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Abstract 
 
In aeronautics, the evaluation of the Non-Destructive Testing (NDT) methods is a key 
step in the aircraft's maintenance program. Nowadays, this calculation is performed by a 
statistical study taking into consideration the sources of uncertainty inherent in the 
applied NDT method. These uncertainties are due to human and environmental factors 
during In-Service maintenance tasks. The POD curve is carried out by an experimental 
process, where a wide range of inspector skills, defect types and locations, material 
types and procedures are included. At this moment, this experimental process evidences 
high costs and time consuming for the aircraft manufacturer. 
The objective of this paper is to define a methodology of building POD from numerical 
modelling. The POD robustness is ensured by the integration of the uncertainties 
through statistical distributions issued from experimental data or engineering judgments. 
Applications are provided on titanium beta using High Frequency Eddy Currents 
(HFEC) NDT technique. 
First, an experimental database will be created from three environments: laboratory, 
A321 and A400M aircrafts. A representative sample of operators, with different 
certification levels in NDT technique, will be employed. Multiple inspection scenarios 
will be carried out to analyse these human and environmental factors. 
This database is used, subsequently, to build statistical distributions. These distributions 
are the input data of the simulation model. A POD module, based on the Monte Carlo 
method, is integrated to draw a sampling. This module will be applied to address human 
influences on POD. Additionally, this module will help us to state the device impact in 
POD curves. 
Finally, the simulation POD model will be compared and validated with the 
experimental results. Numerical results encourage to replace or complete experimental 
campaigns in future works. 

 
 

1.  Introduction 
 

In the aeronautical context, the reliability is quantified by estimating the Probability of 
Detection (POD) which is the probability of detecting a flaw as a function of its size [1, 
2]. This process addresses the inspector ability to detect defects depending on their size. 
One of the largest sources of variability in maintenance inspections can be found in the 
inspector. The main reason is because the NDT calibration, the NDT scanning and the 
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interpretation signal response will be performed by the inspector. Therefore, human 
factors are directly linked to NDT inspections [3, 4]. Moreover, environmental 
conditions, protective clothing, time stress and organizational structure can affect the 
inspection and indirectly impact in the reliability of POD curves [5]. Another variability 
source can be found in the device, which is used to perform an inspection. 
Consequently, the necessity to quantify the impact of each variability source will be 
crucial in the NDT process. 
The experimental determination of POD curves is challenging because a large number 
of test must be carried out in order to determine reliable results. As an approach, few 
studies [6] recommend using at least 60 target flaws to obtain a robust POD Curve. In 
addition, similar conditions have to be applied to the POD process. Furthermore, the 
emergence of new materials, designs, and new NDT techniques may require a robust 
definition of the POD Curve.  
For the POD computation, the Bayesian theorem is really common in Non Destructive 
Evaluation (NDE) [7, 8]. Nowadays, caused by pressure on cost and interval cycles, the 
NDT world is trying to replace some of the experimental data with simulated results for 
estimating POD curves [9]. Behind this concept “Model Assisted POD” [10], a 
probabilistic simulation model was proposed which takes into consideration 
uncertainties due to human, environmental and devices factors. These uncertainties are 
introduced as statistical distributions defined by NDT experts engineering judgment.  
This paper concerns the High Frequency Eddy Currents (HFEC) on fatigue cracks. 
Finally, a comparison and validation is performed with experimental POD results.  
This paper is organized as follows; the 2nd section presents the basic concepts of 
probability of detection and detailed the Berens Signal Berens Response. In section 3rd, 
we described the NDT experimental process (Samples, devices and scenarios) 
associated to Eddy Current. The 4rd section presents the Eddy Current simulation model 
built by CIVA software [10]. Section 5 shows a comparison between experimental and 
simulation POD results. Finally, 6th section draws conclusions and addresses further 
research works. 
 
 

2.  Probability Of Detection (POD) 
 

2.1 POD Definition 
 

The probability of detection is used to determine the reliability and the capacity of the 
inspection device to detect defects according to their size. The most important POD 
result is the flaw size whose probability of detection is 90% at a confidence level of 
95%. Such a flaw size is designated as “�9 /95”. This value is certified by the 
aeronautical authorities and use for the approval of the manufacturer maintenance 
manuals. 
Several possible methods can be used to perform a POD analysis. For High Frequency 
Eddy Current method (HFEC), the obtained data nature are amplitude signals, therefore 
Berens Signal Response Method was selected for POD curve building. This method was 
recommended by several studies [8]. 
 

