IHOOPMALIANHI TEXHONOr I, CACTEMHUIA AHANI3 TA
KEPYBAHHA

DOI: 10.20535/kpi-sn.2019.1.157374
UDC 004.89

R.M. Galagan, A.S. Momot"
Igor Sikorsky Kyiv Polytechnic Institute, Kyiv, Ukraine

*corresponding author: drewmomot@gmail.com

ANALYSIS OF APPLICATION OF NEURAL NETWORKS TO IMPROVE
THE RELIABILITY OF ACTIVE THERMAL NDT

Background. The relevant question of increasing the informative content and reliability of the thermal non-destructive
testing is considered in this article. The most promising algorithms of digital processing of sequences of thermograms
are given.

Objective. The main aim of this research is to determine the advantages and disadvantages of the application of each
considered method of digital processing of thermograms. Secondary, the possibilities of testing automation with the
use of the selected methods of digital processing of thermograms are analyzed in this article.

Methods. Computer simulation software was used to obtain the artificial sequence of the thermograms. Methods of
wavelet analysis, principal components analysis and neural networks were used to process the received data.

Results. The simulation of active thermal testing process is carried out in this research. The artificial thermogram se-
quence with a high level of noise is obtained for the object of testing. In order to quantify the results of application of
considered methods, relative errors of determining the area of defects were calculated. Also values of Tanimoto crite-
rion are obtained. The advantages of the neural network processing of digital data in thermal non-destructive testing
have been established and proved in this article. Shape of defects on a binary map built by the neural network was
closest to true compared with principal components analysis method. The effectiveness of neural networks is also
confirmed by quantitative estimates.

Conclusions. The method of wavelet transformation has a high sensitivity. This method is ineffective in the conditions
of uneven heating and high noise. The principal components analysis method allows increasing the SNR and improv-
ing the visual perception of thermograms, but does not provide complete separation of information about defects and
noises caused by uneven heating. Methods of artificial neural networks theory provide the best reproduction of the

shape and size of the defects, but the training process requires significant time and computing resources.
Keywords: wavelet analysis; principal components analysis; neural networks; thermogram processing.

Introduction

Thermal non-destructive testing (TNDT) is
widely used in various fields of industry due to its
contactlessness, high performance and effective-
ness. The thermal field of the object of testing
(OT) is recorded and visualized using the thermal
imager. Received thermograms represent the distri-
bution of the intensity of object’s thermal field,
and their quality depends on many factors. The re-
sults are influenced by parameters of the infrared
radiation detector, preferences of testing, external
conditions, thermophysical characteristics of the
object. In this regard, thermal images are charac-
terized by high levels of noise. The form of thermal
imprints of defects is often distorted, so in many
cases it is impossible to uniquely estimate the pa-
rameters and characteristics of defects. The issue of
increasing the informativeness of thermograms is
important in order to ensure high reliability of test-
ing.

Thermograms are digital images that represent
the distribution of pixel values of temperatures on
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the OT surface, thus, for their analysis the methods
of digital signal processing are used. One of the
modern approaches is the use of wavelet transfor-
mation applied to the temperature profiles at the
points of the thermogram. As noted in [1], this al-
lows increasing the SNR, aligning the image field
and increasing the sensitivity of detecting structural
defects. Significant interest is also caused by the
statistical method of principal components analysis
(PCA) [2]. This method is used in the theory of
pattern recognition to solve classification tasks and
to reduce the size of the initial data. The use of ar-
tificial neural networks in thermal testing is also
promising [3, 4]. A comparative analysis of differ-
ent methods of thermogram processing was made
in [5] and some recommendations are given. How-
ever, still an important issue is the assessment of
efficiency and the choice of the most optimal and
versatile modern method of thermogram process-
ing. The main requirements for such a method are
high noise immunity, informativeness, the ability
to automate the procedure of testing and data
processing.
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Problem Statement

The aim of the study is to evaluate the effi-
ciency of the use of neural networks for the ther-
mogram processing with a significant level of noise
in order to increase the informativeness and reli-
ability of active TNDT. This study focuses on the
technique of thermogram processing and describing
the process of conducting research using neural
networks and comparing the results with the wave-
let analysis method and the PCA method, since
previous studies have demonstrated their advan-
tages over other methods of thermograms process-
ing.

