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Bolted joint is widely used inmechanical and architectural structures, such as machine tools, industrial robots, transport machines,
power plants, aviation stiffened plate, bridges, and steel towers. The bolt loosening induced by flight load and environment factor
can cause joint failure leading to a disastrous accident. Hence, structural health monitoring is critical for the bolted joint detection.
In order to realize a real-time and convenient monitoring and satisfy the requirement of advanced maintenance of the structure,
this paper proposes an intelligent bolted joint failuremonitoring approach using a developed decision fusion system integrated with
Lamb wave propagation based actuator-sensor monitoring method. Firstly, the basic knowledge of decision fusion and classifier
selection techniques is briefly introduced. Then, a developed decision fusion system is presented. Finally, three fusion algorithms,
which consist of majority voting, Bayesian belief, and multiagent method, are adopted for comparison in a real-world monitoring
experiment for the large aviation aluminum plate. Based on the results shown in the experiment, a big potential in real-time
application is presented that the method can accurately and rapidly identify the bolt loosening by analyzing the acquired strain
signal using proposed decision fusion system.

1. Introduction

Bolted joint is widely used in mechanical and architectural
structures, such asmachine tools, industrial robots, transport
machines, power plants, aviation stiffened plate, bridges,
and steel towers. The bolt loosening induced by flight load
and environment factor can cause joint failure leading to a
disastrous accident for the aircraft. In order to keep up the
integrity and operation safety of these structures, detecting
bolted joint in real time is an important concern in structural
health monitoring.

Till now, for the bolt loosening detection, there are some
conventional nondestructive inspection techniques, which
use the ultrasonic waves and electromagnetic resonance [1,
2]. However, these methods are costly, labor intensive, and
time consuming to perform for a large structure and can
only be performed when the aircraft is out of service, being
intermittent condition monitoring. Accordingly, structural
health monitoring (SHM) has been being recently focused
on by many researchers since the new inspection approach

utilizes advanced sensor and actuator devices being inte-
grated in the structural material with aim to achieve a wide
range of real-time online monitoring. There are a number of
significant works in the SHM area concerning bolt loosening
monitoring.

The problem of detecting bolt loosening has been studied
by different researchers. The principle in these techniques
is to seek out the changes in the dynamic properties as
indicators of damage in the structure. Pai and Hess study
the loosening of threaded fasteners due to shear loads, as
well as the effect of fastener placement on a structure as a
variable promoting self-loosening [3, 4]. Caccese et al. exhibit
the promise of the transmittance function for bolt load loss
detection in hybrid composite/metal bolted connections [5].
Brown and Adams examine the equilibrium point damage
prognosis method across the joint [6]. Todd et al. assess
the effectiveness of structural frequencies and mode shapes
for bolt loosening monitoring [7]. Nichols et al. use state
space models to detect joint preload loss in a framestructure
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and utilize data-driven phase space models to assess the
conditions of a bolted joint in a composite beam [8, 9]. Moniz
et al. use a multivariate, attractor-based approach to detect
the bolt loosening with FBG sensor [10]. Rutherford et al.
utilize nonlinear feature identifications based on self-sensing
impedance measurements for jointed portal frame structure
structural health assessment [11]. Ritdumrongkul and Park
present the use of a PZT actuator-sensor and the impedance-
based monitoring techniques in conjunction with numerical
model-basedmethodology in structural healthmonitoring to
quantitatively detect damage of bolted joint of two aluminum
beams [12–15]. Yang et al. use the Lamb wave propagation to
monitor the loosening of bolts in a space thermal protection
panel [16]. Okugawa employs the subspace state space identi-
fication algorithm (4SID) to identify the natural frequency of
the smart washer for bolt loosening detection [17]. Milanese
et al. research modeling and detection of joint loosening
using output-only broadband vibration data [18]. Doyle et al.
use the acoustoelastic and magnetomechanical impedance to
detect bolt loosening in satellite bolted joints [19].

Recently, the development of artificial intelligence tech-
niques has led to their application in the structure health
monitoring. Somemethods, such as artificial neural networks
and support vector machines, have been employed to esti-
mate the structure damage [20–23].They are capable of mod-
eling extremely complex nonlinear relationships between
known structure damage and structure output response.
However, for practical applications, a single decision method
can only acquire a limited recognition capability for special
data. Therefore, a decision fusion method is introduced to
combine the advantages of different recognition algorithms
and give more reliable result for the complex task.

