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K. Lakshmi*

CSIR-Structural Engineering Research Centre, CSIR Campus, Taramani, Chennai-600113, Tamilnadu, India

(Received June 20, 2023, Revised November 22, 2023, Accepted January 29, 2024)

Abstract. Safety and structural integrity of civil structures, like bridges and buildings, can be substantially enhanced by
employing appropriate structural health monitoring (SHM) techniques for timely diagnosis of incipient damages. The
information gathered from health monitoring of important infrastructure helps in making informed decisions on their
maintenance. This ensures smooth, uninterrupted operation of the civil infrastructure and also cuts down the overall maintenance
cost. With an early warning system, SHM can protect human life during major structural failures. A real-time online damage
localization technique is proposed using only the vibration measurements in this paper. The concept of the ‘Degree of Scatter’
(DoS) of the vibration measurements is used to generate a spatial profile, and fractal dimension theory is used for damage
detection and localization in the proposed two-phase algorithm. Further, it ensures robustness against environmental and
operational variability (EoV). The proposed method works only with output-only responses and does not require correlated finite
element models. Investigations are carried out to test the presented algorithm, using the synthetic data generated from a simply
supported beam, a 25-storey shear building model, and also experimental data obtained from the lab-level experiments on a steel
I-beam and a ten-storey framed structure. The investigations suggest that the proposed damage localization algorithm is capable
of isolating the influence of the confounding factors associated with EoV while detecting and localizing damage even with noisy
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measurements.
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1. Introduction

Civil infrastructure is often made to last for a long time,
sometimes even a century. During their long service period,
structural degradation is bound to take place due to aging,
unanticipated loads, fatigue, corrosion, etc., and sometimes
may even collapse during their operation due to rapid
deterioration. Therefore, a reliable way of keeping track of
this progressive deterioration in the infrastructure is
essential to ensure the users’ safety and make informed
decisions about the maintenance schedule to improve their
longevity. In the recent past, structural health monitoring
(SHM) has evolved as the most promising technology for
the real-time diagnosis of structures. Based on these timely
diagnoses, the safety of these structures can be ensured
through timely, effective maintenance schedules at reduced
costs.

Recent advancements in sensor technologies, high-speed
data acquisition systems, and the availability of low-cost,
ubiquitous sensors, apart from advancements in data/signal
processing techniques, have immensely contributed to the
rapid strides of SHM technology. Structural damage
diagnosis is the core element of SHM, and several
algorithms for damage diagnosis are reported in the
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literature. Several well-organized review papers in the
literature discuss some of these methodologies (Avci et al.
2021, An et al.2019, Das and Roy 2022).

Environmental and operational variability (EoV) often
poses a greater challenge for engineering structures. EoV
influences the measured structural responses even in a
healthy structure. Unless the issues related to EoV are
comprehensively addressed while devising the damage
diagnostic algorithms, problems like false positive or
negative detections may often take place during health
monitoring. Therefore, EoV is one of the most significant
issues to handle while detecting damage to civil
infrastructures in real-time SHM applications.

Damage identification techniques developed using
measured dynamic responses are quite popular for damage
detection, localization, and estimating its severity. The
premise behind these techniques is that modal
characteristics like frequency and mode shape are functions
of structural physical attributes like mass, damping, and
stiffness. These modal characteristics will vary when there
is a change in the physical attributes due to structural
damage. These techniques are theoretically sound.
However, modal parameter identification of practical
spatially large engineering structures needs a large number
of sensors, and extracting a large number of modes, which
is a prerequisite for damage diagnosis, is also not feasible
from ambient vibrations. In view of this, the modal-based
diagnostic techniques are rather practically difficult to use
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on real structures. Other difficulties associated with modal-
based techniques include sensitivity to measurement noise,
low sensitivity to minor incipient damages in the structure,
and handling EoV is rather difficult. Due to all these
practical constraints of modal-based methodologies, signal
processing-based damage diagnosis techniques have
recently gained popularity as they are scalable to practical
engineering structures. Widely used signal processing-based
damage diagnostic techniques are multivariate analysis
(Rao et al. 2015, Kumar et al. 2020, Zhang et al. 2021, Cao
et al. 2022, Hao et al. 2022), time series (Lakshmi and
Rama Mohan Rao 2018b, Entezami et al. 2020, Do and Giil
2020, Bernagozzi et al. 2021, Chegeni et al. 2022), time
scale (Sanchez et al. 2020, Katunin et al. 2021), time-
frequency methods (Rama Mohan Rao and Lakshmi 2015,
Wang et al. 2022), special techniques to handle EoV
(Lakshmi 2021, Sarmadi et al. 2021, Torzoni et al. 2022,
Huang et al. 2023), multi-model techniques (Lakshmi and
Rama Mohan Rao 2018a, Lakshmi and Rama Mohan Rao
2019, Lakshmi 2020), inverse algorithms (Rama Mohan
Rao et al. 2015, Lakshmi and Rama Mohan Rao 2019,
Shallan and Hamdy 2022, Beygzadeh et al. 2022),
computer vision (Liu et al. 2023), and artificial intelligence/
machine learning (Avci et al. 2021, Guo et al. 2022, Wang
et al. 2022).

In a nutshell, any practically amenable damage detection
algorithm for civil infrastructure should be applicable for
online SHM with rapid damage assessment features, should
work without correlated finite element models with limited
instrumentation requirements, and should be capable of
handling EoV. Finally, they should be capable of assessing
the state of the structure with only measured output
responses.

