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Abstract: Machine learning-based defect identification has emerged as a promising solution to
improving the defect accuracy of the aero-engine blade. This solution adopts machine learning
classifiers to classify the types of defects. These classifiers are trained to use features collected in
ultrasonic echo signals. However, the current studies show the potential number of features, such as
statistic values, for identifying defect reaches a number more than that offered by an ultrasonic echo
signal. This necessitates multiple acquisitions of echo signal and increases manual effort, and the
feature obtained from feature selection is sensitive to the characteristic of the classifier, which further
increases the uncertainty of the classifier result. This paper proposes an ensemble learning technique
that is only based on few features obtained from an echo signal and still achieves a high accuracy
of defect identification as that in traditional machine learning, eliminating the need for multiple
acquisitions of the echo signal. To this end, we apply two well-known ensemble learning classifiers
and simultaneously compare three widely used machine learning models on defect identification of
blades. The result shows that the proposed ensemble learning models outperform machine learning-
based models with an equal number of features. In addition, the two-feature-based ensemble learning
model reaches an accuracy close to that of multiple statistic features-based machine learning models,
where features are obtained from multiple collections of the signal.

Keywords: machine learning; ultrasonic echo signal; defect identification; ensemble learning

1. Introduction

Aero-engine offers a constant power supply to the airplane and plays a key role in
the aviation field [1], as shown in Figure 1. The aero-engine is made up of thousands
of components, and all of them undergo an adverse working condition, from high tem-
perature or intense radiation to ice-cold, making the components consistently stable and
normally operating a challenging task [2]. Thus, it is of great importance to timely and
non-destructively monitor the status of components in aero-engine, eliminating the risk
that airplanes may encounter in the air.

The blade of an aero-engine, the key component in an aero-engine, rotates at high
speed and offers forward thrust, suffering a serious environment [3,4]. The status of the
blade determines whether the aero-engine could operate or not. Generally, non-destructive
testing, especially the ultrasonic pulse-echo testing for convenience and the high-energy
wave, is selected for monitoring the status of an aero-engine blade [5-7]. The ultrasonic
pulse-echo testing on defect identification is promising in terms of the convenience of the
device and the penetration power of the high-energy wave. Nevertheless, it is still tough
for the inexperienced to differentiate defect from normal and for the skilled to distinguish
different defect types [8,9].
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Figure 1. The cross-section of an aero-engine.

The common challenge faced by ultrasonic pulse-echo testing on defect identification
is the requirement of carefully operating the flaw detector by a skilled laborer [10,11].
However, this may limit the application of a flaw defector at a specific time; for instance, a
skilled laborer is not on duty at midnight. Besides, the similarity of echo waves on different
defects, such as the cavity and inclusion, further increases the difficulty in differentiating
different types of defects. Moreover, the unevenness of the defect makes the ultrasonic
pulse-echo testing based on laborer less practical for defect identification [12].

To address the challenges above, a promising way is to explore the combination of the
artificial intelligence method with ultrasonic pulse-echo testing. Machine learning could
recognize the hidden pattern behind the pulse-echo signals and classify correctly the test
specimen without depending on the experienced laborer. The state-of-the-art machine
learning methods on defect identification follow two lines. One is based on abnormal
identification, where the key idea is to identify the defect by just utilizing normal pulse-echo
signals. They hold the view that the abnormal signal is unpredictable, and any echo signal
that does not match normal signals is taken as a defect. We acknowledge its advantage
of high accuracy in defect identification; however, it is a coarse-grained method since the
type of defect still needs to be ensured when a further step is made, such as improving the
quality of a blade or assessing the effects of the defect. The other line is a multi-classifier
based on the echo signals of defect. Indeed, the multi-classifier puts aside the skilled
laborer and leads to a unique type of defect, while, to achieve the better performance of
classification, the feature needed to extract from echo signal reaches up to 12 [13] or 20 [14],
which imposes expensive work of extracting features from echo signals onto the laborer.

