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ABSTRACT This research aims to simplify the decision-making rules and reduce computational load when
using structural methods of image classification that employ a description in the form of a set of keypoint
descriptors. The main attention is paid to the implementation of the classifier and studying the properties of
quantization tools for the basic set of descriptors of etalon descriptions. As a result of quantization, the etalons
and the analyzed image are represented by a vector of numbers through projection onto a compact set of
defined centers. This approach enables the use the metrics apparatus and provides a high-speed classification
compared to the traditional voting method. Improvements to the method by introducing a threshold for
assigning descriptors to the system’s centers are discussed. The gain in classification speed for the considered
data processing schemes increases in proportion to the number of etalons. The paper presents the results of
software modeling of the proposed approaches for the experimental base, which includes images of historical
monuments. The test sample is formed as a set of images from the etalon database and images outside the
database with a set of geometric transformations of shift, scale, and rotation in the field of view applied to
them. Practical issues of choosing threshold parameters to establish the equivalence of descriptors and to
minimize the number of class votes to ensure the required levels of classification accuracy are researched.
Testing has confirmed a significant acceleration of the classification process and a sufficiently high level of
classification accuracy using quantization and the Tanimoto metric. In particular, a tenfold increase was
achieved in the modeling performed. The peculiarities of forming an etalon base and choosing a range
of parameters of geometric transformations for the proposed method were experimentally studied. The
considered methods should be implemented in applied computer vision tasks with high requirements for
the speed of classification of visual objects.

INDEX TERMS Computer vision, feature voting, image recognition, keypoint descriptors, quantization in
multidimensional space, speed of classification, structural methods, Tanimoto metric.

I. INTRODUCTION. LITERATURE REVIEW
Computer vision systems are now an essential tool for
achieving sustainable human development. They enable
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environmental protection through monitoring and control,
increase the economic efficiency of processes through
automation, improve the quality and safety of life, expand
access to services, and reduce the need for human resources.

Simplification of decision-making procedures remains a
pressing issue for modern intelligent systems. In this regard,
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the introduction of effective intellectual tools significantly
expands the functional abilities of modern automated com-
puter vision systems [1], [2].

The possibility of using the traditional mathematical appa-
ratus provides a clearer formalization and justification of
the analysis processes when creating effective classifiers in
applied applications [3], [4].

It’s important to note that the modern theory of pattern
recognition is based on four basic principles of data analysis
and processing that contributed to the creation and implemen-
tation of the following categories of developed methods [4]:

1) Methods based on decision theory.
2) Methods based on orthogonal transformations.
3) Structural methods.
4) Neural networks.

At the same time, the latest applied approaches often
combine these categories and use an expanded arsenal of
these principles in a combined form, relying on their positive
properties for synthesized feature systems. For example, the
structural method developed in the works [5], [6], [7] uses
both the comparison with an etalon (decision theory) and the
formation of an effective feature system (orthogonal transfor-
mations, neural networks).

Researchers consider the following shortcomings of mod-
ern neural networks to be the most important for the practice
of visual object recognition [4], [8], [9]:

1) The need to develop effective learning algorithms.
2) The large dimensionality of networks and the need for

significant amounts of memory.
3) Ensuring invariance to affine transformations and other

deformations of visual images.
4) Lack of versatility (limited range of tasks for a particu-

lar network, dependence of the network architecture on
the nature of the data and the type of task).

Therefore, designing an effective neural network to solve
a specific practical problem is now considered to be primar-
ily an art. Nevertheless, the neural networking apparatus is
successfully developing. New templates are being introduced
to transform the features of input images [10], which can be
successfully used to train a neural network.

At the same time, the use of structural methods, where
the description of objects is represented by a set of keypoint
descriptors, avoids the above limitations and requires only a
fixed etalon base and an effective classification method in a
certain feature space [6], [7], [11].
In this case, the key task in classification structural meth-

ods based on the model of comparison with the etalon is to
determine the similarity or difference for two sets of multi-
dimensional vectors describing visual objects. In theoretical
terms, this task is solved by determining the intersection
power of the sets of vectors describing the recognized object
and the etalon. However, the peculiarities of applied computer
vision problems are that not only data vectors (keypoint
descriptors) with the complete coincidence of components
should be considered equivalent when making a decision, but

also vectors with the distance between them within a given
threshold [5].
The value of such a threshold is a parameter in estab-

lishing equivalence that directly affects the classification
performance.

Thus, each data description vector should be considered
together with a specific neighborhood that characterizes
the degree of equivalence for a subset of vectors in a
multidimensional space. Such neighborhoods can naturally
overlap for different pairs, groups, or classes of vectors,
which generally causes ambiguity and vagueness of decisions
when implementing traditional methods of determining the
intersection.

In addition, researches have shown that the use of a model
with the formation of statistical centers for structural descrip-
tions does not provide decent classification results [6], [11],
since these descriptions for images often consist of descrip-
tors that are close to each other.

