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Abstract. Structural health monitoring (SHM) includes a wide range of methods focusing on
the improvement of structural reliability and life cycle management of engineered systems. In
the past decades, smart maintenance procedures have been proposed and implemented for a
large number of civil structures with strategic and monumental relevance. Nowadays, rapid
advances in signal processing and sensor technology allow for the implementation of smart
maintenance schemes for conventional buildings and infrastructure. Vibration-based SHM tech-
niques are among the most applied in the structural engineering field and become increasingly
popular due to their interdisciplinary nature. In this framework, the establishment of reliable
damage-sensitive features (DSF) is crucial for the efficient evaluation of structural health. This
work comprises an investigation on the effectiveness of data-driven DSFs for the case of a large
scale reinforced concrete benchmark under shaking table excitation. Different damage identi-
fication techniques are applied to expose the propagation of structural damage during strong
ground motions. A discussion on the hardware and algorithmic requirements for reliable wire-
less smart sensor networks (WSSNs), capable of capturing the desired DSFs, is also included.

936

EURODYN 2020 
XI International Conference on Structural Dynamics 

M. Papadrakakis, M. Fragiadakis, C. Papadimitriou (eds.) 
Athens, Greece, 23–26 November 2020 

Available online at www.easdprocedia.org 
EASD Procedia EURODYN (2020) 936-947 

ISSN:2311-9020 © 2020 The Authors. Published by EASD Procedia.
Peer-review under responsibility of the Organizing Committee of EURODYN 2020. 
doi: 10.47964/1120.9074.19628



1 INTRODUCTION

Despite the unavoidable costs for installation and supervision, the information obtained

through monitoring proves to be invaluable in the aftermath of catastrophic events. The re-

cent disaster of the Morandi bridge exposed the unexploited potential of measurements for the

maintenance of aging structures. Considerations regarding the life cycle management consist

today a prime part of the design of major infrastructure facilities. Structural health monitoring

(SHM) provides the tools and the methodologies that allow for the optimization of the mainte-

nance activities along the operational life of structures with substantial impact on the life cycle

costs and the safety of the public.

Rapid advances in hardware and software capabilities allow for the widespread diffusion of

SHM techniques in the conventional building stock [1, 2]. In particular, Wireless Smart Sensor

Network (WSSNs) are the most promising systems for SHM applications because they don’t

require long cables leading a significant cost reduction and an easier installation procedure.

Moreover, WSSNs are characterized by low cost and feature edge-computing capabilities en-

abling the decentralization of the monitoring process, by reducing the amount of data transferred

and improving the energy efficiency of the monitoring configuration [3]. The energy consump-

tion of a wireless network dictates the maintenance intervals and thus consists the bottleneck for

the optimal design of WSSNs. Given that energy consumption is highly related to the network

architecture, the choice of a suitable network topology for the studied application is of major

importance. Shrestha and Xing [4] discussed the performance of various WSSNs topologies by

comparing the reliability, energy–efficiency, network life, scalability, self-organizing capability

and data latency. Other parameters that constrain further the design of optimal WSSNs stem

from cost and size restrictions.

The recent paradigm of Internet of Things (IoT) [5] allows researchers to vision the Inter-

net of STructures (IoST), where proper indexes could provide information regarding structural

health at an urban scale, almost in real time. This information could support substantially

both the vulnerability assessment as well as the post earthquake damage estimation, which is

currently based on time consuming and inevitably subjective inspections. Despite extensive

research in this field, the extraction of robust damage sensitive features (DSFs) from vibra-

tional response still poses challenges, particularly related to damage characterization (location,

severity) [6, 7]. A large category of DSFs focuses on changes of the modal properties due to

structural damage. Noh and coworkers [8] proposed a DSF criterion, which relies on the ratio

of the energy allocated on the first mode over the total energy of the response signal. Other

candidate methodologies rely on changes in coherence between different nodes, the wavelet de-

composition, Hilbert-Huang transform [9], higher order moments or entropy. Recently, Hwang

and Lignos [10] described a framework for estimating story-based engineering demand param-

eters in instrumented steel frame buildings with steel moment-resisting frames. The proposed

framework utilizes wavelet-based damage sensitive features and basic building geometric infor-

mation to infer the building damage state at a given seismic intensity.

