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USAGE OF NEURAL NETWORKS
IN IMAGE RECOGNITION

This article focuses on the operation of the classification of blueprint parts.
Classification characteristic is the main part of the designation of the part or product and
their design documents, solving a number of topical tasks from creation of a single
information language for automated systems to unification and standardization.
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Background. Currently, various image recognition methods and
systems based on them are actively developing, successfully solving such
tasks as identifying fingerprints, corneas of the eye, analyzing aerospace
images, monitoring information flows in a computer network, detecting
forgeries, recognizing license plates, handwritten texts, scanned postal,
latent, financial and accounting documents. Those methods of pattern
recognition made it possible to solve complex tasks. In this regard, it is
necessary to consider the possibility of applying these methods for
automatic recognition building blueprints to generate a 3D model of the
construction.

Analysis of recent research and publications. Along past decade
there was few valuable publications in field of image recognition using
neural networks. Most of them concern face recognition technologies or
movement and movement prediction approaches. Nevertheless way back to
2016 was fundamental study of 3d object recognition and algorithms using
neural networks by Luis A. Alexandre called «3D Object Recognition
Using Convolutional Neural Networks with Transfer Learning Between
Input Channels» [1]. Stating that current trend in processing image data is
the use of convolutional neural networks (CNNs) that have consistently
beat competition in most benchmark data sets. Luis aim was to investigate
the possibility of transferring knowledge between CNNs when processing
RGB-D data with the goal of both improving accuracy and reducing
training time. The similar approach was used in the current experiment and
publication.

Another valuable publication was made by leading of A. Esteva in
2017 called: «Dermatologist-level classification of skin cancer with deep
neural networks» [2]. Representing automated classification of skin lesions
using images is a challenging task owing to the fine-grained variability in
the appearance of skin lesions. Using deep convolutional neural networks
(CNNs) as a great potential for general and highly variable tasks solver
across many fine-grained object categories. Andres work demonstrates
classification of skin lesions using a single CNN, trained end-to-end from
images directly, using only pixels and disease labels as inputs. CNN was
trained using a dataset of 129,450 clinical images — two orders of
magnitude larger than previous datasets —consisting of 2,032 different
diseases. Also the similar approach was used in the current work.

Purpose of this article is to determine the optimal method of image
recognition for solving automation problems of constructing a 3D
construction model.

Materials and methods. In this research, we use double neural
network usage approach to determine and classify objects from image.
Double neural network approach emerged from the synthesis of the
algorithms represented in the reviewed related publications done before.

Results. The main reasons for replacing human participation in
recognition tasks are to free a person from repetitive operations to solve
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other more important tasks and to improve the quality and speed of
decisions making. This is the reason for the urgency of the tasks being solved.

A promising alternative to traditional methods of solving pattern
recognition problems 1is neural networks (NN). This is an actively
developing area of present day. The fields of application of neural networks
are growing, new NA models are emerging, existing models are being
adapted to solve new problems, etc. [3].

Artificial neural networks are mathematical models built on the
principle of organization and functioning of biological neural networks —
networks of nerve cells of a living organism [4].

Main features of neural networks are following listed below:

» Solving problems with unknown laws. Using the ability to learn
on a variety of examples, the neural network is able to solve problems in
which the laws of the development of the situation and the relationship
between the input and output data are unknown. Traditional mathematical
methods and expert systems in such cases are not applicable.

» Resistance to noise input. Ability to work in the presence of a
large number of non-informative, noise input signals. There is no need to do
their preliminary screenings, the neural network itself will determine their
lack of suitability for solving the problem and discard them.

» Adaptation to environmental changes. Neural networks have the
ability to adapt to environmental changes. In particular, neural networks
trained to operate in a specific environment can be easily retrained to work
in conditions of minor fluctuations of environmental parameters. Moreover,
to work in a non-stationary environment (where the statistics change over
time), neural networks can be created that are retrained in real time. The
higher the adaptive capabilities of the system, the more stable its operation
in a non-stationary environment.

» Potentially super high speed. Neural networks have the potential
of ultra-high speed due to the use of mass parallelism of information processing.

