
Progress in POD Estimation:  
Methods and Tools 

Nicolas DOMINGUEZ1,2, Steve MAHAUT1, Thierry YALAMAS3, Vincent FEUILLARD4 
1 CEA-LIST, Centre de Saclay, Bât. 611, PC 120, 91191 Gif-sur-Yvette, France 

2 EADS Innovation Works, NDT group, 18 rue Marius Terce, 31025 Toulouse, France 
3 PHIMECA Engineering, 18/20 Boulevard de Reuilly, 75012 Paris, France 

4EADS Innovation Works, Applied Mathematics group, 12 rue Pasteur, 92152 Suresnes, 
France 

Abstract. The concept of Probability of Detection (POD) is generally used to 
quantitatively assess performances and reliability of NDT operations. In aeronautics 
POD is an input for damage tolerance design rules. It is then of high importance 
since it affects both the design and the maintenance plan. Today POD estimation is 
in practice a fully empirical statistical process requiring numbers of samples and 
operations which makes it very costly information. The last 10 years has seen active 
research in using simulation to compute POD curves - MAPOD group in the US, 
SISTAE project in France, PICASSO project in Europe. In parallel to the 
simulation-supported POD methodology works, the PICASSO project has included 
contributions on the statistical estimation itself, paying attention to the peculiar 
nature of simulated data.  
 This paper presents progress in POD estimation models, from the state of the 
art Maximum Likelihood Estimation (MIL-HDBK1823) to alternative approaches 
(including non-parametric techniques) for cases in which MLE hypotheses cannot 
be verified. Concrete examples are presented on both experimental and simulated 
data. 

Introduction  

NDT reliability is one of the key issues in ensuring safety of structural components. 
Quantitative assessment of this reliability in the aeronautical context is often performed by 
estimating a Probability of Detection (POD) which is the probability of detecting a flaw as 
a function of its size. Such POD practice is well developed for structural parts undergoing 
fatigue and liable to flaw propagation during in-service life, and is part of the now broadly 
used damage tolerant design rules. Application of the POD approach as a metric for 
manufacturing NDT assessment would also be relevant. Indeed the concept of probability is 
meaningful as soon as some parameters of the NDT process may vary or fluctuate so that 
the detection is influenced by this variation, causing variability in the NDT results. Among 
the possible sources of variability one quotes: the defect itself (e.g. shape), the mechanical 
scanning process, the material under test (e.g. conductivity, grain structure…), testing 
devices, and the diagnosis step. All these parameters still have a sense in manufacturing 
NDT though it is true that some of them have a minimized influence due to automation.  
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The major issue for generalization of the POD approach to more NDT procedures is the 
very high cost of experimental campaigns which require production of a large set of 
representative flaws and a large number of inspections of these flaws1. 

To get rid of this cost issue recent research efforts aim at replacing some of the 
experimental data with simulation data. The concept of Model Assisted POD has been 
introduced first in the US in 2004 through the constitution of the MAPOD working group 
[2]. A French national funded project called SISTAE started in 2006 on this subject and is 
now followed by a European funded project called PICASSO. The full-model assisted 
POD, which we also name simulation-based POD, is a MAPOD approach which uses 
simulated NDT data as input for evaluation of POD. [3] shows an example of full-model 
assisted POD on an eddy currents inspection for fatigue cracks in aluminum lap-joints, and 
[4] presents a simulation-supported POD study of HFET of fatigue cracks in titanium using 
the uncertainty propagation method in CIVA. This method consists in defining some input 
parameters for the simulation as randomly varying parameters following probability density 
functions which represent their possible variation in the application of the NDT procedure 
(Fig.1.).The result is data showing variability, which is expected to mimic the variability 
which is obtained experimentally by implementation of the procedure. POD curves can be 
estimated from these data. 

This paper follows [4] and deals with an automated phased array ultrasonic testing 
of a rotating part. POD results are presented and compared with experimental data. A 
statistical analysis of the data for POD estimation is also proposed. 

 

 
Figure 1. Uncertainty propagation method for simulation-supported POD 

Description of the Phased Array UT Application case  

1.1 Description  

 Tested part: rotating part made of two welded discs by Electron Beam Welding. 
 Flaws are liable to appear in the weld and the POD is to be estimated for voids. 
 NDT technique: Phased Array Ultrasonic Testing (PAUT). 
 Probe: Linear array, 32 elements, 10 MHz central frequency. 

                                                 
1 MIL-HDBK-1823 recommendations [1]: at least 60 flawed sites for binary (Hit/Miss) data and at least 40 
flawed sites for quantitative data (Signal Response) 
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 Testing mode: multi-points focusing along the weld. 
 Material: Steel.  
 Mechanical scanning: part in rotation under the probe (automated).  

 
The operating procedure is depicted on Fi.2. (a).  
 

