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THE METHOD OF IDENTIFYING KEY
ELEMENTS OF A DIGITAL IMAGE IN THE
DECISION-MAKING PROCESS OF
CLASSIFICATION BY A NEURAL NETWORK

This paper addresses the problem of evaluating the quality of
data used for training neural networks by identifying significant elements
of digital images, which the neural network algorithm relies on for
classification. As is well known, image classification systems are widely
used in computer vision, where entire images are assigned to a single class
without distinguishing individual objects within them. This is a typical
problem in computer vision. For classification tasks, pre-trained
convolutional neural networks (CNNs) are often employed, trained on
labelled datasets. However, the unresolved issue remains as to which
specific elements the neural network relies on when making a particular
decision. The paper presents a method based on a competitive gradient
descent process to extract details (elements) that were significant during
the classification process, i.e., key elements. This method involves the
competition between the process of image detail degradation and the
preservation of classification results. Using a self-trained neural network,
the authors analyse the presence of details in a classified digital image by
visually assessing the elements directly related to the classified object after
applying the proposed method. Thanks to this approach, the degradation
of digital image details while preserving classification quality is achieved,
and the network architecture may be arbitrary. This allows for a comparison
of attention areas in neural networks with different architectures:
convolutional architecture and mixing architecture. Based on the research
findings, a method for localizing neural network attention with arbitrary
architecture is proposed. The preserved elements on the degraded image
can provide additional information about the validity of the classification
performed by a specific neural network. This can be assessed by localizing
the preserved elements. For example, the presence of these elements in
the classified object indicates a high probability of correct neural network
performance. In other words, if the preserved elements do not belong to
the classified object, it can be concluded that the training data is not
representative (for example, one of the objects may more frequently
appear against a characteristic background). Experimental studies
demonstrated the advantages of the proposed method over existing
alternatives: accuracy in localizing significant details (elements), the
presence of information about global significant elements of the digital
image and their shape, as well as its applicability for both convolutional and
other types of neural networks.

Keywords: computer vision, neural networks, attention
localization, images, data quality

Introduction

The modern development of computer vision systems has
led to the widespread use of neural networks for object
classification in images. Many studies focus on the correct
operation of neural networks during image classification. For this,
techniques such as augmentation [1], validation [2, 3], testing [3],
methods for identifying neural network attention areas [4], and
methods for controlling the spread of intermediate interlayer data
in neural networks are employed. Some of these methods are
designed to prevent incorrect training of the network, some
visualise the attention areas of the neural network, while others
can identify features of unstable neural network operation in
specific classification cases. However, these methods have their
own limitations in terms of usage and architectural constraints. For
instance, augmentation methods can create the illusion of image
variety for training the neural network, but this leads to the
recurrent inclusion of background elements during training, which
is detrimental to the learning process. Validation during training
checks the network's performance on labelled data that does not
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belong to the training dataset. This allows for a comparison of classification accuracy between the training and
validation datasets. If the accuracy on the validation data is significantly lower than on the training data, it is concluded
that the neural network is overfitted. Testing is designed to verify the network's performance on data that was not used
for either training or validation. In cases where there is insufficient data for training the network, validation results
may show favourable outcomes by chance. Additional testing on test data helps reduce the likelihood of incorrectly
drawing conclusions about the classification quality of the neural network when using only validation.

Image classification by neural networks is carried out on the entire image. Therefore, the analysis concerns
not only the regions with the object but also background elements. As a result, it is common to encounter cases where
the neural network classifies based on elements that do not belong to the object being classified. This case may indicate
that the set of images selected for training the neural network was improperly chosen. Moreover, such an error affects
both the test and validation parts of the training data. Therefore, it is not possible to automatically determine the
training error that takes background elements into account. This makes it crucial to detect the elements of a digital
image on which the classification by the neural network is based.