» Fault tolerance in the hardware implementation of the neural
network. Neural networks are potentially fault tolerant. This means that
under adverse conditions, their performance drops slightly. For example, if
a neuron or its connections are damaged, retrieving stored information is
difficult. However, taking into account the distributed nature of information
storage in the neural network, it can be argued that only serious damage to
the structure of the neural network will significantly affect its performance.
Therefore, the decline in the quality of the neural network is slow.

Artificial neural networks provide powerful flexible and versatile
learning mechanisms, which is their main advantage over the other methods
mentioned above. Training eliminates the need to choose key features, their
significance and the relationship between features. But, nevertheless, the
choice of the original input data significantly affects the quality of the
solution. Neural networks have a good generalizing ability, that is, they can

----------------------------------------------------------------------------------------------
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successfully spread the experience gained in the final training set to a
variety of images.

Neural networks can be trained in a complex structure of images
with less memory than is required for classification by structural methods.
Training eliminates the need to choose key features and relationships between
features. The parallelism of the work of neurons provides fast and high-
quality pattern recognition.

Due to a good generalizing ability, artificial neural networks can
successfully recognize images that are not shown in training, and also be
resistant to noise in the input data.

The analysis of recognition methods and the numerous cases of
successful use of artificial neural networks indicated in the literature, as
well as the prospects of their development, led to the choice of the neural
network method for constructing 3D structures.

Neural network is a complex of distributed and parallel computing
systems capable of adaptive learning by analyzing the positive and negative
effects and simulating simple biological processes occurring in the human brain.
The transformative element in such networks is an artificial neuron (figure 1).

Threshold

Y
Input —= Qutput

Synaptic weights

Figure 1. Artificial neuron model

Source: compiled and systematized by the authors.

The functioning of the neuron is described by the following
expressions:

V= Z}Llexj (1)
y=¢W+b) 2)

where x; — input signals; w; — synaptic weights; ¢ (v+b) is an activation
function that limits the amplitude of the output signal of the neuron; b is the
threshold element; v is a linear combination of input actions; y is the output of the
neuron; # is the number of inputs.
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In figure 2 shows the activation functions that have been spread in
artificial neural networks.
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Figure 2. Types of activation functions: a) rigid step; b) sigmoid;
¢) hyperbolic tangent; d) flat step; e) Gaussian curve

Source: compiled and systematized by the authors.

In the general case, there are two main classes of neural network
architectures — these are direct distribution networks and recurrent networks
(networks with feedback).

In forward propagation networks, signals are transmitted strictly in
one direction from the input (sensor) layer to the output one. If between the
input and output layers in the network there is one or several hidden
(associative) layers, then such a network is called multilayered. Forward
propagation networks include single-layer and multilayer perceptron,
networks of radial basis functions.

Recurrent neural networks are distinguished by the presence of at
least one feedback. In networks with feedback, information from subsequent
layers is transmitted to previous layers. The presence of feedback has a
direct impact on the ability of recurrent networks to learn and their
performance. Examples of such networks are competitive networks, the
Kohonen network, the Hopfield network, models of the theory of adaptive
resonance [4].

Training of a neural network consists in changing the internal
parameters of the network so that the output of the artificial neural network
generates a vector of values that coincides with the results of examples of

oooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooo
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the training sample. There are various learning algorithms that differ from
each other in the way of tuning the synaptic weights of neurons [4; 5].

The formulation of the recognition problem assumes that the initial
information about the classes is given by a sample of vector attribute
descriptions of domain structure objects representing all nine classes. As
such features, five geometric features were used — the form coefficients (fable)
and the Euler number (topological feature).

Table

Form factors

Coefficient name Formula

4mS
round=—y

Roundness coefficient

S is the area of the object;
P is the perimeter of the object

K _S
FiL = 7

Fill factor h and I are the dimensions described

around rectangle object

2
- -0
Eccentricity of the ellipse a4

b and a big and small semi
ellipse

S
kcomp = S_l

Compactness factor S is the area of the convex polygon into

which the object is inscribed

g~

obj

Kpor = —2L
per

Prect

Perimeter Ratio
P,,— the perimeter of the object;

Prect — the perimeter of the rectangle
described around the object.

Source: compiled and systematized by the authors.

