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Abstract. In the context of the Reliability Model developed at the 1st European-
American Workshop on Reliability of NDE, and the work of the Model-Assisted 
POD Working Group, we present concepts and results showing how POD can be 
practically estimated by assembling data from a variety of sources. These sources 
can include both empirical and modelled data.  
 
Some of the difficult issues of assessing so-called human factors can be partially or 
wholly addressed through this process.   

1 Introduction  

This paper explores examples of how the combination of data from empirical and modelled 
sources can be used to estimate the probability of detection (POD) of a specific 
nondestructive testing (NDT) technique applied to a specific problem.  
 
The Model-Assisted Probability of Detection (MAPOD) Working Group was established in 
2004 by the Air Force Research Laboratory (AFRL) in cooperation with the Federal 
Aviation Administration (FAA) and the National Astronautics and Space Agency (NASA), 
to explore those opportunities. The MAPOD Working Group has as its goal the promotion 
of the increased understanding, development and implementation of MAPOD 
methodologies. This is a voluntary activity in which working group members meet 
periodically in conjunction with an international meeting that many would be attending 
independent of this activity.  
 
The MAPOD Working Group has developed strategies for the estimation of POD using 
models and/or transfer function approaches, and this is described in more detail in another 
paper in this proceedings [1]. There has been significant work in the community over the 
years to incorporate models as either a stand-alone estimator of POD or at least as a 
contributing source of information (see [1] for multiple references). In this paper, we 
provide a theoretical background and example of using empirical data to augment a POD 
estimate (although the same approach would apply to using models, for example see [2]).  
 

2 Probability of Detection 

As nondestructive testing is used in critical roles in process control, in manufacturing, and 
in inspection of safety-critical physical assets such as aircraft, pressure vessels, nuclear 
reactor components, etc.; the measurement of the performance of NDT has become  
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important. It is no longer sufficient in many cases to simply assume that an inspection is a 
perfect process of unbounded capability, rather, it is imperative to know what is the 
probability of finding (or equivalently of missing) discontinuities of interest. This is usually 
referred to as the probability of detection (POD). The exact definition of POD, and the 
statistical methods used to estimate POD, have evolved over time. In the remainder of this 
paper, we will often describe POD in terms of cracks, but it is important to note that the 
POD approach is not limited to cracks, and has been applied to other discontinuities such as 
corrosion loss, impact damage, or delaminations. 
 

2.1 Review of Probability of Detection Statistical Methods 

 
A very simple way to think of POD is as follows: The POD at a specific crack size “a”, 
denoted POD(a), can be estimated from a series of inspections of cracks of size a as: 
 

n
nPOD(a) d=       (1) 

 
where  POD(a) is the probability of detection at the crack size a, and 
 nd is the number of cracks of size a detected out of  
 n the total number of cracks of size a in the trial. 

 
The first plots of POD as a function of crack size (often called POD curves) were 
constructed using moving averages or averaging the response of all cracks in an interval, 
and manually fitting a curve through these points (see for example [3,4,5]). Eventually a 
number of methods were devised to plot POD curves over a range of crack sizes from 
multiple measurements at a single size (or small range of sizes) as defined in equation (1) 
above, and using binomial statistics to calculate confidence bounds [6]. 
 
The event that spurred an updated statistical approach to POD was the analysis of a large 
United States Air Force (USAF) study of the capability of inspectors/inspections being 
performed at USAF depots in the mid 1970’s, widely known as the “Have Cracks, Will 
Travel” study [7]. In this study many inspectors inspected each specimen, so it was 
possible to plot the mean POD for each crack, and fit a continuous POD curve through 
these points. It was noted in the analysis of this data that cracks of the same size were 
detected equally: in addition to the variability in a repeated measurement on a single crac
there was significant variability in the response of different cracks of the same size. 

not 
k, 

 
Based on their analysis of the above data, Berens and Hovey [8] proposed a probabilistic 
description of POD, where 
• the POD is more than a function of just crack size, 
• at any particular size a the POD of a large number of cracks of size a is distributed 

approximately as a normal distribution, and 
• the variance or spread in the distribution is not a function of the crack size. 

 
Berens and Hovey [8] analyzed 7 functional models for the POD curve, based on their 
ability to fit the “Have Cracks, Will Travel” data, and concluded that log odds and log 
normal functional forms were the best fits. The report then uses log odds in the rest of the 
analysis. The log odds model, in the terms of POD analysis, is given by: 
 

2



βln(a))exp(α1
βln(a))exp(αPOD(a)
++

+
=      (2) 

 
where POD(a) is the mean probability of detection of cracks of size a, and 
 α and β are the parameters of the log odds curve to be fit from the data. 
 