Related works

The scientific task of identifying (locating) the regions of an image that have the greatest impact on the
classification result by a neural network has been the focus of numerous studies. The beginning of the solution to this
problem was laid out in the scientific work [5], where the authors improved the system for identifying the attention
centres of the neural network by highlighting the components of the image that contributed to the classification
features. This was achieved through an optimisation process on the coefficients of the input image, where the loss
function increases in accordance with the sharpness evaluation of the input image and rises as the output values of the
convolutional layer deviate from the reference obtained during the initial classification [5]. Furthermore, the research
in [6] proposed a method for detecting parts of the image that stand out from the overall background based on texture
and can be interpreted as deviations from the typical signal of local brightness and colour distribution on the image.
Additionally, the study proposed a classification of the requirements for image segmentation systems and generalised
the process of feature detection on a digital image step by step. Moreover, the paper [4] is dedicated to the location of
key features during classification, while the study [7] focuses on the architecture and training methods in the process
of creating optimised convolutional neural networks (CNNs) for object and scene detection in images.

In [8], based on the results of analysing CNN architectures for handwritten symbol and digit recognition, the
authors demonstrate how the structure of the network affects recognition accuracy. The direct link to the research on
localization of key elements in digital images is found in [9], which proposes techniques for visualising which specific
parts (regions) of the image are used by the neural network to make classification decisions. At the same time, the
works [10, 11] are valuable in the context of our research. The first study explores data augmentation techniques to
improve image classification accuracy using neural networks, which is important for understanding image quality in
classification regarding the identification of key image elements [10]. The second work is dedicated to the well-known
Grad-CAM method for generating pixel importance maps for convolutional neural networks, which allows visualising
the parts of the image the model focuses on; the method for evaluating significant elements combines the process of
detail degradation [11].

A review of the research and literature shows that existing methods are only effective for convolutional neural
networks, where the convolution processes involve only parts of the image [12]. Additionally, access to the last tensor,
which is the result of the convolution, is required. Such access to the structure of the neural network is not always
available, so this method is not always applicable. The discussed methods also do not provide information on the
shape of the image elements that served as the attention centre for the neural network during classification (only their
approximate location is known).

Therefore, the task of identifying (outlining) the regions important for making the classification decision (for
example, for detecting people in an image in [13] and the shape of significant elements of that image to confirm the
adequacy of the response of the trained neural network) remains unresolved. The goal of the research is, therefore, to
determine the correct attention of the neural network during the classification of digital images. Achieving this will
ensure the development of methods for searching significant elements in digital images.

Identification of key elements of a digital image in the process of decision-making for classification
by a neural network

The scientific and technical task of identifying the details that had the most significant
impact on the classification result

The identification of neural network attention focal points during image classification enables the
determination of whether these focal points are localized on classification objects or the background, allowing for an
evaluation of the neural network's performance. To determine the attention focal points of the neural network, the
authors chose a modification of the competitive learning method [14]. Unlike the well-known competitive learning
methods, the proposed method also consists of two processes, but the first one is responsible for destroying the details
in the image, while the competitive process preserves the probability vector indicating the image's membership in a
set of classes.
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For the destruction process, linear smoothing filters can be used, specifically averaging around each pixel, or
a Gaussian filter. An important aspect is determining the loss function for the image, which provides a scalar that
should be larger for an image with a greater number of details. Several measures can be proposed for this function: 1)
the mean value of the absolute differences between adjacent pixels; 2) the root mean square deviation of the differences
between adjacent pixels; 3) the mean deviation between the input image pixels and its blurred copy, and many others.
What is common among these methods is that the value is higher for images with more significant brightness changes.
The measure of detail presence in an image is zero when the image is monochromatic, i.e., when the brightness or
colour of all pixels is the same. This value is denoted as Lossg in the text.

