
Relations between the quality of identified modal parame-
ters and measured data obtained by structural monitoring

S. Marwitz 1, V. Zabel 1

1 Bauhaus-Universität Weimar, Institute of Structural Mechanics,
Marienstraße 15, 99423, Weimar, Germany
E-mail: simon.jakob.marwitz@uni-weimar.de

Abstract
In structural monitoring a structure’s response to loads and environmental influences is continuously ob-
served to reduce the uncertainties in the assessment of the actual structural condition, justify an extension of
service life or to detect possible damage. In this study, a monitoring system using accelerometers and fibre
bragg gratings was installed on a telecommunication tower with a rotationally-symmetric cross-section.
The quality of measured time histories is varying and affecting subsequent analyzes. Two approaches were
used to estimate data quality. Modal parameters were estimated by an automated operational modal analysis.
Relations were observed between the quality of the measured data and of the modal parameters as well as
between the modal parameters and environmental conditions. The paired mode shapes (due to the symmetry)
where shown to be spatially orthogonal. Results indicate, that monitoring the modal parameters of slender
civil structures can be achieved, when the quality of acquired data reaches an acceptable minimum.

1 Introduction

Many civil structures, such as bridges or towers built in the 1960s and 1970s, will reach the end of their
planned service life in the coming years. Furthermore, due to the development of design codes and further
guidelines, it is often no longer possible to comply with these standards. However, in many cases continued
use is reasonable or necessary and therefore an alternative assessment of the remaining bearing capacity
and/or serviceability must be achieved. In these cases, structural monitoring offers an economic option for
estimating certain structural parameters and measuring local stresses. The global dynamic properties as well
as the intensity and frequency spectrum of loads are of particular interest for structures subject to dynamic
loads such as bridges and masts/towers.

In this study, a monitoring system consisting of acceleration, strain and temperature sensors as well as
anemometers was installed on a telecommunication tower. Traditional seismic accelerometers were used
to capture the global vibration behavior. Local strains were acquired using Fibre Bragg Grating (FBG) sen-
sors, which are not affected by electromagnetic radiation due to transmission operations. The use of FBGs
for structural monitoring has been tested many times [1], but the recorded measurement data has been rarely
used for Operational Modal Analysis (OMA) [e. g. [2, 3]. Structural monitoring and automated OMA using
accelerometers, in contrast, is a well studied field (see e.g. [4, 5, 6]).

In the presented study, strain and acceleration measurement data was used to independently identify modal
parameters and their standard deviations by means of OMA. These uncertainties were then related to different
estimates of data quality and compared with each other. Restrictions, advantages and disadvantages are
identified and recommendations for similar structural monitoring tasks are given.
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Figure 1

2 Description of the Monitoringsystem

Telecommunication Tower As part of the monitoring task, a telecommunication tower, built in the 1970s,
with a height of approximately 200 m was instrumented. It is a cantilever structure with a tapered, rotationally
symmetric cross-section consisting of three parts: a prestressed concrete cylinder at the bottom, followed by
a steel shaft and a glass-fibre reinforced plastics (GRP) cylinder on the top (Fig. 1a). Due to its exposed
position and construction type, the tower is mainly excited by dynamic wind loads. Additionally, a tuned
mass damper has been installed at the tower’s tip, consisting of a steel/concrete ring with a mass of about
1000 kg, hanging on short pendulum rods and connected to friction spring dampers.

By means of a structural monitoring system the dynamic behavior of the tower and its relations to the envi-
ronmental conditions should be investigated.

Measurement Devices The monitoring system was gradually extended over the course of three years. Sen-
sor locations were chosen, based on preliminary short-term measurements and a numerical modal analysis
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of a finite element model of the tower. In a first step three pairs of accelerometers (sensitivities: 10 V/g and
1 V/g), measuring horizontal vibrations, were placed about halfway up, at the tower’s top and on the TMD,
also at the top. Temperature sensors (Pt100) and anemometers at both locations were installed to record
environmental influences.