This work comprises the implementation of a wide palette of DSFs for the damage detection

of full scale recordings. In section 2, the selected features are presented and the key parameters

are described. In section 3, the selected features are applied for the evaluation of the recordings

of a 7-storey shear wall benchmark experiment. In section 4 are summarized the results and the

comparison of the performance of the studied DSFs. Finally, section 5 includes a discussion on

the key issues for the design of a decentralised wireless sensor network in a SHM framework.
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2 VIBRATION-BASED DAMAGE IDENTIFICATION

In this section, a brief description and some implementation examples of the selected DSFs

are reported. Both modal– and non–modal–based features have been selected. In particular,

autoregressive (AR) parameters and principal component analysis (PCA) of the covariance of

raw acceleration data are usually referred as non–modal–based methods, as the identified pa-

rameters cannot be directly interpreted into a modal or physical domain. On the other hand, the

curvature of uniform load lines (ULLs) obtained through the flexibility matrix and the trans-

missibility function belong to the family of modal–based DSFs. Relevant notions for novelty

detection as well as damage indices (DIs) implemented in this study are also reported.

2.1 Autoregressive parameters

Autoregressive (AR) models are among the most popular non–modal–based structural iden-

tification tools. It has been shown that, despite the non–intuitive physical interpretation of AR

parameters, the features captured by AR models, directly fitted to raw acceleration data, are

representative of the structural behavior and can be analyzed to detect changes due to dam-

age or changing environmental conditions [11]. AR parameters are computed following the

assumption that each sample of a time series depends linearly on the previous samples and can

be reconstructed by adding a residual term, which is usually assumed as Gaussian white noise.

After selecting a model order (i.e., how many samples are considered in the description of each

element of the time series), the identification of AR parameters can be achieved through solving

an ordinary least square problem. The simplicity of this method allowed for various implemen-

tation in SHM algorithms, involving different usage of AR parameters for the estimation of

structural damage [12, 13].

2.2 Covariance–based DSF

Covariance is a common statistical feature that describes the relationship between two signals

in time domain. Assessing the covariance of the vibrational responses of sensors placed in

different position along a structure has been established as a valid statistical metric for capturing

novelties in the dynamic response [14]. These changes, however, can be attributed not only to

structural degradation, but also to changing environmental conditions [15]. Principal component

analysis (PCA) [16] has been widely applied to enhance the novelty detection by a consequent

algorithm. PCA is a linear transformation which is applied to a potentially correlated feature-

set. The principal components (PCs) are sorted by their eigenvalues in a decreasing order, where

the first PC has the highest explained variance after the transformation. This procedure can

reduce the dimension of the feature-set while maintaining a high remaining variance explained.

2.3 Curvature of the uniform load line

Changes in modal curvature is the basis of various modal-based DSFs in the field of damage

identification, as it is proven to be particularly effective to localize structural degradation related

to stiffness reduction [17]. Major drawbacks of this this feature include its rather approximate

computational scheme (i.e., the central difference method), starting from displacement lines,

and the fact that at least three data points are required to evaluate each curvature value. As a

result, modal curvature based DSFs tend to be too sensitive to inaccuracies in the identification

of modal shapes and require a considerable amount of sensors, placed at equidistant locations.

In this paper, the curvature of the uniform load line (ULL) has been applied. This approach

describes the structural behavior in the physical space and is less sensitive to identification errors
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for higher modal shapes [18]. In particular, the ULL of a structure represents the deflection

shape under the application of a uniform load vector, the entries of which are unitary forces

applied at each sensor location. The ULL is generally evaluated through the flexibility matrix

of the structure F, which can be estimated by the first r vibration modes, as following:

F ∼=
r∑

j=1

1

ω2
j

ΦjΦ
T
j (1)

where ωj and Φj indicate the j–th natural circular frequency and modal shape, respectively.

The ULL can thus be computed as:

u = Fp (2)

where p = [1, 1, . . . , 1]T has the same size as Φj .

It should be noted that, in order to compute the real flexibility matrix, modal shapes must be

mass-normalized. In this case, a variation of u registered during a monitoring process could also

be related to a physical quantification of damage in terms of flexibility increment (i.e., stiffness

decrement). In real case studies, however, there is often no precise information regarding the

mass distribution, especially for complex structures. As a result, the evaluation of F becomes

particularly challenging. For the purposes of the present work, a uniform distribution of masses

along the height of the building is considered. This assumption coincides with the regular

geometry of the studied benchmark experiment. Therefore, modal shapes are normalized with

respect to an identity matrix, and F is considered as proportional to the real flexibility matrix.

In this case, a quantification of damage in absolute terms is not possible, but the method still

allows for the localization of damage [19].

