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The paper is devoted to the study and development of new algorithms for automatic grouping of objects. The 

algorithms can improve the accuracy and stability of the result of solving practical problems, such as the problems of 
identifying homogeneous batches of industrial products. The paper examines the application of the k-means algorithm 
with the Euclidean, Manhattan, Mahalanobis distance measures for the problem of automatic grouping of objects with 
a large number of parameters. A new model is presented for solving problems of automatic grouping of industrial 
products based on the k-means model with the Mahalanobis distance measure. The model uses a training procedure by 
calculating the averaged estimate of the covariance matrix for the training sample (sample with pre-labeled data). A 
new algorithm for automatic grouping of objects based on an optimization model of k-means with the Mahalanobis 
distance measure and a weighted average covariance matrix calculated from a training sample is proposed. The 
algorithm allows reducing the proportion of errors (increasing the Rand index) when identifying homogeneous 
production batches of products based on the results of tests. A new approach to the development of genetic algorithms 
for the k-means problem with the use of a single greedy agglomerative heuristic procedure as the crossover operator 
and the mutation operator is presented. The computational experiment has shown that the new mutation procedure is 
fast and efficient in comparison with the original mutation of the genetic algorithm. The high rate of convergence of the 
objective function is shown. The use of this algorithm allows a statistically significant increase both in the accuracy of 
the result (improving the achieved value of the objective function within the framework of the chosen mathematical 
model for solving the problem of automatic grouping), and in its stability, in a fixed time, in comparison with the known 
algorithms of automatic grouping. The results show that the idea of including a new mutation operator in the genetic 
algorithm significantly improves the results of the simplest genetic algorithm for the k-means problem. 
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Работа посвящена исследованию и разработке новых алгоритмов автоматической группировки объектов,  

которые позволяют повысить точность и стабильность результата решения практических задач, например,  
таких как задача выделения однородных партий промышленной продукции. В статье исследуется применение  
алгоритма k-средних с Евклидовым, Манхэттенским, Махаланобиса мерами расстояния для задачи автома- 
тической группировки объектов с большим количеством параметров. Представлена новая модель для решения  
задач автоматической группировки промышленной продукции на основе модели k-средних с мерой расстояния  
Махаланобиса. Данная модель использует процедуру обучения путем вычисления усредненной оценки ковариа- 
ционной матрицы для обучающей выборки (выборка с предварительно размеченными данными). Предложен  
новый алгоритм автоматической группировки объектов, основанный на оптимизационной модели k-средних  
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с мерой расстояния Махаланобиса и средневзвешенной ковариационной матрицей, рассчитанной по обучаю- 
щей выборке. Алгоритм позволяет снизить долю ошибок (повысить индекс Рэнда) при выявлении однородных  
производственных партий продукции по результатам тестовых испытаний. Представлен новый подход к раз- 
работке генетических алгоритмов для задачи k-средних с применением единой жадной агломеративной  
эвристической процедуры в качестве оператора скрещивания и оператора мутации. Вычислительный экспе- 
римент показал, что новая процедура мутации является быстрой и эффективной по сравнению с исходной  
мутацией генетического алгоритма, показана высокая скорость сходимости целевой функции. Применение  
данного алгоритма позволяет статистически значимо повысить точность результата (улучшить достигае- 
мое значение целевой функции в рамках выбранной математической модели решения задачи автоматической  
группировки), а также его стабильность за фиксированное время по сравнению с известными алгоритмами  
автоматической группировки. Результаты показывают, что идея включения нового оператора мутации  
в генетическом алгоритме значительно улучшает результаты простейшего генетического алгоритма  
для задачи k-средних. 

 
Ключевые слова: автоматическая группировка, k-средних, расстояние Махаланобиса, генетический алго-

ритм. 
 
Introduction. Automatic grouping (AG) involves di-

viding a set of objects into subsets (groups) so that objects 
from one subset are more similar to each other than to 
objects from other subsets according to some criterion. 
General characteristics of the object and the methods by 
which the division took place are taken into account in the 
process of grouping objects of a certain set into certain 
groups (subsets). 

To exclude the emergence of unreliable electrical ra-
dio products intended for installation in the on-board 
equipment of a spacecraft with a long period of active 
existence, the entire electronic component base passes 
through specialized technical test centers [1; 2]. These 
centers perform operations of full incoming inspection of 
electrical radio products, additional verification tests, di-
agnostic non-destructive testing and selective destructive 
physical analysis. Detection of initial homogeneous pro-
duction batches of electrical radio products from shipped 
batches is an important stage during testing [1]. 