In order to improve the system identification results and to achieve a higher spatial resolution of the mode
shapes, another three pairs of acceleration sensors were installed along the upper half of the tower about a
year later (Fig. 1a).

All analog signals from the sensores were digitized at distributed stations that connected to a controller at the
ground. Using fibre-optic connections, the electromagnetic perturbations due to the transmission operations
was substantially reduced, but could not be completely avoided. The dynamic amplitudes that were reached
with the accelerometers during three years of operations were ± 0.95 m s−2 (RMS: 0.51 m s−2) and are well
within the limits of all devices involved.

In the last expansion stage, several strain sensors were installed to identify local mechanical loads at the
transition piece between the prestressed concrete shaft and the steel cylinder. In order to eliminate elec-
tromagnetic interference, fibre-optic strain gauges, i.e. fibre bragg gratings (FBG) were used. Four points
on the wall of the steel cylinder were instrumented with customized FBG strain rosettes (see Fig. 1b. The
majority of the measuring points were placed at locations were strains were expected to be highest due to the
main wind directions. The rosettes were fixated on textile carrier mats glued to the walls. Strainless fibres
are used for temperature compensation.

The used interrogator has 4 multiplexed channels which are operating in the wavelength range 1510 - 1590
nm. Due to the measuring principle, the application of an analogue anti-aliasing filter is not possible. How-
ever, the very low dynamic amplitudes of max. +- 45 µm m−1 (RMS: 12 µm m−1) show frequency compo-
nents mainly concentrated at the lower natural frequencies in the range of up to 1.3 Hz.

Data Acquisition and Storage The two measurement systems (acceleration/environment and strains) were
run independently at a sampling rate of 100 Hz and 20 Hz, respectively. A coarse time synchronisation was
achieved using the control PC to which both devices are connected. No exact time synchronisation was s,
but considered to be possible (see e.g. [7]). Both devices were continuously acquiring data and storing slices
of 1 hour in a binary format.

The data was transferred to a central server and processed further, daily. Processing included: unpacking,
inspection for erroneous signals, inclusion of file statistics into a database, generation of time history plots
and spectral plots and generation of daily email reports. A database of file statistics is needed in order to
cut arbitrary slices of signals from the continuously recorded data, and thus allows to retrieve synchronized
data from both measurement systems. Additionally, a constantly updated database allows to rapidly generate
graphs of the long term evolution of the measured quantities.

Duration of Analyzed Data Sections As continuous measurements are available, the duration of the ana-
lyzed sections of the data could be chosen freely. With shorter sections, it is expected to observe better the
changes of modal parameters due to changing loading conditions, i.e. wind characteristics are usually given
as 10-minute means, whereas increasingly less cycles of oscillation would be included in the analysis, which
affects the system identification results. Using longer sections improves the system identification but also
smoothes out much of the short term environmental variance. The choice of a proper duration is therefore
considered a bias-variance-dilemma. In this study, the whole data set was analyzed multiple times using
sections of 10, 30, 60 and 120 minutes. Based on subjective evaluation, using 30-minute sections, a good
trade off between bias of the identification results and capturing significant environmental variance can be
achieved for the purpose of this study.
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Signal Processing For each 30-minute slice of data, statistical characteristics such as minimum, maxi-
mum, variance, RMS and kurtosis were calculated, first. Subsequently, channels with measurement range
overload or failures were marked as faulty in each data set and then only error-free data sets were further
processed. A double (forward/reverse) band pass filter (Butterworth, 4th order) with cut-off frequencies (0.1
... 5 Hz) was applied to these signals and the sampling rate was reduced to 10 Hz.

Data Quality Assessment The definition of the quality of measured data always depends on the field of
application. A general approach is given in the Guide to the Expression of Uncertainty in Measurement
[8]. However, the primary procedure makes use of repeated measurements, which can not be carried out in
ambient vibration testing. In an alternative procedure, the characteristics of the full measurement chain are
to be modeled using data sheets and other sources. This can not account for unknown sources of noise and
interference that are strongly present in the monitoring system described in this study.

