
1 INSTRUCTIONS 
Structural damage diagnosis is of great importance 
for ensuring the safety of civil infrastructures (Li et 
al. 2002). And it has been an active area in the struc-
tural health monitoring. The multi-story and high-
rise frame structures are the main structural types of 
public buildings. Accordingly, it is of practical 
significance to study the damage diagnosis problem 
of them. 

In recent years, wavelet transform as a signal 
processing method has gradually absorbed the inter-
est of researchers in many fields. The transformation 
can show the local character of the signal in both 
time and frequency domain. Since the analysis based 
on the wavelet can process the temporal signal in 
time/frequency domain in any detail by using an ad-
justed window location and size, it can display the 
panorama and the details of the signal and remain 
the instant characters of the data. The wavelet analy-
sis is capable of revealing the phenomenon of data 
that other signal analysis techniques miss, aspects 
like trends, breakdown points, discontinuities in 
higher derivatives, and self-similarity. In the field of 
structural damage evaluation, some linear joints be-
come nonlinear after the damage happened, leading 
to the change of structural natural frequency and ri-
gidity, that is to say, it can further change the struc-
tural dynamic response. The dynamic features of the 

nonlinear system, such as high-order harmonious 
wave, subordinate harmonious wave and chaos, are 
determined by the wavelet analysis to the structural 
response of time and frequency domain before and 
after damage. For the damage characteristics of the 
time domain response, signals are more obvious af-
ter being transformed by the wavelet (Chen et al. 
2002). Thereby, the wavelet analysis is very appli-
cable for identifying the micro difference between 
the normal and abnormal signals. Nowadays, there 
are many researchers engaging in the study of the 
damage diagnostic methods using wavelet analysis 
(Sone et al.1995; Carbin et al. 2000; Hou et al.2001; 
Sun et al. 2002 & Li et al. 2003). 

Artificial Neural Network (ANN) is an intelligent 
algorithm, very appropriate for the nonlinear mode 
identification and classification because it has strong 
ability of nonlinear mapping. It can identify the 
modes by filtrating the noise or with the noise. Ac-
cording to the structural response in different states, 
the parameters sensitive to the damage are selected 
as the inputs of the ANN through the feature extrac-
tion, and the structural damage states as the outputs 
and the sample set for training is constructed. Then, 
the samples are input to the ANN to find the map-
ping relations between input parameters and the 
damage states. The ANN after being trained has the 
modal classification ability. Thus, the practically 
measured dynamic parameters are put into the ANN 
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ABSTRACT: Remarkable progress has been made in structural health monitoring (SHM) and non-destructive 
evaluation (NDE) over the last decade. Successful lab demonstrations have led to deployments of integrated 
SHM/NDE systems in a variety of applications from civil infrastructure to transportation systems to defense-
related assets (e.g. earthquakes, winds and wheeled tracks). In spite of this progress, there are still challenges 
to address in SHM/NDE. Among these challenges is the need for more rationally analytical methods for dam-
age diagnosis and prognosis that can be used for buildings and bridges as NDE and SHM. This paper presents 
an approach to structural damage diagnosis by using wavelet packet analysis and improved back propagation 
(BP) neural network based on “energy-damage” theory. Wavelet packet analysis has the ability to clearly re-
flect the damage characteristics of the time domain response signals through wavelet transforms. Using the 
node energy in different frequency bands as samples for the artificial neural network (ANN) effective extracts 
the damage features. As a numerical example, the benchmark structure given by the ASCE is used to illustrate 
the proposed process of the damage diagnosis and satisfactory results have been achieved.  



to get the damage state information. Although the 
period of training process is relatively long, the 
identification time is short enough in practical appli-
cations once the training has been finished. There-
fore, the ANN technology can be applied to the 
structural health monitoring online and diagnosis 
timely.  

2 FUNDAMENTALS OF WAVELET ANALYSIS 

2.1 Discrete wavelet 
This section presents a brief background on wavelet 
analysis utilized here. General overview of wavelet 
theory may be referred to Chui (1992), Daubechies 
(1992), Sone & Yamamoto (1997). 

