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Abstract. Structural Health Monitoring (SHM) based on Operational
Modal Analysis (OMA) is pivotal in assessing the integrity of structures
and infrastructures in dynamic regimes. However, the successful extrac-
tion of modal parameters and damage indexes through OMA typically
relies on a dense network of sensors working synchronously. This research
aims at alleviating this issue by resorting to autoregressive (AR) models
computed at individual sensing locations for damage detection, paving
the way to a fully decentralized monitoring approach. Such framework,
in which sensors can extract AR parameters in an independent manner,
is explored to alleviate the need for strict data synchronization, which
is instead a typical requirement of OMA procedures. The Mahalanobis
distance is then used in combination with the Receiver Operating Curve
(ROC) as a damage indicator to identify potential anomalies upon ag-
gregating the collected sets of AR features from different sensors. The
methodology has been applied to a numerical model and a real steel
bridge, comparing the performance of the proposed damage detection
strategy with a traditional approach based on modal parameters. Re-
sults demonstrate that the proposed AR-based procedure can be very
competitive over a pure natural frequency-driven alternative, reaching a
classification score as high as 98% in both scenarios.

Keywords: Autoregressive models - Damage detection - Structural Health
Monitoring - Vibration-based monitoring.

1 Introduction

Structural Health Monitoring (SHM) is defined as the comprehensive process
of implementing strategies for the long-term and over-time health assessment of
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mechanical assets via a rigorous protocol passing through damage identification,
classification, and prognostics [1]. To achieve this goal, it involves the continuous
monitoring of a set of damage-sensitive features, i.e., structural parameters. A
considerable piece of research has been devoted to SHM in the last few decades,
especially in the fields of aerospace, mechanical, and civil engineering [2]. In the
latter context, the early identification of damages holds significant importance,
especially in the maintenance and management of infrastructures (e.g, buildings,
bridges, and other strategic infrastructures), since it is crucial to minimize repair
costs, extend the service life of the infrastructure, and ensure its safety and
reliability.

Among the various SHM techniques, Vibration-Based Monitoring (VBM)
stands out as a well-established method for the analysis of dynamic systems.
Its application is grounded on the assumption that damage induces alterations
in structural stiffness and/or damping. To identify such changes, VBM tracks
the variations of vibration-related parameters (e.g., natural frequencies) over
time. However, typical modal identification methods (such as the Frequency
Domain Decomposition-FDD, or the Stochastic Subspace Identification—SSI)
require strict data synchronization and involve relatively complex computations
that cannot be performed at the sensor level.

Among the alternative methods to perform system identification using time
series, AutoRegressive (AR) models have become an effective tool due to their
simplicity in constructing a parametric model of the structure [3]. Notably, AR
models can be implemented in a decentralized manner by using data collected
at each sensor node. Therefore, they can alleviate the above mentioned need for
centralized processing. Given these premises, in this work, we propose an ap-
proach based on the use of AR parameters to perform damage detection directly
from the latter.

The paper is organized as follows. Section 2 briefly describes the proposed
methodology, while Section 3 presents the results obtained for two case studies,
namely, a numerical model consisting of a 4 degrees-of-freedom (DOF) shear-
type model, and a steel railway bridge, which serves to test the strategy in a
real-life scenario. Concluding remarks are reported in Section 4.

2 Methodology

System identification based on AR models aims at estimating a set of parame-
ters, also known as model parameters, that can capture the observed structural
dynamics [4]. As such, they can be a powerful tool for SHM. The proposed
strategy consists of exploiting the AR parameters themselves, without the need
for extracting modal parameters, as it is conventionally done in VBM. To ac-
complish this task, several techniques, either statistical or based on machine
learning approaches, can be applied to identify anomalies from a set of represen-
tative features. In the proposed framework, the Mahalanobis distance is used in
combination with the Receiver Operating Curve (ROC).



A damage detection strategy based on autoregressive parameters 3

Specifically, the Mahalanobis distance is a metric that serves to quantify the
distance between a point and a distribution [5]. In our SHM-oriented workflow,
this metric can be applied to evaluate whether the identified AR parameters
deviate from a distribution obtained in a reference condition (e.g., at the be-
ginning of the monitoring process), since this becomes a symptom of initiated
degradation process affecting the target structure. The ROC [6] is, instead, a
tool used to evaluate the performance of the classification model by reporting
the trade-off between sensitivity (Probability of Detection—POD), and specificity
(Probability of False Alarm—PFA). In this context, the so-called Area Under the
Curve (AUC) of a ROC curve is a scalar value that quantifies this trade-off: AUC
= 100% indicates perfect anomaly detection, while AUC = 50% means totally
random prediction. Hence, our goal becomes reaching a score of AUC = 100%
with AR as input features of the Mahalanobis distance.

