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Abstract. Inspection reliability is one of the key issues in ensuring safety of critical 
structural components. Thus, strong efforts have been conducted in order to 
determine the reliability of non-destructive methods that are designed to detect flaws 
in such components. Among the various methods dedicated to NDE performance 
evaluation, probabilistic approaches have aroused interest due to their ability to 
naturally account for uncertainties. The SISTAE project (Simulation and Statistics 
for Non-destructive Evaluation) supported by the French National Research Agency 
(ANR) addresses inspection evaluation using probabilistic criteria in fields such as 
aeronautics, the maritime sector and the nuclear power industry. More specifically, a 
method based on existing NDE simulation tools is developed in order to replace 
some of the experimental data used in statistical studies with simulation results. 
Thus, this project aims at reducing the time and cost of the analyses that are required 
to determine quantities such as POD (Probability of Detection) curves.  

1. Description of the project  

The SISTAE project is a three-year long project that began in 2007 and groups together: 
• several industrial partners of the main sectors concerned by the exploitation of NDE 

methods and users or interested in POD like approaches (EADS-IW, EDF-R&D, 
Bureau Veritas-Marine Division), 

• university research groups in ultrasonic (the LCND, University de la Méditerranée) and 
applied mathematics (the CMAP of the Ecole polytechnique), 

• a research center which develops physical models for the simulation of NDE (CEA-
LIST) that are gathered in the software CIVA, 

• a firm which develops the software FLUX for electromagnetic simulation, (CEDRAT). 
The goal of the project is to provide tools dedicated to the quantification of 

inspection capability. To reach that goal, existing non destructive simulation tools are 
associated with a POD (probability of detection) approach. The methodology described in 
this paper relies on the physical models of the software CIVA which are available for 
different techniques (ET, UT and RT). These models are thought to be mature enough for 
intensive simulation approaches. Yet, other physical models can be used, assuming that 
they take into account the main sources of signal fluctuations. 

The methodology proposed in this project consists of three steps. First, dedicated 
statistical tools are added to the software in order to switch from the usual deterministic 
framework to a statistical one based on uncertainty. Therefore, the model inputs are defined 
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using statistical distributions instead of deterministic nominal values. Noise sources such as 
UT inspection structural noise are taken into account using dedicated algorithms. Then, 
uncertainty propagation is performed using a sampling procedure. This procedure allows a 
mapping from the uncertainty sources to the simulation results. The objective here is to 
determine how the fluctuations of the influencing factors of the inspection procedure affect 
the uncertainty in the inspection results. This step requires that the selected physical model 
is run for a set of input random values. Finally, the parameters of an assumed POD 
functional form are estimated from the uncertainty propagation results. 

During the project, the partners will focus on each step of the methodology in order 
to implement methods which are frequently used in the industry, and also to propose 
innovative solutions. For instance, the functional expressions proposed by Berens [1] relate 
the POD curve to the dimension of the defect thru log-odds or log-normal cumulative 
functions. Besides proposing the algorithms permitting the estimation of the parameters of 
these functional forms, new formulations based on rigorous mathematical definitions of the 
statistical indicators of NDE reliability will be established. Algorithms allowing a robust 
estimation of the parameters of these POD functions from statistical data will also be 
developed. 

The simulated data is obtained by running the physical model with random values 
for the uncertain input parameters. The random values are obtained using random number 
generators for the statistical distributions describing the uncertainty properties of the 
parameters. To make this statistical approach successful requires an optimal management of 
the simulation trials. The objective here is to minimize the number of calculations required 
to obtain the data from which an accurate estimation of the parameters of the POD 
functional form are estimated. This is done by optimizing the sample of input values, and 
by optimizing the exploitation of already acquired information in the course of the process. 
This task requires algorithmic developments which constitute another technical challenge 
of the project. For instance, a relevant choice of the configurations which are actually 
computed can be made by using at best the statistical properties of the uncertain input 
parameters. Here, several approaches are possible: sampling methods such as Monte Carlo 
and Latin hypercube methods, surface response methods… The storage of intermediate 
results for later exploitation during the same process allows performing new computations 
only for parameters which actually vary from one simulation to the other. For example, 
during an ultrasonic inspection, the calculation of the transmitted beam does not depend on 
the defect characteristics. Thus, simulations for which the defect characteristics are the only 
varying parameters don’t require new field computations. 

