Data fusion technique and its application in structural health monitoring
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ABSTRACT: In order to make full use of multi-sensor data or information from multi-resource and to im-
prove the diagnosis accuracy for the health conditions of complex structures, a complex structural damage de-
tection technique based on the neural networks and data fusion was presented by means of multi-sensor data
fusion theory and probabilistic neural network (PNN). By taking advantages of both data fusion and neural
network (NN), the technique was applied to the damage detection and diagnosis of a multi-storey steel frame.
The result shows that the method of data fusion-based wavelet PNN is feasible and effective.

The abrupt collapse of buildings has brought about
enormous damages to people’s lives and wealth. If
we can predict its occurrence, as well as its location
and extent in advance, the damage caused by mate-
rial deterioration, natural disasters or contrived acci-
dents can be diminished and even eliminated. Re-
searchers from all over the world have been focusing
on structural health monitoring and damage detec-
tion techniques (Ding 1997, Doebling and Farrar
1999, Jiang et al. 2004). So far there exist many
structural health-monitoring systems for complex
structures, e.g. the bridges (Ko et al. 1999), but sen-
sors are often installed only on the key members or
substructures to detect and diagnose the structural
states or damages. The uneven or irrational distribu-
tion of structural monitoring installations sometimes
make it hard to produce any effective or positive
coupling.

In recent years, multi-sensor data fusion (also
called information fusion) technique attracts increas-
ing attentions to structural health monitoring due to
its inherent capabilities in extracting information
from different sources and integrating them into a
consistent, accurate and intelligible data set (Hall
1992, Jiang et al. 2005, Kozinea et al. 2000). Com-
pared to the existing effective damage detection
techniques or approaches, which are only applicable
under some circumstances, the rapidly developing
data fusion technique makes full use of the informa-
tion from all data sources, and it can greatly improve
the accuracy and robustness of decision-making.

The paper is organized as follows: The first sec-
tion introduces the concepts, fundamentals of data
fusion, and then discusses the feasibility of applying
data fusion to the structural health monitoring; The

second section describes the complex structural
damage detection techniques based on probabilistic
neural networks and data fusion; The third section
shows the numerical illustration and; the last section
is the conclusions.

1 FUNDAMENTALS OF DATA FUSION
1.1 Concepts

Multi-sensor data fusion was first proposed in Amer-
ica during the 1970’s (Hall 1992). It was first put
widely into practice in military field for a respective
technique. With the rapid development of sensor
technique and computer technology in 1980’s, data
fusion technique was greatly improved and ranked
one of 20 prominent techniques listed by US De-
partment of Defence in 1988. Data fusion, a rela-
tively new technique for processing multi-source in-
formation, can produce more precise and thorough
assessment than any other sensor techniques. Due to
its complexity, variety and comprehension, so far
there has been no uniform definition of data fusion.
Generally speaking, data fusion is a technique that
uses computer to automatically analyze, integrate
and utilize spatial-temporal multi-sensor information
by certain rules, as a result of which it can achieve a
consistent explanation and description of the meas-
ured object and thus competently fulfill the decision-
making and evaluation tasks (Hall 1992).

Data fusion mainly involves multi-sensor data
capturing, data pre-processing, feature extraction,
data fusion computation and data production. The
basis hardware used for data fusion system is sensor
(system), the data for processing are multi-source



data and its core lies in fusion computation. How-
ever, prior to fusion computation, reliable and pre-
cise structural eigenvector information must be ex-
tracted from raw data (information) of the multi-
source sensors. Therefore, the process to transform
raw data and to eliminate information redundancy is
called eigenvector extraction.

As eigenvector extraction is the foundation of fu-
sion computation. The structural eigenvector extrac-
tion known as a bottleneck of the structural health
monitoring technique for the time being, exerts in-
fluences on the prediction accuracy and precision of
structural health monitoring and damage detection.
Therefore, the process of eigenvector extraction is
very important to the structural health monitoring
and data fusion.

Fusion computation is the core of data fusion, and
the main fusion algorithms and the properties can be
seen in related references [Hall 1992].

1.2 Data fusion configuration and levels

According to the arrangement of the sensors, there
are three configurations of data fusion: centralized
configuration, distributed configuration and mixed
configuration.

Centralized configuration means that raw infor-
mation from sensors is directly imputed into fusion
center. It is suitable for real-time data fusion with
great precision. However, it also requires mighty
processing capacity and is not very reliable if the
quantity of data to be processed amounts to a certain
degree. So it is rarely used in practice.

Distributed configuration demands the pre-
processing of collected information from sensors be-
fore it is sent into fusion center. This configuration
shows the layered configuration for fusion algo-
rithm. There are many advantages of this configura-
tion, such as high computing speed, simple system
and desirable reliability. However, there is a kind of
data loss due to pre-processing, therefore, the com-
putational precision of distributed configuration is
not as good as that of concentrated.

