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ABSTRACT The problem solved in the article is reduction of computational costs for the image classification
process when applying structural methods. The main focus is implementing tools for granulation, screening,
and clustering processing a set of elements of etalon descriptions. As a result of compression, each etalon
is transformed into a reduced set of descriptors or data centroids, ensuring high speed and performance of
image classification. Several variants of simple data compression schemes are assessed and compared to
the traditional linear search method, along with two variants of etalon clustering. The comparison includes
results achieved for the entire data set and for each of the images separately. The paper presents the results of
software modeling of the proposed approaches for two experimental sets containing images of football club
logos and artistic paintings. The test sample includes a set of images from the etalon database along with
other images that do not belong to the database and with a set of geometric transformations of shift, scale,
and rotation in the field of view applied to them. The research covers practical issues of choosing threshold
parameters to set the equivalence of descriptors and minimizing the number of class votes to ensure the
required level of classification accuracy. Testing has confirmed a significant processing acceleration and
a sufficiently increasing level of classification accuracy due to employing compression. Particularly the
conducted modeling revealed a tenfold increase in speed. It has been experimentally confirmed that using a
clustering apparatus has a much higher potential in terms of classification accuracy and speed than simple
sifting or granulation schemes based on close description components.

INDEX TERMS Classification speed, data clustering, description compression, granularity, image

classification, keypoint descriptors.

I. INTRODUCTION. LITERATURE REVIEW

One of the most significant, relevant and still unsolved
problems in computer vision systems is ensuring the required
performance of their applied functioning, particularly, the
accuracy and speed of data processing. This problem is
especially applicable to visual object classification tasks
where a large number of prototype classes are used, the
images of which are represented as a set of vectors.
Traditionally, such tasks are referred to Big Data [1], as they
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require a volumetric linear search in a multidimensional data
space [2], [3], [4], [5], [6].

Among applied applications, the most widespread is
the continuous-group approach to recognition based on a
deterministic model of forming the variety of analyzed
images [6], [7]. According to this model, an endlessly
powerful class of images is generated using a set of priori
unknown topological transformations applied to some fixed
etalon realization [7], [8], [9].

Modern structural methods classifications analyze a visual
object as a set of keypoint descriptors [7], [9], [10], [11], [12].
Special filters — detectors, calculate keypoint descriptors. The
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keypoint descriptor is represented as a binary vector of 256 or
512 elements [6], [11], [12].

Structural methods use the bag-of-words model to pro-
cess classification, and the result of voting for the set
of descriptors of the recognized object determines the
class of an object. Consider that structural analysis has
certain advantages over modern neural network technologies,
as it is based on direct alignment with the description or
parameters of the etalons and does not require long-term
training [3], [5], [6]. Moreover, applying structural methods
allows quick changes in the etalon data set content and
composition, making these methods universal regarding the
set of recognized images [13]. Another significant advantage
of the implementation of structural methods is the ability
to make a decision and classify parts or details of the
description of a visual object. The functionality of the
keypoint descriptors apparatus has the property of invariance
to geometric transformations of objects in the field of view,
which is essential for solving applied tasks [5], [6], [7], [8],
[9].

The use of structural methods for image classification
claimed as more efficient than artificial neural networks,
as they allow to avoid such problems as the difficulty
of constructing effective network training algorithms [14],
significant training time [15], determining the produc-
tive network dimension, high requirements for computing
resources [16], the need to ensure invariance to geometric
transformations of objects, the limited range of tasks for a
particular network solely based on the training result, etc.
[10], [17], [18], [19].

Recently, deep learning methods [20] based on statistical
characteristics of the image texture have shown decent
efficiency for the task of image classification using neural
network methods. However, the effectiveness of these
methods, like all neural network approaches, often depends
on the synthesized network structure, which, in turn, is related
to the application and observation conditions. At the same
time, the task of forming a compressed set of features does
not lose its relevance when implementing a deep learning
apparatus.