In view of these, a rapid damage assessment technique
amenable to online SHM and capable of handling EoV is
presented in this paper. The fractal theory is used for
localizing the damage. A new damage localization index
that can properly handle EoV is proposed. The suggested
method’s efficiency is evaluated numerically and
experimentally through lab-level experiments using beam as
well as framed structures. The investigations carried out on
the damage detection algorithm discussed in this paper
suggest that it is simple, accurate, and capable of handling
EoV and measurement noise.

2. Theoretical background

The proposed algorithm makes use of the scatter in the
vibration measurements of each sensor placed on the
structure. Accordingly, the ‘Degree of Scatter’ (DoS), which
is a prime component in the proposed damage localization
algorithm, is evaluated at each sensor node and is defined as
the amount of scattering of the measured acceleration time
history at any typical node from its mean value. The
‘Degree of Scatter’ can be calculated from the discrete-time
history measurements Z; = [Z;(1), Z5(2),Z5(3),.... Z;(N)]
at any typical sensor node S as

Ay (Z) = log(variance (%)) (1

where A; is the calculated ‘Degree of Scatter’ at any
typical sensor node, s, and the data points in the measured
response are denoted by N. Eq. (1) can be used as a measure
to identify how far a set of numbers (acceleration data) is
from its mean value. The greater the value A, the higher
the scattering of the sampling points (acceleration) from
their mean value. Since this value is likely to vary with the
size of the acceleration time history vector, it is necessary to
keep the size constant while comparing the time history
responses before and after the damage to get meaningful
information about the presence of damage. Once all the
points related to the ‘Degree of Scatter’ are evaluated at
each measured sensor node, these points can be connected
to form a waveform, which is referred to as the degree of
scatter waveform or simply DoSWF. The logarithm is used
in Eq. (1) to make the waveforms independent of excitation
amplitude on the structure during pristine (healthy
structure) and current measurements with a possible
presence of damage.

2.1 Localisation of damage

It is possible to think of the DoSWF as a two-
dimensional waveform. Fractal theory (Katz 1988) can be
used to quantify the complexity of the DoSWF and identify
waveform (WF) changes caused by either localized damage
or EoV.

Along the DoSWF-associated spatial waveform, a
moving, overlapping window with a fixed length is
traversed. At least three sampling points must be included
for each moving window, with the middle of the window
coinciding with the middle sampling point. A sensor
mounted on the structure corresponds to each sampling
point in the DoSWF. The Fractal Dimension value is
estimated using the DoSWF values associated with the three
sampling points in a typical window, and it is assigned to
the spatial sensor located at the mid-sampling point.
Similarly, the window is shifted along DoSWF, point by
point, covering each location of the spatial sensor. Any
localized damage manifests as complexity in the DoSWF,
which causes a sensor placed close to the complexity in the
WF to register a relatively large magnitude of Fractal
Dimension value. Therefore, the high Fractal Dimension
value of any sensor can be used to localize the damage.
However, EoV also affects the DoSWF, and the Fractal
Dimension estimate can pick up these changes quite
precisely. Katz’s fractal dimension (KFRCD) (Katz 1988) is
perhaps the most appealing Fractal Dimension estimation
among those reported in the literature (Katz 1988, Higuchi
1988, Normant and Tricot 1991, Esteller et al. 1999,
Paramanathan and Uthayakumar 2008) because of its
straightforward idea, ease of computer implementation, and
reduced sensitivity to noise.

Any typical waveform can be thought of as a collection
of m sampling points wf = [wfy, wf,, wfs,....wfy,]. The
x and y coordinates of any sampling point, i, on the DoOSWF
are wf; =(x; y;). With this, for any typical spatial
location, x; on DoSWF, Katz’s Fractal dimension (KFRCD)
can be calculated as
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logyo(n)

KFRCDn(xl) = e 2
0810 (%) + logyo(n) @

where n refers to the number of waveform sampling
intervals covered within any typical moving window. This
number (n) will usually be 2. However, it can be even more
than 2. The total distance from the starting sampling point
to the end sampling point of any typical moving window is
L(x;) and can be written as L(x;) = X llwfiyr — wfill.
d(x;) refers to the maximum length of the waveform from
the starting sampling point Xx; to the current sampling
point, x; on the waveform. It can be written as

d(x;) = max[dist(xq, x;)] 3)

For identifying damage, the KFRCD given in Eq. (2)
can effectively handle simple wave profiles with very
regular shapes. Its efficacy cannot be assured when applied
to more intricate waveforms. In view of this, it is decided to
use a more advanced version of KFRCD (Li et al. 2011),
which can work for complex wave profiles. In this version,
the Fractal Dimension is defined using the included angle
a; created by the tangents drawn on the DoSWF from the
moving window’s start and end positions. The subscript j
stands for the moving window number from the left.

log10(2) 12
a;(x;) = m — arccos (1 -2 [0.5 X 10KFRCD2("0] ) “4)

The FRCD, considering the included angles, can be
written as

3. Proposed algorithm

There are two phases in the proposed algorithm for
damage detection. The first phase is referred to as
‘Training’, while the second phase is referred to as
‘Execution’.

3.1 Training

The training component of the algorithm works on the
vibration responses compiled from the healthy structure and
can even work in offline mode. The residual features shown
in Eq. (6) are recovered from the dynamic responses
measured using the accelerometers placed at distinct spatial
locations on the healthy structure. In general, the vibration
measurements are expected to have confounding effects
related to EoV. These residual damage features are utilized
to create the thresholds for each sensor location in this
phase. In order to handle the effect of EoV, these
established threshold limits using the dynamic responses
measured on the pristine structure are used in the diagnosis
phase to assess whether the current state of the structure is
healthy or damaged.