This paper proposes an intelligent bolted joint failure
monitoring approach using a developed decision fusion sys-
tem integrated with Lamb wave propagation-based actuator-
sensor monitoring method. Firstly, the basic knowledge of
decision fusion and classifier selection techniques is briefly
introduced. Then, a developed decision fusion system is
presented. Finally, three fusion algorithms, which consist
of majority voting, Bayesian belief, and multiagent method,
are adopted for comparison in a real-world monitoring
experiment for the large aviation aluminum plate. Based on
the results shown in the experiment, a big potential in real-
time application is presented that the method can accurately
and rapidly identify the bolt loosening by analyzing the
acquired strain signal using the proposed decision fusion
system.

The rest of this paper is structured in the following
manner. Section 2 introduces the background knowledge
of decision fusion. In Section 3, decision fusion system for
bonded joint monitoring is presented. Section 4 gives exper-
imental results and discussion for large aviation aluminum
plate structure. Finally, Section 5 concludes the paper.

2. Decision Fusion Method

This section covers a brief introduction of decision fusion
method, which consists of the classifier selection based on
entropy and multiagent fusion algorithm.

2.1. Classifier Selection Based on Entropy. Studies [24] have
shown that classifer selection can affect the performance of
the subsequent multiclassifier fusion. A proper combination
of classifiers can generate the best recognization performance
and reduce the calculated time. However, there still exit many
problems to select the proper classifier team from a large
pool of different classifiers. Accordingly, classifier selection
technology has been being recently focused on by many
researchers. The optimal combinations of classifiers should
have good individual performances and sufficient level of
diversity. The diversity quality of classifier selection relies
mostly on the goodness of the selection criterion, which
includes correlation coefficent, procuct-moment correlation
measure, 𝑄 statistics, and entropy measure [25]. In these
methods, entropy-based diversity measure is a new and
effective method for classifier selection based on [26]
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where𝑁11 means the number of samples which are classified
correctly by two classifiers 𝑒

1
and 𝑒
2
,𝑁00means those samples

which are misclassified by the two classifiers, 𝑁10 denotes
those samples which are classified correctly by classifier 𝑒

1

and misclassified by classifier 𝑒
2
, 𝑁01 denotes the number of

samples which are misclassified by classifier 𝑒
1
and classified

correctly by classifier 𝑒
2
, and 𝑁 is the total number of

experiment samples.
Generally, the diversity of classifiers can give more effec-

tive information, so smaller correlation degree among the
classifiers can lead to better fusion performance. According to
the diversitymeasurement principle, it is neccesacy to select a
team of classifiers and the flowchart of classifier selection can
be shown in Procedure 1.

2.2. Multiagent Decision Fusion. Generally, the classifiers’
output information can be divided into three levels [27]:

(1) the abstract level: a classifier 𝑒 only outputs a single
class label for an input 𝑥;

(2) the rank level: a classifier 𝑒 ranks all classes’ labels in
a queue with the one at the top being the first choice;

(3) the measurement level: a classifier 𝑒 evaluates the
degree that 𝑥 has for each class using a measurement
value.

Among the levels mentioned above, from the abstract
level to the measurement level, the amount of information
of the classifiers’ output increases in sequence. Accordingly,
the classification algorithms of themeasurement information
can produce the best results. However, the classifiers that can
supply the abstract information are more available in the real
application.

According to the three levels in the classifiers’ output
information, decision fusion methods can be divided into
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Note, when a similar low correlation degree appears for more than one classifier, the classifier that has the highest
accuracy rate is chosen.

Step 4. If 𝐸 = Φ, then, go to Step 5; otherwise, go to Step 3; end.
Step 5. Find the optimal classifier sequence 𝐸 = {𝑒
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Procedure 1: Proposed procedure for classifier selection.

three types. Multiple classifiers’ fusion integrates different
decisions from multiple classifiers to boost the accuracy of
recognition.The decision fusionmethods of the used abstract
information are widely adopted, which include majority
voting [28], Bayesian belief [27], and multiagent method
[29, 30].

