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ABSTRACT 
 
Structures inevitably deteriorate during their service lives. Therefore, the methods capable of identifying and 
assessing various damages in a structure timely and accurately have drawn increasing attention. From a broader 
perspective, structural damage identification problem can be regarded as a pattern recognition problem by using 
sparse representation techniques. The unknown signal/feature from a damaged structure can be associated to a 
known type of signal/feature in a “dictionary”, leading to damage identification. From this new angle, an 
innovative damage identification scheme has been proposed by the authors. In this paper, two important 
techniques of this scheme are further discussed, namely the construction of dictionary and the choice of 
parameters. The numerical simulated soil-pipe system is used for verifying the performance of the proposed 
method. The results demonstrate that this damage identification scheme will be a promising tool for structural 
health monitoring.  
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INTRODUCTION  
 
During their service lives, all kinds of structures, including civil, mechanical and aerospace systems, inevitably 
deteriorate due to such factors as environmental loads (for example: earthquake, wind and flood), mechanical 
damages and structural aging effects (such as corrosion, deterioration, and fatigue). The damages caused by 
these factors, especially those inside the structure, are usually very difficult to be identified through traditional 
inspection techniques. Even with modern construction techniques and materials, unexpected structural failures 
happen frequently, as listed in Wikipedia, which often lead to catastrophic consequences. In order to prevent 
those disasters, structural health monitoring (SHM) has become a research hotspot for over 20 years (Sohn et al. 
2003). Currently, some countries have already proposed design standard or guideline for SHM system (CBBV 
2012; Daum 2013). 
 
SHM, as a complicated system, includes sensors, data transmission equipment and data interpretation modules. 
The core of data interpretation modules is the structural damage identification scheme. Because only when this 
scheme is reliable, the data acquired by sensors and transmitted to the computer are meaningful. Fortunately, 
structural damage identification problem can be regarded as a pattern recognition problem. As pointed out by 
Bishop (2006), the field of pattern recognition is concerned with the automatic discovery of regularities in data 
through the use of computer algorithms and with the use of these regularities to take actions such as classifying 
the data into different categories. This topic has been extensively studied in computer science. Numerous 
techniques have been developed and many demonstrated to be effective. Those techniques can also be applied to 
structural damage identification problem. For example, Genetic Algorithm (Hao and Xia 2002), wavelet 
transform (Kim and Melhem 2004), Hilbert-Huang transform (Yang et al. 2004), fuzzy set (Taha and Jucero 
2005), artificial neural network (Bakhary et al. 2007) and so on.  
 
The research towards a generalised damage identification scheme can be dated back to 14 years ago (Farrar et al. 
1999), when a statistical pattern recognition paradigm was proposed. Sohn et al. (2001) presented a study using 
two pattern recognition techniques based on time series analysis. The methods are successfully applied to fiber 
optic strain gauge data obtained from a surface-effect fast patrol boat by distinguishing data sets from different 
structural conditions. Gul and Catbas (2009) employed experimental data coming from different test structures 



and damage cases to examine a statistical pattern recognition approach for SHM and discussed its advantages 
and drawbacks.  
 
Although numerous methods have been proposed, there are still some fundamental challenges for damage 
identification, including sampling rate for sensing, the discerning between noise and damage, etc. Furthermore, 
most of the above studies are case sensitive. Therefore, a generalised scheme, capable of detecting, locating and 
quantifying damage reliably and quickly whilst being insensitive to changes in environmental and operating 
conditions, has yet to be achieved. 
 
By considering the development of pattern recognition algorithms, the concept of sparse representation plays an 
increasingly important role. Sparse representations are representations that account for most or all information 
of a signal with a linear combination of a small number of elementary signals in a signal dictionary. In 2001, 
Zibulevshky and Pearlmutter (2001) proposed sparse decomposition in a signal dictionary to solve blind source 
separation problem. At the same time, Chen et al (2001) proposed basis pursuit method for atomic 
decomposition in overcomplete dictionaries. Recently, Compressive Sensing (CS), a significant breakthrough in 
signal processing, has been developed to capture and represent compressible signals at a rate significantly below 
the Nyquist rate (Candes et al. 2006; Donoho 2006; Eldar and Kutyiok 2012). CS theory relies on two principles: 
sparsity, which has been studied for some time, and incoherence, which pertains to the sensing modality. A 
successful application in pattern recognition field is proposed by Yang et al. (2007) and then improved in 
Wright et al. (2009). A robust face recognition algorithm is constructed from the perspective of sparse 
representation. Unlike the conventional CS applications that target on the sparse signal reconstruction via basis 
pursuit, Yang et al. (2007) defined the basis as the prior knowledge of the training database and transferred the 
face recognition problem into seeking the sparse coefficient/representation of the specific basis using l1 
optimisation tool. 
 
