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CONTENT-BASED IMAGE RETRIEVAL METHOD
IN A MULTIDIMENSIONAL MODEL AT BIG DATA SCALE

The subject of the study is the method and algorithms for content-based image retrieval within the Multidimensional Cube (MDC)
model. The goal is to develop a search method based on image descriptor vectors and an algorithm that implements this method in
both sequential and parallel versions for MDC. The research tasks include: defining requirements for the search method; analyzing
the MDC model structure and defining the approach to the search method; developing search methods and algorithms for scenarios
where the model is stored in RAM or in a relational database; integrating parallel computing into the algorithm; analyzing alternative
models based on multidimensional trees, graphs, hashing, inverted indexing, quantization and inverted multi-index structures;
developing evaluation metrics and conducting experiments to compare the efficiency of the MDC-based method with alternative
search models. Methodology: analytical and comparative methods for search algorithm evaluation, modeling, and experimental
verification were applied. Thread-level parallelism and hardware optimization methods were used, along with comparative analysis of
model efficiency (KD-tree, Locality-Sensitive Hashing, Hierarchical Navigable Small World, Inverted File with Flat Compression,
Inverted Multi-Index). Statistical methods were employed to assess results using recall, search time, and model construction time
metrics. Experiments were conducted with both web-sourced and synthetic image descriptors, as well as load testing to evaluate the
model’s throughput. Results: a new search method and the Wave-Search Algorithm were developed. Its parallel version achieves up
to a 3x speedup. For top-10 and top-100 queries in a dataset of 1 million descriptors, MDC shows the best overall performance among
the compared models based on the metrics and strong stability under load. Conclusions: the proposed search method and its
implementation (Wave-Search Algorithm) efficiently utilize the MDC model’s structure for search tasks, outperforms alternative
search models in terms of effectiveness, demonstrates robustness under load, and has significant potential for further development,
including the use of hardware acceleration.

Keywords: similarity search; big data; search algorithms; data structures; content-based image retrieval; parallel computing;
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Introduction search algorithms, which are applied depending on the
requirements. For example, for graphs, depending on the

expected result, the classic Breadth First Search and

Information search is a fundamental need of

humanity. Even in ancient times, when writing began
to develop, there was a need to organize existing works
and search for information contained in them. This led
to the emergence of alphabetical indexes, catalogs,
and indexes, which formed the basis of modern
search systems [1].

Search engines have undergone a long period of
development. Their implementation involves both
classical approaches, such as Boolean, Vector Space, and
Probabilistic models, and more modern ones, such as
machine learning, deep learning, neural ranking models,
contextual and semantic methods [2].

Search is used both in everyday tasks, such as
renting accommodation, buying tickets, searching for
goods, etc., and in professional fields such as medicine,
education, business, e-commerce, and science. It greatly
simplifies and speeds up the process of analyzing the
necessary information [3].

A search engine is based on a model that uses
a specific data structure. Each data structure has its own

Depth First Search algorithms can be applied. This makes
search models universal and allows them to be widely
used in various tasks [4].

With the growth of visual content, there is a need
for effective image retrieval and search based on graphic
information. Content-based image retrieval (CBIR)
systems allow images to be found based on their
visual characteristics, such as color, texture, and shape.
Modern CBIR systems are actively used in medicine,
e-commerce, and other industries. The implementation
of such systems requires special data structures and
search algorithms [5].

Despite significant progress in the development of
CBIR systems, there are challenges related to scalability,
efficiency, and search accuracy. In particular, there is the
problem of effective representation of visual data in the
context of Big Data and performing effective searches in
these conditions. Therefore, the development of new
models and search algorithms is an important task
for modern research.
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Analysis of recent studies and publications

Each CBIR model has its own search methods.
They are determined by the data structures underlying the
model and implemented by specific search algorithms.
Basically, modern models are based on: multidimensional
trees, hashing, graphs, and clustering. Special adapted
vector databases can also be used. The chosen approach
to indexing and searching directly affects the speed and
accuracy of the CBIR system. Models use graphical
information representation in the form of a descriptor,
which often takes the form of a normalized vector [6],
and compare them using special metrics [7].

Tree structures organize descriptors hierarchically,
which allows you to effectively narrow down the search
area. Searching in KD-Tree is performed by recursively
comparing coordinates with node boundaries, which
allows you to quickly filter out unnecessary branches.
Quad-tree uses recursive division of space into quadrants,
checking only those that contain the requested point.
R-tree checks the minimum rectangles containing objects
and recursively examines subtrees for range matching [8].
In B+ Tree, the search goes through internal nodes to
leaf nodes, which optimizes range queries [9]. VP-Tree
compares the distance to the reference point in each node,
filtering out unnecessary areas. Ball-Tree compares the
distance to “balls” (nodes) and recursively filters out
irrelevant parts of the space [10]. Learned index uses
machine learning models to predict the location of
an element, significantly speeding up the search [11].

Hash methods organize the search for similar
objects in different ways. Locality-Sensitive Hashing
(LSH) performs a search by comparing hash codes:
the more similar the objects, the more likely their hashes
will match [12]. Spherical Hashing improves this process
by using hyperspheres to divide the space for more
accurate grouping of similar objects [13]. FlyHash speeds
up the search thanks to sparse coding, which reduces
the number of comparisons [14]. In Deep Hashing, the
search is performed using binary codes that simultaneously
take into account the content and semantics of images [15].
Adaptive multiscale hashing performs searches based
on multi-level features, which allows for better
differentiation between similar objects [16].