Alternatively, other commonly used criteria to judge on the quality of measured vibration data include the
signal-to-noise ratio (SNR) of statistical evaluations of the signals. The estimation of the SNR in the input-
output case can be done for example using coherence-based methodes (see e.g. [9]). However, considering
the output-only case little information is available. Brincker and Ventura [10] give a rule-of-thumb that
makes use of the singular-value spectrum, where ”the noise level is indicated by the first singular value that
becomes flat [...]”. The signal level is then defined to be the peak value of the first singular value and thus the
SNR can be defined. However, an extensive parametric study using synthetic data showed relations between
derived SNR value versus the real SNR value which most likely resembles a sigmoid function.

For the purpose of this study, the ratio of singular values is used as a criterion to estimate data quality.
Another criterion for data quality is the kurtosis of the signals, which is also adopted in this study. In ambient
vibration testing the kurtosis is used to check the assumption, that the structural response measurements are
normally distributed noise processes.

3 Operational Modal Analysis

The identification of modal parameters, i.e. natural frequencies, damping values and mode shapes, using
structural response measurements only, is the aim of Operational Modal Analysis (OMA) (see e.g. [11]).
Several parametric and non-parametric methods, operating in the frequency or time domain exist for this
purpose. In this study, a parametric time domain method, the reference-based, data-driven Stochastic Sub-
space Identification (SSI) [12] was used. It identifies a linear state space model from the measured signals,
from which the modal parameters can be determined. Two extensions to this method were employed: the
estimation of the modal contributions of each identified mode to the measured signal using a Kalman filter
[13] and the estimation of uncertainty bounds, i.e. variances, of the modal parameters using the first-order
sensitivity of the modal parameter estimates to perturbations of the measured signal [14].

Selection of Analysis Parameters For all parametric methods of OMA, some analysis parameters may
influence the identification process and the quality of the modal parameters to be identified (see e.g. [15])
and must be defined in advance. In the case of the SSI method these are: the dimension of the block-Hankel
matrix, which is assembled from the measured data, and the model order of the identified state space system.

There are only few recommendations for choosing the number of block lines. In [16] the ratio of sampling
rate (fs) and lowest natural frequency (f0): p = fs/2f0 is suggested. In the presented study, this value
was determined empirically by maximizing the modal contributions for different excitation situations (weak,
moderate and strong wind).

When using the acceleration measurement data, the best results are obtained at low wind speeds and a
number of block lines of p = 20 . . . 25. Strong wind identification results in lower modal contributions in
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Figure 2

any configuration. The pair of sensors at approx. 100 m was selected as reference sensors, based on the
mode shapes of a finite element model.

The diagonally arranged FBG of the strain rosettes were used as reference sensors for the strain measurement
data. The highest modal contributions were achieved in moderate to strong winds using p = 18 . . . 23. No
reliable identification was possible in any configuration at low wind speeds, due to operating at the lower
threshold of the strain measurement device.

The analysis of strain and acceleration data was carried out separately using the ”number of block-lines”
p = 23 and the ”maximum model order” nmax = 200.

Quality Assessment of Modal Parameters In the presented study, quality of modal parameters, is defined
as low standard deviations or coefficient of variations. A method to estimate the uncertainties of modal pa-
rameters was developed by [17]. From multiple blocks of vibration data, the uncertainties can be computed
and propagated through the applied OMA algorithm by utilizing first-order perturbations. This method was
applied to SSI in [14] and optimized for efficient multi-order computations in [18]. The actual implementa-
tion in the Python programming language follows [18, 19].

As a dimensionless measure of quality, the coefficients of variation was computed from the variances and
the mean values of the natural frequencies and the damping values. They show a linear relationship and
therefore, to simplify further analyzes, the coefficient of variation of the identified natural frequencies was
used as an estimate for the quality of modal parameters.