The validity of the approach will be assessed by comparing simulation supported 
POD curves with experimental results. The empirical POD curves are provided by the 
industrial partners for application cases representative of their industrial needs. 

This paper proposes a description of the tools that are available today. They allow to 
compute POD curves using the Berens approach. Probability of False Alarms can be 
computed using a noise generator to estimate the noise statistical properties. First results for 
application cases similar to those proposed by the industrial partners of the project are also 
shown and discussed. 

2. Methods  

2.1 Probability Of Detection (POD) and other statistical criteria of inspection reliability  

POD curves relate the detectability of a flaw to its size (or to another geometrical 
characteristic). For a specific inspection method the POD expresses the probability that a 
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flaw of a certain size will be detected, provided that this flaw is actually present in the 
inspected component. Following a general procedure, POD curves are estimated from NDI 
reliability data that come mostly from dedicated round-robin inspection programs. In these 
programs, the same samples or mock-ups, which contain defects of known sizes and 
locations, are inspected by several technicians under realistic conditions (laboratory type or 
in-service). Based on a statistical analysis of the inspections results, the usual approach 
consists in assuming a functional form for the POD curve and in estimating the parameters 
of the function, as well as its associated confidence bound [1]. 

Inspection results may be recorded in two different formats. In the so-called 
“hit/miss” format, binary information is recorded by the inspection system, indicating 
whether or not a defect has been detected: data located above a given threshold are declared 
‘hits’ (or 1), whereas the others are declared ‘miss’ (or 0). In the format known as “signal 
response”, the amplitude of the signal is recorded; hence more information is contained in 
the data. The statistical analysis applied to the data depends on this recording format. 

In the case of hit/miss data, the empirical probability of detection is estimated for 
each crack size by computing the ratio of hits to the number of inspections (hits + misses) 
for that crack size. Thus, for each flaw size, an empirical detection probability is estimated. 
The objective is then to estimate a functional form for the POD that fits at best the 
estimated detection probabilities. Based on empirical data, it has been shown that the log-
odds function provides an acceptable model and is accepted as a standard in aeronautics. 
This model can be written as: 
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where a is the flaw size. The parameter μ is the natural logarithm of the crack size for 
which there is 50 % detectability. The parameter σ is a scale parameter that determines the 
flatness of the POD function. The parameters μ and σ are computed by maximum 
likelihood estimation using the estimated detection probabilities. 

In the case of signal response data, the analysis is first made by interpreting the 
system response to the presence of a defect. In the usual approach, it is assumed that the 
logarithm of the signal response amplitude is linearly correlated to the logarithm of the flaw 
size. The random error between the signal response amplitude predicted using the linear 
relationship and the measured one is supposed to be normally distributed with a standard 
deviation which does not depend on the flaw size. Based on these assumptions, it can be 
shown that the POD curve can be modeled using a cumulative log-normal distribution 
function. This function can be expressed as: 
 

( )[ ],/ln)( σμ−Φ= aaPOD  (2) 
 

where Φ(z) is the standard normal cumulative distribution function. 
Due to the fact that the POD model is estimated from a finite size data sample, there 

is a sampling uncertainty on the estimates of the model parameters. This uncertainty is 
usually characterized by placing confidence bounds on the POD function. Characterizing 
the sampling uncertainty is especially important for certain applications where quantities 
such as the inspectable flaw size are used and must have a conservative character. This 
quantity, usually noted aX/Y, reflects the size of the defect that will be detected with a 
probability X and a confidence of Y %. For instance, a probability of 0.9 with a 95 % 
confidence is used to express the inspectable flaw size which will thus be noted a90/95. In the 
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approach described in this paper, the computation of the lower confidence bound is based 
on asymptotic properties of the maximum likelihood estimate [2,3]. 

Other probabilistic criteria such as the Probability of False Alarm (PFA) or the 
Relative Operating Characteristics (ROC) curve are also useful when assessing NDI 
reliability [4]. For instance, PFA is the probability that the detection threshold is exceeded 
when no flaw is present (for instance, due to a strong background noise). Thus, the PFA 
will strongly impact the definition of the detection threshold. A good knowledge of the 
noise properties is required to assess the PFA and fix an adequate threshold. In this paper, 
we will show how a specific algorithm describing the scattering of an ultrasonic wave by a 
polycrystalline material can be useful to determine a proper detection threshold when 
strong structural noise occurs during an ultrasonic inspection. 

