (1). Franti and Sieranoja proposed
K-means-based algorithms to analyse the structural properties of
datasets through multi-cluster partitioning. Their work provides a
methodological foundation for evaluating clustering behaviour,
which is relevant to this study in designing and validating semi-
synthetic datasets for regional classification of cotton varieties.
Jianpeng Qi, Yanwei Yu, Lihong Wang, Jinglei Liu proposed effective
methods of the K-means clustering algorithm (2). Density methods,
an example of a density algorithm is DBSCAN (3), which is widely
applied in clustering tasks. It groups nearby points based on distance
(usually Euclidean) and the minimum number of points in a group.
Ruitong Zhang, Hao Peng, Yingtong Dou, Jia Wu, Qingyun Sun,
Jingyi Zhang, and Philip S Yu proposed a new automated deep
learning-based system for searching DBSCAN parameters (4). Ala'raj
M, Majdalawieh M and Abbod MF conducted research on improving
binary classification using filtering based on K-NN proximity graphs
(5), while Ignatyev NA carried out research on selecting structures for
relationships between objects in metric classification algorithms (6).

As stated in the literature (7, 8) it is assumed that the set of
training samples is expressed in the following form:

FprXpoee s Xpm, € Kp.p=L1r

Where, X, is a vector of N -dimensional text, nominal and

2

quantitative character spaces, each object

o = (xpe *pe o xPi)s = Tomp , is considered in N -
p=1Lr

dimensional character spaces, Xp, represents a set of
classes consisting of Mg, X, ..., XmpObjects. To determine the
degree of similarity between objects, a proximity function is
introduced: each object belonging to a class is compared one by one
with objects in its class, and the inter-object proximity function is
below.

Suppose two objects X1, X2 are given in the text, nominal,
and quantitative character spaces of the class %.. Here, the proximity
function pj (X1, X2) between objects is entered in the text, nominal
and quantitative character spaces as follows:

1if  (xf,—xl)=0. j=1TW
.":’_i'{-rpl.-rp:}z . .

0 then

Lif ) -xl =0,

0, otherwise

i i=1..N
Pf{x;le;I:}z[ ]

The first condition indicates the degree of similarity between
two objects, while the second condition indicates the magnitude of
their difference from each other, meaning these components are not
similar to one another.

In the space of textual, nominal, and quantitative features,
the estimation of the value indicating the degree of similarity
between an arbitrary p-class k-object and another t-object is
calculated based on the following formula:

Gr{x_ﬂ;_. x_m]l = E:?;ij-{xp;_. x_m} K=1mprt=1my kFt

In the space of text, nominal, and quantitative features, the
estimation of the value indicating the degree of similarity between
an object k of any class p and all other objects is calculated using the
following formula:

G;_.{.rp;_..rm}= E:Z’LGr{xp;_.xm}.k =Lmpit=L1lmy K+t

Consider a new unknown object w=(w'w?2,..w") is given. To
determine which of the given class objects this new object most
closely resembiles, the following formula is calculated:

G11'{“"-r;1k} = E‘::L ?;LP_{ {w'xﬂk} k= 1my;

Glw, x i) = Gy lw, gy

If the inequality " ( x'ﬂ'} G (w x'ﬂ"} is satisfied, then the
object w=(w?, w2,...w") has a higher degree of belonging to the i-"
object compared to other objects.

Classification and regionalisation of cotton varieties:

Based on the information provided above, the following issues have
been addressed:

1. The task of numerically representing cotton characteristics by
scalingthem accordingto Table 1.

2. The problem of determining the degree of similarity between
objects.
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3. The matter of classifying and regionalising cotton varieties in
agriculture.

4. Developing an algorithm for selecting a set of important features
based on classification and regionalisation.

Based on the proposed theoretical framework and
algorithm, the above-mentioned problems are addressed. The
degree of similarity of cotton varieties according to the proximity
function is carried out and expressed (4, 9).

