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ABSTRACT. The model-based inversion tools for eddy current signals have been developed by the
novel combination of neural networks and finite element modeling for quantitative flaw
characterization in steam generator tubes. In the present work, interpretation of experimental eddy
current signals was carried out in order to validate the developed inversion tools. A database was
constructed using the synthetic flaw signals generated by the finite element modeling. The hybrid
neural networks of a PNN classifier and BPNN size estimators were trained using the synthetic
signals. Experimental eddy current signals were obtained from axisymmetric artificial flaws.
Interpretations of flaws were carried out by feeding experimental signals into the neural networks.
The results of interpretations were excellent, so that the developed inversion tools would be applicable
to the interpretation of experimental eddy current signals.

INTRODUCTION

Steam generator (SG) tubes play a very important role in the operation of nuclear
power plants (NPP) safety, so that assessment of their structural integrity is very important
critical for both economic and safety reasons. Eddy current testing (ECT) technique is
widely used in in-service inspection of the SG tubes of NNP of pressurized water reactor
type. Currently, this task is conducted by certified inspectors who interpret the ECT signals
while EC probes are scanning inside the SG tubes. The interpretation of ECT signals,
however, is truly a difficult task even for well-trained inspectors and accuracy of signal
interpretation largely depends on their experiences and knowledge. Thus, the automated
tools for the interpretation of ECT signals are strongly desired.

Many works had been done previously to develop neural network based inversion
tools [1,2] since neural networks are ideally suited to the interpretation of ECT signals. The
performance of any inversion system, in fact, strongly relies on the databases that had been
used in the implementation of the specific system. Experimental databases are ideal, but
would be very expensive and time-consuming. To address such a problem, we have
proposed an intelligent, systematic inversion approach by the novel combination of neural
networks and finite element (FE) ECT models. In the previous work [3-5], we had
addressed following key issues that are critical for the successful application of neural
networks: construction of abundant databases of ECT signals, selection of sensitive
features and optimization of neural network parameters. The flaws modeled in the previous
work were axisymmetric machined notch with symmetric and non-symmetric cross-
sections. Theproposed inversion tools showed outstanding performance for the estimation



of flaw parameters as well as for the determination of flaw types. However, the ECT
signals under consideration in the previous work were limited to the synthetic ECT signals.

In the present work, quantitative characterization of flaws from the experimental
ECT signals were carried out in order to validate the inversion tools proposed in the
previous work. A database was constructed using the synthetic flaw signals generated by
the 2 dimensional FE modeling. The hybrid neural networks of a PNN classifier [6] and
three BPNN size estimators [7] were trained using the synthetic signals in the database.
Experimental signals were obtained from the artificial flaws, and their magnitudes and
phases were calibrated in order to compensate the gain and phase shift due to the ECT
instrument. Quantitative characterization was carried out by feeding the experimental
signals the trained neural networks, and their results were compared to the flaw parameters.

DATABASE CONSTRUCTED BY FE ECT MODELS

The FE ECT models used in the present work can describe very carefully the
geometry of 2D axisymmetric flaws with the variation in the depth, width and tip width,
since they adopts flexible combination of quadrilateral and triangular elements [5]. Figure
1 shows the configuration of ECT applied to the Inconel 600 SG tube with a differential
bobbin probe and the dimensions for FE modeling.

In the present work, we have constructed a database having 600 synthetic ECT flaw
signals simulated from 2 types of symmetric flaws with the variation in the depth, width
and tip width as shown in Figure 2. Two flaw types include “Inner” (ID) and “OD” (Outer)

1.50:41.50.41.50 -;lw i;—
HER
Kl
Lf[Ll N~ N~
I A B B B < |
g9 )]
X @___l_’ Differential probe
Inconel 600
|_| Tube
FIGURE 1. Parameters in the simulation of eddy current testing.
N w ;/
\\ 2y
\ /7
_\_\Ll_
f—w'_>

FIGURE 2. Schematic representation of cross-sections of flaws in the database.

flaws. In addition, by changing the depth, width and tip width of these flaws as listed in
Table 1, a total of 300 flaws were generated, and then flaw signals were obtained with two
different testing frequencies of 100 and 400 kHz.

EXPERIMENTAL ECT SIGNALS



Acquisition of the Experimental ECT Signals

Acrtificial, machined notches were fabricated in order to obtain experimental ECT
signals from the flaws with well defined dimensions. Two flaw types include ID and OD
flaws and by changing the depth, width and tip width as listed in Table 2, a total of 18
flaws were made. The actual dimensions of OD machined notches were measured using a
measuring projector as shown Figure 3. The I- and V-shapes in Figure 3(b) and (c),
respectively, were not in exact shapes of the designed flaws, and the average error of

measured dimensions was 4.8 %.

TABLE 1. Database of the synthetic ECT flaw signals for training.

The Number of levels The number of
Fl
aw type d W W, f signals
ID 5 5 6 2 300
oD 5 5 6 2 300
Total - - - - 600

*d : depth (0.2, 0.4, 0.6,0.8and 1.0 mm)

* W: width (0.2, 0.4, 0.6, 0.8 and 1.0 mm)

* W,: tip width (0, 20, 40, 60, 80, 100 % of width)

* f : frequency (100 and 400kHz)

TABLE 2. Dimensions of the machined notches, unit mm.

Flaw type | Flaw shape Depth width Tip width
I 0.4 0.4, 0.6*,0.8, 1.0 = width
| 0.4*, 0.6,0.8 0.6 = width

ID v 0.4 1.0, 06 0
Vv 0.6 0.4 0
oD As same as above

* same flaw
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FIGURE 3. Measurement of the artificial flaw dimensions. (a) I-shape flaw, and (b) V-shape flaw.