A wavelet is a waveform of effectively limited 
duration that has an average value of zero. And the 
wavelet function is defined as one, ψ(t), that is sup-
posed to be a square-integrable function, and 

)(ˆ ωψ is the Fourier transform of ψ(t). If )(ˆ ωψ  sat-
isfies the following condition: 
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Then, ψ(t) is referred to as basic wavelet or 
mother wavelet. Using a selected mother wavelet 
function ψ(t), the discrete wavelet sequence is re-
spectively defined as follows: 
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where a and b are the dilation and translation pa-
rameters, respectively. Both of them are real num-
bers and a must be positive. 

2.2 Wavelet Packet (WP) Analysis 
Wavelet Packet is made of a series of wavelet func-
tions linearly combined, and has the same nature as 
the wavelet functions, such as orthogonality, time-
frequency orientation. The wavelet packet is defined 
as: 
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The function set {uBi B(t)}i=z B+ B obtained from the 
above recursion is called as the wavelet packet de-
fined by uB0 B=φ. When i =0, uB0 Bdegrades to the scal-
ing function φ Bt B, and uB1 Bis the mother wavelet func-
tion ψBt B of the wavelet packet. If n is a parameter in a 
detailed octave, let i=2P

l
P+m, then the curt symbol of 

the wavelet packet, ψBi,j,kB(t), is given by following ex-
pression, where integers i,j and k are the frequency, 
scale and location transform parameter, respectively 
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Thus, the decomposition process of wavelet 
packet is a recursive filter-decimation operation. If 
f Bi PB

j
P(t) represents the component signal of the ith fre-

quency band in the jth level of the wavelet packet 
decomposition, the recursive relations between the 
jth and the (j+1)th components are given by: 
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are filter-decimation operators composed of the dis-
crete filters, h(k) and g(k). As a result, the original 
signal can be expressed as: 
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To take the 3 P

rd
P level decomposition for example, the 

WP decomposition has a relation as:  
)(tf =AAAB3 B+DAAB3 B+ADAB3 B+DDAB3 B+AADB3 B+DADB3 B+

ADDB3 B+DDDB3,  
where f(t) is the original signal, D represents the 
high frequency detail, A means the low frequency 
approximation and the subscript denotes the level of 
the decomposition. 

Compared with wavelet ψBi,j B(t), the WP has the 
frequency parameter i as well as the scale parameter 
j and the transfer parameter k. And the frequency-
spectrum window is wider and more districted with 
the increase of the scale parameter j. All above 
makes the WP overcome the drawback of the wave-
let transform, which is rather poor in the high-
frequency region. Accordingly, the WP analysis can 
provide a subtler signal analysis method, which is 
able to district the frequency in many bands and de-
composes the high-frequency region. In addition, 
WP also can choose the frequency band based on the 
character of the signal to make it fit for the fre-
quency spectrum and the time-frequency classifica-
tion efficiency thereby. As a result, the WP analysis 
is of great value in practice. 

3 DIAGNOSTIC APPROACH BASED ON 
“ENERGY-DAMAGE” PRINCIPLE 

When the system is excited by a signal composed of 
plentiful frequency components, the damage usually 
obviously restrains some components whereas rein-
forces other ones because. Therefore, the energy of 
output signal in the same frequency band of an ab-
normal system is different to that of the normal sys-
tem. The structural damage may result in the de-
crease of energy of some components, while the 
increase of others. Consequently, the signal energy 
at different bands includes a lot of damage informa-
tion. Furthermore, the change of one or some kinds 
of energy may reveal damage occurring. 



Under the excitation of dynamic loading, a struc-
ture will vibrate and damage, sometimes, may occur 
in it. The damage can lead to the change of the natu-
ral frequency, stiffness and damping, and further af-
fect the structural dynamic property. Since the 
breakage differently reacts on the every frequency 
component of the original signal, the frequency 
components will redistribute on the signal. The WP 
actually decomposes the signal to different levels, 
which represent different frequency bands. This is to 
say, the feature vectors are formed by extracting the 
energy of each level as the index of damage case. 

Thus, it can be seen that if the response of the 
structure under the external excitation is taken as the 
system output signal, the change of its energy of 
each frequency band can denote the damage state of 
some component of the structure. The “energy-
damage” principle presented here is just based on 
this point. Accordingly, this method doesn’t need 
the structural model of the system and can detect the 
structural damage by the component energy, di-
rectly. 

