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Recent advancements in sensor technology and data processing algorithms have revolutionized Structural
Health Monitoring (SHM), enabling real-time monitoring and analysis of structural responses to dynamic
loads. As a result, many buildings are permanently instrumented with sensors, typically accelerometers, to
continuously record vibrational responses over time, hence generating huge amounts of monitoring data.
However, the analysis and extraction of meaningful insights from the recorded data to assist engineers
and building managers in assessing structural conditions would be a challenge. Monitoring systems can
be programmed to record ground motion-induced vibrations that surpass specific trigger threshold levels.
Nonetheless, there are challenges to long-term damage detection of buildings including automated analysis
of previously recorded data, the limited number of available sensors, and nonlinear structural responses under
severe earthquakes, to name but a few. In this paper, a new methodology based on adaptive time-series
(TS) models for SHM and damage detection in buildings subjected to earthquakes is introduced to overcome
these challenges. Using the proposed technique, automated analysis of a large set of previously recorded data
and establishing a reliable baseline for the structure using a limited number of sensors, even as few as two
accelerometers (one on the building and one on the ground) would be achievable. The efficiency of this
method for monitoring large-scale structures instrumented with a limited number of sensors is verified using
a 3-D Finite Element (FE) model of a 5-story reinforced concrete (RC) building using SAP2000 platform.
Furthermore, experimental validations of the technique were implemented using acceleration datasets of a
full-scale two-story post-tensioned concrete wall building tested over a shake table for damage assessments.
The simulation results and experimental verifications demonstrated accurate identification of potential damage
and provided a clear indication of damage progression as the severity of induced damage increases.

1. Introduction nonlinear response identification, diagnosis and prognosis of damage
for maintenance aims, and rapid disaster management. Different types

Civil structures and infrastructures constitute the fundamental parts of sensors can be utilized for SHM purposes. These sensors can be

of various industries including transportation, buildings, and strategic
industries, among many others. These structural systems are subject
to a spectrum of degradation, deterioration, and damage scenarios
under catastrophic natural hazards such as earthquakes, strong winds,
floods, environmental corrosion, material aging, etc. Structural health
monitoring (SHM) techniques are a substantial research topic with
direct application in a variety of industries including civil structures
and infrastructures such as buildings [1], bridges [2,3], fluid tanks [4],
aerospace [5], mechanical systems [6], offshore jacket platforms [7],
to mention but a few. In a general sense, these techniques can be
applied to different purposes, including structural design validation,
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categorized into three main groups, including kinematical, mechanical,
and ambient sensors. Kinematical sensors comprise accelerometers [8],
velocity sensors, and displacement sensors such as linear variable dif-
ferential transformers (LVDT’s) and laser displacement sensors [9].
In the group of mechanical sensors, one can mention load cells and
strain gauges [10-12] while anemometers and thermocouples could be
named for the class of ambient sensors. A series of novel sensors newly
developed for SHM applications include fiber optic (FOS)-based sen-
sors [8,13] such as fiber-brag-grating (FBG) sensors [14], piezoelectric
and capacitive stress sensors [15], and vision-based sensors [16-18],
among others. A comprehensive description of a variety of sensors
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Nomenclature
ANN Artificial Neural HHT Hilbert-Huang
Network transform
AR Autoregressive LVDT Linear variable
differential
transformer
ARIMA  Autoregressive MA Moving average
integrated moving
average
ARMA  Autoregressive ML Machine learning
moving average
ARMAX Autoregressive MUSIC Multiple signal

moving average with classification
exogenous inputs
ARX Autoregression with NN

exogenous inputs

Neural networks

BPNN Back propagation NRMSE Normalized Root
neural network Mean Square Error
BP Bayesian probabilistic =~ PEER Pacific Earthquake
Engineering Research
Center
CNN Convolutional Neural PGA Peak ground
Network acceleration
DA Domain Adaptation RC Reinforced Concrete
DFT Discrete Fourier RF Random Forest
transform
DI Damage indicator SHM Structural health
monitoring
DL Deep learning SVM Support vector
machine
FBG Fiber-brag-grating TL Transfer Learning
FDD Frequency domain TS Time series
decomposition
FE Finite Element VAE Variational
Auto-encoder
FFNN Feed Forward Neural =~ VAR Vector autoregressive
Network
FOS Fiber optic-based VFP vector-dependent
sensor functional pooled
FRF Frequency response WT Wavelet transform
function
FTS Fit score WVD Wigner-Ville
distribution

applied for SHM techniques can be found in [19]. Accelerometers are
a group of low-cost, easy-installation sensors that are widely employed
for long-term health monitoring applications [20].

Seismic SHM [21], specifically, focuses on the application of SHM
procedures to earthquake engineering in which these techniques play a
pivotal role in establishing a reliable procedure for long-term monitor-
ing of structural systems over their lifetime. They particularly assist en-
gineers in assessing the structural conditions and allow decision-makers
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to take appropriate post-disaster actions. Various SHM techniques have
been proposed and examined in the literature for detection, localiza-
tion, and quantification of structural damage and deterioration [22,
23]. Approaches based on structural demand parameters including
hysteretic energy and ductility, have been applied to the damage as-
sessment of Reinforced Concrete (RC) structures [20,24,25]. Vibration-
based approaches are among the most widely used methodologies
for this aim [26-29]. These techniques rely on robust signal process-
ing techniques [30] to identify changes in the vibrational responses
of the structure that are transmitted through variations in the dy-
namic behavior and structural characteristics of the system such as
stiffness [8,31-34]. Among various vibration-based SHM techniques,
one can mention modal-based methods [35], Bayesian Probabilistic
(BP) methods [36], time-series (TS) models, Wigner-Ville Distribution
(WVD) [37], Wavelet Transform (WT) [38], Hilbert—-Huang Transform
(HHT) [39], FE model-updating [40], etc.

Generally, the applied SHM techniques are classified into two main
groups, time-domain and frequency-domain approaches. Some of the
applied techniques in frequency-domain include Discrete Fourier Trans-
form (DFT) [41], Frequency Response Function (FRF) [42], Multiple
Signal Classification (MUSIC) [43], and Frequency Domain Decompo-
sition (FDD) [44] can be named. In frequency-domain or modal-based
techniques, the changes in modal parameters such as natural frequen-
cies, mode shapes, and damping ratios are utilized to detect the damage
in the system [45]. When using frequency-domain signal processing
methods, the localization and quantification of the damage could be
a challenge [46,47]. On the other hand, the minimal changes in fre-
quency resulting from damage are unlikely to be detectable by an
SHM system, as such systems are generally not capable of determining
frequency with the required high resolution. Furthermore, frequency
variations due to seasonal temperature changes or electromagnetic
noise in the recorded data typically exceed these minor changes. Al-
though the methods in this group play a pivotal role in updating the
structural model, their computational burden, modeling error, and un-
certainties can lead to substantial variations in damage indicators [48—
50]. The gap in FE model-updating methods can be reduced through
conducting dynamics tests to reduce the modeling error and uncer-
tainties, however, they cannot be removed totally, hence reducing the
efficiency and performance of the technique.