The number of blocks, used to compute the standard deviations of the modal results in each section, were
chosen such that the 95% confidence intervals of the respective mean values, would fall within one standard
deviation of the true value. A value of 30 blocks per section, or a block-length of 1 minute, respectively, was
chosen, following the well known equations (see e.g. [9]).

Main Directions of Identified Mode shapes The SSI algorithms are generally capable of separating
closely-spaced modes. In some cases, however, this separation can not be fully achieved. It can be ob-
served, that the identified mode shapes of closely-spaced modes are often mapped as a complex combination
of the two mode shapes, dominated by one of the two mode shapes.
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This phenomenon can be represented graphically (Fig. 2a) by plotting the modal displacements of a measur-
ing point, i.e. the components of the mode shape in two measuring directions at this point, over one period in
the plane of motion. The result is an ellipse with amplitudes ax, ay and corresponding phase angles ϕx, ϕy
in the x and y directions.

The main direction of this ellipse can be determined from the equation of the length of the directional vector

r(t) =
√
rx(t)2 + ry(t)2 with rx,y(t) = ax,y cos(ϕx,y + t)

and setting its first derivative w.r.t. time to zero. From ṙ(t) = 0 follows the time instance, where the
position vector reaches maximum length i.e. the semi-major axis, and its angle, which is considered the
main direction of the ellipse.

tmax = −1

2
arctan

a2x sin(2ϕx) + a2y sin(2ϕy)

a2x cos(2ϕx) + a2y cos(2ϕy)
, βmax = arctan

ry(tmax)

rx(tmax)

Depending on how well the two closely spaced modes are separated from each other by the OMA algorithm,
the shape of the ellipse varies. As an indicator of the degree of separation, the ratio of the radii of the
semi-major and semi-minor axis’ can be selected.

This procedure analyzes only the identified mode shapes, which ideally occur as orthogonal pairs. The actual
movements of the tower are always a combination of several modes and are not the subject of these analyses.

Automated Stabilization and Tracking When using parametric OMA methods, so-called mathematical
solutions, are also identified in addition to solutions with a physical meaning. The distinction between spu-
rious and physical modes is usually done manually using a stabilization diagram, where stable poles appear
repeatedly at increasing model orders, while spurious poles are randomly distributed. For continuous struc-
tural monitoring an automated selection is necessary. In the presented study a three-stage cluster algorithm,
developed in [20] and significantly improved in [21], was used for this purpose. The three stages are: clearing
of physical and spurious poles, grouping of similar poles into several clusters and removal of small clusters.

However, not all modes are always sufficiently excited and therefore identified. The tracking of single
modes over time becomes especially challenging when closely-spaced modes are present, as in this study.
Additionally, due to mode splitting [22] the algorithm may identify the ”real” modes at lower model orders
and split modes at higher model orders. Since all modal parameters vary due to environmental influences,
no similarity measure can be used for tracking the evolution of single modes. Literature suggests to use
hard-validation criteria to sort out complex modes, which is also not applicable in cases of closely-spaced
modes, as the identified mode shapes always lie in a subspace that is spanned by the two corresponding mode
shapes of a pair of modes [10]. For the purpose of this study, where necessary, coarse frequency binning was
applied and then only the results were exactly two modes were identified for a mode-pair were used further.

Storage and Organization of Results All quantities that result from the automated OMA are multidimen-
sional. The dimensions are: time, measurement channels or measuring points and vibration modes. Most
quantities fill only one or two of these dimensions, though. Additionally, the results are sparse in all of these
dimensions, which means, in any dimension data points may be missing. For example: in dimension time,
data may be missing due to downtimes of the monitoring system; in dimension channels, data may be miss-
ing due to failures of sensors or addition of new sensors; and most importantly in dimension modes: some
modes may not always be excited sufficiently and thus can not be identified and are therefore missing (for
examples see Figure 2b).

