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S SA Summary

* In many situations, real or induced flaws such as tight cracks with known morphology cannot be manufactured in part
geometry specimens or in real parts.

* Typically, surface fatigue cracks are manufactured in simple geometry specimens such as flat plates, do%—bone shaped flat or cylindrical
specimens. If a nondestructive evaluation (NDE) technique is required to provide a reliably detectable flaw size, denoted as agy /o5, for
induced flaws in a part, then a direct method for qualifying the NDE procedure is to use appropriate induced flaw specimens ahd
perform NDE procedure demonstration on the specimens.

* Probability of detection (POD) analysis of the empirical data may provide estimation of agqqs.

e This approach is described as direct POD demonstration testing, which may follow guidelines of MIL-HDBK-1823.
* This paper considers a case, where embedded tight cracklike induced flaws are to be detected reliably using a signal response
based NDE procedure.
* Here, it is assumed that it is not practical to make surface or embedded induced flaw specimens in part geometry or configuration.
* Therefore, a direct POD demonstration testing cannot be undertaken.

* Itis also assumed that simulation of signal response is possible for both surface and embedded induced flaws in part geometry
specimens using a physics-based model.

* The proposed approach for NDE procedure qualification uses artificial flaws in simple geometry and part geometry
specimens, and induced flaws in the same type of simple geometry specimens.

» Signal response data is taken on all sets of artificial and induced flaws in simple geometry and part geometry specimens.
* Moreover, simulated signal response data is generated for surface and embedded flaws.

* Thus, a case of five signal response versus flaw size datasets is considered. Three of the datasets are empirical and two
datasets are physics model-based simulation datasets.

* A method of devising and using transfer function calculation dataset blocks or steps to estimate the either the reliably
detectable flaw size or the demonstration flaw size is provided.

* Itis proposed for using in eddy current detection of far side flaws.
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. Objective

* Present a signal response transfer relationships models
* Present muti-step transfer function models

* Use simulated data to explain the models

* Generate fictitious population data that follows transfer function assumptions

* Assess selected sampling cases in determining flaw size estimate for
e Forward case
* Input flaw size: Target flaw size in part
e Qutput flaw size: Mean predicted induced flaw size for demonstration in simple geometry specimen
* Inverse case
* Input flaw size: Mean induced flaw size for demonstration in simple geometry specimen
* Output flaw size: Predicated 90/95 Target flaw size in part
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Signal Response Variables

Table 1: Subscript convention for variables “x” and “y”

Flaw Type (Ternary)

e — artificial, machined, or Machined flaw

¢ — induced or cracklike flaw

s — computer simulated flaw

1 —simple geometry

2 — part geometry

Part Geometry (Binary) Flaw Location (Binary)

1 —location 1 e.g., surface

2 — location 2e.g., embedded

Table 2: Signal response variables for datasets and transfer variable blocks. Dataset blocks, Example 1

_Block | _Specimen Geometry | location |
1

Machined Flaw

Flaw Type

Induced Flaw

Part Geometry, 2

Simple Geometry, 1

Part Geometry, 2

Embedded, 2 Dataset 6: y; 5,
Machined Flaw
Surface, 1 Dataset 1: y, 11

Embedded 2 Dataset 7: y, 5 »

Simple Geometry, 1 Surface, 1 Dataset 1: y, ; 10r Dataset 3: Y 1 1
Part Geometry, 2 Surface, 1 Dataset 2: y, 5 4 Dataset 4: y, , 1 (output 1)

Computer Simulated Flaw Machined Flaw

Part Geometry, 2 Surface, 1 Dataset 5: Y 54 Dataset 2: y, 5

Dataset 7: y, , , (intermediate output 2)

Induced Flaw
Dataset 3: y. 14
Dataset 8: y, , ,(output 3)
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Table 3: Generic transfer function block variable notation. Dataset blocks, Example 2.

m Binary Feature A Binary Feature B Ternary Feature C (Flaw Type)
Geometr Location

1 (EDM notch) 2 (Induced crack)

1 (Tube, no weld) 1 (1D surface) Dataset 1: ¥, p,0r Dataset 3: ;3 1
2 (Tube, weld crown) 1 (ID surface) Dataset 2: ¥, 1 Dataset 4: y,,4 1 (Output 1)

3 (Simulated flaw) 1 (EDM notch)

2 (Tube, weld crown) 1 (ID surface) Dataset 5: Vy,q 2 Dataset 2: Vy3 5
2 (Tube, weld crown) 2 (Embedded close to ID) Dataset 6: ,, 5 Dataset 7: Y, ,, (output 2)

