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A novel methodology for the localization of objects within images is proposed. Contrary to the
well-known deep learning approach, which involves the use of samples with matched boxes
around similar objects to find their exact position on an image, a method based on object
properties as the location of pixels with similar characteristics is developed. The notion of
cluster point patterns to detect single parts of an object is used. The concept of an entire object
as a composite of proximate, amalgamated clusters is proposed.
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3anmponoHOBaHO HOBY METOIOJIOTIIO JIOKami3amlii 00’eKTiB Ha 300pakeHHAX. Ha BimMmiHy Bin
nobpe BiIOMOTO MiAXOAy TIIMOOKOTO HABYAHHSA, KU mependadac BUKOPHCTAHHS 3pasKiB 3i
00MEKyBaJbHUMH pPaMKaMH HaBKOJIO MOMIOHUX 00’€KTIB U1 BU3HAYCHHS IXHHOI'O TOYHOTO
MOJIOXKEHHS Ha 300payKeHHI, PO3pO0JICHO METOM Ha BJIACTHBOCTAX 00’ €KTa SK MICI PO3TAllly-
BaHHsI MIKCEIIB 3 MOJIOHUMHU XapaKTePHUCTUKAMH. BHKOPUCTAHO MOHSTTS KJIACTEPiB TOUKOBHX
o0pa3iB 1yisl BUSIBICHHsS HOTO OKpeMHX yacTHH. KOHIeNTyasi30BaHO BeCh 00’€KT SIK CYKYII-
HICTh ONU3BKUX, 00’ €HAHUX KJIacTepiB. 3alpONOHOBAHO MiNXiJ, KU BUKOPHCTOBYE MPUTA-
MaHHY 00’ €KTaM BIACTHBICTh, 3yMOBIIEHY IXHBOIO BHYTPILIHBOIO CTPYKTYpOIO. J[iist 6yab-s1KOro
00’eKTa HOT0 BPOMKEHUM KOMIIOHEHTOM € 3a0apeieHHs. Lle 3abapBieHHs € mocTiitHAM B 00-
JacTi, BU3HAYCHIN MexkaMu 00’e€kTa, ab0 € KOMOiHaIielo KiUTbKOX 3a0apBieHb. OTXKe, SKIIO
ineHTnQiKyBaTH BCi Taki ()parMEHTH MOCTIHHOTO KOJIBOPY, MOKHA UM OOMEXHTH 00JI1acTh Ha
300paXKeHHI, Ky 3aiiMae 00’ €KT.

[MpunyiueHHs: IPYHTYIOTHCS Ha TiNOTe3i, M0 OyIb-sIKHH CKIHUCHHUH Ta 00OMeXeHUi (i3udHui
00’€eKT Ha 300pa)keHHI € MHO)KUHOIO TOYOK, sIKi MArOTh MOAIOHI XapaKTepHCTHKU Ta PO3TAIIo-
BaHI y BUIVIAII KiIacTepHuX Tpyn. Lle He 000B’SI3k0BO MarOTh OyTH OJHO3B’S3HI MHOXKHHH.
Boarouac ¢on 00’€kTa CKIATA€ThCs 3 MHOXKHH TOYOK, SIKi peryisipHo Ta/abo BUIAIKOBO PO3-
TaIIOBaHi y TUIOUIHHI 300pakeHHS.

CyuacHi miaxoau Jal0Th 3MOTY JOCHTh NOOpe BUPIIIyBaTH 33Jady JOKamizamii 00’ €KTiB Ha 30-
OpaKeHHI, aje MaloTh CYTTEBE OOMEKCHHs, sIKe BUHHKAE uepe3 HeoOXiTHICTh HaBYaHHS JIOKa-
ni3arfii Ha Habopi 3pa3KiB, MOMIOHUX J0 00’ €KTIB, AKiI 3yCTPIYalOTHCS B MOTOYHOMY 3aBAaHHI.
SIKIIo mij yac HaBYaHHS TaKuX 3pas3KiB He 0yyo, cucTeMa He 3Moxe X po3pisHutu. Came ToMy
METOMH, SIKi He MOTPeOYIOTh eTany HaBYaHHs, a BUKOPUCTOBYIOTh XapaKTEePUCTHUKH, BIACTHUBI
006’ €Ty [UIs JTOKai3aiii, MOKyTh MaTH MMEPeBark B KOHKPETHUX 3aBIAHHSIX.

KuouoBi cnoBa: noxanizayis 06’ ekmis, mouxosuti wabiown, Kiacugikayis.

Introduction. In computer vision, object localization is the process of identifying
regions of interest in an image or video which contain a specific object. This task is a
key component of more sophisticated systems aimed at automatic recognition and
analysis of visual data. Typically, the result of localization is a bounding box which
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precisely delineates the location of the object. This box provides information about the
spatial location of the object, which is critical for many practical applications.