For test purposes an image of the floor plan with nine types of
classified objects was formed. The total number of objects was 11,000.
As input, a characteristic vector containing six initial features describing
the shape of the objects was used.

In figure 3 shows the location of objects in the space of
informative features, presentedin table.
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Figure 3. The division of objects into classes in the system
of informative features

Source: compiled and systematized by the authors.

From the obtained results it is clear that the classes overlap each
other, so they are poorly separable. It is proposed to perform the
classification of these objects in several stages, as shown in figure 4
structure with the use of two neural networks of direct distribution.

oooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooo
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Object Types

Informative Features

Figure 4. The structure of the algorithm for object recognition

Source: compiled and systematized by the authors.

The object to be classified is given by the vector of informative
features K = (kround, kfill, e, kcomp, kper, Ne). The first neural network
uses four informative features K1 = (kround, kfill, e, NE) and assigns the
object to one of the classes {yl, y2, y3, y4, y5}.

For the neural network, controlled learning was performed, i.e.
training with a “teacher” [4]. The method of scaled bound gradients with
the error function — cross-entropy [6] was used. For network training, an
image was formed with 1403 ideal objects located at different angles and
having different sizes. Network training was conducted on the basis of a
constructive approach, according to which training begins on a small neural
network, which gradually increases until the required accuracy is achieved
according to the test results. The minimum recognition error was obtained
with 20 neurons in the hidden layer.

The second neural network uses three informative features K2 =
(kcom, kper) and classifies objects into four classes {y6, y7, y8, y9}.

For learning the second neural network, an image with 574 ideal
objects was formed. The same training methods were used as the first
neural network.

As an activation function for the neurons of the hidden layer of the
first and second networks, the tangent function was used, and for the
neurons of the output layer, a competing function with a soft maximum.

The example of a neural network allows you to define and classify
each element. Each class is highlighted in its own color. Further application
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of the obtained data can be applied to build 3D models from predefined
parameters for each class [7].

Method for recognizing images of objects and structure is proposed.
The recognition algorithm is based on two two-layer neural networks of
direct distribution, which allow to recognize and classify objects having
different shapes. As informative features of objects on the basis of which
neural networks carried out the classification. The proposed method can be
used to recognize images of objects that are similar in shape.

This article represents results of compiled classification of types on
the basis of practical results and a literature review. The features of
classification that significantly affect the choice of methods and algorithms
for solving problems are considered.

This method allows classification and definition of simple and
complex shapes and can be used for analyzing images. This approach of
classification is fully implemented in the software approach.

Conclusion. Proposed neural network allows to define and classify
each element. Each class is highlighted in its own color. Further application
of the obtained data can be applied to build 3D models from predefined
parameters for each class.

Proposed method for recognizing images of objects and structures
seems to be most profitable. The recognition algorithm is based on two two-
layer neural networks of direct distribution, which allow to recognize and
classify objects having different shapes. As informative features of objects
on the basis of which neural networks carried out the classification. The
proposed method can be used to recognize images of objects that are similar
in shape.
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Kpueopyuro 0., Xoponvceka K., Uyoacecokuii B. 3acmocysanns neiiponnux
Mmepedic y pO3ni3HABAHHI 300pajceHb.

Ilocmanoexka npobnemu. /lociionuyvke noae Komn 'tomepHoi eizyanizayii
iCmomuo 3MIHUOCSA NPOMA2OM OCMAHHIX POKIB, 30e0inbul020 3a6805KU OOCACHEHHAM )
cehepi enubokozo HasuanuA. YV yell yac eaubOOKi HEUPOHHI mepedxCci YCHIHO BUKO-
PUCMOBYBANUCS 6 DI3HUX HPAKMuKax. 30Kpema, 320pmKOGI HeUpOHHI Mepexci 3moenu
docsemuy  HAUCYYACHIWUX pe3VIbmamie Yy 3a0adi 3 PO3NIZHABAHHA 300paxicenv, Y
bazambox 6UnadKkax nepegepuiyroul aO0CbKi moocausocmi. Ilonpu 3nauHy KinbKicme
00Cai0dHCenb, npogedeHux y yitl cghepi, binviicms npayb po3esioaioms HAOIp OaHUX, Wo
CKAA0AOMbCsl 3 00CUMb BUCOKOAKICHUX 300padiceHb. Y peanvHux 000amkax, 0OHAK, Mu
uaCmMo CMUKAeMocs 3 npooremamu, oe nompiono pooumu bazamo pyunoi pooomu. Y yiti
cmammi OCHOBHA Y6a2a NPUOLIEMbCS (DYHKYIOHYSAHHIO KIACUPDIKAYIl namephie 300paiceis.
Knacughixayiiina xapaxmepucmuxa € 8axciugoio YacmuHow, wo Upiuye pso aKxmyais-
HUX 3a0ay: 8i0 CMEOPeHHs €OUHOI iHpOpMayiliHoi MOBU Ol ABMOMAMUZOBAHUX CUCTEM
0o yuigikayii ma cmandapmu3sayii.

