
1 INTRODUCTION 

The emergence of new smart sensors and monitoring 
technologies has led to great improvement and made 
considerable progress in the hardware condition of signal 
collection in civil structural monitoring. With the 
development of sensing technologies, wireless 
communication technologies and Micro-Electro-Mechanical 
System (MEMS), wireless sensing technique has been 
permeating into health monitoring of civil structures and has 
gradually formed structural monitoring technologies based 
on wireless sensing network and embedded calculation 
(Straser, 1998; Lynch, 2002; Ou et al 2004). But two key 
problems associated with monitoring technology based on 
smart wireless sensors need to be solved. One is the 
development of data processing algorithm in wireless sensor 
units’ computational cores suitable for application and 
saving power. The other is the development of data fusion 
and damage identification algorithm in base stations, i.e., 
how to identify structural damages using compressed data. 
    However, current monitoring systems employ hub-spoke 
system architectures with centralized data acquisition used 
for retrieving data from remote wired sensors. So current 
identification algorithms assume that data is centrally 
processed, they can’t be implemented readily in the 
decentralized computing environment for smart sensors. 
Lynch et al (2002) presented the embedded damage 
detection algorithm, in which the raw time-history data is 
locally processed and compressed in wireless sensor units’ 
computational core so as to reduce the quantity of data for 
transmission and reception. Distributing computational 
power throughout the sensor network in this manner attains 
high-energy efficiency thereby preserving sensor units’ 

power. Several researchers have paid attention to embedded 
algorithms and have invented some embedded algorithms 
such as embedding fast Fourier transforms, time series 
analysis, wavelet transforms and so on. However, previous 
research in this filed has mainly concentrated on using 
embedded damage detection algorithm to identify both 
damage location and severity in structure in one run, and 
this approach is not really effective for damage detection in 
real time in complicated civil structures.  
    A structural damage identification method for smart 
wireless sensing network is presented by integrating time 
series analysis and multi-hierarchical improved BP network. 
Data collected by sensors is processed in two steps: (1) 
using time series analysis, damage-sensitive parameters are 
extracted. This operation is assumed to be done in wireless 
sensor units’ computational cores; (2) using multi-
hierarchical damage identification approach based on self-
adjusting BP network with momentum item and damage-
sensitive parameters as inputs to networks, damage 
identification is done in the base station computer. 
Implement of this approach in ASCE SHM Benchmark 
structure includes three steps, which include locating 
damaged story, identifying damaged member and 
identifying the damage severity. 

2 ASCE SHM BENCHMARK PROBLEM 

The presented algorithm for structural damage identification 
is developed based on the ASCE SHM Benchmark model. 
The acceleration response of this structure obtained by 
finite element analysis and model experiment is taken as 
acquired data from wireless sensor network. The data can be 
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generated by the MATLAB programs provide by the ASCE 
SHM Benchmark workgroup. Figure 1 is apiicture of the 
structure and its analytical model. Detailed information 
about this structure and model can be found in papers by 
Johnson et al (2000) and Bernal et al (2001). 

 
Figure 1. ASCE Benchmark structure and analytical model          

3 EXTRACTION OF DAMAGE-SENSITIVE FEATURE 

3.1 Principles of time series analysis in feature extraction 

Time series analysis is a processing method of order random 
data using parameter model. Its basic principle used in 
feature extraction is that the parameters of time series model 
are obtained by least square method. Therefore, when 
structure changes, the model parameters（ 1ϕ ， 2ϕ ，…

pϕ ， 1 2, qθ θ θL ）  will change correspondingly. If 
residual errors are calculated using original model 
parameters （ 1ϕ ， 2ϕ ，… pϕ ， 1 2, qθ θ θL ） , the 
statistical parameters of the residual errors such as standard 
deviation and variance etc will also change. Hence, these 
statistical parameters can be used to detect structural 
damage.  