The process of preserving the classification vector is more complex. It requires determining the loss in the
probability distribution for the image's membership to the simplified version of the image. To find differences in
classification, the probability vector of the image's membership to the classes is preserved for the original image. The
simplified image is also classified by the neural network under study, providing a probability vector indicating the
membership of the current image to the classes. The similarity between the obtained vectors can then be assessed
using several methods: 1) as the sine of the angle between these vectors; 2) as the Euclidean distance between points
in the multidimensional space representing the obtained vectors; 3) as the sum of squared differences between
corresponding values in the vectors (the squared Euclidean distance), and others. What is common among these
measures is that the obtained scalar is higher for vectors that are more separated in space. This value is denoted as
Loss. in the text.

The method of degrading insignificant details in the image using the described quantities is illustrated by the
diagram shown in Fig. 1.

Neural network Base vector of class

Input Image > —»| probability weights

for classification

I I

Image as Neural network Current vector of
changed for classification P! class probability weights

A 4

A

v

= Difference of vectors
L5 High-frequency filter [ #

Scalar showing the
Mean or average value 3
of the output difference bLetween
loss, values =ctorsikess)

Loss = k,* Loss, + k.“Loss,

v
3—p| Gradient calculation |¢——

v

4 p) Optimization with gradient descent
for image brightness

Y

To next iteration Corrected Image

Fig. 1. Sequence diagram of actions for enhancing image details that are important for the classification result

For the purpose of mathematical formalisation of the calculations, the following notations are introduced:

Lossq— the loss or penalty for the existing details in the image;

Loss. — the loss or penalty for the difference between the current classification and the initial one;

I — the three-dimensional tensor of the input image with dimensions;

w — the width of the image in pixels;

h — the height of the image in pixels;

I, — a triplet of numbers representing the colour of the pixel in the x-th column and y-th row;

Loss — the value of the loss function for the current image, for which the minimisation process is carried out
to reduce the number of details while preserving class membership;

vy, — the initial or baseline classification vector of the input image, where the number of elements matches the
number of classes defined by the neural network;

v — the current classification vector of the input image, which needs to be kept close to the vector vb.

As shown in the diagram in Fig. 1, the process of degrading insignificant image elements begins with the
input image. First, the input image undergoes classification by the neural network (the movement in the diagram to
the right of the input image). As a result of the neural network's operation, a vector of coefficients vb is obtained. Each
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element of the class membership vector contains the degree of membership of the input image to the corresponding
class. Often, the neural network provides such a vector in a normalized form by using a ‘softmax’ output layer, where
the sum of all coefficients is equal to one, and these coefficients are interpreted as the probability of the image
belonging to each of the classes. For a high-quality process, it is preferable to obtain this vector before normalisation,
where the class membership features are absolute values. The class membership vector for the input image is recorded
at the beginning of the process and remains unchanged during the operation, so this vector is considered as the
baseline.

The next step of the method is to transfer the image into a tensor, where the image will now be altered. This
path is marked with the number 1 in the diagram. Next, moving to the right along the diagram, the image undergoes
classification by the neural network, where the current class membership vector v is obtained.

The next step involves assessing the number of details on the image Lossq, as well as evaluating the deviation
of the classification result of the altered image Loss.. The processing path of the image for evaluating the number of
details is marked as 2. The image is filtered to highlight the high-frequency components of the image. In the simplest
case, the following process (1) can be used:

2
Lossy = D 2)(h 2) el y (|Ixy| |Lerry]) ™ (1

The deviation from the initial class membership can be evaluated using the following expression (2):

[v—vp|

[vllvpl’

Loss, =

2

An alternative method for evaluating the deviation of classification vectors can also be used, based on the
cosine angle between the vectors:

_ 1 _ {vwp)
Loss, =1 olopl 3)

In the formulas, the straight brackets denote the operation of determining the length of the vectors, and the
angular brackets denote the scalar product of the vectors.

However, for calculating the gradient, by which the images will be adjusted, a single loss coefficient is
required. Therefore, it is proposed to use a weighted loss coefficient (4):

Loss = kyLoss. + k,Lossg. 4

The subsequent stages involve, through the internal tools of the neural network development and training
library, in the given example TensorFlow [9], the calculation of the gradient and the adjustment of the image pixels.
These actions are repeated until the changes in the image remain noticeable. Further optimisation becomes
unnecessary. The specific number of iterations in the process strongly depends on the nature of the image and the
neural network used for analysis. Therefore, the degradation of details in the image should be monitored visually.
After several experiments, the number of iterations can be fixed.