Description of the source data

Active TNDT is based on the analysis of the
dynamic thermal field, which is described by the
function T(x, y, t). In this case is considered the
character of the change of instantaneous values of
temperature in time at the points of the OT sur-
face. As a rule, during conducting of active thermal
diagnostics the object is firstly heated, and then the
certain time is allocated to cool it. Throughout the
process of heating-cooling, the temperature field is
recorded with the thermal imager. As a result, a
sequence of thermograms representing the change
in the temperature field on the surface of the OT
in time is recorded with a certain frame rate [6]. In
the defect zone, the regular nature of the thermal
field is violated and there are local temperature dif-
ferences 7,(x, y, 1) appeared, that lead to changes
in the temperature profile.

A simulation of the heating and cooling of the
OT was performed using the COMSOL Multiphys-

15 mm

100 mm

A

a

ics software. The tools of MATLAB software,
which contains a wide range of built-in functions
for digital signal processing, were used to study the
methods of thermogram processing [7].

A computer model of steel plate with 20 mm
thickness and 100 mm sides was created as a test-
ing sample (Fig. 1, a). Artificial defects of square
shape with 15 mm, 10 mm and 5 mm side and
thickness of 5 mm were placed in the middle of
the sample model at a depth of 10 mm. The heat-
ing has been carried out for 8 seconds by the heat
flux with a power density of 10 kW/mz, which was
applied to one of the faces of the OT. Cooling
lasted 12 s. To take into account the influence of
the unevenness of heating and the presence of
noise in real thermal testing, two sources of low
power heat flows located on the edges of the plate
were added to the model.

A sequence of 20 thermograms with an inter-
val of 1 s between them was obtained as a result of
the simulation. Parameters of the sample were in-
tentionally chosen so that the thermal imprints of
defects on the surface of OT were blurred due to
the effect of thermal diffusion, which greatly com-
plicates the analysis of the thermogram visually,
without the use of additional processing means.
The thermogram in optimal testing time is shown
in Fig. 1, b.

Wavelet analysis

Fourier transform is considered to be one of
the most sensitive methods of thermogram process-
ing. Analyzing the shape, amplitude and time
characteristics of the temperature profile, as well as
the frequency, phase and power characteristics of

b

Fig. 1. Simulation of OT: @ — the layout of the defects, b — the thermogram in the optimal testing time (9 s)
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the temperature signal when applying the Fourier
transform, we can make conclusions about the
size, position and depth of defects. At the same
time, the results of such analysis essentially depend
on the quality of the recorded thermograms, their
number, presence of noise, parameters of heating
the OT, experience of the operator, etc. The disad-
vantages of using the Fourier transform for ther-
mogram processing are described in [8, 9].

In order to eliminate the negatives of Fourier
analysis, the use of wavelets was proposed. By its
physical content, wavelet transform differs from
Fourier transform by form of a basis function. If
Fourier transform decomposes signal into a series
by a sine or cosine, then wavelet analysis involves
the use of a wide variety of other basis functions.
In [10] it is proposed to use Gaussian or Morlet
wavelets in the thermal testing due to their similar-
ity to the shape of temperature signal. At the same
time, this study indicates that the shape of signals
in thermal testing is smoothed, whereas wavelet
analysis is used mainly in the tasks of detecting and
processing short-term radio pulses.

Wavelet images have the same features as
Fourier's images. The result of wavelet transform
also contains a real and imaginary part. It is possi-
ble to detect the position of defects using the phase
of wavelet transformation [11].

The representations of absolute value and
phases of wavelet shapes were obtained by the ap-
plication of wavelet transformation to the initial
sequence of thermograms (Fig. 2). The representa-
tions of wavelet shapes have a uniform field, which
is expressed in a small number of parasitic lines,
and a better contrast. However, the size and shape
of the defects are distorted. At the same time, the
images retained the representation of artificial

structures that simulate the uneven heating. On
this basis, emphasize the drawbacks analogous to
Fourier analysis method, and poor suitability of
method for analysis of thermograms with fuzzy
contours of defects and uneven heating.