The key activity of this phase of the algorithm is to
compile the vibration responses from the structure
measured under several realistic scenarios of variable
operating and environmental conditions in different time
zones of the day throughout the year. To improve the
accuracy of the damage diagnosis, it is desirable to compile
the measured vibration data covering all the possible
diverse practical scenarios. The compiled time history data
is divided into small data-segments. Each of the several

log10(2)

2 logi0(2 12
[arccos (1 -2 [O.leoKFRCDz(xi—ﬁ] ) — arccos (1 -2 [0.5x10KFRCD2("i)] )}
aj(xi) - aj(xi—l) _ )

FRCD(x;) = =

(x —xi-1)

where % is the horizontal distance between two successive
sampling points.

The difference in the evaluated damage feature,
AFRCD, of the DoSWF associated with two different sets
of dynamic time history data of the structure at any spatial
location x;, can be written as

AFRCD,, 4(x;) = abs(FRCD?(x;) — FRCDY(x;))  (6)

where p and ¢ refer to the features extracted from two
entirely different dynamic time history dataset numbers and
x; refer to the spatial location (sensor location) on the
structure where the fractal dimension is resolved. Referring
to the data compiled at two different time instants and are
the features extracted from two entirely different sets of
dynamic time history data measured at the same time/day or
at a separate time/day. The damage can be localized based
on the higher magnitude of the Fractal Dimension at any
spatial location.

H

such data-segments compiled has the same number of data
samples and should not be less than 1000 samples.

The details of the algorithm to determine the threshold
limits are given below:

i. To incorporate all the potential variations, the
dynamic response (acceleration) of the targeted
(instrumented) structure is acquired under various
operating and environmental conditions. A large
number of datasets of such time history
measurements encompassing all possible variable
conditions certainly improve the accuracy of the
detection.

ii. The measured dynamic response from all the sensors
placed on the structure in a given instance is divided
into many segments such that each segment contains
samples not less than 1000. Depending on the
sampling frequency and the duration of the
measurement, at a specific instance, each segment of
data may include even more samples. However, it is
to ensure that the number of samples in each
segment is the same. These partitioned segments of
data formed for all the measured dynamic responses
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at different instants of time/day are named “DS-1”,
“DS-27,..., and “DS-m”, where m refers to the total
number of segments formed.

iii. Using the DS-1, the DoS at all N sensor nodes is
evaluated using Eq. (1). The nodal ordinates
associated with DoS are connected to create DoSWF
for DS-1. Perform fractal dimension analysis on the
waveform related to DS-1, and compute FRCD(s,1),
s =1 to Ng; using Eq. (5).

iv. Repeat step(iii), each time using a different data-
segment, i.e., DS-2, DS-3,...DS-m to compile the
FRCD matrix, (FRCD(s, k), s =1 to Ns; k = 1 to m).

v. Compute the difference between the FRCD values of
DS-1 and ‘DS-2, corresponding to each sensor
location, s, as AFRCD;,(s) = abs(FRCD(s,1) —
FRCD?(s,2)).

vi. Step(v) is repeated by comparing DS-1 each time
with a different segment from the available (m-2)
segments in the baseline pool (i.e., leaving DS-2)
and retrieving the FRCD feature differences for each
combination AFRCD;,4(s),s=1toNg q=3tom.

vii. In this way, each segment produces [m-1]
combinations, resulting in [m -1] numbers of
AFRCD values, AFRCD,,(s),s=1toNs. The
subscripts p and q belong to two unique segments.

viii. The threshold limit THL(s) for each sensor node is
determined as follows.

THL(s)
= [mean(AFRCD(s)) (7)
+3 X (standard deviation (AFRCD (s)))]

These threshold limits are established by assuming that
these AFRCD values are normally distributed.
ix. The THL vector is used in the second phase, to
compute damage localization indices (DLIs).

3.2 Execution phase

This phase of the algorithm assesses the structure’s
present (unknown) state. This phase can completely run
online. The various steps associated with this phase are as
follows.

1. The measured acceleration responses of the targeted
structure in its present (unknown) state are compiled.
These compiled data are divided into several data-
segments to form the current pool of data-segments
as was done in the case of the baseline pool during
the training phase. It should be ensured that the
number of samples per segment is the same as in the
baseline pool.

ii. The FRCD feature difference at each sensor node
s can be evaluated by combining each data-segment
of the current pool with any arbitrarily chosen
baseline pool data-segment of the structure,
AFRCD, ,(s); s=1to N;. The subscripts ¢ and b
refer to the current and baseline pool, respectively.

iii. For each sensor node, the damage localization
index (DLI) is calculated using the FRCD feature

difference calculated in step(ii) and the THL vector
evaluated in the training phase of the proposed
algorithm.

DLI(s) = AFRCD, ,(s) — THL(s) (8)

Time of Damage Incipience )
(TDI) = C x SF/NSMP

where C is the earliest current data-segment number with
positive DLIs, SF is the sampling frequency, and NSMP
refers to the samples per data-segment. When the structure
is in good condition, the normalized damage feature
difference, AFRCD;,, will be within the threshold limits
THL(s) at all sensor nodes. When the structure has damage,
the sensors located closest to the damage will show positive
DLIs, while the remaining DLIs will be either zero or
negative. Therefore, the damage in the structure will be
present in the vicinity of the sensor(s) whose DLIs are
positive. TDI can be determined using Eq. (9).