The k-means model is one of the best known cluster 
analysis models. The goal is to find k points (centers)  
X1, …, Xk in d-dimensional space, such that the sum  
of the squared distances from known points (data vectors) 
A1, …, AN to the nearest of the required points (centers) 
reaches a minimum [3]: 

 

2

1 1 {1, }
arg min ( ,..., ) min .

N
k j ii j k

F X X X A
 

        (1) 

 

Initially it is necessary to predict the number of groups 
(subsets) in the k-means algorithm. In addition, the result 
obtained depends on the initial choice of centers. The 
distance function and its definition also play an important 
role in the problem of dividing the set under study into 
groups. 

The first genetic algorithm for solving the discrete p-
median problem was proposed by Hosage and Goodchild 
[4]. The algorithm [5] gives fairly accurate results. How-
ever, the rate of convergence of the objective function is 
very slow. In their work O. Alp, E. Erkut, Z. Drezner [6] 
presented a faster simple genetic algorithm with a special 
recombination procedure, which also gives accurate re-
sults. These algorithms solve discrete problems. The au-
thors of the work “Genetic algorithm-based clustering 
technique” [7] encode solutions (chromosomes) in their 

GAs as sets of centroids, represented by their coordinates 
(vectors of real numbers) in a multidimensional space. 

The analysis of the literature has shown that the exist-
ing solutions in the field of AG of multidimensional ob-
jects either have high accuracy, or ensure the stability of 
the result with multiple runs of the algorithm, or have 
high speed of operation, but do not combine all these 
qualities at the same time. To date, algorithms for k-
means and k-medians have been developed only for the 
most common distance measures (Euclidean, Manhattan). 
However, taking into account the feature space peculiari-
ties of a specific practical problem when choosing a dis-
tance measure can lead to increasing the accuracy of AG 
objects. In the presented work, we use the Rand Index 
(RI) [8] as a measure of the clustering accuracy. 

It is extremely difficult to improve the AG result of 
multidimensional objects with increased requirements for 
the accuracy and stability of the result using known algo-
rithms without a significant increase in time costs. When 
solving practical problems of the AG of multidimensional 
data, for example, the problems of identifying homogene-
ous batches of industrial products, the adequacy of the 
models and, as a result, the accuracy of the AG of indus-
trial products are questionable. It is still possible to de-
velop algorithms that further improve the result based on 
the chosen model, for example, the k-means model. 

In a multidimensional feature space, there is often a 
correlation between individual features and groups of 
features. The use of correlation dependences can be used 
by moving from search in the space with the Euclidean or 
rectangular metric to search in the space with the Maha-
lanobis metric [9–11]. The square of the Mahalanobis 
distance DM is defined as follows: 

 

1( ) ( ) ( )T
MD X X C X    ,                 (2) 

 

where X is the vector of values of the measured parame-
ters, µ is the vector of mean values (for example, the cen-
ter of the cluster), C is the covariance matrix. 

The aim of the study in the presented work is to im-
prove the accuracy and stability of the result of solving 
problems in automatic grouping of objects. 

The idea of the work is to use the Mahalanobis dis-
tance measure with the averaged estimate of the covari-
ance matrix in the k-means problem to reduce the propor-
tion of the AG error in comparison with other known al-
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gorithms, and also to use the mutation operator as a part 
of the genetic algorithm to improve the accuracy and sta-
bility of the solution according to the achieved value of 
the objective function in a fixed execution time in com-
parison with known algorithms for separating objects. 

Initial data. The study was carried out on the data of 
testing the batches of integrated circuits [12], intended for 
installation in space vehicles. The tests were carried out in 
a specialized center for technical tests. The data is a set of 
parameters for electrical radio products (ERP). The origi-
nal batch of ERI belongs to different homogeneous 
batches, in accordance with the manufacturer's marking. 
The total number of products is 3987. In each batch, the 
product is described by 205 measured parameters. Batch 1 
contains 71 products, batch 2 – 116 products, batch 3 – 
1867 products, batch 4 – 1250 products, batch 5 –  
146 products, batch 6 – 113 products, and batch 7 –  
424 products. 

