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Abstract
The reliability of damage evaluation of aircraft structure under time-varying conditions is a
main obstacle for the aerospace application of Structural Health Monitoring (SHM)
technology. In addition, the SHM technology should be fully validated on real aircraft
structure under realistic load condition on ground before it can be applied to in-service
aircraft. In this paper, the guided wave based SHM method is validated in a full-scale
aircraft fatigue test. To reduce the time-varying influence, a Guided Wave-Gaussian Mixture
Model (GW-GMM) is adopted. The probability characteristic of GW features introduced by
time-varying conditions is modeled by the GW-GMM. The weak cumulative variation trend of
the crack propagation mixed in time-varying influence can be tracked by the GW-GMM
migration during on-line damage monitoring process. A best match based Kullback-Leibler
divergence is adopted to measure the migration degree of GW-GMM to reveal the crack
propagation. The method is validated in the full-scale aircraft fatigue test and the crack
propagation monitoring results shows a good performance of the GW-GMM.
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INTRODUCTION

Structural Health Monitoring (SHM) has gradually turned from fundamental research to
industrial implementations in recent decade [1]. However, the following two problems must
be addressed for aerospace application [2].
The first problem is how to enhance the reliability of damage evaluation under in-service
conditions of aircraft structure because there are a lot of time-varying factors such as
environmental temperature, dynamic load and random vibration, etc. These time-varying
factors can introduce uncertain influence to SHM sensor signals, which lead to the difficulty
of reliable damage evaluation [3-4]. Several methods have been studied to deal with this
problem [5-12], such as environmental parameter compensation, baseline dependency
reduction, data normalization, cointegration, etc. However, these methods still cannot fully
address the time-varying problem. In recent years, Gaussian Mixture Model (GMM) has been
paid attention because it is an effective probability and statistics tool for characterizing

uncertainties of sensor signals. Several initial researches began to introduce the GMM to the
field of SHM [13-15]. All these researches have proved the potential to apply the GMM to
deal with the time-varying problem. However, deep studies are still needed to enhance the
GMM performance and more validations under real application are also needed.
The second problem is that a SHM method has to be fully validated on full-scale aircraft
structure under realistic load condition on ground before it can finally reach to flight test [2].
However, most of the SHM methods were only validated on small-scale structures in
laboratory condition. The full-scale aircraft fatigue test is the closest test to flight test. The
monitored structure is a real full-scale structure with complex geometry and connection. The
fatigue load is complicated and it is obtained by using in-service flight data to simulate
different flight modes. Hence, the damage evaluation is much more complicated than those
validations performed on small-scale structures.
In this paper, the guided wave based SHM method [16-21] is validated in a full-scale
aircraft fatigue test to monitor the crack propagation under fatigue load condition. However,
the GW signals can be greatly influenced by time-varying conditions existed in aerospace
application. To improve the reliability of crack propagation monitoring under time-vary
conditions especially when the crack propagation is at initial stage, a Guided Wave-Gaussian
Mixture Model (GW-GMM) based damage evaluation method is proposed. Based on the
method, the crack propagation of the right landing gear spar and left wing panel of the fullscale aircraft is monitored reliably under fatigue load condition.
2 THE FULL-SCALE AIRCRAFT FATIGUE TEST AND GUIDED WAVE SIGNAL
2.1 Setup of the full-scale aircraft fatigue test
The full-scale fatigue test was performed on an aircraft in Beijing Aeronautical
Technology Research Center of China. The fatigue load applied on the aircraft structure was
introduced by a series of force-controlled hydraulic loading devices. The fatigue load was
generated by the in-service flight data to simulate different flight modes of the aircraft. Prior
to the start of the fatigue test, an extensive Non-Destructive Test (NDT) of all relevant
structural areas was performed and no damage was detected. During the fatigue test, NDT
was also performed at a regular time interval to detect damage occurrence.
The fatigue test was divided into two phases. Phase 1 was hotspot crack monitoring and
Phase 2 was crack propagation monitoring. In Phase 2, a crack was detected at the right
landing gear spar of the aircraft by visual NDT based on endoscope. Thus, the GW based
SHM method was validated to monitor the crack propagation. This structure area was defined
as Hotspot 1 shown in Figure 1. The fatigue load at this hotspot was complicated and the
strain level was around -1200με ~ 1500με. The crack length was 33.5mm when it was
detected. Two PZT layers [22] were placed on both sides of the crack to form a GW pitchcatch channel. Though there was a crack, the structure was still supposed to be in the health
state after the PZT layers were placed on it. In the following fatigue test, the crack
propagation must be monitored reliably. In addition, another crack was detected at the left
wing panel in the middle of Phase 2. Thus, the crack propagation monitoring of this area was
also performed. This structural area was defined as Hotspot 2 shown in Figure 2. The strain
level was around -700με ~ 400με. Two PZT layers were placed on both sides of the crack.
The GW based SHM system [23] was used to scan the two GW pitch-catch channels to
excite and acquire GW signals. A five-cycle sine burst modulated by Hanning window with
the central frequency of 250 kHz was used to be GW excitation signal. The sampling
frequency, sampling length, sampling trigger voltage, pre-sampling length and excitation
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amplitude were set to be 10MSamples/s, 5000samples, 40V, 1000samples and ±50V. In order
to reduce signal noise, 100 average sampling times was adopted.
The duration time of the fatigue test for Hotspot 1 and Hotspot 2 were 24 days and 11
days respectively. In each day, the two hotspots were scanned by the SHM system in a fixed
time interval automatically under fatigue load condition and 50 GW signals were acquired
correspondingly. Therefore, totally 1200 GW signals numbered from Signal No. 1 to Signal
No. 1200 were acquired at Hotspot 1 and 550 GW signals numbered from Signal No. 1 to
Signal No. 550 were acquired at Hotspot 2.
When the fatigue load was unloaded in each day, the endoscope was used to detect the
crack length. The crack propagated 0.35mm per day approximately.
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Figure 1: Layout of Hotspot 1 for crack propagation monitoring.
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Figure 2: Layout of Hotspot 2 for crack propagation monitoring.