In the section, the multiagent fusion algorithm is intro-
duced in detail. In recent years, multiagent system (MAS)
of artificial intelligence (AI) has been a natural model for
developing a large-scale, complex, distributed system, which
is loosely coupled and heterogeneous [31]. In this way, a
complex system is decomposed into some small autonomous
systems which can interact and cooperate with each other.
They can finish the complex mission via communication and
negotiation.

In themultiagent fusionmethod, each classifier is deemed
as a single agent. The confusion matrix of the classifier
denotes the recognition ability of the agent. For a test sample,
Bayesian belief decision can be given by each classifier agent.
A two-order correlation degree for information exchange
between any two classifiers is introduced to dynamically
modify each agent’s belief decision. Once there are no more
different decisions for these agents, a final combination
decision ismade.Hence, Bayesian beliefmethod andmajority
voting are integrated creatively in the method. It considers a
behaviour of population decision. The flowchart of multia-
gent method is shown in Figure 1.

Firstly, a sample setU consists ofU
1
,U
2
, andU

3
.U
1
is the

training set of each classifier for obtaining the parameter of
the classifier.U

2
is the test set of each classifier and is also the

training set of the fusionmethod for acquiring the parameter
of the fusion method. U

3
is the test set of the fusion method.

Confusion matrix N(𝑘) is firstly created on the basis
of Bayesian belief method. N(𝑘) is regarded as the prior
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Figure 1: Flowchart of multiagent decision fusion algorithm.

knowledge of each classifier agent. It can be calculated easily
for test samples ofU
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2
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Figure 2: The active monitoring method for bolt loosening.
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The element 𝑑
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in the matrix shows the probabil-
ity of the sample𝑥 of the class 𝑖 assigned as 𝑗

1
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number of sets.
After obtaining the confusion matrix and codecision

matrix, the initial belief matrix B(𝑥) for input sample 𝑥 can
be calculated. B(𝑥) is regarded as the initial belief probability
of each classifier agent for test samples ofU

3
. Each row in the

belief matrix is corresponding to each classifier agent’s belief
probability of different column classes for the input sample
𝑥. If the class of the maximum probability in the 𝑘th row
is regarded as the 𝑘th classifier agent’s decision, a decision
label vector can be directly obtained from the belief matrix.
According to the majority voting strategy, the initial vote rate
of each class can be calculated for input 𝑥.

Next, if the initial maximum vote rate is less than an
accordance threshold, there are more different decisions for
the classifier agents. Then, the agents can interact with each
other andmodify the original belief degrees themselves using
the codecision matrix. The repeated modification scheme is
represented as

𝑏
𝑘𝑖
(𝑥) = 𝑏

𝑘𝑖
(𝑥) + (

1

𝐾
)

𝐾

∑

𝑘𝑛=1,𝑘𝑛 ̸=𝑘

𝑑
𝑗,𝑗𝑛 ,𝑖,𝑘,𝑘𝑛

⋅ √𝑏
𝑘𝑖
(𝑥) ⋅ 𝑏

𝑘𝑛𝑖
(𝑥),

(4)

where 𝑏
𝑘𝑖
(𝑥) is the element of Bayesian belief matrixB(𝑥) and

represents belief probability of classifier 𝑘 for the sample 𝑥

belonging to class 𝑖;𝐾 is the number of total fusion classifiers;
and 𝑑

𝑗,𝑗𝑛 ,𝑖,𝑘,𝑘𝑛
is the weight of information exchange between

𝑘th classifier and 𝑘
𝑛
th classifier. The correction term of the

right formula means the information summation of classifier
𝑘 interacting with other classifiers for the sample 𝑥 belonging
to class 𝑖.

Whenever the belief matrix is modified, a normalization
process is required to ensure the row element of new belief
matrix being the significant probability value. On the basis of
the new belief matrix, a decision vector of the classifier agents
is acquired to generate a new vote rates. If the maximum
vote rate is still less than the predetermined threshold, the
classifier agents have less accordance for the input sample.
Hence, the interaction between the agents will continue
and their belief matrix will be modified repeatedly until
their decision reaches the accordance criterion. Finally, the
multiagent classifiers use amajority votingmethod to give out
the output of fusion decision.