The algorithm of k-means with the Mahalanobis 
distance with an averaged estimate of the covariance 
matrix over the training sample. The computational 
results of experiments on automatic grouping of industrial 
products with k-medoid and k-means models, in which the 
Mahalanobis metric is applied, show an increase  
in clustering accuracy with automatic grouping into  
2–6 clusters and a small number of objects and informa-
tive features [13]. 

Instead of the covariance matrix from (2), it was pro-
posed to calculate the averaged estimate of the covariance 
matrix for homogeneous batches of products (according 
to pre-labeled data) using the training sample: 

 

1

1 k

j j
j

C C n
n 

  ,                            (3) 

 

where nj is the number of objects (products) in the j-th 
batch, n is the total sample size, Cj are the covariance ma-
trices of individual batches of products. 

In this paper, we propose an algorithm for automatic 
grouping of objects based on the k-means model with the 
adjustment of the Mahalanobis distance measure parame-
ter (covariance matrix) based on the training sample: 

The algorithm of 1. k-means with the Mahalanobis 
distance with averaged estimate of the covariance  
matrix 

Step 1. Using the k-means method with Euclidean dis-
tance, divide the sample into a certain number of k clus-
ters (here k is some expert estimate of the possible num-
ber of homogeneous groups, not necessarily accurate); 

Step 2. Calculate the center µi for each cluster. The 
center is defined as the arithmetic mean of all points in 
the cluster 

1

1 m

i ji
j

X
m 

   ,                            (4) 

 

where m is the number of points, Xj is a vector of values 
of one measured parameter (j = 1...m); 

Step 3. Calculate the averaged estimate of the  
covariance matrix (3). If the averaged estimate of the co-
variance matrix is degenerate, go to step 4, otherwise go 
to step 5; 

Step 4. Increase the number of clusters by (k + 1) and 
repeat steps 1 and 2. Form new clusters with the squared 
Euclidean distance: 

 

2

1

( , ) ( )
n

j i ji i
i

D X X


   ,                (5) 

 

where n is the number of parameters. Return to step 3 
with a new training example (set). 

Step 5. Match each point to the nearest centroid using 
the square of the Mahalanobis distance (2) with the aver-
aged estimate of the covariance matrix C (3) to form new 
clusters. 

Step 6. Repeat the algorithm from step 2 until the 
clusters stop changing. 

The paper presents the results of three groups  
of experiments on the data of industrial product  
samples. 

The first group. The training sample corresponds to 
the working sample for which the clustering was carried 
out. 

The second group. The training and working samples 
are not the same. In practice, a test center can use retro-
spective data on deliveries and testing of products of the 
same type as a training sample. 

The third group. The training and working samples 
also do not match, but the results of the automatic 
grouping of products (k-means in the multistart mode 
with the Euclidean metric) were used as the training 
sample. 

In each group of experiments, for each working sam-
ple, the k-means algorithm was run 30 times with each of 
the five clustering models studied. 

DM1model – k-means with the Mahalanobis distance, 
the covariance matrix is calculated for the entire training 
sample. 

DC model – k-means with a distance similar to the 
Mahalanobis distance, but using a correlation matrix in-
stead of a covariance matrix. 

DM2 model – k-means with Mahalanobis distance, 
with averaged estimate of the covariance matrix. 

DR model – k-means with the Manhattan distance. 
DE model – k-means with the Euclidean distance. 
For each model, the minimum (Min), maximum 

(Max), average (Average) values, standard deviation 
(Std.Dev) of the Rand index (RI) and the objective func-
tion, as well as the values of the coefficients of variation 
(V) and the range (R) of the target functions (tab. 1) are 
calculated. 

It was found that the new DM2 model with an aver-
aged estimate of the covariance matrix shows the best 
accuracy among the presented models in almost all series 
of experiments according to the Rand index (RI) and in 
all cases it exceeds the DE model, where the Euclidean 
distance is used. The experiments also showed that in 
most cases the coefficient of variation of the objective 
function values is higher for the DE model, where the 
Euclidean measure of distance is used, and also that the 
coefficient of the range of the objective function values 
has the highest values for the DM2 model, where the Ma-
halanobis distance measure with an averaged estimate of 
the covariance matrix is used.  
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Table 1 
The results of a computational experiment on the data of the 1526IE10_002 microcircuit (3987 data vectors  

with a dimension of 68), the training sample consists of 10 batches, the third group, the working sample  
is made up of 7 batches of products) 

 

