Modal Tracking on a Building with a Reduced Number of Sensors System
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ABSTRACT
Typical modal tracking algorithms make use of frequency, mode shape and environmental conditions, among other
information to identify, classify and follow the modal response. To correctly characterize mode shapes, well distributed and
located sensors are required. In civil strictures, the use of large number of sensors is limited by the size of the structure, the
difficulty to install cables or wireless connections and limitations due to cost, technical, usage or aesthetics requirements. In
this article, we explore the effects of a limited set of sensors to perform modal tracking in a building that has been monitored
continuously for approximately five years and eight months. We implement a methodology that relies mostly on the modal
frequency and a poorly defined modal shape. The reduced number of sensors are used to discriminate between closely spaced
modes and modes that are highly sensitive to environmental conditions. In order to increase the robustness of the tracking
algorithm, the global environmental conditions, particularly temperature, are monitored and used. It is concluded that in order
to obtain a reliable tracking, a minimum number of sensors is required if closely spaced modes are present. Also, the need of
highly defined mode shapes can be reduced if the environmental conditions are considered. As expected, we have found that
tracking is possible with very limited number of sensors, if the objective is to capture the global response contained in the
lower modes of the system. In order to capture low excited higher modes, the number of sensors should be increased and
location selected cautiously.
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INTRODUCTION
Typically, modal tracking algorithms use frequencies and modal shapes to identify, classify, evaluate and track the modal
response through time. The inclusion of the modal shape allows the process to distinguish between close frequencies,
increasing the process’s robustness. However, this inclusion implies more demands for the monitoring system, since the
proper characterization of the modal shape requires an array of sensors large enough and well distributed in the structure.
In civil structures, particularly in buildings, the use of a large number of sensors is limited by the size of the structure, the
difficulty to install cables or wireless connections and limitations due to cost, usage or aesthetics requirements. Therefore, in
numerous occasions a poor characterization of some physical modes will happen, especially if they are poorly excited, as is
the case with higher modes.
This paper explores the effect of a limited characterization of the modal shape on the modal tracking, due to a monitoring
process done with a few sensors. For this purpose, two methodologies are applied in a medium-rise building monitored by six
accelerometers and a weather station, for a continuous period of five years and eight months. The first, proposed by the

authors in [1], which uses the external temperature measurements to build predictive models for the frequency, and the
second, presented in [2], based exclusively on the temporal regularity of the modal shape. The former is evaluated four times,
with six, three, two and one channel acceleration sensor(s) for the task.

METHODOLOGY
System identification
The system identification considers 15 minutes windows without overlap, from April 8, 2011 to December 31, 2016. The
identification algorithm, proposed in [3], is an automatic interpretation of stabilization diagrams based on OPTICS [4]. The
stability diagrams generated with the SSI-COV algorithm [5]. For this evaluation, no special care is taken to remove spurious
modes from the time window identification. So, the data to be used for modal tracking presents considerable noise. This
noisy data is labeled as “raw identification data” and it is presented as background information in Figures 1 to 9.
Since the modal tracking is done for four spatial configurations of sensors (each with a different number of active sensors),
the identification is also performed four times; one for each configuration.
Model Assisted Tracking (MAT)
The Model Assisted Tracking algorithm [1] associates the identification with the reference properties of each physical mode,
at each time step, to find the modes’ instantaneous state (based on the work by [6], among others by the same author).
Considering temporal variation of the frequency as a result of variations in environmental conditions, the methodology
automatically updates the reference frequency from previously trained models based on meteorological information. These
models correspond to linear models of the frequency depending on the past temperature:
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Were f i indicates frequency at the i-th time step and Ti  j represents the external temperature at the (i-j)-th time step,
indicating any of the temperature measurements of the past twelve hours, not necessarily consecutive.
To characterize the similarity of the modes identified with each reference mode, the following metric is used:
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Where ref y f ref denotes the modal shape and frequency of the reference, while i and f i denotes the modal shape and
frequency of the i-th mode for the analyzed time window. MAC (ref , i ) corresponds to the MAC index between the two
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Finally, the identified mode that is closest to the reference is considered as a valid sample of the physical mode only if, given
that no extreme event like and earthquake has occurred, it is within a neighborhood defined by fixed thresholds to the
similarity in frequency and modal shape, whose values for the case study are explicit in Table 1.