The features that a lot of work recently requires in its machine learning-based defect
identification make collecting plenty of echo signals at a certain position a tough work [15].
Most features are statistic values, such as average frequency, mid-frequency, mean ampli-
tude or the variance of signal amplitude and so on, and each of these statistic features shows
different characteristics on different classifiers, which indicates no unique classifier delivers
the best results across multiple metrics, thus selecting an algorithm suitable to the specific
characteristic becomes a challenge. In addition, feature reduction further exacerbates the
identification uncertainty of the classifier since wrongly selected features might reversely
decrease the performance. Further, previous studies mostly put their attention on specific
learning classifiers and limited types of defects [16]. Thus, exploring an effective model
that adopts fewer features as their building basis and does not decrease the performance in
defect identification of an aero-engine blade becomes indispensable.
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Therefore, the performance of defect identification relies on the number of features
and the type of classifier. In this work, we first illustrate the impact of different classifiers
as well as the number of features on the accuracy of defect identification. To eliminate
the uncertainty of feature selections and classifier characteristics to specific features, a
key challenge is how to achieve the performance of the defect identifier under the cir-
cumstance of few strongly correlated features exclusively in an ultrasonic echo signal,
namely amplitude and frequency sequence, and match that of the identifier under six or
twelve features. In this work, we address this challenge by proposing ensemble learning
techniques to improve the performance of the defect identifier. The crucial idea is that we
can give the final result of defect identification based on the multiple results derived from
the corresponding sub-classifier instead of the result that comes from only one classifier,
improving the reliability of the ultrasonic test on non-destructive testing. Additionally, we
expand the types of defects that each classifier could differentiate, enhancing the applica-
tion of ultrasonic testing. Each time a pulse-echo signal arrives, each sub-classifier gives a
result, normal or the specified defect type, based on the training model learned from the
training dataset.

We evaluate the model we proposed with the signal obtained from the normal and
defective aero-engine blade. The result shows that different classifiers behave differently
based on identical features, and more effective features help to improve the performance
of the defect identifier. More importantly, the model we proposed outperforms the state-
of-the-art model in identification accuracy under the same feature number. Further, the
model we proposed, which is based on two features, has a performance close to that of the
state-of-the-art model that depends on six or twelve features.

To conclude, we have three main contributions:

First, we propose a novel ensemble model to identify the concrete defect, namely
cavity, crack, slag inclusion and normal state, which exists in an aero-engine blade, enabling
us to get a more reliable result.

Second, we analyze the pulse-echo signal of four types of defects existing in an aero-
engine blade, expanding the amount of the defect types that the state-of-the-art method
could classify.

Third, we validate the effectiveness of our model on defect identification using only
two features in pulse-echo signals obtained from normal and defective specimens.

2. Ensemble Learning

Ensemble learning [17] is a learning method that combines base classifiers together
to produce a stronger classifier. It predicts the label of the classification or the value of
the model based on all the output of the base classifiers, utilizing the complementary
information of every base classifier. Compared with the base classifier, ensemble learning
output a higher accuracy, and the robustness is better than those of the base classifier.
Currently, the most commonly used ensemble learning methods are adaptive boosting and
bagging [18]. In this work, we deploy the two widely used ensemble learning methods and
explore the effectiveness of ensemble learning in defect identification on an aero-engine
blade under a situation that has fewer features.