Comparison of Experimental ECT Signals to Synthetic Signals

Experimental ECT signals from the 18 machined notches were captured using a
Zetec M1Z-27 ECT instrument. A total of 36 signals were obtained with two different
testing frequencies of 100 and 400 kHz, and compared with the synthetic ECT signals
obtained by FE modeling with the same dimensions as those of artificial flaws. Figure 4
shows typical comparisons between the experimental and synthetic signals from the I-
shaped ID flaws for the test frequencies of 100 and 400 kHz. The depth of flaws was
changed as 0.4, 0.6, and 0.8 mm, whereas the width of flaws was fixed as 0.6 mm. The
experimental and synthetic signals show similar shape except magnitude scaling and phase
rotation, which depend on the ECT instruments and should be calibrated.

Calibration of Experimental ECT Signals

The magnitudes and phases of experimental signals should be calibrated in order
to gply experimental signals to the inversion tools which have been developed using the
synthetic signals. An I-shaped ID flaw with the depth of 0.4mm and the width of 1.0mm
was chosen as a reference flaw. The calibration factors for the magnitude scale and phase
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FIGURE 4. Comparison between synthetic and experimental signals from the ID type, I-shape flaws. (w:
0.6mm fixed, d: 0.4, 0.6, 0.8 mm). (a) and (c), synthetic signal; (b) and (d), experimental signal; (a) and (b),
100kHz test frequency; (c) and (d), 400kHz test frequency.



rotation were obtained by comparing the experimental signal from the reference flaw with
the synthetic one. The calibration factors were separately obtained for each testing
frequency, and applied to other experimental signals. Figure 5 shows both of the synthetic
and experimental reference signals after calibration.

The magnitudes and phases of the experimental signals after calibration were
compared with those of the synthetic signal, and the results were shown in Figure 6. There
are good correlations between the experimental and synthetic signal, so that FE modeling
of ECT seems to be valid for our purpose.
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FIGURE 5. Comparisons between synthetic and experimental ECT signals obtained from the reference flaw
after calibration. (a) 100kHz test frequency and (b) 400kHz test frequency.
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FIGURE 6. Correlation between synthetic and experimental ECT signals. (a) magnitude and (b) phase.



PERFORMANCE OF CLASSIFICATION AND SIZING

Feature Extraction and Selection

Even though it is widely recognized that features play one of the most important
roles in the interpretation of ECT signals, the extraction of really “good” features,
however, is not an easy task. In the present work, the features listed in the Table 3 were
employed since they were verified in the previous work. A total of 11 features was defined
and details of the feature selection is described in reference [3].

Classification andSizing

The interpretation of flaws was carried out using synthetic flaw signals in the
database, with performing the flaw classification by the bPNN classifier and the flaw
sizing by the BPNNSs. Feature selection for classification was carried out to choose only
one kind of a feature (F7), while 7 kinds of features (F1, F2, F3, F4, F5, F6 and F9) were
selected for sizing of the flaw dimensions.

The PNN classifier and the three BPNN size estimators were trained based on the
same training set of synthetic ECT signals, and test samples of experimental ECT signals
were fed into the neural networks for the performance demonstration. The PNN showed a
correct classification rate of 100%, since the discrimination between the OD and the ID
flaws is relatively easy. Figure 7 summarizes the BPNN performances for the estimation of
the flaw depth, width and tip width. BPNN showed excellent performance for estimating
the flaw depth and width, with average errors of 0.1 mm, however, relatively lower
performance for estimating the flaw tip-width, with an average error of 0.3 mm.

The actual size parameters of the fabricated flaws are, quite after, different from the
design values. In that case, the performance of the BPNN will be degraded. In order to
evaluate the performance of BPNN accurately, the estimated flaw parameters were
compared with the measured ones. Since only the OD flaws were able be measured their
acual dimensions, the parameters of OD flaws were compared and the results are shown in
Figure 8. The performances of BPNN were improved, and average errors were decreased.
As results, the performances of PNN and BPNNs were satisfactory so that it can be
concluded that the neural networks with database using synthetic ECT signals will be
applicable to the interpretation of the experimental ECT signals.

TABLE 3. Features extracted from an ECT signal.

F1. Max Resistance F2. Max Resistance angle F3. Max Reactance
F4. Max Reactance angle F5. Max Impedance F6. Max Impedance angle
F7. Starting angle F8. Ending angle

F9. Tuming phase angle atthe point of maximum impedance ofthe signal

F10.The length up to the maximum reactance point ofthe signal / T he length from the
maximum reactance point of the signal

F11.Total length of the signal / Magnitude of the impedance at the maximum reactance point
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FIGURE 7. The correlations between designed and estimated flaw parameters. (a) depth, (b) width and (c)
tip width.
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FIGURE 8. The correlations between actual and estimated flaw parameters. (a) depth, (b) width and (c) tip

width.

CONCLUSIONS

In the present work, interpretation of the experimental ECT signals was carried out
in order to validate the developed, model-based inversion tools using neural networks and
FE modeling of ECT. The database was constructed using synthetic flaw signals simulated
by FE modeling of bobbin coil signals for axisymmetric flaws in the SG tubes. The hybrid
neural networks of the PNN classifier and the three BPNN size estimators were trained
using sy nthetic signals of the database.

Experimental signals were obtained from the 18 artificial flaws with two different

testing frequencies, and calibrated to compensate the magnification and phase rotation of
the ECT instrument. The interpretations of artificial flaws were carried out by feeding

experimental signals into the neural networks. As results, the performances of the PNN and



BPNNs, classification of flaws and sizing of the dimensions, respectively, were excellent,
so that the neural networks with database using synthetic ECT signals can be applicable to
interpretation of experimental signals.
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