Rand index (RI) Objective function 

Model Model V-series 

DM1 DС DM2 DR DE DM1 DС DM2 DR DE 

Max 0.767 0.658 0.749 0.740 0.735 255886 379167 281265 18897 6494.62 

Min 0.562 0.645 0.696 0.703 0.705 250839 36997 274506 17785 5009.42 

Average 0.632 0.650 0.725 0.714 0.719 252877 37178 277892 18240 5249.95 

Std .Dev 0.047 0.003 0.016 0.008 0.006 1164.5 152.8 2358.9 452.7 366.5 

V      0.461 0.411 0.849 2.482 6.981 

R      5047 920 6759 1112 1485 

 
 

Therefore, multiple attempts to run the k-means algo-
rithm or to use other algorithms based on the k-means 
model (for example, j-means [14] or greedy heuristic  
algorithms [15]) are required to obtain consistently good 
values of the objective function. 

Genetic cross-mutation algorithm for the k-means 
problem. The new algorithm improves the accuracy of 
solving the k-means problem and the stability of the result 
in a fixed limited execution time. In this chapter, by the 
accuracy of the algorithm we mean exclusively the 
achieved value of the objective function, without taking 
into account the indicators of the model adequacy and the 
correspondence of the algorithm results to the actual (real) 
separation of objects, if known. 

A very limited set of possible mutation operators is 
known for genetic algorithms for solving the k-means 
problem with real coding of solutions. For example, the 
authors of the work “Genetic algorithm-based clustering 
technique” [7] encode solutions (chromosomes) in their 
GAs as sets of centroids represented by their coordinates 
(vectors of real numbers) in a multidimensional space. 
Each chromosome undergoes mutation with a fixed  
probability . The procedure (operator) of mutation  
is as follows. 

Algorithm 2 3.1 Initial GA mutation procedure for the 
k-means problem 

Step 1. Generation of  a random number b(0,1] with 
uniform distribution; 

Step 2. IF b < , then the chromosome mutates. If the 
position of the current centroid is  , then after mutation  
it becomes: 

2 , 0,

2 , 0.

b

b

    
    

 

The signs “+” and “–” have the same probability. The 
centroid coordinates are shifted randomly. 

In our work we replaced this mutation procedure for 
the k-means problem with the following procedure. 

Algorithm 3 3.2 GA cross mutation procedure for the 
k-means problem 

Step 1. Generating a random initial solution S =  
= {X1 ... Xk}; 

Step 2. Applying the k-means algorithm to S to obtain 
the local optimum S’; 

Step 3. Applying a simple crossover procedure for the 
mutated individual S’ from the population and S to obtain 
a new solution S’’; 

Step 4. Applying the k-means algorithm to S’’ to ob-
tain local optimum S’’; 

Step 5. IF F(S’’) < F(S’), THEN S’ ← S’’. 

The proposed procedure is used with a mutation prob-
ability of 1 after each crossover operator. 

The results of running the original algorithm 2,  
described with a mutation probability of 0.01, and  
its version with algorithm 3 as a mutation operator are 
shown in the figure (population size NPOP = 20). The new 
mutation procedure is fast and efficient in comparison 
with the original mutation of the genetic algorithm; a high 
convergence rate of the objective function has been 
shown. 

Greedy genetic algorithms and many other evolution-
ary algorithms for the k-means problem do without muta-
tion. The idea of a greedy agglomerative heuristic proce-
dure is to combine two known solutions into one unac-
ceptable solution with an excessive number of centroids, 
and then the number of centroids is successively reduced. 
The centroid which shows the smallest increase  
in the objective function value (1) is removed at each  
iteration. 

Algorithm 4.  Basic greedy agglomerative heuristic 
procedure 

It is given: the initial number of clusters K, the re-
quired number of clusters k, k < K, the initial solution 

1{ ,..., }KS X X , where |S| = K. 

STEP 1. Improve the initial solution by the k-means 
algorithm 

WHILE K > k 

CYCLE for each ' {1,K}i  perform: 

STEP 2. ' '{ }iS S X . Improve the solution S’ by the 

k-means algorithm and store the        corresponding ob-
tained values of the objective function (1) as variables 

' '{ }iF F X . 

END OF CYCLE 
STEP 3. Select the subset Selim  from the centers nelim, 

elimS S , |Selim |=nelim with the minimum value of the 

corresponding variables '
'

i
F . max{1,0.2 (| | )}elimn S k   . 
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STEP 4. Get a new solution / elimS S S , K = K – 1. 