The wavelet transforms the one-dimensional
time function signal into a two-dimensional func-
tion of scale and shift, which results in significant
computing costs. To determine the optimal wavelet
transformation parameters, it is necessary to make
additional calculations based on the thermophysi-
cal characteristics of the OT, which not always can
be performed with the required accuracy. In gen-
eral, the question of using wavelets in thermal test-
ing is controversial. Considering the presence of a
large number of parasitic structures, the construc-
tion of a binary map of defects location based on
the results of this method is not feasible.

Principal components analysis

The method of principal component analysis
is based on Karunen-Loev transformation. This
method is widely used in statistics to reduce the
space of features without significant loss of infor-
mation.

Algorithm of the method of principal com-
ponent analysis (PCA) applied to the processing
of sequences of thermograms was first described
in [12]. The authors used PCA to test the carbon
fiber cylindrical products. Improvement of the vi-
sual perception of thermograms and the increase of
SNR was proved in the course of the study. At the
same time, there is a need to change the transfor-
mation parameters for each separate control task,
which requires additional time expenditures. Clas-
sification of defects is complicated, because the

Fig. 2. Image of the results of wavelet transform at the 1st frequency: a — absolute value, b — phase
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Fig. 3. Projections of initial sequence: @ — on first principal component, b — on second principal component

method does not provide unambiguous separation
of information about defects and noises.

Consider the algorithm of PCA to process the
simulated sequence of thermograms. In this case,
the number of thermograms » = 20, the number of
rows and columns in the thermograms m = 533
and k = 480, respectively. After the transformation
of the sequence, we have an initial matrix X with a
dimension of 20x255840 elements. The size of the
covariance matrix will be nxn, that is, 20x20 ele-
ments. Let's leave the first 3 principal components,
then the dimension of the matrix W T will be 3x20,
and the dimension of the resulting matrix Y will be
3x255840. After the decomposition of the matrix Y,
we obtain a sequence of three images, which repre-
sent the projection of initial data for three prin-
cipal components. An example of projections for
first and second principal components is shown in
Fig. 3. Contrasting was applied to the images to
align the histogram for better visual perception.

Fig. 4. Binary map of defects, obtained by the results of princi-
pal components analysis

The image on first principal component dif-
fers in blurred contours of defects and its similarity
to the thermogram in optimal testing time. On se-
cond principal component, the shape and size of
defects are more clearly displayed, as well as un-
even heating sources are detected.

Applying binarization by threshold level op-
eration to the projection image on first principal
component, we can get a binary defect map,
shown in Fig. 4. Note the high correspondence of
the sizes of first and second defects to actual values
shown in the red contour. The size of third defect
in dimensions of 5 mm on a binary map is deter-
mined with higher error.

PCA allows to form a database of own vec-
tors, which will correspond to a certain type of de-
fects. Thus, the task of classification of defects can
be solved. However, when classifying by PCA, the
space of attributes separates to best fit the input
data set, rather than obtaining the optimal class
boundary. Therefore, when the testing conditions
changes, for example the presence of uneven heat-
ing or other obstacles appears, the efficiency of the
method drops sharply.

Neural networks

Neural Networks (NN) are mathematical
models built on the principles of organization of
biological neural networks of nervous system. The
use of NN demonstrates high performance in clas-
sification tasks, image recognition, image process-
ing, and more. The main advantage of NN is their
ability to learn, which allows the network to auto-
matically study hidden patterns in input data sets.
NN work with complex nonlinear dependencies,
solving multi-parameter problems [13, 14]. This al-
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lows them to be used effectively for regression
tasks, image classification, clustering, etc.

The classical NN consists of several layers of
artificial neurons. Each neuron of one layer is
connected with all neurons of the next layer with
synaptic weights w; ;. The neurons of input layer

[i,,1,,...,i,] intended for receiving and transmit-
ting to network the input vector X =[x, x,,...,x,],

where n — number of vector elements (counts in
the signal). Neurons of hidden layers are designed
to perform transformation of input data. Each arti-
ficial neuron receives a weighted sum of input data
with bias:

A=Y X()xW(,j)+b(),
where X(j):[xl,xz,...,xj] — output vector of

neurons of previous layer, j is the number of neu-
rons in previous layer, i is the current neuron in-
dex, and b(i) is the bias of current neuron.