At the same time, structural methods provide possibility
for improvement by reducing the computational cost of clas-
sification [3], [20], [21], [22], [23]. One of the improvement
options is to develop hierarchical methods of data retrieval
based on clustering, hashing, or evaluation [8], [20], [21].
There are also ways to reduce the dimensionality of the
structural description by filtering out descriptors based on the
criterion of information content [8] or uniqueness [20]. For
example, the informativeness criterion is based on the value
of the difference in the distance of the descriptor to its own
and other etalons in the classification database. However, the
key factor for effective classification is still the group metric
correlation between sets of descriptors [3].

Enhancing the performance of structural methods can also
be achieved by reducing the number of descriptors in the
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description of the etalons [24]. Any reduction in the number
of descriptors is crucial because it helps skip difficultly
implementable combinatorial aspects while solving the task
of comparing multidimensional feature sets [24], [25].

Based on the mentioned above advantages, the application
of the principles of data granulation can be considered a
promising solution [4], [22], [26], [27], [28]. The founding
of granulation in computational intelligence with the intro-
duction of fuzzy set apparatus belongs to Zadeh [27], [29].
Granulation is the process of obtaining aggregated data that
is significant in some sense [4], [26].

In particular, granularity can be performed according to the
indistinguishability criterion, which states that components
should be grouped together if they demonstrate similar-
ity. Describing data in different degrees of detailization
can be used to contribute to the creation of hierarchical
systems with multiple levels of granularity [3], [4], [22].
However, achieving the desired level of abstraction based
on the task and data description requires experimental
validation.

One of the methods of description reduction that have
been studied is determining the set of centers constructed
on the basis of percentile relations concerning the medoid
for the data set [21]. Other developed approaches implement
the removal of a subset of descriptors with low informative
value [3], [8].

An effective example of implementing the granulation
principle for integrating in the space of image features is
the pyramidal representation [6], [7], [9]. The pyramidal
structure integrates the brightness for spatially close image
pixel coordinates and reduces the amount of multi-scale
visual information. The concept of data granularity has
become widespread in pattern recognition systems. Various
aspects of creating an effective feature space in image
classifiers are studied [2], [5], [6], [30]. Granularity is used
in the object-background segmentation methods to improve
performance [8], [10]. Effective metrics in the granular data
space have been presented [31]. The outcomes of applied
research on the use of compressed description representation
have been obtained [8], [21], [32], [33], [34].

Methods of clustering, hash baskets, or center estimation
can be considered metric granulation, as they are based
on calculating the proximity of data to each other using
the metric [3], [4], [8], [28], [35]. Implementing these
approaches improves processing speed with an acceptable
decrease in classification accuracy. However, achieving the
required performance values requires a deeper study of
all the possibilities and nuances of the applied use of the
granulation and sieving apparatus to fulfill the need for
objective confirmation of their universality in the field of
analysis of multidimensional data.

The range of metric granulation methods is quite extensive,
from relatively simple approaches related to identifying pairs
of the most similar description descriptors to discarding one
of these pairs. At the same time, this range includes the most
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complex multistage clustering methods in multidimensional
data spaces [3], [35].

For example, similarity (equivalence) granulation involves
finding the metrically closest descriptor and excluding it from
further processing. This step helps to reduce the amount of
computation at times while maintaining the representation of
descriptors in the description.

As an alternative to intelligent methods, reducing the
description through simple schemes of eliminating elements
according to some law of order in the full description can be
also considered. Sifting involves the exclusion of, e.g., every
second element from the dataset, which makes it possible to
halve the data volume and reduce the amount of computation.
It is easier to perform, does not require distance estimation,
and is fast. Another scheme is to generate a small description
of the keypoints directly by the detector or to randomly select
a reduced subset from the full description.

Definitely, these simplified transformation methods do not
consider the significance and spatial relationships of the
elements, which can lead to the loss of important information
and a decrease in classification accuracy.

This research and paper focuses on the study and
experimental implementation of metric granulation and data
sifting in structural methods classification, as well as on the
analysis of their effectiveness compared to the traditional
method without granulation. The main goal is to study the
impact of the proposed modifications on the speed and
accuracy of classification, which is important for improving
the performance of computer vision systems in practical
applications.