Finally, the ROC curve is a convenient way to display simultaneously POD and 
PFA information as a function of the detection threshold. A ROC curve makes it possible to 
compare inspection methods without having to fix a particular threshold value. Even 
though ROC curves are of great interest when evaluating NDI reliability, this paper will 
focus on the assessment of POD curves and PFAs based on numerical simulation results. 

2.2 Modeling uncertainty sources using statistical tools 

When performing an inspection, the flaw signal response will be affected by several 
factors. These factors can be separated into fixed and random factors. A signal-determining 
factor is considered as fixed if either the factor can be controlled in the inspection operation 
or if the POD is estimated as a function of this factor (flaw size for instance). The factor is 
considered as random if there is insufficient knowledge related to it, if the factor is not well 
controlled or if the factor implies physical phenomena with inherent randomness. Among 
random factors, one can include for instance, the detail of metallurgical microstructure that 
will lead to structural noise, the flaw position relative to the probe, lift-off variations and/or 
probe orientation during a manual inspection using an eddy current pencil probe… Factors 
related to detection recognition by human operators may be also considered as random 
factors. At this stage, these human factors are not addressed by our simulation-supported 
approach. Probabilistic tools are provided as a mean to characterize uncertainty for a set of 
input parameters for which actual values are thought to be not precisely known. This is 
done using random number generators. Various statistical distributions are proposed in the 
software: Uniform, normal, Log-normal, Rayleigh and Exponential. The graphical user 
interface dedicated to uncertainty characterization through statistical distributions is shown 
on Figure 1. 
 

  -15 -10 -5 0 5 10 15
0

0.02

0.04

0.06

0.08

0.1

0.12

0.14

0.16

0.18

Angle [°]

P
D

F

  
 

Fig 1. POD Graphical User Interface On the right: Definition of the uncertainty sources. In this example, the 
uncertain notch orientation (skew angle) is entered through a normal distribution with a standard deviation 

value of 3°. On the left: Definition of the dependency parameter of the POD curve. In this example, this 
parameter is the notch height allowed to vary from 1 to 8 mm. 
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2.3 Modeling noise sources using dedicated algorithms 

Specific algorithms are currently developed as part of the project in order to model the 
ultrasonic noise observed when inspecting coarse grained metallurgical structures and 
particular composite materials. Here, we will focus on the modeling of grain noise which is 
due to the scattering of ultrasonic energy by individual crystallites. This interaction 
generates a set of random signals known as structural noise (or grain noise). Since this 
noise superimposes on defect related signals, it can be seen as an additional complex source 
of signal fluctuations. Besides, a strong noise can be the source of false alarms. It is 
therefore fundamental to take account of it when setting up the detection threshold. 

The grain noise is computed using a noise generator which is based on a synthetic 
structure made of a set of randomly distributed point-like scatterers. Each one of these 
scatterers is characterized by a scattering coefficient which is picked from a normal 
distribution. Two parameters must be adjusted to mimic the grain noise measured for a 
given material: ρ (the number of scatterers per volume unit) and σ (the standard deviation 
of the normal distribution from which scattering coefficients are drawn). Following a single 
scattering approximation, the response of a set of scatterers to an ultrasonic pulse is the sum 
of the individual contributions of each scatterer of the synthetic structure. A detailed 
description of this algorithm and of ongoing work at the CEA on the noise generator can be 
found in [5]. 

Comparisons of simulation results with experimental data obtained on a forged 
stainless steel coupon are shown in Figure 2. UT measurements were performed using a 
2.25 MHz central frequency probe generating shear waves refracted with a 45° angle in the 
specimen. The simulation was performed using the following values for the input 
parameters: ρ = 0.1 mm-3 and σ = 50 SI. As it can be observed on the B-scans, both the 
SNR and the image texture are well simulated. A probability density function (PDF) 
describing the probability of occurrence of noise amplitude values can be estimated from a 
B-scan by picking all the values recorded at a specific time t0 and by ranging them into bins 
in order to construct a histogram. A PDF can also be estimated for C-scan pixel values and 
thus, evaluate the statistical properties of the maximum value of the rectified signal within a 
time gate. PDFs estimated on simulated and experimental B-scans are shown in Figure 2. 
These results illustrate the very close agreement between statistical properties estimated 
from experimental data and those estimated from simulated data. 