3. Decision Fusion System for
Bolted Joint Monitoring

The active SHM method is generally adopted to monitor
the joint failure induced by bolt loosening [32]. The method
is based on the structural vibration response and uses the
piezoelectric ceramic material (PZT) element as the actu-
ator or the sensor. Its actuator-sensor scheme includes the
single-actuator multisensor and cycle-actuator multisensor
as shown in Figure 2 [33]. In the first scheme, the fixed driver
PZT element is arranged on the structure to stimulate the
sensors surrounding the structure simultaneously.The power
of the actuator is finite, and accordingly the second scheme
is presented for the large structure. The PZT element around
the boundary acts as actuator in turn. Each time the signals of
two adjacent PZT sensors (left and right or upper and lower)
are sampled. For instance, in Figure 2, when PZT element 1
acts as the actuator, the signals of PZT elements 2 and 5 as
the sensors are sampled.
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Generally, a sine wave can be excited by the PZT actuator
to the structure at a frequency, under which the vibration
response of the structure is sensitive to the bolt loosening.
The experiment shows that the sensor signal varies before and
after the bolt loosening [32]. An active monitoring system for
bolt loosening is shown in Figure 3, which includes waveform
generator, charge amplifier, and data acquisition card.

In this paper, a decision fusion system is presented
for bolted joint monitoring. It is based on a self-designed
fusion diagnosis toolbox byMATLAB language R2006a.This
system consists of six levels: sensor, feature extraction, feature
combination, multiclassifier decision, classifier selection, and
decision fusion. The framework of the proposed system is
shown in Figure 4. Firstly, the input signal is acquired from
the sensorwhen the actuator stimulates the structure periodi-
cally. Secondly, the signal feature is extracted, and the features
of different sensors are combined to be a feature vector.Then,
a decision vector is the output of a team of classifiers, and
the algorithm of classifier selection is employed to obtain
the optimization classifier combination. Finally, the decision

fusion method combines the selected classifiers’ decisions to
give out the final evaluation. This paper adopts three fusion
algorithms: majority voting, Bayesian belief, and multiagent
method to assess decision fusion’s performance.

3.1. Experiment Setup. In order to verify the effectiveness of
the presented decision fusion system integrated with Lamb
wave propagation based actuator-sensormonitoringmethod,
in this paper, the large aviation aluminum plate structure
is studied as the experimental object. Figure 5 depicts a flat
structure and the sensor distribution diagram. The plate
structural material is the aviation hard aluminum LY12,
whose basic dimensions and thickness are 120 cm × 200 cm
× 0.25 cm. Around the structure there are 64M6-bolts which
are used to fix the plate with bracket, and the bolt space is
10 cm. The structure is divided into eight subregions, each of
which is 49 cm × 45 cm except its edge. The PZT sensors are
laid on the vertices of each subregion.

In this study, tests are conducted with healthy and
unhealthy configuration which includes the full loose state of
20 bolts in different locations around the structure. Hence,
twenty joint failure patterns and one health pattern are con-
sidered. In the experiment, tests are conducted with healthy
and damage configuration which includes the completely
loose state of 20 bolts in different locations around the
structure, and each time only one bolt is loosening. In order
to quantitatively measure the loosening degrees of bolt, the
tightening condition 𝑆 is introduced and defined as

𝑆 =
𝑇
𝑠

𝑇
0

× 100 [%] , (5)

where 𝑇
𝑠
is axial tension of a tightening condition and 𝑇

0

is axial tension equivalent to 100% of tightening condition.
100% tightening condition is defined as the condition of
that bolted joint being tightened to standard tightening axial
tension. In our study, for uneasy calibration of partially
loosening bolt and pattern overlapping obvious existence
in our large structure since numerous structure joint bolts
distribute densely, only the tight 𝑆 = 100% and completely
loose state 𝑆 = 0% of bolts are considered.

Hence, the various cases tested are (i) healthy case: the
structure is tested without any bolt loosening from the joint.
(ii) unhealthy: the cases tested are the complete loosening of
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Bolts 2, 5, 9, 19, 22, 23, 24, 25, 26, 27, 33, 39, 43, 49, 50, 51, 52,
53, 54, or 63 as shown in Figure 6.

