
1 INTRODUCTION 

As aging of bridge structures adversely affect 
their performance, technical strategies and damage 
detection algorithms are needed for their mainten-
ance and safety considerations. Structural Health 
Monitoring (SHM), as a promising approach, ad-
dresses this issue. Monitoring of the state of a struc-
ture enables drawing the deterioration trend over its 
lifetime and detecting damage at its early stages. 
When, according to the report by the Federal High-
way Administration (FHWA 2008), 27.6 % of 
bridges in United State are classified as structurally 
deficient and functionality obsolete, the outcome of 
SHM becomes more critically important for the 
maintenance and safety of bridges and highways. 
Hence, a great amount of researches has been fo-
cused on this area, over the past decade. 

 Traditionally, SHM has been developed based on 
the wired sensor network and central depository of 
data. While, the high cost and the installation diffi-
culties associated with the wired sensor network 
have limited the large-scale application of sensor 
based SHM, technological advances in wireless sen-
sor network (WSN) have made it more affordable 
and potentially scalable. As a result of these advan-
tages, in some recent real-world SHM projects, 
WSN is selected as a primary data acquisition sys-
tem. Wang et al., (2005), implemented 21 sensor 
nodes distributed over the main balcony of a historic 
theatre. Pakzad et al. (2008, 2009) presented the 
deployment of a large scale WSN including 64 sens-
ing nodes along a bridge structure. Whelan et al. 
(2008) deployed a WSN consisting of 40 measure-

ment channels from 20 sensing nodes. These exam-
ples show the researcher’s interest in using WSN in 
SHM during the past few years.  

Despite advantages of WSN, as any recently de-
veloped approach, it needs to be adequately verified 
under different real circumstances. Experimental 
implementation of an identification and damage de-
tection algorithm using WSN is a promising way to 
evaluate the performance of this approach.  

This paper presents an experimental implementa-
tion of a system identification and damage detection 
algorithm on a 3 dimensional steel truss using a re-
cently developed WSN platform. The Imote2, de-
veloped by Intel, together with SHM-A sensor 
board, developed at University of Illinois (Rice et al. 
2008), are main components of the WSN platform 
used in this experiment. 

An analytical model of the truss structure is de-
veloped based on the available specification and the 
properties derived from static tests. Dynamic test is 
performed on the truss to estimate the modal proper-
ties using subspace state space algorithm (Overschee 
et al. 1994). Finally, local damage is simulated on 
the structure by adding additional weight at the mid-
span of the truss. Two unsupervised statistical dam-
age detection algorithms are employed to separate 
the damaged signals from undamaged signals. The 
first one is statistical process control for damage-
sensitive features (AR residuals), which is based on 
the premise that damage will significantly alter its 
statistical distribution; the other one is randomness 
tests of the features, where the Ljung-Box (Ljung et 
al. 1978) statistic is employed as the damage index 
and the critical threshold is established at the point 
above which the theoretical probability is smaller 
than a certain value. 
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2 WIRELESS SENSOR PLATFORM 

Imote2, developed by Intel, is used as the hard-
ware platform of this experiment. This platform con-
tains Intel PXA271 CPU which has the ability of 
operation in low voltage (0.85V), low frequency 
(13MHz) mode. This feature provides very low 
power operation of the CPU. The processor’s fre-
quency can also be scaled from 13MHz to 416 MHz 
with dynamic voltage scaling which enables opti-
mizing the power consumption. This platform also 
includes 256kB SRAM, 32 MB SDRAM and 32MB 
of FLASH memory which is distinguishable in 
compare with other smart sensor platforms.  

Imote2 integrates CC2420 IEEE 802.15.4 radio 
transceiver from Texas Instruments which supports a 
250kb/s data rate with 16 channels in the 2.4GHz 
band. A 2.4GHz surface mount antenna is provided 
on the Imote2 platform. To enhance the communica-
tion reliability, an external antenna, Antenova Tita-
nis 2.4 GHz Swivel SMA, is used in addition to Im-
ote2’s onboard antenna. Table 1 presents the general 
specifications of the Imote2 platform. 
 