The analytical process of the method is described 
as follows 
Step 1: Decompose the signal of the structural re-
sponse to be detected to the j P

th
P level, and there are 2 

P

j
P frequency bands which have the same width as the 
last level, then extract the decomposition coeffi-
cients of the signal from low to high frequency XBi PB

j
P, 

i =1,2,… j2 . 
Step 2: Reconstruct the wavelet packet coefficients 
and extract the signal of the different bands. Sup-
pose f Bj PB

i 
P(t) to represent the reconstructed signal, and 

then the original signal can be expressed as: 
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Step 3: Calculate the component energy in each fre-
quency band. If it is assumed that EBfjPB

i
P is the energy 

of the ith frequency band, ABikB means the discrete am-
plitude of reconstructed signal f Bj PB

i
P(t), i=1,…,2P

j
P; 

k=1,2, …,n, where “n” is the number of discrete 
node, the EBfjPB

i
P can be expressed as 
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Step 4: Construct the feature vector T. If its numeri-
cal value is relatively big, the vector can be normal-
ized to make each element fall in the range [-1,1]. 
Let EBfjPB

i
P =EBjiB, then 
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Step 5: Put the feature vectors T extracted from 

the samples into the ANN to diagnose the structural 
damage. 

The decomposed WP result is a time-frequency 
denotation so that there is no simple feature vector 
to express the relation between the signal and the 
damage. Actually, this relation is a complex nonlin-

ear mapping. Hence, the ANN has the specially po-
tentials for its implementation as an ideal classifier. 

There are currently many kinds of ANNs in use. 
In them, the BP ANN has many virtues, such as 
simple structure, steady work state and strong 
nonlinear mapping ability, available for the calcula-
tion of damage detection. Although it also has some 
problems, yet, the training efficiency and identifica-
tion accuracy can be improved by using a series of 
improved algorithm, for instance, the adaptive learn-
ing rate method, Gradient descent method with mo-
mentum and adaptive step size method. Here, a two-
layer ANN trained by Levenberg-Marquardt (L-M) 
algorithm is used, and this algorithm can shorten the 
training time greatly. 

4 DAMAGE DIAGNOSTIC PROCESS FOR 
FRAMEWORK STRUCTURE 

4.1 Benchmark model 
To evaluate the efficiency of damage detection 
methods, a benchmark problem was proposed by the 
ASCE Task Group on Health Monitoring. Different 
approaches have been applied to the same measure-
ment data from a prototype structure in various load-
ing condition and damage patterns. Thus, advantages 
and limitations of these methods can be identified. A 
brief description of the benchmark problem is given 
below. For detailed information on the problem the 
reader is referred to Johnson (2000). 
 
 

 
Figure 1. Analytical model of Benchmark Structure 
 

 
Figure 2. Illustration of node numbering in FE model 



The structure used in the benchmark problem is a 
4 story and 2 bay by 2 bay steel-frame scale model 
with a total height of 3.6m and a plan of 2.5m x 2.5 
m. Each story is composed by 9 columns of 0.9 m 
each in height, 12 beams of 1.25m each in length, 8 
lateral braces and 4 floor slabs (one per bay) as 
shown in Figure 1.  

The excitation is either low-level ambient wind 
loading at each floor in the y-direction or a shaker 
force applied on the roof at the central column posi-
tion. Whereas, the damage under the wind loading is 
only studied here. To take the uncertainty of envi-
ronmental loads into account, the wind loading is 
modeled as filtered Gaussian white noise process 
passing through a 6th order low-pass Butterworth 
filter with a 100 Hz cut-off. The node numbering of 
the structural finite element model is shown as Fig-
ure 2. 