In time-domain signal processing techniques, one can mention the
statistical TS models for detecting the state of the system. These ap-
proaches have found applications in different fields such as system
identification, structural dynamics, financial applications, social sci-
ences, medicine, etc. [51]. The main advantage of data-based statistical
TS methods is their robustness against signal faults and no require-
ments for visual inspection of the structural system in the process
of damage detection [47] or physical models. These methods work
based on a mathematical approximation of the system, which is built
on the input signal and output measurements and could be mod-
eled using a linear or nonlinear model. Among statistical TS-based
methods one can mention Autoregressive (AR) model [1,52], Moving
Average (MA) [53], Autoregressive Moving Average (ARMA) [54],
Vector Autoregressive (VAR) [55], Auto-Regressive with eXogenous
inputs (ARX) [56-58] which has proved efficient and successful ap-
plications for TS modeling of data in the field of SHM and damage
detection [57,59], Autoregressive Moving Average with Exogenous
inputs (ARMAX) [60,61], a method based on a combination of AR with
ARX termed as ARARX [62], an ARX model based on vector-dependent
functional pooled model (VFP) named VFPARX [63]. However, the per-
formance of these methods may degrade under non-stationary condi-
tions such as seismic events, rapidly changing dynamics, and nonlinear-
ities [64]. Efforts have been made to handle such issues by introducing
time-varying (TV) time-series techniques such as TV-AR [65], TV-
ARMA [66], Autoregressive Integrated Moving Average (ARIMA) [67,
68], among others. Nevertheless, the sensor placement effect on the
damage localization, which adversely affects the accuracy of these
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methods, priori knowledge of the system dynamics, sensitivity to noise,
and computational burden remain concerning issues for such strate-
gies [64,69-71]. As sensors applied for SHM purposes generate huge
amounts of recorded data over years of monitoring, it becomes in-
creasingly challenging to analyze and extract meaningful insights to
assess structural conditions. Automated analysis of previously recorded
monitoring data to establish reliable baseline performance features that
can be used for damage detection and accurate condition assessment
is both challenging and crucial for the successful implementation of
long-term monitoring of buildings. Additional typical challenges in
the long-term monitoring of large-scale structures include the limited
number of available sensors and the nonlinear response of structures to
large-magnitude earthquakes. Acquiring such insights will become par-
ticularly important following earthquakes, and throughout a building’s
life cycle, when damage may occur due to aging and fatigue.

A variety of machine learning (ML) approaches have been proposed
in the literature for structural damage detection. A series of these
techniques was developed to reduce the adverse effects of uncertain-
ties and modeling errors in vibration-based model-dependent SHM
methodologies. Chun et al. 2015 [72] proposed a probabilistic method
based on multi-point acceleration measurement and Artificial Neural
Networks (ANN) to quantify the severity of the damage and determine
its location. Rafiei and Adeli, 2018 [73] developed an unsupervised
Deep Learning (DL) technique for feature extraction from the frequency
domain of the recorded signals. Ma et al. 2020 [74] presented a
method based on Variational Auto-encoder (VAE) for unsupervised
feature extraction. Transfer learning (TL) approach, a branch of ML
that uses knowledge from different domains (target and source) and
Domain Adaptation (DA) technology, has recently shown successful ap-
plications for structural damage identification [50,75-77] by bridging
the gap between model-based SHM techniques and real applications.
Other methods such as Convolutional Neural Networks (CNNs) [78,79],
Feed Forward Neural Networks (FFNNs) [80], Back Propagation Neu-
ral Networks (BPNNs) [81], an image-based technique using DL and
Bayesian optimization [82], Support Vector Machine (SVM) [83], and
Random Forest (RF) [84], among others, have been applied for the
detection of damage in structures. A series of review studies conducted
on different ML techniques applied to SHM and damage detection
of civil structures can be found in [85-87]. However, even though
data-driven methods have proved efficient and powerful in seismic
damage detection, simulating uncertainties under different mechanisms
and patterns, environmental complexities, large and labeled dataset
requirements, and additional bias in the case of probabilistic methods
may pose constraints in front of these techniques and make them suffer
from poor generalizability across structures and seismic intensities.

In this research, as a step forward in addressing some of the chal-
lenges that face the described seismic SHM techniques and removing
the current gaps, a vibration-based data-dependent methodology based
on a novel adaptive ARX technique has been proposed. The proposed
technique is not computationally intensive and has proved efficient
in tackling challenges such as handling nonlinearities under different
seismic intensities and PGA levels, the sensor placement effect on the
damage localization and the effect of the number of sensors, and flexi-
bility and practicality for real-time applications on full-scale buildings.
The proposed method is able to provide clear indications of damage
under different scenarios, thereby demonstrating both the robustness of
the method and its capability to detect low levels of damage using only
a minimal sensor configuration. The key advantages of the proposed
methodology can be listed as follows,

+ Minimal sensor requirements: The method can be applied with
a minimal number of sensors (at least two: one for building
response and one for ground motion), making it practical for
various structures.
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Utilization of historical data: By using historical earthquake
responses to create baseline models, the method improves its
predictive capability as the number of available recorded earth-
quakes increases. This results in better simulation of new earth-
quakes and more accurate anomaly detection.

Handling nonlinear responses: The method is adaptable for
linear TS models (such as ARX) to model bilinear or trilinear
responses. By classifying building responses according to PGA
and calculating baseline models for each class independently, the
method can handle changes in stiffness or dynamic characteristics
during medium and high magnitude earthquakes.

Flexibility and verification: Other time series models can be
implemented within the same methodology, allowing for compar-
ison and further verification of results.

Practicality and real-time implementation: The method is
practical and can be easily implemented in structures perma-
nently instrumented in seismically active regions. It also sup-
ports automatic and real-time operation, enhancing its utility for
continuous monitoring and immediate damage detection.

