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yield of crops, identify problem areas and take appropriate 
measures. In addition, geographic information systems allow 
the calculation of various vegetation indices before harvest, 
which can be used to assess plant health, factors affecting 
growth and fertility, and to predict crop yields. There are 
about 160 variants of vegetation indices [2]. Of these, the 
most common and optimally suitable index for tracking 
the dynamics of vegetation development is the normalized 
vegetation index NDVI. Using this index, the active photo-
synthetic biomass of a plant can be measured. The following 
formula is used to calculate this index:

NIR RED
NDVI ,

NIR RED
−=
+

 
		                     (1)

where NIR – near infrared light, RED – red light. The 
values of these coefficients vary from –1 to +1. In Fig. 1 
shows a scale of NDVI value ranges and the state of the 
plant [3].
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The process of clustering of normalized 
vegetation indices in five regions with a total 
area of 2565 hectares of the North Kazakhstan 
region was studied. A methodological approach 
to organizing the clustering process is proposed 
using the vegetation indices NDVI, MSAVI, ReCI, 
NDWI and NDRE, taking into account individual 
characteristics in the three main phases of spring 
wheat development

As a result of the research, vegetation indices 
were grouped into 3 classes using the k-means 
clustering method. The first cluster contained 
vegetation indices whose maximum values 
occupied about 33.98 % of the total area of the 
study area. It was found that NDVImax located 
in the first cluster was positively correlated with 
soil-corrected vegetation indices MSAVI and crop 
moisture indicators NDMI (R2=0.92). The second 
cluster is characterized by minimum values of 
NDVImax coefficients at the germination, tillering 
and ripening phases (from 0.53 to 0.55). The lowest 
values of vegetation indices occupied 35.9 % in 
the germination phase, 37.9 % in the tillering 
phase, and 40.1 % of the field from the total area. 
The third cluster is characterized by average 
values of vegetation indices in all three phases. A 
correlation matrix was also constructed to assess 
the closeness of the relationship between actual 
yield and NDVI vegetation indices. The maximum 
coefficient was obtained at the germination phase, 
R=0.94 with a minimum significance coefficient 
p=0.018.

The approach used in this study can be 
useful in the analysis of satellite data, as it 
can improve the sensitivity of the constellation 
procedure. From a practical point of view, the 
results obtained make it possible to assess the 
condition of agricultural crops in the early stages 
of the growing season, which makes it possible to 
improve their productivity based on the results of 
cluster analysis

Keywords: NVDI, vegetation index, cluster 
analysis, k-means algorithm, remote sensing data

UDC 004.89

DOI: 10.15587/1729-4061.2023.290129

How to Cite: Mimenbayeva, A., Artykbayev, S., Suleimenova, R., Abdygalikova, G., Naizagarayeva, A., Ismailova, A. 

(2023). Determination of the number of clusters of normalized vegetation indices using the k-means algorithm. Eastern-Eu-

ropean Journal of Enterprise Technologies, 5 (2 (125)), 42–55. doi: https://doi.org/10.15587/1729-4061.2023.290129

Received date 14.08.2023

Accepted date 23.10.2023

Published date 30.10.2023

Copyright © 2023, Authors. This is an open access article under the Creative Commons CC BY license

1. Introduction

The use of information technology to monitor crop 
yields provides enhanced opportunities for solving modern 
precision farming problems. Crop yields can be effectively 
planned using digital agriculture technology to monitor 
field productivity based on satellite imagery. The experience 
of the leading countries of the world shows the high efficien-
cy of the use of information technologies in digitalization 
and automation of production, which make it possible to 
optimally use satellite data in agriculture [1].

One of the promising areas in the field of precision agri-
culture is the use of geographic information systems, which 
make it possible to analyze satellite data and create vege-
tation maps that display the level of vegetation in different 
areas. Such maps allow to track the condition of crops at 
various levels, from regional to national levels. This makes 
it possible for agricultural organizations, government agen-
cies and scientific researchers to monitor the condition and 
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comprehensively analyze the advantages and disad-
vantages in a particular environment.

The authors of [6] conducted a cluster analysis 
of the state of plants according to the time of their 
development according to different vegetation indi-
ces. Having studied the above indices in the condi-
tions of the Ladoga lowland plain, the authors came 
to the conclusion that the most informative vegeta-
tion index for assessing the condition of vegetating 
meadow grasses is NDVI. Also, in work [7] various 

vegetation indices are considered in detail; the authors em-
phasized that when choosing vegetation indices for satellite 
data studies, the seasonal ecological and climatic indicators 
of the study area should be taken into account.

Taking into account the results of works [5–7], it can 
be argued that the most informative vegetation index is the 
NDVI coefficient, which most accurately reflects the state of 
vegetation in different phenological phases.

Of interest are studies using remote sensing data of the 
earth in the form of satellite images, in which cluster analysis 
methods are applied, including the k-means method.

A study conducted by the authors of [8] provided a de-
tailed review of big data clustering methods, including the 
K-Means algorithm, FCM algorithm, Expectation maximi-
zation algorithm, and BIRCH. The authors noted that the 
most rational approach may be to combine a number of these 
methods, which makes it possible to take advantage of the 
benefits that a particular method offers. Despite the theo-
retical review, the work is not supported by experimental 
data, which in turn would make it possible to draw a logical 
conclusion based on actual data.

In work [9], cluster analysis of NDVI vegetation index 
profiles over several years was used to assess the condition 
of arable fields in the East Kazakhstan region. The authors 
have developed their own software module in Python, 
which calculates and groups NDVI coefficients into several 
fields using the k-means method. The research results were 
visually presented and analyzed by specific clusters in the 
years studied. In accordance with the results obtained, basic 
descriptive statistics were calculated for each cluster. The 
advantage of this study is the individuality of the solution, 
but the disadvantage is the calculation of descriptive NDVI 
statistics after the clustering stage, which reduces the opti-
mization of the use of the given software module.