This problematic situation can be solved by projecting the
existing description in the form of a set of vectors into a new
quantized data space, which can be obtained by clustering
or another method of data quantization, for example, by the
Kohonen network, hashing, etc. [6], [12], [13].

The data within a quantum are now considered equivalent
to the center and to each other at the same time, which
formally eliminates the ambiguity in determining equivalence
for any pair of vectors [14]. In fact, this is the preliminary
stage of data classification in quantized space. Data quanta
here form separate classes for descriptors. This stage, in turn,
makes it possible to apply a mathematically based metric
apparatus to assess the relevance of descriptors.

The proposed modification of the image description can
be considered as one of the ways to construct a transformed
feature space, in which a relatively simple and effective
separation of the analyzed images is possible in practice.
This approach conforms to an important statement of pattern
recognition theory that in order to successfully solve applied
problems, it is necessary to strive for an effective reduction
in the dimensionality of the space and simplification of the
decisive rules [4], [6]. This idea echoes Leonardo da Vinci’s
famous statement ‘‘Simplicity is the highest refinement’’.

In the quantized space of multidimensional data, the math-
ematical apparatus of fuzzy sets or multisets can be used to
evaluate the intersection of two descriptions in the form of
sets [15], [16], [17]. In this case, the obtained data quanti-
zation centers formally create the base set for the multiset
representation (or the domain of the fuzzy set definition).

The given etalon descriptions can now also be preliminarily
represented in the form of multisets, i.e., integer vectors
containing the number of elements of a fixed etalon in each
cluster. And the classification process can be performed
by comparing the description of the input object with the
generated projections of the etalons or with the centers of
the clusters to make a decision [6]. An additional impor-
tant positive impact is that due to the quantization of the
feature space, a significant acceleration of the classification
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process is achieved since, in this way, it is possible to
avoid computationally expensive procedures of linear search
using the nearest neighbor model on the full set of etalon
descriptors [12], [18], [19].

Data quantization has also found application in the prob-
lem of image classification by neural network methods with
the use of a deep learning machine [18]. However, the effec-
tiveness of such neural network approaches depends on the
synthesized network structure, which is associated with the
implementation conditions. When implementing deep learn-
ing, the problem of forming a compact set of features is also
relevant.

As a result of the introduction of quantization, time-
consuming procedures for voting for a multivalued set of
descriptors of two sets are avoided, which is a variant of the
similarity measure without preserving the symmetry prop-
erty [4], [6]. In addition, along with the chance of a thorough
application of metrics, it becomes possible to use a variety
of other developed models of the metric space apparatus, for
example, correlation coefficient, statistical criteria, etc.

An equally important factor is to ensure a decent level
of performance of the recognition system under the influ-
ence of external factors: interference, background, geometric
transformations [6], [11]. With the introduction of quantized
data representation, it becomes possible to control the clas-
sification process by introducing a threshold for assigning to
cluster centers as a parameter for filtering out false data and
interference. The idea behind this control is to ensure better
consistency with the a priori etalon data. Such a threshold
should ensure positive perception of data similar to the etalon
data and eliminate false image components.

Means of quantizing a set of features are now successfully
used in applied computer vision tasks to reduce the amount of
computation, including the use of neural networks [20], [21],
[22].

Quantization strategies are being developed to improve the
ability to express diversity in feature parameters [20]. Image
search networks are being improved to reduce memory usage
and decrease the density of image features in the database to
optimize resources in practical applications [21].

Means of reducing computational complexity in deep
convolutional neural networks (CNN) are being developed
for their deployment on peripheral devices with limited
resources [22].
It is worth mentioning that the development of

high-dimensional data hashing methods in image recognition
systems makes it possible to ensure computational efficiency
with some loss of data semantics [23], [24], [25], [26], [27],
[28], [29], [30]. The introduction of specific hash codes
makes it possible to compare image and text descriptions
while ensuring the necessary degree of hash representation
differentiation in Hamming space [23], and the use of genetic
algorithms helps to improve the representation of local
features in image recognition [24]. Methods of controlled
hashing are being developed using hash function training

tools with subsequent quantization of the generated hash
codes [25]. It should be pointed out that the method of
direct training of hash codes slightly reduces the impact of
quantization losses but leads to some increase in compu-
tational complexity [26]. A model of a quantized artificial
neural network (QANN) has been developed that combines
quantum feature extraction with classical neural network
topologies to improve the compression of recognized images
[27]. Attention is also paid to the problem of minimizing
quantization errors based on the principle of relative data
similarity, but a practical solution is still ahead [28].

When using satellite remote sensing for computer vision
tasks related to environmental monitoring and digital envi-
ronmental security, a dynamic binary visual transformer was
developed, which proved to be effective in capturing complex
patterns and subtle features in multispectral images [29].

According to researchers [30], the implementation of vec-
tor quantization methods for image recognition generally
guarantees insignificant quantization errors. It also ensures
high accuracy of sample analysis in precision farming and
sustainable smart city development tasks.