2.2 Guide wave signals and time-varying conditions
The temperature influence can be ignored in the short time of the fatigue test of Phase 2
because the average temperature difference in one day was about 3.5°C and the average
temperature difference between different days was only about 1.7°C.
Figure 3 gives out the Signal No.5, No.6 and No.7 acquired at Hotspot 1 in the first day
under fatigue load condition. The influence of crack propagation can be ignored because the
three signals were acquired continuously. It can be noted that the fatigue load introduced
large variation to the amplitude of these signals and the fatigue load can also affect the Timeof-Flight (ToF). The repeatability error of the peak voltage value of the three signals was up
to 17%. The repeatability error of the peak voltage value of Hotspot 2 was around 8%. The
strain level of Hotspot 1 was higher than Hotspot 2, which means that the uncertainty
influence introduced by the fatigue load of Hotspot 1 should be higher than that of Hotspot 2.
Figure 4 displays all the acquired GW signals at Hotspot 1 under fatigue load condition. It
can be seen that the attenuation of signal peak value caused by the crack propagation is
mixed into the influence introduced by the fatigue load. The cumulative attenuation trend of
the peak can only be noted weakly when the crack propagation length was longer than 4mm.
The crack propagation length of Hotspot 2 was shorter. Thus, the cumulative variation trend
introduced by the crack propagation of Hotspot 2 is hard to be noted.
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2.3 Crack propagation monitoring results based on Guide wave damage index
For crack propagation monitoring by only one GW pitch-catch channel, damage index can
be used. In this paper two damage indexes are adopted. The first damage index (DI1) was
time domain cross-correlation and the second damage index (DI2) was spectrum magnitude
difference. The calculation method of the two damage indexes can be found in [14].
The damage indexes of Hotspot 1 when the crack propagation was at initial stage are
given in Figure 5. The crack propagation is hard to be recognized because of the random
variation of the damage indexes. For Hotspot 2, a cumulative variation trend was appeared
weakly in the damage indexes shown in Figure 6. In conventional damage index based
methods, a threshold is often predefined. When the damage index exceeds the threshold, the
damage occurrence can be determined. However, the threshold is hard to be determined
based on the results shown in Figure 5 and 6, and the evaluation of the crack propagation is
also difficult to be realized.
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GW-GMM BASED DAMAGE EVALUATION METHOD