3.2 Selection of Damage-sensitive Parameter and Steps of 
Damage Identification 

Parameters originated from the residual errors mainly 
include amplitude of the residual errors, standard deviation 
of the residual errors, quadratic sum of the residual errors, 
sensitive factor and normalized variance of mean value 
logarithm etc. (Zhang 1996, 2005). The above five features 
are extracted from the accelerometer response data of the 
Benchmark structure with different damage the scenarios as 
listed in table 1. Relationships between normalized features 
with reference to undamaged and damage scenarios shown 
in Figure 2. 
 
Table 1. Damage scenarios assumed in Benchmark structure 
for selecting damage sensitive parameter.  
Scenarios Brace 29、58、87、116     

0 Undamaged 
1 Area reduced by 1/4 
2 Area reduced by 1/3 
3 Area reduced by 1/2 
4 Area reduced by 2/3 
5 Area reduced by 3/4 
6 Area reduced to 0  

  

  
Figure 2. Normalized damage parameter vs. damage severity in 
each story. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
     
 
  
Figure 3. Flow chart for damage detection using std 

 
It’s shown in Figure 2 that standard deviation of the residual 
errors, quadratic sum of the residual errors, and normalized 
variance of mean value logarithm reflect damages in each 
story except for amplitude of residual errors and sensitive 
factor. Standard deviation of residual errors is a basic 
statistic parameter which can be easily computed, so it can 
better meet the smart wireless sensing network’ requirement 
for saving power and be chosen as damage-sensitive 
parameter and inputs of neural network to identify structural 
damages. The flow chart of structural damage identification 
using std is given in Figure 3. 

3.3 Properties of std  

To study the properties of std for damage identification, 
random excitation and impulse excitation are used to excite 
ASCE SHM Benchmark structure, and std is. The intact and 
damaged scenarios simulated are shown in table 2. 

Simulation results are shown in Figures 4 and 5. The 
results show that std obtained under each excitation patter 
decreases with the increase of damage severity. But std 

Input signal x0(t) of undamaged scenarios 

Determine std of undamaged scenarios 

Input signal x (t) of damaged scenarios 

Determine std of damaged scenarios 

Observe the change trend of std 

Use std as inputs of neural network 



doesn’t change with force strength under the same 
excitation location. 

 

 
Figure 4. Change of std with different damage severity under 
random excitation.  

 
Figure 5. Change of std with different damage severity under 
impulse excitation. 
 
Table 2.  Damage scenarios assumed in Benchmark structure 
for investigating the property of std. _____________________________________________    
Case              Scenarios    
_____________________________________________     
0     Undamaged 
1          Area of brace 29 is reduced to 1/3 
2          Area of brace 29 is reduced to 0 
3      Area of brace 58 is reduced to 1/3 
4          Area of brace 58 is reduced to 1/3 
5          Area of brace 78is reduced to 1/3 
6          Area of brace 78 is reduced to 0 
7          Area of brace 116 is reduced to 1/3 
8          Area of brace 116 is reduced to 0 _____________________________________________ 

4 PRINCIPLES OF MULTI-HIERARCHICAL DAMAGE 
IDENTIFICATION APPROACH BASED ON SELF-
ADJUSTING BP NETWORK WITH MOMENTUM 
ITEM 

4.1 Introduction of Self-adjusting BP Network with 
Momentum Item 

The neural network architectures have been well accepted 
as an effective learning technique in pattern recognition. 
Many kinds of neural network architectures have been 
developed, such as ART models, CPB networks, PNN 
models, etc. The back propagation networks (BPN) are the 
first and most commonly used since they are characterized 
by their simply structure, stable function and strong 

nonlinear mapping abilities (Fuh & Wang 1997). But 
complicated application tends to make the network too 
complicated, which results in two problems: more local 
minimums and lower convergence speed. In order to 
overcome the problems, self-adjusting BP network with 
momentum item (Looney 1996) is employed in this study. 
This algorithm can effectively restrain local minimums 
because momentum item reduces network’s sensitivity to 
local characteristic in error-curved face, and greatly 
accelerate convergence speed because the learning rate is 
self-adjusting in the iterations. The detail operations of this 
algorithm are as following. 