The article’s contribution is a detailed study of the
effectiveness of creating a hierarchical description represen-
tation with several hierarchy levels. Another outcome is the
confirmation of the practical advantages of implementing
intelligent analysis by creating granular descriptions com-
pared to trivial sifting schemes and generating abbreviated
descriptions directly by keypoint detectors.

Il. FORMULATION OF METRIC GRANULATION

Let us present a structural description of Z = ({z}}_,
visual object (a set of keypoint descriptors) as a set of F(Z)
transformed descriptions f, obtained at successive levels of
hierarchical representation

F(Z)=U{f,R |, s(r) = card f,, (0

where s(r) is the power of the description of f, at the hierarchy
level with the number . At r = 0, there is the lowest level,
representing the full description of Z. The highest level with
the number R is the transformation in the form of a single
data vector. The medoid of a set of vectors or center-vectors
including averages of set’s elements may be an example [8],
[20]. The hierarchies of f,. are formed sequentially in a
recursive way, starting from the lowest level (description Z).
The result is a structured sequence of descriptions

Z—)f] —>f2—> —>fR
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The purpose of constructing a hierarchy is to reduce the
dimensionality of the description and improve classification
performance by speeding up data processing procedures.
To create a consistent hierarchy of descriptions, at each step,
a specific procedure T of transformation is applied to reduce
the power of the description when moving to the next level

frr=T{},s(r+1) Ls(r).

The task of forming a higher-level hierarchy is set until
the classifier using the compressed description of f.41 will
effectively produce the result of a given accuracy. And the
main task of transforming T is to speed up the classification
process by generalizing the description data.

The definition of T is a data granulation procedure based
on the model of forming one vector of the next level based
on the analysis of a pair of the most similar vectors of the
previous level. This action is used in the process of data
clustering [8], [28], [35].

Recursion allows the application of the same procedure
that establishes the law of transition to the next level. This
procedure delivers one element of the upper level based on
a group of elements of the lower level. This is a model of
pyramidal recursive structures. In fact, the procedure 7" splits
the set of descriptors into pairs of equivalent elements.

With the introduction of 7 to describe the etalon Ej with
the number of s descriptors, the following transformation is
obtained

T (Ex) — Ej, card (E,f) =sk) < s, 2)

which results in a filtered description of E ,f, that is a subset
of E,f C Ej elements from Ej, selected according to a certain
granularity criterion. For better practical results, it is proposed
to reduce the description power by about 1.5-2 times at each
processing stage. As a result of the implementation of (2),
the E = UE} data set acquires a shortened representation as
E* = UE].

The criterion in (2) is the definition of the next level
element through a pair of the closest elements of the lower
level. Thus, the metric proximity plot is the basis for forming
the next level granule.

The principle of analyzing the metric proximity of
descriptors can serve as the basis for creating various options
for filtering (reducing) data. Considering specific options for
constructing the T transformation, based on the value of the p
metric for descriptors, any logical operation can be obviously
used to obtain the next-level granules.

A. GRANULATION BY EQUIVALENCE THRESHOLD
For each of the descriptors ey (k) € Ej the closest descriptor
ex (k) in the set E; is determined by the metric p. And it
corresponds to the linear metric search model
ex (k) = argminy.q p (ey (k) , eq (k)) . 3)
After determining the descriptor with the minimum metric,
the equivalence condition is checked: p (e4 (k) , ex (k)) < 6,,
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where 8, is a given threshold parameter for the metric
value, which approximately establishes the equivalence of
two descriptors. In the space of multidimensional vectors, the
value of §, is often set to 25% of the maximum value of the
metric, but it can be changed depending on the task and input
data [8], [22].

If the equivalence by the §, threshold in (3) is not
established, then the first argument is recorded in E,Z", this
element is excluded from further processing, and the second
one continues to participate in the analysis. It’s worth
mentioning that the order of descriptors in the description and
the value of §,, directly affect the results of granulation.

In fact, the model (3) for determining the equivalence of
two vectors is supplemented by the predicate P:

P(z1,22) =1 | p (21, 22) < 3p. )

The number of vectors obtained using this variant depends
on the threshold §,,.