4.2 Determination of WP Decomposition Form 
There are many wavelet functions that form the WP, 
such as “db”, “haar”, “sym” and “coif”. Daubechies 
(DbN) wavelet is selected as the WP basic function. 
With the increase of the number N, i.e., with the in-
crease of the filter length, the wave shapes in the 
time domain of the scaling function φ(t) and the 
wavelet function ψ(t) are more smooth, and their 
frequency properties are more concentrative. On the 
other hand, the supporting length of φ(t) and ψ(t) is 
2N-1, and its increase following the “N” may cause 
that the resolving power of the signal declines in the 
time domain. In addition, the calculation amount of 
wavelet transform will become greatly large with the 
augment of the filter length. Therefore, the wavelet 
property is not always better if the N is bigger. Con-
sequently, it is reasonable to select the Db6 wavelet 
as the WP basic function due to he wave shape of 
φ(t) and ψ(t) is relatively smooth and the frequency 
property is also well when N=6. On the other hand, 
the more levels the signal is decomposed to, the 
higher of the energy changes and the component en-
ergies are more sensitive to the signal changes, Nev-
ertheless, the calculation is getting more complex 
with the increase of the decomposition level. Con-
sidering all factors above, the WP decomposition of 
six levels is adopted in this study. 

4.3 Damage Diagnosis Based on “Step-by-Step” 
Method 

Generally, the ANN can identify the location and 
grade at the same time. Yet, it is necessary that vari-
ous contents of damage case must be considered as 
the samples. If the structure is complex, the sample 
amount for training should be excessively large and 
the training time has further to be exceedingly long. 
Thus, a “step-by-step” method is proposed here, and 

the occurrence, location and severe grade of the 
damage are diagnosed, respectively. 

After detecting the occurrence of damage and its 
position, a new ANN is constructed, and then the 
data of the damaged story is applied as the new 
ANN input to estimate the severity and the idio-
graphic location. Thus, the amount of samples for 
training and training time has been reduced conse-
quently. 

4.3.1 Detection of damage occurrence 
The damage cases studied here are only simulated 
by removing the bracing elements in the structural 
model. For the excitation of the ambient wind load-
ing in y-direction, the damage of the brace in x-
direction has so little affection on the dynamic re-
sponse of stories that only the damage cases of the 
brace in y-direction are considered. Thereby, there 
are 10 cases in this study for every story as follows: 
1) removing all braces in y-direction, 2) removing 
two braces at the same side in y-direction, 3) 1/3 cut 
on the cross sections of two braces at the same side 
in y-direction, 4) 2/3 cut on the cross sections of two 
braces at the same side in y-direction, 5) removing 
two braces at the different sides in y-direction, 6) 1/3 
cut on the cross sections of two braces at the differ-
ent sides in y-direction, 7) 2/3 cut on the cross sec-
tions of two braces at the different side in y-
direction, 8) removing one brace in y-direction, 9) 
1/3 cut on the cross section of one brace in y-
direction, and 10) 2/3 cut on the cross section of one 
brace in y-direction. These 10 cases produce 60 
sample groups, and then there are 61 groups together 
with the undamaged case. The 8 groups of them are 
selected as the samples for testing. 

The outputs of ANN1 have the corresponding in-
formation with the damage as follows: undamaged 
case (1 0 0 0 0), the damage occurrence on the 1P

st
P 

story (0 1 0 0 0), the damage occurrence on the 2P

nd
P 

story (0 0 1 0 0), the damage occurrence on the 3P

rd
P 

story (0 0 0 1 0) and the damage occurrence on the 
4P

th
P story (0 0 0 0 1). 
The ANN1 consists of a 12-nodes input layer, a 

9-nodes hidden layer and a 5-nodes output layer, 
which is trained by the L-M algorithm. In computa-
tion, it’s precision had reached 10P

-7 
Pwhen the number 

of iteration was 64. The part of the trained results is 
shown as Table 1. The eight testing cases are input 
into the ANN1 after being trained, and the diagnos-
tic results are illustrated in Table 2. 

4.3.2 Detection for damage severity 
Up to now in which story the damage occurred has 
been able to be diagnosed based on the process in 
4.3.1. And then the damage information of that story 
is further used as the new cases for ANN2 training. 



