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Abstract 

 

In this project, for the problem of reliable damage assessment in large-scale aeronautical 

structural health monitoring system, combining compressive sampling with multi-agent 

method, we study that the sparse representation of damage information, aiming at 

improving the system's data processing capabilities, collaboration capabilities and 

dynamic adaptability for the reliably and effectively damage assessment in real time by 

effectively coordinating and managing assessment methods in large aeronautical 

structures. Hence, a multi-agent decision fusion method based on sparse dynamic 

classifiers selection for large-scale aeronautical structures is proposed to reduce the 

environment uncertainties on multi-sensor damage features and to improve the 

identification efficiency of damage classification systems. According to the sparse 

representation theory of compressed sampling, the relationship between damaged 

sample features and the environment dynamic changes is studied through the sparse 

representation of the training samples set and the testing samples. With the obtained 

corresponding relationship between each sparse atom and each classifier group set, the 

optimal classifier combination is selected in real-time from the idle classifier agents. It 

can dynamically limit the number of classifier agents of contract net bidding and 

improve the system's dynamic adaptability. It can also ensure the fusion accuracy of 

multi-damage classification system and the real-time performance relative to static 

classifier selection. The above research is of great practical significance to promote the 

real practicality of structural health monitoring technology in the engineering field. 

 

 

1.  Introduction 
 

Bolted joint is widely used in mechanical and architectural structures, such as machine 

tools, industrial robots, transport machines, power plants, aviation stiffened plate, 

bridges, and steel towers and so on. 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 non-destructive 

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 being recently focused on by many researchers since the new 
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inspection approach utilizes advanced sensor and actuator devices being integrated 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 [3-12]. 

Recently, the development of artificial intelligence techniques has led to their 

application in the structure health monitoring. Some methods, such as artificial neural 

networks, support vector machines, and so on, have been employed to estimate the 

structure damage [13, 14]. It is capable of modeling extremely complex nonlinear 

relationships between known structure damage and structure output response. However, 

for environment uncertainties, a decision fusion method can only acquire a limited 

recognition capability for special data. Therefore, a multi-agent decision fusion method 

based on sparse dynamic classifiers selection is introduced to combine compressive 

sampling with multi-agent method, aiming at improving the system's data processing 

capabilities, collaboration capabilities and dynamic adaptability for the reliably and 

effectively damage assessment in real time. 

The paper proposes a multi-agent decision fusion method based on sparse dynamic 

classifiers selection for large-scale aeronautical structures. The rest of this paper is 

structured in the following manner. Section 2 introduces the background knowledge of 

compressed sampling, sparse dynamic classifier selection, and decision fusion. Section 

3 gives experimental results and discussion for large aviation aluminum plate structure. 

Finally, Section 4 concludes the paper. 

 

2.  Theory 
This section covers a brief introduction of decision fusion method, which consists of the 

compressive sampling theory, sparse dynamic classifier selection and multi-agent fusion 

method. 

 

2.1 Compressive Sampling 

 

The core idea of compressive sampling theory: if the original signal is sparse or it can 

be expressed as sparse in some transform domain, so the original signal can be observed 

through measurement matrix at the rate which is far lower than the required rate of the 

Nyquist sampling theorem. And signal value whose number is more was projected to 

the low-dimensional matrix to get the measured value whose number is far less than the 

one of original data. Then the appropriate reconstruction algorithm was taken for those 

measured value to accurately reconstruct and finally get the original signal. The essence 

of compressive sampling is to sample directly compressed data. 

The process of compressive sampling theory’s application mainly includes three parts as 

follows[15]. 

 

2.1.1  Sparse representation of signal 

 

Supposing that the original signal ( )x t  is a column vector composed of one dimensional 

discrete signal, then the original signal can be represented as follows:  

=Ψx α                                                      (1) 

whereα is a vector of  weight coefficient and Ψ  is the basis matrix. Ifα only 

owns K non-zero (or the absolute value is larger) coefficients, while other N K−  

coefficients  are zero (or the absolute value is very small). So x  is called K-sparse. 
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WhenK N<< , x  is called that it possesses the character of sparsity and can be 

compressed. 

