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Abstract. This study presents a damage detection method based on modal responses for building structures using
convolutional neural networks (CNNs). The modal responses used in the method are obtained from the dynamic responses,
which are measured in a building structure under ambient excitations; these are then transformed to a modal participation ratio
(MPR) value for a measuring point and mode. As modal responses vary after damages in the structures, the MPR for a specific
location and mode also changes. Thus, in this study, MPR variations, which can be obtained by comparing the MPRs of
damaged and healthy structures, are utilized for damage detection without the need for identification of modal parameters. Since
MPRs are derived for the number of measuring points (V) in the structure as well as the same number of modes (N), the MPRs
and MPR variations can be arranged as an N X N matrix. This low-dimensional MPR variations set is used as the input map of
the presented CNN architecture and information about damage locations and severities of the target structure is set as the output
of the CNN. The presented CNN is trained for establishing the relationship between MPR variations and damage information
and utilized to estimate the damage. The presented damage detection method is applied to numerical examples for two multiple
degrees of freedoms and a three-dimensional ASCE benchmark numerical model. Training datasets created from damage
scenarios assuming changes in the stiffness are used to train the CNN and the performance of this CNN is verified. Finally, this
study examines how variations in the operator size and number of layers in the CNN architecture affect the damage detection
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performance of CNNss.
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1. Introduction

In the past, various studies have been conducted using
advanced sensing technologies to evaluate and analyze the
health of structures; these studies and techniques fall under
the aegis of structural health monitoring (SHM)
(Sigurdardottir and Glisic 2014, Kaveh and Maniat 2015,
Oh et al. 2015, Park et al. 2017, Sotoudehnia et al. 2019).
In particular, SHM includes methods for measuring
structural responses using sensors installed on structures
and diagnosing structural health using these measured
responses. Vibration-based SHM is one such technique that
is used to measure vibrational responses from structures;
these responses can convey unique characteristics regarding
these structures, which, in turn, can be used to identify their
structural conditions and evaluate safety. Modal parameters,
which are inherent characteristics of structures, can be
obtained through the vibration-based SHM technique using
various types of dynamic structural responses (Glisic and
Inaudi 2012, Park et al. 2015, Xiong et al. 2019) in order to
evaluate the health of these structures. These techniques for
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extracting, analyzing, and evaluating modal parameters
have also been applied to high-rise as well as other large
structures (Glisic et al. 2013, Li et al. 2017, Zhu et al.
2018). Furthermore, the extracted modal parameters can be
utilized to identify locations and evaluate severities of
structural damages in various ways (Hsu et al. 2017, Liang
etal.2017,2019).

In particular, studies on damage detection using modal
parameters, such as natural frequency, mode shape, and
modal damping, that are extracted from vibration
measurements, are largely classified into those based on
model updating (MU) and those based on artificial neural
networks (ANNs). Among these, the studies on MU-based
damage detection primarily involve setting the difference
between the modal parameters extracted from the damaged
structures through structural measurements and modal
parameters of a finite element (FE) model for the target
structure as the error or objective function; in addition, they
also include the determination of structural parameters
related to stiffness and mass that minimize this error
function. Then, they find the damage location and severity
by investigating the variations of rotational stiffness (Yin et
al. 2017), story stiffness (Chen and Loh 2018), and flexural
rigidity (Esfandiari 2017) in the FE model reflecting the
searched structural parameters.
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ANN-based damage detection methods involve
specifying the relationships between the modal parameters
that can be changed owing to damage and damage
information including damage location and severity in
advance under damage scenarios for the target structure
through ANN training. Thus, when actual damage occurs in
the future, only modal parameters obtained from
measurements are used to estimate the damage. Many types
of ANN models have been developed to estimate damages
by investigating the relationship between the change in
modal parameters and changes in other parameters, such as
elastic modulus (Padil er al. 2017), mass and stiffness
(Zhang and Xu 2016), and flexural stiffness (Li et al. 2015)
of a structure.

Although modal parameters have been used for SHM in
various ways because they reflect the inherent
characteristics of structures, many uncertainties are
involved in the process of extracting the values (Park and
Oh 2018a). For example, when a real-world structure is
considered, the vibration responses need to be measured to
extract modal parameters, which requires a field test;
accordingly, modal parameters are affected by the external
conditions of the field tests. Some previous studies have
showed that natural frequency and modal damping values
changed according to the amplitude level of the vibration
measurements (Guo et al. 2016, Sarlo et al. 2018).
Moreover, in an ambient vibration test, the values of the
modal parameters changed because of temperature and
humidity as well (Zhang et al. 2016, Wu et al. 2018). These
uncertainties experienced during the extraction of modal
parameter values cause difficulties in developing a damage
detection model based on modal parameters.

Thus, to overcome the difficulty of accurately extracting
modal parameters, damage detection methods that do not
use modal parameters have been developed. In particular, in
some studies, researchers have proposed damage detection
methods that directly use time series structural responses
measured in structures (Xu et al. 2011, Machavaram and
Shankar 2013, Li and Hao 2014). These methods do not
require the extraction of modal parameter values, thereby
avoiding the related uncertainty. However, these methods
require loading information to extract the time history of
structural responses. Therefore, though these methods are
applicable to small-scale structures, and have limitations for
application in complex and large civil infrastructure or
buildings because, in such cases, the application of loading
is either difficult, impossible, or costly.