Inspired by the above findings, the authors initiated a study towards application of this technique to structural 
engineering from 2010. Wang and Hao (2010) presented a concise introduction of CS theory and proposed 
several potential applications to structural engineering. By using the experimental measurement results, the 
study demonstrated that the reconstruction results by CS are very good, even if the vibration data are not 
mathematically sparse. Wang and Hao (2013) proposed an innovative damage identification scheme based on 
sparse representation and l1 optimisation. Both the simulated complex pipe-soil interaction model and the 
experimental vibration time histories demonstrated that the performances of the proposed method are promising 
in damage detection of civil infrastructure.  
 
In this study, the methodology of this generalised damage identification scheme is reviewed. Then, the same 
simulated pipe-soil interaction model is used to demonstrate the performances of this scheme, based on a 
dictionary corrupted with noise. The construction of a dictionary for practical uses is also suggested. Finally, the 
determination of q value (the number of random matrices) is discussed. The results showed that the proposed 
method has the potential to become a reliable and fast generalised damage identification scheme. 
 
METHODOLOGY 
 

Overview 
 
The mathematical background underlying CS can be found in existing references (Candes 2006; Eldar and 
Kutyiok 2012). Wang and Hao (2013) discussed its application in structural damage identification scheme using 
experimental data. Based on this scheme, the damage identification problem is transformed to an equivalent 
pattern classification problem, following the idea proposed by Yang et al. (2007). An important assumption is 
that when a new signal associated with unknown damage pattern is given, we should find the closest pattern 
from the given “dictionary” (or feature matrix in Wang and Hao (2013)). Thus, the damage pattern of the new 
signal will be classified to the pattern provided by the given data, which leads to damage identification. A few 
features of this innovative scheme enable it to be widely applied and thus be regarded as a generalised scheme. 
First, the data can be from any sources, i.e., vibration time history, wave propagation data. Second, the pattern 
classification can be defined by the users, i.e. based on damage type, location or severity. In the following, the 
development of this scheme will be introduced. 
 
Problem Formulation via Sparse Representation 
 
We assume that there are totally n signals with m damage patterns used as training data (time domain structural 
dynamic responses), provided that the experimental conditions are the same. Then, nj vectors are the features of 



the training data associated with damage pattern j. In this study, the features are calculated by transforming the 
time domain training data to the frequency domain through Fast Fourier Transform (FFT).  
 
For all the n signals ( mnnn +⋅⋅⋅+= 1 ), the feature dictionary can be represented as: 

     ],...,,,...,,[ ,1,2,12,11,1 1 mnmn vvvvvA =                       (1) 

 
An important assumption is that the feature v of any new signal associated with damage j can be represented as 
a linear superposition of the training data associated with the same damage: 
      

mm nmnmjjjj ,,2,2,1,1, vvvv ααα +⋅⋅⋅++=                      (2) 

where jlj nl ,...,1,, =α   are representation scalars for identifying damage. Then, v, the feature of the new signal 

with damage pattern j, can be represented in terms of dictionary as 
      Azv =                         (3) 

where T
njjj j

]0,...,0,,...,,,...,0,...,0[ ,2,1, ααα=z  is a coefficient vector whose entries are mostly zero except those 

associated with damage pattern j. Thus, z is mathematically sparse. The meaning of v and z are the feature of the 
new signal and the coefficient vector, respectively. The damage identification problem is thus transformed into 
the problem to find the sparsest z associated with damage pattern j for the new signal feature v.  
 
It should be noted that in this study, the new feature vector is expressed as linear superposition of the dictionary 
A, as shown in Eq. (2). This relationship has been demonstrated suitable for structural damage identification in 
Wang and Hao (2013). More complex relationships may perform better, while they will not be the contribution 
of this paper. 
 