An alternative way to implement (3) is to determine the
pair of nearest vectors without applying the condition (4).
In this case, the amount of description is reduced level
by level by about half. If the closest one with a threshold
is determined, the advantage is less than 2 times, and the
specified distance limit between the newly created granules
is preserved, which maintains the degree of differences for
the generated data. There is even simpler analysis option to
search with a specified equivalence threshold until the first
identical element is determined.

B. GRANULARITY WITH THE SMALLEST DISTANCE
FILTERING

To calculate the distance matrix between all description
descriptors Ex [5], the selection method starting with the
smallest distance is applied. The next descriptor is added to
the list £/, and the corresponding row and column of this
descriptor are excluded from the matrix. The next step is
analyzing the descriptor with the next largest distance value.
This way a fixed number of descriptors is consistently added
to the set E}'. This method is a bit more complicated than the
previous one, as it may include sorting by distance. However,
it does not depend on the order of descriptors and does not
require adapting the 3, threshold to the content of the data.

As a result, the lower-level features of the researched
analysis methods are combined into complexes and further
considered as a single feature. Compared to clustering, the
studied granulation procedure creates a modified data space
controlled by the equivalence parameter step by step.

As an alternative to the granularity methods discussed
above, reducing the description by eliminating elements with
a fixed step is considered. For example, the method of selec-
tive exclusion may be applied, where every second descriptor
is removed from the set regardless of its characteristics.

The proposed method has a number of well-known
drawbacks. The loss of important descriptors that are critical
for classification may be one of flaws. Discarding elements
is done mechanically without assessing their importance or
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role in the overall structure of the set. After such rejecting,
either only important or only unimportant descriptors may
remain. For complex tasks requiring high accuracy, this
method cannot be effective, as it does not provide in-depth
data analysis and may lead to incorrect results.

IIl. CLUSTERING FOR A SET OF DESCRIPTION
DESCRIPTORS

Clustering is referred to as a data quantization apparatus with
the definition of a system of centers [8], [28], [35]. The usage
of the clustering apparatus on a set of descriptors is studied.

The database E of etalon descriptions will be clustered.
Two alternative approaches to clustering are researched: one
with the same number of M clusters — collectively for the
entire set E (system of centers W) and separately for each of
the etalons E;,i = 1, ..., N (system of centers W2, m centers
for each etalon) [8]. As a result, two options for centers are
obtained

w' = {le}’_” W= {W;ﬁ . 5)
J=1 Jj=1

The equal number of M clusters in (5) is chosen solely
to ensure an objective comparison of the performance
of the separate and joint cluster representation of the
etalon descriptions. In fact, the set of centers in (5) is an
approximation for the set £ and creates a new space of
classification features.

At the same time, to obtain a vector representation for
each etalon according to the constructed system of centers
in the first variant (joint clustering for E), it is necessary to
perform a competitive analysis of the description for each of
the etalons Ex. To do this, for the elements of z € Ej the
number of v of the nearest center in the set W, wj € wlis
determined

v=argmini_; P (wj. 2) . (6)

The scheme (6) is an embodiment of the search model
for the nearest cluster center. As a result of applying (6),
a representation of the etalon Ej in the form of an integer
vector gEx = [g1, &2, ..., &um] is obtained with the number
of components equal to the number of clusters. Here, g4 is the
number of description descriptors of Ej that were assigned to
the cluster with the number d according to the model (6). The
vector g is the distribution of the description data over the set
of clusters. In the process of classification, for the analyzed
image with the description Z, it is likewise necessary to obtain
the vector g (Z) of the cluster representation.

For the system W? a fixed equivalent number m of
cluster centers for each of the etalons is already obtained,
and M = mN, since the etalons were clustered separately.
Therefore, no additional analysis or transformation of the data
etalon representation is required. In general, the number of
centers m is a parameter that depends on the data composition.

IV. CLASSIFICATION SCHEMES AND CRITERIA
The technology R of structural classification is implemented
in two stages according to the model R = RyR;. The stage
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R; executes a local decision regarding the class of object
descriptors, and the stage R> based on the decisions (votes)
of the components of the entire description, receives the class
value for the analyzed object [5], [8].