To evaluate the efficacy of the proposed technique, validation was
conducted using a three-dimensional SAP2000 model for a 5-story
reinforced concrete (RC) building and the time-history responses at
key locations of the structure were extracted for analyses. The case
study was developed to demonstrate the practical applicability of the
proposed procedure for assessing the condition of multi-story buildings
subjected to ground motion using a very limited number of sensors. To
substantiate the efficacy of the proposed approach, numerical models
were employed wherein damage levels were introduced in such a way
as to yield only a very slight change in the natural frequency — changes
that would typically be challenging to detect with conventional damage
identification techniques. Moreover, the method was further validated
against bidirectional shake table tests’ results of a two-story full-scale
post-tensioned concrete wall building. Various damage scenarios in
terms of damage sizes and diverse damage types were investigated. The
results demonstrated the robustness of the proposed method to sensor
proximity and its efficiency in handling nonlinearities through classi-
fying the response signal into separate regions of different PGA levels,
detecting damage in real-time, quantifying damage, localizing damage,
and indicating its progression across various sizes, types, and locations,
despite the deployment of only a minimal number of sensors far from
the damage location. It is also important to note that, for the case of
numerical simulations, the applied ground motions were characterized
by high randomness and complexity. The fact that the method with-
out utilizing a complicated and computationally intensive algorithm
successfully identified low levels of damage under these conditions—
using merely two sensors—-underscores the novelty, performance, and
practical value of the approach in real-world seismic structural health
monitoring applications.

2. Methodology

The proposed methodology for structural health monitoring and
damage detection is designed to work with a structure instrumented
with accelerometers at various locations, along with a free-field ac-
celerometer to record ground motion during earthquakes. The
flowchart of the proposed technique has been indicated in Fig. 1.

The proposed approach involves the following key steps:

1. Model creation and classification

a. Time series mathematical model: For each measuring
sensor in the building, a time series mathematical model
is created using the ground motion as the input and the
building response at a specific location as the output.
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Fig. 1. Proposed automated real-time SHM and damage detention technique.

Nonlinear response classification: To account for pos-
sible nonlinear behavior (assuming bi-linear or tri-linear
models), the building’s response is classified based on the
peak ground acceleration (PGA) into high, medium, and
low categories. The classification thresholds for PGA are
determined by the user according to the building’s perfor-
mance criteria. In this study, the peak ground acceleration
(PGA) threshold is set to a high value so that all available
data sets are classified in one category (for example,
Low PGA). The methodology presented in this research
is inherently scalable and adaptable. In scenarios where a
more extensive dataset is available—-encompassing a suf-
ficiently large number of ground motions across diverse
PGA ranges (e.g., Low, Medium, High)-the framework
can systematically be extended to incorporate multi-level
PGA classifications.

. Independent models for each sensor: For each sensor in

the building, an independent model is created using the
building’s response to a single ground motion excitation.

II. Baseline model development

i

ii.

iii.

Use of historical data: Historical earthquake response
data collected during the monitoring period are used to
calculate baseline models for future assessments. For each
recorded earthquake response, independent models are
created for each sensor using the ground motion as input
and the sensor response as output.

Number of baseline models: The number of baseline
models equals the number of sensors multiplied by the
number of recorded earthquake responses.

Fit score and residual error calculation: For each base-
line model, the fit score and residual error between the

predicted response by the model and the actual measured
response are calculated. Threshold limits for these metrics
are established based on the baseline models. For exam-
ple, the minimum fit score among all baseline models for
a specific sensor is used as the threshold limit for the
fit score, and the maximum residual error is used as the
threshold limit for the residual error.

III. Application to new earthquake data

A. Assessment of new earthquake responses: When a new
earthquake occurs, the recorded ground motion is used
as input to the baseline models to predict the building’s
response. The predicted response and the actual measured
response are compared to evaluate the fit score and resid-
ual error against the established thresholds. As seen in the
technique’s flowchart in Fig. 1, for a new dataset (ground
motion), if the condition FTS > Threshold is true, the
dataset is added to the historical dataset, and the baseline
model is updated.

B. Damage detection: If the fit score or residual error for
the new earthquake response falls below the threshold
limit, it indicates potential damage. The building man-
agers are then notified of the possible damage.

By following this methodology, building managers can ensure con-
tinuous monitoring and timely detection of structural damage, improv-
ing the overall safety and resilience of civil infrastructure. Details of
the proposed method are described in the following key sections.

2.1. Data preprocessing
Noisy and low magnitude acceleration data near the end of the

building response that is below a specific acceleration value is dis-
carded to minimize the effect of noise and to enhance the model fitting.
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Output**

* Input data from the free-field accelerometer sensor at the ground level close to the building

** Qutput data from accelerometer sensor attached to the building

Fig. 2. Block diagram of the ARX model structure.

The acceleration data is then down-sampled to reduce the size of the
data and to remove the unwanted high-frequency components of the
data, as buildings’ natural frequencies are typically lower than most
of the SHM systems’ sampling frequencies. This procedure reduces
computational load and discards insignificant data points, focusing on
the critical portions of the signals.

2.2. Categorization of the structural responses

The structure’s responses are categorized based on the PGA to High,
Medium, and Low classes before fitting the time series models. This cat-
egorization is carried out to account for the possible nonlinear, bilinear
or trilinear response of the structure during high-magnitude earthquake
shaking. The maximum absolute ground acceleration is used to catego-
rize the data into high, medium, or low levels. This categorization is
crucial as it is invaluable to develop different models for each response
level to capture the corresponding structure’s modal characteristics
during this particular level of shaking. Fitting a linear model that can
represent the structure that behaves nonlinearly or experiences a shift
in stiffness during large magnitude shaking is not possible and can lead
to incorrect prediction of the response and consequently decrease the
accuracy of assessing the structure’s conditions.

2.3. Baseline ARX model development

Once the structure’s response is pre-processed and categorized as
outlined in the previous stages, the data is normalized with respect to
the maximum of the absolute value of the data. Then, an ARX model
is calculated using the ground motion data as the input u(z), sensor
response as the y(7), and the model prediction error e(r). Fig. 2 depicts
the ARX model structure block diagram.

The structure of the ARX model is formulated as follows,

A(@y(1) = B(@u(t — ny) + e(t) (€))
AQ=1+aq "+ + anaq_"" (2)
B(q) = by +byg ™"+ +b, g7 ()

where the ¢ in the above equations is the delay operator. Eq. (1) can
be expanded as follows,

g Np
Y=Y ayt =)+ Y bult = k) + e(t) €))
j=1 k=1
where y;(7) is the structure’s response at time ¢, u(f) is the ground
motion, n, and n;, are the ARX model orders and k is the delay between
input and output. a; and b, are the model coefficients and e(?) is the
error term.