Next, calculated value of A applies to the ac-
tivation function (usually logistic, tangential or
sigmoid). Thus, the equation of an artificial neuron
with bias in general can be written as:

y=f(wx+b).

The initial value of current neuron is trans-
mitted to the next layer. The value of neurons in
initial layer [0,,0,,...,0,] is the output data or the

answer of NN. Choice of number of hidden layers,
number of neurons in them, and choice of activa-
tion functions is carried out mainly empirically.

In thermal testing, NN can be used for task
of defect classification and defectometry. Vectors
containing thermal profiles in points (pixels) of a
thermogram are given on NN input during its
training for work with sequences of thermograms.

a

In this case, samples of defective and defect-free
areas are submitted, which corresponds to class
number (for example, 0 is defect-free, 1 is defec-
tive). A trained NN detects hidden dependencies
and changes in temperature signals that are charac-
teristic of a certain class of defects or defect-free
areas. Thus, different modern NN can be used to
build defect maps, defect classification and defec-
tometry [15].

The authors of the paper [16] investigated the
possibilities of using NN for testing of multilayer
products. The resulting binary map of defects was
not inferior in quality to similar maps obtained by
traditional methods. The advantages of using NN
in this work are demonstrated only on a qualitative
level. In general, detailed research on the use of
NN for tasks of thermal testing has practically not
been carried out, so this issue needs further study.

Consider the work of the NN during process-
ing the simulated sequence of thermograms. To do
this, a single-layer backpropagation neural network
was built in MATLAB software using the Neural
Network Toolbox. The number of neurons in input
layer corresponds to number of thermograms in the
sequence and is i = 20. Number of neurons in hid-
den layer j = 3, number of neurons in output layer
o = 2. Hyperbolic tangent was used as activation
function. Levenberg—Marquardt training algorithm
was used in this study. Also, other modifications of
backpropagation algorithms can be used [17].

Training dataset that consisted of samples of
temperature profiles at points of defective and de-
fect-free zones was used to train the network. Total
number of training samples is 7350. Of these, 4070
samples of defects temperature profiles, 3280 sam-
ples of temperature profiles in defect-free areas. It
is worth noting that only defects that were most
confidently visible on optimal thermograms were

b

Fig. 5. The result of NN processing: a — without post processing, b — with morphological filtering of binary map
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used to form samples of defective areas. The total
training dataset was divided into three parts —
training, test and validation sets. The training set
comprised 70 % of total set of samples, the test
and validation sets comprised 15 % of total number
of samples. According to answer of NN, each pixel
of thermogram corresponded to a certain class —
defective (1) or defect-free (0).

A binary map of defects (Fig. 5, a) was built
based on answer of the network. It is worth noting
the high accuracy of the network and the lack
of artifacts in image. Dimensions of defects with
size of 15 mm and 5 mm are determined most ac-
curately. A high error is observed in defining a
10 mm defect. Unlike the previously discussed me-
thods, the form of detected defects is closer to ac-
tual one. This is particularly well seen in Fig. 5, b,
which shows a binary map after operation of mor-
phological image open.

The NN showed high noise immunity, as
there is no uneven heating or other artifacts on the
binary map. Construction of binary map was car-
ried out with high precision in automatic mode
without additional operations, which demonstrates
superiority of NN technologies to other methods of
digital thermogram processing.

Discussion

In order to quantify the results of application
of considered methods, relative errors of determin-
ing the area of defects were calculated. Also values
of Tanimoto criterion are obtained, used in theory
of pattern recognition to determine quality of rec-
ognition [18]. The Tanimoto criterion is calculated
according to formula:

Nr.d. -N

T = m.d. ,
Nr.d. - Nf.d.
where N_,, N, 4, Ny — the number of real de-

fects (defected points), missed, and false defective
points on thermogram, respectively.