The classifier Ry applies an element-by-element analysis
to the input description Z = {z,}}_, of the object and assigns
the descriptor z, € Z to one of the classes according to the
rule

Ry:z,—>{1,...,N}. 7

The class k of the analyzed descriptor z, of the object in the
model (7) is defined as the argument of the minimum distance
p on the set E of descriptors of all classes

Ryt k =argmin,_y  y.g=1...P @v, €q (D). ®)

Here p : B" x B" — [0, oo] is the distance in the vector
space B".

In the competitive model (8), it is advisable to use the
Hamming distance, which determines the number of distinct
bits in two binary vectors [5], [8]. The expression (8)
minimizes the distance value by the variable i (class number)
on the set of descriptors of the dataset E. In the formula (8),
the determination of the minimum can be organized both for
the full list s - N of base descriptors and separately for each
of the N etalons (with a set limit on the minimum value).

In the separate analysis method, the number of object
descriptors corresponding to a fixed etalon is counted for each
class. This model applies multiple vote counting when the
same object descriptor can find a match for the etalons of
different classes.

Thus, model (8) implements multiclass classification for
a single descriptor in the vector space B" based on the best
match on the set E of etalons.

To implement R, a vector {hi}ﬁ-v: | is introduced with
integer values for the accumulated number of class votes
obtained by applying (8) to the object Z. Based on R,
for each z, € Z, according to (8), the class number & is
determined, and then the vote accumulator s; = h; + 1 for
the corresponding class number is incremented. The resulting
vector {hi}{y: | is the distribution (histogram) of the votes
number of the set Z in the class system.

As a result of processing the object description Z, the
vector {hi}ﬁ\’: | is calculated. The class Z is defined by the rule
R» as the maximum argument

Ry :Z — Ek|(k = arg maxh,-)&(hk > 6n), ©)]
i=1,...N

where 8y, is a threshold for the minimum number of votes.

If the condition (hx > ;) is not met, the object’s class is

considered unassigned. This is a refusal to classify when there

is no reason to assign an object to any of the classes.

The value of §;, is determined experimentally for the
database E. As a rule, §; is chosen as the minimum number
of votes (with a tolerance) required to confidently classify
the test set based on the etalons. From the general theoretical
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point of view, §, is a compromise in the task of distinguishing
the etalons from the rest of the images that can be input to the
classification system [3], [8].

The sequence of rules Ry, R; implements a classifier
based on solutions obtained for a set of object components.
It implements the principle of structural analysis and provides
resistance to spatial distortions of descriptors due to possible
interference.

The traditional classification method implements mod-
els (8), (9) for the full set of database descriptors. The
classification process using granular descriptions is modified
by performing a limited search procedure on the reduced
database E* = UE}. It is necessary to consider that
the description of the object remains complete, while the
descriptions of the etalons are reduced [8]. It is supposed
that the full-fledged Ej and transformed E; etalons have
approximately equivalent power values for different classes.
In this variant s elements of an object distribute their votes
according to the system of N classes, and as a result, the
following is obtained 25:1 hy <s.

The value of §, is determined experimentally for a given
database E of etalons. As a rule, it is determined as the
minimum number of votes &, (with a tolerance), required
for confident classification of the test sample based on the
etalons. From a general theoretical point of view, & is a
compromise in the task of separating the etalons descriptors
from the descriptors of the vast majority of other images that
may be input to the classification system [8].

In practical application, choosing a threshold based on the
8n = 0.95h;, model is recommended, which corresponds to a
5% downward deviation from the /,, minimum.

The classifier using joint clustering based on the system
of centers W! first receives the vector representation
g(Z)=1g1, 82, --..,8mu] of the recognized object according
to the model (6), and then, using the metric u for vectors of
integers, determines the class of the object as an argument
to the minimum of the metric u on the set of cluster
representations for the base etalons E

N1 (g (Z),g(E). (10)

A variant of the metric i in (10) can be the Manhattan
distance of the space of integer vectors. Using the rule (10)
instead of (8), (9) for the traditional method gives a boost
in computational volume approximately proportional to the
value of y = s/M. Note that in order to filter out images
outside the database, the optimal value of the metric w in (10)
must satisfy the significance condition p, > 3.