The work [10] presents a review of classical image clus-
tering methods from the point of view of statistical pattern 
recognition. A taxonomy of clustering methods is presented 
and cross-cutting themes and recent advances in the field are 
identified. The disadvantage of work [10] is that it does not 
take into account the features of image clustering, since such 
a task cannot be classified as an uncontrolled classification 
of patterns into groups.

In [11], a semantic image clustering algorithm was 
proposed to obtain a dataset with grouped images. The 
disadvantage of this method is the loss of information, since 
any other image belonging to the cluster can be used as a 
representative image.

The authors of [12], using the k-means algorithm, exper-
imentally demonstrated the determination of the number 
of clusters in images of space optical-electronic observation 
systems. The disadvantage of the work is that the assessment 
of the state of crops using the clustering procedure is based 
only on the applied aspect of the k-means method; the work 

Calculation of normalized NDVI coefficients in geosys-
tems is performed using a raster calculator using pre-loaded 
data from the field under study. Analysis and processing of 
vegetation indices over several years provides the necessary 
information for the formation of a protection system and 
fertilizer standards, yield forecast in combination with other 
factors [3].

Based on the above, it can be emphasized that the search 
and optimization of methods for analyzing the state of agri-
cultural crops using new information technologies is a sci-
entifically relevant area that allows to achieve qualitatively 
new results in the field of precision agriculture in a number 
of Asian countries, including Kazakhstan.

In this regard, it is necessary to note one of the most pop-
ular and promising areas in the IT industry – data analytics 
and the use of machine learning algorithms. By analyzing 
remote sensing data, machine learning algorithms can iden-
tify patterns and make predictions that can help farmers 
optimize their operations and improve yields. The use of 
machine learning algorithms makes it possible to optimize 
the process of monitoring and analyzing weather, soil and 
crop data to obtain accurate forecasts and recommendations.

It is also necessary to emphasize that at present, general 
methods and methods for assessing the productivity of agri-
cultural crops using remote sensing data have not yet been 
fully developed [4].

Thus, the analysis and processing of the states of agricul-
tural crops using machine learning methods is a current sci-
entific and applied direction that makes it possible to achieve 
qualitatively new results in the field of precision agriculture 
in a number of Asian countries, including Kazakhstan.

2. Literature review and problem statement

The use of effective methods and technologies in agricul-
ture, such as data analytics and the use of machine learning 
techniques, opens up new opportunities in precision agricul-
ture. Increasing yields and reducing crop losses through the 
use of effective machine learning methods helps determine 
the optimal time and place of sowing, watering, fertilizing 
and harvesting, which in turn allows agricultural producers 
to obtain more products and increase their income.

Various vegetation indices are used to analyze and pro-
cess remote sensing data obtained from satellites.

[5] studied various vegetation indices, such as the Atmo-
spheric Resistant Vegetation Index (ARVI), Soil Adjusted 
Vegetation Index (SAVI), Green Difference Vegetation 
Index (GDVI), Green Normalized Difference Vegetation 
Index (GNDVI), Enhanced Vegetation Index (EVI). As a 
result of studies conducted in different agrometeorological 
conditions, the authors came to the conclusion that before 
practically applying the vegetation index, it is necessary to 
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Fig. 1. Scale of ranges of normalized vegetation NDVI indices 
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does not consider the features of the space optical-electronic 
observation system, unlike other objects.

Research conducted by the authors of [13] showed the 
effectiveness of the hybrid k-means method in the field of 
precision agriculture for assessing the productivity of agri-
cultural crops. These studies provide a qualitative analysis of 
modern clustering methods and note that to identify outliers 
and define clusters, it is preferable to use cross-clustering 
methods that combine the best aspects of several clustering 
algorithms. Despite this, the study [13] has some shortcom-
ings related to the choice of dataset for clustering. In this 
work, for the practical application of clustering, 2 completely 
different sets of data in different areas were selected. The 
first data set describes statistics on population, urban areas, 
and arrests per 100,000 residents for various types of crimes 
in USA in 1973. The second data set consists of wheat pro-
duction statistics in various districts of Karnataka from 
2009 to 2016. Clustering does not take into account the 
individual characteristics of the data sets under consider-
ation, which does not justify the result obtained using hybrid 
clustering methods.

The authors of [14] applied the clustering procedure 
using the k-means method to general data on the yield of 
various agricultural crops from 1991-2002. on the territory 
of India. The disadvantage of the work is that clustering was 
carried out not only for agricultural crops, but also different 
types of plants were considered, such as vegetable crops, 
flowers and aromatic crops, plantation crops. It is worth 
noting that the yield depends on many factors: the types of 
crops, individual development phases, etc. In this regard, it 
is not advisable to compare the yield of certain crops over 
the years, because in different years, the predecessors can be 
different crops, and this directly affects the quality of the soil 
and, ultimately, the yield.  

Having reviewed existing clustering methods, it can be 
noted that many studies in this area emphasize the effec-
tiveness and ease of application of the k-means method from 
unsupervised learning methods. However, in these studies, 
clustering was carried out under general conditions, mostly 
the clustering results were not confirmed with actual data 
on crop productivity. It is worth noting that each type of 
individual crop has its own characteristics depending on 
the phenological phase of development. Therefore, when 
using machine learning methods, the effectiveness of the 
result obtained lies not only in the advantage of the selected 
algorithm, but in the choice of key parameters for cluster 
analysis.

In this regard, it is possible to note the work of the 
authors [15], who applied k-means machine learning meth-
ods and Ward’s method, choosing three vegetation indices 
NDVI, OSAVI and SAVI and their descriptive statistics 
at different stages of the growing season as key clustering 
parameters. The authors collected Marche Region satellite 
data from seven durum wheat varieties to determine the 
dynamics of yield components using cluster analysis. Let’s 
also examine in detail the problem of clustering at the stages 
of germination, tillering and flowering of durum wheat vari-
eties and determined the areas of clusters with homogeneous 
values of vegetation indices. However, this work does not 
take into account the individual characteristics of vegeta-
tion indices regarding their use in the development phases of 
winter wheat. It is worth emphasizing that the soil-corrected 
vegetation index SAVI and the optimized soil vegetation in-

dex OSAVI – created to minimize soil brightness – are used 
preferably for the analysis of crops in the early stages, as well 
as for monitoring arid areas with low vegetation density and 
in open areas of land [5].