The following classification results were obtained:

Objects x17 and x18 are considered to have the highest vote
for x1 object. The similarity rating of these objects is 5. That is, 5 out of
12 possibilities.

Objectsxs, Xs, X and s are considered to have the highest
vote for object x,.. TThe similarity rating between these objects is 5,
meaning that 5 out of 12 evaluated features (attributes) are identical.

Objects xu and x4 are considered to have the highest vote
for object xs. The similarity rating of these objects is equal to 9. That
is, 9 out of 12 possibilities.

Using these classes, the third task focuses on the
regionalisation of cotton varieties by evaluating their suitability and

performance under different agro-ecological conditions.The degree
of similarity of these objects is equal to 9.

Table 1. Initial information provided on cotton varieties

Using these classes, the problem of regionalisation is
investigated in the third problem.

As a result of preliminary data processing, the training
sample has been divided into classes. For example, if we look at the
first class, this class contains 10 objects, which consist of the
following: Thefirst class is composed of 10 objects, as follows:

Xi= {X1, Xo,Xs,X6,X7,X0,X14,X16,X17,X15} ={Bukhara-8, Chlmboy - 5018,
S- 6541, Khwarazm - 150, Do’stlik-2, Beshgahramon, S-6775, S -8284,
Porlog, Porlog-2}

As a result, the matrix representation of class Xi, along with
its class objects and representative object, will be as follows:

Xn1=(322241122823)-thisx, isthe representative object of the class.

A comprehensive analysis of the classification and
regionalisation of agricultural industrial crops was conducted, focusing
on cotton varieties. According to the analysis, cotton varieties
belonging to the first class are recommended for planting primarily in
the following regions: the Republic of Karakalpakstan, Kashkadarya
region, Samarkand regjon, Surkhandarya region, and Khorezm region.

This research work has been implemented in practice at the
Center for Innovative Developments and Consultations at the
Andijan Institute of Agriculture and Agrotechnologies, the
"Pakhtakul istigboli" farm of the Council of Dehkan Farms and
Household Plot Owners in Shakhrikhan District of Andijan region, as

Seed
Cotton Stalk Cotton . Boll .
No. name height Pattern Stalk  Stalk color Stem Leaf Leafcolor blossom Boll size Boll form color \(\ﬁ;(g);l)t
Dark green - Sparsely
X1 90-20 Sparsely D Medium : : Dark
1 Columnar - doesn'tget 2 ~ > Green Big Big develope 138¢g
Bukhara-8 sm haired stuck 3-5lobed dnostril &reen
X2 Dark green, .
2 Chimboy- 110sm Conical Slgaairrseedly doesn'tget 1,5 I\gelgLuen;, Dark green Medium Medium i?sﬂg Drzrel; 131g
5018 stuck g
24
Green -
120- . Loose- "o Medium, - - Round-
Future >0, Conical haired doiilr}ctkget 1-2 3 c\obeq Green Medium Medium oblong Green 122g

Further, based on the data presented in Table 1 and the notations, the following Table 2 is formed. The row elements of the table represent
objects (varieties), while the column elements represent characteristics (10-14).

Table 2. Text, nominal and quantitative features of cotton varieties

Features
Cotton
varieties xf X7 x? x} x5 xf xi xf xf xf® xft xf
X1 3 1 1 1 1 1 1 1 1 1 1 4
X2 2 2 1 1 2 1 2 2 2 2 1 3
X3 3 3 2 2 3 1 1 2 2 3 2 1
Xa 3 2 3 2 4 2 1 2 2 4 2 2
X23 5 2 3 2 7 1 1 2 2 5 2 1
Xa4 5 2 3 2 7 1 1 2 2 5 2 2
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well as at the Council of Dehkan Farms and Household Plot Owners
of Andijan region. As a result of implementing the software "E-
classification and zoning," which was developed based on methods
and algorithms for classification, selection of informative feature
sets, and assessing classification effectiveness during the preliminary
processing of information about cotton types and varieties grown in
the republic, 24 cotton varieties regionalised according to the state
register were divided into 3 groups. The degree of similarity between
objects within each group has been increased by 65 %. The set of
informative features has been successfully reduced from 12 to 3,
resulting in a 3.5 to 4-fold increase in efficiency levels. According to
these results, it is possible to improve labor productivity by
17-22 %.