The flow chart corresponding to the two phases of the
proposed damage diagnostic algorithm is shown in Fig. 1.
In the next section, studies carried out using synthetic data
for numerical evaluation as well as measured responses
from lab-level experiments for experimental evaluation of
the damage diagnostic technique, are described.

4. Numerical simulations

The performance of the suggested DOS-based algorithm
has been verified through numerical simulation tests using
two numerical examples. The first one is a simply supported
beam. It is considered a first example as medium-range
bridges are usually idealized as simply supported beams for
damage detection as it is the prime load-carrying member. A
25-storey tall framed structure modeled as a shear building
is the second example considered to test the proposed
algorithm. EOV is simulated in numerical studies to test its
resilience against such confounding factors. For all the
numerical studies considered here, noise is added to the
computed responses to test the influence of noise on the
algorithm’s detection ability.

4.1 Simply supported beam

A simply supported beam with cross-sectional
dimensions of 0.45 m x 0.5 m and a span of 6 m is
considered. The beam and its properties are shown in Fig. 2.
Even though there are 25 elements and 24 active nodes in
the finite element (FE) discretization of the beam, the
dynamic response from only 12 equidistant nodes is used in
the present simulation to imitate an experiment with only 12
sensors placed on the structure. The first four frequencies
are found to be 32 Hz, 127 Hz, 286 Hz, and 509 Hz.
Rayleigh damping is employed in the numerical simulations
with 1.5% for the first two modes. Band-limited white
Gaussian noise is used to excite the structure. The
Newmark-beta algorithm is used to compute dynamic
responses. The sampling rate is 1000 Hz and it works out to
a time step length of 0.001 sec.
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Training Phase

Ns - No. of sensor

@ nodes
T m - No. of data-subsets

Create data-subsets of
acceleration time-history
responses of Ns sensors

Evaluate DoS for sensor
jusing Eqn.(1)

Compute fractal Dimension based
damage feature, using Eqn.(5)

Compute the difference of FD feature
between data-subset i and data-subsetj =
atall nodes using Eqn.(6)

Using Eqn.(7) evaluate control limits THL(s);
s=1to Ns and store for future use

(a) Training phase

Daignosis Phase
N - No. of sensor nodes
m - No. of data-subsets in
anew current dataset

Start
onitoring
DLI - Damage index
Arrival of new current
dataset

Create data-subsets for a new
current dataset from Ns sensors

Evaluate DoS for sensor o
jusing Eqn.(1)

Create DoS
waveform

Compute fractal Dimension based
damage feature, using Eqn.(5)

Compute the difference of FD feature

between data-subset i and a randomly N

paired data-subsets at all nodes using
Eqn.(6)

&

Evaluate DLI of all nodes using control
limits THL(s); s=1to N stored after
learning phase and Eqn.(8)

(b) Diagnosis phase

Fig. 1 Flow chart of the proposed damage localization algorithm
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The same FE model of the beam is used to perform 600
sets of dynamic simulations, each time with a different
excitation amplitude, to simulate operational variability.
Similarly, varying the temperature randomly between -10°C
to +45°C during the FE analyses while computing the
dynamic responses of the beam simulates environmental
variations. Changes in the modulus of Elasticity of the RCC
beam due to temperature variations are considered as per
the curve (Yan et al. 2005) shown in Fig. 3.

During field experiments, measured acceleration time
history responses are corrupted by the measurement noise.
Therefore, to simulate practical situations, white noise is
added to the computed dynamic responses. To generate
noise-polluted vibration responses, normally distributed
random noise is added to the dynamic responses as

Zm =Z+ {.std(Z).randn (10)

where Z,, and Z are the noise-polluted and the noise-free
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computed acceleration time history responses, respectively;
z is the noise percentage, and randn is a normal
distribution vector with zero mean and unit standard
deviation. Random noise levels of 2% and 4% are taken
into account in the numerical investigations presented in
this paper. Furthermore, due to the uncorrelated noise
sequences affecting distinct nodes, a harsh experimental
scenario is simulated.

Six hundred datasets of vibration responses are collected
from six hundred independent FE simulations of the healthy
structure with EoV, as discussed earlier. Each of these
datasets is partitioned into two segments of 1000 samples
each. These 1200 data-segments form the baseline pool
training the algorithm. Eq. (7) is used to arrive at the
threshold limits (THL) for each sensor location.

The waveforms DoSWF shown in Eq. (1) are evaluated
using the acceleration time history response datasets of the
healthy structure with varied operational and environmental
(EoV) conditions. DoSWF values evaluated for typical
healthy data segments of the structure are illustrated in Fig.
4. Using these waveforms, the fractal dimension, i.e., FRCD
values, are evaluated using Eq. (5). Fig. 5 illustrates the
FRCD values of some typical waveforms of the structure.
Subsequently, the AFRCD values are evaluated using steps
(v) to (vii) of the proposed training phase of the diagnosis
algorithm presented in section 3. Using all AFRCD values
for all the data segments of the healthy structure, the
threshold limits, i.e., THL values are determined using Eq.
(7) for all the sensor nodes on the structure. The THL values
evaluated for the simply supported beam are shown in Fig. 6.
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Fig. 5 Fractal dimension (FRCD) values evaluated for
some typical waveforms (DoSWF) of the Simply
Supported beam in healthy state considering EoV
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Fig. 6 Threshold limits (THL values) of each sensor
evaluated for the Simply Supported healthy beam