The material of this paper develops the research of authors’
previous works [5], [6], [7], [12], [18], [31], which are
aimed at improving structuralmethods of image classification
in terms of increasing their speed while ensuring a decent
level of classification accuracy. The proposed improvement
practically leads to a simplification of the applied classifi-
cation rules. The main attention is paid to such aspects as
the introduction of metrics in the classification process, the
justification of introducing a threshold for filtering descrip-
tors when assigning to the center system, evaluating the
characteristics of the etalon database to guarantee a decent
performance, comparing the accuracy and speed of classifi-
cation for the proposed approach and the traditional voting
method by means of software modeling.

The analysis reveals that balancing such key criteria as
the complexity of implementation, accuracy and speed of
implementation, sensitivity to data variations, and specificity
or universality of use remains a challenging task for various
applied classification models. There is hope that this research
will make a contribution to solving this problem. The results
of this study will be valuable for researchers in the fields
of image recognition, multivariate data analysis, machine
learning, and decision-making methods.

II. MATERIALS AND METHODS
A. FORMAL DEFINITION OF THE CLASSIFICATION TASK
The classification as part of a database of N etalons (repre-
sentatives or prototypes of classes) will be performed, which
is specified in the form of a finite set E of descriptions of
etalon images: E = {E1,E2, . . . ,EN}.

The setE is a training set, which is simultaneously the basis
for the construction and implementation of the classifier,
including comparing the descriptions of the analyzed objects
and the etalons [6], [31].
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Each etalon description Ek in the classifier formalism
represents a separate class. The class k with a fixed etalon
description Ek is formally understood as a certain infinite
set of images obtained from the etalon image (prototype
class with the number k) by applying to the etalon a
multi-parameter group of geometric transformations, which
most often in applied applications includes displacement,
rotation, scaling, the effect of which does not remove the
object of interest from the field of view [5].
The next step is to define the space Bn of all binary vectors

of dimension n. It is known that card Bn = 2n. Bn will be
identified with the space of descriptors of keypoints of the
image obtained by some keypoint detector [11], [32]. The
description of the analyzed object Z as well as the description
of a separate etalon Ek = {ev(k)}sv=1, Ek ⊆ Bn will be
considered as a finite set of binary vectors of power s in
the space Bn, ev(k) ∈ Bn, s = card Ek – the number of
descriptors in the set. Each descriptor ev(k) in the database
E is characterized by the parameter k of the class number.
In general, the number of features – descriptors in the base set
E is card E = sN . For simplicity, the number of s descriptors
is assumed to be the same for all Ek .

The process of R structural classification for the analyzed
object Z = {zv}sv=1, zv ∈ Bn using the traditional method
based on the voting procedure [31] will be carried out in
two stages as R = R2R1. The R1 stage implements a local
decision to determine the class for a separate descriptor zv
of the object Z , and the R2 stage determines the value of the
class parameter for the analyzed object based on the decisions
(votes) of the components of the entire description Z . In fact,
the stage R1 in such a model implements the nearest neighbor
method on the training set E , where the class number for the
object descriptor is defined as the class of the nearest element
from E . And the R2 stage implements the procedure for
assessing the relevance of descriptions using a homogeneous
voting model with a decision based on the highest number of
votes on a set of classes.

The R1 classifier, using the linear search method, performs
an element-by-element analysis of the input description
Z = {zv}sv=1 of the object and assigns each zv ∈ Z descriptor
to one of the classes according to the rule

R1 : zv → 1, . . . ,N . (1)

The class k of the analyzed descriptor zv in the model (1) is
defined as an argument of the minimum of a certain distance
on the set E

R1 : k = arg min
i=1,...,N ;d=1,...,s

ρ (zv, ed (i)) . (2)

Here ρ : Bn × Bn → [0, n] is the distance in the vector
space Bn. The most effective in the space Bn of binary vectors
is the use of in (2) of the Hamming metric [6].

In fact, the classification model (2) not only determines the
class k for the descriptor zv of an object but also establishes a
correspondence for a pair of elements zv→ ed (k) of the sets
Z and Ek . This correspondence can be described as a binary

equivalence relation between the elements zv, ed (k) of the
two sets of descriptors [19]. At the same time, it is assumed
that some elements of Z in the implementation of (2) may not
be assigned to any of the etalon classes at all if the obtained
correspondence is insignificant.

The significance of the correspondence for the descriptors
is determined by checking the logical rule [5]

ρm = min
i=1,...,N ;d=1,...,s

ρ (zv, ed (i)) , ρm ≤ δρ, (3)

where δρ is some threshold for the minimum ρm of the
metric ρ. Condition (3) establishes equivalence for a pair
of descriptors, taking into account the allowable limit δρ .
In fact, according to rule (3), the equivalence of any pair
of descriptors is determined with a certain tolerance, and
each descriptor zv in the space Bn is considered as a certain
multidimensional ball containing equivalent to zv descriptors
zx under the condition ρ(zv, zx) ≤ δρ .
By performing R1 for each zv ∈ Z in accordance with (2)

and (3), the class number k is determined, and then increment
the vector – the vote accumulator hk = hk + 1 for the
resulting class number according to the model (2). In fact,
the vector {hi}Ni=1 calculated by aggregation over a set of
object description elements is a distribution (histogram) of
the number of votes of object descriptors in the existing class
system [14], [15], [16].