Adaptive boosting, an ensemble learning model, which is AdaBoost for short, is a
stronger classifier that synthesizes multiple base classifiers [19]. AdaBoost enhances the
performance by training an additional base classifier based on the instances in the dataset
that are misclassified by the former classifier. The procedure of AdaBoost is shown in
Figure 2. A base classifier is trained firstly based on an equal weight assigned by the original
data sample, and again the weight is updated based on the instances that are wrongly
classified. AdaBoost increases the weight of the instances which are wrongly classified
in the current iteration to draw more attention in the next iteration. Simultaneously, the
weight of the current classifier in the whole strong classifier is calculated depending on
the error of the current classifier. Subsequent models are trained and added until the
accuracy reaches the threshold, or no further improvement is possible. The final classifier
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is a combination of the classifier in each iteration with the corresponding weight, in other
words, the high weight for the low training error classifier and the low weight for the
high training error classifier. In this work, we applied AdaBoost as a boosting learning
technique on all commonly used machine learning classifiers to analyze its impact on the
accuracy and performance improvement of defect identification of aero-engine blade.
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Figure 2. Block diagrams of the AdaBoost algorithm.

Bagging, or bootstrap aggregation, is another ensemble learning model used in clas-
sification or regression fields [20]. Bagging synthesizes the output of multiple classifiers
and votes a more appropriate result. The procedure is shown in Figure 3. For bagging,
each classifier is trained based on a subset that has an identical distribution with the raw
dataset. Bagging decreases the variance of each model and is especially suited for a dataset
that has a large variance. Each model in bagging is trained based on a sub-dataset. The
sub-dataset is formed by randomly selecting a sample in the raw dataset, iterating times
equaling the number of samples in the raw dataset. Thus, the bagging model has a low
bias since each model is fully trained under a sub-dataset with different distribution. For
each model, the prediction is highly dependent on the data input, and the final output of
bagging is an average value or a voted result, a more robust and generalized prediction,
of the outputs of multiple classifiers. Therefore, it is most suitable for our purpose, given
some classifiers may not be robust to the distribution of datasets and output a result that
deviates the normal results.
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Figure 3. Block diagrams of the bagging algorithm.
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3. Proposed Processing Chain

For the non-destructive testing based on ultrasonic, it is believed that the time-
sequence of an ideal echo signal is linearly stationary and Gaussian stochastic, and the
noise that this echo signal introduced has a similar time-sequence characteristic. However,
the echo signal collected in practice includes various types of noise, such as measuring
noise and structure noise. The former is strongly related to the measuring system, and
it is a noise not related to the echo signal; thus, it is easy to filter. The latter is a noise
strongly coupled with the echo signal, and the large ones will cause useful signals in the
echo signal to be drowned out [21,22]. Thus, extracting the effective signal from the echo
signal collected is an imperative task.

3.1. Denoising Overview

Currently, multiple denoising algorithms exist, mainly including Fourier transform
(FT) and wavelet transform (WT) and empirical mode decomposition (EMD). These algo-
rithms have been validated to effectively remove the noise present in echo signals. FT is
suited to deal with noise present in a signal that is linearly stationary, but it is not suited
to deal with the details of the signals, leading to distortion while filtering noise out of
a signal that is nonlinear and nonstationary. For nonlinear and nonstationary signals,
such as ultrasonic echo signals, WT addresses the problem of monitoring the details of
signals. Unfortunately, WT introduces the difficulty in selecting a wavelet basis function
or decomposition layer [23-26]. To overcome the difficulty above, the EMD algorithm has
been proposed but with drawbacks of mode mixing and end effect. Hence, we choose
ensemble empirical mode decomposition (CEEMD) as our denoising algorithm for its
effectiveness in solving the mode mixing and end effect.

The procedure of denoising, based on the CEEMD algorithm, mostly decomposes raw
signals into a series of intrinsic mode functions (IMF) components. Then, by calculating
the coefficients between each IMF to raw signal, it is easy to rank the correlation degree
of each IMF to raw signal. Hence, the separation point between signal domain and noise
domain can be decided. Finally, the IMF that has a high correlation and a residual signal
can be rebuilt as an effective echo signal [27]. However, this procedure has the following
limits. It directly removes the IMFs of noise signal away, thus losing the effective details of
the noise part. This disadvantage is especially outstanding in ultrasonic echo signal that
has a low signal-to-noise ratio, i.e., in signal with large noise.

