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JAHUX, 10 MiABHINYE €(PEKTHBHICTH KOHTPOJIIO SKOCTI Ta JIO3BOJISIE CBOE€YACHO

KOpPUTYBaTH MapaMeTpHu YIIIIbHEHHs 0€3 B1100pY KEPHOBUX 3pPa3KIiB.

OCHOBHMUM OOMEXKEHHSM TIIOTOYHOTO €Tally € BUKOPUCTAHHS CHHTETHUYHO
3reHEPOBAHUX HABUYAJIBHUX JAHUX Ta OOMEXEHUM HaOlp MOPIBHIOBAHUX apXiTEKTYD.
VY nopanbmvdx JOCHIDKEHHSX IUIAHYEThCS PO3IIMPUTH aHam3 Ha moxaem SVR,
XGBoost ta ri0puani DNN-ancamo6i1i, BKIIOYATHA J0 MPOrHO30BAHUX IapameTpiB
JTUHAMIYHUN MOAYJb TpykHOCTI E* Ta crabuipHicTh 3a Mapmamiom, a TaKox
Bepu(iKyBaTH MOJEII Ha pealbHUX TMOJHLOBUX BUMIpIOBaHHIX. DiHATIBHUM
pe3yabTaTOM CTaHE IHTErpalis HAMTOYHIMIOI MOJENl y 3aMKHEHY CHCTEMY
aBTOMATHU30BAaHOTO KEPYBaHHsS YKJIaJaHHAM acdaabTo0eTOHy [5] sK MOIyJb
MIPOTHO3YBAHHS SKOCTI Y 3BOPOTHOMY 3B'SI3KY.

Knrouosi cnosa: HeilpoHHa Mepexa, acpabToOETOH, perpecisi, KOHTPOJb SKOCTI.
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Ultrasonic testing is a widely used non-destructive evaluation method for
assessing material integrity. In heterogeneous materials, such as ceramic insulators,
structural non-uniformity significantly affects wave propagation characteristics.

A key diagnostic parameter is the ultrasonic wave velocity [1]:

v=H/t,
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where H is the propagation path length and t are the measured time-of-flight.

Materials with heterogeneous internal structure, such as electrotechnical
porcelain, exhibit significant spatial variability of physical and mechanical properties
caused by technological manufacturing factors [2]. To determine the integrity of the
internal structure of a heterogeneous material, it is necessary to perform ultrasonic
measurements at different points of the product in order to cover as much of its
volume as possible. To ensure the possibility of using statistical criteria, n
measurements (n>20) are performed at each spatially distributed point.

However, due to spatial variability of material properties, instability of coupling
conditions, and operator and instrumentation errors measurement datasets often
contain outliers and increased dispersion, which reduces diagnostic reliability.

In this case the main challenges are:

e presence of gross errors (outliers);
¢ inconsistency of measurement precision across points;
e lack of built-in mechanisms for system self-diagnostics.

Therefore, there is a need for approach that ensure statistical robustness of
measurement data, evaluate the repeatability and consistency of results, and increase
the overall reliability of defect detection.

Proposed approach.

To solve these problems, an approach consisting of two stages has been proposed:
1. Stage 1: Outlier Detection and Removal.
2. Stage 2: Self-Diagnostics via Variance Analysis.

On the stage 1, for each measurement point, a sample of size n is obtained.
Outliers are detected using statistical criteria such as: Dixon’s test, Chauvenet’s
criterion, Romanovsky criterion, Irwin test.

On the stage 2, to evaluate measurement consistency, the homogeneity of
variances across different measurement points is analyzed. For two datasets, the
Fisher criterion is applied. For multiple datasets, Cochran’s test is used.

If the hypothesis of variance homogeneity is rejected, the system identifies
unstable measurement conditions, or potential equipment malfunction, or insufficient
repeatability.

Fig. 1 presents a flowchart of the proposed approach.

The main contribution of proposed approach:

e integration of a self-diagnostic statistical module into ultrasonic testing
systems;

e combined use of outlier rejection and variance homogeneity testing;

e interpretation of variance consistency as a criterion of measurement
reliability in heterogeneous materials.
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Fig. 1. Flowchart of the proposed approach (generated using Al)

A statistical framework for improving the reliability of ultrasonic NDT in
heterogeneous materials has been developed. The approach combines:
e outlier detection;
e repeatability assessment;
e variance homogeneity testing.
The integration of a self-diagnostic module enhances the robustness and
credibility of ultrasonic inspection results.
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The proposed statistical framework can be further extended in several directions.
First, an important promising direction is to extend the method to the case of non-
normal distributions of measurements [3]. In real conditions of ultrasonic testing, data
often have asymmetry or heavy tails, so it is advisable to explore the use of non-
parametric criteria (e.g., Levene’s test, Brown-Forsythe test) to assess the
homogeneity of dispersions.

Second, it is advisable to develop adaptive algorithms for detecting outliers, in
particular using machine learning methods, which will allow taking into account the
context of measurements, the type of material and the history of equipment operation.

Third, it is promising to implement spatial-statistical models that take into
account the correlation between control points. This will increase the sensitivity to
local defects, such as microporosity clusters.

Finally, the integration of the developed approach in the form of a built-in
software module into modern ultrasonic flaw detectors or automated non-destructive
testing systems will allow implementing the concept of intelligent (smart) NDT,
combining measurement, statistical analysis and self-diagnosis in real time.

Keywords: ultrasonic NDT, reliability, statistical analysis, variance analysis.
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BHACIIIJIOK HAKJIAJaHHs (CYNEepro3uIlii) MHOXKHHU CKIQTHUX KOJIMBHUX TIPOIECIB.
Opniero 3 KIIOYOBUX MpoOsieM BiOPOMIarHOCTHKUA 0OaratoBaJbHUX CHCTEM €
HEOOXIHICTh BHCOKOTOYHOTO PO3UICHHS JETEPMIHOBAHUX POTOPHHUX TapMOHIK Ta
baykTyamiitHoi (CTOXacCTHUYHOI) CKJIamoBOi BiOparli B yMOBax HeCTaI[lOHAPHHUX
pexuMiB ekcruryaTaiiii. HaitOubin aiekBaTHOIO MaTEMATUIHOKO MOJICILIIO JIJISl OTTUCY
TaKuX KOJMBAaHb € TEOopis MEPIOJIMYHO HECTAI[IOHAPHUX BHUIIAJIKOBUX IIPOIIECIB
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