Consider a three-layer BP network with n nodes in the 
input layer, m nodes in the output layer and h nodes in the 
hidden layer. The input and output vectors of this network 
are denoted by X and Y individually where 

1 2( , , )T
nX x x x= L ,                                    (1)             

1 2( , , , )T
mY y y y= L  ,                                (2)             

and examples are given as 
{( , )}, ( 1,2, , )t tX Y i N= L  .                      (3)            

The network weights will be adjusted to minimize the error 
function E defined as 
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where îY is the calculated outputs, and Yt is the desired 
outputs and W is the weights in BP learning scheme. This 
can be achieved by the unrestricted optimal problems 

min ( )
W

E W                                     (5)             

In standard BP algorithm, gradient descent technique is 
applied to calculate the gradient of the error function with 
respect to each learning parameter. Then the weights are 
changed and adjusted in the direction of the steepest descent 
of the error function until the error reaches the minimization. 
And the weights are iterated according to  

( 1) ( ) ( )W k W k G kη+ = +                      (6)             
whereη is the learning rate, and it is a constant and G(k) = 
the negative gradient of E(W) that is  
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    In order to improve the learning efficiency and accelerate 
convergence speed of BP network, the self-adjusting 
learning rate and momentum item are used in this algorithm. 
The iterative equation of weights is improved as  

( 1) ( ) ( ) ( ) ( )W k W k k G k W kη α+ = + + ⋅Δ        (8)             
where α is momentum factor and ( )W kΔ is the difference 
of weights in adjacent times which can be described as 

( ) ( ) ( 1)W k W k W kΔ = − −                     (9)             
( )W kα ⋅Δ is the momentum item which is adopted to 

avoid local minimums. ( )W kΔ is to amendment direction in 
last iteration and momentum factor α  is to adjust 
convergence speed by changing value in span (0,1) with a 
frequent value of 0.9.  

The learning rate ( )kη  is adjusted according to the 
learning performance of network. The adjusting principles 
are described as  
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where λ  and γ are given constants and 0 1λ< < , 1γ > . 
minη  and maxη are the minimization and maximization of 

the learning rate , min max0.001 1η η< < < . ( 1)E k +  and 
( )E k are the error quadratic sums of this iteration and last 

iteration. The initial value (0)η  has little effect on the 
following iterations and is chosen to be 1. 

4.2 Principles of Multi-hierarchical Damage 
Identification Approach 

In recent years, pattern-matching techniques using neural 
networks have drawn considerable attention in the filed of 
damage assessment (Yun & Bahng 2000). For the 
identification of a large-scale structure with many members 
need to be identified, it is not practical to identify all of the 
damage scenarios in the structure at a one run. For complex 
structures, the efficiency of neural network is not high 
enough to satisfy the requirements for on-line damage 
identification because the structure of network is so 
complicated that convergence is very difficult to realize. In 
order to overcome the above problems, several researchers 
have successfully used substructure conception and multi-
hierarchical perception in structural damage identification 
(Yun & Bahng 2000; Fuh & Wang 1997; Cheng 2000). In 
this paper, multi-hierarchical damage identification 
approach based on self-adjusting BP network with 
momentum item is adopted, and this algorithm is 
implemented in three steps: (1) locating damaged story, (2) 
identifying damaged member within damaged story, and (3) 
identifying the damaged severity.  

5 VERIFICATION OF THE PRESENTED METHOD ON 
ASCE SHM BENCHMARK STRUCTURE 

Using the presented multi-hierarchical damage 
identification approach based on self-adjusting BP network 
with momentum item and std as the inputs to networks, the 
damage identification of the ASCE SHM Benchmark 
structure is implemented in three steps. The effectiveness of 
the presented method is verified. 