Mixture configuration is the combination of
above-mentioned configurations.

According to data abstraction hierarchy, data fu-
sion can be categorized into three levels: pixel level,
eigen level and decision level.

Pixel level, where original data collected is sum-
marized and analyzed before processing, is the bot-
tom level of fusion. Its primary advantage is to
maintain site data as more as possible, and provide
more information, which is not provided by other
ways. But owing to too large data to be disposed, it
leads to high cost, bad real time and poor ability of
anti-jamming.

Eigen level belongs to middle level. After origi-
nal information from sensors is pre-processed and
the eigen is extracted, it is summarized and proc-

essed to keep important information and realize in-
formation to be compressed. The merit of eigen level
lies in realizing enough information to be com-
pressed and in favor of real time disposing. What’s
more, the eigen level information offered is directly
related to decision-making, so result of fusion in the
level can provide eigen information for decision
analysis to a great extent.

Fusion in decision level, the highest level, is the
final result of three levels fusion. The fusion result
influences directly on decision level. Therefore,
from the view of practice, it makes full use of eigen
information, and adopts appropriate fusion technique
to implement it. Decision fusion is very flexible in
disposing information and needs a low bandwidth
and can reflect effectively different kinds of infor-
mation in each side of the object. Simultaneously, it
can deal with non-synchronous, so it is widely con-
cerned and has made great achievements.

1.3 Feasibility of data fusion application to
structural health monitoring

Data fusion uses computer to automatically analyze,
integrate and utilize spatial-temporal multi-sensor
information by certain rules, as a result of which it
can achieve a consistent explanation and description
of the measured object and thus competently fulfill
the decision-making and evaluation tasks. Data fu-
sion is applied to the structural health monitoring
and facility diagnosis only in the recent years. It is
attributed to three reasons: 1) Multi-sensors produce
signals from different channels; 2) The same signal
produces different eigen information and; 3) Differ-
ent diagnosis methods lead to different conclusions.
The ultimate objective of data fusion or information
fusion is to improve diagnosis accuracy by utilizing
various kinds of information.

Structural health monitoring system is essentially
employed to make comprehensive assessment on
runtime states and fault conditions by processing
various kinds of runtime information with contem-
porary knowledge. In fact, the process of data fusion
itself is just an information extraction process. In
fault diagnosis, it is the principles of maximum
membership that are adopted to fuse data. Therefore
it can be concluded that structural health monitoring
share the same objective and requirements with data
fusion. From the view of functional model, the ob-
ject to be diagnosed provides original information,
which can be processed to produce diagnosis results.
As data fusion makes full use of information re-
ceived from multi-sensors, we can attain more accu-
rate assessment on the structural working states and
increase the reliability of diagnosis if the data fusion
technique is applied to fault diagnosis or damage de-
tection system. Therefore, data fusion is applied to
the field of structural health monitoring is feasible.



2 DAMAGE DETECTION METHOD BASED ON
WAVELET PNN AND DATA FUSION

2.1 Wavelet probabilistic neural network (WPNN)

Over the last few decades, the damage identification
methods of civil structures have been drawing much
interest from various fields. Wavelet transform (WT)
is a newly developed signal processing tool that may
be viewed as an extension of the traditional Fourier
transform with adjustable window location and size.
It allows an arbitrary function to be expressed as a
series expansion where each term is one of the basis
wavelets multiplied by its magnitude. Compared
with the Fourier-based analyses that use global sine
and cosine functions as bases, the basis wavelets are
local functions, each of which is defined by two pa-
rameters: its scale (relating to frequency) and its po-
sition (relating to time). The use of local functions
allows a simultaneous and varying time-frequency
resolution that leads to a multi-resolution representa-
tion for non-stationary data (Adeli et al. 2000, Qian
2005). Due to this time-frequency property, the WT
has recently been demonstrated as a promising tool
for structural damage detection and health monitor-
ing. One possible drawback of the WT is that its fre-
quency resolution is quite poor in the high frequency
region. This high frequency resolution is important
for damage identification since structural damage is
a local phenomenon captured most likely by higher
frequency modes (Doebling et al. 1998).

Factually, damage detection is a pattern recogni-
tion problem in which the pattern recognition system
has to be trained to recognize the important features
of a pattern with sufficient accuracy to detect that an
apparently similar pattern may be different from the
training set. Artificial neural network (ANN) algo-
rithms have been studied extensively for this pur-
pose because of their powers of discrimination and
generalization (Yeung et al. 2005). The diagnostic
ability of a neural network depends upon the dis-
crimination of decision regions corresponding to
various fault classes in the measurement space. A
fault space is defined as the region spanned by the
measurement data from the various sensors in a

process. It turns out that in most fault diagnosis
problems, the fault classes form tightly bounded re-
gions in the measurement space. The linear activa-
tion function based neural nets use hyper-planes in
the input units space to carve up the space into vari-
ous regions and make them correspond to the differ-
ent fault classes. However, the hyper-planes develop
classification regions that are not bounded. The de-
cision regions do not tightly enclose the fault
classes, thus leading to erroneous generalizations
when the input patterns are far away from the train-
ing patterns. Thus, the classification is not robust.