Considering this, in another group of studies,
researchers developed damage detection methods for
structures under ambient excitation conditions (Abdeljaber
et al. 2017, 2018, Lin et al. 2017, Sun et al. 2017); these
studies use time series structural responses measured in
ambient vibration tests for damage detection. To obtain the
inherent characteristics from the vibration responses of a
structure under ambient excitation, sufficient measuring
time and quantity of structural response data are required;
this is especially true in the case of a complex/large
structures, for which, an enormous quantity of measurement
data is necessary. Therefore, damage detection methods
using time series structural responses have used machine

learning techniques to suitably handle such voluminous
measurement data. Among the many machine learning
techniques available, the convolutional neural network
(CNN) technique, which is a deep learning strategy, is
widely used in studies related to SHM (Park et al. 2018). As
CNN was modeled after the visual cortex of animal, it was
initially applied to the field of image recognition (Lecun et
al. 2015). In addition, in the civil engineering domain,
many studies introduced CNN for image-based crack
detection (Xu et al. 2018, Chen and Jahanshahi 2018).

Because CNNs do not need require handcrafted data
extraction, this solves the overfitting problem efficiently
(Chen et al. 2018), thus making CNNss suitable for handling
noisy data as well. In addition to crack detection, CNNs are
actively applied to damage detection for structures using
time series structural responses. Abdeljaber et al. (2017)
applied a one-dimensional (1-D) CNN to estimate the
damage locations of a steel structure under unknown input
excitation conditions; in their proposed CNN, time history
acceleration responses of the structure before and after
damage were set as input, while the damage probability of
the steel frame joint was the output. Their proposed method
was verified by conducting a random excitation experiment
for a steel structure. Furthermore, Lin ef al. (2017) applied a
ID-CNN for damage detection of a beam-like structure
under random excitation. In particular, they proposed a
CNN model that uses the low-level waveform time series of
acceleration measured in a structure before and after
damage as input, producing the damage locations as output.
In addition, they attempted to obtain physical insight into
the learning process within their CNN by visualizing its
hidden layers. Their proposed method was verified through
a numerical study. Sun et al. (2017) proposed a CNN-based
virtual sensing structural model. In this study, a two-
dimensional (2-D) CNN with time history acceleration
responses measured for a structure under white noise
excitation as input, and time history acceleration responses
of specific positions in the structure as output, was
presented. Their proposed method was verified by
conducting an experimental study for a simple beam as well
as a numerical study for multiple degrees of freedom
(MDOFs) and a cantilever beam; their method showed good
performance for damage prediction. Because the CNN
training was performed for specified loading conditions in
their study, it is believed that this method would not work
under different conditions. Furthermore, Abdeljaber et al.
(2018) introduced a 1-D CNN to detect damages in a steel
structure using time history acceleration responses as input,
and generating the overall damage severity of the structure
as output. The overall damage information is evaluated
based on the number of structural components that were
completely damaged; this method requires only the
measurement of healthy and fully damaged states but
cannot identify damage locations.

These abovementioned studies developed efficient
damage detection methods for structures under ambient or
random excitation without extracting modal parameters.
Since they were limited to either damage localization
(Abdeljaber et al. 2017) or damage severity (Abdeljaber et
al. 2018), they have difficulties in comprehensive damage
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detection. In addition, the prediction performance of these
methods is not suitable in the case of multiple damage
detection (Abdeljaber et al. 2017, Lin et al. 2017). For
example, Abdeljaber et al. (2017) accurately predicted
single damage locations through their 1D-CNN, but showed
faulty detections in two cases involving five double damage
localizations wherein undamaged joints were estimated as
damaged. Furthermore, the model proposed by Lin et al.
(2017) failed to predict damage or showed faulty detection
in some multiple damage detection cases. Thus, although
the CNNs might have been built by efficiently acquiring
structural features from large-scale time history structural
responses, it is not certain that essential features, including
the unique characteristics of structures, are consistently and
accurately reflected because the structural responses under
random excitation were directly used for constructing the
CNN. In particular, when two cases, one including and
another not including noisy data in training, were compared
in a study on CNN-based damage detection (Lin et al.
2017), for the case with noisy data, the accuracy was
86.99% even with single damage detection; this indicates
that the noise problem is not fully solved by these
previously proposed CNN-based damage detection
methods. In addition, it still needs to be verified whether the
CNN constructed in a random excitation condition will
work under other ambient excitation conditions. In
particular, though it is reasonable to use random excitation
conditions to build a CNN in the case of the above studies,
the measurements obtained at a different time (such as at an
estimated time of damage) in a structure under ambient
excitation conditions cannot be the same as the structural
responses used for CNN training in the abovementioned
studies. This is because ambient responses are affected by
various internal (number, activity type, and amount of
activity of occupants in the structure and type and quantity
of operation of internal machines in the structure) and
external factors (direction and speed of wind and traffic
conditions around the structure) of a structure, i.e., they are
created randomly. Thus, in order to use time history
structural responses for damage detection, further studies
are required that account for practical issues that can affect
real-world structures.

This study presents a CNN-based damage detection
method for building structures under ambient excitations
using the modal participation ratio (MPR), which is
extracted from time history modal responses. Because the
MPR includes mode information of a target structure at a
specific location, it can be used for identifying the unique
features of a structure such as damage locations and
severities. Thus, the presented method does not require
conventional extraction process of modal parameters such
as mode shape and modal damping ratio which can be
largely influenced by many uncertainties in the field tests.
In addition, as modal responses to obtain the MPR are
extracted by using a robust and fast filtering in this method,
noises in the dynamic responses by many internal and
external factors in the ambient excitation tests can be
removed and more clear modal characteristics are reflected
from dynamic responses to both modal responses and MPR.
Under the assumption that the number of measuring points