Now, let’s build the rule R2 based on the vector {hi}Ni=1
– an accumulator of class scores with integer values for the
accumulated number of votes obtained by applying model (2)
to the entire set of object descriptors Z . The rule R2 defines
the class of the object is by as the argument of the maximum

R2 : Z → Ek |

(
k = arg max

i=1,...,N
hi

)
& (hk ≥ δh) , (4)

where δh is a threshold for the minimum acceptable value of
the maximum among the number of votes. If the hk ≥ δh
condition is not met, the class of the object is considered
unspecified (refusal to classify; there is no reason to assign
the object to any of the available classes).

The value of δh is determined experimentally for a given
database of E etalons. As a rule, it is chosen as the minimum
number of votes (with a tolerance) required to confidently
classify the test sample based on the transformations of the
etalons. Another option is a statistically significant num-
ber of votes (half of the possible number). From a general
theoretical point of view δh is a compromise in the task
of distinguishing a finite set of etalons from the virtually
unlimited number of other images that can be input to a
classification system [5], [31].

The sequence of classification rules R1, R2 implements
a classifier based on an ensemble of solutions of a set of
classifiers obtained for a set of constituent components of an
object. It implements the principles of structural analysis and
alignment with the etalon database and provides resistance
to spatial distortions of individual components (descriptors)
due to the possible influence of interference and background
in the process of image analysis.
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The classification performance will be traditionally evalu-
ated by the accuracy criterion pr , which reflects the ratio of
the number of q test descriptions with correct class evaluation
to the total number of Q experiments performed

pr = q/Q. (5)

B. TANIMOTO METRIC FOR DETERMINING RELEVANCE
The Tanimoto metric µ (A,B) is one of the most widely used
metrics for evaluating the similarity of two sets A,B, since
its value integrally reflects the relevance of a pair of sets to
the entire set of their components, unlike several other met-
rics [17], [18]. The Tanimotometric can also take into account
the repetition of elements, i.e., the variant of multisets. This
metric is defined as the ratio of the powers of symmetric
difference and union for a pair of compared sets A,B and
takes values within the interval [0. . . 1]

µ (A,B) = card (A1B) /card (A ∪ B) . (6)

At the same time, expression (6) can be presented in a more
practical form

µ (A,B) =
card (A) + card (B) − 2card (A ∩ B)

card (A) + card (B) − card (A ∩ B)
. (7)

From (7), it is clear that the main task for implementing the
calculation of the Tanimoto metric is to determine the power
for the intersection of two finite sets since their individual
powers are usually known (this is the number of descriptors
in the description).

C. CALCULATING A METRIC BETWEEN DATA SETS IN A
QUANTIZED VECTOR SPACE
Let’s perform quantization (clustering) to jointly describe the
complete database E from N etalons Ek to M quanta. Quan-
tization is implemented by a self-learning procedure and is
intended to represent the existing set of etalon data in the form
of a fixed set of clusters containing similar (equivalent, close,
equal) elements. This technique is a kind of segmentation
(partitioning) of the set of descriptors of the existing etalon
database onM into groups.
The result is a system of centers W =

{
wj

}M
j=1 of quanta

and a representation of the database E in the form of a
partition E = ∪

M
j=1Tj, where the constituent data segments –

clusters Tj are obtained in such a way that they do not
overlap. At the same time, the centers wj, depending on the
self-learning procedure may not belong to the space Bn at all,
but they can be transformed intoBn, for example, by rounding
the components wj. From the point of view of the multiset
theory, the obtained centers create a certain base set, on which
it is now possible to universally project the description of an
image as an arbitrary set of binary vectors from the space Bn

[6].
First, let’s design according to the scheme [33] for the

composition of existing etalon descriptions. In accordance
with the design scheme, for an arbitrary descriptor z ∈ Ek

of an etalon or object, the number j of the cluster (quantum)
is set according to the competitive rule

z ∈ Tj | j = arg min
i=1,...,M

ρ (wi, z) . (8)

Rule (8) implements one of the variants of the ‘‘bag of
words’’ classification model, where the base set is the set of
cluster centers. In expression (8), the Hamming metric can be
used at wj ∈ Bn.
As a result of applying (8) to the entire set of descrip-

tion components, a representation of each description Ek
is numerically obtained in the form of a vector of integers
ϕ[Ek ] = {ϕk,i}

M
i=1 with the number of components corre-

sponding to the numberM of clusters. The value of ϕk,i is the
number of elements of the etalon Ek assigned to the cluster
with the number j as a result of the analysis (8). The obtained
data of the cluster representation for the E database can be
considered as a matrix {{ϕk,i}

M
i=1}

N
k=1, the rows of which

contain a quantitative decomposition of the composition of
the etalon by the cluster system, and the columns contain a
numerical representation of the composition of each cluster
by the class system. The scheme for projecting the description
onto the set of quantum centers is shown in Figure 1.

