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Frequency changes in frequency-based damage identification

Marian Ralbovsky*, Stefan Deix and Rainer Flesch

Austrian Institute of Technology, Giefinggasse 2, 1210 Vienna, Austria

(Received 28 February 2008; final version received 27 May 2009)

The eigenfrequencies of a bridge are influenced by the environment and by structural integrity. The task of damage
identification is to conclude structural integrity from measured eigenfrequencies. Environmental frequency changes
are a negative effect that hinders reliable damage identification. In this paper, it is experimentally shown how
temperature and traffic load affect the eigenfrequencies, and reduction of this effect using a frequency prediction
model is presented. Random variations are described using a probability density function, and a damage indicator
based on this function is proposed. The paper addresses the issue of reliability of damage detection considering
random and systematic errors that are present in the eigenfrequencies extracted from measurements. Various
damage scenarios are presented, both with identifiable and non-identifiable damages.

Keywords: damage identification; eigenfrequency variation; bridge monitoring; reliability of damage detection

1. Introduction

1.1. Problem statement

Frequency-based damage identification has been the
focus of much research work. Using detection of
frequency changes is attractive because the require-
ments of instrumentation are relatively low. One or
two sensors can be sufficient, and the procedure of
extracting eigenfrequencies is relatively simple. High
accuracy of the extracted frequencies can be achieved
using longer measurement periods. On the other hand,
the changes of frequencies due to most damage cases of
interest are also low (Feltrin 2002). Consequently,
the question of if the accuracy of the extracted
eigenfrequencies is sufficient to detect a particular
damage arises.

The results of long-term monitoring of various
bridges showed that structural eigenfrequencies are
subject to environmental influences such as tempera-
ture (Farrar et al. 1997). Heavy traffic may also have
an influence by adding mass to the system and thus
reducing the eigenfrequency. If the extent of frequency
changes during normal bridge operation is not
considered in damage identification, it produces false
positive detections of damage are produced. It makes
sense to try to describe the particular sources of
frequency changes during normal bridge operation, as
well as to evaluate the accuracy of the extracted
frequencies in terms of standard deviations. This work
is focused on damage detection on level 1, which means
detecting the presence of damage in the structure.

1.2. Experiment on the Reichsbrücke bridge

The Reichsbrücke bridge (Figure 1) is located in
Vienna, Austria. It crosses the Danube River and
connects the northern districts with the city. It carries
six lanes of road traffic, two underground train lines
and two footpaths. The structure is a post-tensioned
concrete two-box girder with five spans: 88 m, 170 m,
150 m, 60 m and 60 m.

The bridge was instrumented with a permanent
monitoring system during a national research project.
The monitoring system consists of four triaxial
accelerometers, four strain gauges and six temperature
sensors (Figure 2), which have been placed in the
maintenance corridor of the bridge. The strain gauges
were installed at the top part of the cross-sectional
wall, acceleration sensors were placed at the bottom
slab of the maintenance corridor and structural
temperature sensors were placed at the concrete
surface near acceleration sensors. Air temperature
sensors were placed outside of the box girder.

Signals are digitalised at the sensors and trans-
ferred via a process field bus (PROFIBUS) connection
to a server that is located in the bridge. The
PROFIBUS data transmission system (Kleines et al.
1999) has a field bus topology and allows decentralised
transmission of data from several sensors through one
cable at a sufficient bit rate. The bridge server is
equipped with a broadband internet connection. It
collects the data and makes them remotely accessible
via file transfer protocol (FTP). The major part of the
data processing is carried out automatically by
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software that was created specially for this purpose.
The extraction of eigenfrequencies is one part of the
automatic evaluation; other routines perform identifi-
cation of traffic load events, etc.