The classifier based on separate clustering at the stage R
implements the model (6) on the set of centers wr e W2
In this case, the class of the descriptor is uniquely determined
by the identified cluster center, and the class of the analyzed
object is estimated by the model (9). The enhancement of
computational time compared to the traditional method is also
proportional to the value of y.

When local interference is present, the classification using
the methods under consideration is actually based on the

Ry:Z — E,|v = arg min;_,

.....
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FIGURE 1. Classification scheme based on the abbreviated description of the etalons.

undistorted part of the description of the analyzed object.
In this case, the number of votes naturally decreases, so the
parameters of §,,, 8, should be adapted to the acceptable level
of interference.

Since in separate clustering the approximation is per-
formed by forming centers for the etalon data, the criterion
that can predict the classification performance is the average
distance between the systems of centers for pairs of etalons.
If the vectors for the centers of a pair of etalons is denoted as
A = {a}}", and B = {bj};"zl, then this criterion 8 has the
form

pan=[>" > ol )] m?.

The value of (11) is within the definition of the metric p.
For binary vectors of dimension »n and the Hamming metric,
the indicator (11) belongs to [0, n]. The larger the value of 8
is, the greater the dispersion between the systems of formed
centers is and the higher the degree of distinction between the
classes of A, B in the space of cluster centers is.

The classification scheme, according to the abbreviated
description, is shown in Figure 1.

(11)

V. EXPERIMENTAL PLAN AND PERFORMANCE CRITERIA
In the experimental part of the paper, the performance
indicators (accuracy, speed) are studied for the following
typical description reduction schemes:
1) Classification by full descriptions without abbrevia-
tions (traditional scheme).
2) Implementation of granulation at the Sth level with a
threshold.
3) Implementation of granulation at the 5th level without
using a threshold.
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4) Formation of a fixed number of 15 descriptors for each
etalon image by the Oriented FAST and Rotated BRIEF
(ORB) detector [36].

Sifting by selecting every 33rd descriptor from the
etalon description.

Sifting five times by discarding one at a time until
reaching 15 descriptors in each description.

Selection of the first 15 out of 500 descriptors for each

etalon description.

The parameters in schemes 2—7 are chosen to obtain an
approximately equivalent number of 15 descriptors in the
abbreviated description.

The classification performance is evaluated by the accu-
racy criterion pr, which reflects the ratio of the number of u
test images with a correct class assessment (or definition as
an image outside the etalon database) to the total number of
U experiments [3], [5]

5)
0)

7)

pr=u/U. (12)

Another important criterion is the credibility of the
classification decision based on the number of votes received
by the classes. The credibility of B8 characterizes the degree
of confidence in the decision and is assessed by the criterion
in the form of the ratio of the local (second largest) maximum
hp» among the votes {hi}f.vz | to the main maximum /,,;:

:8 = hmZ/hml .

The lower the value of (13) is, the higher the credibility of
the classification solution is.

13)

VI. EXPERIMENTAL RESULTS AND DISCUSSION

The main goal of conducting the described experiments
is to confirm the performance and effectiveness of the
proposed granulation methods (including clustering) in the
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FIGURE 3. Images outside the base.

classification task in comparison with the traditional (full
description) and simplified (after discarding) methods.

A. EXPERIMENTS WITH THE DESCRIPTION
GRANULATION

The OpenCV library [37] was used to conduct the research.
The ORB detector [11] was used to detect and describe
keypoints in the images, and sets of keypoint descriptors were
determined for the test set of images. The full descriptions of
the etalon and test images include 500 ORB descriptors with
a possible slight deviation.

The test set in the experiment consisted of 72 images.
It contained five etalon images of football club logos
(classification base, class alphabet, Figure 2), three out-of-
base images (Figure 3), and images obtained from these eight
images by applying geometric transformations of scale (10%
reduction or increase), rotation (30 degrees to the left or
right), and a combination of scale and rotation (Figure 4).
Evidently, the first and third out-of-base images selected
(Figure 3) have significant visual similarity to some of the
database etalons. Figure 4 shows examples of test images with
coordinates of keypoints and under the influence of geometric
transformations.