The PDF of the C-scan pixel values is useful to determine a Probability of False 
Alarm (PFA). The PFA is simply defined as the probability that the noise level exceeds the 
detection threshold. As illustrated in the figure 2, the proportion of the total area under the 
noise curve to the right of the decision threshold is equal to the probability of false alarm. 
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Fig 2. Measured and computed B-scans and C-scans for a specimen of austenitic stainless steel. Lower left 
plot: Statistical properties of envelope amplitudes measured at a specific recording time t0 on the B-scan: 

Rayleigh distribution (blue curve), simulated noise (red curve) and experimental noise (black curve). Lower 
right plot: Statistical properties of the C-scan pixel values (the maximum amplitude of the time gated noise): 

simulated noise (red curve) and experimental noise (blue curve). Shaded areas correspond to the PFA . 

3. Application cases  

3.1 Ultrasonic inspection of a steel pipe  

In the first application case, a stainless steel pipe containing notches is inspected using a 
standard contact probe (2.25 MHz, diameter of 6.35 mm). The inspection is performed 
using shear waves refracted at a 45°angle in the specimen. During this inspection, several 
input parameters may have uncertain values and thus introduce random fluctuations on the 
result. These uncertainty sources can be either due to insufficient knowledge related to the 
parameters, or to poor control over them. Here, four uncertain parameters were defined: the 
notch skew, tilt and length, and the probe orientation. These random parameters are defined 
in Figure 3. Their statistical properties were described using univariate normal distributions 
with standard deviations of 1° for the notch skew and tilt, 1° for the probe orientation, and 
3 mm for the notch length. 

Two different synthetic microstructures were defined. They correspond to stainless steel 
materials exhibiting microstructures with different mean grain sizes. As it is illustrated in 
Figure 4, the simulation results for these various synthetic structures show grain noise 
levels that vary significantly from one case to the other. The relative noise levels were 
expressed in terms of signal-to-noise ratios (SNR), with the maximum amplitude of the 
corner echo on a 10 mm-height notch used as a reference value and the absolute noise 
levels assessed by averaging the maximum amplitudes of the noise signals measured for 
each probe position. 
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Fig 3. Inspection of a stainless steel pipe section containing notches located at the inner surface (upper 
illustration). Description of the uncertain parameters (lower illustrations): the notch skew, length and tilt, and 

the probe orientation. 
 

   
σ = 125 ρ = 0.1 mm-3   σ = 250 ρ = 0.1 mm-3 

SNR = 14 dB    SNR = 8 dB 
Fig 4. Simulation of the inspection for various noise levels. The signal-to-noise ratios are expressed with 
respect to the maximum amplitude of the corner echo on the 10 mm-height notch and by averaging the 

maximum amplitude of the noise measured for each probe position. 
 

By computing the statistical distribution of the maximum amplitudes of the gated 
rectified noise signals, a detection threshold can be fixed for each synthetic structure. For 
instance, this can be done by fixing a probability of false alarm to 0.05. The values of the 
detection thresholds obtained thru this process are closely related to the SNR values 
estimated previously. 

Simulation results presented in figure 5 were obtained with 5 inspections per notch size. 
The height of the notches ranged from 0.50 mm to 6 mm with steps of 0.5 mm, giving a 
total of 12 x 5 = 60 values. The only difference between the two results is the noise level 
which is 6 dB higher for the right plots than for the left ones. Thus, the detection threshold 
has different values for the two cases. The probability of detection is expressed in terms of 
the notch height (red curves on the lower plots) and the lower 95 % confidence bound is 
also shown (blue dotted curves). 
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Fig 5. Estimated POD for the two different synthetic structures. The noise level strongly impacts the detection 
threshold and the fluctuations of the corner echo signals. Thus, the POD curves are significantly different. 