The eigenfrequencies are identified from frequency
spectra. To achieve high accuracy of the extracted
frequencies, high spectral frequency resolution and low
noise are required. An extended measurement time is
necessary to meet this requirement. The frequency
spectrum used for eigenfrequency estimation is calcu-
lated using measurements of 66 minutes length. First, a
discrete Fourier transform (DFT) is obtained using the
fast Fourier transform algorithm. The Hanning
window is applied in order to minimise leakage errors.
The size of the window is 65,536 samples, which results
in a high frequency resolution (0.0061 Hz) of the DFT.
To reduce the random noise components, 32 DFTs are
averaged to obtain the resulting frequency spectra.
Particular time windows overlap by 30%. Next, the
frequency spectrum is used for eigenfrequency estima-
tion. This is done by curve fitting of the theoretical
structural frequency response in the eigenfrequency
vicinity, under the assumption that the frequency
spectrum of the excitation is uniform in a narrow
band around the eigenfrequency. This simple approach
provides better estimation than simple peak picking.
Although more developed approaches of eigenfre-
quency estimation (e.g. stochastic subspace identifica-
tion) exist, they are generally less suitable for an
automated routine due to larger computational times
or necessity of user interaction. The accuracy of the
extracted frequencies is estimated to be between 0.001
and 0.002 Hz. Fortunately, the estimation of

eigenfrequencies is not influenced by inaccuracy of
the sensor sensitivity, which affect only the signal
amplitudes (Deix and Ralbovsky 2005).

2. Operational frequency changes

2.1. Temperature effect

The effect of temperature on structural eigenfrequencies
hasbeenobservedbymany engineers during long-termor
periodic vibration tests; these can be found in Cremona
et al. (2008), Peeters and De Roeck (2000) and Sun et al.
(2008). The observed effect on this bridge shows similar
attributes as measurements on other concrete bridges.
The common features in temperature–frequency relation-
ships are a distinct change of the behaviour around 08C,
and increased slope in the range 0–108C.The temperature
effect can be caused by temperature-dependent material
properties or boundary conditions. Alampalli (1998)
showed that frequencies can undergo a large change
during freezing of the supports.

During 2.5 years of monitoring on the Reich-
sbrücke bridge, air temperature extremes of 712.5 and
34.18C have been measured; the structural temperature
ranged between 75.4 and 32.78C. The changes of the
frequencies have been evaluated within this range of
temperatures. The temperature dependency of the
frequencies was obvious. The mean structural tem-
perature dependency of the first and third eigenfre-
quency values are shown in Figure 3. The structural
temperature was assumed to be the mean from four
structural temperature sensors.

In order to identify structural changes from eigen-
frequencies more accurately, the temperature effect
should be compensated using a data normalisation
technique. The developed techniques, summarised by
Sohn (2007), are split into two groups depending on the
need of environmental variable measurements. Techni-
ques developed to normalise data without temperature
measurements assume that any change in the structure
will produce eigenfrequency vector changes that are
orthogonal to changes during normal operation. This
principle is used in singular value decomposition, factor
analysis or auto-associative neural network techniques.
On the other hand, techniques that use temperature
measurements do not need such an assumption.
Regression analysis is commonly used for data normal-
isation with environmental data. Dynamic regression
analysis in the time domain using autoregressive models
with exogenous inputs (ARX model) was used by
Peeters et al. (2001) and Lee et al. (2006). In this work,
nonlinear regression analysis is applied, which is a
traditional approach that can provide good results.

Separate curves were fitted for the range above and
below 08C. The fitted curve was a combination of
a linear and an exponential function (Equation (1)).

Figure 2. Sensor locations along the bridge and in the cross
section.

Figure 1. Reichsbrücke bridge, Vienna.
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This function type was chosen because it was con-
sidered to be suitable for representing present data,
especially because of the changing slope in the range 0–
158C. Other function types may be chosen for data
from other bridges, depending on the shape of the
data. The coefficients a7d of the curve were optimised
using a nonlinear least squares method. Data from
*1 year were used for the optimisation:

f t Tð Þ ¼ aTþ bþ exp c T� dð Þð Þ; ð1Þ

where T is structural temperature.