2.4. Model evaluation

The performance of each ARX model is evaluated using the fit score
(FTS) and Normalized root mean square error (NRMSE), as defined
below,

FTS=100><<1— “y_f”> )
ly = ¥l
N T i = 92
NRMSE=~+~——_ (6)
max(y) — min(y)

where y, 9, ¥, v, 5, N, max(y), min(y), are the vector of the actual
output data, the vector of predicted output data from the ARX model,
the mean of the actual output data, actual output at time i, predicted
output at time i, the number of data points, and the maximum and
minimum values of the actual output, respectively. The ||.|| operator
represents the Euclidean (L,) norm. For each sensor data (L), data file
(M), and PGA category (C), an ARX EM and the corresponding FTSfM
and NRM SEEM are calculated. This process is repeated automatically
using all available earthquake responses that had been recorded by the
monitoring system in the past. The calculated ARX models, FTS, and
NRMSE will be used as baseline models and parameters for evaluating
the structure’s response due to future measured earthquakes and as-
sessing its conditions. To ensure a high quality of the baseline models,
ARX models with FTS below a specific value can be discarded. As many
structures have been monitored for several years, previously recorded
earthquake responses with various magnitudes can be available. Hence,
baseline ARX models that represent the structure’s performance due
to various ground motions can be made available using the available
data. Therefore, the ability of the developed ARX baseline models to
predict the structure’s response due to future earthquakes and hence
assess its condition can be enhanced significantly. Fig. 3 concisely
presents the structure of the proposed methodology for developing
the ARX models for N number of datasets from different available
ground motions (i, .....l,y) and the corresponding building’s accel-
eration measurements (q.....ay) provided by a sensor connected to
it. The developed models are then employed for damage assessment
at a certain damage level by inputting any given ground excitations
to predict the structure’s accelerations (4;......dy), obtain the best FTS
and the minimum NRMSE, and finally, damage quantification and
localization, and determining damage progression will be indicated.

2.5. Real-time damage detection
Once the baselines have been calculated, the newly measured earth-

quake response can be analyzed. Previous steps involving data trun-
cation, down-sampling, and categorization, are carried out on the
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Fig. 3. Schematic of the methodology for developing the ARX models and acquiring the best FTS and minimum NRMSE.

new dataset. The processed ground motion is then used to predict
the structure’s response at each measuring sensor using all available
baseline ARX models under the corresponding PGA category (High,
Medium, or Low). For each available ARX baseline model, the FTS and
NRMSE values are calculated using the predicted response from the
ARX model and the actual response measured by the actual sensor. The
number of calculated FTS and NRMSE values is equal to the number of
baseline models under the ground motion category. The best baseline
ARX model that can predict the structure’s response due to the newly
measured earthquake will provide the maximum FTS value and the
minimum NRMSE. Hence, the maximum FTS and the minimum NRMSE
for each measuring sensor are determined for the newly measured
earthquake response. The FTS and NRMSE can then be compared to
the predetermined threshold values for damage detection. A damage
indicator (DI) is defined as below,

DI = FTS,y,, — FT S, @

where, the FTS,;, and FTS,, are the fit scores in two states of
undamaged and damaged, respectively. In case of damage detection,
the values of FTS and NRMSE are recorded for evaluating the structure’s
response afterward to determine if there is a further drop in the FTS and
a further increase in the NRMSE to monitor any potential growth in the

damage level and further deterioration in the structure’s condition.
2.6. Adaptive baseline update

Continuously updating the baseline models with new earthquake
data that fits well, ensuring the SHM system remains accurate and
reflective of the current structural state. If the fit scores for the new data
exceed specified thresholds, indicating normal structural conditions,
new ARX models are fitted and added to the existing collection. This
continuous update ensures the predictive models remain accurate and
reflective of the current structural state. Visualizations, including 3D
bar plots of residuals, NRMSE, and fit scores, are generated to pro-
vide a comprehensive assessment of the new data in relation to the
pre-existing models.

3. Results
3.1. Numerical evaluations

A 5-story RC building was modeled in SAP2000 as shown in Fig.
4 for conducting analytical simulations and investigating the perfor-
mance and efficiency of the proposed SHM and damage detection
technique. The beams’ depths and widths were considered as 500 mm
and 400 mm, respectively. The cross section dimensions of columns
were regarded as 500 mm by 500 mm. The slab thickness in all floors
was considered as 300 mm defined as shell elements. The material
properties of the concrete including the density of 23.5 kN/m’ and
modulus of elasticity E = 30 GPa were considered for analyses. A
number of 20 ground motions (RSN1-RSN20) were downloaded from
the Pacific Earthquake Engineering Research Center (PEER), Next Gen-
eration Attenuation (NGA-West2) database for historical earthquake
records [88], (https://ngawest2.berkeley.edu/). These records were
used to develop the baseline ARX models for the undamaged building.
In contrast, other ground motions including RSN21 and RSN25 which
were not included in the baseline model development, were used to
simulate a case where the ground motion characteristics differ sig-
nificantly, thereby testing the robustness of the damage identification
method under unfamiliar seismic inputs. Each floor was instrumented
with a single accelerometer positioned at the intersection of columns
with beams on the gridline 1-A as illustrated in Fig. 4. For validation
purposes, only a small subset of ground motion records was applied in
a linear dynamic time-history analysis. Each ground motion excitation
was set up manually within SAP2000, and time-history responses were
extracted at five key locations in the structure for each excitation.
The acceleration time-history responses are measured at five locations
along the height of the columns at the gridlines 1-A, on floors 1-5 of the
RC building under different damage scenarios to examine the efficiency
and performance of the developed damage detection technique. The
validation process involved performing a comprehensive time history
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Fig. 4. 3D FE model of the 5-story RC building instrumented with accelerometer
sensors over gridline 1-A on all stories, modeled in SAP2000.

Table 1
Frequency shift due to various damage scenarios at different damage levels calculated
using modal analysis based on FE model of the building in SAP2000.