 
                    (a)                                                                       (b) 

Figure 2. (a) Phased Array UT scanning procedure, (b) Possible void position for a given probe 
position 

 

1.2 Calibration/Thresholds  

Diagnosis is made on the maximum amplitude reflected by the flaw.  
Calibration (0 dB) is made on a Flat Bottom Hole of diameter 0.5 mm located in the 

weld plane. Two couples of thresholds will be studied for the POD analysis:  
 Thresholds 1 = (noise:-14.0 dB; detection: -8.5 dB),  
 Thresholds 2 = (noise:-18.0 dB; detection: -14.0 dB). 

2. Uncertainty Decription and Propagation 

The methodology described in [4] requires identification of parameters of the NDT which 
are liable to be considered as random variables described by probability density functions. 
This step is of major importance and is generally considered as the major practical 
difficulty of the method. It can be tricky when considering manual testing in which a probe 
motion applied by a human hand has to be described (see [4]). 

In the case of interest for this paper the relative probe/part motion is automated and 
then much easier to describe. Here the main source of variability on the NDT result is 
believed to come from the position of the void relative to the probe. Voids can appear 
anywhere in the welded plane with an equal probability. The part rotates with an angular 
step corresponding to 0.2 mm on the outer radius, then for a given probe position giving a 
maximum amplitude of defect response, voids can be found with equiprobability (uniform 
probability density function) in the dark area depicted on Fig. 2. (b). A third identified 
uncertain parameters is the water path since positioning of the part on the rotation tooling is 
made manually and adjusted by the operator according to ultrasonic time of flight of the 
front echo. Uncertain parameters used for this study are given in Table 1 hereafter. 
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Finally these uncertainties are propagated through the simulation code by Monte 
Carlo sampling and POD curves are estimated (see Fig. 1.). The whole process - 
uncertainty description, simulations and POD estimation - is made with CIVA software. 

 

Table 1. Description of uncertainties on input parameters of the simulation 

 

3. Physical Model : Choice and Validation 

Using simulation to assess NDT performances implicitly makes the hypothesis that the 
model used for the simulations is validated. A model will be considered as validated for 
use in a POD study when, after calibration, it provides results comparable with 
experiments over the defect size variation range. Here “equivalent” means that the 
deviation between simulation and experimental results is within the range of variation 
obtained in a repeatability-reproducibility campaign. Of course, experimental acquisitions 
shall be performed with many precautions and effective parameters carefully measured and 
reported in the simulation to avoid mixing errors from the model and from the 
measurement. 

In the present case the void diameter range considered for the POD analysis is from 
0.1 mm to 1.0 mm, with an expected high POD value around 0.5 mm. With a 10 MHz 
probe in steel we get ka values ranging from 0.6 mm to 6 mm (k is the wave number and a 
the void radius). In this ka range the use of the Kirchhoff model may appear inaccurate for 
lower ka. To get rid of this we have used the Separation Of Variables (SOV) model, also 
known as the Ying & Truell model [5], which provides an exact formulation of the 
scattering by a spherical void when the plane wave approximation can be retained. 

 

(a) (b) (c) 
Figure 3. (a) displacement field distribution near the weld plane, (b) Void responses with SOV 

model, (c) Example of validation cartography with artificial flaws 
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The latter approximation is locally very acceptable in our case since the focal spot at -6 dB 
is 2 mm and changes of orientation of the displacement field in the weld plane in a -12 dB 
area is negligible (Fig 3.(a)). The SOV model accounts for creeping waves contributions 
which contribute to the main defect echo when the void is small. 

For validation with experiments we have used Hemispherical Bottom Holes (HBH) 
instead of voids because it was not possible to artificially create voids of mastered size. The 
maximum deviation obtained between experiments on HBH and simulations on voids is 1.5 
dB. Repeatability measurements (few samples) showed that experimental results on HBH 
vary within 1.0 dB. These results have been considered as acceptable for validation of the 
model since influent factors like perfectness of small HBH are very difficult to ensure, 
which introduces an additional uncertainty on the experimental results. 

4. POD Results & Statistical Analysis 

4.1. Design of numerical experiments 

 100 void radii from 0.01 mm to 0.75 mm 
 6 samples per void radius 

4.2. Classical POD estimation 

Fig.5. (a) presents signal response results of the simulation campaign. From this set of data, 
POD curves can be obtained using recommendations of [1], which are based on the Berens 
parametric estimation model [6].  

Using thresholds n°1 (see above) and the log-log signal response to flaw size 
relation (see next paragraphs for more details) one obtains the POD curve of Fig.5.(b). 

The void diameter which is detected with 90% probability and 95% confidence is 
found to be 0.5 mm (2 times the radius 0.25mm), which is satisfactory since the whole 
phased array procedure (probe, acquisition mode, scanning steps) was set up to be able to 
find voids of 0.5 mm diameter “almost surely”. 