In the experiment, twelve PZT sensors around the bound-
ary are employed to detect the bolt loosening with the
cycle-actuator multisensor method. For the measurement

hardware, the self-design integrate and program control mul-
tichannel piezoelectric scanning system is used in the active
monitoring for bolt loosening [34]. As shown in Figure 7,
the system integrates the waveform generator module, data
acquisition module, charge amplifier module, digital I/O
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Figure 8: The sensor signal change before and after Bolt 9 loosening.

module, multichannel scanning switch board, and power
amplifier. It can interrogate the large numbers of actuator-
sensor channel automatically and efficiently. The software is
programmedwith LabVIEW8.5 andMATLABR2006a in the
industry control computer.

3.2. Data and Feature. The computer controls twelve PZT
sensors circularly and periodically to excite and sense the
structure strain signal. The excitation signal is the sine wave
with 100KHz. Lots of experiments [33] have shown that
the vibration response of the structure under this excitation
frequency is sensitive to the bolt loosening. The number of
sampled data is 6000, and the measured time is 0.0006 s. The
sample frequency is 10MHz. Figure 8 gives the signal of PZT
sensor 1 as actuator and PZT sensor 4 as sensor before and
after bolt loosening (Bolt 9). There are two reasons for the
acquired strain signal changes. Firstly, bolt loosening could
cause the change of the prestress distribution in the structure,
which makes the structure thickness change. Hence, Lamb

wave with different modes generated by the PZT actuator
propagates in the plate structure with a different velocity.
Hence, PZT sensor acquires different Lamb wave signals
before and after bolt loosening. Secondly, the bolt is deemed
to be a scattering source on the Lamb wave propagation path
between the actuator and the sensor. When bolt loosening
can partly affect the scattering Lamb wave coupled with bolt,
its previous propagation path changes, so the acquired Lamb
wave signal changes. For sine wave excitation signal, the
experiment [33] shows that the peak change is obvious before
and after the bolt loosening. So, twenty-four acquired signal
peaks of the twelve sensors on the plate border are combined
to be a feature vector. For the chosen bolts, twenty-one
modes’ conditions are measured twenty-five times, and ten
samples are measured to train parameters of the classifiers,
and ten ones are used to train the fusion method. So finally
we obtain a total of 525 samples, which consist of 210
samples for training classifiers, 210 samples for training fusion
algorithms, and the remaining 105 samples for test.
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Table 1: Parameters of individual classifier.

Classifier SVM C4.5 𝑘-NN IIS LVQ

Parameters
setup

Kernel function:
𝑘(x, y) = (0.7xTy + 1)

2

Euclidean distance type,
penalty coefficient = 10

Percentage of incorrectly
assigned samples
at a node = 5

𝑘 = 3 Number of
iterations = 50

Number of
neurons = 50, epochs = 50

3.3. Classifier Description. Six pattern classification methods
are utilized to identify the loosening bolt. The utilized
classifiers are described as follows.

(1) Support vector machine (SVM): the method can
implement the good recognition rate derived from
a few training samples, and it is based on statistical
learning theory [35]. Kernel function is a key param-
eter for SVM, which includes linear, polynomial,
Gaussian RBF, and sigmoid.

(2) C4.5: the algorithm implements “If-Then” rules
derived from the training data set [36]. These rules
are used to classify the “unseen” data.

(3) 𝑘 nearest neighbor (𝑘-NN): the classifier is very
simple and effective [37]. The 𝑘 nearest neighbors of
the unidentified test pattern are searched within a
hypersphere of predefined radius in order to deter-
mine its true class, which is the most class in the 𝑘

samples. If only one nearest neighbor is detected, 𝑘-
NN is the minimum-distance classification.

(4) Improved iterative scaling (IIS): IIS is one of the
major algorithms for finding the optimal parame-
ters for the conditional exponential model [38]. Its
underlying idea is that by approximating the log-
likelihood function of the conditional exponential
model as some kind of “simple” auxiliary function,
it is able to decouple the correlation between the
parameters and search for the maximum point along
many directions simultaneously. By carrying out this
procedure iteratively, the approximated optimal point
found over the “simplified” function is guaranteed
to converge to the true optimal point due to the
convexity of the objective function.