3.2 Eddy current inspection of an aluminium plate  

In this second application case, we consider the EC inspection of the planar inconel 
mockup previously described. This mockup contains 20 notches that differ only by their 
depths, which are linearly distributed in the range [0.1 mm 2 mm], see Figure 10. Their 
opening and length are 0.3 mm and 5 mm, respectively. The mockup is successively 
inspected manually at the frequency of 200 kHz by five operators, using the same surface 
riding probe consisting in the coil described in a previous section. Consequently a set of 
five values has been simulated with CIVA for each of the twenty flaws, taking into account 
two standard perturbations occurring during a manual inspection: small variations of the 
probe tilt and lift-off. The random variations of tilt and lift-off are defined by their normal 
statistical distributions centered about nominal values (a tilt of 0° and a lift-off of 0.5 mm). 
Chosen standard deviations for the tilt and lift off are 0.5° and 0.1 mm, respectively. As 
Figure 6 illustrates, this large number (a hundred) of computations are defined easily by the 
user and carried out automatically by CIVA. All simulations have been carried out in less 
than an hour for this particular case. The results are presented as a plot of POD with respect 
to the flaw depth, see Figure 6. For this POD calculation the imaginary part of the EC 
signal obtained after a phase rotation of 100° is used. This particular procedure aims at 
separating the EC signal due to the flaw from the variation of the coil impedance Z0 in a 
flaw free region, which amplitude is several times bigger. The angle chosen for the phase 
rotation is such that most of the part due to Z0 is transferred in the real part of the signal, 
and the POD calculation is carried out using the imaginary part of the EC signal. For a 
given set of simulations, POD curves may be calculated for any detection threshold, which 
is set inside the data plot located above the POD curve. 
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Fig 6. a) Application of a POD study in an EC case. Twenty flaws are tested five times each with a coil, 

whose tilt and lift-off vary randomly about nominal values. b) Simulations with CIVA: only one configuration 
is defined, and a variation of the flaw depth as well as statistic distributions governing the tilt and lift-off 

perturbations are set up using POD tools. All Calculations are then carried out automatically. c) Simulated 
values of the imaginary part of the signal are plotted in the upper part of the window with respect to the flaw 
depth. Then, for a given detection threshold defined in this plot, a POD curve is plotted in the lower part of 

the window with respect to the characteristic value considered, here the flaw depth. 

4. Conclusions  

The objective of the SISTAE project is to propose software tools in order to perform a 
statistical analysis of NDE simulation results. The project started in 2007 for a three-year 
duration. Additional statistical tools have been added to describe inherent uncertainties on 
the parameters describing the inspection setup. Physical models are currently extended to 
take into account noise sources. The fluctuations of the signal amplitude are estimated 
using a Monte Carlo method. The POD curve and the lower confidence bound are 
computed using the Berens method. In the near future, simulation supported POD curves 
will be compared to empirical ones for application cases selected by the industrial partners 
of the project. 

Acknowledgments 

This work was supported by the French National Research Agency (ANR – The SISTAE 
Project). We are grateful to N. Dominguez from EADS-IW for providing us his numerical 
implementation of the Berens method for the estimation of the POD curve and its lower 
confidence bound. 

References  

[1] Berens, A.P., 1988, “NDE Reliability Data Analysis”, ASM Metals Handbook, Volume 
17, 9th Edition: Nondestructive Evaluation and Quality Control, ASM International, 
Materials Park, Ohio, pp. 689-701. 

c) 

9



[2] Cheng R.C.H. and Iles T.C., 1983, “Confidence Bands for Cumulative Distribution 
Functions of Continuous Random Variables”, Techometrics, 25(1). 
[3] Cheng R.C.H. and Iles T.C., 1988, “One-sided Confidence Bands for Cumulative 
Distribution Functions”, Technometrics, 30(2). 
[4] Burkel R.H., Chiou C.-P., Keyes T.K., Meeker W.Q., Rose J.H., Sturges D.J., 
Thompson R.B., Tucker W.T., 2002, “A Methodology for the Assessment of the Capability 
of Inspection Systems for Detection of Subsurface Flaws in Aircraft Engines”, Federal 
Aviation Administration, Aircraft Safety Division, Technical Center, Atlantic City, NJ, 
Report n° DOT/FAA/AR-01/96, September. 
[5] S. Chatillon, C. Poidevin, N. Gengembre and A. Lhémery, “Simplified modeling of 
backscattered noise and attenuation phenomena for quantitative performance demonstration 
of UT methods”, Review of Progress in QNDE, Vol. 22A, D. O. Thompson and D. E. 
Chimenti eds, AIP Conference Proceedings, 2003, pp. 93-100. 

10


