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Summary

Real-time structural damage detection is one of the main goals of establishing

an effective structural health monitoring system. However, due to the lack of

training data for possible damage patterns, supervised methods tend to be diffi-

cult for such applications. This article therefore proposes a novel unsupervised

real-time damage detection method using machine learning, which consists of

a statistical modeling approach using neural networks and a decision-making

process using deep support vector domain description. To choose an optimal

window length while extracting damage-sensitive features, an iterative training

strategy is proposed to remove redundant samples from an oversized window.

The proposed method is then verified using a simulated dataset from the Inter-

national Association for Structural Control–American Society of Civil Engi-

neering benchmark and an experimental dataset from shake table tests. The

results show that the mean alarm density can be used as an indicator of dam-

age existence and damage levels for the single-sensor approach. Higher perfor-

mance of damage detection and lower performance of identifying damage

levels are observed for the multi-sensor approach when the rotational modes

are amplified by asymmetric damage patterns. The results of mean false alarm

density show that the presented method has a low probability of generating

false alarms. The effectiveness of iterative pruning strategy is observed through

the visualization of loss function and weights in the neural networks. Finally,

the capability of real-time execution of the proposed damage detection method

is investigated and verified. As a result, trained with healthy data only, the pro-

posed method is effective in detecting damage existence and damage levels.

KEYWORD S

convolutional neural networks, deep support vector data description, IASC–ASCE
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1 | INTRODUCTION

Although structural safety and reliability have always been important considerations for civil engineering structures
during their design stage, it is equally important to pay attention to them during their service life. Aging and damage
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can accumulate over time, whereas partial or complete failure of structural components may occur during extreme
events, such as earthquakes, windstorms, or hurricanes.1 Fortunately, with the rapid development of techniques related
to data acquisition, transmission, and storage, a considerable number of structural health monitoring (SHM) systems
have been developed and implemented in the last few decades.2,3 The SHM applications cover bridges, high-rise build-
ings, tunnels, deep excavations, and so on. With the assistance of machine-learning techniques such as neural net-
works, it becomes possible for SHM systems to help save time and money by detecting potential damages at an early
stage using a massive amount of sensor data collected from the monitored structures and without requiring human
intervention.

“In the most general terms, damage can be defined as changes introduced into a system that adversely affect its cur-
rent or future performance.”1,4,5 Hence, a basic idea of damage detection is to detect these changes that are potentially
introduced by the damage. From a vibration-based damage detection perspective, these changes can be reflected by
indexes deduced based on physical laws or statistics.

For the damage detection approaches established based on physical laws, the monitored features are mainly related
to the modal characteristics calculated from vibration responses of structures under ambient excitation. Commonly
used indexes include modal frequency, modal shape,6 modal damping,7,8 modal curvature,9 modal strain energy,10 and
modal flexibility.11 The damage can then be indicated by the change of these monitored modal characteristics. Under
environmental excitation, the model characteristics are often calculated by output-only methods,12 where the excitation
is assumed to be independent white noise. However, this assumption may not be strictly satisfied due to the complex
environmental conditions, which will introduce errors to the calculated modal characteristics and possibly trigger a
false alarm. Especially as minor injuries usually cannot result in drastic changes of structural dynamic responses and
usually make an observable difference to the higher mode frequencies only, it will become even more difficult to detect
damages with high-frequency noise introduced by the data acquisition devices. On the other hand, modal characteris-
tics of civil infrastructures vary with the change in environmental conditions such as temperature13 and mass (oil stor-
age level of offshore platforms4 and human occupation level of public buildings), which makes it difficult to determine
a proper threshold.

Alternatively, for the damage detection approaches established based on statistics, the monitored features are
mainly deduced by the statistical modeling of the vibration response of structures under ambient excitation. One of the
early feasible solutions for damage detection in SHM is proposed by Sohn et al,14 where they fit the vibration response
with an autoregressive (AR) model and then use the coefficients of the AR model as the damage-sensitive features. By
applying a statistical process control (SPC) technique, the potential damage can be indicated when a certain number of
features are outside the control limits. It can be concluded that the statistic-based damage detection approaches are
mainly composed of two critical elements, namely, the statistical modeling and the decision-making criteria. The main
purpose of statistical modeling is to extract low-dimensional features from the high-dimensional vibration data, where
the feasible choices of feature extraction techniques include time-series analysis,14,15 time-frequency analysis,16,17 prin-
cipal component analysis,18 artificial neural networks,19–21 and auto-encoders.22,23

After feature extraction follows decision-making, where a threshold is established to decide if the extracted features
are within a normal and acceptable range. Conventionally, the decision-making criteria is usually a threshold deter-
mined by SPC,14,15,18,24 pattern classification,25–27 or clustering,16,19 where the extracted features are categorized into a
healthy or unhealthy group in a supervised or unsupervised manner. Supervised methods train decision-making models
with labeled data, which makes the practical implementation difficult due to lack of anomalies in the data collected
from a real structure. For a particular structure, the number of damage patterns is numerous already, let alone the com-
bination of them. For unsupervised methods,22,28–31 the labeled data from possible damage patterns is no longer neces-
sary, and the decision-making models can be trained with healthy data only. Once trained, these methods can
subsequently identify abnormalities by only knowing what is normal regardless of numerous possible damage patterns.
This is particularly important for real-world applications because the abnormal data are not usually available for train-
ing in many cases.