Table 1, Specifications of Imote2 
Parameter Value 
Processor 
SRAM Memory 
SDRAM Memory 
FLASH Memory 
Power Consumption 
 
Radio Frequency Band 
Dimensions 

Intel PXA271 
256kB 
32MB 
32MB 
44mW at 13MHz 
570mW at 416 MHz 
2400.0 – 2483.5MHz 
36mm×48mm×9mm 

 
The Imote2 has many I/O options which make 

this platform flexible to operate with different sensor 
boards. Since the quality of the collected data entire-
ly depends on the components of the sensor board, 
careful consideration should be given to selection of 
this element. The sensor unite of this experiment is 
SHM-A sensor boards, developed by Rice et al. 
(2008) in Smart Structures Technology Laboratory 
at Illinois University. Components of this unit are 
selected specifically for SHM applications. 
LIS3L02AS4 analog accelerometer manufactured by 
ST Microelectronics is used for SHM-A sensor 
board. LIS3L02AS4 is a low-cost, high sensitivity 
analog accelerometer with 50μg/ Hz Noise density 
which offers 3-axes of acceleration on one chip. Ta-
ble 2 presents the specifications of this accelerome-
ter. Low-pass filter, Gain difference amplifier and 
Quickfilter 16-bit ADC are other components inte-
grated on the sensor board. The Quickfilter 
QF4A512 Programmble signal conditioner is the key 
component of SHM_A sensor board (Rice et. al. 
2008). It utilizes 4-channels with 16-bit resolution 
ADC which provides a reasonable sensitivity for 

most of SHM purposes. Figure 1 shows a unit of 
sensor boards and Imote2.  

 
Table 2, Specifications of LIS3L02AS4 Accelerometer 

Parameter Value 
Acceleration Range ±2g 
Avg. Noise Floor (X & Y) 0.3mg 
Avg. Noise Floor (Z) 0.7mg 
Resolution 0.66 V/g
Temperature Range -40 to 85ºC
 
Software platform, as well as hardware platform, 

has an important role in the performance of a WSN. 
TinyOS operating system is the main framework for 
programming the Imote2. This operating system is 
an open source, component oriented software which 
supports a wide range of WSN’s applications. In ad-
dition, there is a need for some high-level compo-
nents to cooperate with the framework and maintain 
the specific requirements of SHM. The Illinois 
Structural Health Monitoring Project (ISHMP) has 
developed a software package that works with Ti-
nyOS for SHM applications. This is a package of 
applications satisfying the requirements for reliable 
monitoring of civil infrastructures. Remote Sensing 
application of ISHMP is used for data collection of 
this experiment. Two essential protocols in wireless 
data collection and transmission are time synchroni-
zation and reliable data transfer which both are em-
ployed in this program.  
 

 
 
 
 
 
 
 
 
 
 

 
 
Figure 1, SHM-A Sensor board attached on the Imote2 Plat-
form. 

3 STATIC VALIDATION OF THE STRUCTURE 

A challenging task in experimental works is vali-
dation of structural model using data from the struc-
ture. Generally, the response of the structure during 
the experiment is different from the expected beha-
vior because of the nature of the structures and con-
struction process. Static validation of structural 
properties based on analytical model is a solution to 
this problem. This section describes the static tests 
which are performed in order to validate the 
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structural properties of the truss. Figure 2 shows the 
truss structure used in the experiment. 

The major task in static validation of structure is 
calibration of its material and geometric properties. 
For the simple 3-D truss, the unknown parameters 
are the properties of elements and the behavior of 
connections. Some of these parameters such as sec-
tional properties could be easily obtained. Using 
these properties along with an initial estimated value 
for the modulus of elasticity the analytical model is 
built in the SAP2000. 