This criterion can be used to compare the ef-
fectiveness of different methods of thermogram
processing only if parameters and location of de-
fects in sample are known in advance. The main
feature of Tanimoto criterion is concurrently use of
missing defective points and points that were false-
ly identified as defective. This allows associating
this criterion with reliability of testing. Value 7 =
= 100 % is possible only in the case where proba-
bility of correct detection of defects P4 = 100 %

and probability of false alarm F;, = 0. Conse-

quently, high values of Tanimoto criterion corre-
spond to high reliability of TNDT results. Accord-
ingly, a decreasing of values of this criterion indi-
cates deterioration in reliability of testing. Simplic-
ity of calculations makes Tanimoto criterion a
convenient indicator for comparison and estima-
tion of methods of thermogram processing.

Data from binary defect map was used for
calculations. Since the binary map based on the re-
sults of wavelet transformation is not informative, a
quantitative assessment of effectiveness of this
method is not given. The relative error of determi-
nation of area and values of Tanimoto criterion for
PCA method and artificial neural networks are giv-
en in the Table. It is worth noting that, in other
configuration of OT, other conditions of testing
and defect parameters, the error values may differ
significantly from ones in the table. The unpredict-
ability of results when initial parameters are
changed is a characteristic feature of all existing
methods of digital thermograms processing.

Table. Evaluation of defining the size of defects

Parameters PCA NN
Relative error, % 23 16.7
Tanimoto criterion, % 48.1 63.2

Method of wavelet transform allows getting a
clear image of all structures that are present in
thermograms of initial sequence due to high sensi-
tivity. In the presence of noises, this method is in-
effective. Ability to classify defects by this method
requires additional study. Automation processing of
sequences of thermograms is complicated, because
for effective application method requires prelimi-
nary calculation of initial parameters for each
separate testing procedure.

The method of principal components analysis
allows increasing SNR. The main advantage is re-
duction of dimension of input data. The possibility
of classifying defects by this method has not been
proved. The main disadvantages are low noise im-
munity and a sharp decrease in the efficiency of
method when changing testing conditions. Building
of binary maps requires a qualitative assessment
and choice of the most informative main compo-
nent, which complicates automation of control.
Value of Tanimoto criterion, 7 = 48.1 %, indicates
that there is a high probability of misidentification
of defects.

Methods based on the use of artificial NNs
are highly effective in analyzing thermograms with
high levels of noise. NN provide the best reproduc-
tion of shape and size of defects in comparison
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with other methods of digital thermogram process-
ing. Building of binary maps takes place in auto-
matic mode. The Tanimoto criterion at the level of
T = 63.2 % confirms the increase of reliability of
testing compared to PCA method. Versatility and
high adaptability make it possible to use NN effec-
tively to solve a wide range of tasks. The disadvan-
tages include the need to form a bulk training data
base, with learning process requiring significant
time and computing costs. Therefore, it is recom-
mended to test same type of products, which will
require only one-time training of network.

Conclusions

Methods of digital thermogram processing can
improve image quality compared to optimal ther-
mogram, increase SNR and, as a consequence, re-
liability of testing. The main problem of most
methods is low noise resistance.

According to results of comparative analysis,
the neural network thermograms processing sho-

References

wed best results. Shape of defects on a binary map
built by the NN was closest to true compared with
PCA method. The effectiveness of NN is also con-
firmed by quantitative estimates. NN allow in long
run not only to build a map of defects, but also to
determine their type, size and depth. Versatility
of algorithms and high adaptability make NN
the most promising method of thermograms pro-
cessing.

Topical tasks for further research are study of
ways to optimize architecture and process of NN
learning, analysis of possibilities of using different
types of NN in specific tasks of non-destructive
testing. The greatest interest is development of au-
tomated systems of thermal testing on the basis of
NN. It is expected that such an approach will re-
duce role of operator in decision-making process,
improve accuracy of defining the defects size and
probability of testing. Automated intelligent sys-
tems of thermal defectoscopy and defectometry
can be used to solve a wide range of problems in
various fields of industry.

(1]

C. Ibarra-Castanedo et al., “Thermographic nondestructive evaluation: Overview of recent progress”, in Thermosense XXV,
Orlando, 2003, pp. 33-43. doi: 10.1117/12.485699

113—-123.