3.1 Guided wave-Gaussian mixture model and its on-line migration
The GW signals acquired under time-varying conditions can be considered as mixture of
uncertain changes. Consequently, the GW features can be considered to be random variables.
Let X={X1,…, Xr,…, XR} be a GW feature sample set composed by R independent features
obtained from R GW signals. Xr denotes a d-dimensional feature in the sample set, where
Xr=[DI1, DI2,.., DId]T and r=1, 2,…, R. When a monitored structure is in health state, the GW
feature sample set only contains the uncertain influence introduced by time-varying
conditions. In this situation, the sample set is a GW baseline feature sample set.
Ordinarily, the sample set follows a joint Probability Density Function (PDF) Ф which is
unknown beforehand because of the complicated influence introduced by time-varying
conditions. However, it still can be decomposed to be a mixture probability structure, just
like that a signal can be decomposed to be a finite sum of signal components by using Fourier
transform, wavelet transform, etc. Therefore, the joint PDF of the GW feature sample set can
be approximately modeled by GMM which is composed by a finite weighted sum of
Gaussian components Фi, as shown in equation (1).
Φ  X r μ, Σ    i Φi  X r μi , Σi 
K

i 1

(1)

where K is the number of Gaussian components, i=1, 2,…, K. μi, Σi and ωi are the mean, the
covariance matrix and the mixture weight of the i-th Gaussian component. The PDF of each
Gaussian component is a d-dimensional Gaussian function which is expressed as equation (2).
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The value of μi, Σi and ωi can be obtained based on the sample set by Expectation
Maximization (E-M) algorithm [24-25] in which the initial value of μi, Σi and ωi are acquired
by k-means clustering algorithm, and then E-step and M-step are performed iteratively.
When a new GW feature is obtained during an on-line damage monitoring process under
time-varying conditions, a migration method can be adopted to rebuild the GW-GMM. Once
the on-line GW-GMM is obtained, some methods of PDF difference measuring can be
adopted to quantify the migration degree between the on-line GW-GMM and the baseline
GW-GMM. This on-line migrating process can be performed continuously accompanying
with the damage monitoring process. If the structure keeps in the health state, the result of
migration measuring will be random and it will be kept at low level. If damage occurs in the
structure and propagates continuously, a cumulative migration trend will be appeared in the
GW-GMM and in the result of migration measuring. Thus the reliability of damage
evaluation can be enhanced.
Based on this idea, the on-line migrating of the GW-GMM includes two steps. The first
step is to update the GW feature sample set and the second step is to migrate the GW-GMM
based on the updated feature sample set.
Ordinarily, damage propagation such as crack is a slow and cumulative process. The
damage induced influence of GW feature should be small when the damage is at initial stage
and the migration trend of the GW-GMM is weak. However, the GW feature which contains
damage influence can be accumulated to enhance the migration trend of the GW-GMM.
Therefore, to increase the on-line migration efficiency, the GW feature sample set is
5

considered to be a queue sample set which means that it is updated based on the rule of FirstIn/First-Out. An on-line migration index is denoted as n (n≥1). When a new feature Xn is
obtained, it is added to the sample set as the newest sample. Meanwhile, the oldest sample is
moved out. The length of the sample set Xn is maintained to be R.
To increase the on-line migration efficiency of the GW-GMM, an improved E-M
algorithm is adopted considering the slow cumulative property of the damage. As mentioned
before, the baseline GW-GMM denoted as Ф0 is constructed by the ordinary E-M algorithm
and the initiation method is k-means clustering algorithm. However, in the improved E-M
algorithm for on-line migration of the GW-GMM Фn, the PDF of the previous GW-GMM
Фn-1 is considered to be the initial PDF of Фn. Then, the E-step and an improved M-step are
performed iteratively.
3.2 The best match based Kullback-Leibler divergence
The migration measuring result between the on-line migrated GW-GMM and the baseline
GW-GMM is defined as Structural Deterioration Index (SDI). As mentioned before, the slow
cumulative property of the damage would make the two GW-GMMs be overlapped together
when the damage is at initial stage. However, the two GW-GMMs would be separated
gradually accompanying with the damage propagation. Considering the two conditions, a
best match Gaussian component based Kullback–Leibler (KL) divergence is adopted to
calculate the SDI and it is described as follows.
The KL divergence between two Gaussian components denoted as Φ0i and Φnj can be
calculated based on equation (3) [26].
DKL  Φi0 || Φ nj  

 det Σ nj
1
T
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tr  Σ j   Σ i    μ nj  μi0   Σ nj   μ nj  μi0   d  ln 
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2 
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where μ0i, Σ0i and ω0i are the mean, the covariance matrix and the mixture weight of the i-th
Gaussian component of Φ0. μnj, Σnj and ωni are that of the j-th Gaussian component of Φn. tr
is the matrix trace and det is the determinant value.
For each Gaussian component Φ0i in Φ0, the KL divergence between it and all the
Gaussian components in Φn is calculated first based on equation (3). If the smallest KL
divergence happens between Φ0i and Φnj. It can be said that the best match Gaussian
component of Φ0i in Φn is Φnj. Based on this point, the best match Gaussian component in Φn
of each Gaussian component of Φ0 can be found. Finally, the best match based KL
divergence is calculated based on equation (4).
K
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j
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(4)