To fully understand object localization, it is necessary to clearly distinguish it
from other key tasks of computer vision, such as segmentation, classification, or detec-
tion. These tasks are often interrelated, but adress different questions about the content
of the image: segmentation is the most detailed task, dividing the image into segments,
assigning each pixel a label of a specific class, thus highlighting the exact contours of
the objects, rather than just bounding boxes. Localization, in general, involves not only
classifying the object, but also determining its exact position in the image using a
bounding box. This approach usually assumes that there is only one object in the image
that needs to be found. The classification task consists in assigning a single class label
from a defined set to an image. Object detection is a combination of classification and
localization, which detects and outlines with bounding boxes several objects of diffe-
rent classes in a single image. This is one of the most common computer vision tasks,
which is fundamental to video surveillance systems and autonomous vehicles.

Modern object localization and detection are mostly based on deep learning archi-
tectures, particularly convolutional neural networks (CNNs). CNNs efficiently detect
local and global features in an image, which helps in the accurate identification of
objects and their boundaries. Instead of using traditional, heuristic methods such as
SIFT [1, 2] or SURF [3], which require manual feature extraction, deep learning has
made it possible to automate this process, significantly increasing accuracy and speed.
Neural networks learn to recognize patterns and regularities in input data, which allows
us to detect objects even under different background and lighting conditions. This is
achieved by using several types of layers: convolutional layers for feature extraction,
pooling layers to reduce the spatial dimension of the data, and fully connected layers
for classification.

The main architectures for object localization and detection are currently two-
stage and one-stage models such as R-CNN based [4-6] and YOLO [7].

Two-stage architectures, such as Faster R-CNN [8], are among the most well-
known in the field of object detection. They work according to a two-stage principle. In
the first stage, the model analyzes the image using a convolutional neural network to
create a feature map. Then, based on this map, a special network of regional proposals
(Region Proposal Network, RPN) generates a set of potential regions where the objects
are likely to be located. In the second stage, these proposed regions pass to another part
of the network, where they are classified to determine which object is in each frame,
and their bounding boxes are refined for maximum accuracy. The advantage of Faster
R-CNN is high accuracy, especially in detecting small and partially overlapping
objects. The speed and efficiency of the algorithm are achieved by using a shared
feature map between the RPN and another CNN, making it one of the best for object
detection, especially for applications where accuracy is a priority.

In contrast to two-stage models, single-stage models such as YOLO perform
object detection in a single pass through the neural network. The principle of their ope-
ration is that they divide the image into a grid and for each cell of this grid predict the
bounding boxes and object class probabilities. The main advantage of YOLO models is
their extreme speed, which makes them ideal for applications which require real-time
analysis, such as autonomous vehicles. Newer versions continue to optimize the archi-
tecture, introducing blocks for efficient feature extraction and attention mechanisms for
better focusing on important regions of the image. This allows us to significantly
improve accuracy, especially when detecting small objects, without losing their main
advantage — speed.

Despite the undeniable advantages of the above-mentioned methods, they have
one important drawback — the training stage. As is known [9], this stage is the most
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expensive, in terms of resources and time, in preparing the training sample. In addition
to dividing the volume of this sample into classes, which should be thousands, or even
tens of thousands of samples, it is still necessary to specify the limiting boxes for
objects for each image. Also it is difficult to imagine a universal training sample for the
entire variety of object classes. Therefore, there is still a need to develop methods for
locating objects on images that use paradigms other than deep learning.

In this paper, an approach is proposed which uses an inherent property of objects
due to their internal structure. For any complexity of an object, its innate component is
its coloring. This coloring is constant in the area defined by the boundaries of the
object, or it is a combination of several coloring in this area. So if we identify all such
fragments of constant color for an object, we can thereby limit the area in the image
which the object occupies.

Methods and materials. Any events or objects which can be represented on the
surface by multiple points, such as planting sites, bird or insect breeding grounds,
earthquake epicenters, diseases, industrial, cultural, or scientific locations will repro-
duce random point configurations. The object itself can be considered as a configura-
tion of points with different properties. Suitable model for such kind of object model is
random point pattern (RPP) [10, 11].