Efficient post-processing of the results, however, requires carefully aligned and consistent data sets and
efficient routines to interactively explore the (multidimensional, sparse) data. This may include generation
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Figure 3: All identified natural frequencies over time. Top: from acceleration time series; Bottom: from
strain time series

of different diagrams (histograms, scatter plots), evaluation of statistics (correlation coefficients, regressions)
or the filtering of the data sets with respect to different result quantities.

The Python xarray package (https://xarray.pydata.org) fulfills these requirements and was cho-
sen for this study. It uses the Unidata Common Data Model for self-describing scientific data and is based on
well proven packages from the SciPy stack. Its usage proved to be very useful for post-processing the data
sets, while the gradual assembly of the final data sets turned out to be more difficult than expected.

4 Results and Discussion

Using the methods described, the modal parameters as well as the estimates of data quality were determined
from 18,145 (strain data) and 43,296 (acceleration data) data sets. Mean and variance estimates were also
computed for a similar number of data sets containing environmental data. It should be mentioned, that
the wind data had to be transformed from polar (wind direction and speed) to Cartesian coordinates (wind
speeds in two directions), were an orthogonal least squares approach could be used to determine the mean
wind directions.

Due to the large amount of data points in the diagrams, instead of the usual scatter plots two-dimensional
histograms with a high number of bins in both directions were generated. Therefore they appear similar to a
scatter plot, but outliers are not exaggerated by the visual perception of a dense scatter plot.

Relations of Modal Parameters with Environment Figure 3 shows all identified natural frequencies
over time, both from the acceleration time series and from the strain time series. In the frequency range
of consideration, the telecommunication tower has 5 natural frequencies, each of them occurring as a pair
at closely spaced natural frequencies. Only three of these pairs of natural frequencies could be reliably
identified from the strain time series, as the vibration amplitudes of the strains decrease with increasing
frequency. Significant relationships can be recognized between natural frequencies and temperature (Fig.
4) as well as damping values and wind speed (Fig. 5). A temperature-dependency in structural stiffness
is assumed to be the main reason for the change in natural frequencies with temperature. Several factors
are conceivable for the observed increase of the damping values with increasing wind speeds: Increased
aerodynamic damping, stronger activation of internal friction e.g. in structural connections or activation of
the tuned mass damper with increasing levels of vibration.
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Figure 4: Natural frequencies related to ambient temperature for modepairs 1,2,4 and 5 (bottom to top).
(Spearmans rank correlation coefficients: -0.73, -0.44, -0.72, -0.37)

Figure 5: Damping ratios related to mean wind speed for modepairs 1,2 and 3 (bottom to top) (Spearmans
rank correlation coefficients: 0.31, 0.55, 0.55)

Using the procedure outlined in section 3 to determine the orientation of the identified mode shapes, the
relationships between wind directions and mode shape directions shown in Figure 6 could be identified.
From the sideways plots of the marginal distributions, a main vibration direction can be clearly recognized,
especially for the first two pairs of modes. The measuring point at the transition area between reinforced
concrete and steel was selected as an example, but similar relations can be observed for the other measuring
points and the main directions are almost equal at all points. Thus, the identified directions do not just
arise from the OMA algorithm but have a physical origin. Additionally, they are only slightly influenced by
changing wind directions. This means that even small imperfections of the rotational symmetry are sufficient
to determine two main directions of vibration in contrast to a perfect numerical model, where the orientation
is usually random.
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Figure 6: Main directions of the identified mode shapes related to wind directions. Top: first modepair,
bottom: second modepair; right: histograms of the respective dataset

Relations of the Quality of Modal Parameters with Data Quality A quick inspection of randomly se-
lected time series and also of the identified modal parameters reveals, that the quality of the acceleration
measurements seems to be significantly higher than that of the strain measurements. As mentioned in sec-
tion 3, the strain acquisition system was mostly operating at the lower resolution threshold of the device and
therefore the time series a relatively high degree of noise. The lower graph of Figure 7 illustrates this ob-
servation: with decreasing vibration levels, identification results are scattered all along the frequency range.
Additionally, higher natural frequencies can only be identified at higher vibration levels. The results from the
acceleration time series (top graph), however, do not show such behavior, due to the vibration levels being
well within the operating levels of sensors and acquisition devices.

