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Abstract. Blind detection of fasteners with cracks in the wing structure of CP-140 
(P3 Orion airframe) using the Smallest Half Volume (SHV) robust statistics method 
and the Mahalanobis distance is examined.  Pulsed eddy current data obtained from 
CP140 Aurora wing structures is used to test the approach. It is shown that the 
method can achieve levels of detection very close to those obtained when the same 
measurement technique is applied with full knowledge of which fasteners have no 
cracks. The method is applicable to a broad range of similar situations when an 
objective hit/miss criterion is used and avoids the use of large calibration sets 
required by other approaches.  

Introduction  

Aging aircraft are susceptible to cyclic fatigue cracks around fasteners in multi-layer 
aluminum wing lap-joints.  For example, both the CP-140 Aurora (same airframe as the P3 
Orion) and CC-130 Hercules aircraft currently operated by the Royal Canadian Air Force 
(RCAF) show examples of such cracks.  Undetected, these small flaws could potentially 
grow during cyclic loading allowing them to reach a critical crack length, leading to fast 
fracture.  Currently bolt hole eddy current is used to detect these cracks. This method 
requires removal of the fastener. This process is time consuming and there is an added risk 
of damage to components during disassembly and reassembly [1]. 

Stott et al. demonstrated that a pulsed eddy current probe, based on a central driver 
design with multiple pickup coils, could achieve a very high level of crack detection on 
laboratory specimens constructed from CP-140 wing structure [2]. The raw time domain 
data was processed using a modified Principal Component Analysis, MPCA [3], which 
reduced it to a series of scores that contained all the information in the original data. The 
scores were then analyzed using the concepts of cluster analysis and the Mahalanobis 
Distance, MD, [4]. The assumption was that the scores from fastener locations without 
cracks (blanks) should be very similar and so form a cluster in the score space. It was 
expected that scores from fastener locations with cracks should deviate more from the 
center of this cluster than those due to blanks. The magnitude of this deviation could be 
measured using the Mahalanobis distance. Scores that were less than a certain MD from the 
centroid were considered to be blanks and those with greater distances were considered to 
be generated by fastener locations with cracks. 

There are several challenges with this approach that need to be addressed in order to 
turn this into a viable field technique. Most importantly, Stott et al. [2] knew which 
fasteners were blanks and which had cracks. This information was used to obtain the 
centroid of the blank cluster and to generate a covariance matrix for the blanks, which is 
used in the calculation of the MD. It is well known that the MD is sensitive to the inclusion 
of outliers [4] (cracks in this case) into the calculation of the covariance matrix. So even 
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though their approach used an objective detection criterion, the excellent results in this 
demonstration were dependent on a priori knowledge of which fasteners were blanks. 
Commonly, this limitation would be overcome by using a training set and transferring the 
trained decision criteria to the field problem. As with SVM and neural net classification 
methods, this training set is typically large in order to sufficiently sample the response 
space [5,6], the number of measurements depending not only on different sample 
conditions but also the number of scores used to describe the measurement.  Unfortunately, 
in this work, it was not possible to transfer the mean and covariance matrix obtained on one 
specimen to a second specimen. Slight specimen-to-specimen variations in fastener size and 
type, skin thickness and conductivity are possible issues. In addition, temperature is known 
to affect the response of the probe. Given the large training set required, it is not feasible to 
construct standards to cover the range of possible applications. Consequently, in order to 
apply this technique in the field, it must be able to distinguish blindly between blanks and 
cracks without the use of a training set. Distinguishing between members of a cluster and 
outliers is a common challenge and an entire branch of statistics, known as robust statistics 
is being developed to address this [7- 14]. In robust statistics a fraction of the data, h, which 
is most tightly clustered is used to estimate the statistical properties of the uncontaminated 
population. In the case of the CP-140 aircraft, experience indicates that the vast majority of 
fasteners would be expected to not have associated cracks. This assumption increases the 
possibility of achieving a high level of certainty in the classification process. This paper 
examines the use of one particular robust method, the smallest half volume (SHV), to 
achieve this blind separation. 

Statistical Modelling 

In order to examine the effect of the blind analysis, a sample of experimental responses 
from 23 blanks (230 measurements) and 44 EDM notches ranging in size from 0.030” to 
0.230” (440 measurements) were taken [15]. Each response for each pickup pair consisted 
of scores obtained from MPCA and corrected for distance from the fastener to the edge. A 
description of the samples and the experimental details of how the scores were generated 
are given in [15].  The notch sizes are shown in Figure 1. There are 39 second layer notches 
and 15 top layer notches so 29 of the fasteners have only second layer notches. In cases 
where there were top and bottom notches on the same fastener, the size of the larger notch 
has been used, independent of the layer it was in. 