[2] S. Jiangang, “Analysis of data processing methods for pulsed thermal imaging characterisation of delaminations”, Quantitative
InfraRed Thermography Journal, vol. 10, no. 1, pp. 9—25, 2013. doi: 10.1080/17686733.2012.757860

[3] S. Pareek et al., “Application of artificial neural networks to monitor thermal condition of electrical equipment”, in Proc. 3rd
Int. Conf. Condition Assessment Techniques in Electrical Systems (CATCON), Rupnagar, India, 2017, pp.
doi: 10.1109/CATCON.2017.8280208

[4] P. Xiao et al., “Removing stripe noise from infrared cloud images via deep convolutional networks”, /IEEE Photonics J.,
vol. 10, no. 4, pp. 1—14, 2018. doi: 10.1109/jphot.2018.2854303

[5] R. Galagan and A. Momot, “Analysis of methods for digital processing of thermograms”, Visnik Nacionalnogo Tehnichnogo
Universitetu Ukrayini “KPI”. Seriya Priladobuduvannya, no. 55, pp. 108—117, 2018. doi: 10.20535/1970.55(1).2018.135849

[6] V. Vavilov, Infrared Thermography and Thermal Testing. Moscow, Russia: PH Spectr, 2013.

[71 V. Ingle and J. Proakis, Digital Signal Processing using MATLAB. Stamford, UK: Cengage Learning, 2011.

[8] X. Maldague ef al., “Advances in pulsed phase thermography”, Infrared Physics & Technology, vol. 43, pp. 175—181, 2002.
doi: 10.21611/qirt.1996.062

[91 V. Vavilov ef al., “The application of Fourier analysis and the principal components analysis for the processing of dynamic

[10]

[11]

[12]

[13]

[14]

[15]

thermal testing data”, Izvestiya TPU, vol. 2, pp. 279-285, 2008.

V. Shiryaev et al., “The use of wavelets in active thermal testing”, in Proc. VI Scientific and Practical Conference “Information-
measuring technology and technologies ”, Tomsk, Russia, 2015, pp. 149—154.

V. Vavilov ef al., “Processing of the results of active thermal control by the wavelet-analysis method”, Defectoscopy, vol. 4,
pp. 70—=79, 2011.

V. Vavilov et al., “A complex approach to the development of the method and equipment for thermal nondestructive testing
of CFRP cylindrical parts”, Composites Part B: Engineering, vol. 68, pp. 375—384, 2015. doi: j.compositesb.2014.09.007

G. Montavon et al., “Methods for interpreting and understanding deep neural networks”, Digital Signal Processing, vol. 73,
pp. 1-15, 2018. doi: 10.1016/j.dsp.2017.10.011

X. Kuang et al., “Single infrared image stripe noise removal using deep convolutional networks”, /EEE Photonics J., vol. 9,
pp. 57—67, 2017. doi: 10.1109/JPHOT.2017.2717948

I. Hubara et al., “Quantized back-propagation: Training binarized neural networks with quantized gradients”, in /CLR 2018
Workshop: 6th Int. Conf. Learning Representations, Vancouver Convention Center, Vancouver, BC, Canada, 2018, pp. 1—4.



14 KPI Science News 2019 /1

[16] V. Vavilov and D. Nesteruk, “Active thermal inspection of composite materials with the use of neural networks”, Russian
Journal of Nondestructive Testing, vol. 2011, pp. 655—662, 2011. doi: 10.1134/S1061830911100160

[17] J. Gu et al, “Recent advances in convolutional neural networks”, Pattern Recognition, vol. 77, pp. 354—377, 2018.
doi: 10.1016/j.patcog.2017.10.013

[18] S. Sojasi et al., “Infrared testing of CFRP components: Comparisons of approaches using the Tanimoto criterion”, in Proc. NDT
in Canada 2015 Conference, Edmonton, Canada, 2015.

P.M. anaran, A.C. MomoTt

AHAJI3 3ACTOCYBAHHA HEWPOHHWUX MEPEX ONA MIABULWEHHA OOCTOBIPHOCTI AKTUBHOIMO TEMNOBOIO
HEPYWHIBHOI O KOHTPOJIIO

MpobnemaTtnka. Po3rnsHyTo akTyanbHe NUTaHHSA NiABULLEHHS iHPOPMAaTUBHOCTI Ta AOCTOBIPHOCTI TEMMOBOrO METOAY HEPYMHIB-
HOro KOHTponto. HaBeaeHo HanbinbLu NepcrnekTUBHI anroputMmn Ldposoi 06pobku NocnigoBHOCTEN TepMorpam.