(N) is equal to that of the modes considered (N), this study
obtains as many modal responses as the considered modes
from the measurements of structural responses at each
measuring point of the structure, thus extracting MPRs from
modal responses. Therefore, the total number of MPRs used
is N x N. MPR variations are defined as the relative
difference between the MPRs of a damaged structure and
those of a healthy structure; those low-dimensional MPR
variations are used as the input of the presented CNN. In the
CNN, the damage information of the structure, such as
location and severity of damage, which can be expressed as
stiffness reduction at the damage location, is set as output.
In addition, CNN training is conducted using input/output
information of large training datasets that have been created
according to a predefined scenario. Although the MPR
extraction from structures under ambient excitation
conditions is simple, pre-processing for measured time
history data is required to prevent the effect of noise on the
measured data during CNN training; in general, this pre-
processing is not time-consuming, but requires robust and
fast filtering. Through the pre-processing using band-pass
filtering with modes under consideration, more clear modal
behaviors can be reflected in the damage detection by
removing some noises from the field tests. In addition, time
history responses are not directly used; however, to better
reflect behaviors of a building under various load-related
circumstances into responses used in the damage detection,
a sufficient length of ambient excited dynamic responses is
considered in the MPR extraction based on the fact that
MPR value converges according to the increase of length of
data used in the MPR extraction (Park and Oh 2018b).
Thus, in this method, the MPR values stably obtained from
a sufficient quantity of ambient response data are used for
the CNN training to overcome the limitations of the
conventional CNN-based damage detection methods that
directly used limited length of time series responses data.
Since time series data are not directly used, and instead
MPR values, whose number is as small as those of the
considered modes and DOFs (the number of acceleration-
measuring axes), are used as input, the CNN training was
considerably more efficient than the previous cases; in
particular, the results of multiple damage detection were
highly accurate. Furthermore, the presented method is
applied to a numerical study on damage detection with 12-
and 20-MDOFs. To train the CNN, 1000 training sets are
created by varying the story stiffness of the MDOFs;
another 100 data sets, which have not been used for the
CNN training, are used to verify the performance of the
presented method for detecting single and multiple
damages. In addition, the presented method is also applied
to a numerical study on damage detection of a 3-D four-
story steel structure, i.e., the ASCE benchmark model. In
the case of multiple damages, for CNN training, 3000
multiple damage scenarios are generated by varying the
stiffness of the brace; another 100 data sets, which have not
been used for training, are applied to analyze the
applicability of the presented method for multiple damages.
Moreover, the damage detection performance of the
presented CNN is examined according to changes in
parameters of convolutional and pooling layers of the CNN,
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such as size of the operator and number of layers, which are
then evaluated in terms of estimation accuracy and
computational costs.

2. Methodology

The CNN-based damage detection method for building
structures presented in this study uses big datasets created
under predefined damage scenarios for CNN training. As
previously mentioned, in the CNN, an MPR extracted from
measured structural modal responses is set as the input
layer, whereas damage locations and damage severity are
set as the output layer. In particular, damage is predicted
using structural modal responses measured at times of its
occurrence.

2.1 MPR extraction

Instead of directly using time series responses measured
from the structure in the CNN input layer, this study
extracts an MPR from the modal responses of a structure
under ambient excitation conditions, which is then used in
the input layer of the CNN. As is known from existing
literature on vibration-based MU (Oh ef al. 2017) methods,
the degrees to which each mode participates in the
structural response are different; these degrees can be
defined as the modal participation mass ratio. In a similar
manner, modal responses obtained from measured structural
responses also show different degrees to which each mode
participates in structural behaviors. Because the MPR is
extracted from modal responses measured at a specific
location in a structure, it reflects the features of each mode
at the particular measuring point. If a target structure has
different behavioral characteristics depending on the
damage characteristics, the modal response obtained at each
mode and measuring point also varies (Oh et al. 2017).
Thus, considering that the MPR value for a specific location
and mode changes according to different damage
characteristics, this study aims at constructing a CNN for
damage detection of a structure using MPR values that are
sensitive to both the damage location and severity. To
include modal behavioral characteristics into damage
detection, MPR values which change with different trends

depending on locations in the structure and modes are
required as many as the numbers determined by the number
of locations to be monitored and modes under
consideration. Since those relatively large number of MPR
values are used in the input information of the presented
method, the CNN which is able to constitute the large size
of input map is more suitable for employing those MPRs
rather than the conventional artificial neural network. Fig. 1
illustrates the MPR extraction process.

As shown in Fig. 1(a), the time history dynamic
structural responses, which are considered accelerations in
this study, are measured for the target structure under
ambient excitation. The measuring time and sampling rate
are sufficiently and suitably set to better reflect dynamic
behaviors of the structure and stably extract the MPR vale
during the measurement of time history acceleration
responses. The dynamic structural responses, which are
equal in number to the considered measuring points, are
divided into modal responses as the same number of
considered modes using band-pass filtering (Oppenheim
and Schafer 2011) for each measuring point; this process is
described via Eqgs. (1)-(3). This filtering acts on extraction
of modal responses including more clear modal
characteristics by removing noise in the measured dynamic
responses. For example, assuming that structural responses
are measured at each story of a 12-story structure, the
process of obtaining the modal responses from structural
responses measured on the highest floor is shown in Fig.
1(b).
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Fig. 1 Procedure for MPR extraction: (a) time history responses of 12-DOFs under ambient excitation conditions;
(b) the first 12 modal responses for DOF 1; (c) MPR map for all modes and all DOFs
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or DOFs to be considered, i.e., the number of measurement
locations, and H/(f) is the transfer function of the band-
pass filter for the i-th mode of the j-th DOF.

The natural frequencies for the considered modes
required in the selection of filtering range can be identified
by frequency domain analyses for the time histories of the
acceleration responses considering locations and axes of

sensors installed in the structure. A4](f) is the filtered
response of the i-th mode of the j-th DOF in the frequency
domain, n,, is the number of modes considered, and
yl-j (t) is the modal response of the i-th mode of the j-th
DOF in the time domain.