Problem Solution using l1 Optimization 
 
It is worth noting that the formulated problem (Eq. (3)) can be classified into three categories, m = n, m < n or m > 
n. When m = n, the solution is unique if A is of full rank matrix. If it is over-determined (m > n), the problem is 
traditionally solved by solving l2 optimization problem (Candes et al. 2006). Unfortunately, in the presence of 
data noise (which is unavoidable in civil engineering practices), such solution may not be perfectly found 
(Wright et al. 2009). As for under-determined case (m < n), theoretically there would be many solutions and we 
need to find the sparsest solution for pattern recognition purposes. In this paper, the general cases are considered, 
where a solution should work on all the above cases. This can be achieved by using l1 optimization based on CS 
theory.  
 

First, a random projection matrix  md×∈Φ R  (which satisfies the restricted isometry property (RIP) and 
incoherence conditions) can be applied to both sides of Eq. (3): 

      zAAzvv
~~ =Φ=Φ=                       (4) 

 
Then, based on CS theory, the optimum z can be found by solving the following problem:  

     ε≤−=
2

1

~~minarg zAvs.t.zz                          (5) 

where ε  indicate the error tolerance and 
1

⋅  is the l1-norm. It should be noted that there are many algorithms to 

solve Eq. (5). For example, the widely applied l1-MAGIC optimization method (Candes and Romberg, 2005) is 
adopted in Wang and Hao (2013). The default value of ε , 1 × 10 , is taken. 
 
In fact, by multiplying both sides of Eq. (3) by the random projection matrix Φ , the damage classification 
problem is transformed into a CS problem. The introduction of the random matrix will not only lead to the 
robustness of the algorithm, but also improve the computation efficiency. If the linear system in Eq. (3) is over-
determined, the introduction of random matrix will reduce the data dimension and thus increase the computation 
efficiency. If the system is under-determined, the introduction of random matrix will increase the data 
dimension and thus provide sparsest solution. 
 

Ideally, the nonzero entries in the estimated vector z will be associated with the columns in A
~

 from a single 
damage pattern. In this case, we can easily assign the new signal v to that damage. However, due to such factors 
as noise, the nonzero entries may be associated with multiple damages. The classification method proposed by 
Yang et al (2007) is adopted in this paper. For each damage pattern j, define that )(zjδ  is a vector whose only 



nonzero entries are the entries in z that are associated with damage j, and whose entries associated with all other 
subjects are zero. Then, 

                 
2

)(
~~)(),( zAvzzminarg)identity(z jjj

j
rwherer δ−==                  (6) 

 
Here, identity of z represents the identified damage class. 
 
Damage Identification Scheme 
 
Based on the above discussions, a generalised damage identification algorithm can be proposed as follows: 

Algorithm 1 
1. Input: the dictionary A for m damage patterns based on training data, the feature vector v of a new signal, 
and an error tolerance ε  

2. Generate q random projection matrices 1Φ ,…, qΦ . 
for all p=1,…,q 

3. Compute features vv pΦ=~  and AA pΦ=
~

, and normalize the results 
4. Solve optimization problem  (Eq. (5)) via l1 optimisation 

5. Compute 
2

)(
~~)( zAvz j

p
jr δ−= , for mj ,...,1=  

end for 

6. For each damage pattern j, },...,mean{ q
jjj rrrE 1)( =  

7. Output: )( j
j

rEminarg)identity(z = . 

 
In order for damage identification, dictionary A needs to be constructed and damage patterns be defined first. In 
practice, there are infinite possible damage patterns, while this study classifies them in three levels. The first 
level is damage type. For example, a RC beam may have crack damage, debonding damage, and corrosion 
damage, etc, and combinations of these damages. The effects of different damage types on structural responses 
will be different. In the second level, for each damage type, damage location becomes another classification 
factor. In the third level, for a specific damage type and a determined damage location, damage severity can be 
regarded as the last classification factor. This arrangement accords to Rytter’s damage identification hierarchy 
(Rytter 1993), where the first three levels for damage identification are damage detection, damage location and 
damage assessment, respectively. The damage identification scheme can be proposed as shown in the following. 
The Algorithm 1 will be used repeatedly in the following three steps. In the first step, m1 damage types will be 
classified. In the second step, m2 damage locations can be identified. In the last step, m3 damage severities will 
be determined. By using the proposed method, damage information in different levels can be acquired orderly. 
 