Therefore, using the vegetation indices NDVI, OSAVI 
and SAVI as the main factors to assess yields in all three 
phases of crop development may produce some incorrect 
results when applying the algorithm.

To summarize, it should be noted that the effectiveness of 
applying machine learning methods, including the k-means 
clustering method to remote data, requires a detailed ap-
proach, and in the case of choosing vegetation indices as key 
factors, it is necessary to take into account the individual 
characteristics of each vegetation index and development 
phase agricultural crops. It should also be noted that the 
literature review highlights the effectiveness and simplicity 
of the clustering algorithm for use in precision agriculture, 
including the analysis of NDVI coefficients for increasing 
crop yields.

3. The aim and objectives of the study

The aim of this study is to determine the number of clus-
ters of spring wheat vegetation indices based on the k-means 
method in the conditions of the North Kazakhstan region 
during the growing season of 2022.

To achieve the aim, the following objectives were set:
– prepare the appropriate data array from 25.05.2022  

to 25.07.2022 in the form of vegetation indices NDVI,  
OSAVI, NDMI, ReCI and NDRE on the territory of the 
North Kazakhstan region in the context of five districts;

– perform clustering by vegetation indices NDVI,  
OSAVI, NDMI, ReCI and NDRE, taking into account the 
individual characteristics of each index using the k-means 
method in the phases of tillering, flowering and ripening;

– evaluate the results obtained using the correlation 
matrix and the significance level of the selected param-
eters.

4. Materials and methods of research

To monitor and analyze the productivity of spring 
wheat in the North Kazakhstan region, the vegetation in-
dices NDVI, OSAVI, NDMI, ReCI and NDRE, obtained 
by interpreting high-resolution multispectral satellite 
images of Landsat 8 for the growing season of 2022, were 
selected as research objects. To process satellite images, 
the EOS Data analytics geographic information system 
with the Time Series Analysis, Spatial Analysis module 
was used.

The research hypothesis is that the use of vegetation 
indices taking into account individual characteristics in the 
phenological phases of crop development will help improve 
the efficiency of clustering results for monitoring and assess-
ing the productivity of agricultural crops.

In order to structure the obtained remote data, a cluster 
analysis multivariate statistical procedure was used. Cluster 
analysis was performed in the Cluster Analysis module in 
the STATISTICA software package. When constructing 
dendrograms, the standardization procedure, the hierarchi-
cal tree method and the k-means method were used.
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K-means method. The k-means method is one of the 
methods of statistical analysis, the purpose of which is to 
partition given observations from the vector space Rn into 
a finite number of clusters. The distance between clusters is 
calculated by the Euclidean formula:

( ) ( )2

1

, ,
n

p p
p

p x y x y x y
=

= − = −∑ 		 (2)

where x, y∈Rn.
Let (1) (2) (3) ( )( , , ,..., )m nx x x x R∈ be a series of given obser-

vations. The k-means method splits a given m observations 
into (1) (2) (3) ( )( , , ,..., )m nx x x x R∈ clusters, minimizing the sum 
of squared distances from each cluster point to its cluster 
center µi∈Rn:

( )
( ) 2

1
min ,j

k j
ii x

x
=

 − µ  ∑ ∑  		   (3)

where i=1,…,k; j=1,…, m. 
The following diagram illustrates the algorithm for im-

plementing the k-means method (Fig. 3).

Hierarchical Clustering Algorithm. 
This procedure allows to identify a set 
of objects characterized by a certain 
degree of connectivity. At the initial 
stage, each object is considered as a 
separate cluster, in the process of clus-
tering in a hierarchical way, relative-
ly homogeneous groups of objects are 
combined into a separate cluster, the 
procedure continues until only one re-
mains. The distance between clusters 
U and V can be determined using one 
of the formulas given in Table 1.

There are two main types of hierar-
chical clustering approaches: agglom-
erative and divisive clustering.

In agglomerative methods, new 
clusters are created by sequentially 
combining individual objects or their 
groups into larger subsets, thus creating 
a hierarchical tree from leaves to trunk.

Table 1

Formulas for determining the distance between clusters

1 Single linkage method ( ) ( ){ }min , min , : ,R U V d u v u U v V= ∈ ∈

2
Complete linkage 

method
( ) ( ){ }max , max , : ,R U V d u v u U v V= ∈ ∈

3
Unweighted pair 

group method with 
arithmetic mean

( ) ( )1
, ,avg

u U v V

R U V d u v
U V ∈ ∈

=
⋅ ∑∑

4

Unweighted pair 
group method with 
centroid arithmetic 

average

( ) 2, ,с
u U u U

u v
R U V p

U V∈ ∈

 
=   ⋅ 

∑ ∑

5 Ward’s method ( ) 2, ,ward
u U u U

U V u v
R U V p

U V U V∈ ∈

 ⋅
=   + ⋅ 

∑ ∑

Note: d(u,v) – distance between objects u, v belonging to clusters U 
and V, respectively

Divisional methods use the reverse process in 
which new clusters are created by splitting larger 
clusters into smaller ones, thus creating a tree from 
the root to the leaves. The resulting tree structure of 
objects of a given array, constructed from a matrix 
of proximity measures, is called a dendogram. Fig. 4 
demonstrates the main steps of the groups of cluster-
ing types described above [17].

Correlation analysis. Correlation allows to de-
termine how much the considered system parame-
ters are interrelated with each other. If there is a cor-
relation between them, then it is possible to predict 
the values of one quantity based on the values of the 
other. The correlation may be positive, negative, or 
absent. A positive correlation means that as the val-
ues of one quantity increase, the values of the other 
quantity also increase. A negative correlation, on the 
contrary, indicates that as the values of one quantity 
increase, the values of another quantity decrease. In 
the absence of correlation, changing the values of 
one quantity does not in any way affect the values of 
another quantity.