 

2.1.2  Measurement matrix 

 

Supposing that the length of K-sparse discrete  signal x  is N , then that needs to 

construct a M N×  order matrix Φ  as measurement matrix (K M N< < ). So the inner 

product value y of measurement matrix Φ  and discrete signal x  is the measurement 

value. And according to the equation (1), y can be written as follows:  

= = =Φ ΦΨ Θy x α α                                             (2) 

Thus the sampling number of signal is M (the length of y )that is far less than the 

length N of the original signal x . 

 

2.1.3 Signal reconstruction algorithm 

 

The process of the signal reconstruction is the process of solving an underdetermined 

system of equations. Therefore, according to the principle of the equation (2), y  was 

used to solve x . In addition, the length of y  is M  and the length of x  is N  (M N≤ ). 

The solving essence of the  underdetermined equation is the solving problem of the 

minimum 
0
l  norm. 

1
argmin . . =Φx s t y x                                          (3) 

In fact, it is a problem of NP-Hard (Non-Convex Optimization Program). Therefore, the 

process of signal reconstruction is turned into an optimization problem of the minimum 

1
l  norm. 

 

2.2 Sparse dynamic classifier selection 

 

For the multi-sensor damage feature samples with the signal processing, the relationship 

between the damage features and the dynamic uncertainties of the outside world is 

studied through the selection of the training classifier set, the sparsification of the 

training damage feature sample set, and the sparse representation of the test damage 

features. The space-time correlation between the features of the test will be used to 

sparsely extract the classifiers of the training samples corresponding to the sparse items 

on the overcomplete dictionary set formed by the training samples so as to reduce the 

influence of uncertainties and achieve the selection of sparse dynamic classifiers. The 

processes are as follows: 

Firstly, from a multi-sensor acquisition of health signals and feature samples with 

complete failure and partial failure of each fastener, a certain number of training feature 

sample sets are collected. 

Then, base classifier selection is performed according to the classifier's own 

characteristics and diversity. The classifier group is selected. For instance, SVM 

classifier, BP neural network classifier, k-nearest neighbor classifier, Gaussian mixture 

model GMM classifier, and improved iterative proportional IIS classifier are mainly 

used. On the base, a representative base classifier group is selected by Bagging method 

to get the initial classifier group system { 1,2,..., }
i

E C i n= = , wehre n is the number of 

classifiers, that is, the classifier body group system. 
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Moreover, according to the damage pattern class, some samples from each type of 

training sample is selected as the initial dictionary , 1,2,...,
i
D i n= , n is the sample class 

number. The K-SVD method is used for sparse representation and dictionary updating 

to obtain all synthetic dictionaries 
1 2

[ , ,..., ]
n

D D D D= . Next, the sample set with k 

neighbors of each atom in the training set is used to test the initial classifier set system 

and the selection is achieved. The classifier with a rate of 0.5 is used as the classifier 

corresponding , 1,2,...,
i
E E i m⊂ = of the atom, and m is the number of atoms. The 

above two steps are used to reduce the influence of factors on the mean squared error of 

the damage feature. 

Finally, the test signals of multi sensor are featured. The corresponding sample y is 

sparsely represented as y Dx= by the OMP in the synthesis dictionary. The 

corresponding atom with the largest median value in its non-zero position is used, 

ignoring other smaller non-zero values caused by external uncertainties. A 

corresponding classifier integration system 
x
E

 
is obtained, and dynamic classification 

selection is performed to obtain a classifier group suitable for the current test sample. 

The flowchart of the method is shown in Fig. 1. 
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Figure 1. Sparse dynamic classifier selection 

 

2.3  Multi-agent decision fusion 

 

In the multi-agent fusion method, 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 is made. Hence, Bayesian belief 

method and majority voting are integrated creatively in the method. It considers a 

behaviour of population decision. The flowchart of multi-agent method is shown in Fig. 

2. 
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Firstly, a sample set U consists of 
1
U , 

2
U  and 

3
U . 

1
U  is the training set of each 

classifier for obtaining the parameter of the classifier. 
2

U  is the test set of each 

classifier, and is also the training set of the fusion method for acquiring the parameter of 

the fusion method. 
3

U  is the test set of the fusion method. 