2.2. Traffic load effect

The vehicles that drive across the bridge interact with it
and change its dynamic properties. The system changes
due to the presence of additional vehicle mass on the
bridge, the stiffness of vehicle suspension system and
the position of the vehicle. Generally, a decrease of
frequencies can be observed, and usually heavy
vehicles produce a larger frequency decrease. Kwon
et al. (2005) showed this effect using measurements on
a steel bridge under light, mixed and heavy vehicle
traffic. He also showed the separate effects of vehicle
mass, vehicle suspension and vehicle position, which he
examined by numerical simulations. To the contrary,
measurements of Farrar et al. (1997) did not show the
frequency decrease that was predicted by numerical
simulations. They investigated the influence of parked
vehicles on structural eigenfrequencies, and modelled
the vehicles as masses. The measurements on the
Reichsbrücke bridge showed that the traffic influences
the eigenfrequencies of this bridge. It can be observed
by comparing the data from working days and
weekends, which have different traffic intensities.
Traffic load effects can be compensated using the
previously mentioned data normalisation techniques.

The bridge eigenfrequencies change during the
passage of a vehicle, the duration of which is usually
in the range of seconds. The eigenfrequencies are
extracted from measurements, the duration of which is
usually in the range of minutes. The extracted
eigenfrequencies are therefore influenced by a smeared
traffic flow rather than by single vehicles.

Strain gauges that are installed on the bridgemeasure
the strain that is caused by the traffic load. The values of
the measured strain are proportional to the overall mass
of vehicles on the bridge. Therefore, a relationship
between eigenfrequencies and strain must exist.

The magnitude of overall traffic load is governed
mostly by underground train passage, as can be seen
from the recorded strain signal shown in Figure 4. The
mean value of strain was calculated for each measure-
ment, and the eigenfrequencies were also extracted. To
show the effect of traffic loads, the eigenfrequencies
have to be first compensated for the temperature effect.
Figure 5 shows the difference between measured and
predicted frequencies, according to the temperature
effect of Equation(1); data from a continuous data
stream of 9 months is displayed. Correlation coeffi-
cients between frequency differences and mean strain
values are 0.52 for the first eigenfrequency and 0.25 for
the third eigenfrequency. While the first eigenfre-
quency shows good correlation to traffic loads, the
effect on the third eigenfrequency is lower.

The influence of traffic load is not as significant as
the influence of temperature, but it can be clearly
identified, especially on the first eigenfrequency.

2.3. Prediction models

After examining the influences of temperature and
traffic load, a prediction model of eigenfrequencies can
be constructed. The task of the prediction model is to

Figure 3. Temperature dependency of: (a) the first and (b) the third eigenfrequency.
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give an estimate of the eigenfrequencies based on the
operational condition (temperature and mean strain)
of the bridge. The prediction model was, in this work,
defined as a set of functions, coefficients of which have
been optimised so that the functions are fitted to the
measured values. The quality of the prediction model is
reviewed by statistical evaluation of the differences
between the measured and predicted values. The
prediction model is constructed from approx.. 1 year
of measurement data, which is the ‘learning’ phase.
The statistical evaluation of the model is performed on
the remaining 1.5 years of measurement data, which is
the ‘application’ phase. The quality of the prediction
model is crucial for successful damage detection.

Three prediction models will be presented in the
following text. The first model is ‘constant’ and it
consists just of one constant value. It is included just to
show the type of results we would get if the operational
condition was not considered.

The second model is ‘temperature’, and it defines
the frequency estimate using the structural temperature
according to the linear þ exponential function of
Equation (1).

The third model is ‘temperature þ strain’, and it
includes structural and air temperatures and measured
mean strain (Equations (2)–(5)). The coefficients a7g
were fitted using the nonlinear least squares method:

f t T; eð Þ ¼ �fkT Tð Þ ke eð Þ; ð2Þ

kT Tð Þ ¼ aTþ bþ exp c T� dð Þð Þ; ð3Þ

ke eð Þ ¼ 1þ eeþ fe2 ð4Þ
and

T ¼ gTstruct þ 1� gð ÞTair; ð5Þ

where Tstruct is structural temperature, Tair is air
temperature and e is mean of measured strain
amplitude.