The most relevant graph-based nearest neighbor
search methods are Hierarchical Navigable Small
World (HNSW) [17] and NN-Descent [18]. HNSW
demonstrates high accuracy and search speed thanks
to its multi-level hierarchy and greedy navigation.

Its architecture allows scaling to billion-scale datasets
while maintaining high performance. It has numerous
modifications: bh-DBSCAN uses bidirectional HNSW
to reduce redundant queries of neighboring points [19],
and HNSWQ improves entry points and adapts the
algorithm to work with a graphics processor [20]. On the
other hand, NN-Descent is an efficient approach to
building search graphs — it does not require parametric
fine-tuning and scales well. It is often used in systems in
various fields, including bioinformatics [21, 22].

IVFFlat (Inverted File with Flat compression)
combines vector space clustering (usually via k-means)
with linear scanning only in selected clusters, reducing
computational costs. Modifications to I\VFFlat are proposed
to improve search speed and flexibility. In particular,
Fast IVF optimizes cluster selection to speed up
search without significant loss of accuracy [23].
Semi-supervised IVF uses auxiliary labels to improve the
distribution of vectors across the index, which increases
the relevance of results [24]. Reconfigurable Inverted
Index allows the index to be dynamically reconfigured,
maintaining efficiency even when the number or
composition of vectors changes [25].

Product Quantization (PQ) provides high
compression and reduces the amount of stored data [26],
and its use in Inverted Multi-Index (IMI) allows
the application of multiple inverted indexes, which
improves search speed and quality [27]. Approaches are
proposed to improve efficiency: Hierarchical Hyperbolic
Product Quantization uses hyperbolic geometry to
preserve hierarchical semantic relationships between
images, improving search accuracy in complex semantic
structures [28]; Entropy-Optimized Deep Weighted
Product Quantization provides balance in the
representation of code words, improving search accuracy
and coding efficiency [29]; Fuzzy Norm-Explicit Product
Quantization proposes the use of second-type fuzzy sets
to improve search completeness without increasing
computational complexity [30].

Ready-made software products that provide efficient
work with vectors, in particular vector databases or
additions to relational databases, such as Pgvector [31],
are also very popular.

Goals and objectives

A wide selection of search models allows you to use
the one that is most effective for a specific task. Since
MDC is a unique search model with its own advantages,
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it requires its own search method that will utilize the
features of its structure.

The purpose of this work is to develop a method for
searching images in the MDC model based on image
descriptor vectors and an algorithm that implements
this method in sequential and parallel versions.

To achieve this goal, the following tasks must
be performed:

1) formulating requirements for the search method;

2) analyzing the MDC structure and determining the
approach to the search method;

3) developing a search method and algorithms when
placing the model in RAM and in a relational database;

4) implementing parallel computing in the search
algorithm;

5) analyzing alternative models based on:
multidimensional trees, graphs, hashing, reverse index,
quantization, and reverse multi-index;

6) developing metrics and conducting experiments
to compare the effectiveness of the MDC model with
alternative search models.

The search method must meet the following
requirements:

1) effectively use workstation resources;

2) ensure high search speed and quality;

3) adapt to variations in MDC placement in memory.

The research is comprehensive, and its result is to
determine the effectiveness of the MDC model in
comparison with alternative models in the context of
image retrieval in Big Data repositories. It also
determines the conditions under which the use of MDC
is preferable to other models.

Search method in MDC

In MDC, the initial descriptor vectors are reduced
by decreasing the initial dimension through pairwise
aggregation of vector values. This results in an additional
vector of small dimension. The range of possible values
of vector elements is divided into intervals depending
on the distribution of vector values within the range.
After that, the values of the additional vector are replaced
with the indices of the interval to which they belong.
Thus, based on the values of the descriptor vector
elements, a multidimensional cube (MDC) is formed,
in which the dimension of the additional vector
specifies the number of measurements, and when the
measurements intersect, the aforementioned intervals
form cells (clusters). The values of the index vector

determine the location of the descriptor on the interval
of each dimension and in space as a whole [32].

This structure determines the approach of the search
method. The relationships between the values of the
vectors of different descriptors are stored as indices in the
index vector. For example, if for a given vector value
the corresponding measurement interval index has a value
of 5, then to find descriptors with slightly smaller and
slightly larger values in this measurement, it is necessary
to check the MDC cells that have an index equal to 4 and
6, respectively. This operation can be performed for all
measurements, going through the cells around the
specified one, visually imitating waves.

The algorithm of actions in this search method in
MDC boils down to the following steps:

1) process the vector of the searched image
descriptor and convert it to a vector of indices.

2) Use the index vector to determine the MDC cell
and perform a full search for descriptors in this cell.
Compare the descriptors with the searched one based
on the selected metric and calculate the difference;

3) if the search was unsuccessful, perform 1 search
wave, within which increase and decrease the index
values by 1 for all measurements, form cell indexes from
the values of all measurements, and perform a full search
for descriptors in them;

4) if the search was unsuccessful, repeat step 3 until
the search is successful, the maximum number of waves
is reached, or all cells are checked;

5) sort the resulting list of descriptors in ascending
order of the calculated difference value and return the
required number of descriptors as the search result.

Performing a search wave means checking cells that
are at a certain distance in terms of measurement index
values relative to the initially defined cell for the
descriptor being searched for.

The search is successful when the condition for its
completion is met, for example, finding a certain number
of the first most similar descriptors.