 

 
 

  Fig. 2. Territory of the North Kazakhstan region

 

 
  

1. Select the number of 
clusters, k

2. Select k random values

3. Create k clusters

4. Calculate new centroid of 
each cluster

5. Assess the quality of each cluster

6. Repeat steps 3-5

7. Stop the algorithm if the same set of 
observations remains in each cluster at each 

iteration

Fig. 3. Algorithm of the cluster analysis method – k-means



Eastern-European Journal of Enterprise Technologies ISSN 1729-3774	 5/2 ( 125 ) 2023

46

One way to quantify this relationship is to use the 
Pearson correlation coefficient (R), which is a measure of 
the linear relationship between two variables. The value of 
the correlation coefficient can range from –1 to 1. A value 
close to 1 indicates a strong positive correlation, one close  
to –1 indicates a strong negative correlation, and a value 
close to 0 indicates no correlation.

In correlation analysis, P-value is used as a measure 
of the statistical significance of the results and to assess 
the reliability of statistical conclusions. It shows the prob-
ability of obtaining the observed data or more extreme 
results, given that the null hypothesis (usually that there 
is no effect or no difference between groups) is true.

If the P-value is very small (usually less than a spec-
ified significance level, such as 0.05), it indicates that 
the observed data are unlikely to be true given the null 
hypothesis. In this case, it is possible to reject the null 
hypothesis in favor of the alternative hypothesis, which 
suggests there is an effect or difference between groups.

Vegetation indices. The vegetation index allows to 
assess the health of vegetation, the degree of its develop-
ment, and physiological state.

Normalized vegetation index NDVI. This index allows 
to track changes in vegetation cover, identify zones of soil 
degradation and assess the state of ecosystems. NDVI 
can also be used to analyze agricultural land to deter-
mine its potential for growth and yield. For example, low 
NDVI values may indicate soil problems or pests in the 
fields. Using NDVI in combination with other data, such 
as weather or soil data, can help agronomists and scien-
tists make decisions about vegetation management and 
agricultural production. NDVI is widely used in various 
fields including ecology, forestry, agriculture, hydrology 
and geology. Its use continues to evolve with the devel-
opment of new technologies for surveying and processing 
satellite data.

Modified Soil Vegetation Index (MSAVI). The MSA-
VI vegetation index calculation method is based on the 
spectral features of two image bands: red and near-in-
frared. It uses information about alkaline soil cover, 
which contains less chlorophyll, which helps reduce the 

influence of soil noise and improves the accuracy of land 
cover data. The basic principle of MSAVI is to account for 
variation in the ratio of plant chlorophyll to other compo-
nents of the plant canopy. This allows to more accurately 
determine the presence and intensity of vegetation, even 
with a low level of vegetation cover. Thus, the MSAVI 
index is a useful tool for monitoring and studying vege-
tation, especially under conditions where NDVI cannot 
provide sufficiently accurate data, for example, in the case 
of low chlorophyll content or insufficient vegetation. It 
can also be used to monitor vegetation in the early stag-
es of development, when the vegetation cover is not yet 
sufficiently developed, i.e. during the period of seedling  
formation.

Normalized Differential Red Edge Index (NDRE). 
The NDRE vegetation index is used to determine the ma-
turity of crop plants, as well as to assess the overall health 
of vegetation and determine the level of plant stress. 
NDRE can also be useful in studying the relationship 
between crop yield levels and land cover. This vegetation 
index is often used in agronomy and environmental stud-
ies at the stage of crop maturation. An NDRE value closer 
to 1.0 indicates higher foliar nitrogen content, which may 
indicate the need to reduce fertilizer applications. An 
NDRE value closer to -1.0 indicates lower foliar nitrogen 
content, which may indicate the need for increased fertil-
ization. In this way, NDRE can help the user make more 
informed decisions regarding fertilizers and optimize 
their use in the field.

Vegetation photosynthetic activity index (ReCI). 
This index is an indicator that is used to assess the 
amount of chlorophyll in plant leaves. It can also be used 
to assess the active growth phase of plants. ReCI is based 
on the spectral characteristics of land cover, which are 
reflected in spectral data obtained from Earth remote 
sensing. This index uses information about the absorption 
and reflection of light in different wavelength ranges to 
determine the amount of chlorophyll in plant leaves. The 
higher the ReCI value, the greener and more actively 
growing the plants. Low ReCI values may indicate a lack 
of chlorophyll or the presence of stressful conditions such 
as drought or disease. ReCI is a useful tool for monitoring 
vegetation conditions and assessing vegetation health. It 
can be used in various fields such as agriculture, ecology 
and forestry to assess crop yields, determine the degree of 
greenness and detect plant diseases.

The Normalized Difference Moisture Index (NDMI) 
is an index that is used to determine the moisture content 
of plants based on the difference in spectral ranges in the 
near-infrared (NIR) and short-wave infrared (SWIR) 
bands. This index is a reliable indicator of moisture 
deficiency in agricultural crops. The more negative the 
NDMI value, the more pronounced the moisture deficit in 
plants. High NDMI values indicate good moisture levels 
in plants.

NDMI is a useful tool for assessing moisture defi-
ciency and identifying low moisture zones in crops. It 
can be used to monitor crops and make watering deci-
sions to prevent potential plant damage due to moisture  
deficiency.

Table 2 shows the mathematical description and scale 
of values of the vegetation indices NDVI, MSAVI, NDRE, 
ReCI and NDWI.