To obtain an accurate value for the modulus of 
elasticity, deflections from the truss were compared 
with deflections in the analytical model under the 
same loading conditions. Ten loading configurations 
were set one-by-one on the truss while the vertical 
displacements were recorded at three different 
nodes.  As an example, loading configuration 10 is 
shown in the figure 3. On the east elevation of the 
truss the three sensors were placed on the bottom 
three center nodes named “South,” “Middle,” and 
“North,” respectively.  In each of the ten configura-
tions, all loads were placed on the east side of the 
truss. Each time the loadings are held in place long 
enough for the measurement systems to record many 
points, where the average is then taken.  From these 
10 configurations with three sensors, 30 points of 
deflection are obtained.  These same loadings were 
applied to the analytical model, and the deflections 
at the three sensor locations were recorded. The ac-
tual deflections were compared with the analytical 
model.  Linear regression is used to find a best esti-
mate for the modulus of elasticity. 
    When comparing the relative error between actual 
and analytical model’s deflections in all 30 points, it 
is found that some of the configurations had a much 
higher relative error than others, which could be the 
result of the following 2 facts: 1) some tests were 
held for a longer time, resulting in more samples 
than others, which in turn result in a more accurate  

 
 
 

 

estimation. 2) The model error, specifically the con-
nection stiffness, affects the estimation accuracy for 
some tests.  
Finally the axial stiffness of elements in the 
SAP2000 model is adjusted with the result from 
above, which was 1244 kips.  

4 DYNAMIC VALIDATION 

4.1 Extraction of Modal Properties 
In this section the modal properties of the truss 

including natural frequencies, damping ratios and 
mode shapes are estimated using dynamic test. Four-
teen sensor nodes were attached to the joints of the 
truss to measure the dynamic response of the struc-
ture. Each sensor provides two set of acceleration 
data in two directions. The dynamic excitation is 
ambient and therefore stochastic identification me-
thod is used to derive the modal properties.  

An additional sensor node is fixed on the ground 
as a reference node to represent the sensor and envi-
ronmental noise characteristics. Using 280 Hz sam-
pling frequency, data from the reference node and 
one of the sensors attached to the truss are collected. 
Figure 4 shows the time-history and the power spec-
tral density (PSD) of the output from these two sen-
sors. Comparison of the two signals in time domain 
shows that the signal to noise ratio of the collected 
data from the node on the structure is relatively 
large, making extraction of the structure’s modal 
properties possible. In addition, inspection on PSD 
of two signals provides information about frequency 
content of the noise, in the measured accelerations. 
This knowledge is useful in realization of dynamic 
properties of the truss.  

Figure 4 indicates that there are few dominant 
frequencies in the signal from the reference node 
which are possibly repeated in all the signals from 
structure’s response. Two major sources of these 
frequency contents of the reference node are: modal 
properties of laboratory structure which correspond 
to approximately 7 and 17 Hz frequencies in PSD 
and the electrical devices in the experiment’s envi-
ronment which correspond to 60~65 Hz frequency 
range. Based on this realization, these frequencies 
should not be considered in the identification of 
truss’s modal properties.  

45 lbs 45 lbs 45 lbs 45 lbs

S M N

Figure 2, 3-D steel truss of the experiment 
 

Figure 3, Loading configuration 10. 
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Dynamic tests were performed a few times to col-
lect satisfactory data for identification purpose. Neg-
lecting longitudinal response of the truss, totally 28 
channels provided the acceleration data of the 14 
joints of structure in two transverse directions. A 
low-pass digital filter with 35 Hz cut-off frequency 
is applied to the raw data to remove high frequency 
responses, which are not of major importance and 
also are more affected by noise. Afterward, Sub-
space state space algorithm is applied to the data to 
estimate the discrete-time state space model of the 
structure.  

Stability diagram is used to determine the optimal 
model order for the system identification algorithm. 
Figure 5 shows this diagram for a limited frequency 
band-width which contains the major modes of the 
structure. The convergence tolerance for both fre-
quency and damping ratio is 5%. The modal assur-
ance criterion (MAC) is also used to check the con-
vergence of the mode shapes in different model or-
ders. This criterion is defined as below: 

)()(
)(

11

2
1

i
T
ii

T
i

i
T
i

iMAC            (1) 

where i and i-1 are mode shape vectors of each 
mode calculated from state-space models with or-
ders i-1 and i. The mode shapes are considered to be 
converged when MAC factor is greater than 0.95. 
The stable model order is used for extraction of 
modal properties. As the reference node showed, 
there are some non-structural modal frequencies in 
the result that are removed from consideration. Ad-
ditionally, the result of modal analysis of the numer-
ical model gives information about the truss’s fre-

quencies and modal properties which helps realizing 
structural modes from the outputs of the algorithm.  
 