The number of descriptors in the search wave
is determined by the formula:

-5
where wc is the number of descriptors on the search
is the wave number, starting from 1, j is

we, = (j;)" xre—(jiy)" xre, rc

wave, i
an ascending sequence of natural odd numbers: [3, 5, ...],
N is the number of measurements, rc is the theoretical
number of descriptors in one cell, dc is the number
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of descriptors in the storage, k is the number of intervals
in the measurements.

The parameters k and N are selected based on the
requirements for the search system so that the value o
f rc is close to the size of the search page [32].

The selected similarity metric does not affect the
operation of MDC, but the quality of the search may
depend on it. A wide range of metrics can be used:
Manhattan, Euclidean, Quadratic Euclidean, etc.
The metric that is best suited for working with a specific
type of descriptor is selected. By default, the Manhattan
distance is used, which is determined by the formula:

=" v 2

where g is the difference between descriptors, i is the

ordinal number of the vector element, N is the number

of vector elements, v v® are the vectors of the first

and second descriptors.

The calculated resulting list is stored for a certain
time in the search engine cache, because it usually
contains more descriptors than were displayed to the user
on the first page of results. This allows you to avoid
performing further search waves until all the results
found are displayed.

This search algorithm is called the Wave-Search
Algorithm (WSA) because of the way it uses the MDC
structure and is a hybrid of reverse multi-index search
and exhaustive search.

An example of a search is shown in Figure 1.
It shows an MDC with 2 dimensions and 10 equal
intervals for each dimension

Dimension 2
112|3|4(5|6]|7|8|9]10
1
5 2
s 3
2[4
g 5
al6
7
8
9
10
- cell of the searched image
- first search wave
- second search wave

Fig. 1. Wave-Search visualization

Cell [2, 6] corresponds to the desired descriptor,
and the search is initially performed in it. Next, one

search wave is performed, and the indices are
increased/decreased by 1 when possible. In the first wave,
the following cells are checked: [1, 5], [1, 6], [1, 7], [2,
5], [2, 71, [3, 5], [3, 6], [3, 7]. In the second wave, the
indexes are increased/decreased by 1 again, and so on.

Due to the peculiarities of the MDC structure, the
values of the descriptor vector may be located on the
border of cells, and therefore the descriptor relevant for
the search may end up in a neighboring cell. And when
searching only in the identified cell, it will be missed.
To solve this, WSA always performs 1 search wave.
Placing descriptors in cells is quite effective, and with the
right parameters, each cell contains a small number of
descriptors. This operation slightly increases the search
time but improves the search quality.

The presented algorithm is a general implementation
of the search method. For each of the MDC placements in
memory, there are variations of the algorithm that
technically refine some details of the implementation.
There are also separate versions of algorithms that use
parallel computing or can apply hardware acceleration.

Wave-Search algorithm for different ways
of MDC placement in memory

When MDC is stored in RAM, the model has a "flat"
structure — the index vector takes the form of a string with
a separator and is then entered into a hash table, where
the key is the cell index, for example "1-3-1-4", and the
value for the key is a list of descriptors [32].

For such placement of MDC in memory, the
following details of WSA implementation are specified:

— to form the indices of cells that fall into a specific
search wave, numbers are extracted from the string
representation of the cell and the specified index
increase/decrease operations are performed on them.
The calculated cell indexes are used to form their string
representations, which are used to extract lists of
descriptors from the hash table;

— the extracted lists are collected into a single
resulting list. Next, for all descriptors found, the
difference is calculated according to the selected metric,
and the list is sorted according to its value.

When placing MDC in a relational database (DB),
a "star" schema is used, in which there is a separate
table for each dimension, where information about
intervals is stored, a table for storing descriptors, and
a linking table, in which the descriptor identifier is stored
by the index vector [32].
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In this implementation of WSA, the process of
extracting descriptors from the repository is transferred to
the DB. This is done using an SQL query, where cell
indexes are specified as tuples. An example of such
a query is shown in Figure 2.

SELECT d.prop 1, d.prop 2, d.prop 3, d.prop 4,

d.file_id, d.original vector
FROM descriptors d

INNER JOIN links 1 ON d.id = l.descriptor_id

WHERE 1l.prop 1 IN (1@, 9, 11) AND

l.prop 2 IN (18, 17, 19) AND

l.prop 3 IN (12, 11, 13) AND

l.prop 4 IN (7, 6, 8

Fig. 2. SQL query to perform a search
The descriptors found are returned as a list. Next,
for all descriptors found, the difference is calculated

according to the selected metric, and the list is sorted
according to its value.

Parallel computations in the Wave-Search algorithm

From the technical details of the algorithm
implementation, it follows that in the WSA
implementation in RAM, it is possible to simultaneously
perform the process of extracting descriptors from
the hash table, calculating their similarity to the search
term, and sorting the resulting list.

For parallel sorting, any of the currently known
algorithms implemented in the programming language
used to create MDC can be used. MDC has a basic
implementation in the Java programming language.
For implementation in Java, this is currently a parallel
merge sort implementation.

In the DB implementation, extracting descriptors
from different MDC cells is performed with a single
query, which is more efficient in terms of working with
the DB. Extracting descriptors from a hash table in RAM
implementation is not a complex process, and running
it in parallel mode is not expected to result in a significant
performance gain; on the contrary, performance may
decrease due to the cost of parallelization. Therefore,
parallelism is not applied here.

Calculating the similarity of descriptors is a field for
applying parallel computing. When it is necessary to
compare a large number of descriptors or when comparing
descriptors with large-dimensional vectors, parallel
computing can significantly improve search performance.