For each simulation, a data set was created by randomly selecting a number, m, of 
the blank measurements. These measurement included the response from all four pickup 
pairs. A number, n, of randomly selected measurements from the collection of crack 
measurements was then added to the data set (referred to as an m×n set). The responses for 
each pick-up pair in the data set were then assessed using the SHV algorithm, which 
returned the Mahalanobis distance for each fastener in the set. The largest MD across the 
four pick-up pairs for each fastener was then tabulated. Those MDs above a specific cut-off 
were deemed to be cracks and those below to be blanks. The process was then repeated 
until, on average, 50 measurements involving each crack had been performed. 

For reference, an identical analysis with blanks known a priori was also conducted. 
The difference between this simulation and the previous one was that instead of passing the 
sample to the SHV program, the data set was passed to a program that used its a priori 
knowledge of which fasteners were blanks to construct the covariance matrix used to 
evaluate the Mahalanobis distance. A cut-off value was then used as the objective criterion 
to determine if the crack had been found. This analysis represented the best discrimination 
that could be achieved. 
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Figure 1: Size distribution of notches in experimental samples. Bins include sizes greater than or equal to the 

label and less than the next label. 

Results and Discussion 

The SHV algorithm requires an estimate of the number of blanks in the sample. A number 
called the data fraction, between 50% and 100%, is used for this. It determines the fraction 
of the data used in constructing the covariance matrix. A value of 90% means that the most 
tightly clustered 90% of the data is used for this purpose. Ideally, this eliminates the 
inclusion of data from any crack being included in the calculation of the covariance matrix. 
A series of simulations were conducted to examine the effect of this choice on the ability of 
the program to find the cracks. Previous work suggested that a minimum sample size of 40 
was required to obtain reliable results [16]. Consequently, this sample size was used for 
testing the effect of this variable. The first set of simulations was run with 2 randomly 
selected cracks and 40 blank measurements corresponding to approximately 5% 
contamination with crack data. A second set of simulations with 4 cracks and the same 
number of blanks for 10% contamination was also used. This would be expected to be a 
worst case scenario in the field. The results for the two simulations are given in Figures 2 
and 3. 

 
Figure 2: Detection rate vs false call rate for simulations involving 2 cracks and 40 fasteners 
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Figure 3: Detection Rate vs false call rate for simulations involving 4 cracks and 40 blanks 

As expected the a priori results are the best and show little sensitivity to the false call rate, 
with over 90% detection at a 1% false call rate. For the SHV simulations with two cracks, 
there is very little difference between using all of the data and using 97.5% of the data. This 
latter value corresponds to rejecting one fastener for the formation of the covariance matrix. 
Using 95% and 90% of the data for the data fraction results in progressively deteriorating 
performance, especially as the false call rate is lowered. When 4 cracks are used the 100% 
data fraction result is noticeably poorer than the 97.5% case. The 97.5% curve outperforms 
the 95% curve except at false call rates of 7.5 and 10%, where the two are identical. The 
90% results were poorer at all false call rates investigated.  

At first it seemed surprising that the SHV algorithm performed more poorly at the 
lower data fractions, even when those data fractions corresponded to the correct 
contamination level. Careful examination of the Mahalanobis distances revealed the issue 
(see Table 1). The 5% cut-off for the a priori sample is in close agreement with the 
theoretical number for four scores, 𝜒.0127

2 (4) = 12.72, under the assumption that the pick-
up coil pairs are uncorrelated. At a data fraction of 90% (the correct value) the Mahalanobis 
distances for the cracks are in good agreement with the a priori values. However, the 
distances for the blanks are substantially higher and have a much higher spread than the a 
priori values. Hence a much higher cut-off is required in order to achieve a 5% false call 
rate. This is a result of the well-known underestimation of the covariance matrix that 
happens with robust statistics [12]. The consequence is higher MDs for the blanks. As a 
result a higher cut-off is required to achieve 5% false calls. This effect decreases somewhat 
as the data fraction increases, but now because of the inclusion of outliers in the 
calculation, the covariance matrix is overestimated and consequently MDs are reduced. 
Consequently the MDs for cracks collapse down towards those of the blanks as can be seen 
in Table 1. It would appear that most of the cracks are not extreme outliers and so their 
inclusion in the calculation of the covariance matrix, while reducing the contrast between 
cracks and blanks, is not catastrophic. By allowing one fastener to be rejected in the 
calculation (97.5% case), it is possible to reject a single extreme outlier, which might 
seriously skew the covariance matrix. 
  