The stiffness of element-10 is reduced by 10%, and
similarly, element-20 by 8% to artificially simulate damage
in the numerical model of the beam. It is assumed that the
beam is damage-free for the first six seconds of the
simulations and subsequently undergoes damage.
Accordingly, the acceleration time history responses are
evaluated using the FE model of the beam. Therefore, the
first six data segments (of 1000 samples each) are for
damage-free beams, and the remaining corresponds to the
structure with multiple damages. All the dynamic FE
simulations are carried out by considering EoV. Such
simulations carried out with varying operational and
environmental loads clearly test the ability of the proposed
damage localization index (DLI) to localize the damage in
the structure under the influence of EoV. The data-segments
compiled from these simulations form the current data pool
and are used to arrive at the THL vector. This THL vector is
subsequently used to evaluate the DLIs during the next
phase.

Eq. (8) is used to compute DLIs for each sensor
location. Figs. 7 and 8 show the computed DLIs for noise-
free and noisy data, respectively. It can be noted from Figs.
7 and 8 that the positive DLIs clearly reflect the presence of
damage in the beam. It can be concluded from the plot
shown in Fig. 7(a) without any positive DLI that the beam
is damage-free. The DLIs shown in Fig. 7(a) are for the
healthy beam (6" data segment). It is evident from this
study that the suggested diagnostic algorithm has accurately
captured the damage-free state of the beam and is not
influenced by the EoV, which may perhaps drive a false
positive diagnosis. Similarly, it is discovered that the DLIs
for the fifth and tenth sensor nodes in Fig. 7(b) are positive,
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whereas the DLIs for the others are negative. The sensor
nodes, in this case, display positive DLIs closest to the 10th
and 20th elements of the beam, where damage is currently
being simulated. The results of this experiment show that
the suggested diagnostic algorithm can locate the damage
rather precisely while taking into account confounding
variables like EoV. Eq. (9) is used to calculate the precise
TDI, and it is worked out to be 6 seconds. The execution
phase of the proposed technique, which involves extracting
damage features from the current responses of 12 sensor
nodes, takes 0.73 seconds to complete.

The results of similar investigations employing noisy
data from data-segment 7, are presented in Fig. 8 for
various noise levels. It is evident from Fig. 8 that the
damage can be localized even in the presence of noise from
the positive DLIs.

4.2 Twenty-five-storey frame structure

The second numerical example considered is a shear
building model of a 25-storey frame structure, shown in
Fig. 9. The properties of the shear building are shown in
Table 1. The shear building is excited at the 25 floor using
random load. Newmark-beta time marching scheme is
employed with a time step length of 0.001 (i.e., sampling
frequency: 1000 Hz) for dynamic analysis of the structure
with Rayleigh damping. The damping is considered as 1.5%
for the first two modes. Both noise-free and noisy vibration
data are used in the investigations, just like the earlier
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Fig. 9 25-storey shear building model

numerical simulations.
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Table 1 Storey stiffness, storey mass, and natural
frequencies of the 25 storey shear building

Stiftness (KN/m) Floor mass (Kg)
Bottom 15 stories 4000 2500
Top ten floors 3000 2000

Natural
frequencies (Hz)

1.201, 3.599, 5.983, 8.344,
10.674, 12.963, 15.203 and 17.386

By changing the amplitudes of random excitation
periodically, 600 sets of dynamic simulations are performed
using the same numerical model. Throughout the finite
element simulations, the temperature is also randomly
adjusted between -10°C to +45°C. Changes in the Young’s
Modulus of the steel structure as a result of temperature
fluctuations, shown in Fig. 3, are taken into account during
the FE simulations.

Each simulation is run for two seconds to compile two
thousand samples for the baseline pool. The baseline pool is
created by partitioning the time history data into several
data-segments of 1000 samples each. The algorithm’s
training phase is used to evaluate the threshold limit for
each sensor location.

The storey stiffness of the 6, 14" and 22" storey of the
25-storey shear building is reduced by 8%, 10%, and 6%,
respectively, to numerically simulate multiple damages in
the structure. The structure is assumed to be initially healthy
during the simulations and to have suffered damage after

25

- - N
=] (3] o

(3]

Sensor Node Number

-0.3 -0.2

A 0.0 0.1 0.2 0.3
DLI

& ]

(a) 9" data-segment

nine seconds. Accordingly, the current pool is created by
appending nine data-segments (each with 1000 samples),
from the baseline pool, and the rest of the current pool
consists of current data-segments formed from the
simulations carried out shear building model with single
and multiple damages. EoV is considered all through these
simulations.