MeTa pgocnigxeHHsA. BusHaunty nepesarn Ta Hegonikv, obnacti 3aCTOCyBaHHA Cy4acHUX MeTodiB umMdpoBoi 06pobkm Tepmo-
rpaMm 3 MEeTO MiABULLEHHS iX iIH(POPMaTUBHOCTI. AHani3 obpaHnx MeTOAIB NPOBOAUTLCA ANsi BU3HAYEHHS MOXIMBOCTEN aBTOMaTu3awji
TEMMOBOro HEPYMHIBHOIO KOHTPOIIO.

MeToguka peanisauii. 3a gonomoro 3acobiB KOMMIOTEPHOr0 MOAENI0BaHHA OTPMMAHO LUTYYHY MOCMIAOBHICTL TepMorpam
ob’ekta koHTpomMto. Ons o6pobku OTpMMaHUX AaHUMX BUMKOPUCTOBYBaNuUCA MeTOAWM BeWBreT-aHani3dy, aHanidy rorioBHUX KOMIMOHEHT i
LITYYHI HENPOHHI Mepexi.

Pe3ynbTaTtu gocnigxeHHs. [lpoBeaeHO MoaentoBaHHS NpoLecy aKTUBHOMO TEMMOBOrO KOHTPonto. OTpUMaHo LWTY4HY NOcnigoB-
HICTb Tepmorpam 06’eKTa KOHTPOITHO i3 BUCOKUM piBHEM 3aBaj. [ns KinbKiCHOT OLiHKM pe3yrnbTaTiB 3aCTOCYBaHHSA PO3rMSHYTUX METOAIB
po3paxoBaHO BiAHOCHI NOXMBKN BU3HAYEHHS Mol AedpekTiB. Takoxk oTpMMaHO 3Ha4YeHHs1 kKpuTepito TaHiMoTo. BcTaHoBNeHo Ta goBse-
OeHo nepesarun 3acobiB HenmpoMepexHoi 06pobkn LUMPOBMX AaHUX Yy TEMMOBOMY HepynHiBHOMY KOHTponi. ®opma gedekTiB Ha GiHap-
Hil kapTi, NobyaoBaHili 3a 4OMOMOro HeMPOHHOI Mepexi, Oyna 6rmM3bkoto A0 ICTUHHOT MOPIBHAHO 3 METOAOM aHanidy rofloBHUX KOMMO-
HeHT. EdbekTUBHICTb HerpoMepex NiATBePaAXYETbCS | KiNbKICHUMU OLiHKaMu.

BucHoBku. MeToa BenBneT-nepeTBOPEHHs Mae BUCOKY YyTnmMBICTb. Lielt meToa HeedeKkTMBHUIA B yMOBaxX HEPIBHOMIPHOrO Harpi-
BY Ta 3Ha4yHUX 3aBag. MeToa aHani3y ronoBHUX KOMMOHEHT Aa€ 3MOry 306inMbLUNTX CMiBBIAHOLEHHS CUrHanN/WyM i noninwmTu BidyanbHe
CMPUNHATTS Tepmorpam, ane He 3abesneyye NOBHOrO BiJoKpeMIieHHs iHdopmMauii Npo aedekTu i 3aBagu, LU0 BUKNUKaHI HEPIBHOMIPHUM
HarpiBoM. MeToau Teopii LWITYYHUX HEWPOHHUX Mepex 3abesnevyloTb Halkpalle BiATBOPeHHS cdopmu i po3mipy AedekTiB, ane Ha-
BYanbHWUIA NPOLEC BUMAarae 3Ha4yHMX BUTPAT Yacy Ta obyncrneHs.
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P.M. anaran, A.C. MomoTt

AHANN3 MPUMEHEHWA HEMPOHHLIX CETEM ON1A MOBLIWEHUA OOCTOBEPHOCTW AKTMBHOIO TEMMOBOIO
HEPASPYLAIOLLEIO KOHTPONA

MpobnemaTnka. PaccMoTpeH akTyarnbHbI BOMPOC MOBbILLEHUS MHOPMATUBHOCTM U JOCTOBEPHOCTM TEMOBOro MeToAa Hepas-
pyLatoLero KoHTpons. MNpuBeaeHsl Hanbonee NepcnekTVBHbIE anropuTMbl LMdpoBor 06paboTku nocneaoBaTensLHOCTEN TEPMOrpamm.