 
 
 
 
 
 
 
 
 
 
 
 

First three mode shapes of the structure are pre-
sented in figure 6. It is observed that the first mode, 
which is significantly dominant, happens in the out-
of-plane direction of the truss. This is also in agree-
ment with the modal analysis of the analytical mod-
el.  

As one of the aspects of this research, the devel-
oped analytical model is updated based on the re-
sults of dynamic test. Originally, there was a differ-
ence between frequencies of two analytical and ex-
perimental models which should be matched after 
model updating task. The most questionable parame-
ter in the analytical model is the assumed boundary 
conditions. In fact, when the geometry and sectional 
properties of the structural members are known, 
boundary conditions are the major uncertain parame-

 
 

 

 

 

 

 

 

 
Figure 4, Comparison of the Outputs of Reference and Attached Nodes in Time and Frequency Domains 
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ters which influence the dynamic behavior of the 
system. For this reason, the end fixity, as a portion 
of the element’s stiffness ( ), is defined as the 
variable to be determined by matching the frequen-
cies. Another consideration remains for the consis-
tency of updated model with the result of static test. 
Therefore, an iteration process between the modal 
and static analysis of the model is performed.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
Figure 6, First 3 extracted mode shapes, frequencies and damp-
ing ratios. 

 
Figure 7, shows the comparison of first mode 

shape obtained from both system identification and 
the updated analytical model.  

 
 
 
 
 

Figure 7, first mode shape: experimental vs.  analytical re-
sult 

5 DAMAGE DETECTION USING AUTO-
REGRESSIVE MODEL 

Given a time series  (in this case acceleration 
measurements), an AR model with order p can be 
constructed as: 

 
                        (2) 

 
where s are the model coefficients and  is ran-
dom error. Once established, the model can be used 
to predict other time-series, and residuals are ob-
tained as the error between prediction and real signal 
at different time points. 

As long as the new measurements are similar to 
the baseline measurements to which this model is 
fitted, the prediction from the model should be close 
to new signal. However, if the incoming data is not 
acquired from the same structural condition under 
which baseline measurements are collected, then the 
model will no longer be able to make precise predic-
tion, and a substantial change in the distribution of 
residuals is expected. Based on this reason, all the 
damage detection procedures discussed in this paper 
are focused on the analysis of residuals. 

5.1 Model Order Selection 
Akaike’s Information Criterion (AIC) (Brockwell 

et al. 2002) is employed to select the proper model 
order. Its aim is to obtain a balance between the 
complexity of the model and accuracy of the predic-
tion. According to this theory, the best model should 
be the one that minimizes the AIC value, which is 
the sum of the prediction error and a penalty term 
that increases with the number of parameters in the 
model. 
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Through AIC value comparison, the model order 
for this study is set at 28 lags. A series of trials also 
proved that higher order models do not yield a better 
performance. 

5.2 Statistical Damage Classification 
Damage is simulated by adding two 45-lb weight 

discs at the mid-span on the lower cord of the truss. 
Free vibration tests are conducted for both damaged 
and undamaged states; for each case two sets of ac-
celeration measurements are collected by the WSN. 
In each case, system vibration is introduced by push-
ing the structure from mid-span and then releasing it 
when the sensors start recording data. A low-pass 
Chebyshev filter with cutoff frequency of 40 Hz is 
applied to the data. The sampling rate after filtering 
is 80Hz, and every data set contains 4250 samples.  

5.2.1 Statistical Process Control (SPC) 
Widely used in management of manufacture in-

dustries, SPC’s underlying assumption is that when 
a system deviates from its original state, a change 
will occur in the statistical characteristics of the fea-
tures monitored/charted. Generally, a control chart 
features a center line and two control limit lines (up-
per and lower bound).  