The DLIs are evaluated using Eq. (8) and presented in
Fig. 10, with noise-free measurements. On similar lines,
Fig. 11 presents the DLIs for some specific data-segments
with noise. The DLIs for the seventh data-segment shown in
Fig. 10(a), are for the frame structure in a healthy state. It
can be easily verified from Fig. 10(a) that the suggested
method properly identified the structure’s healthy state. It
can be observed from Fig. 10(b) that the DLIs are positive
only for the fifth, sixth, thirteenth, fourteenth, twenty-first,
and twenty-second sensor nodes. It indicates that the
damage locations in the structure are in the vicinity of the
sensor nodes with positive DLIs. Since the damage is
simulated in the shear building’s 6" storey (represented by
the 5" and 6" sensor nodes), 14" storey (represented by the
13" and 14" sensor nodes), and 22™ storey (represented by
the 21 and 22" sensor nodes) during FE analysis, the
corresponding sensor nodes exhibit positive DLIs. This
numerical experiment demonstrates unequivocally that the
suggested damage diagnostic approach is efficient in
managing EoV while localizing the various structural
damages. The precise time of damage incipience (TDI) is 9
seconds.
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Fig. 10 DLIs for the 25-storey shear building with noise-free measurements
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Fig. 11 DLIs of the 25-storey shear building with the noisy response: Data-segment-10
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Fig. 12 DLIs for 25-storey shear building with limited (twelve) sensors placed at even storeys [2, 4, 6, 8, 10,

12, 14, 16, 18, 20, 22, 25]-2% noise

The DLIs of the 10" data-segment are shown in Fig. 11
with varying levels of noise. Figs. 11(a) and 11(b) show the
presence of damage at the 6%, 14", and 22" stories with
positive DLIs at the corresponding sensor locations. These
investigations clearly show that the suggested damage
diagnostic algorithm can handle EoV and detect damage
locations quite precisely, despite measurement noise. The
proposed algorithm’s execution step, which involves
processing the time history data of 25 nodes, takes 1.36
seconds to complete.

By limiting the sensors to only 12, investigations on the
25-story shear building are conducted. The optimal sensor
placement (OSP) algorithm (Rao and Anandakumar 2007)
recommends placing sensors at the following locations: 2,
4,6, 8, 10, 12, 14, 16, 18, 20, 22, and 24. With these few
sensors, the DLIs corresponding to the ninth and tenth data-
segments are presented in Figs. 12(a) and (b), respectively.
In Fig. 12(a), every DLI is negative, reflecting quite
precisely the structure’s damage-free state. In a similar
manner, Fig. 12(b) shows sensor nodes at the 6™, 14%, and
22 storeys have positive DLIs, indicating the presence of
damage in those storeys, while the other sensor nodes have
negative DLIs, reflecting a damage-free state. The results of
this investigation demonstrate that the suggested damage
diagnostic algorithm can operate efficiently even with a
small number of sensors, negating the influence of noise
and EoV.

5. Experimental investigations

5.1 Steel I-beam

The steel I beam shown in Fig. 13 is considered for the
lab-level experimental investigations. The properties of a

simply supported beam [ISMB 100] are

Span of the beam: 3000 mm;
Web thickness: 4 mm;

Depth: 100 mm
Flange width: 60 mm
Flange thickness: 7.2 mm; Cross-sectional area: 1460 mm?

Section modulus, Zxx:
51.5 03 mm?;

Section modulus, Zyy:
10.9 €03 mm?

Both holes at
location-1 closed with
bolts - Pristine state

e

Iy e

Both holes at
location-2 closed with
bolts - Pristine state

Both holes without
bolts -
Damage simulation
@0.76m & 1.84 m

from left cunnart

Fig. 13 Damage detection of the simply supported steel
I-beam- Experimental setup

Fig. 13 presents the entire experimental setup. The
instrumentation comprises 15 PZT accelerometers fixed on
the beam and 15 non-contact displacement sensors placed
with the wooden lever arrangement, as indicated in Fig. 13.
While the acceleration data obtained from PZT sensors are
used for verification of the proposed algorithm, the
displacement time history measurements obtained using
non-contact displacement sensors are preserved for
validating other damage diagnostic algorithms. The damage
is simulated by drilling holes in the web marked with circles
in Fig. 13. The arrangement of accelerometers and spatial
locations of damage is shown schematically in Fig. 14.

First, experiments are performed on the healthy steel
beam. The holes made in the web of the beam to simulate
damage are covered with bolts, as shown in Fig. 13, to
simulate a healthy structure. The first four natural
frequencies of the beam are found to be 36.30 Hz, 145.40
Hz, 327.50 Hz, and 579.90 Hz.

The beam is excited with random excitation using a
modal shaker of 200 N sine peak force capacity, shown in
Fig. 13. The test is performed in the 0-1000 Hz frequency
range. Tests have been carried out using random excitations
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760

1820

3000
3200

SENSOR PLACEMENT WITH BOLT DISTANCE

Fig. 14 Schematic diagram of experimental [-beam showing damage and sensor locations (All the dimensions

indicated in the Figure are in mm)

Table 2 Test cases considered for experimental investigations with the beam model

Test case Damage details Number of Damage location Number of
Sensors from the left support bolts removed
Test Case-1 Single damage 15 0.76 m Two bolts
Test Case-2 Multiple damage 15 0.76 m & 1.82 m Four bolts
Test Case-3 Multiple damage 0.76 m & 1.82 m Four bolts
to simulate operational variability. Environmental with single and multiple damages as detailed in Table 2 are

variability alters the structure’s frequencies and modes. In
order to simulate this scenario through lab-level
experiments, small masses are placed at arbitrary locations
on the beam, and their positions are changed randomly for
each set of simulations. Four seconds of vibration data is
collected in each experimental simulation. The sampling
rate is 2400 Hz. Two hundred and fifty such independent
experimental simulations are carried out on the healthy
beam considering EoV. All these 250 realizations of time
history data are divided into several data- segments, each
with 1200 samples. These 2000 data-segments compiled
from the healthy structure constitute the baseline pool. The
threshold limits (THL) for each sensor location are
established using the baseline pool of data.