A classification error was recorded when a transformed
etalon image was assigned to an ‘‘alien” class and a
transformed image outside the database was assigned to one
of the available classes.

To perform the equivalence threshold granulation, the
threshold §, = 37.5% was set from the maximum of the
metric (256) at each level. The granulation was conducted in
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KY1V.

TABLE 1. Classification parameters using granularity.

Granulation . Number of Number of votes per
Time, s base
level . class
descriptors

Full description 2945 2492 500, 500, 495, 497, 500
I 15.19 1279 411,409, 435,451, 441

11 10.05 830 304,331,404,417,368

111 7.27 586 242,267, 390,373, 306

v 5.55 449 212,237,368, 318,256

\ 4.48 376 213,217,343, 267,227

several stages, and according to the modeling results, it was
decided to stop at the fifth level of the hierarchy, where the
level of accuracy begins to decrease significantly. Using the
threshold analysis, the number of elements was reduced by
less than half at each stage.

Table 1 shows the data demonstrating the number of
database descriptors remaining after performing granularity
ateach level. Table 1 also contains the number of votes for the
correct class and the estimated time for classifying one etalon
image at different granularity levels. The results of Table 1 are
obtained for the descriptions of the existing etalon database
(Figure 1).

As seen from Table 1, as the level of granularity increases
from I to V compared to the full description, the number
of descriptors in the abbreviated descriptions of the etalons
decreases from 2492 to 376, and the classification time
decreases proportionally. Even with a significant reduction
in the number of informative elements at the Vth granularity
level (six and a half times compared to the full description!),
the classification accuracy obtained in the experiment
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FIGURE 4. Examples of test images with keypoint coordinates.

TABLE 2. Accuracy and credibility indicators for different reduction
schemes.

Scheme 1 2 3 4 5 6 7

Accuracy, pr 1.0 075 063 063 095 085 05
Credibility, 8 020 048 0.60 057 0.63 0.62 0.72

remains at the highest level pr = 1, and the maximum votes
in all experiments correspond to the ‘““correct” class.

To illustrate with the concrete example, the values of the
maximum votes {hi}i.V: | for one of the options for shortening
descriptions were 175, 148, 164, 172, 192, which means
that according to this data, the threshold §;, is equal to
8n = 0.95 x 148 = 141 votes. So, the further decision to
assign a class is made if the number of votes is 141 or more.
For images outside the database, the number of votes must be
less than 141.

In contrast to the equivalence threshold granulation, the
fixed step discarding approach always reduces the number of
elements by a corresponding number of times. For example,
the number of descriptors when sifting through one at the
hierarchy levels was discretely reduced as 2492, 1245, 622,
309, 154, 75.

An important point is to study the impact of geometric
transformations on classification performance. The simula-
tion on the test set of 72 images with the implementation of
geometric transformations brought the following outcomes.
For the experimental evaluation, the results of granulation
No. 2 and No. 3 at the 5th level were selected, where the
number of descriptors in the description of each etalon
was reduced to 15, i.e., 33 times less compared to the full
description. The alternatives with the same parameters were
the screening schemes No. 4—No. 7 and the traditional method
No. 1 with full descriptions of the etalons.

The obtained values of accuracy and credibility are shown
in Table 2.

The analysis of the data in Table 2, demonstrates that the
traditional method (Scheme 1) based on the full description
has the best accuracy (highest value) and credibility (lowest).
However, the other methods (Schemes 2—7), which are aimed
at speeding up the classification, require approximately
33 times! less processing time and have slightly worse
performance.
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Granulation with a threshold (Scheme 2) showed slightly
better results for both criteria than granulation without a
threshold (Scheme 3). This difference can be explained by
the introduction of an additional analysis for the value of the
minimum distance.

Scheme 7, which uses the first 15 of the generated
500 descriptors from the etalon descriptions, has the
worst accuracy and credibility. Schemes with sifting 5 and
6 revealed a fairly high level of accuracy but with a
low credibility coefficient. This fact emphasizes that the
effectiveness of the discarding procedures (Schemes 4-6),
in general, depends significantly on the sequence of descrip-
tors in the description and on the discarding principle
itself. To overcome this problem, may require additional
multiple processing to achieve the required performance
indicators.