Upper/Lower Control limits are drawn at points 
above/below which the likelihood for the features to 
occur is small. When the system is stable, the 
charted values should mostly remain inside the con-
fidence region; otherwise, a significant amount of 
outliers will appear in the charts. 

Only the last 2200 points of each data set is used 
here since the patterns shown by the first half are 
much affected by the initial load condition, which 
varies between different tests. The AR model is con-
structed using the first data set from undamaged 
state, and the other 3 are fitted to this model. The 
residual series (2200-28=2172 points) for all these 
four cases are then computed and divided into sub-
groups of size four, and control charts are used to 
detect the change in means and variances of resi-
duals within each subgroup.  

If the residuals are truly normally distributed ran-
dom sequence, the subgroup mean should also have 
a normal distribution and the subgroup variance 
should have a chi-square distribution with degree of 
freedom three (Fugate et al. 2001). Hence, the con-
trol limits are   for the mean  and 

 and , for 

standard deviation ,  where  is the pooled va-
riance/mean variance of baseline subgroups,  is the 
significance level (0.05 in this case) and  is the 
subgroup size. 

The x-bar and S control charts, shown in Figures 
8 & 9, are constructed from measurements at node 4. 

Figure 8,   control chart of the residuals

Figure 9,   control chart of the residuals 
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Investigation of all other nodes also yields similar 
results and thus is not presented here. It can be seen 
that the x-bar chart gives a better performance than 
S chart which is because of the fact that the system 
is still within the linear range, so the variance 
change in the residuals is not very significant. 

5.2.2 Randomness Test of Residuals: 
According to the definition of AR model, the resi-

duals at different times should be nearly uncorre-
lated. In other words, if the model creates a good fit 
of the signal, then it should take care of everything 
predictable from information in the previous data, 
and the error should be the result of some random 
factors beyond control. 

Therefore, when the model fails to make a good 
predication of the input, some information of the 
underlying signal generator will ‘leak’ into the resi-
duals, thus creating patterns that can be detected us-
ing autocorrelation analysis. 

The Ljung-Box test (Ljung et al., 1978) is a useful 
statistical tool to decide if the autocorrelation of a 
time series is near zero. Here  (the null hypothe-
sis) is that the signal is random. Extensively applied 
in autoregressive modeling, the test statistic is calcu-
lated by taking into consideration the autocorrelation 
value over a number of lags, and thus can well 
represent the overall randomness of a signal. Its de-
finition is given in equation 3: 

                  (3) 

where  is the sample size or the length of the time 
series,  is the number of lags, and is the autocor-
relation at the  lag. Since this  statistic follows a 

 distribution under the normality assumption of 
the input, for a significance level , the rejection 
threshold can be set at  , which is the -quantile 
of the  distribution with  degrees-of-freedom. 

Three experiments are performed using this me-
thodology. For all of the tests,  is equal to 0.05. In 
the first experiment, this test is applied to the whole 
length of each data set, and the lag number is se-
lected to be 75. Measurements are all from node 4 as 
results from one node can fairly represent the overall 
behavior. One data set from undamaged state is used 
as the baseline to construct the AR model and the 
other is reserved for false-positive testing. In the 
second experiment, each data set is segmented into 
sixteen 500-sample blocks with 50% overlap, which 
are then labeled chronically from 1 to 16. On every 
4 blocks with the same label but drawn from differ-
ent files, a test can be conducted in the same way as 
in the first experiment, only with a reduced sample 
size, and hence a reduced lag number of 25. Signal 1 
is used as the reference channel. The results from 
these two tests are summarized in tables 3 and 4. 
 