AFDD-T
AFDD-T [2], based on the FDD identification algorithm [8], uses the reference modal shape to apply a filter on the signal’s
periodogram to automatically isolate the modal response. Then, the modal characterization proceeds just like FDD. In this
way, AFDD-T identifies and follows the modal response over time based exclusively on the modal shape, ignoring the
frequency.
For this methodology, unlike the algorithm mentioned above, its performance is evaluated using all six sensors available in
the structure.

CASE STUDY
The analyzed structure corresponds to the Torre Central building at the Faculty of Physical and Mathematical Sciences of the
University of Chile, located in Santiago, Chile (33°27’27’’S, 70°39’44’’O). It is an eight-story medium-rise building with
two underground stories, which has been used mainly for administrative purposes throughout the period of analysis, between
April 8, 2011 and December 31, 2016.
The monitoring system consists of six uniaxial accelerometers, three of them located on the eighth story and the other three
on the third. For the evaluation with three available channels, the three on the eight story are used, whereas for the evaluation
with two available channels, a pair of perpendicular sensors is chosen among these. Finally, for the evaluation with one
available channel, the one on the longest direction is chosen. As is characteristic of long-term monitoring, some channels are
sporadically affected with noise and therefore must be discarded, resulting in a variable number of active sensors.
The external temperature measuring system consists of a meteorological station located approximately 40 meters from the
structure, administered by the Department of Geophysics of the University of Chile.

APPLICATION TO THE CASE STUDY
As has already been mentioned, two methodologies are implemented, with five different approaches, for the same case study:
the modal tracking aided by models with six, three, two and one available channels, and AFDD-T. For the first four (see
section 2.1), the thresholds defined for each of the metric’s components (see Equation 2) are the following:
Mode

1st

2nd

3rd

4th

5th

6th

7th

8th

9th

Frequency

1.75%

2%

1.75%

2%

4%

4.5%

5%

3.5%

4%

Modal Shape

35%

35%

35%

35%

35%

35%

35%

35%

35%

Table 1: thresholds used for each distance term, for each physical mode.

For AFDD-T, as in the article where it is proposed, the threshold defined for the MAC value is 0.95.
MAT with six available channels
The MAT algorithm applied on the identification with six available acceleration sensors is shown in Figure 1. In this figure, it
is shown that this tracking methodology is capable of recognizing the modal response over time. Although it is observed
some missing frequencies in time, they are mostly attributed to the absence of observable modes in the identification window.
The modes with frequencies above 9 Hz are not tracked due to its low energy and presence in the raw data.

Figure 1: MAT carried out with six available accelerometers. The raw identification data set using six sensors in the background.

MAT with three available channels
The MAT algorithm applied on the identification with three available acceleration sensors is shown in Figure 2. Compared to
Figure 1, there is a greater number of spurious modes present in the identification. This is due to a more limited spatial
distribution of the monitoring system in the structure; making harder to identify the stable poles in the records.
Additionally, it is noticed that the tracking algorithm is able to capture the modal response evolution but has a less accurate
performance for the higher modes, especially for the year 2015, in which spurious modes are labeled as samples of physical
modes. As for the four lower modes located below 6 Hz, there is no noticeable decay in performance, when compared to the
six sensors array approach.

Figure 2: MAT carried out with three available accelerometers. The raw identification data set using three sensors in the background.

MAT with two available channels
The MAT algorithm applied on the identification with two available acceleration sensors is shown in Figure 3. The trend seen
in Figure 2 for the three sensors approach is repeated here, as more spurious modes are present in the identification.

Regarding the algorithm’s performance, the lower modes located below 3 Hz appear to be correctly tracked for most of the
analyzed period, though they are absent from the identification during almost all the year 2014. For the higher modes, the
decay with respect to the three sensors approach is evident.

Figure 3: MAT carried out with two available accelerometers. The raw identification data set using two sensors in the background.

MAT with one available channel
The MAT algorithm applied on the identification with one available acceleration sensor is shown in Figure 4. In this case,
even for the lower modes it is seen a decay in performance with respect to all previous approaches. The amount of spurious
modes in the identification, combined with the absence of the modal shape as a descriptor of the identified modes, makes it
impossible to track any physical mode correctly. The higher modes above 8 Hz are not even identified by the identification
algorithm, making them impossible to track.

Figure 4: Modal Tracking carried out with one available accelerometer. The raw identification data set using one sensor in the
background.