 

 
  

Fig. 4. Dendogram of agglomerative and  
separative clustering
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Table 2

Formula and brief description of vegetation indices NDVI, MSAVI, NDRE , ReCI, NDMI

VI Mathematical formula Value scale Source

NDVI

( )
( )

NIR RED

NIR RED

NDVI ,
P P

P P

−
=

+
  

where PNIR – NIR band,  
PRED – RED band

[2]

MSAVI

( )
( )( )

NIR RED

NIR RED

MSAVI ,
1

P P

P P L L

−
=

+ + +

where PNIR – NIR band,  
PRED – RED band, L=1–2∙S∙NDVI∙WDVI

[3]

NDRE

( )
( )

NIR RE

NIR RE

MSAVI ,
P P

P P

−
=

+

where PNIR – NIR band,  
PRE – RED EDGE band

[2, 3]

ReCI NIR

RE

ReCl 1
P
P

= − [2, 3]

NDMI
( )
( )

NIR SWIR1

NIR SWIR1

NDMI
P P

P P

−
=

+ [1]



Eastern-European Journal of Enterprise Technologies ISSN 1729-3774	 5/2 ( 125 ) 2023

48

5. Results of studies on the use of vegetation indices in 
the development phases of spring wheat for monitoring 

and assessing crop productivity

5. 1. Preparation of data sets of vegetation indices 
NDVI, OSAVI, NDMI, ReCI and NDRE and their statis-
tical indicators

As part of this study, a total of 52 observations, 156 im-
ages in three phases of the spring wheat growing season 
were downloaded and digitized using Landsat 8 and Senti-

tel 2  atellite channels using a raster calculator in the EOS 
Land Viewer system. For cluster analysis of remote sensing 
data using the k-means method, digitized satellite images 
from May 28, 2022 were used. until July 27, 2022 in the form 
of vegetation indices NDVI, NDVI, OSAVI, NDWI, ReCI 
and NDRE and their statistical indicators of spring wheat in 
the North Kazakhstan region. The normalized vegetation in-
dex NDVI was chosen as the main indicator for the research. 
The time series of spring wheat NDVI, MSAVI, NDRE coef-
ficients for the study period is illustrated in Fig. 5.

 

   

 

   

 

  

a

b

c

Fig. 5. Analysis of time series of vegetation coefficients of spring wheat in the North Kazakhstan region:  
a – NDVI; b – MSAVI; c – NDRE
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In the cluster analysis, the following coefficients were 
included in the basis of groupings throughout the entire 
array, in parallel with the values of the NDVI vegetation 
indices: standard deviation (Std) – standard deviation, vari-
ance – dispersion, Q1 – lower quartile, Q3 – upper quartile,  
P10 – low percentile, P90 – higher percentile, median – 
median, scene_id – the scene’s identifier, view_id – view’s 
identifier.

5. 2. Cluster data analysis using the k-means method
At the first stage of the clustering procedure, in order 

to bring all values of vegetation indices to a single range of 
values, a standardization procedure was carried out. Next, 
using the hierarchical tree method, a dendogram was 
constructed (Fig. 6). Based on the resulting dendogram, 
it was determined that the data can be divided into three 
clusters: C1–C6; C7–C37; C38–C53. Therefore, the main 
hypothesis further was that there were three clusters of 
data. Cluster analysis was carried out using the k-means 
method and stable 3 clusters were obtained in one itera-
tion. In order to assess the stability of these clusters, the 
method of variance analysis was used. As a result, it was 
revealed that for all considered variables the significance 
values p=0.00<0.05, i.e. the clusters under consideration 
are well separable and each variable that we entered into 
the analysis is important for constructing these clusters. 
Fig. 7 illustrates the clusters for NDVI coefficients and 
statistical characteristics.

Fig. 6 demonstrates the result of cluster analysis of vege-
tation indices in the North Kazakhstan region.

Based on the above operations, 3 observational clusters 
were obtained based on satellite data obtained during the 
growing season (Table 3).

Using the results of cluster analysis, at each harvest 
stage, cluster areas were identified in which the values of 
vegetation indices were homogeneous. This allows for a 
more detailed study and comparison of the characteristics of 
different clusters at each stage of the agricultural cycle. This 
approach to satellite data analysis allows for more accurate 
determination of changes in vegetation and agricultural ac-
tivity at different stages of the harvest. This can be useful for 
planning and optimizing agricultural processes and solving 
various problems related to yield and vegetation character-
istics in certain regions:

1. Cluster analysis in the germination phase of spring wheat
A map of clusters compiled on the basis of the NDVI, 

MSAVI and NDMI indices taken from seedlings is present-
ed in Fig. 4. 3 clusters were identified, the highest values are 
represented by cluster 1. The median value, standard devi-
ation and analysis of variance of the data from each cluster 
are presented in Table 3. Average NDVI values ranged from 
0.58 to 0.78 for cluster I, from 0.15 to 0.28 for cluster II, from 
0.4 to 0.66 for cluster III.

In the germination phase of the first cluster, the highest 
NDVImax=0.78 is observed in the Mamlyut and Kyzylzhar 
regions, which is confirmed by the high coefficient of the mod-
ified adjusted soil index MSAVI in these regions. Accordingly, 
in these areas in the germination phase, a high degree of soil 
moisture is observed, which is explained by the high values of 
the normalized difference moisture index NDMI (Fig. 8).

 

 
  

Fig. 6. Result of cluster analysis using Euclidean distance
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Maps of vegetation indices at the germination phase of 
spring wheat in five districts of the North Kazakhstan region 
are shown in Fig. 6.

2. Cluster analysis in the spring wheat tillering phase.
The map of clusters, compiled on the basis of NDVI, ReCI 

and NDWI indices taken from seedlings, is presented in Fig. 7. 
3 clusters were identified, the highest values are represented by 
cluster 1. The average values of NDVI varied from 0.22 to 0.79 

for cluster I, from 0.06 to 0, 52 for cluster II, that is 0.07 to 
0.67 for cluster III.

In the spring wheat tillering period, the max-
imum value of the normalized vegetation index  
NDVImax=0.79 was obtained in the Kyzylzhar district. 
High NDVI values are also observed in the Mamly-
utsky and Akkainsky districts.

The maximum value of the normalized vegetation 
index NDVI characterizes the intensity of vegetation 
growth, including agricultural crops. The higher the ND-
VImax value, the “greener” the vegetation. And also, for a 
more detailed analysis of the state of spring wheat in the 
tillering phase, it is possible to conduct an additional study 
on the vegetation indices ReCI and NDMI. The ReCI in-
dex shows the amount of chlorophyll in leaves in the active 
phase of the growing season [2]. On the satellite images of 
the Kyzylzharsky, Mamlyutsky and Akkainsky districts, 

a large percentage of vegetation with a high content of chloro-
phyll is observed (Fig. 9). In Chagly and Ayyrtausky districts, 
the content of chlorophyll in crops during the tillering period is 
very low. In the Kyzylzharsky district, the moisture content of 
agricultural crops is also observed to be high.