(5) Gaussian mixture model (GMM): the classifier is
based on Gaussian component functions [39]. The
linear combination of Gaussian functions is capable
of representing a large class of the sample distribu-
tion. In principle, it is a compromise between the
performance and the complexity. Gaussian mixture
has remarkable capability to model the irregular data.

(6) Learning vector quantization (LVQ): it is a neural
network classifier proposed by Villmann et al. [40]. It
combines the simplicity of competitive learning with
the accuracy of supervision. It is a simple and intuitive
prototype-based clustering algorithm.

4. Results and Discussion

This section describes the result of an experiment of the
bolted joint monitoring using the proposed decision fusion

Table 2: Classification results.

Classifier SVM C4.5 𝑘-NN IIS GMM LVQ
Accuracy 0.8952 0.5385 0.8571 0.1904 0.7524 0.3077

Table 3: Result of optimal sequence of classifiers fused.

Number of
classifiers
selected

Serial number of classifiers
Entropy-
based

diversity
measure

1 1 —
2 1 4 1.127
3 1 4 6 0.978
4 1 4 6 2 0.878
5 1 4 6 2 3 0.826
6 1 4 6 2 3 5 0.596

system. Then, comparison and discussion are given for each
part of the presented system.

4.1. Individual Classification. Next, six classifiers are utilized
to classify the calculated features of the bolt loosening. The
relevant parameters setup for these classifiers can be found in
Table 1. Table 2 gives the test accuracy of the six classifiers. In
the experiment, the classification accuracy is evaluated using
a ratio of the number of the samples classified correctly to
the total sample. It can be seen that the best classification
accuracy is 0.8952 and 0.8571 of SVM and 𝑘-NN agents. As
far as performance of the six classifiers is concerned, SVM
and 𝑘-NN produce superior results followed by GMM agent.
LVQ and IIS are not suitable in this work for joint failure. It
implies that the two types of classifiers do not fit for the scatter
of training samples. But in practice, it is almost impossible
that all the predetermined classifiers will achieve the best
performance at the same time. Otherwise, the fusion of pure
good or bad classifiers groupmay not necessarily improve the
accuracy [24].Therefore, LVQand IIS are still reserved for the
fusion method.

4.2. Selection of Classifiers. Based on the individual clas-
sification decisions acquired in the first step, the entropy-
based diversity measure method introduced in Section 2.1 is
used for sequence selection of six classifiers. The optimized
selected results for different numbers of classifiers and the
entropy-based diversity degrees are shown in Table 3.

To evaluate the effect of classifier selection, Bayesian
fusion method with classifier selection is compared with
the one without classifier selection as shown in Figure 9.
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Table 4: Relationship of accordance criterion, number of classifiers fused, and accuracy.

Accordance criterion 𝜌

Number of classifiers fused
1 2 3 4 5 6

Accuracy
0.50 0.895 0.933 0.962 0.952 0.949 0.956
0.55 0.895 0.933 0.962 0.952 0.949 0.956
0.60 0.895 0.933 0.962 0.952 0.949 0.956
0.65 0.895 0.933 0.962 0.952 0.949 0.956
0.70 0.895 0.933 0.962 0.952 0.971 0.971
0.75 0.895 0.933 0.962 0.952 0.971 0.971
0.80 0.895 0.933 0.962 0.952 0.971 0.971
0.85 0.895 0.933 0.962 0.952 0.971 0.971
0.90 0.895 0.933 0.962 0.952 0.971 0.971
0.95 0.895 0.933 0.962 0.952 0.971 0.971

1 2 3 4 5 6
0.89

0.9

0.91

0.92

0.93

0.94

0.95

0.96

0.97

Number of classifiers fused (Bayesian)

Ac
cu

ra
cy

Selection
No selection

Figure 9: Effect of classifiers selection (Bayesian method).

The results show that the fusion accuracy rate with the
selection process is higher than that of the no selection
process. Therefore, selection of classifiers is proposed as
a potential optimization process before the final decision
fusion.