Damage case Fy (Hz)  Fy (Hz)  (F“m—Fgm) (Hz)  (F“m — Fim) (Hz)
Undamaged 0.57073  0.63228 - -
Damage case I

Damage level 1 0.57021 0.63167  0.00052 0.00061
Damage level 2 0.56968  0.63091  0.00105 0.00137
Damage level 3~ 0.56915  0.63013  0.00158 0.00215
Damage case II

Damage level 1  0.56966  0.63103  0.00107 0.00125
Damage level 2 0.56857 0.62943 0.00126 0.00285
Damage level 3 0.56749  0.6277 0.00324 0.00458
Damage case III

Damage level 1 0.5688 0.63006  0.00193 0.00222
Damage level 2 0.56782  0.62894  0.00291 0.00334
Damage level 3 0.56723  0.62826  0.0035 0.00402

analysis to simulate acceleration responses induced by ground motion
excitations. Modal analysis was conducted to calculate the acceleration
time history response from the ground motion excitations. A constant
damping ratio of 5% was applied for all modes.

3.2. Defining damage scenarios

In this section, three main damage cases (I-III) are introduced to
evaluate the performance of the proposed technique in structural dam-
age identification and localization in the considered RC building model.
These damage cases were examined under ground motions RSN14 and
RSN21. The former ground motion was included in the development
of the designed ARX model while the latter was not included. An
additional damage scenario at three cases and three damage levels each
was examined which results thereof can be found in Appendix. Detailed
descriptions of these damage scenarios and cases, and the obtained
results are discussed in the next sections.
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Table 2
FTS,, and NRMSE,, values under different damage cases and levels for each
sensor.
Damage Case Damage level FTS,,. (%) NRMSE,,,
Sensor 1 at 1st floor
1 96.93 0.237
Damage Case I 2 95.23 0.364
3 93.40 0.50
1 94.83 0.904
Damage Case II 2 93.46 1.075
3 91.24 1.377
1 94.57 0.953
Damage Case III 2 93.86 1.044
3 93.35 1.110
Sensor2 at 2nd floor
1 97.65 0.152
Damage Case I 2 95.93 0.261
3 93.96 0.386
1 96.97 0.451
Damage Case II 2 94.67 0.736
3 91.86 1.096
1 96.28 0.527
Damage Case III 2 95.09 0.669
3 94.35 0.759
Sensor 3 at 3rd floor
1 97.45 0.174
Damage Case I 2 95.18 0.338
3 92.71 0.522
1 96.46 0.569
Damage Case II 2 93.83 0.904
3 90.78 1.323
1 95.99 0.622
Damage Case III 2 94.72 0.773
3 93.93 0.870
Sensor 4 at 4th floor
1 97.85 0.123
Damage Case I 2 95.97 0.232
3 93.93 0.352
1 94.44 1.270
Damage Case II 2 91.51 1.901
3 88.17 2.661
1 94.59 1.187
Damage Case IIT 2 93.38 1.407
3 92.60 1.553
Sensor 5 at 5th floor
1 97.97 0.080
Damage Case I 2 95.96 0.161
3 93.82 0.250
1 90.23 2.468
Damage Case II 2 88.43 2.840
3 85.75 3.405
1 88.35 2.812
Damage Case III 2 86.87 2.960
3 86.49 2.996

3.2.1. Damage cases I and II; low-level damage

Two damage cases are defined based on reducing the modulus
of elasticity of concrete, E,, to specific percentage points for certain
columns at the ground level on specified gridlines of the structure to
simulate different damage levels. For damage case I, 10% reduction in
E, is introduced as below,

» Damage case I - damage level 1: 10% reduction in E, for the
column at gridline 1-A at the ground level only.

+ Damage case I - damage level 2: 10% reduction in E, for
columns at gridlines 1-A and 1-B at the ground level only.

» Damage case I - damage level 3: 10% reduction in E, for
columns at gridlines 1-A, 1-B, and 1-C at the ground level only.
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Fig. 5. Average accumulated drop in FTS and increase in NRMSE for damage case I for the 5-story RC building under the ground motion RSN14; AVG: Average.

while for damage case II, 20% reduction in E, is introduced as follows,

+ Damage case II - damage level 1: 20% reduction in E, for the
column at gridline 1-A at the ground level only.

» Damage case II - damage level 2: 20% reduction in E, for
columns at gridlines 1-A and 1-B at the ground level only.

» Damage case II - damage level 3: 20% reduction in E, for
columns at gridlines 1-A, 1-B, and 1-C at the ground level only.

3.2.2. Damage case III; simulating a crack

In another scenario, a third damage case is introduced to simulate
a crack in some locations in specified columns in the building. In fact,
this damage case is introduced by localized reduction of E. by 90% in
specific segment lengths in these columns to examine the performance
of the proposed methodology in damage localization in the building
structure. This damage case is defined as below,

+ Damage case III - damage level 1: reducing E, in a 10 cm
segment of the column at gridline 3-D at the ground level only.

+ Damage case III - damage level 2: reducing E, in a 20 cm
segment of the column at gridline 3-D at the ground level only.

» Damage case III - damage level 3: reducing E. in a 30 cm
segment of the column at gridline 3-D at the ground level only.

3.3. Performance evaluation for introduced damages

To evaluate the performance of the proposed technique for damage
identification and localization, the frequency shifts in the fundamental
natural frequencies of the structural system are calculated for each
damage case at different damage levels. It is worth noting that the
change in frequency due to these various damage levels is very small,
as shown in Table 1. In this table, Fy, Fy, Fim, Fudm pdm Fpdm,
Fidm — Fim and F4'™ — Fi™ are the fundamental natural frequencies
of the structural system in the X and Y directions, the natural frequen-
cies of the undamaged and damaged system in these directions, and
the differences between the frequencies of undamaged and damaged
system in these direction, respectively. As obvious from this table,
by introducing different damage cases and damage levels 1-3, the
frequency shift calculated from modal analysis using SAP2000 is in
the range of 0.00052-0.00458 Hz which is considerably small. Such
small changes cannot be detected in damage identification techniques
based on frequency shifts as a result of damage scenarios in a structural
system.

Figs. 5(a), 8(a), and 11(a) illustrate the average accumulated drop in
FTS values for the defined damage cases for all three damage levels as
well as the baseline and undamaged cases. The average accumulated
increases in the NRMSE for the same damage cases and levels have

been shown in Figs. 5(b), 8(b), and 11(b). For each damage case and
a specific damage level, the FTS and NRMSE values are determined for
each sensor based on its ARX model for each ground motion and then
the average accumulated values of the drop in the former or increase in
the latter are calculated based on the results of all sensors. The FT'S,,,
in these figures is the best FTS value for each ground motion for all 5
ARX models of the 5 sensors at each specific damage level.