Figure 7: Identified natural frequencies over mean RMS of the time series. Top: from accelerations; bottom:
from strains.
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Figure 8: Coefficient of variation of the identified natural frequencies cvf related to kurtosis κ of the re-
spective time series. Top: acceleration, bottom: strains. (Spearmans rank correlation coefficients 0.17, 0.37)

Figure 9: Coefficient of variation of the identified natural frequencies cvf related to the difference of two
singular values of the singular value spectrum ∆σPSD. Top: acceleration, bottom: strains. (Spearmans rank
correlation coefficients -0.18, -0.6)

Figures 8 and 9 confirm the observations that the quality of the strain signals is significantly lower than that
of the acceleration signals. Here, the coefficient of variation of the natural frequencies is related to the two
measures of data quality, as defined in the previous section. From the bottom graph (strain) in Figure 8, it
can be observed, that with increasing kurtosis the coefficient of variation increases, too. However, in the top
part of the figure (acceleration) no such behavior can be observed.

A similar observation can be found by comparing the two graphs in Figure 9. Here, the coefficient of
variation of the natural frequencies seems to increase with decreasing difference of the singular values of the
singular value spectrum. Again, this observation is most clear in the bottom graph which corresponds to the
”lower quality” strain measurements and only slightly visible when ”high quality” acceleration signals (top
graph) were used.

In conclusion, strain and acceleration measurements are of different quality. The two applied measures of
data quality do not reflect this difference, though. However, when the signal-to-noise ratio of the measured
data is low its effect on the quality of a modal identification can be quantified by either of these measures.
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5 Conclusions

In this contribution it has been reported about a monitoring system that acquires vibratory accelerations in
several levels as well as local strains on a rotationally symmetric telecommunication tower. Over the period
of three years, both acceleration and strains as well as the environmental conditions temperature and wind
were recorded. Using automated operational modal analysis, the modal parameters were determined from
the acceleration and strain measurement data.

A comparison shows a good correspondence of the natural frequencies and damping values determined
from both measured variables. As expected, the results determined from the strains scatter more strongly,
especially at low vibration amplitudes.

The identified modal parameters were related to the environmental conditions. It was observed, that the
natural frequencies have a slight tendency to decrease with increasing temperature, that the modal damping
ratios increase with increasing wind speeds and that the main directions of the identified mode shapes are
relatively constant, regardless of changing wind directions.

The acceleration sensors deliver high-quality measurement data at both low and high vibration amplitudes,
given that their sensitivity is sufficient. The measurement data of the fiber optic strain sensors is of lower
quality and can only be used for operational modal analysis when vibration levels exceed a certain level. Two
different estimates of data quality can be related to the quality of the modal identification if the measured
data is dominated by noise, as in the case of the strain measurements. For the quantification of uncertainties
in these relations, a suitable methodology has been presented.

In this respect, strain-based output-only modal analysis is an alternative way of determining modal parame-
ters if existing strain measurement technology is to be used or no accelerometers can be installed. In addition
to life cycle analysis and estimation of local component stresses and strains, the strain measurement data can
also be used to determine global structural parameters. Nevertheless, lower uncertainties are generally to be
expected for the identification of modal parameters from measured accelerations, assuming suitable sensors.
This is especially true for higher frequencies.

With regard to the analysis, the following observations emerge: The Stochastic Subspace Identification
method in conjunction with an automatic stabilization algorithm is very well suited for identifying modal
parameters from both high quality acceleration signals and lower quality strain signals. The method delivers
reliable results even in the presence of closely spaced modes.
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