4.3. Decision Fusion. After the six classifiers are sequen-
tially selected, the decision vectors of multiclassifiers are
fused using three fusion methods, namely, majority voting,
Bayesian belief, and multiagent method. In the multiagent
method, accordance criterion is a vital parameter. The larger
the value is configured, the longer computation time it takes
and the better accuracy rate it produces. In order to search
the optimization value, the value is traversed from 0.5 to 1
with a step size of 0.05 and the corresponding fusion results
are shown in Table 4. When the value is 0.7 and the number
of classifiers fused is 5, there is the optimization in the cost
of time and the accuracy. While the accordance criterion is

1 2 3 4 5 6
0.82

0.84

0.86

0.88

0.9

0.92

0.94

0.96

0.98

1

Number of classifiers fused

Ac
cu

ra
cy

Majority voting
Bayesian
Multiagent

Figure 10: Fusion performances of three algorithms for current
data.

gradually increased from 0.7 to 0.9, the fusion result is not
much improved.

The performance of the three fusion algorithms is com-
pared as shown in Figure 10. It can be seen that multiagent
method is better than Bayesian method when the number
of classifiers fused is more than 3. The maximum fusion
accuracy formultiagentmethod is 0.971, while it needs fusing
5 classifiers. While the maximum accuracy using Bayesian
method is 0.962, it only needs 3 classifiers. The minimum
accuracy for the two methods is 0.895. Compared with the
other two methods, the maximum and minimum fusion
accuracy for majority voting method are 0.904 and 0.838,
and it gives the worst fusion performance. The reason is
that multiagent and Bayesian methods involve soft dynamic
fusion, and majority voting is only a static fusion process.
Since multiagent method includes two-order correlation
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degree between the classifiers, it provides better performance
than Bayesian method.

5. Conclusions

In this paper, a decision system for bolted joint monitor-
ing is presented which consists of individual classification,
classifier selection, and decision fusion. The effectiveness
of the proposed methodology is tested with examples of
the large aviation aluminum plate structure. In the process,
classification accuracy considering the classifier selection is
superior to the oneswithout the step. To compare three fusion
methods, the multiagent method is the best since the method
not only considers the character of individual classifiers, but
also the information exchange between the classifiers. Deci-
sion fusion strategy can improve the classification accuracy
remarkable.

Based on the decision fusion framework, further studies
are required concentrating on the following three parts:

(1) investigating more joint failure modes including the
level of the bolt loosening and validating the effec-
tiveness of the presented method; more studies are
needed with complex structures to fully validate the
new method;

(2) comparing other different methods of classifier selec-
tion and evaluating these methods;

(3) studying deeply the relation among the individual
classifier, classifier selection, and fusion method.
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tion in bolted space structures,” Journal of Intelligent Material
Systems and Structures, vol. 21, no. 3, pp. 251–264, 2010.

[20] L. H. Yam, Y. J. Yan, L. Cheng, and J. S. Jiang, “Identification
of complex crack damage for honeycomb sandwich plate using
wavelet analysis and neural networks,” Smart Materials and
Structures, vol. 12, no. 5, pp. 661–671, 2003.



Shock and Vibration 11

[21] G. I. Lemoine, K. W. Love, and T. A. Anderson, “An electric
potential-based structural health monitoring technology using
neural network,” in Proceedings of the 4th International Work-
shop on Structural HealthMonitoring, F.-K. Chang, Ed., pp. 387–
395, DEStech Publications, Stanford, Calif, USA, 2003.

[22] C.-B. Yun and E. Y. Bahng, “Substructural identification using
neural networks,” Computers and Structures, vol. 77, no. 1, pp.
41–52, 2000.

[23] X. Zhao, C. Kwan, R. Xu et al., “Non-destructive inspection
of metal matrix composites using guided waves,” in Review of
Quantitative Nondestructive Evaluation, D. O. Thompson and
D. E. Chimenti, Eds., vol. 23, pp. 914–920, American Institute of
Physics, Melville, NY, USA, 2004.

[24] M. Petrakos, J. A. Benediktsson, and I. Kanellopoulos, “The
effect of classifier agreement on the accuracy of the combined
classifier in decision level fusion,” IEEE Transactions on Geo-
science and Remote Sensing, vol. 39, no. 11, pp. 2539–2546, 2001.

[25] D. Ruta and B. Gabrys, “Classifier selection formajority voting,”
Information Fusion, vol. 6, no. 1, pp. 63–81, 2005.