Improvement of the method for determining the attention areas of neural networks

The algorithm used in this work to assess the performance of neural networks for classification is based on
convolutional layers and a neural network architecture called the ‘Mixer’ [16], which has not gained widespread
popularity but has its own advantages and disadvantages. The main distinction of the Mixer architecture is that the
information from each zone of the image is mixed with information from other zones. In contrast, the convolutional
architecture processes information only from a limited area around each pixel, although the complete feature set is
used when determining the class.

For training binary classification models, the data of cats and dogs [17] were used. The model complexity
was tuned to achieve a validation accuracy of over 90%. For the convolutional neural network, more than 200,000
training coefficients were used, while for the MLP model, around 2 million coefficients were required, with a lower
accuracy result.

The results of image detail regression for the cat are shown in Fig. 2 for the convolutional network and Fig. 3
for the MLP-Mixer network. In the figures, the following are indicated: a) — the input image; b) — the image with
degraded details; c) — the result of applying the detail extraction filter.
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100 100

a) b) <)

Fig. 2. Result of image detail degradation for the cat using the convolutional network and loss evaluation based on methods (1) and (2)

100 100

a) b) )
Fig. 3. Result of image detail degradation for the cat using the MLP-Mixer network and loss evaluation based on methods (1) and (2)

In comparing the results of image detail degradation, it can be observed that both neural networks focus on
the presence of small image elements, not only in the cat's muzzle area but also around the eyes and nose. A significant
number of details were retained in the background, which did not belong to the cat. At the same time, the degraded
image better preserves the overall silhouette of the animal, particularly for the MLP-Mixer neural network, which
leads to the conclusion that this neural network focuses more on the overall shape of the animal than the convolutional
neural network.

The presence of a significant number of details in the background, which does not belong to the animal,
indicates a difference in dominant backgrounds for cats and dogs. Therefore, the authors focused on the specifics of
the locations where the cat and dog photos were taken in the training dataset. Visual inspection of the dataset revealed
that cats appear outdoors in only about 20 out of 12,500 images. In contrast, dogs appear outdoors in about 50% of
the 12,500 images. This directly confirms the conclusions regarding the difference in background for cats and dogs.

The architecture of the convolutional neural network and the Mixer architecture is shown in Fig. 4.

The study also further improves the method for determining the attention areas of neural networks [18].
Unlike the use of a fully connected layer in the form of a one-dimensional feature vector before the final classification,
it is proposed to use convolutional features, as shown in Fig. 5.

According to the used architecture, the features across the image are convolved from the initial image size
down to 8x8 coefficient maps. Due to the use of ReLU neuron activation, all features are non-negative. Therefore,
each of the non-zero coefficients contributes to the confirmation of class membership, with the position of this
coefficient on the 8x8 map corresponding to the position of significant elements in the classification process by this
neural network. Consequently, during the validation of the neural network, the locality of the features on which the
class membership decision was made can be determined. The degradation method for the input image, proposed in
this work, is also applicable to this neural network to extract significant image details.
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Fig. 5. RESNET neural network with a ‘greedy’ output classifier architecture
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The implementation of such an architecture using Keras is shown in Fig. 6.
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Fig. 6. Structure of the implemented RESNET with a ‘greedy’ classifier
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Additionally, based on the proposed method of image degradation (for the classification process, Fig. 1), the
authors enhanced the features for classifying cats from the same initial noise. The result obtained is shown in Fig. 7.
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el

Greed CNN Mixer
Fig. 7. Result of enhancing the ‘cat’ features for the initial random noise

According to the result shown in Figure 6, the RESNET network with a "greedy" classifier showed weak
dependency on the image's colour and a concentration of features in the central part of the image. The convolutional
neural network (CNN) uses details located near the edges of the image. This can easily be explained by the fact that
dog images in the training dataset are mostly photographed against a background of grass and other outdoor objects,
while cat photos are predominantly taken indoors. Therefore, this type of neural network is better avoided for practical
tasks. For the MLP-Mixer neural network, as expected from its name, the placement of features important for
classification is evenly distributed across the entire image, and a significant influence of slow colour changes is

observed.