The second generation wavelet transform (SGWT) algorithm has the advantage of
dealing with high-frequency noises. It is a wavelet construction method, which is not based
on FT. Utilizing SGWT to deal with the noise part obtained from the CEEMD is of great
importance in guaranteeing the integrity of effective signal [28,29].

In this paper, for extracting the effective echo signal, we first calculate the coefficient
of IMF (obtained from decomposing raw signal) and raw signal and decide the separation
point between signal part and noise part. Then, we extract the details of the noise part
utilizing the SGWT method instead of removing them. Finally, we regard rebuilding the
signal part as well as the details of the noise part and residual signal as the effective echo
signal. Figure 4 details the procedure of obtaining an effective echo signal.
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Reconstruct

Figure 4. The details of obtaining an effective echo signal.

3.2. The Details of CEEMD Algorithm

The CEEMD algorithm, a modification of the EMD algorithm, proposed by Yeh is a
signal decomposition method for those that are nonlinear and nonstationary time series.
As a time—frequency domain analysis method, EMD can decompose the signal into several
linear stationary IMFs and a residual signal [30]. As shown in Equation (1):

x(t) = Y IME;(t) + Ry (), 1)

where x(t) is the raw signal with noise; IMF;(t) is the i" IMF; N is the number of all IMFs,
which contain the ingredients from high-frequency to low-frequency of the raw signal.
Ry (t) is the residual signal.

Compared with EMD, the core of the CEEMD method enhancement is that the noise
is added to the signal in both positive as well as negative directions in each iteration of
signal decomposition, and then the average of all the obtained IMFs will be the final IMFs.
The CEEMD procedures can be summarized as follows:

Step 1. Add positive and negative noise signals to the original signal, which can be

expressed as:
o l=l Al ) @
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where x(t) is the raw signal; x,(t) is the added white noise; x,(t) = x(t) + x,(t) is the
sum of the original data with the positive noise, and x,(t) = x(t) — x,,(t) is the sum of the
original data with the negative noise.

Step 2. EMD Decompose x,(t) and x,(t) to two sets of IMFs components IMF,
and IMF,,, which contain positive residues and negative residues of added white noise,
respectively.

Step 3. Finally, the final IMFs are obtained as follows:

IMF, + IMF,
i(t) = —F5——, 3)

where IMF, and IMF,, contain positive residues and negative residues of added white
noise, respectively.

3.3. Determination of Signal Domain and Noise Domain

The IMFs obtained from raw signal decomposing are sorted based on their frequency,
and the signal domain is in the IMFs with low frequency, which has a high correlation with
the raw signal. Instead, the noise domain is in the IMFs with high frequency, which has
a low correlation with the raw signal. Thus, in this paper, we calculate the coefficients of
each IMF and raw signal to quantify the separation point between the signal domain and
noise domain. The calculation is based on the following:

. _ Cou(IMF(t), x(t))
F(IMF;(t), x(t)) = VDUME(1)/D(x(1))’

where F;(IMF;(t),x(t)) is the cross-correlation coefficient between the i" IMF and the
original signal. IMF;(t) is the i" IMF; x(t) is the raw signal; Cov(IMF;(t), x(t)) is the
covariance of IMF;(t); x(t), D(IMF;(t)) and D(x(t)) are the variance of IMF;(t) and x(t),
respectively.

By analyzing the correlation of each IMF and raw signal, the separation point be-
tween the signal domain and noise domain is determined when the first minimum
F;(IMF;(t), x(t)) occurs. Thus, the raw signal could be decomposed into these three parts:

(4)

x(t) = xsd(t) + xnd(t) + R(t)
xa(t) = i IMF; ®)
Xpa(t) = Z]N:m IMF;

where x¢;(t) is the signal domain; x,,4(¢) is the noise domain; k is the separation point of
signal domain and the noise domain; R(t) is the residual signal.