2.2 POD Curve building with Berens Signal Response Method 
 

First of all, to correctly apply Berens Signal Response Method [2], the statistical 
database must respect the following assumptions: 
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1. Linearity concerning the raw data (�̂ �  �). 
2. Homoscedasticity concerning the detection amplitudes, it means, the signal 

interval in each flaw size has to be equal. 
3. Residuals normality, which means that the residuals (signals around the average 

signal in a specific flaw size) have to converge to their average signal following 
a Gaussian distribution. 

4. Each observation must be independent. 
Taking into consideration the previous Berens assumptions and in some cases 
performing a data transformation, the linear relationship between � and �̂ is written as: �̂ =  +  ∗ � +                                                               (1) 
Where,   and   are regression parameters and  is the error term normally 
distributed with constant standard deviation � . Essentially, it is considered that a defect 
is detected when the signal �̂ exceeds the decision value �̂�ℎ, which supports the 
definition of the probability of detection as: � � = � �̂ > �̂�ℎ                                                       (2) 
For example, the log-log Berens model gives: � = � � �− µ�                                                         (3) 

where, � is the cumulative distribution function of the standard normal distribution: � =  � �̂�ℎ− 
          and    � =   ��      (4) 

β0, β1 and �  are unknown and have to be estimated from experimental data. These 
estimations can be obtained by maximizing the likelihood function � of  independents 
experiments. Nevertheless, these estimates are subject to variations due to the 
experiment -sample. Consequently we have to generate the POD computation with 
unacceptable confidence level (e.g.: 95%). 
To perform it, the observed Fischer matrix information, � = ̂ , ̂ , �̂  is computed. 
Then, the observed Fischer matrix information � �̂, �̂  is deduced and has the following 
form: � �̂, �̂ =  �̂ [ � −�−� � ]                    (5) 

Using � �̂, �̂  a 95% confidence band on POD (�) can be compute for a given defect 
size �. More precisely, we have: ( � � �̂,�̂   ��̂,�̂ � − ℎ  |  ���� � �  = 95%      (6) 
This lead to define,  � � 95% = � � − ℎ =  � ��− �̂�̂ − ℎ                  (7) 

Where, ℎ =  { + ∗�̂+∗ − } .5
                  (8) �̂ =  ��− �̂�̂                  (9) 

 is the solution of the following non-linear equation,   � + ∗  � √ −                   (10) � , �  and �  are deduced from the  � = ̂ , ̂ , �̂  observed matrix. 
Remark, let �9 /95 the defect size such that, � (�9 /95)�̂,�̂ = 9 %                 (11) 

Let �9  be the unknown defect size such that, 
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� �9 �̂,�̂ = 9 %                      (12) 
Then, 

    (�9 /95   �9  |  ���� � � ) = 95%                 (13) 
To sum up, there is only 5% chance that the calculated �9 /95 is non-conservative 
compare to the unknown true value defect size �9 . 
To deal with different scenarios in the computation of POD values, a statistical module 
developed by Airbus will be used. 
 

3. Experimental tests 
 

In this section, the experimental tests will be described concerning samples, devices and 
scenarios. To compute a POD curve a very rich experimental database is needed to 
obtain reliable and accurate statistical values. In this experimental study, 490 amplitude 
responses (�̂) were used. These responses result from the control performed by 7 
inspectors inspecting 70 samples. The selected inspectors were from different 
backgrounds and certification levels to be representative of an In-Service task. In the 
following paragraphs, we will define and explain the experimental samples, the 
inspection device and the inspection scenarios: 
 

3.1 Samples  
 

The experimental test will be ran with 70 samples enclosing (or not) surface fatigue 
cracks, non-crossing thickness of a length (ls) between 1 mm and 7 mm and variable 
depth. The POD rule is to provide the majority of defects having a size which is 
contained between a lower limit (defect size which can be detected with a very low 
occurrence) and an upper limit (defect size which is a priori considered as always 
detected) (Figure 2). 
 