Experiments
Unlike the proposed method, the approach in [18] uses a reverse classification method, where neurons from
the fully connected layer to the last convolutional layer with the largest coefficients are identified for a given class.

Backward coefficient selection

: Cat

[
'

oo P

(W/2xhi2)

Y

Dog

layer (wxh)
(w/32xh/32)

Convolutional
layer (w/16xh/16)

“MaxPool” layer
Fully connected
layer

Input image
(wxh)
Convolutional
“MaxPool” layer

!

| Attention Map |

Fig. 8. Scheme for obtaining the attention distribution map from the last convolutional layer of the neural network based on the weight
coefficients of the output fully connected layer (based on [18])

For the convolutional neural network used in this study, the method provided in [18] was also applied (Fig. 8).
The result of constructing the attention map is shown in Figure 8. Since the convolutional neural network used in this
study has 5 convolutional layers with max pooling, the resolution of the map in the last convolutional layer is 23 times
smaller in both horizontal and vertical dimensions. That is, one pixel of focused attention is spread over a radius of
32 pixels without identifying specific elements to which attention is directed. Therefore, such an attention map is
enlarged to the size of the input image using bicubic interpolation (Fig. 9, a) and overlaid on the input image as a heat

map (Fig. 9, b).

50
100
150

200

. 250
0 50 100 150 200 250 300 350 0 50 100 150 200 250 300 350

a) b)
Fig. 9. Photo and identification of attention areas during classification using the reverse coefficient tracing method [18]

As a result of these actions, it is clear that the neural network placed significant focus on the animal's head
area, but there is also considerable attention to the presence of grass in the background. Therefore, it is important to
note the disadvantages of this method: low accuracy of localization of significant details; lack of information about
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global significant image elements; absence of information on the shape of significant image elements; applicability of
the method only for convolutional neural networks. The method developed in this study does not have these
shortcomings but requires significantly more computational resources for its application.

Based on the experiment, the following directions for further research and scientific inquiry can be identified:
the development of the input image element degradation algorithm in order to prevent the emergence of new details
or changes in their interpretation by the neural network; the theoretical substantiation of the applicability of the method
to arbitrary classifier architectures; the creation of a universal software tool for detecting problematic images using
more powerful neural networks; the implementation of automated training procedures for simplified neural networks
with the selection of architectural hyper parameters; as well as the construction of datasets containing only the most
significant image details in order to accelerate learning towards the identification of meaningful patterns within digital
images.

Improving the degradation algorithm for elements of the input image represents a logical continuation of the
proposed competitive process, in which the destruction of image details is performed in parallel with the preservation
of the classification outcome. This approach makes it possible to avoid the introduction of artificial patterns or
distortions in the network’s interpretation of image features, thereby retaining only genuinely significant elements.
Since the approach considered in the paper is not restricted solely to convolutional neural networks (CNNs), but may
also be applied to other types of architectures, a theoretical justification of its applicability to arbitrary classifier
designs is both necessary and well grounded. This addresses the limitations of existing methods, which typically
require direct access to convolutional tensors.

The software implementation for identifying problematic images follows from the assumption that stronger
neural networks are capable of localizing attention and determining whether classification decisions are based on the
object itself or on background artefacts. If the preserved key elements do not correspond to the classified object, this
indicates that the training data may be non-representative.