In this work, to compare the list of found descriptors
with the searched one, we suggest using parallelism

at the thread level. The list of descriptors is divided into
parts, and the comparison is performed for each part in
a separate thread. The results from each thread are used
to form the final list. This allows for the efficient use of
workstation resources.

Using parallelism at the thread level to compare
vectors is not very effective, as there are more specific
approaches for this. In particular, hardware tools that are
better suited for processing large amounts of similar data
can be used, such as SIMD instructions of the central
processing unit (CPU), such as SSE, AVX, AVX-512,
etc., and graphics processing units (GPUSs).

SIMD instructions efficiently utilize the computing
power of a single CPU core by performing parallel
operations on multiple data elements simultaneously.
In contrast, a GPU has an architecture with a large
number of simple cores and threads, allowing it to
perform a large number of parallel computations.
This can provide higher performance compared to
CPUs, especially when processing large data arrays,
although GPUs have higher overhead costs for
initialization and data transfer.

To use SIMD in Java, you can use the Java
Vector API, a low-level API for working with vector
instructions [33]. There are also high-level libraries, such
as ND4J, that can use SIMD or GPUs internally [34].
To perform calculations on GPUs in Java, JOCL
(a wrapper over OpenCL) [35] is often used, as well as
other libraries, such as JCuda, to access CUDA [36].

It is important to note that in order to process data
on a GPU, it must first be transferred to video memory [37],
which can become a bottleneck and significantly affect
the overall performance of this approach.

This direction is extremely important in the context
of MDC optimization, but it requires additional study
and testing of a large number of software libraries
and solutions. It also requires consideration of a large
number of parameters and features of each processor,
GPU, or driver version for them to work.

Therefore, this paper does not discuss in detail the
improvement of search algorithm performance through
the use of low-level hardware optimizations.

Experiment methodology

To verify the effectiveness of WSA, two
experiments are conducted:
1) comparison of the effectiveness of sequential and

parallel WSA variants;
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2) comparison of the effectiveness of using MDC
with sequential WSA with other CBIR search models.

The experiments test a real-life search scenario
where the search engine finds a certain number of the
most similar images (top-N), and the user determines
which images are relevant to them.

In the experiments, WSA always performs
a single search wave to ensure high search quality,
as mentioned earlier.

All software implementations of the models
presented in the experiments were developed using the
Java 17 programming language and Spring Framework 6.
PostgreSQL 15.2 is used to store MDC in the database.
The results of the experiments were exported from the
software solution in Excel table format.

All experiments were conducted on a MacBook Pro
2021: M1 Pro processor with ARM architecture, 10 cores
with a frequency of up to 3.2 GHz, 16 GB of LPDDR5
SDRAM with a speed of up to 200 GB/s, 512 GB SSD,
integrated GPU with 16 cores.

To conduct the experiment comparing the efficiency
of the sequential and parallel versions of the algorithm,
we used the MDC functionality, which allows generating
descriptors and placing them in cells [32]. Artificial
generation of descriptors allows creating vectors of
different dimensions and the desired number of
descriptors. This solves the problems of using real
descriptors: the long process of searching for data sets to
achieve the desired number of images and creating
descriptors of different dimensions for them.

During the experiment, the time spent on the search
is compared and the gain from the parallel algorithm is
evaluated for different numbers of descriptors, vector
dimensions, and number of threads.

The results provide an understanding of the
conditions under which the use of a parallel algorithm
provides advantages.

The second is an experiment in which the MDC
model is compared with other search models for CBIR
based on: multidimensional tree (KD-tree), hashing
(LSH), graphs (HNSW), inverted index (IVFFlat),
quantization and inverted multi-index (IMI), and vector
database (pgvector). A comparison with exhaustive
search is also made. For the experiment, basic models of
each approach were selected because they demonstrate
the general properties of a particular approach and are
easier to implement or run than existing modifications.
We create implementations of other models ourselves or

use ready-made solutions if they are available and their
configuration is simple.

This experiment is a large-scale test and comparison
of the MDC model with other CBIR models in general,
including testing the effectiveness of the presented search
algorithm. It allows us to identify the strengths and
weaknesses of the model and search algorithm compared
to competitors and to predict the most favorable scenarios
for using the model.

In all models, the metric for comparing descriptor
vectors is Manhattan distance, unless otherwise specified.

To conduct this experiment, descriptors created for
images from the following datasets are used:

1) 100,000 images from the COCO dataset [38]
are used;

2) 750,000 images from Various tagged images [39]
are used;

3) 150,000 images from Amazon bin images [40]
are used.

This allows us to perform the experiment for 1
million descriptors. Of course, in real Big Data CBIR
systems, the number of images and their corresponding
descriptors can be significantly larger, but the results
obtained allow us to compare the effectiveness of using
different models in different conditions and scale the
results as needed.

For this experiment, the main metrics are search
time and recall. Recall determines the quality of the
search. It is calculated using the following formula:

Recall = L 3)
TP+FN
where TP (true positive) is the number of correctly
classified positive examples, and FN (false negative)
is the number of positive examples that the model
failed to detect.

Another key metric that is usually evaluated
for CBIR models is precision, which is not evaluated due
to the specifics of the experiment, which will be
described below.

The first additional metric is the time it takes to build
a search model. This parameter can be critically important if
the search engine needs to ensure continuous operation
and quickly adapt to updates in the storage content.