Properties of the prediction models are evaluated by
calculating the prediction errors Df ¼ fm7f t, where fm

is the measured and f t the predicted frequency. The
prediction errors are statistically evaluated using
standard deviations and correlation coefficients. Table 1
lists the standard deviation of prediction errors of
eigenfrequencies 1–3 in the application phase.

Correlation coefficients between prediction errors
of particular frequencies can be used as indicators of
missing parameters in the prediction model. Large
values of correlation indicate the presence of a
parameter that has not been included in the model.
From the values in Table 2, it can be seen that
correlation coefficients in the ‘constant’ prediction
model are very large. When the parameter of
temperature (model ‘temperature’) is included, the
correlations drop rapidly. A further small decrease of
the correlations is noticed after inclusion of the
parameter of strain (model ‘temperature þ strain’).

The correlation of prediction errors can be seen in
Figure 6, where prediction errors of the first and third

Figure 4. Recorded strains caused by crossing of underground
train and trucks.

Figure 5. Strain dependency of frequency prediction errors of the temperature model of: (a) the first and (b) the third
eigenfrequency.
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eigenfrequencies are plotted in one diagram. The ideal
value of the correlation coefficient would be zero,
which means that prediction errors would act as
independent random variables.

The distribution of the prediction errors can be
shown by calculating the occurrence frequency of the
prediction errors in defined ranges of error values.
Figure 7 shows the relative occurrence frequency of
errors of particular prediction models. The distribu-
tions are calculated in the range of +2s, which was
divided into 25 bins. The ‘constant’ model shows a
large variation and also an unfavourable distribution
with a peak away from zero. The ‘temperature þ
strain’ model has the narrowest variation.

Further improvements could be made by taking into
account more environmental parameters. The influence
of temperature gradient was investigated by Rohrmann
et al. (2000), and the optimal number of temperature
sensors to capture the temperature fields along the

bridge was examined by Lee et al. (2006). Possible
improvements may be made by using additional
temperature sensors in the asphalt layers, which are
largely affected by sun radiation. Concrete humidity
could also be included as an additional parameter.

3. Frequency changes due to structural damage

Damage was simulated by introducing stiffness
changes to a finite-element (FE) model. A detailed
FE model with three-dimensional brick elements was
used for this purpose. The size of the model was
approx. 75,000 elements and 80,000 nodes.

Seven damage scenarios will be presented. The aim
is to show both the damage that can and cannot be
identified. Damage scenarios represent reductions of
elasticity modulus in three different areas; the extent of
the elasticity reductions was varied. In all damage
cases, the bottom slab of the box girders was damaged.
The real concrete cracking is modelled as a reduction
of the elasticity modulus of concrete (Ec). While Ec is
reduced in the damaged areas, the stiffness of the
reinforcing and prestressing steel remains intact.

Damage area 1 is in the middle of the second and
third span and it covers 16% of each span length.
Damage area 2 is at the middle pier and its length is
approx. 8% of the span length. Damage area 3
represents a local damage of the bottom slab in the
second span. The length of damage area 3 is only 2%
of the span length. Figures 8 and 9 show the location
of damage areas 1 and 2 in the bridge.

Structural eigenfrequencies in the damage scenarios
were calculated and compared to the frequencies of
undamaged structure. The relative frequency changes
are listed in Table 3. The values of relative frequency
changes were small, mostly lower than 1%.

Table 1. Standard deviation (s) of prediction errors.

Standard deviation (Hz)

Prediction model s (Df1) s (Df2) s (Df3)

Constant 0.0068 0.0117 0.0217
Temperature 0.0027 0.0051 0.0096
Temperature þ strain 0.0019 0.0037 0.0084

Table 2. Correlation coefficients (r) of frequency prediction
errors.

Prediction model r12 r13 r23

Constant 0.95 0.81 0.82
Temperature 0.51 0.34 0.16
Temperature þ strain 0.45 0.24 0.12

Figure 6. Prediction errors of the first and third frequencies in: (a) the constant and (b) the temperature þ strain model.
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4. Ability of damage detection

4.1. Probability density of frequency prediction errors

In x2, it was shown that the measured eigenfrequencies
of a healthy structure exhibit changes due to known and

unknown reasons. The known influences were incorpo-
rated into a frequency prediction model that gives an
estimate of frequencies based on the operational
condition of the bridge. This reduced the variation, but
did not eliminate it. The remaining variation has to be
considered in the damagedetection, and itwill determine
the ability of damage detection in particular damage
scenarios. The frequency predictionmodel ‘temperature
þ strain’ will be used in all further calculations.