0.5

0.55

0.6

0.65

0.7

0.75

0.8

0.85

0.9

0.95

1

0 0.02 0.04 0.06 0.08 0.1 0.12

De
te

ct
io

n 
Ra

te
 

False Call Rate 

a priori

100%

97.5%

95%

90%



5 

Table 1: Comparison of the MD2 of selected fasteners and blanks for the 40 blank and 4 crack simulations. 

 
 Data Fraction 

 
a priori 90.00 95.00 97.50 100.00 

 

#1 12.22 11.27 9.02 8.15 7.48 
#2 53.22 53.03 40.28 27.83 19.24 
#3 182.23 170.53 145.00 81.65 28.22 
5% cut off 13.47 25.21 14.58 12.44 11.13 

blanks average 6.75 8.54 6.73 5.96 5.25 
St dev 3.59 8.11 5.22 3.89 3.11 

 
Having determined the data fraction to use (97.5%), a series of simulations were 

carried out to determine what sample size is required to achieve 90% detection. Two sets of 
simulations were carried out. In the first, the data set had 5% cracks and in the other 10%. 
In both cases a 97.5% data fraction was used. In the case of the 20 blank sample, this was 
equivalent to a 95% data fraction, since both of these choices result in one fastener being 
rejected from the covariance calculation. As before [16], a sample size of 20 has a detection 
rate significantly below that of the larger two sample sizes at all the false call rates 
investigated.  At 5% cracks, both a 7.5% and 10% false call rate result in a detection rate 
over 90%. At 10% cracks, a 10% false call rate is required to achieve a 90% detection rate. 
While a 7.5 or 10% false call rate is larger than desirable, it is still a feasible option for the 
application at hand, as the alternative is to drill out all of the holes and perform bolt hole 
eddy current.  Drilling out fasteners is a laborious process that can result in further damage, 
especially when ferrous fasteners are removed from an aluminum wing structure. While in 
the case of aircraft a false positive is inconvenient, a false negative is potentially far more 
serious. 

 
Figure 4: Effect of sample size on detection and false call rates for 5% actual cracks in the sample and a data 

fraction of 97.5% 
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Figure 5: Effect of sample size on detection and false call rates for 10% actual cracks in the sample and a data 

fraction of 97.5% 

The proposed approach has the advantage that it does not require large calibration 
sets. Such sets are useful for establishing the MPCA basis sets to be used in calculating the 
measurement scores that are then analysed in this technique as well as to demonstrate that 
the technique works. However, the steps required to produce the scores can all be carried 
out in situ without knowledge of which fasteners have cracks. This can be compared to 
other classification algorithms such as SVM or neural nets, where it would be impossible to 
establish a classification scheme without this knowledge. This is a large advantage when 
the probe must be applied to a large range of similar but distinct samples (e.g. different 
wing skin thicknesses), since it does not require a training set to be established for each 
sample type.  It also eliminates the need for a potentially long calibration process when the 
system is sensitive to environmental variables. The validity of the technique hinges on two 
assumptions. The first is that data for the no defect case form a cluster that is normally 
distributed and that is sufficiently tight that defects appear as outliers to the cluster, i.e. that 
defects and non-defects are separable in the score space used to describe the data. The 
normal distribution assumption is essential in order to use statistical theory or modelling to 
establish cut-offs. Secondly, there is an assumption that the number of defects is small 
relative to the number of non-defects, less than 10% in the current case. This condition is 
commonly met in damage tolerant aircraft applications. If this assumption is violated larger 
data fractions need to be used and, as was seen, the detection rate will decrease. 

Conclusions 

It has been demonstrated, using experimental data, that it is possible to achieve a 90% 
detection rate on mostly second layer cracks in a CP-140 (P3 Orion) lap joint without 
removal of the ferrous fasteners. This detection rate can be achieved without the use of any 
in situ calibration standards. The approach has application to other defect detection 
situations where the number of defects is expected to be small (<10%) relative to the 
sample to be examined. 
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