A summary of the proposed damage detection method, depicted in Fig. 1, is
reported herein:

1. Obtain the AR parameters from the acceleration signals acquired under am-
bient vibrations. This process can be realized in a decentralized fashion, with
each sensor returning its set of AR parameters;

2. Repeat step 1 for successive monitoring times, both in undamaged (baseline)
and potentially damaged configurations;

3. Compare the AR parameters obtained in the potentially damaged time in-
tervals with those of the baseline using Mahalanobis distance;

4. Track the Mahalanobis distance over time and check whether it is below
or above a user-defined threshold that discriminates between healthy and
damaged states. In this phase, assuming to know the labels of damaged
intervals, the ROC curve can be used as a performance metric to quantify
the anomaly detection task.

| Damage Detection

Data Mahalanobis
collection ‘ AR Models T — ’ ROC curve
HH
. . ~ A AR Model
\
S66668, L'y[k]

Fig. 1. Proposed approach of damage detection using AR parameters
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3 Experimental validation

This section presents the results of the proposed method for anomaly detection
in two case studies. The objective is twofold:

— Analyze the performance of AR-based techniques in detecting anomalies;
— Compare AR-based approach with a more conventional VBM technique re-
liant on natural frequencies as damage-sensitive features.

3.1 Numerical Case: Four Story Building

The first case study involves a simple numerical representation of a four-story
building. This model represents a controlled environment, allowing assessment
of the algorithm’s effectiveness in identifying structural changes across differ-
ent simulated conditions. A scheme of the numerical model is shown in Fig.
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Fig. 2. (a) A four-story building model, (b) Depiction of location of loss of stiffness as
damage to the model.

(@)

2. The model is assumed to have a mass of 1000 tonnes. The stiffness of the
columns is modeled as a function of temperature to simulate the effects of sea-
sonal changes due to temperature over one year. The temperature is varied daily
from a mean temperature of 25°C' to +£10°C. Additionally, seasonal variations
are modeled with temperatures in summers reaching 40°C and in winters around
10°C. Specifically, the following formulations have been employed:

T=Ty+Ts+Tn (1)
2
Ty =5 sin (;) (2)

2m
T =10 sin | — 3X 3
sm(N>+ (3)



A damage detection strategy based on autoregressive parameters 5

where the temperature function 7 in Eq. (1) depends on i) the daily variation
of temperature Ty in Eq. (2) with A the number of measurements per day (every
6 hours), ii) the seasonal variation of temperature Ty in Eq. (3) where N is
the total number of measurements taken over one year and X, which adds a
randomness to the dataset, is sampled from a uniform distribution, i.e. X €
[1-N] , and iii) the reference temperature T,, of 25°C. The relation between
stiffness k and temperature T has been modeled as

k=ko+ (T - Tm)ﬁko (4)

where k, is the initial stiffness of the structure of 10° kN/m and scaling factor
B is 0.01. In this case study, a damaged configuration is simulated through a 5%
loss in stiffness in the columns below the first floor.

The structural response is generated at all the DOFs of the structure by
supposing the structure is excited at its base via a random white noise stimu-
lus. This condition is aimed at replicating ambient vibration scenarios. Data is
collected with a sampling frequency of 100 Hz and for a duration of 5 minutes
every 6 hours per day. A 1l-year dataset was simulated for both healthy and
damaged structures for a total amount of 2190 instances, half in nominal and
half in defective configurations.

As a first test, the performance of the AR-based method is compared to that
obtained using the procedure outlined in Section 2, based on a set of identified
natural frequencies instead of AR parameters. To this aim, natural frequencies
are computed by means of FDD [7] starting from the aggregation of raw vibration
data in all the tested configurations. The anomaly detection results on natural
frequencies report an AUC of 93.3%, which is an effective score considering that
frequency variations due to temperature are around 3% for the fourth mode, and
is even superior to that due to damage.

Given this initial outcome, the AR-based framework is applied to the same
dataset. To improve the reliability of the AR model, a low-pass filtering stage is
used as pre-processing step necessary to filter out the high frequency components
and force the process to identify patterns only in the frequency region of interest.
The appropriate model order has first been determined by means of the Bayesian
Information Criterion (BIC) [8], resulting in a model order of 8.