Algorithm 2: Damage identification scheme 
Input: the dictionary A based on all the training data, a feature vector v from a new signal 
Step 1 

a. A is classified as m1 damage patterns based on damage types 
b. Perform Algorithm 1 
c. Output: the identified damage type for v 

Step 2 
a. A is classified as m2 damage patterns based on damage locations 
b. Perform Algorithm 1 
c. Output: the identified damage location for v 

Step 3 
a. A is classified as m3 damage patterns based on damage severities 
b. Perform Algorithm 1  
c. Output: the identified damage severity for v 

 
It should be noted that the performance of the proposed method depends on construction of dictionary and 
damage patterns. Based on the former studies (Yang et al., 2007), theoretically, the more features in the data 
training process, the better identification results. Since experimental data are always limited in practice, in order 
to fulfil this requirement, numerically simulated data will be used to construct the dictionary in this paper. 
Although there are discrepancies between numerical and experimental results, the responses of a high-quality 
numerical model should indicate similar changes as those of the real structure due to damage, which has already 



been demonstrated in Wang and Hao (2013). How to use numerical model to construct a feature dictionary will 
be further discussed in this paper. 
 
In Algorithm 1, l1 optimization method should be stable when random matrix is applied. However, based on the 
preliminary computed results, the success rate to find optimal solution (correct damage location and severity) is 
only about 60-80%. Therefore, in this scheme, q random matrices are generated and the averaged result is used. 
This will largely improve the computation results, as shown in Wang and Hao (2013), where q is taken as 100. 
In order to get the balance of performance and computation duration, the determination of q value will be 
discussed as well.  
 
RESULTS AND DISCUSSIONS 
 

Dictionary with Different Noise Levels 
 
In Wang and Hao (2013), two case studies on a complex pipe-soil model were presented, including pipe 
degradation damage and free-spanning damage. Vibration responses of the pipe-soil system in the impact 
hammer test were simulated with commercial software ANSYS. As shown in Figure 1, the steel pipe is 
modelled as a beam and the soil under the pipe is simulated as distributed springs. The pipe is divided into 16 
parts and a total of 16 springs under each part are considered. The concrete blocks at two ends of the pipe are 
simulated as two rotational springs. The detailed geometrical and material properties of this structure can be 
found in Wang et al. (2010).  
 

 
Figure 1. Simplified pipe-soil interaction finite element model (Wang and Hao 2013) 

 
In Wang and Hao (2013), a basic dictionary A (feature matrix without noise) was constructed. In calculations, 
each time domain numerical simulation result under various conditions is transformed into the frequency 
domain through FFT first. Then, based on the damage patterns defined in subsection of damage identification 
scheme, the frequency domain results are classified to construct the dictionary A. Since discrepancy between the 
numerical model and real structure inevitably exists, a more practical scenario should be considered. Therefore, 
in this study, the dictionary itself is assumed to be corrupted with noise of different levels. Two circumstances 
are considered. First, test signal is not corrupted with noise while dictionary with noise. Second, both dictionary 
and test signal are corrupted with noise of the same level. 
 
Pipe degradation damage is considered. Damage severity  is defined as the pipe stiffness ratio after and before 
damage, and damage location Lp is the number of damaged pipe element. As shown in Figure 1, the pipe 
includes 16 segments, so m2=16. The degradation damage is considered to vary from 0.1 (90% damage) to 0.9 
(10% damage). The increment is taken as 0.1, and thus m3=9. The damage assessment will thus be within the 
precision of 10%. Totally, there are 144 damage cases. Numerical simulations are performed for these cases as 
well as the intact structure case. Therefore, the dictionary A includes 145 structural responses, related to 144 
damage cases and 1 intact case. The testing signals are randomly selected as = 13; = 0.42  for pipe 
degradation damage and the correct identification result is = 13; = 0.4. Under each noise level up to 50%, 
100 repeated numerical experiments in each scenario have been conducted. In each numerical experiment, the 
damage identification scheme is used to identify damage location and damage severity based on dictionary A 
and test signal. The correct rate is defined as the number of correctly identification results ( = 13; = 0.4) 
out of 100, shown in Table 1.  
 