For these models, the experimentally measured detection probabilities pi and crack lengths 
ai are transformed to variables Yi and Xi and analyzed using linear regression analysis of 
the form: 
 

iii eβXαY ++=       (3) 
 
where ei are the deviations of the observations from the regression fit. Maximum likelihood 
methods are used to determine the coefficients α and β.  
 
It should be noted that the “Have Cracks, Will Travel” data was recorded in terms of hit 
and miss only. The above approach was documented in an American Society for Testing of 
Materials (ASTM) Special Technical Publication [9]. It is noted therein that these models 
of POD provide better estimates of POD with less scatter than the previous binomial based 
estimates, when the assumptions of the models are satisfied. 
 
The next evolution of POD was driven by the USAF’s Engine Structural Integrity Program 
(ENSIP). The ENSIP community could not obtain acceptable component lives and 
inspection intervals with the use of large “rogue flaw” sizes accepted by the ASIP 
community. New effort was expended to understand and improve POD. Automated eddy 
current (ET) inspection systems were developed to attempt to improve POD over manual 
systems. This allowed the collection of ET signal magnitudes and corresponding crack 
sizes (known as “a-hat or â vs a” data). The review of the data collected by these systems 
showed that the data was generally linear on a log-log scale, with variance normally 
distributed around the mean, independent of crack size.  
 
Given the above conditions, POD experiment data could be analyzed using a regression 
equation of the form of equation (3) above, as follows: 
 

εln(a)ββa)ln( 10

^
++=      (4) 

 
where ε denotes the residuals, normally distributed with zero mean, standard deviation δ2. 
 
This type of data is well suited to log normal or probit analysis, and this approach to POD 
estimation was documented in Berens [10]. In this report, log-odds is used for hit-miss data 
and log-normal for â vs. a data. 
 
The log normal model for POD is defined as: 
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β
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σ
μln(a)Q1POD(a) =

−
=⎥⎦

⎤
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⎡ −

−=  (5) 

 
where POD(a) is the mean probability of detection of cracks of size a,  

Q is the standard normal survivor function, and 
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yth is the value of the signal â at the decision threshold. 
 
Again, maximum likelihood methods can be used to find the values of the coefficients β0 
and β1 from the POD experiment data.  
 
Up to this time, the USAF did not have an internal document defining the acceptable 
method for determining the aNDE crack size to be used in support of ASIP or ENSIP, 
although the previously mentioned works were widely used. The ENSIP community 
supported the development of USAF MIL-HDBK-1823 to document the â vs. a approach . 
This work was first published as NATO AGARD-LS-190 in 1992. In this reference and in 
MIL-HDBK-1823, the log normal model is used for both hit/miss and â vs. a data types. 

 

2.2 Decomposing the Relationship Between NDT Signal and Crack Size 

They key element of this paper is to demonstrate how various individual elements of the 
NDT signal can be estimated empirically or modelled, and then combined to generate and 
estimate of POD more efficiently than the totally empirical method for POD estimation 
documented in USAFMIL-HDBK-1823. That is, how to build your own POD estimate out 
of components. 
 
In the modular model of NDE, first described at the 1st European-American Workshop on 
Reliability of NDE, POD is described as a combination of the intrinsic capabilities of an 
inspection, which are reduced by the application parameters and the human factors. We 
posit that once an inspection technique and target population are defined, the application 
parameters and human factors add variance to the mean system performance. Thus in terms 
of the model of equation (4), β0 and β1 are representative of the intrinsic capability and ε is 
representative of the application parameters and human factors.  
 
The large number of samples suggested by the original version of the USAF MIL-HDBK-
1823 is largely due to the need to capture the variability ε. The terms of the linear fit could 
either be found from modelling, which can be greatly simplified by eliminating application 
parameters and human factors, or by a much smaller sample size. If ε is simply a sum of a 
number of statistically independent, random, normal distributed, zero mean effects; then 
these effects can be measured or modelled and added back into equation 4 to yield a POD 
estimate.  
 

2.3 An Example: Bolt Hole Eddy Current Inspection 

The data used in this example is from a large study performed by the National Research 
Council Canada for Canada’s Department of National Defence [11]. There were many 
aspects to this study, but for our purposes here it is important to note that it included the 
manufacture of a large number of specimens with fatigue cracks starting from holes. These 
specimens were inspected by a number of inspectors using the standard Canadian Forces 
equipment and technique.  

 
In the particular case of this paper, the interest is in modifying POD estimates from the 
laboratory-grown fatigue cracks in holes to account for the hole quality expected from 
inspection of in-service aircraft. 
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To do this, we will make the following assumptions: 
1. The “noise” signals from non-cracked holes are dominated by the signals due to 

hole quality.  
2. The noise signals from non-cracked holes are representative of the noise signals 

from cracked holes. 
3. The noise signals from hole quality can be characterized by a random variable, and 

are independent of other sources of variation in the signal.  
 