Llenb uccnegoBanus. OnpegenuTb NpeMMyLlecTBa U HegoCcTaTkv, obrnacTn NpMMEHEHUsi COBPEMEHHbIX METOO0B LMdPOBOM
06paboTkn Tepmorpamm C Lenblo MOBbILIEHWNS UX MHGOPMAaTMBHOCTU. AHanu3 BblIOpaHHbIX METOAOB MPOBOAUTCA ANS onpeaeneHuns
BO3MOXHOCTEIN aBTOMAaTV3aLMmn TENNOBOIo HepaspyLLatoLLEero KOHTPOns.

MeToauka peanusauuu. C NomoLlbio CPeacTB KOMMbIOTEPHOrO MOAENUPOBAaHWS MONyyYeHa WCKYCCTBEHHasi mocrnefoBaTerb-
HOCTb TepMorpaMmMm obbekTa KOHTpons. [ns obpaboTku MOMyYeHHbIX AaHHbBIX UCMONb30BaNvMCb METoAbl BelBrneT-aHanv3a, aHanusa
rnaBHbIX KOMMNOHEHT W UCKYCCTBEHHbIE HePOHHbIE CETH.

Pe3synbTaTbl uccnepgoBaHus. [NpoBegeHo mMoaenvpoBaHne npouecca akTUBHOIO TEMOBOro KOHTpons. MonyyeHa UCKycCTBEH-
Has nocrefoBaTenbHOCTb TEPMOrpaMM OB6beKTa KOHTPONS C BbICOKMM YPOBHEM MomeX. [ns KONMYeCTBEHHON OLEHKU pesynbTaToB
NPUMEHEHNSA PacCMOTPEHHbIX METOAOB PacCcUUTaHbl OTHOCUTENbHbIE NOTPELLHOCTM onpeaeneHus nnowaan AedekTos. Takke nonyye-
Hbl 3Ha4YeHUs kpuTepus TaHMMOTO. YCTaHOBMNEHbI 1 AOKa3aHbl MpenMyLLecTBa CPeACTB HenpoceTeBor 06paboTkun LMdPOBbLIX AaHHbIX B
TEMMOBOM Hepa3spyluatoliem koHTpone. dopma AedekToB Ha GUMHAPHON KapTe, MOCTPOEHHON C NMOMOLLBIO HEVPOHHOW ceTu, bbina 6o-
nee 6nn3KoM K UCTUHHON MO CPaBHEHUIO C METOAOM aHanuaa rnaBHbIX KOMMOHEHT. O deKTUBHOCTb HelipoceTen NOATBEPXAAETCS U
KONMYECTBEHHBIMU OL|EHKaMMU.

BbiBoabl. MeTon BeviBneT-npeobpa3oBaHns MMEET BbICOKYHO YyBCTBUTENBbHOCTb. OTOT MeTOA He3((EKTUBEH B YCIOBUAX He-
paBHOMEPHOro HarpeBa W 3HayMTeNlbHbIX Nomex. MeToa aHanu3a rnmaBHbIX KOMMOHEHT MO3BOMSAET YBENWYUTb COOTHOLUEHWE Cur-
Han/wym v ynyywmTb BU3yarnbHOe BOCNPUATUE TEPMOrpamm, HO He obecneuynBaeT MOMHOro oTAeneHus uHgopmaumm o gedekrax n
rnomexax, Bbl3BaHHbIX HEpaBHOMEPHbLIM HarpeBoM. MeToabl TEOpUMN NCKYCCTBEHHBIX HEMPOHHBIX CETen obecneunBaloT Haumny4lliee Boc-
npousseeHne popmbl 1 pasmepa AedeKToB, HO NpoLecc obyyeHns TpebyeT 3HaUNTENbHbLIX BPEMEHHbIX U BbIYNCIIUTENBbHBIX 3aTpaT.
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