5.1 Locating damaged story 

Damage in each story is simulated by damages in braces. 
Training examples are shown in table 3. Stds extracted from 
the accelerateion, which are most distinctive in each story, 
are chosen as the element of input vectors to network. 
Outputs of network are vectors with four elements which 
correspond to the numbers of four stories. If the ith element 
of output vectors is equal to 1, the ith story is damaged.  

A part of identification results of damage scenarios 
obtained from both simulation and model experiment are 
shown in Figure 6 and 7. The results show that outputs are 
close to the expected outputs of network, so the network is 

converged and possesses the capability for correctly 
identifying the damaged stories.  
Table 3. Training examples of locating damage story.  
Case Damaged story Damaged severity 
1-4    
       
21      
5-8    
       
9-12   
       
13-16  
       
17     
       
18     
       
22     
       
19     
       
20     

1st story 
 
1st story 
2nd story 
 
3rd story 
 
4th story 
 
1st &2nd stories
 
1st & 3rd stories
 
1st & 3rd stories
 
1st & 4th stories
 
2nd &4th stories
 

Area brace 29 is reduced to 0、
1/5、1/3、1/2 
Brace 23 is broken (experiment) 
Area brace 58 is reduced to 0、
1/5、1/3、1/2 
Area brace 87 is reduced to 0、
1/5、1/3、1/2 
Area brace 116 is reduced to 0、
1/5、1/3、1/2 
Area of brace 29 & brace 58 is 
reduced to 0 
Area of brace 29 & brace 58 is 
reduced to 0 
Brace 24 & brace 82 are broken 
(experiment) 
Area of brace 29 & brace 116 is 
reduced to 0 
Area of brace 58 & brace 116 is 
reduced to 0 

 

  

 

Figure 6. Story damage identification of simulated scenarios. 
 

  
Figure 7. Story damage identification of experimented 
scenarios. 

5.2 Identifying damaged member in detected stories 

The 1st story is taken as an example for identifying the 
damaged member in detected story. Eight damage scenarios 
are induced to eight brace independently. Input vectors are 
made up of std obtained from the accelerations from eight 



nodes in the 1st story. Output vectors are made up of eight 
elements that are corresponding to eight brace. If the ith 
element of output vectors is equal to 1, the ith brace is 
damaged. Several identification results are shown in Figure 
8. The results show the element corresponding to the 
damaged brace is close to 1 and other elements are close to 
0 in output vectors, so the network is valid for identifying 
damaged member in detected story. 

 

 
Figure 8. Detection of damaged members in detected story. 

5.3 Identifying the damaged  severity of members 

Take the 29th brace in the 1st story as the object to identify 
the damage severity. Damage is simulated by reducing the 
area to 1/4、1/3、1/2、2/3、3/4 and 1. There are four 
elements in input vector, which are same to those of 
locating damaged story. Output of network corresponds to 
damage severity. Several identification results are shown in 
table 4 and figure 9. The results show the relative errors of 
damage identification are very small, so the network is valid 
for identifying damage severity. 

 
Figure 9.  Identification of damage severity in structural member.  
Table 4.  Identifying damage severity.  
Test 
case 

Real damaged 
severity 

Identified 
damaged severity 

Relative 
errors 

2      
3      
5       

Area reduced to 1/3 
Area reduced to 1/2 
Area reduced to 3/4 

0.3300 
0.5000 
0.7521 

1% 
0 
0.28% 

6 CONCLUSION 

The following conclusions can be drawn for the study in 
this paper: 
 (1) Std can indicate damage location and severity, and it is 
used as input data to artificial neural networks to identify 
structural damage. 
(2) A multi-hierarchical damage identification approach 
based on self-adjusting BP network with momentum item 
has a fast convergence speed with simple neural network 
topology, thus improve the efficiency of structural damage 
identification. 
(3) Damage scenarios of both numerical simulation and 
model experiments of the ASCE SHM benchmark structure 
are identified. The method for structural damage 
identification based on time series analysis and multi-
hierarchical BP network is valid to identify damage location 
and severity in structures. 
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