 
Figure 1. Sampling data clasified per defect type (length (ls) and depth (ds) vs sample number) 

 

All inspection samples taking part of this POD study are flat plates in titanium beta. 
Inside the experiment campaign, each sample has different defect type to cover the POD 
scope except 10 of them, which are free defects to prevent false calls. Probability of 
false calls (POFC) is a key parameter to take into account as part of reliability in POD 
curves [2, 6]. Each sample is prepared following a mechanical process consisting on a 
fatigue propagation cycle from an artificial damage previously introduced. Then, after 
reaching the desired length the artificial damage will be remove for the POD study 
inspection. 
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Figure 2. Artificial and fatigue damage in a titanium beta specimen before trimmed and engraved 

 

3.2 Inspection device: 
 
The experimental NDT procedure defines how to detect possible damages (fatigue 
surface cracks) in a flat plate made of titanium beta. For this purpose the NDT control 
system is constituted of, 

- An Eddy Current generator to cope with a frequency of 2 MHz. 
- A standard absolute probe of a fixed diameter (Ø 2 mm). 
- A TA6V Beta calibration block, used for a comparison and an accurate 

measurement of surface cracks. The calibration block contains three different 
types of defects. Each defect consists of an “open” surface and infinite sleeve 
with three different depths respectively, machined by EDM (Electro Discharged 
Machining). 

The HFEC device will be used for the four following different experimental scenarios. 
 
3.3 Scenarios: 
 
Different scenarios are considered to analyse the effect of human skills, device and 
environmental factors during an inspection while using the same samples and 
procedure: 

- Laboratory scenario with same device is developed inside of the Non-
destructive laboratory. Inspectors begin their inspections sitting down in a chair, 
with a high degree of comfort, without noise surrounding (laboratory 
environment) and standard temperature. Additionally, all inspectors in this case 
used the same device, to only notice the human factor effect inside the 
laboratory scenario (Figure 3a). 

- Laboratory scenario with device switch is also established inside the Non-
destructive laboratory. Each inspector has to follow the NDT general procedure 
as the previous case. However, inspectors were using a different device to show 
the impact of this fact (Figure 3a). 

- A321 Aircraft scenario was set in the cargo part of an A321 (Figure 3b) with a 
change in the sample orientation and human position, quite different from the 
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situation in the laboratory. The experimental campaign consists in gripping each 
sample inside the aircraft, concretely in some different frames of the aircraft 
cargo side, to change their accessibility and specially their comfortable human 
position. The main objective in this scenario is to simulate a real In-Service 
inspection. 

- A400M Aircraft scenario was established inside the central wing box of an 
A400M (Figure 3c). This scenario introduces a change in the sample orientation 
and human position, quite different from the laboratory and A321 aircraft 
scenarios. This specific place was chosen in collaboration with experienced In-
Service inspectors as the previous scenario. 

 
a) Laboratory Scenario 

      
b) A321 Aircraft Scenario 

      
c) A400M Aircraft Scenario 

   
Figure 1. Inspector performing a High Frequency Eddy Current inspection in flat plates (a) in 

laboratory (b) A321 Aircraft and (c) A400M scenario 
 
 

4. Numerical modelling 
 
The High Frequency Eddy Current simulation model is presented. In accordance to the 
experimental data base, the material is titanium beta (TAV6 Beta). The simulation 
geometry shape is a flat plate (250x40x5 mm). A semi-elliptical defect shape was used 
to be as close as the experimental samples. In the real samples the flaw was 
characterized by a microscopy inspection and a fracture analysis in some titanium 
samples. The model selected for the corresponding defect mesh will be the BEM 
(Boundary Element Method) because it is more representative to a real defect response. 
Finally, the simulated probe consists of 1 coil. The model is illustrated in Figure 4. 
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Figure 2. Graphical representation of uncertain parameters in HFEC inspection modelling. 

 

For High Frequency Eddy Current (HFEC) application case, eight parameters have been 
identified as strongly influent on the signal amplitude response. These eight parameters 
will be the uncertain parameters provided to the simulation model. Then, apply a Monte 
Carlo sampling for a finally POD curve computation. The statistical distributions used 
as inputs for the simulation study are described in Table 1. 
 

Table 1. Statistical description for uncertain parameters introduce in the model for a high 
frequency eddy currents inspection. 