For simulating the damage in the beam, the bolts on the
web of the beam, shown in Fig. 14, at 0.76 m and 1.82 m
are removed to create 8.5 mm holes. The test cases
considered in the present investigations are given in Table
2. Vibration measurements of the beam in its current state

0.2
0.1+
||||l||'||||l|
-01F
-0.2 T T T T
0 3 6 9 12 15

Sensor number

(a) 10" data-segment

compiled and the current data-segments each with 1200
samples, are formed.

In order to create the current data pool and ensure that
the damage occurs after 5 seconds of monitoring, ten
healthy data segments from the baseline pool are added to
the structure’s current data-segments that correspond to
both single and multiple damages. Based on the process
described in the execution phase of the algorithm presented
in section 3, the DLIs are computed using the current data-
segments. The DLIs evaluated for the current data-segments
10 and 11 of Test Case-1 are presented in Fig. 15. All the
DLIs of data-segment-10 shown in Fig. 15(a) are negative,
indicating clearly that the structure is healthy. Similarly, it
can be noticed from Fig. 15(b) corresponds to data-segment
11, that the DLI at sensor location 4 indicates a positive
value while the remaining are negative. The damage is
simulated at 0.76 m from left support, and it can be verified
from Fig. 14 that the 4" sensor from Left support is the
closest one to the simulated damage. TDI is worked out to

0.2
0.1
Rl L TIIT[IT]
0.1+
-0.2 T T T T
0 3 6 9 12 15

Sensor number
(b) 11" data-segment

Fig. 15 DLIs of the I-beam model: Test Case 1
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(a) 11™ data-segment of Test case-2
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(b) 11™ data-segment of Test Case-3

Fig. 16 DLIs of the I-beam -Testcase-2 & Test case-3 (with limited sensors set [2 4, 6, 8, 10,13] placed at
0.375m, 0.750 m, 1.125 m, 1.5 m 1.88 m, and 2.44 m from left support)

be 5.0 seconds. The DLIs are computed by the execution
phase in 0.83 seconds. It involves processing the vibration
measurements of 15 sensors.

Investigations are carried out along similar lines, on the
I-beam with multiple simulated damages (Test case-2). The
DLIs of data-segment-9 of the beam with multiple damages
(Test case-2) are presented in Fig. 16(a). It can be observed
from Fig. 16(a) that the DLIs corresponding to the 4" and
10" sensors are positive and the rest are negative. The
multiple damages are simulated in the beam by removing
the two bolts at 0.76 m and 1.82 m from the left support as
shown in Fig. 14. It can be observed from Fig. 14 that
sensor-4 from the left support is the closest sensor to the
damage simulated at 0.76 m and similarly, 10" sensor is the
closest one to the damage located at 1.82 m from the left
support.

Investigations are also carried out with limited sensors,
by placing only six accelerometers as dictated by the OSP
algorithm (Rao and Anandakumar 2007). Accordingly, the
six sensors are placed at 0.375 m, 0.75 m, 1.125 m, .5 m
1.88 m, and 2.44 m from the left support. Fig. 16(b) shows
the DLIs evaluated with only six sensors placed on the
beam. Fig. 16(b) shows positive DLIs for sensors placed at
0.75 m and 1.88 m which are in fact closer to the multiple
damages present in the beam. This study proves that the
proposed algorithm works even with limited sensors.

(a)Experimental setup

(b) Column & plate connection detail

5.2 Experimental lab level ten-storey frame

The second lab experiment considered in this paper is a
10-story steel frame. Fig. 17(a)depicts the entire
experimental setup. The frame is fabricated using ten
numbers of steel plates of size 400 mm X 600 mm x 16 mm
and four numbers of columns with dimensions 20 mm X 20
mm. All four columns and the plate at each floor level are
fixed using 75 mm x 75 mm X 10 mm size L-angles, as
shown in Fig. 17(b). All these column plate connections are
completely welded, as shown in Fig. 17(b), to avoid
torsional effects. The frame has a 300 mm clear height
between any two floors. The frame is fixed over a baseplate.
In order to ensure fixity at the bottom, bolts are used to
secure the baseplate to the lab’s rigid base floor. Natural
frequencies of the structure are 5.3 Hz, 15.8 Hz, 25.9 Hz,
34.8 Hz, 44.3 Hz, 51.2 Hz, and 68.4 Hz.

Holes of size 4 mm and 8.5 mm are drilled in all the 3rd
and 9th storey columns to simulate damage. Fig. 17 (c)
shows a typical storey of the framed structure, with 4 mm
and 8.5 mm diameter holes drilled in its columns and
covered with bolts. At each floor level, biaxial
accelerometers are placed for acceleration measurements
along the two horizontal directions. In order to avoid
torsional modal responses, accelerometers are installed at
the centre of each floor (plate). A hydraulic shaker with a
stringer system is used to excite the structure at the top floor
with random white noise excitation to replicate ambient

Hole closed by a

(c) Damage simulation with bolts

Fig. 17 Experimental setup for a 10-storey frame structure
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Fig. 18 Schematic diagram of 10-storey steel frame:
(a) accelerometers (A01-A10); (b) simulation
of damage with 4 mm and 8.5 mm diameter
holes on the columns

vibration. The experimental frame with the sensor locations
is schematically shown in Fig. 18(a). Similarly, the
schematic diagram showing the 4 mm and 8.5 mm diameter
holes made in all columns of the 3rd and 9th storey for
damage simulation is presented in Fig. 18(b). The 4 mm and
8.5 mm diameter holes made in the column are fitted with
bolts to represent the healthy baseline scenario.