Maps of vegetation indices at the tillering phase of spring 
wheat in five districts of the North Kazakhstan region are 
shown in Fig. 8.

Table 3

Distribution of NDVI coefficients in the germination phase by 
clusters in the context of regions of the North Kazakhstan region

NDVI germination

Region I cluster II cluster III cluster

Chaghly
53.92 ha/10.52 %; 

average NDVI: 0.69
293.33 ha/57.25 %; 
average NDVI: 0.26

165.15 ha/32.23 %; 
average NDVI: 0.4

Ayyrtausky
104.35 ha/20.33 %; 
average NDVI: 0.58

106.76 ha/20.80 %; 
average NDVI: 0.15

302.13 ha/58.87 %; 
average NDVI: 0.4

Kyzylzharsky
174.2 ha/33.98 %; 

average NDVI: 0.78
130.59 ha/25.47 %; 
average NDVI: 0.5

207.85 ha/40.54 %; 
average NDVI: 0.66

Akkayinsky
125.58 ha/24.48 %; 
average NDVI: 0.76

80.42 ha/15.67 %; 
average NDVI: 0.17

307.07 ha/59.85 %; 
average NDVI: 0.38

Mamlyutsky
139.88 ha/27.25 %; 
average NDVI: 0.78

123.28 ha/24.02 %; 
average NDVI: 0.28

250.08 ha/48.73 %; 
average NDVI: 0.56

Germination phase
Region NDVI MSAVI NDMI 
Chaghly 

Ayyrtausky 

Kyzylzharsky 

Akkayinsky 

Mamlyutsky 

Fig. 7. Maps of vegetation indices NDVI, MSAVI, VDMI during the germination phase of spring wheat

Tillering phase
Region NDVI RECI NDMI 
Chaghly 

Ayyrtausky 

Kyzylzharsky 

Akkayinsky 

Mamlyutsky 

Fig. 8. Maps of vegetation indices in the spring wheat tillering phase
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3. Cluster analysis in the ripening phase of spring wheat 
ripening.

The map of clusters, compiled on the basis of NDVI, 
NDRE and NDWI indices taken from seedlings, is present-
ed in Fig. 10. 3 clusters were identified, the highest values 
were represented by cluster 1. Average NDVI 
values varied from 0.64 to 0.80 for cluster I, 
from 0.43 to 0.68 for cluster II, from 0.15 to 
0.53 for cluster III. The maximum NDVI coef-
ficient was obtained in the Mamlyutsky district 
NDVImax=0.80. Also, high NDVI values were 
observed in the Akkayinsky and Kyzylzharsky 
districts. Accordingly, let’s investigate the nor-
malized differential Red Edge indices in the rip-
ening phase of spring wheat. This index is used 
at the stage of ripening of agricultural crops, the 
maximum value of NDRE shows a high nitrogen 
content in the leaves of the crop.

In the Mamlyutsky district, coefficient 
values of 0.65<NDREmax<0.75 occupied 
45 % of the field with dense vegetation and 
0.25<NDREmin<0.45, which revealed 55 % of 
the field with sparse vegetation. Accordingly, 

in order to obtain a good harvest in this region, 
it is recommended to increase the amount of 
mineral fertilizers during the ripening phase of 
spring wheat.

Maps of vegetation indices during the rip-
ening phase of spring wheat in five districts 
of the North Kazakhstan region are shown 
in Fig. 9.

The normalized humidity index NDMI 
shows values higher than average in Kyzylz-
harsky and Mamlyutsky districts. In the Cha-
gly and Ayyrtausky districts, the vegetation 
moisture indicator shows a moisture deficit 
in the crops. Accordingly, in the latter, the 
quantity and quality of agricultural crops is 
the smallest.

This table demonstrates the values of vegeta-
tion indices and their descriptive statistics NDVI 
in three phenological phases of spring wheat de-
velopment (Table 6).

Fig. 10 illustrates maps of vegetation indices of five 
districts of North Kazakhstan after the clustering pro-
cedure.

Table 4

Distribution of NDVI coefficients during the tillering phase by clusters 
across the regions of the North Kazakhstan region

NDVI tillering

Region I cluster II cluster III cluster 2

Chaghly
13.62 ha/2.66 %; 

average NDVI: 0.22
47 ha/9.17 %; 

average NDVI: 0.07
451.77 ha/88.17 %; 
average NDVI: 0.06

Ayyrtausky
125.56 ha/24.47 %; 
average NDVI: 0.6

295.53 ha/57.58 %; 
average NDVI: 0.41

92.14 ha/17.95 %; 
average NDVI: 0.13

Kyzylzharsky
186.21 ha/36.32 %; 
average NDVI: 0.79

228.42 ha/44.56 %; 
average NDVI: 0.67

98.01 ha/19.12 %; 
average NDVI: 0.52

Akkayinsky
105.62 ha/20.59 %; 
average NDVI: 0.76

107.57 ha/20.97 %; 
average NDVI: 0.47

299.87 ha/58.45 %; 
average NDVI: 0.3

Mamlyutsky
196.63 ha/38.31 %; 
average NDVI: 0.75

228.87 ha/44.59 %; 
average NDVI: 0.56

87.73 ha/17.09 %; 
average NDVI: 0.37

Table 5

Distribution of NDVI coefficients in the ripening phase by clusters in the 
section of the regions of the North Kazakhstan region

NDVI ripening

Region I cluster II cluster III cluster 2

Chaghly
49.42 ha/9.64 %; 

Average NDVI: 0.68
119.7 ha/23.36 %; 