In the process of classification, the design is performed
by applying rule (8) to the set of elements zv ∈ Z of
the analyzed object. A numerical representation as a vector
ϕ[Z ] = {ϕi(Z )}

M
i=1 is obtained. This vector, like the ϕ[Ek ]

representation of the etalon, can be interpreted as a function
of the object elements belonging to the set of cluster centers.

The metric models are applied to calculate the power (9),
intersection (10), union (11), and symmetric difference (12)
for a pair of multisets A,B (etalon – object) [17], [34]

card(Z ) =

∑M

j=1
ϕj, (9)

card(A ∩ B) =

∑M

j=1
min

[
ϕj(A), ϕj(B)

]
, (10)

card(A ∪ B) =

∑M

j=1
max

[
ϕj(A), ϕj(B)

]
, (11)

card(A1B) =

∑M

j=1

∣∣ϕj(A) − ϕj(B)
∣∣ . (12)

These metrics are the set-theoretic equivalent for the inter-
section and union of two sets. Next, let’s determine the value
µ (A,B) of the Tanimoto metric by expressions (6) or (7).
The parameterM here acts as the dimension of the compared
multisets. Relations (9), (10), (11), and (12) are used in the
application of theories of fuzzy sets and triangular norms
[17], [35], [36]. Also, to obtain the membership function of a
set – the intersection of two sets with normalizedmembership
functions –models such as the algebraic product ϕj(A)×ϕj(B)
(elementwise multiplication of membership function values)
and the bounded sum max[ϕj(A) + ϕj(B) − 1, 0] are used.
All these actions on sets are considered in more detail in
applications of the theory of triangular norms. A triangular
norm is a two-place function f (x, y), f : [0, 1]2 → [0, 1] with
a domain of definition in the form of a closed unit square and
a set of values in the form of a closed unit interval [17], [34].
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FIGURE 1. Projecting an image description onto a set of centers.

The resulting classification decision on the class of the
object with the description Z is taken as an argument for the
minimum distance on the set {ϕ[E i]} for the projections of
the etalons

R2 : Z → Ek | k = arg min
i=1,...,N

µ (ϕ[Z ], ϕ [Ei]) . (13)

The traditional method of classification using voting
implements a sequence of models (2), (3), and (4).

The classifier using quantization based on the cen-
ter system W first obtains the vector representation
ϕ(Z ) = [ϕ1, ϕ2, . . . , ϕM ] for the recognized object according
to model (8), and then, using the metric µ to calculate the
relevance of integer vectors, determines the object class as an
argument to the minimum of the metricµ on the set of cluster
representations for the database etalons E .
A variant of the metric µ in (13) can be the Manhat-

tan distance or any other distance for the space of integer
vectors. Using the rule (13) in clustering methods instead
of (2) and (4) for the traditional method gives a gain in
computational complexity roughly proportional to the value
of γ = s/M . Note that in order to ensure the rejection of
extraneous images, the calculated optimal value of the metric
µv in (13) must satisfy the condition of significanceµv ≤ δµ,
where δµ is the minimum metric value between clustered
representations of descriptions.

In the practical application of the metric apparatus for
classification, special attention should be paid to determining
the center of the cluster according to rule (8) when form-
ing ϕ[Z ]. The minimum of the metric ρj obtained in (8)
must necessarily satisfy condition (3) of the significance of
ρj ≤ δρ . This requirement is necessary in practice to filter
out false descriptors that appear under the influence of the
background [5].
Another practical limitation is the requirement for approx-

imately the same number of descriptors in the descriptions

of the object and the etalons. If the powers of the sets differ
significantly, it is necessary to additionally normalize the data
by the number of descriptors to make a balanced classifi-
cation decision. At the same time, the use of the Tanimoto
metric makes it possible to classify without additional data
normalization.

In the quantized vector space, other similarity measures
can be applied with low computational requirements, such as
correlation coefficient, statistical criteria, etc.

D. JUSTIFICATION OF THE CHOICE OF THRESHOLD
PARAMETERS. FILTERING BY DISTANCE TO CENTERS
It’s important to note that the classification process dis-
cussed here, using metric correlations between descriptors
and cluster centers, as well as between cluster views, relies
on a number of parameters, the most important of which are
thresholds for making a decision:

1) δρ− to establish the equivalence of a pair of descriptors.
2) δh− to be crucial for maximizing the number of class

votes.
3) δµ− to minimize the metric value between cluster

views of descriptions.

In most applications, due to the natural proximity of data
in a multidimensional space, the threshold δρ is traditionally
chosen as 25% (or less) of the definedmaximum of the metric
value ρ for a pair of descriptors [18].
The thresholds δh, δµ determine the required degree of

significance of the measure accumulated by the description
composition when deciding on the proximity of descriptors
and the class of the object. They are data-dependent, so they
are estimated based on the results of analyzing a priori etalon
information in the classification database [2], [7], [19], [37],
[38].