2.4 Transmissibility based criteria

Transmissibility based criteria have been recently proposed in an attempt to detect and lo-

calize damage based on output-only data [20]. The transmissibility function between points

a and b of an elastic system can be defined as the ratio of the complex amplitude of the sys-

tem responses in frequency domain, which can be expressed as a fraction of power spectral

densities:

Ta,b(ω) =
Xa(ω)×Xb(ω)

Xb(ω)×Xb(ω)
=

Ga,b(ω)

Gb,b(ω)
(3)

By implementing Pearson’s correlation coefficient for the transmissibility vectors in different

damage states, researchers defined a correlation-based damage indicator (CDI):

CDIa,b = |
Cov(T d, T u)

σT dσT d

| (4)

An additional feature based on the modal assurance criterion was also defined as transmissibility

assurance criterion (TAC):

TACa,b =
[(T d)T (T u)]2

[(T d)T (T d)][(T u)T (T u)]
(5)

where T d and T u represent the transmissibility vectors under damaged and healthy conditions.

Considering the points a and b as the recording points along subsequent storeys of a building,
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transmissibility based criteria provide information for structural changes between the measur-

ing points. For shear wall concrete buildings with rigid slabs, the earthquake induced damage

is expected to concentrate in the lower floor levels. For such cases, transmissibility based cri-

teria for damage detection and localisation are well defined. However, such criteria cannot

provide robust estimation for the level of damage since they rely exclusively on low amplitude

measurements, where the system is expected to respond in the equivalent elastic regime.

2.5 Mahalanobis Distance

The Mahalanobis distance (MD) is a widely applied multivariate distance metric to highlight

novelties or outliers in a feature-set [21]. The MD measures the distance between a point and

a distribution. The distribution is commonly calculated for a reference feature-set which is also

called the training-set. The MD is described as follows:

d(xk,Y) =

√
(xk − μY)

TΣ−1
Y (xk − μY) (6)

where d(xk,Y) is the distance between a feature vector xk and a reference Y, with k being the

kth feature vector in a feature-set. μ is the mean of features in Y and Σ the covariance of the

reference feature-set. This metric is used as DI for the modal-based DSFs investigated in this

work.

2.6 Damage indices and novelty detection

For most of the damage identification algorithms the identified parameters are compared to

baseline information obtained right after the installation of the monitoring system. This baseline

information is considered to represent the undamaged condition. To quantify this comparison,

a proper DI has to be selected and a threshold between “damaged” and “healthy” state has to

be defined. For the AR and covariance based DSFs the MD has been used as a DI since a

statistically significant set of results were evaluated. For the former case, a different set of AR

parameters can be identified for each data array (i.e., considering data intervals of user-defined

length at each sensor location). In general, damage localization cannot be directly achieved

by analyzing local modifications in AR parameters [13]. For this reason, the mean of MDs

computed over the set of all recording nodes has been selected as the final DI for the purposes

of damage detection. Similarly, the MD-based damage index is evaluated for the covariance and

PCA based DSF. A threshold is selected for the reference state and is represented by Tth. The

choice of Tth is based on a cumulative distribution of the damage index where the kth percentile

of the data is allowed to exceed the threshold. Consequently, d(xk,Y) > Tth are considered as

novelties and are potentially correlated to damage.

For the modal-based DSFs longer datasets are required and thus only deterministic DIs can

be defined through the analyzed data. For the curvature of the ULL, the percentage variation

between local estimates of the DSF in different damage scenarios is considered. For the trans-

missibility based DSF the identified CDI and TAC metrics are evaluated.

3 DAMAGE DETECTION ON REAL-SCALE RECORDINGS

The DSFs described in Section 2 are evaluated using the data collected during a benchmark

experiment on a full-scale RC structure tested on a shaking table at the University of California,

San Diego [22, 23]. After a brief description of the case study, the results are reported and

discussed.
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Figure 1: Picture of the tested structure (a) and ground floor plan of typical storey (b)

3.1 Description of the case study

The specimen, shown in Figure 1a, consists of two perpendicular walls (web and flange wall)

and a concrete slab at each storey–level, supported by four gravity columns and an auxiliary

post–tensioned column that provides torsional stability to the system (Figure 1b). Shaking table

tests were designed to progressively damage the building through the simulation of four historic

earthquakes recorded in California, with increasing intensity. Before and after each shaking

test, the response of the building was recorded under white noise (WN) excitation, with a root

mean square (RMS) amplitude equal to 0.03 g, and low amplitude ambient vibration (AV), as

described in detail in [22, 23] and in Table 1. In particular, between tests S3.1 and S3.2, the

bracing system between the slabs and the post–tensioned column was stiffened. The present

work focuses exclusively on the acceleration response during the white noise excitation before

and after the strong shaking events.