From the obtained modal responses, the root mean
square of the modal response (RMSMR) for each DOF and
mode is obtained, as described by Eq. (4). This study
defines MPR as the ratio of an RMSMR for a particular
DOF and mode to the total RMSMR for all DOFs and
modes; this is represented by Eq. (5). As specified in the
abovementioned example, if the MPR is calculated for 12
DOFs, a total of 144 MPRs can be obtained for 12 DOFs
and 12 modes from modal responses using Egs. (4)-(5);
these are shown in Fig. 1(b). The MPR map obtained from
those 144 MPRs is shown in Fig. 1(c).
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where RMSM Rij is the RMSMR for the i-th mode of the j-

th DOF, / is the length of the measured data, and MPRi] is
the MPR for the i-th mode of the j-th DOF. Based on this
definition, indicates the contribution of the i-th mode of the
j-th DOF on the structural responses in a quantitative
manner. Therefore, the MPR thus obtained can reflect the
behavioral characteristics of the target structure, which has
different response distributions for each mode and location
depending on the locations and severities of damage.
Considering these MPR characteristics, this study used
MPR as the input of CNN for damage detection.

2.2 CNN architecture

Using the MPR extraction process discussed in the
previous section, the MPRs are extracted from both healthy
and damaged structures; in particular, the variation between
these two MPRs is used as the input for the presented CNN.

The MPR variation is calculated at each mode and for
each DOF using the following equation
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where AMPR], HMPR!, and DMPR] are the MPR
variation, MPR of the healthy structure, and MPR of the
damaged structure of the i-th mode of the j-th DOF,
respectively. The MPR variation was examined using the
example of 12 DOF previously presented in the previous
section. The MPR variations for 30% stiffness reduction in
the case of DOF 1, which represents the top story of the 12
DOF structure, and in DOF 12, i.c., the lowest story, are
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illustrated in Figs. 2(a) and (b), respectively. As the figure
shows, the MPR variations for each mode and DOF have
different values depending on the damage location.

Fig. 3 shows the presented CNN architecture with the
MPR variation obtained using modal responses as input. In
the input layer, the MPR variations are set to the same
number as there are considered modes or measuring points,
i.e., the number of DOFs. The primary characteristic of the
input layer of the presented architecture is that the number
of considered modes (n,,) is equal to that of the considered
measuring points (ny), i.e., N. Therefore, the map of the
input layer as well as hidden layers is square-shaped.

As shown in Fig. 3, the hidden layers of the presented
CNN architecture are set by consecutively arranging
convolutional and pooling layers twice. The second pooling
layer is connected to the FC layer. Finally, the FC layer is
connected to the output layer. In Fig. 3, N is the number of
considered modes for MPR extraction; as previously
mentioned, this value is equal to the number of measuring
points. C1 and C2 are the sizes of the first and second
convolutional layers, respectively, while P1 and P2 indicate
the sizes of the first and second pooling layers, respectively.
Furthermore, M1 and M2 indicate depths of the first and
second convolutional (or pooling) layers, respectively. Ng is
the number of damage locations considered. In addition, 1
and 2 are the sizes of the kernels used to construct the first
and second convolutional layers, respectively. s1 and s2 are
the subsampling sizes used to construct the first and second
pooling layers, respectively. In general, the presented CNN
architecture is similar to a typical CNN; therefore, the
functions and characteristics of each layer are the similar to
those reported in existing literature on CNNs (Abdeljaber et
al. 2017, 2018, Lin et al. 2017, Sun et al. 2017) while the
presented method mainly focusses on constitution of input
map in CNN based on the relationship between MPR and
damage. Since extracted MPRs (as many of them as the
number of locations and modes under consideration from
dynamic responses with sufficient lengths) are set as input
map in the CNN, the size of input map in the presented
CNN can be significantly reduced compared with the other
methods identified in aforementioned literature on CNN-
based damage detection, which established time history data
of structural responses as input map in the CNN. The
presented CNN with low-dimensional input map results in
significant reduction of computational costs. In the case of
missing MPRs due to failure in identification of some
modes, zero padding can be used to fill the locations of
MPR variations for unidentified modes in the input map.
While the performance of CNN in detecting damage will be
altered by missing MPRs and their replacement with zero
padding, the alteration does not reduce the performance of
CNN significantly.

During the CNN training, through filtering by the first
kernel, the MPR variation, which forms the input map,
generates a convolutional layer with the depth of first layer.
In this case, the size of the convolutional layer (C) is
calculated using the following equation

(I—k
Cst

C = +1 (7N

Table 1 Details of the presented CNN architecture

Type Size

First kernel (k1 x k1) 5x5

First subsampling (s1 x s1) 2x2
First output map size (M1) 12

Second kernel (k2 x k2) 3x3

Second subsampling (s2 x s2) 2x%x2
Second output map size (M2) 24

where £ is the kernel size for filtering the input map and Cs¢
is the stride size, i.e., the interval of convolution of the
kernel. To obtain the size of the first convolutional layer
(C1), the input size N is substituted for 7 in Eq. (7).
Similarly, to obtain the size of the second convolutional
layer (C2), the size of the first pooling layer is substituted
for 7 in Eq. (7). After the convolutional layers are generated,
the pooling layers are created by subsampling. The size of a
pooling layer (P) is calculated using the following equation

U))

P=
Py,

+1 ®)

where s is the subsampling size and Pst is the stride size in
the pooling layer. The size of the first pooling layer (P1) as
well as second pooling layer (P2) are calculated in the same
manner as the convolutional layers, but with alternative
layers, using Eq. (7). As previously mentioned, the last
pooling layer is connected to a FC layer; the size of the FC
layer is determined by multiplying the square of the size of
last pooling layer by the depth of the last pooling layer.
Finally, the FC layer is connected to the output layer. The
size of the output layer (Ny) indicates the number of damage
locations considered in the damage scenarios that are used
for creating the training datasets for a damaged structure.
Each node of the output layer indicates a damage location
and the value of each node is set to a value that indicates the
severity of the damage.