Scheme 4 reduction is based entirely on the properties of
the ORB descriptor; its implementation does not guarantee
high classification performance.

B. EXPERIMENTS WITH DESCRIPTION CLUSTERING

To make a comparison, a software modeling of the classifier
was conducted using the two clustering methods considered:
for the entire database and separately for each of the
etalons. The database containing five images of paintings by
the Ukrainian artist M. Primachenko [38] was used, along
with three of her other paintings outside the classification
database.

Figure 5 shows the paintings from the database used and
the coordinates of the keypoints of the descriptors obtained
by the Binary Robust Invariant Scalable Keypoints (BRISK)
detector (a 512-bit vector) [12]. The artist uses an original
technique for her paintings, which at the same time makes
them visually similar to each other.

For clustering, M = 15 clusters for the database
and m = 3 for each of the etalons were applied. The
conditions of modeling under the influence of geometric
transformations corresponded to the methods are described
above. The following research results are worthy of mention.
The traditional method for images of paintings also showed
the highest accuracy pr = 1, successfully classifying all
images from the database and separating out-of-base images.
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FIGURE 5. Images from the image database and coordinates of keypoints.

The modified method based on cluster centers for the full
database demonstrated an accuracy of pr = 0.82, and with
separate clustering — pr = 0.90. Notable that the separate
clustering gives a slightly higher level of accuracy.

When the number of clusters was increased to m = 5 for
each etalon (25 centers in total for the database), the accuracy
of the method with clustering of the full database naturally

increased to the level of pr = 0.88, and with separate
clustering — to pr = 0.98.
Consider that the value of the parameter m = 5 in

the clustering methods means that only 5 centers of data
are used for each of the etalons. In contrast, the data
in Table 2 (Schemes 2-7 for the reduction) are obtained
for the case when 15 descriptors represent each etalon.
Thus, the clustering methods achieve significantly better
accuracy (0.88 and 0.98) and three times less computational
cost.

Measurements of the time to classify one image in the
clustering experiment reveal advancement over the traditional
method of about 158 times for the variant m = 3, which is
almost the same as the theoretical calculation. At the same
time, the classification time with joint and separate clustering
is approximately equal.

Apparently, introducing data clustering into the classifica-
tion process has significantly reduced computational costs at
the expense of a slight decrease in accuracy.

It should be noted that all experimentally obtained
accuracy rates directly depend on the selected image database
and on the set of alternative images from outside the database,
which may vary. The key factor is the visual similarity of
the analyzed images to each other, which is directly reflected
in the proximity of the descriptor sets. At the same time,
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a significant gain in processing time and accuracy when
using clustering compared to other processing schemes is a
significant and objective factor.

VII. CONCLUSION

The traditional method of structural classification is based
on a voting procedure and, in practice, implements the
nearest neighbor method on a set of descriptors for the
etalon description database. The granulation and discard-
ing of features for the etalon descriptions successfully
reduce the search volume, which generally increases the
classification performance in proportion to the degree of
reduction.

Although the choice of the most effective way to compress
the description in classification methods depends heavily on
the defined set of etalons and the permissible variety of input
images, the implementation of intelligent clustering meth-
ods has significant advantages over simple data reduction
schemes.

Given that the compression of etalon information is
performed only once at the preprocessing stage and there-
fore does not increase the classification time, intelligent
approaches, through deeper data analysis, not only simplify
calculations but also provide a decent level of accuracy.
In addition, integrated data centers are created, which
may be practical to implement in many classification
cases.

The effectiveness of simplified approaches is random,
varies widely, and depends not only on the order of
descriptors in the description but also on the implemented
processing scheme, which may require multiple checks or
selection of different rejection options.

43639



lEEEACC@SS V. Gorokhovatskyi et al.: Image Description Compression in Classification Structural Methods

The use of the clustering apparatus has a much higher
potential in terms of better accuracy and speed for the classi-
fication process compared to simple schemes of screening or
granulation by identifying close description components.
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