Improve the solution by the k-means algorithm. 
END WHILE 

The initial solution S  can also be obtained by com-
bining two known solutions. Algorithms 5 and 6 modify 
the initial solution by the second known solution. In fact, 
Greedy procedure 1 supplements the first set in turn with 
each element from the second set. Greedy procedure 2 
combines both sets. 

Algorithm 5. Greedy procedure 1 with partial join 

It is given: Two sets of cluster centers 

1

' ' '{ ,...,X }
K

S X  и 
1

'' '' ''{ ,...,X }
K

S X  

Cycle: for each ' {1,K}i   

Step 1. Combine S’ and one element from the 

set '' '' ''
1: { ,..., }KS S S X X  . 

Step 2. Run Algorithm 3.3 with the initial solution S 
and save the result. 

END OF CYCLE 
Step 3. Revert the best solutions saved in Step 2. 

 

Algorithm 6. Greedy procedure 2 with full set union 

It is given: Two sets of cluster centers 

1

' ' '{ ,...,X }
K

S X  and 
1

'' '' ''{ ,..., }
K

S X X  

Step 1. Combine two sets of cluster centers 
' ''S S S  . 

Step 2. Run Algorithm 3 3.3 with the initial  
solution S. 

 
The basic genetic algorithm (GA) for k-means prob-

lems is described as follows: 
Algorithm 7. GA with the alphabet of real numbers 

for the k-means problem 
It is given: Initial population size NPOP 
STEP 1. Choose NPOP of initial solutions 1,...,S

POPNS , 

where |Si|=k, and 1{ ,...,S }
POPNS is a randomly selected 

subset of the set of data vectors. Improve each initial solu-
tion by the k-means algorithm and store the corresponding 
obtained values of the objective function (1) as variables 

( ), 1,k k POPf F S k N  . 

CYCLE 
STEP 2. IF the stop condition is met, THEN STOP. 

Return the solution *
*, {1, }POPi

S i N   with the minimum 

value *i
f . 

STEP 3. Randomly select 2 indices 1 2, {1, }POPk k N , 

1 2k k . 

STEP 4. Start crossing procedure: 

1 2
(S ,S )c k kS Crossingover  . 

STEP 5. Start mutation procedure: 
( )c cS Mutation S  . 

STEP 6. Start the chosen selection procedure to 
change the population set. 

END OF CYCLE 
The following algorithm is proposed At STEP 6. 
Algorithm 8. Selection procedure 

STEP 1. Randomly select 2 indices 4 5, {1, }POPk k N , 

4 5k k . 

STEP 2. IF 
4 5k kf f  THEN 

4k cS S , 

4
( )k cf F S , ELSE 

5k cS S , 
5

( )k cf F S . 

 
A GA with greedy heuristic for p-medians and  

k-means problems can be described as follows. 
Algorithm 9. A GA with greedy heuristic for  

p-medians and k-means problems (modifications GA-
FULL, GA-ONE и GA-MIX) 

It is given: Population size NPOP. 
Step 1. Set 0iterN  . Choose a set of initial solutions 

1{ ,..., }
POPNS S , where |Si| = k. Improve each initial solu-

tion by the k-means algorithm and store the corresponding 
obtained values of the objective function (1) as variables 

( ), 1,k k POPf F S k N  . In this work the initial value  

of the population is NPOP = 5.  
Cycle 
Step 2. IF the stop condition is met, THEN STOP. 

Return the solution *
*, {1, }POPi

S i N  with the minimum 

value *i
f , ELSE set the population size as follows: 

1iter iterN N  ; ,max{ [ 1 ]}POP POP iterN N N  ; IF 

NPOP has changed, THEN generate a new one 
POPNS  as 

described in Step 1. 

Step 3. Randomly select 2 indices 1 2, {1, }POPk k N , 

1 2k k . 

Step 4. Run Algorithm 5 (for GA-ONE*)  

or Algorithm 6 (for GA-FULL*) with solutions 
1k

S   

and 
2kS . For GA-MIX* Algorithm 5 or Algorithm 6 are 

chosen at random with equal probability. Get a new solu-

tion cS . 

Step 5. ( )c cS Mutation S By default the mutation 

procedure is not used. 
Step 6. Run Algorithm 5 
END OF CYCLE 
* GA-ONE is a genetic algorithm with greedy heuris-

tic with partial union, GA-FULL is a genetic algorithm 
with greedy heuristic with full union; GA-MIX is a ran-
dom choice of algorithms 5 or 6 

 
This algorithm uses a dynamically growing popula-

tion. In our new version of Step 5, the cross mutation op-
erator looks like this. 