Table 1 lists the depth and values of operators used in
each layer of the presented CNN. The presented CNN
architecture, which has these specified values as default
values, is applied for damage detection to two MDOFs,
which is discussed in Section 3, and a three-dimensional (3-
D) steel structure, which is discussed in the Section 4. The
pooling type in the pooling layer is average pooling. A
sigmoid function was used as the activation function in the
convolutional and FC layers. The learning rate was set to
1.0 and the training termination condition was set to 1000
epochs. The CNN of the presented method was
implemented in Matlab.

3. Numerical example

The presented CNN-based damage detection method is
applied to a numerical study for damage detection with two
MDOFs. The previously mentioned examples included 12-
and 20-DOFs, which represents the same shear type
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structure as the model in Fig. 1(a). These two examples are
assumed to be 12- and 20-story structures, respectively. It is
also assumed that sensors are installed on each floor to
obtain measurements for the 12 and 20 DOFs, respectively.
In addition, because of the number of assumed DOFs, 12
and 20 translational modes are considered for damage
detection in the two examples, respectively. In both
examples, a mass between 1.0 kg and 1.5 kg is distributed
on each story and the stiffness of each floor is assumed to
be 300 N/m. Furthermore, a 2% modal damping is
considered for each considered mode in these examples.

3.1 Damage scenario

To apply the presented damage detection method to the
example structures, CNN training datasets were created. In
particular, the damage was expressed as the story stiffness
reduction of each story. The stories undergoing stiffness
reduction were randomly selected in creating the training
datasets. The stiffness reduction ratio of each story was also
randomly assigned. In this manner, a total of 1100 damage
scenarios were prepared. The story stiffness reduction ratio
was set to be between 0% and 30%. The damage is
considered as small based on real-life examples from
literature (Sigurdardottir and Glisic 2015). Given that
damage was small, non-linear effects that it introduces were
neglected. Based on the damage scenarios, the dynamic
analysis subject to white Gaussian noise excitation was
conducted for each example to construct the CNN training
datasets. In the dynamic analyses, Newmark-beta method
was used (Chopra 2001). Even if white Gaussian noise was
included to simulate ambient excitation, various
uncertainties such as colored excitation which is often
found in the actual ambient excitation were not comprised
in the excitation. Since the band-pass filtering, which is
included in the presented method, enables to obtain clear
modal responses from the noisy responses measured in the
ambient vibration field test (as per previous work (Park and
Oh 2018a)), employing the white Gaussian noise excitation
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was judged as suitable for the validation of the presented
method based on the filtering. The acceleration responses of
each story of each example structure obtained using this
dynamic analysis subject to white Gaussian excitation were
used to extract the MPRs. The MPR of the damaged
structure was compared with that of a healthy structure to
obtain the MPR variation. The obtained MPR variation was
set as the input of the CNN, whereas the damage location
and damage severity of each damage scenario were set as
the output. These input and output were included in a single
dataset, which was then used for CNN training.

3.2 Single damage detection

The applicability of the presented method was verified
for single damage detection of the abovementioned two
example structures. When damage scenarios were
generated, the number of stiffness reduction stories, which
is randomly selected, was set to 1, and the stiffness of the
damaged story is reduced by a randomly chosen value
between 0% and 30%. In this way, total 1100 CNN training
datasets were created. Among the 1100 datasets, 1000
datasets were used for CNN training, while the remaining
100 datasets were used to verify the trained CNN. Figs. 4(a)
and 4(b) show the verification results for the cases of 12
DOF and 20 DOF, respectively.

Among the 100 datasets, the results for the five most
unfavorable datasets in terms of absolute error in predicting
damage are shown in the figure. The 100 verification
datasets for 12 DOF and 20 DOF cases had RMSEs of
0.2761 and 0.2642, respectively, and average absolute
errors of 0.1260 and 0.1137, respectively. In general, the
presented CNN model showed accurate estimations of
damage location and damage severity for the datasets of the
damage scenarios, which had not been used for training.
Although the results shown in Fig. 4 are for the most
unfavorable cases, they show no faulty damage detection.
However, in the third case shown in Fig. 4(b) with a 3%

Stiffness reduction ratio (%)
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Fig. 4 Single damage detection results for the five most unfavorable verification datasets for (a) 12 DOF structure;

(b) 20 DOF structure
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story stiffness reduction in DOF 10, accurate estimation of
damage is not obtained. In general, cases with lower rates of
story stiffness reduction were more likely to have erroneous
estimation of damage. However, this loss of stiffness is
practically very low and in general damage of this size does
not represent important alteration of structural health and
performance in real structures (Sigurdardottir and Glisic
2015).

As shown in Fig. 5, although increasing the number
ofdatasets used for the training decreased the error of CNN
estimation, the differences of RMSEs for 12 and 20 DOFs
between the cases with 400 and 1000 training datasets were
not significant, which were 0.1969 and 0.2431, respectively.
Nevertheless, increase of the number of training datasets
can be expected to slightly improve the damage detection
performance of CNN. Meanwhile, when more datasets were
used for the CNN training, the computational cost
inevitably increased.