AFDD-T
Figure 5 shows the modal tracking developed with the AFDD-T algorithm. Due the noise level in the acceleration registers
and the use of the modal shape as the single descriptor, it is noted this methodology has a poorer performance than previous
methodology for 6, 3 and 2 sensors.

Figure 5: Implementation of the AFDD-T algorithm with six available accelerometers. The raw identification data set using six
sensors in the background.

At the beginning of the study period, from April 8 to August 1, 2011, the AFDD-T algorithm performs better than in any
other time window. In Figure 5, this result is compared with that shown in Figure 1, also done with all six available sensors,
at the aforementioned time period.

Figure 6: Comparison between the AFDD-T and MAT, with six sensors available in both cases. In black, the system identification
with six sensors is represented. In Figure 5, the resulting frequencies of AFDD-T are represented in a dot pattern, unlike the figure
above, where they are represented in a line pattern. This is made to differentiate them, since the vertical lineal seen above would
obstruct them.

In Figure 6 it is seen that, even at this time window, AFDD-T fails to correctly capture lower modes, repeatedly labeling
spurious modes as physical. Vertical lines shown in Figure 6 correspond to frequencies that are very far from the typical
values for these modes. The algorithm still catalogs these frequencies as samples of the modal response. As explained in the
Methodology section, this is a consequence of both the fact that the algorithm discriminates exclusively based on modal
shapes, and the relatively low number of sensors and the presence of noisy signals for the case study.

Figure 7 compares the results obtained from the MAT algorithm with six and three available sensors, for the year 2011.

Figure 7: Contrast between the MAT algorithm with six and three available sensors, for the year 2011. In black, the identification of
the system made with six sensors is represented. The selection of year 2011 to compare both approaches responds solely to the need to
use a shorter window of time to appreciate in detail the performance of the algorithms.

As can be seen, both approaches have a very similar performance for the first four modes. For higher modes, on the other
hand, the performance of the six sensors approach is better, being the only one able to capture all the modes detected.
Figure 8 shows the compared results obtained from the MAT algorithm with six and two available sensors, for the same
period of time as above.

Figure 8: Contrast between the MAT algorithm with six and two available sensors, for the year 2011. In black, the identification of the
system made with six sensors is represented.

The trend seen in Figure 7 regarding the lower modes below 6 Hz is repeated in this figure, as the results of both approaches
have a similar performance. For the higher modes, it can be seen how closely spaced frequencies are confused with each
other and with spurious modes.
Figure 9 shows the compared results obtained from the MAT algorithm with six and one available sensor(s), for the same
period of time as all the above.

Figure 9: Contrast between the MAT algorithm with six and one available sensor(s), for the year 2011. In black, the identification of
the system made with six sensors is represented. The single sensor used during this evaluation was discarded the first half of the year
due to noise in the signal, explaining the absence of tracked frequencies for this period of time.

In this figure, it is seen a large amount of dispersion in the tracked frequencies using one sensor, due to both a high presence
of spurious modes in the identification and the absence of a modal shape characterizing each mode. For the evaluation with
one sensor, clearly the only frequencies tracked in time are those well spaced from each other; the four lower modes below 6
Hz.

CONCLUSIONS
Two modal tracking methodologies have been implemented, with a variable number of sensors, with the intention to
characterize the effect of a small monitoring system on the process of tracking the modal response. The performance of the
Model Assisted Tracking algorithm with six sensors shows that it is able to track the response of all the modes of interest,
when they are characterized by the identification algorithm. When applying MAT with three sensors, it is still possible to
track the first four modes below 6 Hz, with an accuracy that’s similar to the evaluation using six sensors. For higher modes,
though, the tracking is considerably poorer (but possible). This loss identifiability intensifies as less sensors are used,
reaching the extreme case of an evaluation using a single sensor, where only well spaced identified frequencies are possible
to track.
The second tracking methodology evaluated, AFDD-T, has limited results, being unable to consistently track even the lower
modes. Such an algorithm requires a more complete and less noisy monitoring system than the available in this case.
Supporting the monitoring on the frequency and environmental measurements allows working with a small monitoring
system.
If the objective of monitoring is to capture the overall behavior of the structural system, which is characterized mainly by the
lower modes, very few well located sensors are sufficient. If, on the other hand, the objective is to capture the higher modes,
which are more difficult to distinguish from noise in the signal, then more and well located sensors are necessary. Even so, it
is remarkable that only six sensors installed in the building are enough to satisfactorily track all the identified modes,
showing that in this case a small monitoring system is sufficient for the task.
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