The second additional metric is labor intensity,
which shows how many descriptors were compared
during the search. It is determined when it is possible to
obtain values from the model. It is provided for
informational purposes.
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Invariant Brightness Histogram descriptors were
created for all images, as described in more detail in [32].
100 images were randomly selected for the search.
Two modifications were created for each image:
a 180-degree rotation and a 2x reduction in scale. During
the search, a positive result is finding a group of these
three images among the top 10 and top 100 search results.
For this reason, calculating the accuracy metric is
inappropriate in this experiment, as the number of relevant
results under the conditions of the experiment is small.

Each CBIR model has its own parameters that affect
its structure and search efficiency. For each model,
different combinations of parameters are experimentally
tested to show the best result in terms of quality and
search speed when using 1 million descriptors and the top
10 and top 100 search results. Testing the use of a larger
number of found results is inappropriate due to the
inefficiency of processing the obtained results.
Determining the parameters of other models is not the
subject of this work, so it will be briefly discussed in the
next section. Detailed comparison results can be found on
Google Drive [41]. The configurations of the models that
showed the best results are compared with MDC.

Additionally, load testing is performed using the
Postman utility [42]. 100 virtual users simultaneously
searched for the top 100 most similar images for
randomly selected descriptors from the repository for
1 minute, with a delay of 1-2 seconds between attempts.
This allows us to determine the actual throughput and
efficiency of the model in conditions close to real life,
rather than simply testing them synthetically. During
testing, the total number of requests made during this
period, the throughput of the search engine, and the
average response time are evaluated.

Parameters of alternative models
participating in the experiment

For the multidimensional tree model, we
implemented a KD-tree. The implementation is
unbalanced, and the hierarchy is preserved as specified by
the order in which elements are added to the tree.
Each node contains one descriptor. The axis along which
the space is divided at each level depends on the depth of
that level, which is limited by the logarithm of the
number of descriptors. An alternative branch is checked
during the search if fewer than the required number of
results are found or if the difference between the vectors
is greater than the difference between the elements at the

current level. Due to the last mentioned check, the
selected vector similarity metric plays an important role.
Therefore, for this model, the results for Manhattan
and Quadratic Euclidean distances are given in the
experiments. Other model parameters are not configured.

For hashing, we independently implemented the
LSH model. Its main parameters are the number of
tables t and the number of hash functions h. Each table
has its own set of hash functions. The more hash
functions and tables there are, the more accurate the
results are and the smaller the search area is, but it takes
more time to add elements to the table and search.
It is important to determine a balanced value for these
parameters. Combinations from the following parameter

groups were tested: t=(5, 10) and h=(50, 75, 100).

The following parameters were selected: t =10, h=75.

To test the vector database, we used an add-on to
the PostgreSQL 15 database called Pgvector, which
provides extensive capabilities for working with vectors
within the database. In a simple usage scenario
(exhaustive search), it does not require additional
configuration and is ready to use immediately after
installation in the DBMS.

For the reverse index, two IVFFlat implementations
with k-means clustering are tested: one is implemented
independently in RAM and uses the Manhattan metric
during the search, the other is an implementation with
Pgvector and uses the Euclidean metric during the search
(Pgvector does not provide the ability to use the Manhattan
metric for I\VVFFlat). For this type of model, the main
parameter is the number of clusters. All descriptors are
divided into clusters, and the search takes place only in
one of the clusters or continues in the next cluster similar
to the centroid. The following values were tested
(10, 100, 100), and 100 was selected as the most effective.

For MDC, the main parameters are the number
of measurements N and the number of intervals per
measurement k . Their values change the number of cells
in MDC and, accordingly, the number of descriptors
in one cell. Combinations from the following parameter

groups were predefined and tested: N =4, k =(18, 20),

which provide about 10 descriptors in a cell.
The parameters N =4, k =20 were selected.

The IMI model's own implementation is used
to quantize the vector and the inverse multi-index.
Its main parameters are the number of subspaces m and
the number of clusters in each subspace k. These
parameters change the number of combinations of
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clusters from different subspaces, thereby changing the
number of descriptors corresponding to each of them.
Combinations from the following parameter groups
were tested: m=(2, 4, 8) and k =(5, 10, 18, 20), and

the parameters m=4, k =10 were selected.

The main parameters of HNSW are m - the
maximum number of connections per layer, and efc —
the size of the dynamic list of candidates for graph
construction, which affect the quality of graph
construction. Combinations from the following parameter
groups were tested: m=(8, 16), efc=(32, 64, 128).

The parameters m=8, efc =64 were selected.

The parameters selected for each model were chosen
individually by experiment using a specific set of descriptors
with a size of 1 million. All defined parameters
or combinations of parameters showed the best results.
For a different number of descriptors or descriptors from
other data sets, these parameters may be different.

Experimental results and discussion

store them in memory. The same applies to testing
a larger number of low-dimensional descriptors, for
example, 100 million descriptors with a dimension of 32.

Tablel. Search time for top 100 results in MDC with
1 million descriptors, seconds

Count Vector length
of the threads 32 128 1024
1 0.00169 0.00238 0.00942
2 0.00168 0.00194 0.00550
4 0.00172 0.00198 0.00368
8 0.00160 0.00175 0.00293

Table 2. Search time for top 100 results in MDC with 10
million descriptors, seconds

The first experiment compared the use of sequential
and parallel WSA algorithms in MDC implementation
in RAM.