3.4. The Details of SGWT

SGWT is a time-domain transformation method based on a lifting scheme, getting rid
of the dependency of the frequency domain. It is a fast algorithm that is easy to realize and
restrains the noise part better in a nonstationary signal [31]. The procedure of applying
SGWT on a signal consists of three steps: splitting, predicting and updating, as shown in
Figure 5, and the signal rebuilding consists of reverse updating, reverse predicting and
combining, as shown in Figure 6.
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Figure 5. The second-generation wavelet transformation: a sketch map of decomposition.
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Figure 6. The second-generation wavelet transformation: a sketch map of reconstruction.

For raw signal Y = {y,, k € Z} with y, € R, the even indexed samples are

Ye = {yy. k € Z}, and the odd indexed samples are Y, = {y,, 1,k € Z}. As an ap-

proximation of the original signal, the even samples are used as a predictor to estimate

the odd samples, and the difference between the prediction value Y, and real value Y,

is called the wavelet coefficient, which describes the similar degree of two signals, as
shown in Equation (6):

{ D(k>:Y0_Y0:YO_P(Y€) (6)

Y, = D(k) + P(Ye.) ’

where P(-) is the prediction operator; D (k) is the wavelet coefficient.
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To maintain the frequency the characteristic of Y, in the process of transformation,
we introduce an update operator U(-) and perform updates utilizing D (k) to obtain an
approximation signal, as shown in Equation (7):

{wm—n+um) m
Y. = W(k) — U(D) ’

From the perspective of frequency, D (k) reflects the high-frequency part of the signal,
while W (k) reflects the low-frequency part of the signal. We perform the transformation
utilizing the Deslauriers-Dubuc (4, 2) wavelet [32], decomposing and rebuilding could be
calculated with Equations (8) and (9):

D = Yy [% (yJZk + yék+z) ~ 16 (y]ﬁk—z + l/ék+4) + %} ®)
R (T T | I

v - (o) 4] )
Yo = Yyyy = D+ {19*6 (]/JZk + y]2k+2) ~ 1 (y]2k—2 + y]2k+4) + %] I

where j is the scale level; k represents the sampling index number; D£+l and W,{H are the
high-frequency and low-frequency components, respectively. Thus, we can rebuild the
effective echo signal for our ensemble learning. The details are written as:

xeffective(t) = xg4(t) + R(t) + xsgwt(t)r (10)

where X, frective () is effective echo signal, x44(t) and R(t) is signal domain and residual
signal obtained, respectively. xsgwt(t) is the details of noise signal, as shown in the follow-
ing equation:

Xsqut(t) = SGWT[x,4(t)] = xe(t) + xo(t), (11)

where x,(t) and x,(t) is the even indexed samples and odd indexed samples of SGWT
filtered signal.

Based on the above signal denoising and reconstruction methods, the whole pipeline
of our defect identification on the aero-engine blade is shown in Figure 7.
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Figure 7. Block diagram of defect identification.
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4. Experiment Setup and Datasets
4.1. Experiment Setup

We are interested in four states of the aero-engine blade, including a normal state
that has no defects, cavity or inclusion within the blade, or cracks on the surface of the
blade. Based on the defect type we are interested in, we devised the following experiment
equipment, as shown in Figure 8. The equipment consists of an ultrasonic signal generator
and an oscilloscope, as well as an ultrasonic sensor. We use the ultrasonic generator to
actuate the transducer and use the oscilloscope to collect and record the signal sample
(here, the sampling frequency of the oscilloscope is 500 MHz). We then convert the analog
signal to a digital signal with an 8 bits resolution. Finally, we transmit the digital signal to
a computer via a USB port.

-

SPDT

Transducer B \ Transducer A

|
|
|
|
Crack :
|
|

= 1 1 1

.‘,
AEEEEERRRR
P ZITLILITCYSSS

[M h] | [J,l v.»] === = N

Figure 8. Diagram of the used experimental setup.