A set of AR parameters are calculated for each sensor and structural state
over the entire set of data windows. Fig. 3 (c¢) depicts the AR parameters over
time. For each case, undamaged and damaged, the AR parameters from all
sensors are combined by being concatenated together before they are passed
to the damage detection block. This is repeated for each time instant over the
complete time series. Fig. 4 presents the scheme of steps taken to obtain the final
set of combined AR parameters. The reason for preferring this all-embracing
framework with respect to a sensor-driven scenario is that information from a
single sensor was found to be insufficient for the distinction of the two classes.
This evidence is coherent with the fact that some monitoring positions are more
informative due to the higher energy of the vibration pattern at that location.
Therefore, merging multiple parameter sets works as a compensation procedure.



6 Siddiqui M.A. et al.

40 L

30

201
—————————————————————
10+

2201

30 w

-40 '
(a) 0 500 1000 1500 2000 2500 3000 3500 4000 4500
Time (hours)

Combined AR Parameters from all sensors
!

1000

CJAUC =0.99665
800

600

Sensitivity

o
=

Mahalanobis Distance

0
0 0.2 0.4 0.6 0.8 1

0
0 1000 2000 3000 4000 5000 ( ) 1 - Specificity

(b) Time (hours)

Fig. 3. (a) Trend of combined AR parameters over time for both datasets, (b) Maha-
lanobis distance graph and (c) ROC curve using AR parameters from four sensors as
damage indicator

Fig. 3 (b) shows the Mahalanobis distance of the undamaged and damaged
dataset where it is observed that there is a clear distinction between the two
datasets, and (c) displays the ROC curve which measures the performance of the
classification shown in the mahalanobis distance. In this case, a value of AUC
= 99.6% is achieved, which is a paramount improvement in the classification
performances when compared with the 93.3% of natural frequencies.

Analyses using more sophisticated representations, namely, the AutoRegres-
sive with Moving Average (ARMA) models, are also performed. Differently from
basic AR, ARMA adds a moving average term, which enables, in general, a
more accurate encoding of the dynamics [9]. Applying the same methodology
to ARMA parameters, with a modal order of 8, resulted in an AUC of 98.29%,
which is proximal to the percentage measured for AR. This discrepancy in per-
formance could potentially be attributed to the goodness of the model order
selected in the two cases and its stability over time, which would require more
accurate fine-tuning in the ARMA case.



A damage detection strategy based on autoregressive parameters 7

At each time instance

| . + INNEENNEEEENENEN

k/2 L
,, IENEEENEEEEEEEEEE

= I + .

k/2 k2 Tnpe
series

== +
2w

= I INNEENNEEENEEEEN |
2 k) AR parameters Combined AR Parameters of all sensors

;

' of each sensor concatenated over the time series

Fig. 4. Schematic of how AR parameters from multiple sensors are combined

Besides AR/ARMA, which is suited for output-only scenarios, an AutoRe-
gressive model with eXogenous input (ARX) is investigated. Specifically, the
exogenous part of this model is selected as the structural response at the first
floor of the structure. A model order equal to 4 is estimated as appropriate by
the BIC. The superiority of ARX has been confirmed by an AUC proximal to
100%. Even though ARX has a much more appropriate response compared to
AR and ARMA, it requires synchronization of at least two sensors. This is not
the case for AR and ARMA models which can work in much more decentralized
manner.

The results, summarized in Table 1, show that AR model and its variations,
ARX and ARMA, outperformed the natural frequency-based approach and can
be effectively used as damage-sensitive features for unsupervised VBM.

Table 1. Summary of AUC using different damage indicators

Damage-sensitive feature AUC (%)

Natural Frequencies 93.39
AR parameters 99.66
ARX parameters 99.92
ARMA parameters 98.29

3.2 KW51 Bridge

The second case study shifts from theory to practice by considering a real steel
bridge. Here, the focus is on assessing the capability of the method to scale and
generalize to real use cases.