  



Table 1. Algorithm performances under dictionary with noise 

Noise level 
(%) 

Dictionary with noise  Both with noise 
Correct rate (%) 
Damage location 

Correct rate (%)
Damage severity

Correct rate (%)
Damage location

Correct rate (%) 
Damage severity 

0 57 57   
1 100 100 100 100 
5 100 100 100 100 

10 100 100 100 100 
20 100 100 100 100 
30 100 100 100 100 
40 100 100 79 97 
50 100 100 81 95 

 
The most interesting finding is when there is no noise for the dictionary, the correct identification rate is actually 
very low (57%). This result seems unreasonable, since the performances of a “perfect”/“exact” dictionary are 
worse than those with noise. However, the test signal used in this study is not exactly the same as any existing 
signal in the dictionary. The difference between them may be exaggerated by using the “perfect” dictionary. On 
the contrary, when noise is introduced, the results are more tolerant. Another main finding is that up to 50% 
noise on dictionary and up to 30% noise on both dictionary and the test signal, the identification results are 
stable and reliable. Of course, these values will change in other circumstances, i.e. for soil spring damage cases. 
However, the results clearly demonstrate that the proposed scheme is very promising to become a reliable and 
fast damage identification tool. 
 
In Wang and Hao (2013) and this study, numerically simulated results are used to construct the dictionary. In 
practice, the dictionary can come from data of simulated model and/or an on-site SHM system. The actual data 
inevitably include noise, which in fact might improve the identification results, as shown above. Further, there 
will be many data associated to one structural condition. This will lead to an over-complete dictionary, which is 
aligned with original sparse representation applications. For those structural conditions without actual data, the 
simulations may be necessary. In this case, noise of a low level, such as 1%, can be added to the “exact” 
simulated results. Thus, the “exact” simulated data can generate an infinite number of data with noise. An over-
complete dictionary can then be constructed. It will not only lead to the implementation of this innovative 
scheme, but also improve its identification results. 
 
Determination of q Value 
 
As pointed out by Wang and Hao (2013), one of the most obvious advantages of the proposed scheme is its 
computational efficiency. After constructing the dictionary, the algorithm does not require to calculate the 
structural responses in iteration. Therefore it is more suitable for continuous online structural monitoring than 
the existing methods.  
 
One of the most important values that affect computational efficiency is the q value, which determines how 
many optimisation iterations. In Wang and Hao (2013), this value is taken as 100. In order to increase the 
computational efficiency by decreasing q value, extensive numerical simulation works are carried out in this 
paper. The testing signal is randomly selected as = 6; = 0.52, namely pipe degradation damage. Both 
dictionary and the test signal corrupted with 30% noise are used for demonstration. The correct identified results 
should be = 6; = 0.5. With each different q value, 100 repeated numerical experiments are performed. The 
correct identification rates are shown in Table 2. As can be seen, when q increases, false and wrong 
identification results occur less. When q is equal to or larger than 30, the damage identification results are stable 
and reliable. Considering unexpected circumstances, the q value is then suggested to be 50. This will save nearly 
50% of computation time, compared with the original algorithm. 
 

Table 2. Determination of q value 

q 
Correct rate (%)
Damage location

Correct rate (%)
Damage severity

1 95 89 
10 99 97 
20 99 98 
30 100 100 



CONCLUSIONS 
 
This paper reviews a newly proposed damage identification scheme based on sparse representation. The 
unknown signal/feature from a damaged structure is associated to a known type of signal/feature in a 
“dictionary”, leading to damage identification. In order to further demonstrate the performance of the proposed 
scheme, the dictionaries corrupted with different noise levels are used for damage identification. Further, the 
parametric studies on the q value are conducted to improve the algorithm efficiency. Based on the numerical 
results, the following points can be found: 
1. Even when dictionary and the test signal are corrupted with noise up to 30%, the identification results are 

still stable and reliable.  
2. The data from online structural health monitoring can be easily used as the signal dictionary. 
3. The q value is determined to be 50, and thus the computational efficiency of the proposed scheme is further 

increased. 
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