/

We devise two different transducers to detect different types of defects. For cavity and
inclusion, we utilize transducer A with the frequency of 5 MHz and the probe diameter of
14 mm, and we detect the defect in the blade based on the ultrasonic pulse-echo signals
received by A. To detect the defect type of crack, we utilize transducer B with the frequency
of 5 MHz and an angle probe to generate a signal of Rayleigh wave. The wave travels along
the surface of the object. When it arrives at the end of the object or comes across a gap of
two different mediums (such as a crack in the surface), the wave reflects and generates
an echo signal based on the principle of acoustic impedance, and later this echo signal
is received by transducer B. To decrease the variance of detection state due to frequently
altering transducer, we place a single-pole double-throw (SPDT) to manage the actuation
on the transducer.

4.2. Dataset Collection and Augmentation

The database we use comes from the effective signals, which are filtered from raw echo
signals (filtering of raw signals is explained in Section 3). The effective signals comprise
four types of echo signal received from the specimen, including cavity, crack, slag inclusion
and normal state (See Figure 9). We first choose three specimens that could cover all the
defect types. Then, we collect 100 A-scan signals (raw signals) in the interested area on
these three specimens. The selection solution of the interested area is as follows. For defect
type of slag inclusion and cavity, we define a rectangular grid with an equidistant point
(5 mm apart) for the collecting of echo signal. As for the defect type of crack, we define
a parallel line 25 mm away from the crack with the spacing of 5 mm for data acquisition.
Thirdly, we filter the raw echo signals to obtain the effective signals (for filtering, see
Section 3). Given that it is difficult to obtain more specimens to produce the raw signals,
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instead, we extend the form of effective signals of the four types of echo signals to enhance
the dataset. For each type of effective signal, we shift the time-domain signal (including
interface signal, bottom signal and defect echo signal) left or right in a fixed expansion
randomly 5 times, thus augmenting the dataset size of each type up to 500, and total size
of datasets 2500. We shift the signal because the difference of each type of defect varies
mainly in size or depth under the surface. Here, 2500 stands for the sum of the five types
of signal, three defect types and two normal types. Two types of normal echo signals exist
because the transmitting wave is different when testing different defects. For cavity or slag
inclusion, it is a longitudinal wave, while it is a Rayleigh wave for the crack.

Cavity

Amplitude(V)

Surface Normal

" 1 L
0.0 4.0 8.0
Time(us)

Figure 9. Echo signals from the specimen of interest.

We extract the feature from the echo signal of ultrasonic testing on the aero-engine
blade. As the author [16] has validated, the amplitude and frequency of echo signals play a
key role in differentiating whether the object the ultrasonic launch on has defects or not.
The experiment they perform demonstrates that the amplitude of the echo signal becomes
larger when the size of the defect increases, and the frequency of the echo signal becomes
smaller when the defect size increases. Thus, we, as the former research does, select these
two features as the main features in our study. Considering that the device we can use
in the experiment has not the time—frequency function, we obtain the time—frequency
distribution of the signal via the continuous wavelet transform (CWT) on a computer, as
shown in Figure 10. Thus, the two-feature vector with amplitude-based sequence and
spectrogram-based sequence could be obtained. Then we split the dataset into two parts,
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where the training dataset is 80 percent, and the other is the testing dataset. The two
datasets are used for training and testing the classifier. We follow the rules that the testing
process comes strictly after the training process.
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Figure 10. The feature from the echo signal of ultrasonic testing. (a) Time-frequency distribution of cavity state; (b) Time-
frequency distribution of crack state; (¢) Time—frequency distribution of inclusion state; (d) Time—frequency distribution of
longitudinal normal state; (e) Time—frequency distribution of surface normal state.
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4.3. Evaluation Metrics

In this section, we detail the metrics for our experiment evaluation. As two classifica-
tion cases, we choose accuracy and precision as well as F1 score as our evaluation criterion,
and we do not consider what type the instance wrongly classified has been assigned. The
accuracy demonstrates the ability of the classifier on the defect detected among all the
true defect samples, and the precision illustrates the true parts among all the classified
types. The F1 score is a comprehensive evaluation index, which balances the accuracy and
precision. Precision and accuracy reflect the performance of the classifier from different
aspects, while the F1 score reflects the performance of the classifier on the whole.