Algorithm for creating a synthetic training dataset aimed at
regionalisation and classification of cotton varieties

This algorithm aims to create a new expanded dataset by
evaluating the similarity of synthetic objects generated for a nominal
feature space. The proposed algorithm expands the original real
dataset by generating synthetic objects and evaluating the similarity
between the real and synthetic objects in a nominal feature space.
Before creating the dataset, it becomes necessary to increase the
number of classes and objects in order to improve the results and
indicators obtained from the research and enhance their percentage
metrics.

For this purpose, in accordance with the state register, the
cotton varieties to be sown in each region will be determined using
the table of digitalisation of regjons. Subsequently, varieties sown
jointly in two regions, as well as those sown in three or more regjons,
areidentified and recorded separately.

Classes are formed as follows:

As a result of the designations, 18 classes and class objects are
formed in the table below.

The algorithm consists of the following steps:

Step 1: The objects of the general training sample are entered into

the database. The initial database is formed in the context of all
eEXi=1M ¥={x,.x0 ..

objects i : Let Gy %0 20) represent

the set of cotton varieties in the initial database, where M is the

number of varieties. The initial database is formed using all objects

xeX i=1..M

Step 2: The process of preliminary data processing is carried out.
This stage involves data cleaning, which includes eliminating errors,
restoring lost values, removing duplicates, and clarifying ambiguous
information in the collected data. After these adjustments, data
normalisation is performed.

Step 3: The general training dataset is preliminarily divided into

¥p1Xpa o Xpm, € K. p=1Llr

classes

Step 4: For each formed class, the average similarity values of objects

G % )p=Tr
r-'{ iﬂ'} P are determined.

p=1
Step 5: A new object * is created for classes %o , where P " ,

while preserving essential features that ensure an increase in the

Region Cotton varieties

Republic of Karakalpakstan Chimbay-SOlS;sDuults;lri]k-Z; Bukhara-8;
Andijan Istiglol-14; An(élljﬁtr;—g& Andijon-37;
Bukhara Bukhara-8

Jizzakh C-6541; Pakhtakor-1; Ko‘paysin; Porlog-2
Namangay 102 Bestaatramon
Surkhandarya C-6550; Beshqahramon
Syrdarya Gulbakhor-2; Navbakhor-2; Ko‘paysin
Tashkent Kelajak; Andijon-36; Sultan
Fergana C-6775; Porlog-4; Andijon-36; Sultan
Khorezm Khorezm-150; Ibrat; Porlog-1; Porlog-2
Samarkand Porlog-1; Namangan-34; Sultan
Navoi Namangan-34; Sultan
Namangan Porlog-2; Andijon-36; Sultan

average similarity level G, (Xp) of objects within this class.

Step 6: If a class p contains only one object (m, =1), then when
creating a synthetic object, it is formed while preserving the features
that distinguish the object of this class from objects of other classes.

Step 7: Steps 5 and 6 are repeated until K new synthetic objects are
added to each class. As a result, classes consisting of hybrid objects
areformed.

The problem mention in Section 3 is solved using the proposed
algorithm.

Results and Discussion

In the experimental tests, classes with fewer than 20 objects were
selected from the general educational sample, on the basis of which
synthetic objects were created.

The results obtained on the basis of the algorithm for
creating a synthetic training sample based on the average similarity
of objects in the class are reflected in Table 3. Based on the above
procedure, the following Table 3 was completed.