Taking into account the specifics of the classification
method based on the use of the cluster representation, a new
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threshold δρ1 for the distance will be introduced between the
descriptor and the cluster center, which will be implemented
in the procedure (8) when determining the optimal cluster
center by the minimum distance for the descriptors of the
analyzed description.

If the minimum distance in the model (8) does not exceed
the value δρ1, then the descriptor will not be assigned to any
of the centers of the cluster system.

This condition can be formalized by checking the truth of
some predicate Pr(z, {wi}, δρ1):

Pr
(
z, {wi} , δρ1

)
: min
i=1,...,M

ρ (wi, z) ≤ δρ1. (14)

This predicate takes the value of one (true) when the
inequality in (14) is fulfilled and zero otherwise. Thus, with
the predicate Pr , a procedure for filtering false descriptors is
actually introduced based on the criterion of distance from
the system of centers on which the classification is based.

In the proposed processing variant (14), the threshold δρ1
will have a rather significant impact on the classification
result, as its implementation enables, to some extent, the fil-
tering out of false descriptors that are far from the established
system of centers. The parameter δρ1 regulates the degree of
such rejection. The value of the δρ1 parameter can vary within
the permissible range of values of the ρ metric for descriptors.

Note that the innovation (14) can be preliminarily applied
to the etalon descriptions as well. As a result of such fil-
tering, the cluster representations of the etalons may change
in the direction of reduction, and perhaps their power may
even become unequal for different etalons. This situation
is automatically taken into account by using the Tanimoto
metric, whose model includes the volumes of the compared
descriptions. Another approach is to introduce normalization
for the filtered etalon view by dividing it by the total number
of description descriptors that satisfy the set condition with a
threshold of δρ1.
A similar filtering procedure can also be applied to the

composition of clusters. A way to filter data is to use the
‘‘champion list’’ model for the data within each of the cre-
ated clusters. To do this, let’s define a certain procedure
D(T j,wj, d) for data processing that selects a fixed number
d of elements from each cluster Tj with the closest distance
to its center wj. As a result, the number of elements in the
quantized etalon descriptions will be reduced. The condition
card

(
Tj

)
= d will be fulfilled, and the total amount of

etalon data will be equal to Md as the product of the number
M of clusters by the fixed number d of elements in each
cluster. This modification reduces the size of the cluster
representation to a fixed size but, in turn, also requires the
use of the Tanimoto metric or normalization of the resulting
representation for the etalons.

By changing the number d of data points in the cluster
using the D procedure or varying the threshold δρ1, the
formation of data volume in the cluster representation can
be controlled. With the transformed compressed data vol-
ume, the cluster centers can be updated so that they more

accurately approximate the class distribution, which is used
in the classification process. In fact, with this innovation, D
is produced as a procedure for filtering the descriptor space
according to the criterion of their consistency with the system
of cluster centers. The introduction of D leads to a com-
pression of the cluster representation and some redistribution
of the number of elements of different classes within the
cluster. This approach allows the classifier to better adapt
to the available data to improve efficiency. Note that the D
procedure can be implemented at the stage of data preparation
for classification, and its implementation does not directly
affect the computational cost of classification.

It is obvious that different schemes for implementing the
proposed innovation (14) can be considered, including the
way it is used exclusively for filtering the analyzed data of
the input description, leaving the clustering result for the
descriptions of the etalon database unchanged.

The thresholds δρ and δρ1 do not directly depend on the
database, but the threshold δh depends on these thresholds.
The thresholds δh and δµ explicitly depend on the database.
They are set based on a cross-calculation of the number of
votes or the Tanimoto distance between the etalons. The basis
is the percentage for the largest interclass number of votes and
the smallest Tanimoto distance. The threshold δρ1 depends
on the influence of external factors and sets the required level
of filtering false data during classification. At the same time,
it should ‘‘pass’’ data as close to the centers as possible to
ensure effective classification.

In general, the thresholds for the metric, number of votes,
and filtering are determined experimentally, and their choice
depends on the image database and recognition conditions.

III. EXPERIMENTS AND DISCUSSIONS
The software modeling of the proposed methods was car-
ried out in the Visual Studio Code environment, a modern
cross-platform code editor that supports the Python language,
including its modern libraries [39].
For each image, the Binary Robust Invariant Scalable

Keypoints (BRISK) detector obtained s = 500 the most
significant parameters in terms of the value of the response
binary detectors. The response parameter in the BRISK detec-
tor reflects the degree of prominence of keypoints among the
surrounding pixels. The BRISK descriptor has the dimension
n = 512. The classification results are generated in an Excel
spreadsheet.

Ten images of historical monuments (palaces, castles,
churches) in different architectural styles were selected for
the research [40]. Of these, five images are included in the
etalon database, and the remaining five form a sample that is
not included in the database. The etalon images are shown in
Figure 2, and the images outside the database are shown in
Figure 3.
Figure 4 shows an example of an etalon image with

the coordinates of the keypoints generated and selected
by the response criterion. The response parameter obtained
by the BRISK detector is a floating point number that varies
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FIGURE 2. Etalon images in the experiment.