Memoio pobomu € 8U3HAUEHHS ONMUMATBHO20 MemOOdy PO3NIZHABAHMHSL 300PAIICEHD
0151 UpiuleHHs npoOaeMU A8MOMAMU308aHOl N0OY0osu KoHcmpykyitinux 3D modenetl.

Mamepianu ma memoou. 3acmocosano NoOGIHUL NioXio 00 BUKOPUCNAHHSL
HEUPOHHUX MepexCc Osl GUSHAYeHHsT ma Kiacugikayii 00 'exmis i3 300paxcenns. Tloositinuil
Hetipomepedcesull nioxio 6UHUK 3 CUHMNE3Y AN2OPUMMI, NPEOCMABIEHUX V PO3STSAHYMUX
paniuie nyonikayisx.

Pezynomamu odocniodycenns. /[ mecmosux yinet c@opmosano NiAAH OCHOBU
300padxcenus 3 Oeg’ssmvbma munamu Kiacugikoeanux o0 ’ckmis. 3acanvha KinbKicmo
00 ’exmie cmarnosuna 11 muc. BxiOnumu Oanumu cry2yeas XxapakxmepHuil 6eKmop, sAKuil
MiCmums wicms NOYAMKOBUX O3HAK, WO ONUCYIOMb (hopMy 00 €kmis.

3anpononosanuil nioxio 3 NOOGIUHOIO HEUPOHHOIO Mepedicer0 GUKOPUCAHO 05
posniznaganus ma kiacugpikayii 06 ’exkmie Ha 300paxcenni. Ilicnia npoyecy Kowmpo-
JIbOBAHO20 HABUAHHSA HEUPOHHUX MepexCc, MOOMO HAGUAHHA 3 «8uUmMenem», 60HU Oyau
NOBHICMIO 8 3MO31 BU3HAUUMU 00 €EKMU HA 300PACEHHI.

Bucnosku. 3anpononosana netipomepedca 0ae 3mMo2y 8uznadamu i Kiacugixy-
samu kodxcen enemenm. Koowen knac nioceivyemvca neenum konvopom. llodanvuie
3ACMOCYBAHHA OMPUMAHUX OAHUX MOJIce DYMU 3aCMOCco8ano 01 nooyoosu 3D modeneii 3
NnonepeoHbO BUHAYEHUX NAPaMempia 0Jis KOHCHO20 KIACY.

3anpononosanuii cnocib posnizHasawHs 300padiceHb 00 €KmMi8 [ CmMpYKmMyp
sbauwaemovcs HAUOIIbUWL 8ULIOHUM. ANleopumm po3NiZHABAHH OA3YEMbCS HA 080X 0BOULA-
POBUX HEUPOHHUX Mepextcax NpsAMOo20 pOo3Nooiny, AKi 0arome 3MO2y pO3NiZHAeamu i
Kkracughikysamu 06 ekmu piznoi gpopmu. Ak inpopmamueri o3Haku 06 €kmis, HA OCHOGI
SAKUX HeUpoHHI Mmepedici 30IUCHIomMb Kiacugikayiio, 3anponoHo8anuti cnocio mooice
bymu suxopucmaHuii 0Jist PO3NIZHABAHHS 300PANCEHb 00 EKMIB, CXONCUX 3d POPMOIO.

Knwuoei crnoea: Hetiponna mepedica, 00’ckm po3nizHasauHs, Kiacugixayis,
oomenu.
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