Six grades of the damage are partitioned as followed 
according to the damage cases above-mentioned: 
d1: Case (1) -----(1 0 0 0 0 0) ----- extremely severe;  
d2: Case (2), (5) -----(0 1 0 0 0 0) ----- severe; 
d3: Case (3), (6) -----(0 0 1 0 0 0) ----- moderate; 
d4: Case (4), (7), (9) -----(0 0 0 1 0 0) ----- generic; 
d5: Case (8) -----(0 0 0 0 1 0) ----- minor;   
d6: Case (10) -----(0 0 0 0 0 1) ----- slight; 
To take the 3rd story of the structure for example, 
there are 16 damaged cases, which are divided into 
two parts: 14 cases for training and 2 cases for test-
ing. 

As the new ANN2, it is composed of a 10-nodes 
input layer, a 12-nodes hidden layer and a 6-nodes 
output layer, which is still trained by the L-M algo-
rithm. Then it’s computational precision had reached 
10P

-7
P when the number of iteration was 41. The 

trained typical results are shown as Table 3. Two 
testing cases are input into the ANN1 after being 
trained, and the diagnostic results are listed in Table 
4. 

It can be known from Table 3 and 4 that the well-
trained ANN2 can make the precise diagnosis ex-
tended to the other unknown cases. 

4.3.3 Detection of damage location 
According to the diagnosis process described in 
4.3.1 and 4.3.2, one can judge that which story the 
damage occurs and what the damage severity is. If 
the damage extent is relatively severe, the idio-
graphic location of the damage should be detected in 
time to provide the measurement for the mainte-
nance. For instance, the damage in the 1P

st
P story may 

occur at the negative direction of the x-axis or the 
positive direction of x-axis or at both two sides. To 
estimate that at which side the damage occurs, the 
accelerations are selected in y-direction of the node 
13 and 15 as the signals to be analyzed. The compo-
nent energy of the signal after being decomposed 
with WP is expressed by EB13 Band EB15 B. After a new 
vector E=[E B13 B, EB15 B] is constructed, the energy sensi-
tive to the damage is selected to compose the input 
vector P for the ANN3. 

There are 15 cases of the damage, in which the 2 
cases are chosen for testing and the remains are in-
put into the ANN3 for training. The ANN3 consists 
of a 16-node input layer, a 15-node hidden layer and 
a 2-node output layer, which is trained by the L-M 
algorithm. The result precision reached 10P

-7 
Pwhen 

the number of iterations is 38. The part of the trained 
results is typically listed in Table 5. And two testing 
cases are put into the ANN1 and after being trained; 
the detection results are shown in Table 6. 

The results in the Table 5 and 6 indicate that the 
errors of the diagnosis results are relatively big com-
pared with the trained results. Yet, such errors can 

can indeed satisfy the need for the practical engi-
neering. 

5 CONCLUSIONS AND DISCUSSIONS  

In this paper, an approach based on “energy-
damage” theory for structural damage diagnosis is 
presented by use of wavelet packet analysis and im-
proved BP neural network. Since the damage 
characteristics of the time domain response signals 
are more obvious after being transformed by the 
wavelet, it is more rational to use the component 
energy of the signal after being decomposed by the 
WP as the damage index than to use the wavelet 
transform coefficients only or the dynamic responses 
directly. The method has shown the ability in 
successfully identifying the damage occurrence, 
severity and location of the benchmark structure 
proposed by ASCE and obtaining the satisfactory 
results. 
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Table 1.  Trained results of ANN 1 

Sample   
number Damage story Target   

vector Trained results Error 
(%) 

1 0 1 0 0 0 0 1.0000 -0.0001 0.0000 0.0001 0.0000 0.01 
2 First 0 1 0 0 0 0.0003 1.0000 -0.0001 -0.0000 -0.0002 0.04 
3 Second 0 0 1 0 0 0.0001 -0.0001 0.9995 0.0003 0.0001 0.06 
4 Third 0 0 0 1 0 -0.0000 -0.0000 -0.0000 1.0000 0.0000 0.00 
5 Fourth 0 0 0 0 1 0.0000 -0.0002 0.0002 0.0002 0.9998 0.04 
6 Fifth 0 1 0 0 0 0.0003 1.0000 -0.0001 -0.0001 -0.0001 0.03 
7 Second 0 0 1 0 0 0.0000 0.0004 1.0000 -0.0005 -0.0000 0.06 
8 Third 0 0 0 1 0 -0.0000 -0.0001 -0.0001 1.0002 0.0000 0.02 
9 Fourth 0 0 0 0 1 0.0000 -0.0001 0.0000 0.0000 0.9999 0.01 