The instrumentation of the tested structure includes 45 uniaxial accelerometers: 29 measur-

ing the longitudinal direction (three on each floor slab, one on the web wall at mid-height of

each story, and one on the pedestal base), 14 measuring the transversal direction (2 on each floor

slab), and 2 nodes measuring the vertical direction (at the base, on the pedestal). In this paper

seven different sensor configurations are considered, as described in Table 2, with reference to

Figure 1b. The original data are sampled at 240Hz and are here downsampled at 100Hz. More

details about the geometry and the instrumentation can be found in [22, 23].
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Test Description

S0 8min WN (0.03%g RMS) + 3min AV

EQ1 San Fernando earthquake, 1971, longitudinal component, Van

Nuys station

S1 8min WN (0.03%g RMS) + 3min AV

EQ2 San Fernando earthquake, 1971, transversal component, Van

Nuys station

S2 8min WN (0.03%g RMS) + 3min AV

EQ3 Northridge earthquake, 1994, longitudinal component, Woodland

Hills Oxnard Boulevard station

S3.1 8min WN (0.03%g RMS) + 3min AV

S3.2 8min WN (0.03%g RMS) + 3min AV

EQ4 Northridge earthquake, 1994, 360◦, Sylmar Olive View Med

S4 8min WN (0.03%g RMS) + 3min AV

Table 1: Testing setup

Deployment layout Description

H-0 SD on the web wall in the horizontal direction, at floor levels and

mid-height of storeys

H-1 SD on the web wall in the horizontal direction, at floor levels

H-2 SD on the southern part of the slab in the horizontal direction

H-3 SD on the northern part of the slab in the horizontal direction

T-1 SD on the eastern part of the web wall in the transversal direction,

at the floor levels

T-2 SD on the western part of the web wall in the transversal direction,

at the floor levels

HT All sensors described above

Table 2: Sensor deployment layouts
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(b) Covariance based DSF

Figure 2: Control charts for non-modal-based DSFs
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Figure 3: aROC and false alarm rates obtained for the non-modal-based approaches

3.2 Discussion of the results

For non-modal-based DSFs, a control chart approach demonstrates clearly the online novelty

detection procedure for damage identification. Response windows of seven minutes, divided

into sets of 1000-samples, are considered as separate inspection intervals. The DSF is com-

puted for each inspection interval and compared to the baseline estimation, which is evaluated

based on the first 55 intervals for condition S0. In Figure 2, the MD between the feature evalu-

ation on each interval and the baseline is presented. For brevity, only the results for the sensor

deployment layout T-1 are reported. The threshold for novelty detection is set in the training

set and allows 1% of outliers. A comparison between the control charts of the AR based DSF

(Figure 2a) and the covariance based DSF (Figure 2b) demonstrates that, the AR model captures

adequately the transition from the healthy state to the first damaged state, while it fails to pro-

vide clear boundaries between the subsequent damage states. On the other hand, the covariance

based DSF differentiates better significant damage (S4 and S5) from the initial damage states,

while indicates minor variations from conditions S1 to S3.1.

Summary results obtained from the evaluation of these DSFs using all the deployment lay-

outs of Table 2 are reported in Figure 3. It can be noticed that, although the false alarm rate

of the covariance-based method is generally higher, the area under the ROC curve (indicated
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(a) Curvature (b) TAC (c) CDI

Figure 4: Transmissibility-based and curvature-based damage indices evaluated for each dam-

age condition

here as aROC) is greater in most cases, denoting a better discrimination between healthy and

damaged conditions. Moreover, it is worthy to note that the AR-based method works better in

the transversal direction, showing higher aROC values, while the covariance-based approach

performs well in all the deployment layouts.

Figures 4a, 4b and 4c illustrate the damage indices calculate by the curvature-based and the

transmissibility based approaches, by considering the sensor deployments H-1. In this work, a

deterministic comparison between healthy and damaged conditions is considered. In order to

compute curvature, the central difference method is employed, assuming that the base displace-

ment is 0, obtaining 6 curvature values.

While the curvature-based approach is less sensitive to small damages, the transmissibility

function appears to detect also small variations in the dynamic behavior, showing an accurate

estimation of the damage position and consistent representation of the identified damage degra-

dation due to increasing the excitation amplitude. Moreover, the TAC criterion proves to be

more sensitive to damage in comparison to the CDI criterion.