The study demonstrates distinct behavioural differences between architectures (such as CNNs and MLP-
Mixer models) in terms of their sensitivity to fine-grained details and global shape information. Therefore, automated
training of simplified neural networks with hyper parameter optimisation is a justified direction. Such automation
would support the construction of efficient models without unnecessary architectural complexity. For faster and more
reliable learning, it is also important to construct datasets that contain only significant image details, as the
degradation-based method enables the extraction of elements that truly influence the neural network’s decision-
making process. This reduces the impact of background bias and encourages the learning of meaningful patterns rather
than incidental correlations.

Conclusions

The result of this study is the determination of the correct attention of the neural network during the
classification of digital images. By using competition between the processes of detail destruction and preservation in
the image, a method has been developed for localizing significant image elements, which allows the identification of
details (elements) of a digital image that are key (most significant) for classification by the neural network. The task
of identifying preserved elements as indicators of classification correctness is considered: the attention localization
method enables the assessment of which parts of the image the neural network uses for classification. If the preserved
elements belong to the object, it indicates the correct operation of the network.

Experimental results for convolutional and MLP neural networks showed that the MLP-Mixer focuses more
on the overall shape of the object, while the convolutional network focuses on smaller elements, particularly in the
background. It was also determined that background elements can significantly affect the classification process, and
it is important to consider the location where the photos were taken for the training data. For example, cat photos often
have a characteristic background, which impacts classification.

Thus, enhancing classification features based on image degradation improves classification accuracy for
neural networks with different architectures. The example demonstrates the applicability of the image degradation
method for neural networks with a more general architecture, distinguishing this method from known ones, as most
of them are tied to the architecture of convolutional neural networks.

In this research, the set of methods for assessing the quality of a trained neural network has been expanded,
and tools for additional evaluation of training data quality for neural networks have been obtained. The results of the
study can be used to assess the performance of neural networks for image classification and to identify deficiencies in
the training data for neural networks.
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Onexcanap JJOPEHCHKUI, Onexcannp JIPEEB, 'anna JIPEEBA

LleHTpansHOyKpaiHChKHI HAL[IOHAIBHUI TeXHIYHHN yHiBepcHuTeT, M. KponuBHULIBKHH, YKpaiHa

METO/ II[EHTI/[(I)I!CAIIIT KJIIOYOBUX EJJEMEHTIB IU®POBOT'O
3065PAKEHHS B IPUMHATTI PILNEHHS KJIACU®IKAIII HEMPOHHOIO
MEPEXEIO