3.3 Multiple damage detection
The applicability of the presented method was verified

for double damage detection for the two example structures.
To create damage scenarios for double damage detection,
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two stories were randomly selected for stiffness reduction,
and the stiffness reduction ratios of the selected two stories
are randomly set to the values between 0% and 30%.
Eventually, 1100 datasets for double damage were created
for CNN training. Among the 1100 datasets, 1000 datasets
were used for CNN training, while the remaining 100
datasets were used to verify the trained CNN. In general,
the presented CNN model showed accurate estimations of
damage location and damage severity for the datasets of the
damage scenarios, which had not been used for training.
Furthermore, the 100 verification datasets for the 12 DOF
and 20 DOF cases had RMSEs of 0.9503 and 1.1658,
respectively, and average absolute errors of 0.5365 and
0.4783, respectively. It was observed that the performance
of double damage detection was significantly lower than
that of the single damage detection both in terms of RMSE
and absolute error. Figs. 6(a) and 6(b) show the results for
the five most unfavorable datasets in terms of absolute error
in predicting damage among the 100 verification results for
the 12 DOF and 20 DOF cases, respectively.

Among the 100 verification sets of 12 DOF, the five
most unfavorable cases with highest error values showed
absolute errors ranging from 6.16 to 7.98. Although these
cases tended to underestimate damage severity (red circle in
Fig. 6(a)), there was no faulty detection. In contrast, among
the 100 verification sets for the 20 DOF case, the set with
the highest error showed faulty detection (blue dotted circle
in Fig. 6(b)) with an absolute error of 18.08. Some faulty
detections were observed in DOF 2 and 15 (green circle in
Fig. 6(b)); those were false positive. Aside from this
observation, in the remaining four cases, multiple damage
locations were accurately predicted, but the model tended to
underestimate the damage severity. Thus, even though Fig.
6 with the five most unfavorable cases showed inaccurate
results, the damages were relatively precisely estimated in
the remaining 95 cases without faulty detection.
Considering this, the presented CNN seems to be suitable
for double damage detection based on the analysis of all
verification sets. Though not discussed in this section, a
further study showed that the increase in the number of
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Fig. 6 Multi-damage detection results for the five most unfavorable verification datasets for (a) 12 DOF structure;

(b) 20 DOF structure
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training datasets could improve the performance of CNNs
for double damage detection.

4. Evaluation using the ACSE benchmark model

The presented CNN-based damage detection method
was used to identify the damages of a 3-D ASCE
benchmark numerical model (Fig. 7). The target structure
was a 4-story and 2 bay-by-2 bay steel structure with a floor
plan of 2.5 m X 2.5 m and a total height of 3.6 m. This
experimental specimen is a benchmark model for SHM
research, which was first proposed by ASCE (Johnson et al.
2004). It has been widely used to verify methods proposed
by many SHM-related studies on MU, system
identification, and damage detection (Abdeljaber et al.
2018). The target structure was composed of columns,
beams, slabs, and braces, all of which were made of hot
rolled 300 W steel with a material property of 300 MPa
nominal yield stress. The beams, columns, and braces had
sections of S75 x 11, B100 x 9, and L25 x 25 x 3,
respectively. The section properties and other detailed
information about the structure are presented in the
following reference (Johnson ef al. 2004).

Fig. 7 ASCE benchmark model

Healthy state
of brace

> \
P \

.~ Damaged \\
brace group 1\
\

Dam&

brace group 2

Fig. 8 Description of damaged brace groups for damage
detection in the ASCE benchmark model

4.1 Damage scenario

To apply the presented CNN-based damage detection
method to the ASCE benchmark specimen, damage was
assumed to occur in a total of 32 braces installed in the
structure. These braces were the target structural
components for damage detection. The damaged structure
with lower lateral stiffness was constructed by modifying
the axial stiffness of the brace. Since the variations in mass
by the changes of cross-sectional area of the brace for
reducing the axial stiffness were negligible compared with
the value of mass in each slab (Johnson ef al. 2004), mass
changes by the brace were not included in the model. As
shown in Fig. 8, two braces installed in one direction on one
story were considered as one group; for simplification
purposes, the two braces of the same group were assumed
to have the same stiffness. Therefore, a total of 16 brace
groups were set as the targets for damage detection. The
damage scenario assumed multiple damages, i.e., stiffness
reduction in two brace groups. Two randomly selected
groups were considered for stiffness reduction according to
a random reduction ratio (orange and red brace groups in
Fig. 8). The stiffness reduction ratios of the selected two
brace groups were randomly set between 0% and 30%. The
remaining 14 brace groups retained their initially assigned
stiffness (yellow brace group in Fig. 8).

Thus, a total of 3100 damage scenarios were created, of
which 3000 scenarios were used for CNN training, while
the remaining 100 scenarios were used to verify the damage
detection performance of the CNN. Even if the damage
severities of training and verification damage scenarios
were randomly assigned, the ratios of the damage cases
which exceeded 25% of damage severities were similar for
both training and verification scenarios. By employing
those imbalanced datasets in the verification, the practical
implementations including the extreme damage conditions
were considered. To generate the training and verification
datasets, the damaged structures were modeled according to
the given damage scenarios; then, time history acceleration
responses were extracted using dynamic analysis. Under the
assumption that the measurement was conducted under
ambient excitation conditions, time history acceleration
responses of the damaged structure were obtained by
applying bi-axial white noise for 600 s. OpenSees (PEER
2006) was used for the structural modeling and dynamic
analysis. In OpenSees modeling, material properties
presented in the literature (Johnson et al. 2004) were
assigned to all elements. Columns and beams were modeled
using elastic beam-column element and braces were
modeled by using truss elements. Rigid diaphragm was
assigned to each story and additional mass which detail is
presented in the literature (Johnson et al. 2004) was applied
to each story. When extracting the MPR from the obtained
time history acceleration responses, 12 modes were
considered, including four degrees of x-translation modes,
y-translational modes, and torsional modes, each.
Furthermore, a total of 12 DOFs were considered, of which
3 DOFs were considered for the x, y, and torsional
directions on each floor, corresponding to the 12 DOFs for
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Fig. 9 Five most unfavorable verification datasets for damage detection in the ASCE benchmark model using

(a) 2L-CNN; (b) 2Ls-CNN architectures

4 stories. Thus, the MPR variation, which was utilized as
input data for CNN, was a 12 x 12 square; this enabled the
same architecture to be used for the CNN as described in
the Section 2.2. As discussed in the Section 3, each node of
the output layer included the stiffness reduction data of each
floor (DOF) and thus the number of nodes was the same as
that of the considered DOF. On the other hand, in the output
layer of the CNN architecture for the ASCE model, the
number of nodes was set to be the same as that of the brace
groups where stiffness could be reduced, i.e., a damage was
expected to occur, such that each node in the output layer
contained the damage information of each brace group.