R _ TP
accuracy =~ TP+EN
1D

Ppyecision = TP+FP ’ (12)
F1 = 2><Raccurucy><PPrecision

Raccumcy JrPPrecisinn

where Rgccuracy is the accuracy of the classifier; Ppyecision is the precision of the classifier on
identifying. TP is the true positive; FN is the false negative; FP is the false positive.

4.4. Baseline Approaches

Here, we include three machine learning methods for our comparison basis, which
are multiple layer perceptron (MLP), Logic Regression (LR), and support vector machine
(SVM). The three machine learning methods have been observed to perform better when
the input features are over a dozen [13,14], eliminating the probability of bad performance
due to algorithm selection. The baseline models and ensemble learning models are all
trained and tested on the same datasets.

5. Evaluation

In the following, we compare the defect identification performance of ensemble
learning with baselines. We first illustrate the defect identification result of different
classifiers for the same feature number and again compare the impact of the number
of features on the performance. Then we detail the result of each method based on
two features.

Clearly, we can see in Figure 11 different classifiers perform distinctively on the defect
identification with the feature vector, including two features (For more details, refer to
Tables 1 and 2). The difference derives from the intrinsic characteristic of the classifier. On
the one hand, some classifiers have a better detection ability on the nonlinear characteristic
of the input, such as SVM, and some have a better detection ability on the linear input,
for instance, the LR. On the other hand, the relationship among features also affects the
performance of each defect identifier. For the first case, the two features we selected have
no linear relationship; thus, LR performs worse (only 0.79) compared to SVM. Additionally,
SVM fits the relationship better due to the strongly expression ability of the kernel function.
Here, the multiple layer perceptron (or the neural network) on defect identification behaves
badly as the feature number in the feature vector is too small.

Table 1. The average accuracy of different algorithms on the identification of different defect types of
aero-engine blades.

MLP SVM LR Bagging AdaBoost
2-feature 0.77 0.85 0.79 0.91 0.89
6-feature 0.88 0.91 0.87 0.94 0.92

12-feature 091 0.93 0.85 0.97 0.94
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Table 2. The accuracy of different algorithm on the identification of different defect types of aero-
engine blade.

MLP SVM LR Bagging AdaBoost
Cavity 0.65 0.73 0.70 0.90 0.88
Crack 0.99 1.00 1.00 1.00 1.00
Inclusion 0.54 0.69 0.55 0.72 0.67
Longitudinal Normal 0.70 0.85 0.3 0.92 0.90
Surface Normal 0.98 1.00 1.00 1.00 1.00

1.0 T T T T T T T T T

- 2-feature
- 6-feature
- 12-feature

0.9 1

0.8

0.7 4

MLP SVM LR Bagging AdaBoost

Figure 11. The average accuracy of different algorithms on the identification of different defect types
of aero-engine blades.

To fully compare the effect of the feature number on the defect identification perfor-
mance, we extend our feature number to six [33] and twelve [13]. Considering the type
number and for brevity, we calculate the average accuracy of each algorithm on the type
identification of the blade. The result is shown in Table 1. Overall, we can see that with the
number of features decreasing, the accuracy declines distinctly (note that the value in the
figure illustrates the average value, including the type of normal blade), and the details of
each algorithm are given in Table 2. However, it is interesting that although the feature
number declines, the accuracy of ensemble learning decreases slightly. To some extent, the
accuracy of the 2-feature based ensemble learning algorithm is numerically close to that of
the 6-feature based or 12-feature based algorithm, which demonstrates the feasibility and
practicability of an ensemble learning algorithm even in few feature environments.