Average NDVI: 0.43
343.28 ha/66.99 %; 
Average NDVI: 0.27

Ayyrtausky
186.59 ha/36.36 %; 
Average NDVI: 0.64

240.7 ha/46.90 %; 
Average NDVI: 0.45

85.95 ha/16.75 %; 
Average NDVI: 0.15

Kyzylz-
harsky

225.43 ha/43.97 %; 
Average NDVI: 0.75

223.06 ha/43.51 %; 
Average NDVI: 0.64

64.15 ha/12.51 %; 
Average NDVI: 0.5

Akkayinsky
103.29 ha/20.13 %; 
Average NDVI: 0.76

143.45 ha/27.96 %; 
Average NDVI: 0.52

266.32 ha/51.91 %; 
Average NDVI: 0.29

Mamlyutsky
171.56 ha/33.43 %; 
Average NDVI: 0.8

194.02 ha/37.80 %; 
Average NDVI: 0.68

147.65 ha/28.77 %; 
Average NDVI: 0.53

Ripening phase
Region NDVI NDRE NDMI 

Chaghly 

Ayyrtausky 

Kyzylzharsky 

Akkayinsky 

Mamlyutsky 

Fig. 9. Maps of vegetation indices during the ripening phase of spring wheat
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5. 3. Evaluation of the obtained clustering results 
using the correlation matrix and the level of signifi-
cance of the parameters

Table 7 shows the values of vegetation coefficients and 
yield of spring wheat in the germination, tillering and rip-
ening phases. Using these data for 2021–2022 in the regions 
of the North Kazakhstan region, a correlation matrix was 
constructed and p-values were calculated (Fig. 11).

Table 7

The yield of spring wheat in the North Kazakhstan region 
in three vegetation phases by region for 2021–2022

Region NDVIgerm NDVItill NDVImatur
Cwheat_yield, 

c/ha

Chaghly 0.69 0.22 0.68 17.5

Ayyrtausky 0.58 0.6 0.64 16

Kyzylzharsky 0.78 0.79 0.75 18.5

Akkayinsky 0.76 0.76 0.76 18

Mamlyutsky 0.78 0.75 0.8 17.68

The maximum Pearson correlation coefficient 
Rgerm=0.94 is reached in the germination phase with the 
optimal coefficient of significance p=0.018, which means 
that the yield of spring wheat in the North Kazakhstan 
region is 94% dependent on the maximum normalized 
vegetation index in the tillering phase (Table 8). The low-
est correlation coefficient Rtill=0.33 shows that the values 
of the normalized vegetation indices in the tillering phase 
NDVItill weakly correlate with the yield values of the 
North Kazakhstan region, i.e. the values of these indices 
in this phase do not determine the amount of spring wheat 
harvest in this region.

 
 Germination Tillering Ripening 
Chaghly 

   
Ayyrtausky 

   
Akkayinsky 

   

Kyzylzharsky 

  
Mamlyutsky 

   
 

  Fig. 10. Maps of vegetation indices after the clustering procedure

Table 6

Values of vegetation indices and their descriptive statistics  
of spring wheat

Region Date min max
aver-
age

std
vari-
ance

Ayyrtausky 11.07.2022 –0.3237 0.8427 0.5209 0.1549 0.024

Kyzylz-
harsky

14.07.2022 –0.3845 1 0.5298 0.2098 0.044

Akkayinsky 14.07.2022 –0.0013 0.824 0.4905 0.14 0.0196

Mamlyutsky 13.07.2022 –0.3866 0.8471 0.5819 0.2018 0.0407

Chaghly 14.07.2022 –0.4954 0.8504 0.3612 0.1169 0.0137

Region Date min max
aver-
age

std
vari-
ance

Ayyrtausky 14.06.2022 –0.3979 0.8578 0.4835 0.1958 0.0383

Kyzylz-
harsky

24.06.2022 –0.3969 1 0.4827 0.2061 0.0425

Akkayinsky 09.06.2022 –0.1532 0.8252 0.3446 0.1394 0.0194

Mamlyutsky 09.06.2022 –0.4501 0.8548 0.2515 0.0864 0.0075

Chaghly 23.06.2022 –0.2753 0.8192 0.2304 0.0411 0.0017

Region Date min max
aver-
age

std
vari-
ance

Ayyrtausky 06.06.2022 –0.3173 0.8408 0.4452 0.1996 0.0398

Kyzylz-
harsky

05.05.2022 –0.4286 0.8568 0.2112 0.1253 0.0157

Akkayinsky 09.06.2022 –0.1532 0.8252 0.3446 0.1394 0.0194

Mamlyutsky 08.05.2022 –0.3952 0.6581 0.1936 0.1592 0.0253

Chaghly 09.06.2022 –0.4501 0.8548 0.2515 0.0864 0.0075
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A Table 8 of Pearson correlation coefficients and p-value 
was constructed.

Table 8

Values of Pearson correlation coefficients and coefficient of 
significance in phenological phases of spring wheat  

for 2021–2022

Type of assessment Germination Tillering Ripening

Pearson’s correlation  
coefficient

0.94 0.33 0.76

p-value 0.018 0.589 0.140

6. Discussion of the results of the study of the number 
of clusters of normalized vegetation indices and their 

descriptive statistics

A feature of the study is the determination of the num-
ber of clusters of normalized vegetation indices, taking into 
account individual characteristics using the k-means algo-
rithm (Fig. 1).

On the basis of our research, a conceptual solution to the 
analysis of the composition of agricultural crops is proposed 
using the clustering of digitized remote sensing data of the 
North-Kazakhstan Agricultural Experiment Station, which 
are used to determine the quality of photosynthetically ac-
tive biomass of agricultural crops. Determining the number 
of clusters by the proposed method will make it possible, in 
comparison with studies [8–15], to calculate the most favor-
able cluster in the phenological phase for increasing the pro-
ductivity of spring wheat in the North Kazakhstan region.

The vegetation indices NDVI, NDRE, OSAVI, NDMI, 
and ReCI were selected as the main parameters for assessing 
the condition of spring wheat in three vegetation phases. 