The error of the frequency prediction model can be
described as a probabilistic function of n variables,
where n is the number of extracted eigenfrequencies.One
good possibility would be to use a multinormal
distribution to describe the probabilistic frequency
error. In this work, the probability density function
(pdf) will be evaluated numerically from the density of
measured values at particular points, which means that
no theoretical distribution is used. The pdf at a given
point D can be calculated by counting the measured
values within a space O around the point D. If NO is
the number of values within O and N is the total
number of measured values, the probability density is
calculated as:

pdf Dð Þ ¼ NO Dð Þ
NO

; ð6Þ

where

D ¼ Df1 Df2 Df3f g: ð7Þ

The advantage of this type of pdf evaluation is that it
can capture possible irregularities of the function, but,
on the other hand, it gives good results only if the set
of measured values is large.

4.2. Damage indicator

Detected frequency changes can be used after compensat-
ing environmental effects for evaluation of a damage
indicator. Various definitions of the damage indicator can
be found in the literature. Brincker (1995) defines a
significance indicator of particular eigenfrequencies using
statistical analysis. Doebling and Farrar (1998) used the
t-test for testing the statistical significance of dynamic
parameters. Principal component analysis has been
applied by Yan et al. (2005) for compensation of unmea-
sured environmental parameters and damage detection by
formulatinganovelty index.KangandLee (2008) detected
damage under the assumption that damage produces a
sudden change of dynamic parameters, whereas environ-
mental parameters produce its slow change.

The main task of this work was to formulate a
damage indicator that combines all measured eigen-
frequencies into one value, which is based on the
statistical significance of the measured changes.

Table 3. Frequency changes (Df) due to introduced
damages.

Damage
scenario

Damage
area

Ec

reduction
(%)

Df1
(%)

Df2
(%)

Df3
(%)

1 1 10 70.06 70.14 70.09
2 1 25 70.17 70.39 70.24
3 1 50 70.39 70.87 70.55
4 2 10 70.14 70.14 70.04
5 2 25 70.37 70.38 70.58
6 2 50 70.91 70.92 71.67
7 3 100 70.14 70.17 70.05

Figure 7. Relative occurrence frequency of second eigen-
frequency prediction error.

Figure 8. Damage area 1.

Figure 9. Damage area 2.
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Examining particular eigenfrequencies separately is
relatively simple because the probability density is only
a one-dimensional function. The disadvantage may be
a little difficulty in combining results from particular
eigenfrequencies into a single conclusion. In addition,
correlations between frequency changes are neglected.
The presented damage indicator eliminates these
disadvantages because it is based on a more-dimen-
sional pdf. It would also react to slow changes that
could take place in the structure.

Let us denote the set of evaluated frequency
prediction errors of healthy structure as SD

u. This set
has been obtained from long-term monitoring of the
structure and it contains data preferably from more
than 1 year of monitoring in order to capture all
possible normal bridge conditions. The task of damage
detection in permanent monitoring is to compare the
current structural condition with SD

u and to conclude
the presence of damage.

Let us define a variable p(D) as the probability that
the pdf of a randomly chosen point Dr from SD

u is
lower than pdf(D):

p Dð Þ ¼
Z Z Z

pdf Drð Þ<pdf Dð Þ

pdf Drð Þ dDr: ð8Þ

A triple integral was used because three eigenfrequen-
cies were extracted and thus pdf(Dr) is three-
dimensional.