Table 3 shows the F1 score of the different algorithms on the identification for different
defect types of aero-engine blade. At a high level, we can see the F1 score of the bagging
and boosting outperforms the other machine learning algorithms. Moreover, bagging
performs particularly better for each type of defect and more than 15% higher than that of
other algorithms. Note that all the algorithms behave badly on differentiating cavity and
inclusion defects. This is because the difference between these two types of echo signals is
especially small and differentiating them necessitates the aid of other features, which could
not be obtained via the echo signal, such as an elemental analyzer for analyzing. Note
that our attention focuses on feature reduction while still maintaining the performance of
defect identification.
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Table 3. The F1 score of different algorithms on the identification of different defect types of an
aero-engine blade.

MLP SVM LR Bagging AdaBoost
Cavity 0.61 0.76 0.69 0.83 0.66
Crack 0.98 1.00 1.00 1.00 0.99
Inclusion 0.46 0.66 0.53 0.73 0.67
Longitudinal Normal 0.76 0.86 0.77 0.91 0.85
Surface Normal 0.98 1.00 1.00 1.00 1.00

As Table 3 illustrates, the F1 score increasing of ensemble learning algorithms derive
from the increase in recall value. Even though the F1 score is not very good (0.8 or so) on
these three defects, the recall value reaches up to 0.9, which indicates the defect type could
be identified most of the time. On the other hand, the recall value of the base methods is all
below 0.9, and some even have smaller values (such as 0.65); thus, the base methods regard
about 30% of samples as normal, leaving uncertainty on the aero-engine blade in practice.

6. Related Works

The defect identification of an aero-engine blade mainly consists of three parts, includ-
ing manual inspection, traditional inspection and machine learning-based defect inspection.
For manual inspection, it requires a skilled inspector to judge whether the blade has a
defect or not, decreasing the correctness of the judgement. It only applies in some domains
that do not have measurements available.

Traditional defect identification of aero-engine blade is on the basis of defect inspec-
tion on metal, where the threshold is determined before performing a defect identification.
The threshold could be determined by the experienced specialist, and any person who
lacks special training may wrongly identify defects based on the measurement result and
threshold. However, this kind of defect identification lacks reliability since the measure-
ment result may vary in different conditions or the threshold differs with a different batch
of blades.

Machine learning is widely used in defect identification [15]. Similarly, this algorithm
can be utilized in the defect identification of aero-engine blade. The primary issue of
machine learning-based defect identification is feature selection. Feature selection is a
critical step and consists of expensive work. One can decrease to a small number of features
at the sacrifice of accuracy, while a large number of features increase manual cost and
redundancy in features, which in turn decreases the accuracy. Currently, the number of
features reaches up to ten or more [13,14], imposing a burden on manual work. In contrast,
our work aims at pursuing an accuracy with a small number of features and achieving
an accuracy as high as that with a large number of features in machine learning. We
select ensemble learning as the main algorithm in machine learning, which depends on the
result of multiple simple classifiers or weak classifiers, and only two features are chosen,
eliminating the cost of manual effort. We do not consider deep learning algorithm in defect
identification, even though it automatically extracts the feature from echo signal.

7. Conclusions

In this paper, we propose utilizing ensemble learning technique on defect identifica-
tion of an aero-engine blade. Ensemble learning-based defect identifiers utilize features
extracted only from an ultrasonic signal, which leaves out the statistic features obtained
from multiple acquisitions of echo signals, thus simultaneously decreasing the expensive
manual cost. It integrates multiple sub-classifiers and accurately identifies different defect
types of the blade, eliminating the uncertainty in feature selections and the intrinsic char-
acteristic of a classifier to a specific feature. With the same number of features, ensemble
learning-based defect identifiers outperform the state-of-the-art classifier on defect identifi-
cation of aero-engine blade. Morevoer, using a dataset including only two features in blade
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defect identification, the performance of ensemble learning closely approaches that of the
existing algorithms based on more than six features or even twelve features.
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