Algorithm 10. A cross mutation operator for Step 5  
of Algorithm 9 (modifications GA-FULL-MUT,  
GA-ONE-MUT and GA-MIX-MUT) 

Step 1. Run the k-means algorithm for a randomly se-
lected initial solution to obtain solution S’. 
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Step 2. Run Algorithm 5 (for GA-ONE) or Algorithm 
6 (for GA-FULL) with solutions  cS  and  S  . Get a new 

solution '
cS . 

Step 3. If ( ) ( )c cF S F S  , THEN '
c cS S . 

 

Computational experiments with datasets from the 
Machine Learning Repository, Basic Benchmark reposito-
ries, as well as with data from industrial product samples 
(tab. 2) were carried out. New modifications of three GAs 
(GA-FULL-MUT, GA-ONE-MUT and GA-MIX-MUT) 
were compared with the well-known j-means and k-means 
algorithms (in multistart mode), GA without mutation 
(GA-FULL, GA-ONE and GA-MIX), automatic grouping 
algorithms for the k-means problem with combined appli-
cation of search algorithms with alternating randomized 
neighborhoods formed by applying greedy agglomerative 
heuristics (k-GH-VNS1, k-GH-VNS2, k-GH-VNS3)  
and also for the j-means  (j-means GH-VNS1, j-means  

GH-VNS2) problem. 30 attempts were made to run each 
algorithm for all datasets. For each algorithm, the mini-
mum (Min), maximum (Max), average (Average) values 
and the standard deviation (Std.Dev.) of the objective 
function were calculated. 

The best values of the new algorithms (*) are high-
lighted in bold, the best values of the known algorithms 
are indicated in italics, the most achieved values of the 
objective function are underlined (tab. 2). The Mann-
Whitney U-test ( ) and Student's t-test ( ) were 

used to confirm the statistical significance of the advan-
tages ( ) and disadvantages ( ) of the new algo-
rithms over the known algorithms. 

The performed computational experiments show that 
GA with a greedy agglomerative crossover operator with 
a new idea of the mutation procedure is superior to GA 
without mutation in terms of the obtained value of the 
objective function. 

 
 

 
 

Results for data set Mopsi-Joensuu (6014 data vectors of dimension 2), 300 clusters, time limit 3 minutes 
 

Результаты для набора данных Mopsi-Joensuu (6014 векторов данных  
размерностью 2), 300 кластеров, 3 минуты 

 
 
 
 

Table 2 
Results of computational experiments for the Europe dataset (169309 data vectors of dimension 2),  

30 clusters, 4 hours 
 

Objective function value Algorithm 

Min Max Average Std.Dev. 

j-means 7.51477E+12 7.60536E+12 7.56092E+12 29.764E+9 

k-means 7.54811E+12 7.57894E+12 7.56331E+12 13.560E+9 

k-GH-VNS1 7.49180E+12 7.49201E+12 7.49185E+12 0.073E+9 

k-GH-VNS2 7.49488E+12 7.52282E+12 7.50082E+12 9.989E+9 

k-GH-VNS3 7.49180E+12 7.51326E+12 7.49976E+12 9.459E+9 

j-means-GH-VNS1 7.49180E+12 7.49211E+12 7.49185E+12 0.112E+9 

j-means-GH-VNS2 7.49187E+12 7.51455E+12 7.4962E+12 8.213E+9 

GA-FULL-MUT* 7.49293E+12 7.49528E+12 7.49417E+12 0.934E+9 

GA-MIX-MUT* 7.49177E+12 7.49211E+12 7.49186E+12 0.117E+9 

GA-ONE-MUT* 7.49177E+12 7.49188E+12 7.49182E+12 0.042E+9 
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Conclusion. The proposed new model of automatic 
grouping of industrial products and a new algorithm based 
on an optimization model of k-means with Mahalanobis 
distances and a trained covariance matrix can reduce the 
proportion of errors (increase the Rand index) when iden-
tifying homogeneous production batches of products. The 
presented new genetic algorithm for the k-means problem 
with the original idea of using one procedure as the cross-
over operator and the mutation operator demonstrates a 
more accurate and stable result of the objective function 
value in a fixed execution time. 
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