Therefore, it is an very important task to how to
combine the WT with ANN. The neural network-
based wavelet transform is referred to as wavelet
neural network (WNN), which is the combination
(fusion) of wavelet analysis and neural network.
There are two combination ways: First, wavelet
anaylsis is the pre-processing tool for neural net-
work, which can provide the input eigenvectors for
neural network, thus this type neural network is also
known as incompact wavelet neural network. Sec-
ond, wavlet analysis is directly fused with neural
network, i.e. wavelet function and scale function to
form the neuron, thus this type neural network is
also known as compact WNN.

WNN inherits the virtues of both wavelet analysis
and neural network. By adaptively adjusting the
shape of wavelet base to realize wavelt transform,
WNN has perfect capacities, such as function ap-
proximation and pattern recognition, etc. In this pa-
per, we empolyed the incompact type neural net-
work, which is combined wavelet analysis with
PNN(Jiang et al. 2004).

2.2 Structural damage detection methods

In order to make full use of data fusion and wavelet
probabilistic neural network, a complex structural
damage detection technique based on the neural
networks and data fusion was presented by means of
multi-sensor data fusion theory and probabilistic
neural network (PNN) (Fig. 1).
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Figure 1 Damage detection model based on WPNN and data fusion

In this model, we started with the data preproc-
essing and eigen extarction of the structural response
from sensor 1, gained the wavelet energy eigenvec-
tor of sensor 1 by means of wavelet theory. In a

similar way, the wavelet energy eigenvectors for
other sensors are also gained. Then the wavelet en-
ergy eigenvectors are put into the framework of a
PNN to train the PNN model for further fusion com-



putation. Finally, the damage identification results
are attained by maximum probabilistic density func-
tions.

In summary, it is obvious that the damage identi-
fication and diagnosis process based on wavelet
PNN and data fusion is one of fusion computation
and damage identification on basis of damage eigen-
vectors and patterns from the target.

3 NUMERICAL ANALYSIS

In order to verify the efficiency of the proposed
method, wavelet analysis is applied to identify the
damage of a steel frame from the ASCE Benchmark
problem (Johnson et al.2000, Jiang 2002).

We employ the four damages patterns in this
study, e.g. there are removing all braces in 1st story,
in 1st and 3rd stories, and removing one braces in
1st story, one brace in each of 1st and 3rd stories.
Therefore there are five structural state types with
undamaged structure in all. It is s=5. It employs the
WPNN based on wavelet energy eigens to investi-
gate the damage dentification (Jiang et al. 2005).

3.1 Damage identification by single WPNN

For sensor 1, the structural state types corresponds to
the output vectors of WPNN, i.e., output vectors of
WPNN={1, 2, 3, 4, 5}. In view of uncertainties from
ambient noise, for each state of the structure, 51 sets
of noise are added into the analytical structural ac-
celeration response signal to represent the measured
acceleration response signal, and the noise level is
from 0% to 50% at intervals of 1%. Meanwhile,
each signal set should correspond to its own state.
Therefore, all samples (51X5=255) including train-

ing samples and testing samples, are used to train
and test the proposed model.

Using mother wavelet function y(t) to decompose
each signal of acceleration response in samples
group. Where #(t)=exp(iwot-0.5t>). The frequency
domains are 20 artificially specified by experience.
The wavelet energy eigenvectors are obtained by
calculating the normalized amplitude decomposed
complex wavelet coefficient. The wavelet energy ei-
genvectors are turned into input data of WPNN, the
number of the WPNN neurons in the input layer is
20. The output vectors of WPNN corresponds to the
structural state types.

We choose 11 sets of training samples, whose
noise levels are 0%, 4%, 8%, 12%, 16%, 20%, 24%,
28%, 32%, 36%, 40% respectively for each damage
pattern. Then the rest of 40 sets are used to test the
WPNN.

The WPNN model for the damage localization of
the steel frame is constructed as follows: the o-
parameter is chosen as Specht (1990) study, the de-
fault value is 0.25; Just as aforementioned, a WPNN
consists of four layers, the number of the neurons in
the input layer is 20, each training sample is set as
one neuron in the pattern layer, so the number of
pattern neurons equals the number of training sam-
ples of all damage scenarios, namely the total num-
ber is 55. Five neurons in the summation layer sig-
nify 5 pattern classes. After the training vectors are
entered to the WPNN, the WPNN for damage local-
ization are trained, and the trained network are
stored.