Properties of p(D) in a healthy structural state can
be examined by evaluating p(D) at all points of the data

set SD
u. Values of p(D) have a uniform distribution

between 0 and 1 in healthy structural state.
A damage indicator is formed using the values of

p(D) from a recent time period that represents the
current state of the structure. The damage indicator is
calculated as the mean of recent p(D) values. In the
case of a healthy structure, the mean should be
m(p) ¼ 0.5. In the case of a damaged structure, the
mean m(p) should decrease. The length of the ‘recent
time period’ determines the data set size of recent
values p(D). Longer periods produce more stable
means because the data set is larger, but they also
cause a slower reaction of damage detection. In the
following calculations, a value of 2 days has been used
for the length of the recent time period.

4.3. Validation

The procedure has been validated by evaluating the
damage indicator m(p), with data of the undamaged
structure. Boundaries of m(p) values were obtained and a
damage threshold value of m(p) stated. The time window
of 2 days length was slid through the whole data set SD

u.
The obtained values of damage indicator m(p)

ranged between 0.4 and 0.7 (Figure 10). Thus, a
threshold value of m(p) ¼ 0.4 will be used for
determining damage in the structure. The present
deviations of the damage indicator from the mean
value 0.5 show that parameters exist that are not
considered in the frequency prediction model.

4.4. Damage detection

Damage detection in particular damage scenarios has
been simulated by modifying the set of measured
frequencies with frequency changes that were calcu-
lated with the FE model, which were listed in Table 3.
The calculated ratio of damaged frequency to
undamaged frequency has been applied to all measured
values. Thus, modified sets of quasi-measured values
SD

d1 – SD
d7 have been obtained for damage scenarios

1–7. The damage indicator has been calculated again
using a sliding time window of 2 days (Figure 11).Figure 10. Damage indicator of healthy structure.

Figure 11. Damage indicator of three damage scenarios.

Structure and Infrastructure Engineering 7

D
o
w
n
l
o
a
d
e
d
 
B
y
:
 
[
R
a
l
b
o
v
s
k
y
,
 
M
a
r
i
a
n
]
 
A
t
:
 
1
0
:
0
5
 
6
 
A
u
g
u
s
t
 
2
0
0
9



Damage indicator m(p) showed minor decreases in
damage scenarios 1 and 4, and therefore these damage
scenarios were classified as not identifiable. Damage
scenarios 3, 5 and 6 gave damage indicators that were
constantly below the threshold value of m(p) ¼ 0.4,
and therefore they were classified as identifiable.
Damage scenario 2 showed a noticeable decrease of
the damage indicator, but the indication of damage
was not consistent. The value of m(p) rises in certain
times close to the value of the undamaged structure,
but mostly it remains under the threshold value.
Damage scenario 2 has therefore been classified as
‘mostly identifiable’. Table 4 summarises the results of
damage detection possibility; it also lists the ratios
of frequency changes caused by damage and the
standard deviation of particular frequency prediction
errors.

5. Conclusion

Frequency changes have been observed in a case study
of a large concrete bridge. Reasons for the frequency
changes during normal bridge operation have been
analysed, and the influences of temperature and traffic
load have been shown. Frequency prediction models
have been stated by evaluating the functional relation-
ship between temperature, strain caused by traffic load
and particular eigenfrequencies. The temperature has a
major influence on the eigenfrequencies. The influence
of traffic load was smaller, as can also be expected for
the case of large bridges. The variation was reduced
using a frequency prediction model. The remaining
variation includes random errors and also some
systematic errors, which can be observed from the
remaining correlation of prediction errors between
particular frequencies. The presence of systematic
errors indicates a missing parameter in the prediction
model. Additional parameters could further improve
the variations, which would require an enhancement of
the monitoring system.

A damage indicator has been defined that is based
on the pdf of frequency prediction errors in a healthy

structural state. Long-term measurements of the
healthy structure are required in order to build a
good frequency prediction model and a pdf. The
damage indicator has been evaluated in seven simu-
lated damage scenarios. It can be stated that the
damage can be reliably identified in three damage
scenarios. The damage could not be identified in cases
with minor stiffness reduction of damaged areas or in
the case of quite local damage (scenario 7). It seems
that damage detection is possible if the frequency
changes due to damage exceed approximately one
standard deviation of the frequency prediction error in
each of the frequencies.
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