[26] W.-Y. Liu, Z.-H. Wu, and G. Pa, “An entropy-based diversity
measure for classifier combining and its application to face
classifier ensemble thinning,” Advances in Biometric Person
Authentication, vol. 3338, pp. 118–124, 2005.

[27] L. Xu, A. Krzyzak, and C. Y. Suen, “Methods of combining
multiple classifiers and their applications to handwriting recog-
nition,” IEEETransactions on Systems,Man andCybernetics, vol.
22, no. 3, pp. 418–435, 1992.

[28] R. Battiti and A. M. Colla, “Democracy in neural nets: voting
schemes for classification,” Neural Networks, vol. 7, no. 4, pp.
691–707, 1994.

[29] J.-B. Kou and C.-S. Zhang, “Multi-agent based classifier combi-
nation,” Chinese Journal of Computers, vol. 26, pp. 1–5, 2003.

[30] G. Niu, T. Han, B. S. Yang, and A. C. C. Tan, “Multi-agent
decision fusion for motor fault diagnosis,” Mechanical Systems
and Signal Processing, vol. 21, no. 3, pp. 1285–1299, 2007.

[31] W. Michael and N. R. Jennings, “Intelligent agents: theory and
practice,” Knowledge Engineering Review, vol. 10, pp. 115–152,
1995.

[32] B.-Q. Tao, Smart Materials and Structures, National Defense
Industry Press, Beijing, China, 1997.

[33] X. Zhao, S.-F. Yuan, H.-B. Zhou, H.-B. Sun, and L. Qiu, “An
evaluation on the multi-agent system based structural health
monitoring for large scale structures,” Expert Systems with
Applications, vol. 36, no. 3, pp. 4900–4914, 2009.

[34] L. Qiu and S.-F. Yuan, “On development of amulti-channel PZT
array scanning system and its evaluating application on UAV
wing box,” Sensors and Actuators A: Physical, vol. 151, no. 2, pp.
220–230, 2009.

[35] C. Cortes and V. Vapnik, “Support-vector networks,” Machine
Learning, vol. 20, no. 3, pp. 273–297, 1995.

[36] J. R. Quinlan, C4.5 Programs for Machine Learning, Morgan
Kaufmann, San Mateo, Calif, USA, 1992.

[37] S. Singh, J. Haddon, and M. Markou, “Nearest-neighbour
classifiers in natural scene analysis,” Pattern Recognition, vol. 34,
no. 8, pp. 1601–1612, 2001.

[38] A. Berger, “The improved iterative scaling algorithm: a gentle
introduction,” http://luthuli.cs.uiuc.edu/∼daf/courses/Optimi-
zation/Papers/berger-iis.pdf.

[39] Q. Y. Hong and S. Kwong, “A genetic classification method
for speaker recognition,” Engineering Applications of Artificial
Intelligence, vol. 18, no. 1, pp. 13–19, 2005.

[40] T. Villmann, F. Schleif, and B. Hammer, “Comparison of rele-
vance learning vector quantization with other metric adaptive
classification methods,”Neural Networks, vol. 19, no. 5, pp. 610–
622, 2006.



International Journal of

Aerospace
Engineering
Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Robotics
Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

 Active and Passive  
Electronic Components

Control Science
and Engineering

Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

 International Journal of

 Rotating
Machinery

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Hindawi Publishing Corporation 
http://www.hindawi.com

 Journal ofEngineering
Volume 2014

Submit your manuscripts at
http://www.hindawi.com

VLSI Design

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Shock and Vibration

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Civil Engineering
Advances in

Acoustics and Vibration
Advances in

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Electrical and Computer 
Engineering

Journal of

Advances in
OptoElectronics

Hindawi Publishing Corporation 
http://www.hindawi.com

Volume 2014

The Scientific 
World Journal
Hindawi Publishing Corporation 
http://www.hindawi.com Volume 2014

Sensors
Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Modelling & 
Simulation 
in Engineering
Hindawi Publishing Corporation 
http://www.hindawi.com Volume 2014

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Chemical Engineering
International Journal of  Antennas and

Propagation

International Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Navigation and 
 Observation

International Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Distributed
Sensor Networks

International Journal of