Now we will write the following equation, to explicitly denote that we are defining a term 
of the variance εh.q. to represent the variance due to hole quality not reflected in the 
manufactured coupons. 

 

..10

^
lnln qhaa εεββ +++=    (6) 

 
Signal amplitudes were recorded for holes without cracks by from multiple inspectors 
inspecting aircraft wing skins. These skins had been removed from aircraft retired from 
service, so the hole quality is believed representative of in-service hole quality. 
 
These data are plotted in the Figure below, against a theoretical normal cumulative 
distribution function after a log – log transformation. They are a good fit to normal, and 
thus satisfy the assumptions needed to use the equation (6). 
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â 0.999 = 8.337
nnoise = 27

 
Figure 1. Fit of the noise data to a log normal distribution (using the mh1823 software 
developed by Statistical Engineering). 
Now we add this noise into the data set denoted configuration 5 in the original study [11], 
and can examine the effect of false call rate and on POD. Very good POD values were 
reported for the laboratory manufactured specimens, but the decision thresholds used were 
very low as the inspections of these specimens showed little noise, and thus little potential 
for false calls. Figure 2 below shows a chart of the trade-off between the decision threshold, 
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false call rate, and the crack size at 90% POD (denoted a90) and the crack size at 95% 
confidence on the 90% POD (denoted a90/95). The red line is the expected false call rate, and 
is plotted against the right hand axis. The green and blue lines are the uncorrected and with 
noise versions of POD respectively, and are plotted against the left hand axis.  
 

Threshold Optimization Chart - Configuration 5 
Crack Dimension "a", left censor 0.51
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Figure 2. A chart showing the effect of varying the decision threshold on the expected 
false call rate and values of a90 and a90/95 for a data set from reference [11]. 
 
This chart can be used in multiple ways: you can select the desired a90 or a90/95, the 
desired decision threshold, or the desired false call rate. In each case this defines the 
decision threshold and thus the other values. For example, selecting an expected false call 
rate of 1% defines a decision threshold of approximately 1.57. This now defines the POD 
curve, which is shown in Figure 3 below. Figure 3 shows POD curves and confidence 
bounds for the data before approximating the noise due to hole quality (in green) and after 
(in blue). There are two important effects of estimating the noise properly: first, decision 
thresholds may have to be adjusted to get acceptable false call rates. In this case, the POD 
estimate without adding in the hole quality effect is already much lower than reported in the 
original study, as the decision threshold has been raised significantly. The second effect is a 
reduction of the POD due to the increased variability seen in signals from cracked holes.  
 
In this particular example, the a90/95 value changed from and estimate of 0.011” to 0.067”, 
a very significant difference. This may be overly conservative, due to effects counted both 
in the original manufactured coupons and the uncracked aircraft holes. For example, probe 
tilt, instrument noise, and material variability are all present in both. Models could be used 
as shown in reference [2] to estimate the magnitude of these effects and subtract them out 
of this answer to be less conservative. There has not been to date a study of the POD on 
naturally occurring fatigue cracks in aircraft components corresponding to the example data 
shown here, so the accuracy of the original versus the corrected POD estimates is unknown. 
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Figure 3. The POD resulting from selecting a decision threshold of 1.57 for the data 
set from Figure 2 (see reference [11] for the original data). 

3 Summary and Conclusions 

In the example shown here, data was collected on specimens that were specially 
manufactured, and had much lower noise levels than signals taken from bolt holes on 
aircraft in service. Empirical measurements were used to estimate the effect of hole quality, 
and to add this back into the POD estimate from manufactured specimens.  
 
In this particular example, the a90/95 value changed from and estimate of 0.011” to 0.067”, a 
very significant difference. This may be overly conservative, due to effects counted both in 
the original manufactured coupons and the uncracked aircraft holes. For example, probe 
tilt, instrument noise, and material variability are all present in both. Models could be used 
as shown in reference [2] to estimate the magnitude of these effects and subtract them out 
of this answer to be less conservative. There has not been to date a study of the POD on 
naturally occurring fatigue cracks in aircraft components corresponding to the example data 
shown here, so the accuracy of the original versus the corrected POD estimates is unknown. 
 
Models can also be used for this purpose, for example, reference [2] shows the use of 
models to estimate the variability in a surface ET inspection due to varying probe tilt as 
might be expected from manual scanning. The geometry due to hole quality could also be 
simulated, and effects estimated from the model results. 
 
Using the statistical model for POD from the USAF MIL-HDBK-1823 allows the 
decomposition of NDT system performance into individual components. Thus these 
components can be modelled or measured empirically, and combined into a POD estimate. 
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This is an important advantage of using a statistical model for POD instead of a purely 
empirical approach such as that given by Yee et al. [6].  
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