Table 2 Details of the additional CNN architectures

Case CNN label Laye Depth quel Subsqmphng
No. size size
1 12 5 2
1 CNN-2L
2 24 3 2
1 12 5 2
2 CNN-2Ls
2 24 3 1
1 12 3 2
3 CNN-2Lk
2 24 2 2
1 12 3 2
4 CNN-2Lc
2 24 2 1
1 12 5 2
5 CNN-3Ls 2 24 3 1
3 36 1 1
1 12 3 2
6 CNN-3Lk 2 24 2 2
3 36 1 2
1 12 3 2
7 CNN-3Lc 2 24 2 1
3 36 1 1

4.2 Results and discussion

The presented CNN architecture and 3000 training
datasets from the total of 3100 datasets, which were created
from the abovementioned damage scenarios, were used to
train the CNN for damage detection in the ASCE
benchmark model. The remaining 100 datasets, which were
not used for CNN training, were used to verify the damage
detection performance of the trained CNN. For the 100
verification datasets, the RMSE was 1.1885 and average
absolute error was 0.5259.

Fig. 9(a) shows the results of the five most unfavorable
cases with highest prediction errors in terms of absolute
error among the 100 verification datasets. For the 100
verification datasets, the overall performance for detecting
damage location and damage severity was observed to be
good. However, for the five most unfavorable cases, faulty
detection was observed in terms of both damage location
and damage severity. In particular, the Cases 1-3 in Fig.
9(a) showed absolute errors ranging from 10.64 to 16.14,
which indicates underestimation (red circle in Fig. 9(a)). In
addition, the Cases 4 and 5 in Fig. 9(a) showed faulty
detection, failing to identify even the damage locations.

To avoid those faulty detections and find the
architecture with better performance in damage detection,
the influences of variations in the parameters in the CNN
layers, which were discussed in Section 2, as well as the
number of layers on the performance of the CNN were
examined. Six additional CNN architectures were
evaluated, details for which are listed in Table 2.

Case 1 in Table 2 is the basic architecture used for
damage detection, which is designated as 2L-CNN, where
2L indicates two layers. Then, Cases 2—4 have two layers,
while Cases 5—7 have three layers. The CNN architectures
with three layers involve connecting the third convolutional
layer to the last pooling layer of the two-layer architectures,
which is shown in Fig. 3, followed by the third pooling
layer that was connected to FC layer, which is eventually
connected to the output layer. Fig. 10 shows the basic form
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of the three-layer CNN architecture.

Considering the labels of each architecture in Table 2,
‘s’ indicates that the subsampling size was reduced below
2L-CNN, which represents the basic architecture. During
subsampling, the value of the stride size is identical to that
of subsampling size. Furthermore, ‘k’ indicates that the
kernel size was decreased below 2L-CNN, while ‘¢’
indicates that both subsampling size and kernel size were
reduced.

The seven CNN architectures listed in Table 2, which
includes the basic CNN architecture (2L-CNN (Case 1)),
were used for damage detection in the ASCE benchmark
model; the obtained results were compared in terms of
damage detection performance. Under the same conditions
as the damage scenario discussed in the previous section,
3000 datasets from among the 3100 generated datasets were
used to train the CNNs, while the remaining 100 datasets
were used for verification. Fig. 11(a) shows the RMSE
errors of the seven CNN architectures for the 100
verification datasets; the training time is also presented in
Fig. 11(a). Aside from 2Lk-CNN and 3Lk-CNN
architectures, which had reduced kernel sizes, the remaining
CNN architectures showed better accuracy than the 2L-
CNN architecture for damage detection in the ASCE
benchmark model.

Furthermore, the comparison between 2L-CNN and
2Lk-CNN revealed that the reduction of kernel size, which
was used to construct convolutional layers, degraded the
performance of CNN at least considering the scenario
explored in our study.

In addition, on comparing the 2L-CNN architecture with
the 2Ls-CNN architecture, it is clear that the decrease in the
subsampling size of the pooling layer improved the
performance of the CNN. In addition, both 2Lc-CNN and
3Lc-CNN architectures, which included both reduced
kernel and subsampling sizes, showed better performance
compared with the basic architecture (2L-CNN).
Nevertheless, their damage detection performance was
worse than that of the 2Ls-CNN and 3Ls-CNN
architectures; this can be attributed to the reduction of
subsampling size serving as an offset to the reduction of the
kernel size.