KW51 is a single-span steel arch railway bridge located close to the city of
Leuven, Belgium. It is 115 m long and is part of 100 km Line 36 railway line
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Fig. 5. (a) Kwb1 Bridge, (b) Accelerometers installed on the bridge deck, indicated in
the top view

10 -
| ¢ Before-Retrofit =———————p <= After-Retrofit —»

¥ 8r
=
ks o s e
i . R
g, ot
&
5 ar ™ i
g
4’5‘ al e
Zz 2}

0 1 1 1 L 1 1 1 1 1 J
0 200 400 600 800 1000 1200 1400 1600 1800 2000
Time(hours)

Fig. 6. Natural frequencies over time for the before retrofit period and after-retrofit
periods as indicated

that runs from Brussels to Liege. From May 15th to September 27th, 2019, the
bridge was retrofitted to resolve a construction error. In the process, it was mon-
itored extensively before, during, and after the retrofitting works. Throughout
this period, a monitoring network has been installed on the structure, with the
deployment plan shown in Fig. 5 where the selected sensors are accelerometers
providing information on acceleration in vertical axis.

Fig. 6 depicts the estimated natural frequencies over time for both before-
retrofit and after-retrofit periods, where the shift before and after retrofitting
can be seen. To implement our AR-based methodology, the after-retrofit period
dataset has been considered as the undamaged dataset, while the before-retrofit
period dataset was representative of the damaged one since it relates to a defec-
tive structural configuration. A low-pass filtering has also been applied to raw
vibration data.
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Results for ARX model For the case where ARX parameters are used as
damage indicators, a modal order of 16 is selected. Since ARX model requires
data from two sensors simultaneously, different combinations of sensor pairs are
tested and the one obtaining the highest fitness percentage is selected as final
candidate for the analyses. The best fit is obtained by combining sensor Allz as
input and sensor A17z as output. This may be justified by the fact that sensor
A17z is at the center of the bridge and experiences the maximum deflection with
respect to other sensing units placed in unfavorable locations. This is also seen
in [10] where the authors pointed out that the sensor at the central point of the
bridge is more informative about the global behavior of the structure. AUC of
the ROC curve using ARX parameters as damage index scores to 100%.

Results for AR model A model order of 16 is also found compliant with
AR modeling. It is observed that AUC of the ROC curve when AR parameters
from all six accelerometers are exploited is 99.44%. Moreover, the possibility of
exploiting only a subset of sensors and signals has been explored, verifying that
parameters from a single sensor but on different axes, such as sensors at Al7y
and A17z, can also lead to interesting performance, as indicated by an AUC of
98.17%. The same, however, does not apply to AR parameters from the sensor
at A23y and A23z which result in AUC of 80.16%, given the less favourable
position of this sensor which is father from the mid-span.

These results pave the way to an alternative scenario compatible with fully
decentralized monitoring, in which it is not necessary to collect data from mul-
tiple sensors before moving to the diagnostic phase. Indeed, it opens a new
perspective in which detection is computed by single sensors in a standalone
manner by combining information from different directions, under the reason-
able assumption that multi-axis accelerometers are installed on the sensing unit.
This is a very light requirement, since most of the state-of-the-art monitoring
system are based on inertial measurement units, which measure at least tri-axis
accelerations.

Lastly, a comparison with natural frequencies has also been performed, with
results summarized in Table 2, reporting an AUC of 98.9% in front of an AUC of
99.44 % for the best AR score and 100% AUC in the case of ARX. The utilization
of natural frequencies as damage-sensitive features demonstrates commendable
performance in this case study due to the fact that, compared with the previ-
ous dataset, the shifts due to damage is significantly more pronounced for this
structure rather than in the numerical case where the effect of temperature ex-
ceeds the one due to deterioration. Noteworthy, this outcome proves that the
AR-based approach is potentially more robust to environmental variations, and
this is a very desirable functionality for in-service applications.

4 Conclusion

We have proposed a damage detection procedure based on the variation of AR
parameters computed from ambient vibration time-series recorded at the sensor
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Table 2. Summary of AUC using different damage indicators

Damage-sensitive feature AUC (%)
ARX parameters from Allz & Al7z 100
AR parameters from all sensors 99.44

AR parameters from Al17z & Al7y 98.17
AR parameters from A23z & A23y 80.16
Natural Frequencies 98.98

nodes. The procedure exploits the Mahalanobis distance computed on the AR
parameters to formulate a damage index for anomaly detection. The approach
has been tested on numerical and experimental dataset showing performances
comparable or even superior to the ones of VBM based on natural frequencies.
Since AR models can be executed directly on sensor nodes, enabling a significant
reduction in data transmission by only sending a few AR parameters at regu-
lar intervals, they introduce large benefits for the realization of more efficient
monitoring systems without affecting the quality of the SHM process.
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