3.3 Implementation process
The implementation process of the GW-GMM based damage evaluation method is
summarized as shown in Figure 7, which includes the Part 1 and the Part 2.
In the Part 1: GW signals are acquired under time-varying conditions, and damage indexes
are extracted from these signals. These damage indexes are used to construct the baseline
feature sample set. After that, a baseline GW-GMM is constructed by using the E-M
algorithm with k-means clustering algorithm.
In the part 2: When a new GW signal is acquired during on-line damage monitoring
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process, its damage indexes can be obtained. Then, the GMM is updated based on the new
feature by using the queue sample set and the improved E-M algorithm. When the PDF of a
new on-line GW-GMM are obtained, the SDI is used to quantify the variations between the
on-line GW-GMM and the baseline GW-GMM. According to the cumulative variation trend
of the SDI, the crack propagation can be evaluated reliably.

Figure 7: The implementation process of the GW-GMM based damage evaluation method.
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CRACK PROPAGATION MONITORING BASED ON THE GW-GMM

For Hotspot 1, the first 50 GW features are used to be GW baseline sample set to construct
a baseline GW-GMM in the Part 1. All the 600 GW features are input to the Part 2 one by
one to calculate the SDI. For Hotspot 2, the first 50 GW features are also used to construct a
baseline GW-GMM. All the 550 features are used to calculate the SDI. The length of the
feature sample set is R=50.
The number of Gaussian components for Hotspot 1 and 2 are set to be K=3 and K=2
respectively. The baseline GW-GMM of the two hotspots are shown in Figure 8 and 9. Based
on the migration method, some typical on-line GW-GMMs of the two hotspots
accompanying with the crack propagation are also shown in Figure 8 and 9 respectively. In
these figures, the GW-GMM is represented as a Nebula image. Each Nebula in the image
stands for a Gaussian component and the color stands for the two-dimensional probability
density. The probability density of each Gaussian component is normalized independently.
For hotspot 1, the Gaussian component Φ1 and Φ2 move slowly to track the relative
concentrated GW features and the Gaussian component Φ3 moves fast to track the relative
dispersed GW features. At the early stage of Part 2, the PDF of the on-line GMM is similar
with the baseline GMM. This is because the GW features are overlapped in high degree at
this stage. However, when the crack propagation length was increased, the PDF of the on-line
GMM is changed thoroughly especially for the Gaussian component Φ3. It indicates that the
weak cumulative variation trend of the feature sample set is enlarged by the fast changing
PDF of the on-line GMM which result in the increasing of the SDI shown in Figure 10 (a).
For hotspot 2, the Gaussian component Φ1 moves slowly to track the concentrated GW
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features and the Gaussian component Φ2 moves fast to track the dispersed GW features. It
can be noted by comparing the four GMMs shown in Figure 9 that the Gaussian component
Φ1 shows a cumulative migration trend and the Gaussian component Φ2 shows a fast
migration trend. This makes the SDI be increased prominently shown in Figure 10 (b).
Comparing the results of SDI show with the damage index shown in Figure 5 and 6, it can
be known that the crack propagation leads to the SDI increasing cumulatively and stably.
When the crack propagation length is larger than 2mm, the SDI is increased fast. Therefore, a
threshold can be easily defined to determine the crack occurrence, and the initial crack
propagation can be reliably evaluated depending on the cumulative variation trend of the SDI.
The SDI of Hotspot 2 is increased faster than that of Hotspot 1. The reason is that the strain
level of Hotspot 2 was lower than that of Hotspot 1, which results in lower influence
introduced by the fatigue load.
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Figure 8: GW-GMM migration process of Hotspot 1 accompanying with the crack propagation.
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CONCLUSION

The GW based SHM method is validated in a full-scale aircraft fatigue test. A GW-GMM
is proposed to improve the reliability of crack propagation monitoring under time-vary
conditions, especially when the crack propagation is at initial stage. The monitoring results in
the full-scale aircraft fatigue test shows a good performance of the GW-GMM. However, the
environmental influence such as temperature is low in the test process. More full-scale
aircraft fatigue tests will be performed in the near future to validate the GW-GMM under a
more comprehensive time-varying conditions.
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