Confusion matrix

Majority voting

Belief matrix

Co-decision matrix

Initial vote rate Vote rate>Threshold

Create new vote rate

Create label decision 

vector

Normalization

Modify belief matrix

Input sample x

No

Label i

Yes

 
Figure 2. Flowchart of multi-agent decision fusion algorithm 

Confusion matrix ( )k
N  is firstly created on basis of Bayesian belief method. ( )k

N  is 

regarded as the prior knowledge of each classifier agent. It can be calculated easily for 

test samples of 
1
U  based on the trained classifier agent for 

2
U . 

Secondly, a five-dimensional co-decision matrix 
1 2 1 2, , , ,

[ ]j j i k k M M M K Kd
× × × ×

=D is required as 

the training parameter. It stands for decision correlation between any two classifier 

agents, and its element is calculated by Eq. (4). 

1 2 1 2 1 2, , , , 1 2( | ( ) , ( ) )j j i k k k kd P x i e x j e x j= ∈ = = =

⋅

A

B C
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where i is the expected class of input sample x; 
1
j  and 

2
j is respectively the decision of classifier 

1
k
e  and 

2
k
e  where 

1 2
k k≠ ; set A,B,C are defined as 

1 21 2{ | , ( ) , ( ) , }k kx x i e x j e x j x= ∈ = = ∀ ∈
2

A U , 

1 1{ | , ( ) , }kx x i e x j x= ∈ = ∀ ∈
2

B U , 

2 2{ | , ( ) , }kx x i e x j x= ∈ = ∀ ∈
2

C U . 

The element 
1 2 1 2, , , ,j j i k kd in the matrix shows the probability of the sample x of the class i assigned as 

1
j  class by classifier 

1
k
e and classified as 

2
j  by classifier

2
k
e . | |⋅ denotes the cardinal number of set. 

After obtaining the confusion matrix and co-decision matrix, the initial belief matrix xB( )for input 

sample x can be calculated. xB( ) is regarded as the initial belief probability of each classifier agent 

for test samples of 
3

U . Each raw in the belief matrix is corresponding to  each classifier agent’s 

belief probability of different column class for the input sample x. If the class of the maximum 

probability in the kth raw 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 
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other and modify the original belief degrees itself using the co-decision matrix. The 

repeating modification scheme is represented as the following Eq. (5). 

, , , ,

1,

( ) ( ) (1/ ) ( ) ( )
n n n

n n

K

ki ki j j i k k ki k i

k k k

b x b x K d b x b x
= ≠

= + ⋅ ⋅∑           5  

where ( )
ki
b x  is the element of Bayesian belief matrix xB( ) , and represents belief 

probability of classifier k for the sample x belonging to class i; K is the number of total 

fusion classifiers; and 
, , , ,n nj j i k kd is the weight of information exchange between kth 

classifier and 
n
k th classifier. The correction term of the right formula means the 

information summation of classifier k interacting with other each classifier 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 multi-agent 

classifiers use a majority voting method to give out the output of fusion decision. 

 

3.  Experiment and analysis 
 

3.1 Experiment setup 
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Figure 3. Aerospace structure 

An aluminum stiffened plate is used as an experimental object. As shown in Fig. 3, 

screws of the stiffened plate along the dashed line frame are fixed on the rigid frame at 

all sides. The distance between the screws is 50 mm at the lower edge and the rest 100 

mm. The “T”-type ribs are connected to the aluminum plate by screws, and the screws 

are symmetrically distributed on both sides of the ribs. By applying a static load 

perpendicular to the aluminum plate as shown in Fig. 3, the structural health monitoring 

is performed for the eight screw regions in the middle of the stiffened aluminum plate, 

namely the screws 1, 2, 3, 4, 5, 6, 7, 8 in the figure. The area will be damaged, where 

screw 4 is located at the center of the aluminum plate. According to the degree and 

position of the failure of the rib connection, it is divided into 21 failure modes and a 

healthy mode (where the screws are symmetrically paired and removed): A pair of 
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screws is removed, ie, a degree I condition occurs. 1,2,3,4,5,6,7 or 8 possible; two pairs 

of screws removed, ie degree II, may occur at position 1, 2, 3, 4, 5, 6 or 7 The position 

is determined by the position of the first pair of screws in the failure zone; similarly, the 

three pairs of screws removal, that is, the degree III condition, may occur at positions 1, 

2, 3, 4, 5, or 6.  