The search for the top 100 artificially created
descriptors with lengths of 32, 128, and 1024 was tested.
The number of threads for the parallel implementation of
the algorithm was 2, 4, and 8. The number of descriptors
in MDC was equal to 1 and 10 million. The MDC
parameters were N =4, k =10. This allowed the MDC
to be filled evenly and, using 1 search wave, to obtain
a specific number of descriptors for comparison with
the searched one. For 1 million descriptors, this number
is 6,000, and for 10 million, it is 60,000. The speed of
comparing candidate descriptors with the searched one
is the main operation that is performed either sequentially
or in parallel for the found descriptors.

The results of comparing the application of WSA
for sequential and parallel variants of the algorithm and
1 million descriptors are shown in Table 1, and for
10 million descriptors in Table 2. The graphical
representation of the benefits of using different numbers
of threads is shown in Figure 3 for 1 million descriptors
and in Figure 4 for 10 million descriptors.

For 10 million descriptors, the length of the 1024 vector
was not tested because there were insufficient resources
on the computer where the experiment was conducted to

Count Vector length
of the threads 32 128
1 0.02068 0.09020
2 0.01856 0.07378
4 0.00931 0.05805
8 0.00648 0.03163
8 33
£
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&
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Fig. 3. Time gains when searching among 1 million descriptors
using different numbers of threads for descriptors
with vectors of different lengths

ol ol

Vector length
Count of the threads: 01 @2 84 m8

[¥] 4
(=T I VN I Y

Performance gain, times
(=]

Fig. 4. Time gains in searching among 10 million descriptors
when using different numbers of threads for descriptors
with vectors of different lengths

The results show that the use of parallel computing
when comparing a small number of descriptors (6,000)
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and vectors of small dimensions (32 or 128) does not
make sense, as the time savings are insignificant.

When using higher-dimensional descriptors (1024)
or a larger number of descriptors (10 million), it is
possible to achieve a gain in using parallel computing up
to a 3-fold difference when using 8 threads. This is
a significant acceleration, confirming the good
adaptability of MDC to the use of parallel computing
and the feasibility of its use in real search scenarios.

In the second experiment, MDC in two memory
implementations: in a database — MDC (DB) and in RAM —
MDC (RAM) with sequential WSA is compared with:

— full search in RAM - BF RAM, which is
performed using parallelism at the thread level;

— exhaustive search in a vector database — BF
(pgvector);

—a model based on Inverted Multi-Index — IMI;

—a model based on KD-Tree with Manhattan metric —
KD-Tree (Mh) and Quadratic Euclidean metric —
KD-Tree (Sq);

—a model based on Local-sensitive hashing — LSH;

— Hierarchical Navigable Small World (HNSW) model;

— Reverse index model implemented in Pgvector
with Euclidean metric — IVFFlat (pgvector).

— a model based on a reverse index implemented
in RAM — IVFFlat (RAM).

For each model, metrics of completeness, labor
intensity, search time, and creation time are determined.
A search is conducted for the top 10 and top 100 most
similar descriptors among 1 million descriptors.

The results of the experiment for searching the top
10 results are shown in Table 3. The results of searching
the top 100 results are shown in Table 4. These values
are averages for searching 100 selected descriptors after

10 rounds of the experiment.

Table 3. Average search results for the top 10 results for 100 selected images among 1 million descriptors

Model Completeness Labor intensity Search time, s Creation time, s

BF (RAM) 0.97667 1 000 000.00 0.09533 -

BF (pgvector) 0.97667 1000 000.00 0.06888 -
MDC (RAM) 0.97000 3881.230 0.00129 2.623
MDC (DB) 0.96000 3505.960 0.07668 812.562
IMI 0.87333 4 354.180 0.00268 342.653
KD-Tree (Sq) 0.85600 808.645 0.00043 1.762
KD-Tree (Mh) 0.97667 967 798.782 0.49160 1.827
LSH 0.96567 32524.953 0.02039 26.085
HNSW 0.97667 - 0.00582 376.410
IVFFlat (RAM) 0.91667 15 289.790 0.00674 3265.941
IVFFlat (pgvector) 0.91600 - 0.00530 2.380

Table 4. Average search results for the top 100 results for 100 selected images among 1 million descriptors

Model Completeness Labor intensity Search time, s Creation time, s

BF (RAM) 0.99333 1 000 000.00 0.09940 -

BF (pgvector) 0.99333 1000 000.00 0.07259 -
MDC (RAM) 0.98000 3881.230 0.00142 2.623
MDC (DB) 0.97000 3505.960 0.07284 812.562
IMI 0.89333 4 360.230 0.00256 342.653
KD-Tree (Sq) 0.93033 3091.157 0.00182 1.762
KD-Tree (Mh) 0.99333 989 919.981 0.50460 1.827
LSH 0.97133 40 103.314 0.02567 26.085
HNSW 0.99000 - 0.00661 376.410
IVFFlat (RAM) 0.93667 15 289.790 0.00675 3265.941
IVFFlat (pgvector) 0.92500 - 0.00839 2.380

The results obtained remain consistent when
searching for the top 10 and top 100 results, so the results
from Tables 3 and 4 are analyzed together. They show

that even when using a full search, the completeness
metric is not always 100%. This is due to the
characteristics of the specific descriptor type selected.
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The maximum possible completeness result, apart
from exhaustive search, was also shown by the KD-Tree
model with the Manhattan metric, but the labor intensity
of such a search is close to exhaustive search, and the
same applies to the search time. This indicates that it is
not advisable to use this model with this descriptor
similarity metric. The HNSW model also showed the
maximum completeness result, demonstrating an average
search and model construction time. Next, MDC and
LSH showed similar results in terms of completeness.
However, MDC (RAM) showed much better performance
in terms of search time, model construction time, and
labor intensity. The implementation of MDC (DB)
showed worse results than BF (pgvector) in terms of both
search quality and time, which raises doubts about the
advisability of its use.