The testing samples are imported to the trained
WPNN; the output of WPNN is the serial number of
structural damage pattern. Therefore, the damaged
position of structure is identified. In addition, as the

Table 1. Number of correct identification and IA results

Sensor Pattern sS;Jrer?efs - The nuzmber of |gent|f|ed E)lattern - IA (%) ;I;%al 1A
1 40 39 1 0 0 0 97.5
2 40 0 39 1 0 0 97.5

Sensorl 3 40 0 0 40 0 0 100 93.5
4 40 0 0 0 39 1 97.5
5 40 0 0 0 10 30 75
1 40 40 0 0 0 0 100
2 40 0 40 0 0 0 100

Sensor2 3 40 0 0 40 0 0 100 95.5
4 40 0 0 0 40 0 100
5 40 0 0 0 9 31 77.5
1 40 39 1 0 0 0 97.5
2 40 1 39 0 0 0 97.5

Sensor3 3 40 0 0 40 0 0 100 95.0
4 40 0 0 0 32 8 80
5 40 0 0 0 0 40 100
1 40 40 0 0 0 0 100

Sensor 2 40 0 40 0 0 0 100

14243 3 40 0 0 40 0 0 100 98.5
4 40 0 0 0 40 0 100
5 40 0 0 0 3 37 92.5




PNN describes the data in a probabilistic approach,
the identification accuracy (1A) should be evaluated
in a statistical manner. Here, the IA is defined as the
ratio of the total number of correct identification to
the number of total testing samples. Table 2 shows
the identification result for testing samples. The
same procedures is repeated for other sensors, such
as sensor 2 and 3 in a similar way. Thus the damage
identification results by the single WPNN are shown
in Table 1

It is shown in the table that the total damage iden-
tification accuracy is over 93% and the single
WPNN model is suiable for damage identification.
For sensor 1, in the first four cases, the damage
character is obvious, and the sensor response is sen-
sitive to structural inherent character or damage.
Therefore, the signal of acceleration is different. At
the same time, the single WPNN shows great ro-
bustness, structural damage can still be accurately
identified with a high fidelity. When the noise level
increases from 40% to 50%, and the structural dam-
age positions is partly similar in pattern 4 and 5, the
structural damage identification result is invalid. The
same is true for other sensors.

3.2 Damage identification by proposed method

The occurrence of certain damage pattern in the
structure is often associated with several inspection
parameters. For example, damage is only associated
with non-zero eigenvectors corresponding to the
damage pattern in the damage state sample sets. In
the same way, data from certain sensor is maybe as-
sociated with several damage patterns. In order to
make full use of data from all kinds of sensors, the
training samples and testing samples from sensor 1,
2, and 3 are employed to train and validate the pro-
posed mthods (model). In the proposed damage
identification model, the number of training samples
and testing samples are 165 and 120 respectively.
The topology of WPNN is 20-165-5-5, i.e. 20 neu-
rons in the input layer, 165 neurons in the pattern
layer, 20 neurons in the summation layer and deci-
sion layer respectivel. After the model is configured,
namely the model is trained, another 120 testing
samples are chosen to invalidate the model. The
damage identification results and IA based the pro-
posed method are also shown in the Table 1.

It is shown that the damage identification results
from sensor 1, 2, and 3 are the best under all circum-
stances. Although the total IAs are over 93% in the
single WPNN model, the damage identification by
means of WPNN and data fusion is better than that
of any other single WPNN model. In the proposed
method, there are only two samples incorrectly iden-
tified and, the value of 1A amounts to 98.5%.

In summary, the damage identification results by
means of WPNN and data fusion is better than that
of single WPNN methods from single sensor, be-

cause the proposed method is more sensitive to the
damage and minimum disturbance on the noise. On
the other hand, data fusion can make different sen-
sors complement each other and consequently re-
duce the uncertainties of measured data. We can at-
tain more precise identification results and optimal
state assessment owing to the higher precision and
reliability.

4 CONCLUSIONS

Through this investigation of data fusion and dam-
age detection, some conclusions can be drawn:

(1) The damage identifiation capacity of proposed
method is better than that of single sensor methods,
the proposed damage identification method based on
WPNN and data fusion can greatly improve the pre-
cision and reliability of damage diagnosis.

(2) The proposed damage identification method
has excellent tolerance. The information from one or
more sensors is redundant or unreliable, the damage
identification methods based on WPNN and data fu-
sion can make full use of the information to process
and fuse the information.

Although eigen level data fusion by means of
neural network is often employed in damage detec-
tion and diagnosis due to its potential capability, the
relevant theory and application need further study.
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