FIGURE 3. Image outside the base.
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FIGURE 4. Examples of image with coordinates of all keypoints and selected 500 keypoints by
response parameter.

FIGURE 5. Examples of combining rotate and scale transformations.

TABLE 1. Cluster view for etalon images.

from 10 to 245 when calculated for the images in the exper-
iment. The initial number of keypoints obtained is 21000,
and then 500 keypoints with the highest response values are
selected.

At the preparation stage, all images were converted to
halftone, cropped to 700×700 pixels, and centered on a gray
background of 1100 × 1100 pixels. This way, displacement
of objects is avoided relative to the image frame during
transformations and ensure equal conditions for detecting
keypoints.

The test sample included etalon images, the images out-
side the database, and these 10 images transformed by
geometric rotation (+20, -20 degrees) and scale (0.9, 1.1)
transformations and their combinations with offsets. In total,
the performance and speed of processing for a sample of
170 images is evaluated. Examples of images with transfor-
mations are shown in Figure 5.

The modeling and evaluation of processing time was
performed on an HP EliteBook 850 G5 computer, Intel
Core i5-8250U processor (1.70 GHz), 16 GB DDR4 RAM,
Windows 11 Pro OS, version 10.0.26100.

The key moment of the experiment was a comparative
evaluation of the speed and classification accuracy criteria for
the traditional voting method and the proposed method based
on cluster representation using the Tanimoto metric.

The second important point was to study the impact of
introducing the δρ1 filtering threshold on the classification
performance of the cluster-based method.

Clustering for the set of descriptors from the descrip-
tions of the etalon database was performed by the batch
self-learning k-means method with a fixed number of clusters
M = 10. In order to use only the Hamming metric in the
formation of clusters, the updated centroids were transformed
into a binary form.
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Experimental Table 1 contains the composition of the vec-
tor representation for the etalon database (Figure 2).

The data in Table 1 contain fundamental information about
the obtained cluster representation of the etalons, which
largely determines the effectiveness of the classification pro-
cess in general.

As can be seen from Table 1, the composition of the etalons
with respect to the formed centers is relatively homogeneous,
which indicates their high joint similarity.

When functioning correctly, the classifier should success-
fully recognize the etalon samples and assign them to its class,
and images outside the database should not be classified into
any of the classes.

For the voting method, the equivalence threshold for the
pair of descriptors δρ = 128 (25% of the maximum possible
value of the 512 Hamming distance for BRISK descriptors),
as well as the threshold for the decisive value of the number
of class votes – δh = 250 (half of the maximum number) were
chosen.

Based on the analysis of the value of the Tanimoto met-
ric for the set of etalons in the modified feature space, the
threshold δµ = 0.23 was selected as the minimum of this
metric. The maximum value of the Tanimoto metric was
0.53.

As this study experimental analysis has shown, the effec-
tiveness of the classifier with cluster representation signifi-
cantly depends on this actual value (0.23), as it characterizes
the degree of discrepancy within the etalon data. In it revealed
during the study, from a statistical point of view, to ensure
reliable classification under geometric transformations and
possible interference, this value should be close to 0.30. The
required initial level of distinction for a set of selected etalons
can be obtained in such ways as direct selection of etalons,
varying the number of clusters, choosing a clustering method,
center formation model, etc.

In the course of a detailed experiment, several variants of
the δρ1 filtering threshold were researched:

a) Without filtering of the analyzed image and etalons
(traditional).

b) Filtering of the analyzed image and etalons.
c) Filtering of the analyzed image only.
d) Filtering of etalons only.
Among these options for applying the δρ1 threshold to

filter data on cluster centers, the best method according to the
experiment, was chosen in c), when only input descriptions
are filtered, and etalon descriptions are used in full (without
preliminary filtering).

This experimental fact can naturally be attributed to the
properties of the specific data used in the experiment. At the
same time, even the reduction of etalon descriptions under
the influence of the δρ1 threshold without the influ-
ence of geometric transformations showed their confident
recognition of the images used in the experiment. At the
same time, using filtering with the threshold of δρ1 = 192,
the value of the Tanimoto metric for the etalons increased

slightly and ranged from 0.1 to 0.53, and for images outside
the database – from 0.45 to 0.49.

An experimental evaluation for the value of the threshold
δρ1 was also carried out.
As a result, the threshold δρ1 = 192 was determined (as

37.5% of the maximum value of the Hamming distance).
Increasing the δρ1 threshold has almost no effect on the
performance, while reducing δρ1 to the level of 128 leads
to a significant reduction in the input description and makes
classification virtually impossible.

Without the influence of geometric transformations, the
classifier modified by the threshold parameter
δρ1 = 192 with the Tanimoto metric showed an error-free
result. At the same time, the volume of filtered descriptions
of the input images (database and outside the database)
decreased and ranged from 330 to 475, and the value of the
Tanimoto metric for the etalons of ‘‘their’’ classes increased
slightly to the range from 0.05 to 0.20.