Other models showed worse search results. IMI
showed good results in terms of search time, but poor
completeness. KD-Tree with Quadratic Euclidean Metric
showed the best results in terms of search time and labor
intensity, but the lowest completeness. IVFFlat
implementations showed low completeness results
because the search was performed in only one cluster,
while the search time indicator is high.

In terms of model construction speed, the leaders
are MDC (RAM), both KD-Tree and IVFFlat (pgvector)
variants. In MDC, this is due to the peculiarities
of the structure and the construction process, KD-Tree
works fast due to the low dimension of vectors, and

Table 5. Load testing results

IVFFlat (pgvector) has implemented optimizations for
clustering, because IVFFlat (RAM) without any
optimizations showed the worst result. In MDC (DB),
the result is average due to the cost of communication
with the database.

After analyzing the results, the conclusion is as
follows: exhaustive search demonstrates the best search
quality, but requires a lot of time to search; MDC shows
some of the best performance in terms of time and quality
when placed in RAM; IMI with a small search output is
not always effective; KD-Tree is ineffective in terms of
either search quality or speed; LSH demonstrates
balanced average results, HNSW demonstrates the best
results in terms of completeness, but the search and
model building time is longer than in MDC, IVFFlat
demonstrates average results in terms of completeness
and search time, but the structure building time strongly
depends on the implementation. Based on the set of
indicators, it can be concluded that under these
conditions, MDC (RAM) demonstrates the best results
among the models considered. However, the use of MDC
(DB) is not promising due to results that are worse
than those of BF (pgvector).

The load testing results are shown in Table 5.
An example of the load testing results for MDC (RAM) is
shown in Figure 5. The graph shows that with a constant
load of 100 users, the search engine provides stable
response times and consistently processes a large number
of queries without any noticeable drop in performance.

(100 users made requests to search for the top 100 results within 1 minute at intervals of 1-2 seconds)

Model Total number of requests sent Throughput (requests/second) Average response time (ms)
BF (RAM) 302 4.45 9813
BF (pgvector) 2248 32.81 1763
MDC (RAM) 6377 94.13 6
MDC (DB) 1495 21.92 3018
IMI 6 403 95.21 4
KD-tree (Sq) 6418 95.52 6
KD-tree (Mh) 101 1.48 10 758
LSH 5765 84.76 60
HNSW 6209 92.04 16
IVFFlat (RAM) 6 386 94.48 15
IVFFlat (pgvector) 6 301 92.19 15
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Fig. 5. Load testing results for the MDC (RAM) model

The use of exhaustive search is expected to be
inefficient, as is searching in a multidimensional tree with
a Manhattan metric, which approximates exhaustive search.

MDC (DB) shows weak results, slightly worse than
exhaustive search in a vector database, so the futility
of this MDC maodification is confirmed by the results
of this study.

LSH showed slightly worse results than MDC
(RAM), IMI, KD-tree (Sq), HNSW, and IVFFlat in both
modifications. These models show similar results in this
experiment, which indicates approximately the same
throughput of the models. Therefore, the choice between
them should be made based on the results in Tables 3
and 4, which include completeness as an indicator
of search quality.

Conclusions and prospects
for further development

R SRS ———

This paper presents a method for searching for
similar images based on image descriptor vectors stored
in the MDC model, which functions on the basis of the
MDC structure and data stored at the descriptor vector
processing stage. The algorithm that implements the
method is called the Wave-Search Algorithm (WSA).
It performs a wave search relative to the cell identified
for the desired descriptor. It has adapted versions for
placing MDC in RAM and databases.

The algorithm has a parallel version that uses
parallelism at the thread level and efficiently utilizes
workstation resources. It speeds up the search by up to
3 times when using a large number of descriptors

Response time, ms
40

35

40 50 60

& = Response time

(more than 10 million) and/or descriptors with vectors
of considerable size (from 1024).

Compared to other CBIR models, MDC with WSA
placed in RAM demonstrates very competitive results.
Together with the LSH and HNSW models, it shows
a search accuracy of about 97-98% according to the
completeness metric. And one of the best search speeds
among the tested models, spending an average of
0.0012 seconds when searching for the top 10 and
top 100 results among 1 million descriptors. It also
has one of the best model construction times, at around
2.5 seconds.

The MDC version stored in a database demonstrates
worse results than when using a vector database
(pgvector extension for PostgreSQL) in terms of both
search time and quality. Therefore, its further
development is not promising.

Load testing shows that the model works effectively
under load and does not reduce performance, which
confirms its suitability for use in real search engines,
including in Big Data environments.

The use of MDC with the presented search
algorithm is recommended in situations where search
quality and speed are important, as well as the time it
takes to create or update the content of the repository.
In other words, the scope of application is quite broad.

A further direction of research is the creation of
versions of the search algorithm that use SIMD
operations and a graphics processor to perform parallel
vector comparisons. And conducting experiments
using a larger number of descriptors and descriptors
of higher dimensioni.
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Jannnenko CraniciaB JIMurpoBnd — XapKiBCbKHUN HAIlIOHAIBHHIA YHIBEPCHUTET PAJIOCICKTPOHIKU, acIipaHT, Kadeapa
nporpaMHoi imxkeHepii, XapkiB, YkpaiHa.