1 (EDM Notch) 2 (Induced Crack)

1 (Tube, no weld) 1 (ID surface) Dataset 1: ¥, p3 Dataset 3: y,3 p3

2 (Tube, weld crown) 2 (Embedded close to ID) Dataset 7: ¥, p3 Dataset 8: ¥4 »3

(Output 3)
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Examples of Dataset Blocks

Table 4: Dataset blocks, Example 3

Simple Geometry, Plate, 1
Part, Tube, 2

Part, Tube, 2
Part, Tube, 2

Plate Farside Surface, 1
Tube I.D. Surface, 1

Tube I.D. Surface, 1
Tube Embedded, 2

Machined Flaw
Dataset 1: y, 4 j0r
Dataset 2: y, 5 1

Computer Simulated Flaw
Dataset 5: y; 5 1
Dataset 6: y; 5 »

| Block | SpecimenGeometry |  location |  FlawType

Induced Flaw
Dataset 3: y. 1 4
Dataset 4: y, , ; (output 1)

v

Dataset 8: y, , ,(output 2)

Induced Flaw
Dataset4: y. 4

Table 4: Signal response variables for datasets and transfer variable blocks. Dataset blocks, Example 4.
Flaw Type

Plate Farside (g1)

| Block | locaton | Setup |

Set-up 1 (s1)

EDM Notch (en)
Dataset 1: Yep g1,51

Fatigue Crack (fc)
Dataset 3: Yr¢ g1,51

Plate Farside ()
I.D. (52)

Set-up

Set-up 1 (s1)
Set-up 2 (s2)

EDM Notch (en)
Dataset 1: Yen,g1,s1

Dataset 7: Yen,gz,sz

1.D. (g2) Set-up 1 (s1) Dataset 2: Yen g2,51 Dataset 4: ¢ 42,51 (Output 1)
Computer Simulated Notch (cn), EDM Notch (en)

1.D. (g2) Set-up 1 (s1) Dataset 5: Y¢n, g2,51 Dataset 2: Yen g2,51

1.D. (g2) Set-up 2 (s2) Dataset 6: Ycn g2,s2 ataset 7:Yen g2,s2 (OUtput 2)

Fatigue Crack (fc)
Dataset 3: Yr¢ g1,51
Dataset 8: ygz’sz(output 3) s
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Sequence of Forward Transfer Function Calculation Steps

Forward Tranverse Function

100
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Transfer Function Example 1: Detection of Induced Embedded Flaw in Part Geometry

100 Forward Case
¢ Dataset 1 - Simple Geometry, Surface, Machined 100
o . > Dataset 1, Mean, Simple Geometry, Surface, Machined
90 Dataset 2 - Part Geometry, Surface, Machined 00 Dataset 1, 90/95% P/C Bound, Upper

*  Dataset 3 - Simple Geometry, Surface, Induced g Dataset 1, 90/95% P/C Bound, Lower
.."2 80 <] Dataset 5 - Part Geometry, Surface, Simulated —~ 80 = = =Dataset 2, Mean, Part Geometry, Surface, Machined
' . = — — — Dataset 2, 90/95% P/C Bound, Upper
- [> Dataset 6 - Part Geometry, Embedded, Simulated S — — —Dataset 2, 90/95% P/C Bound, Lower
> 70r > 70
E ©
= = 60 -
o 60 =
< o 50 4
~ (2]
2 S0r 5
8 § 40 1
o 40 14 30 |
n ©
k2 5
— 30 » 20 .
&
D _ 10 7
) 20

O 1 1 1 1 1 1 1
10 0.005 0.01 0.015 0.02 0.025 0.03 0.035 0.04 0.045
Flaw Size, (Arbitrary Units)
0 | 1 | | 1 | | 1

0 0.005 001 0015 0.02 0.025 0.03 0.035 0.04 Fitted function plots for datasets 1 and 2

Flaw Size, (Arbitrary Units)

Example datasets
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SA Transfer Function Example 1: Detection of Induced Embedded Flaw in Part Geometry

Signal Response (Arbitrary Units)

100

90
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0

Forward Case, Block 1

e Dataset 1, Mean, Simple Geometry, Surface, Machined
O  Dataset 1, Sample Data

= = =Dataset 2, Mean, Part Geometry, Surface, Machined
O  Dataset 2, Sample Data

----- Dataset 3, Mean, Simple Geometry, Surface, Induced
*  Dataset 3, Sample Data