Table 2.  Diagnostic results of ANN 1 
Sample  
number 

Correct 
target Diagnostic results Damage  

story 
Errror 
(%) 

Diagnostic 
conclusion

1 0 1 0 0 0 0.0004 0.9989 0.0005 0.0007 -0.0006 First 0.16 correct 
2 0 0 0 1 0 -0.0000 -0.0000 -0.0001 1.0002 -0.0001 Third 0.02 correct 
3 0 0 0 1 0 0.0001 -0.0002 0.0006 0.9989 0.0006 Third 0.14 correct 
4 0 0 0 0 1 0.0000 -0.0003 0.0002 0.0002 0.9998 Fourth 0.05 correct 
5 0 0 0 1 0 -0.0000 -0.0001 -0.0000 1.0001 -0.0000 Third 0.01 correct 
6 0 0 0 0 1 -0.0000 0.0001 -0.0001 -0.0001 1.0001 Fourth 0.02 correct 
7 0 1 0 0 0 0.0008 1.0013 -0.0002 -0.0000 -0.0002 First 0.16 correct 
8 0 0 1 0 0 -0.0000 0.0001 0.9997 -0.0004 0.0005 Second 0.07 correct 

 
Table 3.  Trained results of ANN 2 

Sample  
number 

Damage 
degree 

Target 
vector Trained Error  

(%) 
1 d1 1 0 0 0 0 0 0.9999 0.0004 -0.0002 -0.0001 0.0001 0.0000 0.05 
2 d2 0 1 0 0 0 0 0.0004 0.9994 0.0002 -0.0001 -0.0002 -0.0000 0.08 
3 d3 0 0 1 0 0 0 -0.0000 0.0000 1.0002 -0.0007 -0.0000 0.0006 0.09 
4 d4 0 0 0 1 0 0 0.0000 -0.0000 -0.0003 1.0002 0.0000 0.0002 0.04 
5 d5 0 0 0 0 1 0 0.0000 -0.0000 0.0001 0.0001 1.0000 -0.0001 0.02 
6 d6 0 0 0 0 0 1 0.0000 -0.0000 -0.0001 0.0001 0.0000 1.0001 0.02 

Table 4.  Diagnostic results of ANN 2 
Sample 
number 

Correct 
diagnosis Diagnosed results Degree Error 

(%) 
Diagnostic 
conclusion

1 0 1 0 0 0 0.0001 -0.0000 -0.0000 0.9992 0.0009 0.0000 d4 0.12 correct 
2 0 0 0 1 0 0.0000 -0.0000 0.0015 0.0010 0.0000 1.0005 d6 0.19 correct 

 
Table 5.  Trained results of ANN 3 
Sample 
number 

Location 
in x-axis 

Target 
vector Trained results Error 

(%) 
Sample 
number

Location 
in x-axis

Target 
vector Trained results Error 

(%) 
1 “-” 1  0 1.0000 0.0000 0.00 8 “+” 0  1 -0.0002 1.0000 0.02
2 “+” 0  1 0.0000 1.0000 0.00 9 “-” 1  0 1.0000 -0.0000 0.00
3 “-” 1  0 1.0000 0.0000 0.00 10 “+” 0  1 0.0002 1.0000 0.02
4 “+” 0  1 -0.0000 1.0000 0.00 11 “-” 1  0 1.0000 -0.0000 0.00
5 “+” ,“-” 1  1 1.0000 1.0000 0.00 12 “+” ,“-” 1  1 0.9987 1.0000 0.13
6 “+” 0  1 0.0000 1.0000 0.00 13 “+” ,“-” 1  1 1.0000 1.0000 0.00
7 “-” 1  0 1.0000 -0.0000        

Table 6.  Diagnostic results of ANN 3 
Sample 
number 

Correct 
target Diagnosed results Location in x-axis Error 

(%) 
Diagnosis 

Conclusion
1 1  0 0.9989 -0.0000 “-” 0.11 correct 
2 0  1 0.0239 1.0000 “+” 2.39 correct 

 