HFEC Parameters Statistical description Statistical moments Sampling 

Inspection 

Lift-off (µm) Uniform [0mm,0,5mm] 10 
Angular position of the 
probe –  Y rotation (°) 

Gaussian 
[0°,10°] 10 

Angular position of the 
probe –  X rotation (°) 

Gaussian 
[0°,10°] 10 

Scanning increment –  
Step X (mm) 

Truncated Gaussian 
[1mm,3mm] 10 

Scanning increment –  
Step Y (mm) 

Truncated Gaussian 
[1mm,1mm] 10 

Flaw 
Depth (mm) Truncated Gaussian [1mm,0.5mm] 10 
Skew (°) Gaussian [90°,10°] 10 
Width (mm) Truncated Gaussian [0.02mm,0,01mm] 10 

 
 

5. Comparison and analysis 
 

The simulation and experimental results are really close to each other. The remarkable 
aspect is that the simulation model gives conservative results in comparison to the 
experimental campaign even in different scenarios. Actually, the difference between 
scenarios never exceeds 23% which is quite promising. One of the main reasons can be 
an accurate selection of uncertain parameter descriptions and a right design in the CIVA 
model. 
In Table 2 simulation and experimental results are presented for a deep analysis. The 
laboratory with device switch and A321 Aircraft scenario are 8% greater than the 
reference. Then, the A400M Aircraft scenario has a minimum detectable length (���/��∗ ) 
18% bigger possibly as a consequence of the worst environmental conditions (visibility, 
screen proximity and human position).  

 

Table 2. Comparative table for statistical values in different scenarios including simulation 
Statistical 
parameter 

Lab with 
same device 

Lab with 
device switch 

A321 
Aircraft 

A400M 
Aircraft 

Simulation �9∗  0,96 1 1 1,13 1,18 �9 /95∗  1 1,08 1,08 1,18 1,23 
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6. Conclusion 
 

This paper suggested a methodology to calculate a robust POD curve using a numerical 
model. The application case deals with High Frequency Eddy Current based on the 
Berens methodology. First of all, the experimental data will be used to validate our 
simulation model. Then, using engineering judgment of NDT experts, we identified and 
quantified uncertainties due to different human skills, environmental and device factors 
during the NDT process. Finally, using Monte Carlo sampling method on this 
simulation model we obtain the different POD values. 
The comparison can be performed between the experimental and the numerical results 
because both follow the Berens hypotheses. The difference between the experimental 
and simulation results never exceeded 23%. Moreover, the simulation results are 
conservative in terms of detection thanks the appropriate selection of statistical 
distributions related to uncertainties. 
This good arrangement offers encouraging and promising results to replace or complete 
experimental test by simulation which are less costly and time consuming. 
 
 

References  
 

1. Department of Defense – United States of America, “Non Destructive Evaluation 
System Reliability Assessment”, Handbook – MIL-HDBK-1823, 2009. 

2. AP Berens, “NDE Reliability Data Analysis. In ASM Metals Handbook: 
Nondestructive Evaluation and Quality Control”, American Society of Metals 
International 17, pp 689-701, 1989. 

3. WD Rummel, “Human Factors Considerations in the Assessment of 
Nondestructive Evaluation (NDE) Reliability”, Review of Progress in Quantitative 
Nondestructive Evaluation, pp 37-46, 1984. 

4. JC Spanner, “Human Factors Impact on NDE Reliability”, Review of Progress in 
Quantitative Nondestructive Evaluation, pp 1791-1798, 1988. 

5. M Bertovic, M Gaal, C Müller C. and B Fahlbrunch, “Investigating Human 
Factors in Manual Ultrasonic Testing: Testing the Human Factor Model”, Insight - 
Non-Destructive Testing and Condition Monitoring 53(12), pp 673-676, 2011. 

6. L Gandossi and C Annis, ENIQ report No 41: “Probability of Detection Curves: 
Statistical Best-Practices”, EUR – Scientific and Technical Research series – ISSN 
1018-5593, ISBN 978-92-79-16105-6 (2010).  

7. X Guan, J Zhang, S Zhou and EM Rasselkord, “Probabilistic modelling and sizing 
of embedded flaws in ultrasonic non-destructive inspections for fatigue damage 
prognostics and structural integrity assessment”, NDT & E International 61, pp 1-
9, 2014. 

8. N Yusa, W Chen and H Hashizume, “Demonstration of probability of detection 
taking consideration of both the length and the depth of a flaw explicitly”, NDT & 
E International 81, pp 1-8, 2016. 

9. RB Thompson, “A unified approach to the Model-Assisted Determination of 
Probability of Detection”, AIP Conference Proceedings 975(1), pp 1685, 2008. 

10. P Calmon, F Jenson and C Reboud, “Simulated Probability of Detection Maps in 
Case of Non-monotonic EC Signal Response”, AIP Conference Proceedings 1650, 
pp 1933-1939, 2015.  