CmensikoB Kupuiio CepriiioBudy — [OKTOp TEXHIYHHX HayK, mpodecop, XapKiBCbKHH HAamiOHATBHUI YHIBEpCHTET
panioeneKTpOHIKH, 3aBiayBau Kadeapu nporpaMHoi imxeHepii, Xapkis, YkpaiHa.

METO/ NOIIYKY 30bPA’KEHb
HA OCHOBI BMICTY B BATATOBAMIPHIN MOJIEJII JAHUX
Y MACHITABI BEJIMKUX JTAHUX

IIpenmeToM poGoTHM € METOX 1 AITOPUTMH MOIIYKYy 300pakeHb 3a BMICTOM y Mojeni OararoBumipHoro kyba (MDC).
Meta nociilzkeHHSI — PO3pOOUTH METOA MOMIyKy 300paxkeHp y momeni MDC Ha OCHOBI BEKTOpPIB IECKPHIITOPIB 300pa’keHb
Ta ajJropuTMy, L0 peajidye Leid MeToA MOCHiOBHOI Ta mapanenbHoi Bepcii. 3aBmaHHsi cTaTTi nepenbadaroth: (GopmyBaHHS
BUMOI JO MeETONy IOIIyKy; aHami3 crtpykrypu MDC Ta BH3HA4YeHHS MiIXOLy IO METOAYy IOUIyKY; PO3pPOOJIEHHS METOXy
I aNropuTMIB NOIIYKY 3a YMOBH DO3MIIICHHS MOJENi B OIEpaTHBHIM maM’sTi Ta B peJLiHHIA 0a3i DaHWX; yIpOBaUKEHHS
napajeqbHIX OOYNCIEHb B aNTOPUTMI IOIIYKy; aHaNi3 aJbTepPHATHBHUX MOAENEH, OCHOBAaHMX Ha 0araTOBUMIPHHX JepeBax,
rpadax, remryBaHHi, 3BOPOTHOMY iHJEKCi, KBaHTYBaHHI Ta 3BOPOTHOMY MYJbTHIHICKCI; PO3POOJICHHS METPUK 1 IPOBEICHHSI
EKCIIePUMEHTIB JUIsl MOPiBHAHHS eekTuBHOCTI Mojeni MDC 3 anpTepHaTUBHUMHU MOJEIISIMH MOIIYKY. MeToXH T0CTi/IKeH HsI: aHaIi3
MOXKJIMBOCTEH 3aCTOCYBaHHS IapasieIbHAX OOYMCIICHb Ha PiBHI IOTOKIB 1 ONTHMI3alliif 3a JOIIOMOTOIO arapaTHOTO 3a0e3ledeHHs;
pO3po0IICHHS METOIy MOIIYKy, NOCTIZOBHOI Ta MapajenbHOi Bepciii anroputMmy HOro peamisarii; aHanli3 CydacHHX Mojenei
nomyky, 3okpema KD-tree, Locality-sensitive hashing, Hierarchical Navigable Small World, Inverted File with Flat
Compression, Inverted Multi-Index; excriepumenTH 3 JECKpHIITOpaMu 300paskeHb 3 Mepexi IHTEpHET Ta IUTYYHO TeHEPOBAHHMHU
UL BU3HAUeHHS e(eKTHBHOCTI IapaienbHOl Bepcii aJropuTMy Ta IOPIBHSHHA pPE3yJbTaTHBHOCTI IONIYKY 31 3raJaHuMU
MOZENSAMH 3a METpPUKaMM IOBHOTH, Yacy IOHIyKy W dYacy CTBOPEHHS; IPOBEACHHS EKCIEPUMEHTYy 3 HaBaHTaKyBaJIbHOTO
TECTyBaHHS Ul OLIHIOBaHHS IPOIYCKHOI 34aTHOCTI Mozeni. Pe3dyabTaTtH gociimkenHsi. Po3poOieHO HOBUIT MeTOXN MOUIYKY
i amroputm Wave-Search. Moro mapanensha Bepcis NpHIIBMINIYE BHKOHAHHS TMOIIYKY Maike BTpHUi; MiA ¥ac MOMIYKY
tor-10 1 Ton-100 pesynpraTiB y cxoBumi 3 1 MitH neckpuntopie MDC neMoHCTpye Haikpalii cymMapHi pe3ysbTaTH 3a METpUKaMu
cepel PO3MISTHYTHX MOJeNel, Mae TapHy NPOAYKTHUBHICTH IiJi HAaBaHTaXCHHAM. BHCHOBKH: 3alpONOHOBAHO METOJ IOIIYKY
i ans iioro peamizamii anroput™ Wave-Search, mo epektiBHO BHKOpHCTOBYE CTpykTypy MDC; Mozenb GararoBHMIpHOro Ky6a
MEPEeBHUILYE TOKa3HUKM €(EeKTUBHOCTI aJbTEPHATHBHUX MOJENCH TNOLIyKy, IEMOHCTpYe CTaOUIbHICTh IiJi HaBaHTAXXCHHAM
1 Ma€ MOTEHIIia JUIs ITOJaIbIIOT0 PO3BUTKY 13 3aCTOCYBAaHHSM allapaTHOTO MPUCKOPEHHS.

KurouoBi cji0Ba: momyk 3a moaiOHICTIO; BEJIHKI JaHi; aTOPUTMH MOUIYKY; CTPYKTYpH JaHHX; MOIIYK 300pakeHb HAa OCHOBI
BMICTY; mapajiebHi OOUNCICHHS; BHCOKOMPOIYKTUBHI 00YHCIEHHS; €()eKTHBHICTh HNOMIYKY; ONTHMI3aIlisl aITOPHTMY.
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