The measured vibration data of the healthy frame are
compiled under varying amplitudes of random excitation.
The frame is excited at the top floor using a modal shaker of
200 N sine peak force capacity, as shown in Fig. 17(a). The
sampling rate is set to 2000 Hz. Since the frame structure is
excited along the long-axis direction, the acceleration

10

Sensor Node Number
[=2)

T T

-0.10 -0.05 0.00 0.05 0.10
DLI

(a) 12 data-segment

responses measured along the same direction are only
considered in the present investigations. Once the measured
healthy vibration response is collected, the baseline pool of
data-segments is formed with 1000 samples in each data-
segment. The threshold limits for each sensor location are
established as discussed in earlier simulations.

The bolts of the columns corresponding to the 3" storey
are removed to simulate single damage in the experimental
frame structure. A similar procedure is followed in
compiling the vibration response of the frame structure with
single damage by applying random excitation at the top
floor of the frame structure and intermittently varying the
excitation amplitude. A similar exercise of compiling the
current acceleration time history datasets and forming data-
segments of 1000 samples each is carried out by suitably
partitioning the compiled current datasets of vibration
response.

It is proposed to create a new set of current data-
segments of the experimental framed structure to simulate a
realistic situation of the structure exhibiting the presence of
damage after a few seconds during online monitoring.
Accordingly, new current datasets are created by suitably
appending the baseline (healthy) data-segments to the
current data-segments to ensure that the damage takes place
during monitoring only after 6 seconds. The DLIs are
evaluated with the current pool of data-segments. Fig. 19
shows the DLIs of the experimental frame structure with
single damage simulated in the 3" storey. Fig. 19(a) shows
the DLIs of the 12 new current data-segment, which
originally corresponded to the healthy structure, and quite
rightly, all DLIs evaluated for this data-segment are found
to be negative. Similarly, the DLIs of the 13" new current
data-segment, shown in Fig. 19(b) exhibit positive values
corresponding to the 2" and 3" sensors which correspond
to the third storey of the frame structure. The remaining
DLIs in Fig. 19(b), are negative suggesting that the rest of
the structure is still healthy. The TDI is worked out to be 6
Seconds.

The bolts of all the columns corresponding to the 3™ and
9% storey are removed to simulate multiple damages in the
experimental frame structure. Similar to the earlier
experiment corresponding to single damage, the vibration
responses are compiled, and new data-segments are formed,
as discussed in the earlier section. Fig. 20 shows the DLIs
evaluated using the vibration response of the frame

10

3" storey
A

Sensor Node Number

0
-0.1 0.0 0.1
DLI

(b) 13" data-segment

Fig. 19 DLIs of the ten-storey framed structure with single damage
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Fig. 20 DLIs of the experimental framed structure- investigations with multiple damages and limited sensors
(Sensors placed on 3™, 5", 7% 9th and 10™ floors)

structure with multiple damages. It can be observed from
Fig. 20(a) that the DLIs of the 2™, 37 8™ and 9" sensors
are positive, and the remaining are negative. These positive
DLIs clearly reflect damage present in the 3™ storey (2™&
3" sensors) and 9" storey (8"& 9" sensors). The DLIs are
computed by processing the vibration data of 10 sensors in
0.64 seconds during the execution phase of the algorithm.

The DLIs evaluated with limited sensors are shown in
Fig. 20(b). As suggested by the OSP algorithm (Rao and
Anandakumar 2007) the sensors are placed on the third,
fifth, seventh, ninth, and tenth floors. In Fig. 20(b), positive
DLIs of the sensors placed at the 3rd and 9th floors indicate
damage in the corresponding floors of the frame, and the
remaining DLIs are negative. The diagnostic capabilities of
the proposed algorithm, even with the small number of
sensors, are clearly evident in this laboratory-level
experimental investigation.

6. Conclusions

This paper presents a fast, real-time online damage
identification and localization technique using fractal
dimension theory for extracting damage features from the
Degree of Scatter Waveform, DoSWF. The damage
diagnostic technique discussed in this paper works with
output-only measurements, doesn’t need to identify natural
frequencies or modal information, and doesn’t even need to
update FE models continuously.

Further, it is found to effectively handle EoV. Fractal
dimension analysis of DoSWF is carried out to detect and
localize the damage. The measured vibration responses
(acceleration time history) are used to generate the DoSWF.
The proposed algorithm consists of two phases. While the
training phase can be performed offline, the second phase
can be run online to obtain real-time information on the
status of the structure’s health. The proposed algorithm is
evaluated initially using the synthetic vibration data
obtained from the numerical simulations carried out on a
simply supported beam, a twenty-five-storey shear building.
Later, the measured vibration data from the lab-level
experiments conducted on an I-beam and a ten-storey frame
structure are used to test the algorithm for its practical
amenability. The following conclusions are drawn from the

studies presented in this paper.

i. Studies presented in this paper indicate that the
DOS-based algorithm can identify both single and
multiple structural damages.

ii. The fractal dimension analysis is an effective and
faster tool for damage feature extraction from online
measurements.

iii. The proposed damage localization index (DLI) is
found to be effective in handling noise as well as
EoV.

iv. The investigations presented in this paper
demonstrate that the damage can be localized even
with a small number of sensors using the proposed
algorithm.

v. Extraction of damage features (DLIs) from measured
vibration data is simple. Therefore, it is a handy tool
for real-time diagnosis of structures through online
SHM.
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