As a result of the experiment on a test set of 170 images
with geometric transformations, it was found that both
approaches – voting and quantization using the Tanimoto
metric – demonstrated successful classification with the high-
est possible accuracy pr = 1.0 for the used set of 170 test
input images.

Comparative analysis of the computer time to classify one
image showed that the method using cluster representation
and the Tanimoto metric shows significantly better speed –
only 0.1 ms compared to 9.38 ms for voting, i.e., 94 times
less! At the same time, the gain in processing time for vot-
ing increases proportionally to the number of etalons in the
database.

However, it’s worth mentioning that the performance of
the method with the Tanimoto metric is more dependent on
the characteristics of the used image set. In the experiment,
it was found that swapping the roles between the etalons and
outside the database images (i.e., swapping their places) leads
to some decrease in accuracy for this method on the same test
set to the level of pr = 0.93. The scale transformation has a
greater impact on the accuracy decrease. The magnitude of
the transformation also matters. This parameter indicates a
greater sensitivity of the proposed approach to the formation
of the etalon base and the need for careful selection of rep-
resentative data and the acceptable level of transformation.
Suppose a sufficiently significant difference for the etalons
is provided (by selecting them or by selecting clustering), for
example, at the level of 0.3 according to the Tanimoto metric.
In that case, the proposed method provides no less accuracy
than voting.

The results obtained in the experiment are shown in
Table 2.
Instead, the traditional method under the changed experi-

mental conditions demonstrated stable operation and showed
high accuracy. This method is consistent with its status as a
proven optimal approach that has already proven itself in a
number of similar problems [4], [5], [6], [7].
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TABLE 2. Comparative indicators of the proposed and traditional
methods.

Accordingly, in the applied implementation of the method
with clustering and the Tanimoto metric, in order to ensure
the required level of accuracy, it is worth conducting an
additional analysis with a detailed study of the influence of
the composition of descriptors, specifics of normalization and
filtering of features in the classification process.

The classification speed for the method with quantization
of the set of descriptive descriptors, compared to the tradi-
tional linear search method, expands proportionally to the
increase in the number of etalons and the ratio s/M of the
description volume to the number of clusters.

For the values N = 5, s = 500, and M = 10 used
in the experiment, we have a performance gain of approxi-
mately 94 times. With an increase in the numberM of cluster
centers, the classification accuracy naturally grows too, but
the performance gain decreases. However, the choice of the
most effective M value, unfortunately, which is typical for
all data analysis tasks, also depends on the composition of
the selected database images. After the thorough analysis of
the outcomes of this research and the works [6], [18], we can
summarize that the selection of a cluster structure with the
parameter M that will ensure the required level of accuracy
and speed of classification in an applied task with specific
descriptions of etalons should exclusively rely on the results
of a specific experiment.

The voting method provides high accuracy and stability of
classification, but requires significant processing time. The
high computational time requirements are explained by the
need to thoroughly search through the descriptors of all
the etalons for each input image (linear search).

According to the research results, the proposed method
accuracy is not inferior to voting in situations with small
values of geometric transformation parameters, but it requires
a more thorough study of the etalon base and classifica-
tion conditions. At the same time, the proposed method has
significant advantages in processing speed and can be suc-
cessfully applied to tasks where speed is a critical factor.
Examples include real-time systems and devices with com-
puting resource constraints.

IV. CONCLUSION
Quantization in the space of multidimensional data describ-
ing visual objects extensively simplifies classification
decisions, significantly speeds up computations, and more
accurately formalizes and justifies the classification process
in applied computer vision tasks.

The introduction of quantization makes it possible to take
into account the intrinsic nature of the processed multidimen-
sional data to a greater extent, with the possibility of using

the apparatus of multisets or fuzzy sets. Quantization in inter-
action with the metrics apparatus not only makes it possible
to formalize the classification process and avoid ambiguity
in the interpretation of data equivalence but also provides a
decent level of accuracy with a significant gain in processing
speed. The classification time for the researchedmethod prac-
tically does not increase with the number of etalons, while
the computational cost of the traditional method is directly
proportional to the number of etalons.

Classification methods based on quantization of etalon
information, in addition to those discussed in this paper, have
several further development prospects.

First, it involves improving or analyzing of clustering pro-
cedures to select the most effective one in distinguishing
between descriptions for the etalons of different classes in
the cluster representation. For example, separate clustering
on a set of etalons enhances the effectiveness of classification
methods using a cluster representation [6]. Another signifi-
cant improvement in the performance of the classifier based
on available a priori information may be the use of class
number values for etalon descriptors during clustering.

Secondly, it is the analysis and use of the weighting coeffi-
cients of the cluster representation to identify and concentrate
the most significant ones.

Thirdly, it controls the scale of the cluster view (number of
clusters) using the filtering model (14).

All of these improvements can be made at the prepro-
cessing stage to ensure consistent classification performance
across the board for the applied image set.
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