4 CONSIDERATIONS ON WIRELESS SENSOR NETWORK IMPLEMENTATIONS

The considerations reported in this section refer to a star-topology network. This is one of the

most commonly used topology due to its simplicity, although Cluster Head and mesh topologies

provide a better flexibility, i.e network scalability, communication reliability or energy manage-

ment [4]. In particular, the network was designed to collect n samples of acceleration data at

each node location at user-defined inspection intervals. Depending on the feature, DSFs are

then partially or fully computed in the central monitoring station (i.e., the sink node), where

damage identification takes place. Table 3 summarizes the main characteristics of interest for

the implementation of DSFs on a WSSN. While univariate AR parameters and covariance can

only identify structural changes due to modifications of the dynamic response in time domain,

modal-based parameters can provide information about the position and, under certain assump-

tions, the extent of damage. The number of channels needed to calculate each DSF reflects the

possibility to compute it in a decentralized manner, by performing part of the processing on the

nodes. The minimum number of samples to be transferred to the central monitoring station for

the evaluation of the DSFs is also considered as a performance index.

AR parameters are identified on single data series, such as the raw acceleration signals

recorded by each node. In this case, AR parameters could be identified onboard and the trans-

mission could be reduced to the selected order of the AR model (p). Covariance and trans-
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DSF Id level Num. of channels Num. of samples Complexity

AR parameters Detection � 1 p O(p2n)

Covariance Detection � 2 n -

Curvature Loc./Quant. � 3 n -

Transmissibility Localization � 2 s O(slog(s))

Table 3: Characteristics of the considered DSFs

missibility functions require couples of acceleration channels for their evaluation in time and

frequency domain respectively. Truncated spectra can thus be employed to estimate the trans-

missibility in the band of interest. The number of samples required at the level of central node

is therefore equal to the number of points of the truncated frequency spectrum (s), which can

be computed on each node before transmission. The curvature based DSF requires recordings

of at least three subsequent nodes to be computed. Hence, the identification of this feature has

to be performed in a centralized fashion with complete data series, in order to preserve phase

information.

Computational complexity is an aspect of utmost importance when decentralized processes

are implemented on low-cost smart nodes, since they are generally characterized by small com-

putational capabilities and limited battery life. The identification of AR parameters can be

obtained through several algorithms with varying complexity. The ordinary least squares prob-

lem yields an asymptotical complexity of O(p2n), with p denoting the order of AR model and n
the number of training samples. Alternatively, through the Yule-Walker method, the complexity

becomes O(p2 + np), still being strongly dependent on the selected order, which increases with

the structural complexity. Among the different Yule-Walker solvers, Dushin and Frolov [24]

exploited the Levinson–Dusrbin recursion for extrapolating AR coefficients and monitoring en-

vironmental phenomena such as humidity and light. Lynch [25] exploited the Burg’s method

to solve the Yule-Walker equations which avoids complex matrix inversion operations. In such

a case, considering 4000–time samples and the identification of 30 AR coefficients, the WSSN

needed 8 s of computational time with 3 J of energy consumption.

Covariance and curvature based DSFs are not suitable for decentralization in a simple star-

topology network. Hence, the computational complexity at the central node is high, involving

the evaluation of all couples of covariance functions for the former feature, and a complete

automated modal identification for the latter. The computation of the frequency spectrum for

the identification of transmissibility functions can be conducted on the nodes with a complexity

of O(slog(s)), by implementing fast Fourier transform (FFT) with s frequency points. It is

worth mentioning that Goertzel’s algorithm [26] can also be utilized for frequency analysis with

a computational complexity of O(s) for a single bin of the spectrum and exploiting recursion

[27].

5 CONCLUSIONS

Despite recent advances in algorithms and hardware related to damage identification, SHM

remains an unexploited potential in civil engineering practice. The substantial costs related to

the instrumentation and the management of the recorded data undermine the widespread imple-

mentation of sensors networks that could provide valuable insights into the structural behaviour

of infrastructure and buildings during and after catastrophic events. This work explores the ef-

ficiency of various modal-based and data-driven DSFs, implemented on real scale recordings.

The applicability of the studied DSFs in low cost WSSNs, in terms of computational complex-
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ity, energy efficiency and data transmission, is also discussed.

In the present case, data-driven DSFs estimated by short data series detect accurately damage

and could be computed almost in real time in permanent SHM applications. While the AR-

based approach proves to be more robust in sensing the transition from healthy to damaged

state, the covariance–based approach is more suitable to identify severe structural degradation.

The possibility to compute the AR parameters on smart nodes allows for the decentralization of

the processing, reducing substantially the volume of the data to be transmitted. For distributed

sensor networks, modal–based DSFs can provide information related to both the location and

the severity of damage. In the present study, transmissibility–based approaches perform very

well in both tasks. Although these indexes can only be assessed in the central node, the required

information reduces to truncated spectral coordinates. Finally, the curvature-based approach

proves to be sensitive only to severe damage and is not suitable for decentralized configurations.
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