AoCnifmKerHs MpUCBSHEHE BUPILLIEHHIO IPOG/IEMU OLIHIOBaHHS SIKOCTI AaHNX /151 TDEHYBAHHS HEVPOHHNX MEPEX LU/ISIXOM
BULINIEHHS 3HAYYLLNX ESIEMEHTIB LMPPOBOro 306PaxeHHs, Ha SKI CIMPaETbCS HEMPOMEDEXEBUN a/IrOpUTM AU15 Kinacugikauli. Amke,
SK BIOMO, B peasnizaLlii KoM I0TEPHOro 30py LLUMPOKO 3aCTOCOBYIOTLCS CUCTEMU Ki1acu@ikallii 306paxeHHs, SKi LiiIKOBUTE 300paKeHHS
BIAHOCATb [0 OKPEMOro ksiacy 6€3 BUOKPEM/IEHHS Ha HbOMY OKpeMuX OOEKTIB. Lle — 3azaqa komm'totepHoro 30py. Ana 3aga4
Knacnikauii 4acTo BUKOPUCTOBYIOTL 3a34aN1EMAb HABYEHi Ha TPEHYBA/IbHUX AAHUX 3ropTKOBI HEWPOHHI Mepexi, [lpy Lbomy
HEBUPILLIEHUM 3a/MLUAETHCS 3aBAAHHS, HA SKI came e/IEMEHTU CITUPAETHCS HEVPOHHA MEPEXA [/15 MPMVHSTTS KOHKDETHOIO DILLIEHHS].
B CTaTTi MpescTaB/ieHo MeToq KOHKYPEHTHOIO IPOLIECY PaAIEHTHOrO CriycKy A/18 BuAieHHs AETanes (€/1EMEHTIB), sKi B rpoyeci
Knacugikauii 6ysim 3Ha4uMuMy, TOOTO KITOHOBUMH. L{esi METOA NEPEABAYAE KOHKYDEHLIIO MPOLIECY 3HULYEHHS AETA/IEN 300PDaXKEHHS
3 11POLIECOM 36EPEXEHHS PE3Y/IbTATIB Kiacugikauii. Ha rpukiadi caMocTiviHoO HaBYEHOI HEVPOHHOI MEPEXT aBTOPH ITPOaKHa/l3yBasm
HasIBHICTb AeTanes LU@ppPOBOro 306paxeHHs], SKe OTPUMAIIo KIacU@ikaLito, Ha Bi3ya/lbHy OLIHKY eKCIIEPTOM HasiBHOCTI €/1EMEHTIB
be3riocepesnHbo 06°€KTa Kiacu@ikadii rnicis 3acTocyBarHs po3pobrIeEHOro MeToaa. 3aBAskv LbOMy METOLY Pe3y/ibTatv Aerpagadii
AETane UNPPoBOro 306PaxeHHs i3 36EpEXeHHIM SKOCTI Kacnikalli, apXiTEKTypa BUKOPUCTAHOI HEVPOHHOI MEPEXT € LOBI/TbHO.
Lle [a/10 3Mory ropiBHSTH 30HW GKLEHTY yBarn HEVPOHHUX MEPEX PI3HOI apXITEKTYPU. 3ropTKOBOI apXITEKTYpU Ta apXiTeKTypu
MIKLLYBaHHS. 3a pe3ysibTaTamMu AOCTIIKEHHS 3arPOOHOBaHO METOA JIOKaIi3aLlii yBar1 HEVPOHHOI MEDEXI 3 AOBI/IbHOK aPXITEKTYPOIO.
S3b6epesxxeri eneMeHTv Ha AErpPagoBaHOMy 306PaXKEHHI MOXYTb AaT AOAGTKOBY IHGOPMALIIO PO BaslifHICTL KIacU@ikaLlii KOHKDETHOO
HEVIDOHHOIO MEPEXErD. Le MOXHE OLIHNTY 3@ JIOKa/I3aLIIEr0 36EPEKEHNX ENIEMEHTIB. Hanpukias, NpMHaIEXHICTb ENIEMEHTIB 06 €Ty
Knacnikauii- caigunTb PO BUCOKY UMOBIPHICTS IpaBusibHOI poboTH HEUpPOHHOI Mepexi, TOOTO SKIO 36EPEXEH] EIEMEHTH HE
Hanexats 06 €KTOBI Knacuikauli, To0 pobuTbCS BUCHOBOK PO BIACYTHICTb PENPE3EHTATUBHOCTI AaHUX A/1 HABYaHHS (Harpukiag,
O4MH 3 00EKTIB YacCTilLe 3yCTPIYAETLCS Ha XapakTEPHOMY (POHOBOMY T71i). [IpoBEAEHE EKCIEPUMEHTAIbHE AOTTKEHHS TOKA3a/I0
1E€PEBAry 3arnporoHOBaHOro0 METOAY MOPIBHAHO 3 aHa/IoramMu. JOCIracTeCA MABULYEHHS TOYHOCTI JIOKaM3auii 3Haqywmx AeTanes
(enemeHTIB), 3a6€3reHyeThCS HasBHICTL IHGOPMALYIT PO r7106a/1bHi 3HaYyLyl €/1EMEHTU LUNGPOBOIro 306PAXEHHS Ta iX OPMY, a TAKOXK
npuAaTHICTL METOAY A/151 3aCTOCYBAHHS AJ151 IHLLINX, OKPIM 3ropTKOBUX, TUITIB HEVPOHHUX MEDEX.

KImto40Bi ¢/10Ba: KOMITIOTEPHMI 3ip, HEVIPOHHI MEPEXI, JIOKA/I3aLis yBary, 306PaXxeHHs, SKICTb AaHUX
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