One of the main characteristics of RPP is their appearance: clustered, regular or
random, which indicates the nature of the arrangement of the elements and accordingly
the type of interaction between them (Fig. 1). For cluster RPP, it is assumed that there
is an interaction that leads to the attraction of elements to each other, for a regular one,
there is an interaction that leads to the repulsion of elements from each other, and for
random RPP, there is no interaction between the elements. This feature allows it to be
used in the analysis of images, since the image objects, namely the textures represen-
ting them, can be matched to one or another type of RPP or a their combination [11].
The homogeneous Poisson point process is a fundamental model for RPP which typify
the concept of complete spatial randomness (CSR) of events; it also serves as a basis
for building more complex models. Perhaps even more importantly, the Poisson pro-
cess can be used as a reference model to distinguish point patterns which are random or
tend to form clusters (aggregations) or, conversely, to repel, that is, a regular arrange-
ment at which the distance between points cannot be less than some threshold. A large
number of tests of the CSR hypothesis have been developed. Most CSR tests are con-
structed as follows. A summary characteristic is estimated for the data and compared
with the relevant general summary characteristic for a Poisson process. If there is a
significant difference between both characteristics, the Poisson null hypothesis is
rejected. The tests may be based on either numerical summary characteristics, i.e.,
a single value, or functional summary characteristics, i.e., a function of the distance
between the points. The Clarke Evans test [12] is the most frequently used for the tes-
ting of CSR. It is based on similarity with a normal distribution of the nearest neighbor
distance standardized mean value of the RPP elements. Test of the CSR can classify
the point pattern as cluster, regular or random. (Fig. 1) To obtain a point pattern from
an image different ways can be used. To do this it is necessary to build associations
between an image fragment and a point. This can be done with different image proces-
sing techniques. For example, point patterns can be obtained by splitting the image in
a binary template each of which is a set of pixels of certain intensity from the image
range. Another approach is to set a threshold to get a binary image and next thin it to
get the points of bifurcation. A bit complicated mean is described in [13], according to
which an image is evenly divided into patches and local maxima of patch intensities
histograms are determined. If one can choose a certain intensity from a maxima set and
mark every patch with this intensity, a patch centers will be displayed as point pattern.
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Fig. 1. Types of RPP: a — random; b — clustered; ¢ — regular.

Approach and Results. Our assumption is based on the hypothesis that any finite
and bounded physical object represented in the image is a set of points which have
similar color characteristics and are arranged in the form of cluster groups. These do
not necessarily have to be simply connected sets. At the same time, the background of
the object consists of sets of points which are regularly and/or randomly located in the
image plane. Let us describe the meta-algorithm for the proposed approach.

Patch histogram

Input image » Uniform image :> ¢
i g " partition into patches
¢ Detection of
histogram local
Mark patches with maxima

local maxima of
the same intensity

: Not object
Classify point pattern Random Object
as cluster, regular or
raniom Regular Object
Check intensity point Cluster, isolated, .
pattern heterogeneous Part of an object
neighbors

I Object

Part of an object

Fig. 2. A flowchart of the proposed approach.

1. At the beginning, we need to select the image brightnesses that form cluster
formations. For this, it is advisable to average the brightnesses in the image, since even
in the seemingly locally uniform color neighborhood of the image there is a non-zero
brightness dispersion. Use of a median filter will reduce it.

2. Separately for each of the brightnesses available in the dynamic range of the
image, we form a random point configuration using the approach described earlier [13].

3. We determine the type of point configuration for each brightness.

4. We select separate groups of points within the cluster formations and set their
centers.

5. We combine the centers of groups of points of different brightnesses based on
their proximity.

6. We determine the boundaries of the object as a union of sets of image points
which belong to the corresponding cluster configurations.
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We have summarized the algorithm in the form of a flowchart in Fig. 2.
Fig. 3 shows examples of the proposed approach. For comparison, a method based
on the YOLO approach was used.

Original image @ Detected object

Original image

Detected object

Original image Detected object

. x

¥

Fig. 3. Examples of object detection by the proposed approach and YOLO model:
a — proposed approach; b — YOLO model.

¥

As can be seen from the presented results the proposed approach (Fig. 3a) gain
nearly such good results as the YOLO model (Fig. 3b) which is the benchmark object
detection means. It should be noted that the proposed approach also allows obtaining
results in the case of specific objects in the image for which there are no training
examples in the database. This can be achieved by the use of a set of heuristic rules,
which may require changes in individual parameters for different tasks. It should also
be noted that due to the specific feature of the proposed approach, which includes
image preprocessing, the dimensions of the bounding rectangle may vary slightly.

It is also necessary to note the limitations of the proposed approach with regard to
partially closed objects. Since the main source of information is only visual characteris-
tics, it is impossible to localize an object based on formally absent features. Thus, only
its visible part will be considered an object.

CONCLUSIONS

Localizing objects in images is a fundamental task of computer vision, which is
the basis for numerous innovative applications. Modern approaches allow us to solve
the problem of detecting objects in an image quite well, but they have a significant
limitation. Their success in object localization is largely based on the high accuracy of
their classification abilities. Their limitation arises from the need to train localization
on a set of samples similar to objects that occur in the current task. If there are no such
samples during training or an error occurs during classification, the system will not be
able to distinguish them. That’s why a method based on the inherent characteristics of
the object, which do not need to be established based on the studies of similar objects,
has been proposed. Such approaches still can have an advantage in specific detection
tasks.
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