The maximum FTS and the minimum NRMSE values and their
differences with the baseline have been depicted in Figs. 6-7, 9-10,
and 12-13. In these figures,

FTS;;; = FTS

max (8)

— Baseline

NRMSE; ;s = NRMSE,,;, — Baseline

‘min (9)
A comparison between the maximum FTS and the minimum NRMSE
values at different damage levels for each damage case, shown by
FTS,,,. and NRMSE,;,, has been presented in Table 2.

Moreover, for each damage case, with the progression of damage,
meaning from damage level 1 to 3, the FTS values decrease and NRMSE
values increase. This means that the method is sensitive enough to
detect damage progression. When using a different ground motion, as
in damage cases II and III, the calculated values of FTS and NRMSE
change, but still in the close neighborhood of the other ground motion
at similar damage levels for all sensors. This shows that the method
can handle changes in ground motion characteristics and maintain its
robustness, performance, and sensitivity for damage detection and pro-
gression. The results showed similar performance levels for all sensors
in corresponding damage cases. For each damage case, the FT'S,,,, and
NRM SE,,;, values for all sensors at different damage levels are close
to each other. This demonstrates that the method has the capability to
work based on only 2 sensors; one free-field sensor at the ground level
for sensing ground motions as input and one sensor connected to the
building for measuring the accelerations of the building as the output.

3.4. Examining high-level damage, sensor proximity, ground motion char-
acteristics, and damage in other stories

Additional examinations were conducted for high-level damage,
sensor proximity, and ground motion characteristics over the perfor-
mance of the proposed technique for structural damage identification.
The results of these analyses can be found in Appendix. Fig. A.23
illustrates the schematic of instrumentation and the selected columns
at specified gridlines to define additional damage cases. Considering
the results of Figs. A.24-A.27 for FTS and NRMSE for examining the
effects of the sensor proximity on the results of damage detection
shows very close values for each damage level in two damage cases
IV and V which shows the robustness of the proposed technique in
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Fig. 6. Maximum FTS values and the difference between these values and the baseline, FTS,,,, for different damage levels at the location of each sensor for the 5-story RC

building for damage case I under the ground motion RSN14.
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Fig. 7. Minimum NRMSE values and the difference between these values and the baseline, NRMSE,;;, for different damage levels at the location of each sensor for the 5-story

RC building for damage case I under ground motion RNS14.

damage detection in terms of proximity of the damage location to the
instrumented location (gridline 1-A) in the building. By changing the
ground motion to RSN25 in damage case IIl and examining the results
reflected in Figs. A.28-A.29 tangible changes in the calculated values
of FTS and NRMSE compared to damage cases IV and V are observed
which demonstrates the low sensitivity of the method to changes in the
ground motion characteristics in damage detection. To further evaluate
the performance of the technique in terms of the damage location, a
new damage case (VII) as described in the Appendix was introduced.
Figs. A.30-A.31 show the FTS and NRMSE values for each sensor at
different damage levels for this damage case. The comparison of the
FTS,,, and NRMSE,,, values in these figures at each damage level
for each sensor shows that these values are very close to each other.
This demonstrates that the method is robust to sensor proximity and

even in cases where sensors are far from the damage location, the
method can still detect the damage with almost the same level of
performance.

3.5. Experimental validation

In this section, the proposed methodology is validated using an
available open-source dataset for damage assessment. The test structure
is a full-scale post-tensioned concrete wall building. The test building
was a two-story building of 4 m height at each story and plan dimen-
sions of 5.4x8.95 m, weighted around 1350 kN and was designed using
a direct displacement-based design method and was tested by Lu et al.
2021 [89]. The open-source dataset have been archived in DesignSafe-
CI (http://www.designsafe-ci.org). This building was instrumented by
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Fig. 8. Average accumulated drop in FTS and increase in NRMSE for damage case II for the 5-story RC building under the ground motion RSN21; AVG: Average.
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Fig. 9. Maximum FTS values and the difference between these values and the baseline, FT'S,,,, for different damage levels at the location of each sensor for the 5-story RC

building for damage case II under the ground motion RSN21.

a variety of sensors, including accelerometers on the foundation and
on each floor to record accelerations. Figs. 14 and 15 show the three-
dimensional view and plan views of each floor of the test concrete wall
building, respectively.

This test building was tested for different near-fault and far-field
earthquakes. These tests were conducted under increasing intensities
of the applied ground motions from 25% to 180% and acceleration
measurements were obtained at each floor on the slabs and walls.
From the available datasets, the ground motion intensities of 25%,
50%, and 100% and different design configurations of the test building
denoted by D1a, D1b, D1lc, and D2 were used to define undamaged
and different damaged states of the building in this study. The consid-
ered datasets and a brief description of corresponding undamaged and
defined damaged states at each level are as follows,

» Undamaged: dataset D1a-25%; at the intensity of 25% of the
applied ground motion tests, only very few small cracks with
maximum widths of 0.2 mm were observed on the building at
beam interfaces and under some of the link slabs perpendicular
to walls.

10

» Damage level 1: dataset D1a-50%; at the seismic intensity of 50%,
more cracks on the top of beams and perpendicular to the beam-
wall interfaces, continuous cracks, and cracks of widths exceeding
0.2 mm were observed.

Damage level 2: dataset D1b-100%; at the 100% seismic intensity,
new cracks were developed around corners and beam joints, new
cracks were found along the beam interfaces, cracks perpendicu-
lar to a wall further extended into the floor, and crack widths of
more than 0.3 mm were observed.

Damage level 3: dataset D1c-100%

Damage level 4: dataset D2%-100%; at the applied 100% seismic
intensity in this dataset, several new cracks parallel to beam-wall
interfaces and perpendicular across link slabs were found, and
some minor spalling of a wall on the top of the first floor was
observed. Widest cracks concentrated at ends of a wall at the top
of the first floor, new diagonal cracks extended into the floor slab
from wall-floor connections at the top of the second floor, and
widening of cracks at beam interfaces, slotted joints, and wall
ends up to 0.6 mm of the crack widths were found.

Acceleration data from the following 10 accelerometer sensors were
used for analyses,
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RC building for damage case II under the ground motion RNS21.
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In the above notations, A stands for the accelerometer sensor, EW
denotes the East-West direction for measurements, L1 and L2, represent
the first and second floors of the building, respectively, while A1, A2,
B1, and B2, represent the axes of the building plan. The shake table
accelerations measured in the longitudinal direction were used as the
input ground excitations. Further details on the test structure, used
sensors, description of the tests, above datasets, and applied ground
motions can be found in [89] and the above-mentioned open-source
archive of the datasets.