————— Dataset 3, 90/95% P/C Bound, Lower

= Dataset 4, Estimated, Part Geometry, Surface, Induced

Dataset 4, 90/95% P/C Bound, Lower

—<O— Target Flaw for Forward Case

---------- Decision Threshold, Summation in Quadrature

—<}— Predicted Mean Demonstration Flaw Size, Summation in Quadrature

< Theoretical 90/95 P/C Flaw Size for Forward Case, Summation in Quadrature

# Calibration Flaw Size, Flaw Type 1
¥  Calibration Flaw Size, Flaw Type 2

1 1 1 1 1 1 1

~
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80 A
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Dataset 7, Lower 90/95 P/C
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Transfer Function Example 1: Detection of Induced Embedded Flaw in Part Geometry

Forward Case

100 Forward Case, Block 3
Dataset 1, Mean, Simple Geometry, Surface, Machined 100 : X X
90 Dataset 1,0/95% P/C Bound, Upper | |7 Dataset 1, Mean, Machined Flaw, Simple Geometry, Surface, Fit
Dataset 1, 90/95% P/C Bound, Lower 90 Dataset 1, Lower 90/95 P/C
= = =Dataset 7, Mean, Part Geometry, Embedded, Machined | | 7°7°7 Dataset 7, Estimated, Machined Flaw, Part Geometry, Embedded

80 |_ _ _pataset 7, 90/95% P/C Bound, Upper sol Dataset 7, Lower 90/95 P/C
— — —Dataset 7, 90/95% P/C Bound, Lower

= = =Dataset 3, Induced Flaw, Simple Geometry,Surface, Fit

— — —Dataset 3, Lower 90/95 P/C

Dataset 8, Induced Flaw, Part Geometry, Estimated

Dataset 8, Lower 90/95 P/C

60| —o— Target Flaw for Forward Case

s Nggjsion Threshold, Summation in Quadrature

50 | —<— Predicted Mean Demonstration Flaw Size, Summation in Quadrature

<l Theoretical 90/95 P/C Flaw Size for Forward Case, Summation in Quadrature
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10 7
0 . . . . . . .
0.005 0.01 0.015 0.02 0.025 0.03 0.035 0.04 0.045 0 ' . 4—1 ' ' '

Flaw Size, (Arbitrary Units) 0.005 0.01 0.015 0.02 0025 003 0.035 004 0045

Fl Size, (Arbit Unit
Fitted datasets 1 and 7 for Block 3 aw Size. (Arbirary Unts)

Forward case for Block 3
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Noise Analysis

* There is a noise distribution corresponding to each empirical dataset.

* Noise distribution is affected by part geometry but also by the set-up.

* Threshold level noise level corresponding to probability of false positive (POF) denoted as yPOF’1/95

rack (i.e., 1 %POF and
95% confidence) may be computed.

* Noise measurements should be in unflawed areas where flaw could occur.

* The decision threshold yc?c’;ck should be greater than or equal to noise threshold and less than or equal to the 90/95
P/C signal level yPOD’90/9

crack
POF,1/95 thr < P0OD,90/95

crack = Yerack = crack
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WY Transfer Function Example 4: Detection of Induced I.D. Flaw

Uses 2 setups in transfer function calculations.

Set-up differences between reference standard or geometry transfer specimen and part
Differences in electrical conductivity between reference standard and part cause differences in the set-up

Block Location Set-up Flaw Type
1 EDM Notch (en) Fatigue Crack (fc)
Plate Farside (g1) Set-up 1 (s1) Dataset 1. y.p g1.51 Dataset 3: yrc g1.51
1.D. (g2) Set-up 1 (s1) Dataset 2: yop g2.51 Dataset 4: y¢. ;051 (Output 1)
2 Computer Simulated Notch (cn), EDM Notch (en)
1.D. (g2) Set-up 1 (s1) Dataset 5: vy 52,51 Dataset 2: yop, g2.51
1.D. (g2) Set-up 2 (s2) Dataset 6: yep g2.52 Dafaset 7:y.,, 42,52 (OUtput 2)
Set-up N
3 EDM Notch (en)

AN

Plate Farside ()

Set-up 1 (s1)

Dataset 1. yon 4151

/" Fatigue Crack (fc)
) Dataset 3: yrc g1.61

1.D. ()

Set-up 2 (s2)

Dataset 7: yen g2.52

Dataset 8: y¢. 42 s2(0Utput 3)

There are two options for use of Dataset 7.
In Option 1, Dataset 7 output from Block 2 is used as input for Block 3. Assumes that empirical Dataset 7 is

not available.