The results of this experiment are aimed at assessing the
effectiveness of the algorithm for creating a synthetic training
sample, describing the number of objects belonging to different
classes, their degree of similarity, and changes after the introduction
of synthetic objects. Varian 1 experimental results demonstrate the
algorithm's effectiveness in creating a synthetic training sample and
highlight class composition, similarity among objects, and
modifications resulting from the inclusion of synthetic objects.
Variant 2 experimental results indicate that the algorithm effectively
generates a synthetic training sample and modifies class
composition and object similarity. The number of real objects in
classes varies, and the degree of similarity between them is different.
After the introduction of synthetic objects, these similarities
increased accordingly. Initially, the average degree of similarity
between classes was 52.77 %, but after implementing the synthetic
learning sampling algorithm, the average degree of similarity
between classes increased to 70.63 % (Fig, 1).

For a comparative assessment of the reliability of the
developed algorithm, a classification of the created hybrid training
sample using popular machine learning methods was carried out.
The levels of recognition of each class by 3 different methods are
presented in detailin Table 3.
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Based on the results of the experiment, it was established
that the reliability of the training sample obtained using the
developed algorithm for creating a synthetic training sample is high.
The proposed algorithm achieved high reliability in generating the
synthetic training sample, with overall accuracy of 95.8 % and
multiple classes reaching 100 % precision, surpassing decision tree
and KNN methods.

Conclusion

The identification of cotton varieties is one of the most pressing issues
in agriculture today. This allows not only to increase the effectiveness
of agrotechnical measures, but also to ensure maximum yields by
selecting optimal varieties in the context of regions. The use of
modem artificial intelligence technologies significantly improves the
process of identifying and regionalising cotton varieties.

The use of modern artificial intelligence, as implemented in
the proposed algorithm, significantly enhances the identification
and regionalisation of cotton varieties, achieving 95.8 % overall
accuracy and 100 % precision in several classes. In the study, an
algorithm for creating a synthetic training sample was developed to
fill the gap in data on low-sample varieties under conditions of
insufficient actual data, especially in some regions.

The proposed algorithm successfully generated high-quality
synthetic data for cotton varieties. Based on this data, artificial
intelligence models were built that correctly identify varieties, and
with their help, it became possible to identify varieties early and
optimise them by region. Based on this data, artificial intelligence
models were developed that achieved an overall accuracy of 95.8 %
in identifying cotton varieties, enabling early identification and
regional optimisation. The research results are important in the
direction of increasing the accuracy of models through the use of
synthetic data and supporting reliable decision-making for farmers
and agronomists, especially in cases where the data collected in real
field conditions are insufficient. The table above shows the accuracy
(precision) indicators for the three compared approaches (decision
tree, KNN, and the proposed new algorithm), which shows that the
results of the proposed approach achieved the highest accuracy.

In conclusion, the developed new algorithm allows for the
correct identification of cotton varieties, assessment of their
significance, and improvement of samples by dividing them into
clusters corresponding to the corresponding regions. This approach
can be widely used in breeding processes, regionalisation and
determining the optimal placement of varieties.

100.00
80.00
60.00
40.00
20.00

0.00

1 2 3 4 5 6 7

Original dataset

& 9 10 11 12 13 14 15 16 17 18

Semi-synthetic dataset

Fig. 1. Change in average similarity levels of class objects.

Table 3. Three levels of class recognition methods

No. Decision tree (Precision) KNN (Precision) Proposed algorithm (Precision)
Class 1 62 % 100 % 83 %
Class 2 100 % 57 % 97 %
Class 3 88 % 100 % 88 %
Class 4 100 % 50 % 100 %
Class 5 83 % 100 % 100 %
Class 6 71 % 42 % 83 %
Class 7 100 % 100 % 100 %
Class 8 100 % 100 % 100 %
Class 9 86 % 100 % 83 %
Class 10 88 % 100 % 100 %
Class 11 100 % 80 % 100 %
Class 12 78 % 88 % 92 %
Class 13 100 % 100 % 100 %

Class 14 86 % 100 % 100 %
Class 15 100 % 100 % 100 %
Class 16 80 % 100 % 100 %
Class 17 80 % 75 % 100 %
Class 18 80 % 100 % 100 %
Accuracy 87 % 84.4 % 95.8 %
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