In terms of RMSE, the 3Ls-CNN architecture showed
the best performance for damage detection. The 3Ls-CNN
architecture achieved a 5.69% reduction in RMSE
compared with that of the 2Ls-CNN. The training time of
3Ls-CNN was 2.92 times that of the 2Ls-CNN architecture.
The overall accuracy of damage detection for the 100
verification sets was evaluated in terms of the RMSE, while
the prediction performance of each verification set was
assessed by checking whether each verification set
exceeded the absolute error of 5%. Fig. 11(b) graphically
shows the number of verification sets that exceeded the 5.0
of absolute error for the seven CNN architectures, among
the 100 verification sets. The overall trend in Fig. 11(b) was
similar to that of the RMSE in Fig. 11(a). However, for the
3Ls-CNN architecture, which showed the highest accuracy
in terms of RMSE, four verification sets exceeding the 5.0
of absolute error were observed, while for the 2Ls-CNN
architecture just had two verification sets exceeding the 5%
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absolute error were observed. In the case of the 3Ls-CNN
architecture, one case among the four cases exceeding the
5% absolute error was found to be a faulty detection.

Based on the above comparisons, when the prediction
performance for all verification sets, computational cost, as
well as prediction performance for each verification set are
comprehensively considered, one of the most efficient CNN
architectures can be regarded as the 2Ls-CNN architecture.
Fig. 9(b) shows the damage detection result of the 2Ls-
CNN architecture for the five most unfavorable verification
sets, which were presented to verify the performance of the
basic CNN architecture. The faulty detection and
underestimation of damage severity in the case of the 2L-
CNN architecture, which was shown in Fig. 9(a),
significantly improved in the prediction result of the 2Ls-
CNN architecture. In addition, the average absolute
difference of damage cases below 10% of stiffness
reduction ratio was about 1.7 times higher than that of
damage cases above 20% of stiffness reduction ratio in the
2Ls-CNN results. It indicates that the 2Ls-CNN predicts
more precisely moderate damage case which is more
important in assessment of structural health; thus, the
presented model can be evaluated to be effective in terms of
practical implementation for damage detection.

The convergence characteristics of the presented CNN
architecture were examined during training. Fig. 12(a)
shows the convergence curves of the 2L-CNN, 2Ls-CNN,
and 3Ls-CNN architectures; these CNN architectures had
convergences with remarkably different features. As shown
in Fig. 12(b), all the three architectures converged in a steep
slope around 700 of iterations. Until about 5000 of
iterations, the three architectures were trained showing
similar values for the loss function. After that, the 2Ls-CNN
architecture converged by reducing the value of the loss

function with a steeper slope compared with 2L-CNN and
3Ls-CNN. As Fig. 12(c) shows, the 2Ls-CNN architecture
featured an earlier and faster convergence, while the 3Ls-
CNN architecture had a slower convergence by showing
only few improvements in the value of loss function until
40000 of iterations. This figure also shows that 3Ls-CNN,
which is the best architecture in terms of RMSE, has worse
performance compared with 2L-CNN if the number of
iterations does not exceed 50000. As shown in Fig. 12(d),
the loss function value of the 3Ls-CNN architecture did not
become lower than that of the 2Ls-CNN architecture until
about 350000 of iterations. Although the CNN with three
layers required a much longer time for one training than the
CNN with two layers, the analysis of the convergence
curves indicates that, unless the CNN with three layers is
sufficiently trained, it would have a worse performance than
the CNN with two layers, which has similar training
operator characteristics.

5. Conclusions

This study presents a CNN-based damage detection
method for building structures, which uses MPRs extracted
from modal responses of the structures. In particular, time
history structural responses measured for a sufficient time
in a building structure under ambient excitation conditions
are transformed to MPRs indicating the measuring points
and considered modes. In the transformation process, a
robust and fast filtering of measured responses considering
modes to be interest is employed to extract modal responses
by removing noise effects from field tests resulting better
reflection of modal behaviors to modal responses and MPR.
In addition, as the responses used in the method are
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measured under ambient excitation, no loading acting on
the target building is required. Furthermore, as MPRs are
directly extracted from measured responses in a relatively
simple way, the conventional identification process of
modal parameters which can be considerably influenced by
various uncertain factors around the building is not
required. By establishing the MPR variations obtained from
comparisons of MPRs between healthy and damaged
structures in the input map of the CNN considering the
number of measuring points and modes, the presented CNN
model produces the damage locations and damage severities
as output data, which are expressed by stiffness reduction in
this method. Based on the Big Data concept, numerous
datasets with such input-output relationships are created
based on predefined damage scenarios, which are used for
CNN training. A CNN architecture, which consists of two
convolutional and two pooling layers as well as a FC and
output layer, was presented and applied to detect damages
in the case of two MDOFs. The presented method showed
good performance in the case of both single and multiple
damage detections. The increase in the number of training
datasets used for CNN training improved the performance
of damage detection. However, the computational cost for
training also increased. The presented method was applied
to multiple damage detection for a 3-D ASCE benchmark
model. Using the CNN trained with multiple training
datasets, damage locations and severities could be detected.
In the results, faulty detections were observed in some
verification datasets. A comparative study was conducted
for damage detection in the ASCE benchmark model for
architectures with different operator sizes and number of
layers in the CNN. It was observed that a decreased kernel
size for building convolutional layers degraded the damage
detection performance of the CNN. In contrast, a decreased
subsampling size of the pooling layer improved the damage
detection performance. Furthermore, an increase in the
number of layer improved the performance of the CNN
with a reduction of 5.69% in RMSE, but increased the
computational cost by 2.92 times from the comparison of
results between 2Ls-CNN and 3Ls-CNN. A 2Ls-CNN
which is one of the most efficient architectures derived
from the comparative study showed better results with
RMSE of 0.7513 and 2% of faulty detection than other and
has one life cycle, there is a limitation in the
implementation of the presented method based on the
supervised learning, which requires damage simulations for
the structures to obtain data. To overcome the limitation, the
precise model for the healthy state of the structure can be
derived by minimizing the discrepancy between the model
and measurement, and then utilized to create data of
damaged states of the structure by varying the stiffness of
the elements of the model. The created data, in turn, can be
utilized in the training of the presented CNN.
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