The above-mentioned vegetation indices 
taking into account individual charac-
teristics made it possible, in comparison 
with studies [10–17], to obtain the most 
effective analysis of the fields of the North 
Kazakhstan region.

Having information about the coeffi-
cients of NDVI and its descriptive statistics 
with the help of digitized images of agri-
cultural crops, in the phase of flowering or 
ripening, it is possible to predict the amount 
of the harvest.

Usually, along with the value of the nor-
malized vegetation index, natural factors (nat-
ural soil fertility, weather), biological (organic 
fertilizers, seeds, hybrids), as well as organiza-
tional and technological factors (tillage, min-
eral fertilizers, meliorants, plant protection 
products). For the quantitative accounting 
of each influencing factor, it is necessary to 
periodically perform direct or indirect mea-
surements, which in some cases is a time-con-
suming process that is not easy to implement 
on the scale of industrial crop production. 
This explains the effectiveness of using cluster 
analysis with digitized satellite data in the 
form of normalized vegetation indices and 
their descriptive statistics, which can be easily 
obtained through open access geosystems.

The maximum correlation coefficient obtained during 
the experiment shows a positive, fairly close relationship be-
tween the vegetation index in the budding phase NDVIgerm 
and the yield value in the studied period.

The proposed solution for the application of the 
k-means clustering method to the normalized difference 
vegetation indices NDVI, NDRE, MSAVI, NDMI, ReCI 
can be an example of the analysis of various vegetation 
indices, such as the weather-resistant vegetation index 
(ARVI), the vegetation index with soil correction (SAVI), 
Green Difference Vegetation Index (GDVI), Green Nor-
malized Differential Vegetation Index (GNDVI), En-
hanced Vegetation Index (EVI), without resorting to 
downloading satellite images. Digitized values of satellite 
images in the form of various vegetation indices and their 
descriptive statistics can be obtained in the open access of 
such geoinformation services as EOS Land Viewer, Senti-
nel Hub, EO Browser.

It should be noted that the effectiveness of remote sens-
ing varies depending on the type of plants. Some varieties 
react more sensitively to changes in growing conditions and 
differ better in terms of vegetation indices, while other vari-
eties may be less sensitive to such changes.

The most productive areas of clustering were clearly 
identified on the basis of remote sensing data. The result of 
this study shows that vegetation indices, taking into account 
individual characteristics, can be used to identify areas with 
high yield potential and more effectively allocate resources 
and manage cultivation. However, at the harvest stage, 
the relationship between vegetation indices and agronomic 
components of yield becomes less significant due to a small 
difference between agronomic parameters. This may be due 
to the fact that at this stage other factors, such as mechanical 
harvesting and other types of tillage, play a more important 
role in the formation of the final harvest.

 
 

  Fig. 11. Correlation matrix between phenological phases of development and 
yield of spring wheat for 2021–2022
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However, it is necessary to take into account that the 
stage of growing plants and their varieties can significant-
ly affect the effectiveness of the application of vegetation 
indices.

On the basis of the conducted research, the expediency 
of using cluster analysis for the values of vegetation indices 
and its descriptive statistics for further use in forecasting 
productivity in the conditions of the North Kazakhstan 
region is substantiated.

In general, this study confirms the importance of using 
vegetation indices taking into account individual character-
istics regarding the phases of development of agricultural 
crops for quality and yield management. However, additional 
research and consideration of differences between varieties 
of agricultural crops are required to reduce the influence of 
territorial restrictions in the phases of development for more 
accurate forecasting of yield and optimization of cultivation 
processes.

The disadvantage of the study is that when applying 
the k-means algorithm, a fixed number of clusters is de-
termined at the initial stage, so the calculated calculation 
time was exceeded in the process. Thus, in order to reduce 
this shortcoming, the initial k clusters may first be chosen 
randomly, and the next k clusters were chosen in propor-
tion to the square of the distance from the nearest center 
using k-means.

The proposed solution of this research is applicable to 
different types of vegetation and vegetation indices, when 
determining the phenological phases of development. How-
ever, it is necessary to take into account the climate of the 
studied region, because the phases of plant development 
directly depend on agrometeorological conditions. Despite 
this, determining the number of clusters in this way makes 
it possible to determine the most favorable growing season 
for improving the productivity of plants and will strengthen 
biological and agro-technological measures that increase 
productivity in this phase of plants.

Further research can be directed to the development of 
clustering methods that allow to reduce the dependence of 
cluster definition on territorial conditions.

7. Conclusions

1. To implement continuous monitoring of the state 
of agricultural crops on the territory of the North Ka-
zakhstan Agricultural Research Station, a database of 
digitized high-resolution multispectral space images of 
Sentitel 2 and Landsat 8 for the growing season of 2022 

has been collected in the form of vegetation indices NDVI 
and their descriptive indices, as well as indices NDRE, 
OSAVI, ReCI, NDMI.

The graph of the time series analysis of the normalized 
vegetation indices NDVI of spring wheat in the North 
Kazakhstan region is demonstrated. The values of the co-
efficients of the linear trend and visual analysis show the 
phenological phases of the vegetative development of agri-
cultural crops. According to the graph, it is possible to trace 
the growth trend of spring wheat from the growing season to 
mid-summer, and then the trend of decline until the earing 
period.

2. Using the hierarchical tree method, a dendogram has 
been constructed, with the help of which the main clusters 
C1–C6 were determined; C7–C37; C38–C53. As a result 
of the application of the k-means method, all variables were 
divided into 3 clusters, the stability of which was assessed 
by the method of variance analysis. The coefficient of signif-
icance of each variable in clusters is p=0.00<0.05.

3. The values of the correlation matrix between the 
vegetation index NDVIgerm and the yield of spring wheat 
in the regions of the North Kazakhstan region have been 
calculated. The obtained results have been shown that 94 % 
of the maximum normalized vegetation indices positively 
correlate with spring wheat yield in the germination phase. 
Vegetation indices in the tillering phase showed the lowest 
correlation (33 %).

Clusters of vegetation indices in three phenological 
phases of spring wheat development in the regions of the 
North Kazakhstan region were also analyzed.
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