3.5.1. PGA level classification

The test building was tested under ground motions at different
levels of PGA’s. As the PGA intensities of the applied ground motions
gradually increased from the beginning up to the end through different
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case III for the 5-story RC building under the ground motion RSN21; AVG: Average.

tests, the building experienced different damage states, which would
force the structures’ responses into nonlinear regions. Therefore, to
keep the accuracy of analyses in the proposed approach for handling
these different regions, the building’s responses were considered as
signals with separate regions in terms of PGA values, and two main PGA
levels were defined when analyzing the acceleration data as follows,

» Medium-Level PGA: The acceleration data with values below
0.1 g were considered as Medium-Level PGA values. Both the
initial range (acceleration values from 0.01 g to 0.1 g) and the
final range (acceleration values from 0.1 g back to 0.01 g) were
merged as one dataset for the analysis.

» High-Level PGA: The acceleration data with values above 0.1 g
were categorized as High-Level PGA values. Acceleration records
from the first instance above 0.1 g to the last instance above 0.1
g were used for the analysis.

3.5.2. Damage assessment of the full-scale building by the proposed tech-
nique

The acceleration data from accelerometers as listed above from
the selected datasets for undamaged and defined damaged states were

11
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Fig. 12. Maximum FTS values and the difference between these values and the baseline, FT'S,;,,, for different damage levels at the location of each sensor for the 5-story RC

building for damage case III under the ground motion RSN21.
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Fig. 13. Minimum NRMSE values and the difference between these values and the baseline, NRM SE,;,,, for different damage levels at the location of each sensor for the 5-story

RC building for damage case III under the ground motion RNS21.

utilized in the proposed SHM technique. The corresponding FTS and
NRMSE values have been calculated and diagrammed for the 10 ac-
celerometer sensors as shown in Figs. 16 to 21 for both Medium-Level
and High-Level PGA classifications described above.

As seen in these figures, the bars corresponding to the Undam-
aged case for average accumulated drop in FTS, average accumulated
increase in NRMSE, and (Undamaged - Baseline) in FTSyrs and
NRMSE,;, are always equal to zero. This is because only a single
data file was available for the undamaged condition in the applied
datasets, resulting in no variations in results other than damage levels.
A clearer indication of damage progression from Damage Level 1 to
4 has been represented by the method through average accumulated
drop in FTS in Fig. 17(a) under High-Level PGA, while Fig. 16(b),
which represents evaluations under Medium-Level PGA shows a clear

12

ascending trend of NRMSE with damage progression. In Fig. 20 for
maximum FTS values calculated under High-Level PGA, a clear indi-
cation of damage progression from Damage Level 1 to 4 is obvious
for all 10 sensors, while such an indication under Medium-Level PGA
values can be found for accelerometer sensors 1 to 4, and fluctuations
for the rest of the sensors according to Fig. 18. Also, examining Figs.
19 and 21 demonstrate a consistent increasing trend of NRMSE for
most of the sensors by progressing the damage state under the Medium-
Level PGA in the former figure, while in the latter figure, such a clear
indication can be seen from Damage Level 2 to 4 for most of the sensors.
Even though some fluctuations across different sensors were found
when evaluating the best FTS and minim NRMSE, examining these
figures further confirms the performance of the proposed technique
as demonstrated for the numerical experiment, including a decrease



S. Beskhyroun and S.E.A. Hosseini

Engineering Structures 343 (2025) 120974

Fig. 14. Two-story concrete wall test building; adopted from Lu et al. 2021 [89].
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Fig. 15. Plan view of each floor for the two-story concrete wall test building; adopted from Lu et al. 2021 [89].

in FTS and an increase in NRSME values with progression of damage
from levels 1 to 4, similar performance levels for all sensors at different
damage levels, and close proximity of FTS,,,. and NRMSE,,, values
for all sensors at different damage levels.

4. Conclusions

In this paper, a novel SHM technique for damage detection and
progression has been put forward. The proposed methodology uses
an ARX model as an adaptive TS model to detect damage and its
progression in a building structure. Using the proposed approach, the
historical data that have been recorded at instrumented buildings can
be utilized to develop baseline models. New recordings can be used
for real-time damage detection or updating the baseline models. The
proposed method has been meticulously developed to facilitate prac-
tical condition assessments of buildings subjected to ground motion
excitations. Its design inherently supports applications in scenarios
where sensor availability is extremely limited. In fact, the methodology
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is fully applicable even when the building instrumentation is restricted
to only two sensors — one deployed at the ground level and the other
affixed to the structure — and can be used with similar TS techniques
that work based on only input/output data.

To demonstrate the performance of the proposed technique, a 5-
story RC building was modeled using SAP2000 software platform. The
building was instrumented using five sensors in one gridline and dif-
ferent damage cases and levels were defined. The model was examined
under 20 ground motions for developing the ARX models for each
sensor based on the input/output data. The effect of frequency shifts
due to the defined damage levels was examined using the modal anal-
ysis which showed intangible changes that cannot be detected using
frequency shift-based SHM approaches. FTS and NRMSE values were
calculated and comparative studies were conducted for the introduced
damage cases at different damage levels. Results of the analytical
simulations showed that the method is robust to sensor proximity to
the damage location, and has high sensitivity to damage progression
by detecting small changes in the FTS and NRMSE values by increasing
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Fig. 16. Average accumulated drop in FTS and increase in NRMSE for different damage levels for the test two-story concrete wall building under Medium-Level PGA; AVG:
Average.
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Fig. 17. Average accumulated drop in FTS and increase in NRMSE for different damage levels for the test two-story concrete wall building under High-Level PGA; AVG: Average.
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Fig. 18. Maximum FTS values and the difference between these values and the baseline, FT'Sy;, for different damage levels at the location of each sensor for the 10 selected
sensors on the test two-story concrete wall building under Medium-Level PGA.
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Fig. 19. Minimum NRMSE values and the difference between these values and the baseline, NRM SE,,, for different damage levels at the location of each sensor for the 10
selected sensors on the test two-story concrete wall building under Medium-Level PGA.
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Fig. 20. Maximum FTS values and the difference between these values and the baseline, FT'S,,,, for different damage levels at the location of each sensor for the 10 selected

sensors on the test two-story concrete wall building under High-Level PGA.

the damage level in the structure. Moreover, the application of two
ground motions with different characteristics proved the robustness
of the technique in damage detection under ground motions with
different characteristics. Furthermore, the sensory data from open-
source datasets available for experimental tests of a full-scale two-story
post-tensioned concrete wall building instrumented with accelerometer
sensors for damage assessments were employed to further examine the
performance of the proposed methodology. Results of investigations

15

in this section additionally demonstrated the practicality and efficacy
of the technique when applied to a full-scale building by confirming
the results of analyses similar to those demonstrated for the numerical
simulation.