4.3. Data analysis & POD estimation alternatives 

The Berens estimation model used above relies on hypotheses on the data which have 
to be tested and verified for a reliable POD estimation. These hypotheses are: 

i. linearity of the signal response with the flaw size (either in linear or log scale),  
ii. Gaussian noise,  

iii. constance of the Gaussian noise over the flaw size range. 
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(a) (b) 
Figure 5.(a) Signal Response data (simulations), (b) POD curve with Berens log-log hypothesis and 

thresholds 1 
 
Statistical tests exist to check their validity. They are based on the analysis of the residuals 
which are the difference between the data and the fit obtained thanks to hypothesis i). In 
this study we will use the Kolmogorov-Smirnov test for normality of the noise (hyp. ii).  

The Durbin-Watson test is also used and gives a mixed indication on hypotheses i) 
and iii) since it tests if there is a trend in the residuals and if the variance is constant. 
Analysis is made with thresholds 2 because they particularly emphasize the importance of 
the proposed statistical analysis. On Fig. 6., linear-linear and log-log “signal vs. flaw size” 
relations are compared as regards to their goodness of fit and their behavior regarding the 
statistical tests. 

The plot of the residuals of Fig.6. clearly shows that both models do not fulfill the 
hypotheses i) to iii). There are strong trends in the residuals and variances of the noise are 
not constant at all. For this kind of configurations we propose two alternatives for POD 
estimation. 

 

 
 

Figure 6. Data analysis and statistical tests with thresholds 2 
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The first approach is to keep the principle of Maximum Likelihood Estimation (MLE) 
parametric estimation but with an additional step which consists in applying a 
mathematical transform to the data so that to improve adequacy to the hypotheses and get a 
more reliable POD estimation.  

We have implemented the Box-Cox transform which is a widely used transform in 
statistical engineering. This transform aims at uncorrelating the noise (removing the trend) 
and make it more Gaussian-like. The transform is applied to the Y (signal amplitude) as 

follows: . 

The parameter  of the Box-Cox transform is such that it maximizes the profile log-

likelihood . 

Fig. 7 shows the result of this transform applied to the data of Fig. 6. The plot of 
residuals clearly shows the improvement in reducing the trend and equalizing the variance, 
though the correction is not perfect. The X-log/Y-BoxCox transform is visually the best 
one, with a very satisfactory normality test (K-S p-value close to 1) but still with a poor 
Durbin-Watson p-value (close to 0). 

 

 

 
Figure 7. Data analysis after Box-Cox transform 

 
The variance of the noise is satisfactorily constant but the Durbin-Watson test seems to be 
penalized by the remaining trend in the residuals. The associated POD curves are plotted 
on Fig. 9 in solid lines (legend MLE). 

The second approach, less classical, is a non-parametric estimation which aims at 
removing hypotheses on the noise distribution. This method is based on quantile 
regression. The flaw size ap which is detected with probability p is given by the intersect of 
the detection threshold line and the p% quantile regression line (Fig. 8. (a)). The p% 
quantile regression line is calculated from the assumption of a relation between signal 
response and flaw size and is the regression line such that p% of the data is under the line. 
To plot a full POD curve one has to loop on p and compute the associated ap (Fig. 8. (b)). 
This method makes the hypothesis of a relation between signal and flaw size but 
effectively removes any hypothesis on the noise. It also has the advantage of being much 
less sensitive to outliers than methods based on mean-value estimation. 
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Results obtained on data of Fig.6 and Fig.7 are displayed on Fig.9 with dotted lines. There 
is one POD curve per signal vs. flaw size relation (X-lin/Y-lin, X-log/Y-log, X-lin/Y-
BoxCox, X-logY-BoxCox). 

 

(a) (b) 
Figure 8. Quantile regression for POD estimation 

 
 

 
Figure 9. POD curves with linear-linear and log-log hypotheses, before and after Box-Cox transform and 

using Quantile Regression (QR) or Maximum Likelyhood Estimation (MLE) 
 

 
It is noticeable that the X-log/Y-BoxCox POD curve obtained with quantile regression 
perfectly fits the curve obtained with the MLE POD estimation calculated from the same X-
log/Y-BoxCox relation. This suggests that the hypotheses of the Berens MLE estimation 
are in this case verified. 

It should be noted that this kind of non-parametric approach is made possible by the 
huge number of data that one is able to generate by simulation, which is in general not 
applicable to experimental datasets. 

5. Conclusion  

A simulation-supported POD study has been performed on an ultrasonic phased array 
testing configuration. The obtained results confirm the design of the NDT procedure 
(probe, acquisition mode, scanning step) to be able to detect voids of 0.5 mm diameter with 
90% probability and 95% confidence. This consists in the second demonstration case of 
simulation-supported POD led with CIVA. It is found that dealing with an automated NDT 
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greatly simplifies the uncertainty description phase of the methodology. A statistical study 
has been led and shows good potential for mathematical transform approach and for 
quantile regression estimation when the Berens hypotheses are not fulfilled. 
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