Table 3.  results from 1st experiment (measurements are taken 
from node 4) 

Hypothesis Testing result 
 1st test 

(Signal 1 as reference) 
2nd  test 

(Signal 2 as reference) 
 Q-statistic H0/H1 Q-statistic H0/H1 

Signal 1: 
Undamaged 

17.3895 0 50.8961 0 

Signal 2: 
Undamaged 

34.2123 0 21.3803 0 

Signal 3: 
Damaged 

1144.8 1 1094.3 1 

Signal 4: 
Damaged 

799.6384 1 962.7779 1 

 
Table 4. results from 2nd experiment (number before the dash: 
times that H0 is rejected; number after the dash: total number of 
tests) 

Structural 
condition

Node num. 
1 2 3 4 5 

Signal 1:Undamaged 0/16 0/16 0/16 0/16 0/16 
Signal 2:Undamaged 1/16 2/16 2/16 0/16 1/16 

Signal 3:Damaged 16/16 16/16 16/16 16/16 16/16
Signal 4:Damaged 14/16 15/16 15/16 15/16 15/16

 6 7 8 9 10 
Signal 1:Undamaged 0/16 0/16 0/16 0/16 0/16 
Signal 2:Undamaged 0/16 2/16 2/16 1/16 1/16 

Signal 3:Damaged 16/16 16/16 16/16 16/16 16/16
Signal 4:Damaged 15/16 16/16 15/16 16/16 15/16

 
Table 5. results from 3rd experiment 

 
Through examining the  -statistics of the second 

experiment it is found that most cases of the mis-
classification happen in the tests of first few blocks, 
thus providing verification that data collected at the 
beginning of each case is not representative of the 
structural condition. The third experiment is carried 
out by taking eight random samples with size 500 
out of the last half of every signal and performing 

Structural 
Condition 

Hypothesis 
Testing result 

Test number 
(all signals come from node 4)

1 2 3 4 
Signal 1: 

Undamaged
Q-statistic 2.49 2.07 2.25 2.19 

H0/H1 0 0 0 0 
Signal 2: 

Undamaged
Q-statistic 4.10 6.84 14.77 7.93 

H0/H1 0 0 0 0 
Signal 3: 
Damaged 

Q-statistic 67.58 51.01 74.17 73.86 
H0/H1 1 1 1 1 

Signal 4: 
Damaged 

Q-statistic 80.17 55.97 69.97 51.76 
H0/H1 1 1 1 1 

 5 6 7 8 
Signal 1: 

Undamaged
Q-statistic 6.50 9.53 5.32 12.95 

H0/H1 0 0 0 0 
Signal 2: 

Undamaged
Q-statistic 2.30 2.38 2.50 2.66 

H0/H1 0 0 0 0 
Signal 3: 
Damaged 

Q-statistic 90.70 41.31 51.49 65.42 
H0/H1 1 1 1 1 

Signal 4: 
Damaged 

Q-statistic 88.66 32.45 70.84 73.02 
H0/H1 1 0 1 1 
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tests on them. The maximum time lag in Q-statistic 
calculation is again 25. For the first four tests the 
reference channel is signal 1, while for the last four 
the reference comes from signal 2. The algorithm’s 
performance is nearly perfect, with only one mis-
classification. As shown in Table 5, the algorithm’s 
performance is nearly perfect, with only one mis-
classification. 
 
6 CONCLUSION 

In this paper, static and dynamic tests were per-
formed on an experimental 3D truss. Based on the 
specifications of the truss and the results of the static 
tests, an analytical model of the truss was developed. 
Using dynamic tests, modal properties of the struc-
ture were extracted and the analytical model was 
updated. As a result of dynamic updating, the fun-
damental vibration mode of the truss was matched 
with the analytical model.  

Local damage was implemented on the structure 
and two damage detection algorithms, namely statis-
tical process control and randomness test of AR re-
siduals, were applied to detect the damage. Both al-
gorithms give satisfactory performance. The ran-
domness test of AR residuals presented a more ac-
ceptable result in the sense that it was less affected 
by excitation conditions and more sensitive to struc-
tural change. However, further validation tests are 
needed before a decisive conclusion can be reached 
regarding the effectiveness of these algorithms in 
general damage detection problems. Also, in the 
second method, the lag numbers were chosen in a 
somewhat arbitrary way. Further efforts are needed 
to quantify the relationship between the lag length 
and sample size. In general, the larger the sample 
size, the longer the lag. 
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