In Option 2, Block 2 is not used. Dataset 7 is empirical data in Block 3.

Option 2 is a case of using EDM notch to crack response transfer ratio obtained using set-up 1 for use in set-up 2.
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A Transfer Function Example 4: Detection of Induced I.D. Flaw

Signal Response (Arbitrary Units)

100 ) .
{ Dataset 1 - Plate Farside, Set-up 1, Machined Flaw
90 O Dataset 2 - Tube I.D., Set-up 1, Machined Flaw @ |
* Dataset 3 - Plate Farside, Set-up 1, Induced Flaw
80 < Dataset 5 - Computer Simulated, Tube I.D., Set-up 1, Notch 48 |
> Dataset 6 - Computer Simulated, Tube I.D., Notch
6 <30 N
70 B @44 [>[>[> I
<0 >
60 L <]<l [>I> |
<l<] > D#’
50 |- §<1<] g£> i
D>
40 B ok |
>
N
30 - N -
<]<l >
<S>
20 | >P .
ﬂ“ﬁﬂ
1o§ﬂﬂ ]
0 | | | | | | | |
0.005 0.01 0.015 0.02 0.025 0.03 0.035 0.04 0.045

Flaw Size, (Arbitrary Units)
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A Example 4: Detection of Induced I.D. Flaw

100 Dataset 1, Mean, Plate Farside, Set-up 1, Machined Flaw !
O  Dataset 1, Sample Data
9l "~ Dataset 2, Mean, Tube I.D., Set-up 1, Machined Flaw ““‘@ |
O Dataset 2, Sample Data o
----- Dataset 3, Mean, Plate Farside, Set-up 1, Induced Flaw ““"“‘
80 *  Dataset 3, Sample Data ““‘@“‘ - -H n
————— Dataset 3, 90/95% P/C Bound, Lower ““‘m- I -
= Dataset 4, Estimated, Tube I.D., Set-up 1, Induced Flaw ““‘m b » /",/
20 Dataset 4, 90/95% P/C Bound, Lower 8 _- - P gt |
—<— Target Flaw for Forward Case ““.m _- ) -
nnnnns PDggision Threshold, Summation in Quadrature " RC - fﬁ’ Lo* - ¥
60 —<+— Predicted Mean Demonstration Flaw Size, Summation in Quadrature ““8“' » 7 $.-"" |
<l Theoretical 90/95 P/C Flaw Size for Forward Case, Summation in Quadrature ’
¥ Calibration Flaw Size, Flaw Type 1
50 X  Calibration Flaw Size, Flaw Type 2 |

Signal Response (Arbitrary Units)

Flaw sizes within range of replicates for datasets 1, 2 and 3 (optional )

0 I | | 1 I I I |

~

0.005 0.01 0.015 0.02 0.025 0.03 0.035 0.04 0.045 0.05
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Transfer Function Example 4: Detection of Induced I.D. Flaw

Block 2

90

s Dataset 5, Computer Simulated, Tube 1.D., Set-up 1, Notch
Y Df'ataset 6, Co'r?puter Slmulfated , Tube |.D., Set-up 2, Notc.h :“;_‘ Option 1 uses transfer Computed dataset 7

= = =DisplayName','Dataset 2, Fitted, Tube I.D., Set-up 1,Machined Flaw [ _-

— — — Dataset 2, Lower 90/95 P/C w
70 Dataset 7, Estimated, Tube 1.D., Set-up 2, Induced Flaw "/

Dataset 7, Lower 90/95 P/C e

Signal Response (Arbitrary Units)
N w S (@) (o)}
o o o o o

-
o

O | | 1 1 1 | 1
0.005 0.01 0.015 0.02 0.025 0.03 0.035 0.04 0.045

Flaw Size, (Arbitrary Units)