Numerical investigations and further confirmation of the results
against experimental tests of a full-scale concrete wall building proved
the viability of the proposed approach for damage detection and pro-
gression with a minimum number of sensors. The rigorous numerical
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Minimum NRMSE - Test Concrete Wall Building [All Damage Levels]
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Fig. 21. Minimum NRMSE values and the difference between these values and the baseline, NRM SE,,, for different damage levels at the location of each sensor for the 10

selected sensors on the test two-story concrete wall building under High-Level PGA.

analyses and additional validation through experimental data con-
ducted in this research offer robust evidence of the method’s perfor-
mance and the efficiency of the approach in real-world structural health
monitoring applications.
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Fig. A.22. Section properties reduction in SAP2000 to define damage.
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A d s

Damage case IV — Damage level 1 Damage case IV — Damage level 2 Damage case IV — Damage level 3
O Damaged column(s)
Accelerometer (3D FEM model in SAP 2000 — Examining sensor proximity )

Damage case V — Damage level 1 Damage case V — Damage level 2 Damage case V — Damage level 3

Damaged column(s)

Accelerometer (_ 3D FEM model in SAP 2000 — Examining sensor proximity )

(b) Damage case V at three damage levels

Fig. A.23. 3D model of the 5-story RC building under ground motion RSN21 modeled in SAP2000 instrumented with sensors to examine sensor proximity on the performance of
the proposed SHM technique: (a) different damage levels for damage case IV, (b) different damage levels for damage case V.

Appendix. Examinations for sensor proximity, high-level damage, (IV) at different damage levels under the ground motion RSN21 was
ground motion characteristics, and damage in other stories introduced as follows,

A damage scenario by reducing the cross-sectional properties of the

. i . 200 L .
columns in only one xfloor on specific gridlines of the structure by 50% Damage case IV - damage level 1: 50% reduction in section

as shown in Fig. A.22 was introduced and three damage cases were properties for the column at gridline 1-A at the ground level only.
examined, each at three damage levels. + Damage case IV - damage level 2: 50% reduction in section

To assess the performance of the proposed approach for high- properties for columns at gridlines 1-A and 1-B at the ground level
level damage, while accelerometers are at gridline 1-A, a damage case only.
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Fig. A.24. Maximum FTS values and the difference between these values and the baseline, FT'S,,,, for different damage levels at the location of each sensor for the 5-story RC
building for damage case IV under ground motion RSN21.
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Fig. A.25. Minimum NRMSE values and the difference between these values and the baseline, NRM SE,,,, for different damage levels at the location of each sensor for the
5-story RC building for damage case IV under ground motion RSN21.

» Damage case IV - damage level 3: 50% reduction in section » Damage case V - damage level 2: 50% reduction in section
properties for columns at gridlines 1-A, 1-B, and 1-C at the ground properties for columns at gridlines 1-D and 1-C at the ground level
level only. only.

+ Damage case V - damage level 3: 50% reduction in section
properties for columns at gridlines 1-D, 1-C, and 1-B at the ground
level only.

By keeping the accelerometer sensors at the same locations (gridline
1-A, floors 1-5), two other damage scenarios are examined.

To examine the impact of the sensor proximity to damaged loca-
tions, a new damage case (V) under the same RSN21 ground motion at

different damage levels was introduced as follows, These damage cases and levels have been illustrated in Fig. A.23 (a,b).

To assess the influence of the ground motion characteristics on
+ Damage case V - damage level 1: 50% reduction in section damage detection accuracy, a new damage case (VI) under the ground
properties for the column at gridline 1-D at the ground level only. motion RSN25 at different damage levels was introduced as follows,

18
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Fig. A.26. Maximum FTS values and the difference between these values and the baseline, FT'S,,,, for different damage levels at the location of each sensor for the 5-story RC

building for damage case V under ground motion RSN21.
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Fig. A.27. Minimum NRMSE values and the difference between these values and the baseline, NRM SE,,,, for different damage levels at the location of each sensor for the

5-story RC building for damage case V under ground motion RSN21.

- Damage case VI - damage level 1: 50% reduction in section
properties for the column at gridline 1-A at the ground level only.

+ Damage case VI - damage level 2: 50% reduction in section
properties for columns at gridlines 1-A and 1-B at the ground level
only.

- Damage case VI - damage level 3: 50% reduction in section
properties for columns at gridlines 1-A, 1-B, and 1-C at the ground
level only.

It is noteworty that this damage case is in fact similar to damage
case IV in terms of damage definition but only investigated under a
different ground motion. To further evaluate the technique for damage
location, another damage case (VII) was introduced at the 3rd floor of

19

the structure at different damage levels under ground motion RSN21,
as follows,

- Damage case VII - damage level 1: 50% reduction in section
properties for the column at gridline 1-A on the 3rd floor of the
building.

+ Damage case VII - damage level 2: 50% reduction in section
properties for columns at gridlines 1-A and 1-B on the 3rd floor
of the building.

» Damage case VII - damage level 3: 50% reduction in section
properties for columns at gridlines 1-A, 1-B, and 1-C on the 3rd
floor of the building.
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Fig. A.28. Maximum FTS values and the difference between these values and the baseline, FT'S,,,, for different damage levels at the location of each sensor for the 5-story RC
building for damage case VI under ground motion RSN25.
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Fig. A.29. Minimum NRMSE values and the difference between these values and the baseline, NRM SE,,,, for different damage levels at the location of each sensor for the
5-story RC building for damage case VI under ground motion RSN25.
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Maximum FTS - Damage Case VII [All Damage Levels]
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Fig. A.30. Maximum FTS values and the difference between these values and the baseline, FT'S,;,, for different damage levels at the location of each sensor for the 5-story RC
building for damage case VII (3rd floor) under ground motion RSN21.
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Fig. A.31. Minimum NRMSE values and the difference between these values and the baseline, NRM SE,,, for different damage levels at the location of each sensor for the
5-story RC building for damage case VII (3rd floor) under ground motion RSN25.
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