Since the purpose of the experiment was to monitor the position and number of screws 

removed between stiffeners and aluminum plates, Fiber Bragg Grating (FBG) sensors 

were placed near the screws in the structural joint failure monitoring area. A total of 

three Bragg gratings are arranged, which are arranged in the middle of two adjacent 

screws. Among them, FBG1 and FBG2 are placed under the ribs, and FBG3 is placed 

above the ribs, as shown in Fig. 3. 

 

3.2 Data and feature 

 

To assess the health of the system, the strain changes near the screw removal area are 

monitored by measuring the center wavelengths of the three Fiber Bragg Grating 

Sensors (FBGs). The main concern is the steady variation in the center wavelength, that 

is, the mean value of the signal before and after loading. The difference, as a feature 

parameter, constitutes a three-dimensional feature vector. A total of 22 kinds of 

connection failure modes (including health modes) are loaded with 180N, 190N, 200N, 

210N, and 220N static loads, and the wavelength of each FBG sensor in each mode was 

collected 5 times as a training test sample set, numbered 180, 190, 200, 210, 220, 

respectively, each sample set contains 110 samples. For each mode of the structure, a 

total of 25 samples are obtained, of which 10 samples are used to train a single classifier 

parameter, 10 are used to train multiple classifier body fusion algorithm parameters, and 

5 are used to test the performance of the fusion algorithm. 

 

3.3 Classifier description 

 

Five pattern classification methods are utilized to identify the loosening bolt. The 

utilized classifier 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. 

Kernel function is a key parameter for SVM, which includes linear, polynomial, 

Gaussian RBF and sigmoid.  

(2) BP (back propagation) neural network: It is a concept proposed by scientists headed 

by Rumelhart and McClelland in 1986. It is a multi-layer feed-forward neural network 

trained according to the error reverse propagation algorithm and is the most widely used 

neural network at present. 

(3) k nearest neighbor (k-NN): The classifier is very simple and effective. The k nearest 

neighbors of the unidentified test pattern is searched within a hyper-sphere of 

predefined radius in order to determine 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 parameters for the conditional exponential model. Its underlying idea is: 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 
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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. The linear combination of Gaussian functions is capable of representing a 

large class of the sample distribution. In principle, it is a compromise between the 

performance and the complexity. Gaussian mixture has remarkable capability to model 

the irregular data. 

 

3.4 Selection of classifiers 

 

Based on the individual classification decisions acquired in the first step, the spare 

dynamic classifier selection method introduced in Section 2.2. It is used for less number 

selection of classifier in five classifiers. The optimized selected results for different 

numbers of classifiers and the fusion accuracy are shown in Table 1. The results show 

the fusion accuracy rate with the less selection classifier group is higher than that of the 

one with more classifiers. Therefore, selection of classifiers is proposed as a potential 

optimization process before the final decision fusion. 

 
Table 1. Atom k-NN sample set dynamic classifier selection 

Atom GMM BP knn SVM IIS Classifier 

Number 

Fusion 

Accuracy 

1 √ √ √ √ √ 5 1.000 

2 √ √ √ √ √ 5 1.000 

9  √ √   2 0.6777 

10  √ √   2 1.000 

17 √ √ √   3 1.000 

18 √ √ √   3 1.000 

70 √  √   2 0.6777 

95   √   1 1.000 

 

3.5 Decision fusion 

 

After the classifiers are selected, for different fused classifier group, multi- classifiers 

are fused using multi agent methods. In the multi-agent method, accordance criterion is 

a vital parameter. Multi-agent fusion result based on sparse dynamic classifier selection 

are shown in Table 2. In Fig 4. the results show the accuracy of the single classifier and 

the proposed dynamic fusion method, and the fusion rate with the less selection 

classifier group is higher than that of the one with more classifiers. Therefore, dynamic 

selection of classifiers is proposed as a potential optimization process before the final 

decision fusion. 
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Figure 4. Single classifier accuracy and multi-agent fusion 

Table 2. Multi-agent fusion result based on sparse dynamic classifier selection 

 

 

 

4.  Conclusions 
 

In this project, a multi-agent decision fusion method based on sparse dynamic classifiers 

selection for large-scale aeronautical structures is proposed to reduce the environment 

uncertainties on multi-sensor damage features and to improve the identification 

efficiency of damage classification systems. The above research is of great practical 

significance to promote the real practicality of structural health monitoring technology 

in the engineering field. 
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