Ajay M. Koshti, SPIE Smart Structures/NDE 2024, Long Beach, CA 16



Example 4: Detection of Induced I.D. Flaw

Forward Case, Block 3
100

e Dataset 1, Mean, Plate Farside, Set-up 1, Machined Flaw

---------- Dataset 1, 90/95% P/C Bound, Lower

====== Dataset 7, Mean, Tube |.D., Machined Michined Flaw

————— Dataset 7, 90/95% P/C Bound, Lower

80 |= = =Dataset 3, Mean, Plate Farside, Set-up 1, Induced Flaw

— — —Dataset 3, 90/95% P/C Bound, Lower

Dataset 8, Estimated, Tube I. D., Set-up 2, Induced Flaw

Dataset 8, 90/95% P/C Bound, Lower

—<— Target Flaw for Forward Case

e NDecision Threshold, Summation in Quadrature

—<}— Predicted Mean Demonstration Flaw Size, Summation in Quadrature

50 <] Theoretical 90/95 P/C Flaw Size for Forward Case, Summation in Quadrature
¥ Calibration Flaw Size

90

70

60

Signal Response (Arbitrary Units)

0 | | 4 | | | |
0.005 0.01 0.015 0.02 0.025 0.03 0.035 0.04 0.045
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.N@SA Example 1: Inverse Case, Block 1

Inverse Case, Block 1

100
rees Dataset 1, Mean, Simple Geometry, Surface, Machined

O  Dataset 1, Sample Data
= = = Dataset 2, Mean, Part Geometry, Surface, Machined
90 O Dataset 2, Sample Data
————— Dataset 3, Mean, Simple Geometry, Surface, Induced
*  Dataset 3, Sample Data
————— Dataset 3, 90/95% P/C Bound, Lower
—— Dataset 4, Estimated, Part Geometry, Surface, Induced
Dataset 4, 90/95% P/C Bound, Lower

80

—<&— Demonstration Flaw Size for Inverse Case

7Q |===ereeens Decision Threshold, Summation in Quadrature

—<+— Predicted Mean Qualification Flaw Size, Summation in Quadrature
<] Theoretical 90/95 P/C Flaw Size, Summation in Quadrature
# Calibration Flaw Size, Flaw Type 1
¥ Calibration Flaw Size, Flaw Type 2

60

Signal Response (Arbitrary Units)

0 | | | \‘I | | |
0.005 0.01 0.015 0.02 0.025 0.03 0.035 0.04 0.045 0.05

Flaw Size, (Arbitrary Units)
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Example 1: Inverse Case, Block 3

Inverse Case, Block 3

100 e Dataset 1, Mean, Machined Flaw, Simple Geometry, Surface, Fit
---------- Dataset 1, Lower 90/95 P/C
----- Dataset 7, Estimated, Machined Flaw, Part Geometry, Embedded
N |—-—-— Dataset 7, Lower 90/95 P/C

= = =Dataset 3, Induced Flaw, Simple Geometry,Surface, Fit
— — — Dataset 3, Lower 90/95 P/C

80 Dataset 8, Induced Flaw, Part Geometry, Estimated
Dataset 8, Lower 90/95 P/C

—<O— Demonstration Flaw for Inverse Case

e Decision Threshold, Summation in Quadrature

70 | —<}+— Predicted Mean Qualification Flaw Size, Summation in Quadrature
<l Theoretical 90/95 P/C Flaw Size, Summation in Quadrature

¥ Calibration Flaw Size, Flaw Type 1

Signal Response (Arbitrary Units)

0 | 1 1 | X! 1 1

0.005  0.01 0.015 0.02 0.025 0.03 0.035 A?aQ/“M. Igogﬁi, SPIE Smart Structures/NDE 2024, Long Beach, CA
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Conclusions

The signal response transfer relationships model is devised first and then two step transfer function models have been
devised for linear response signals with flaw size.

The transfer function signal response relationships model provides relationship between these datasets towards
estimating signal response from an embedded induced flaw.

The transfer function model uses the signal relationships model to provide a model for calculating a signal decision
threshold and corresponding 90/95% P/C flaw sizes.

NDE procedure demonstration testing is performed on induced flaws in simple geometry specimens.

An example of a transfer function NDE procedure qualification method for the forward and inverse cases is provided
using simulated data.

Besides Example 1, block definitions of three other two step transfer function applications are briefly discussed.

Another transfer function case, described as the inverse case, calculates the target flaw size using a given
demonstration flaw size.

Since, transfer function approach assumes signal relationships model, it is a risk assessment or indirect POD
assessment approach. Both the signal response transfer relationships model and the transfer function model are
important in managing risk in results provided by the transfer function NDE technique qualification or assessment.

The signal response relationships model needs to be validated with empirical and simulation data and then transfer
function model needs to be validated for desired P/C on case-by-case basis. If non-linearity is seen in the sampled
data, a transfer function simulation method can be used to assess applicability and confidence in the transfer function
method.
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