Currently, although successful SHM applications exist in areas such as monitoring rotating machinery,32 a few
obstacles still remain for the monitoring of civil structures, such as

1. Different from rotating machinery, civil structures are continuously in service after construction, and a large amount
of data can be continuously collected by sensors. However, with the limited computational efficiency of the conven-
tional algorithms that use matrix manipulations, only a very small percentage of the data is used to produce new
information about the monitored structures.
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2. Because the monitoring data are collected continuously, it is important for SHM algorithms to make decisions in
real time to ensure a timely assessment of the structural condition.

3. Because almost all the monitoring data are collected from a healthy structure, extremely few anomaly data can be
obtained in most cases, which makes it challenging to identify the damage by using supervised methods. Hence,
there is a need to develop an unsupervised damage detection method with healthy data only. With the rapid devel-
opment of artificial intelligence (AI) in recent years, statistic-based methods demonstrate a great potential to address
this need.

Based on the aforementioned considerations, this paper aims to establish an unsupervised damage detection method,
which uses either single-channel or multi-channel real-time monitoring data collected from a healthy structure to
develop statistical models and establish a decision-making criterion with no need for anomaly data. Although the dis-
cussions in Section 3 focus on acceleration data specifically, the data type of this framework is not restricted to accelera-
tion data. The proposed damage detection framework sends out alarms in real time when the adaptively generated
threshold is exceeded and provides information about the level of the severity of the relative damage. The proposed
framework has the potential to provide a solution for mining information from the massive monitoring data collected
and stored by SHM systems without requiring simulations. The proposed framework makes it possible to use the data
even under a high noise level, preventing the risk of eliminating or suppressing useful information in the data during
denoising. Because the proposed framework can adaptively learn patterns from real monitoring data collected from a
healthy structure without human intervention, it has the potential to establish an intelligent self-learning SHM system.

The rest of the paper is organized as follows: Section 2 describes the proposed damage detection framework using
single-channel and multi-channel data, respectively. Section 3 investigates and discusses the capability of these two
types of approaches under various levels of noise and damage using the simulated International Association for Struc-
tural Control–American Society of Civil Engineering (IASC–ASCE) benchmark dataset. Finally, the summary, conclu-
sions, and future work are presented in Section 4. All of the algorithms investigated in this paper are implemented
using Pytorch.33

2 | PROPOSED DAMAGE DETECTION FRAMEWORK: AN UNSUPERVISED
APPROACH BASED ON MACHINE LEARNING

Proposed here is an unsupervised damage detection framework (Figure 1), which contains three steps: (i) data prepara-
tion, (ii) statistical modeling, and (iii) decision-making. The statistical modeling and decision-making are realized by
artificial neural networks and one-class classification, respectively.

2.1 | Data preparation

Data type: for this data-driven method, damage detection is performed by discovering the temporal and special correla-
tions in the input data. Therefore, as long as the input contains the same amount of information about the structure,
the input type may not influence the results.

Sensor locations: sensor locations may influence the amount of information in the input data and therefore influ-
ence the performance of the proposed method. Sensor locations should be selected to cover the motion of each dynamic

FIGURE 1 Flowchart for the proposed framework. SVDD, support vector data description.
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degree of freedom; otherwise, some changes will not be detected. For example, if the sensors are located exactly at the
rotational center of each floor, the rotational response induced by asymmetric damage cannot be captured. Also, the
amplitude of dynamic response at different locations varies, which leads to different signal-to-noise ratios (SNRs).
Therefore, locations with higher dynamic responses are preferred.

Standardization: neural networks are preferable to be trained with standardized data. High-input magnitudes may
have some negative effects on the convergence of the algorithm due to the nature of gradient descent and bac-
kpropagation (BP), but this can be solved by standardization.

Denoising: to make sure that no useful information is removed from the data, caution needs to be exercised while
denoising. Hence, it is preferred to feed the model with the data before denoising. Although for neural networks, noisy
data may result in an over-fitting, some training strategies can be implemented to alleviate this problem (see
Section 2.5).

Data splitting: data should be segmented into three parts: training, validation, and testing. The training data from a
healthy structure is used to tune the model parameters in the statistical modeling phase. The validation data (also from
the healthy structure) is used to determine the termination condition for the training process. Because the validation
data are not directly used in tuning, the model parameters over-fitting can be alleviated. Testing data can be collected
from a healthy structure or damaged structure when available, which are used to test the performance of the trained
model and to determine if there is a need for retraining with improved model hyper-parameters.

2.2 | Statistical modeling

One of the axioms of damage detection is that “The damage assessment requires a comparison between two systems.”34

Therefore, statistical modeling aims to extract damage-sensitive features and reveals the difference between healthy
structures and damaged structures. Under environmental excitations, the dynamic response of a structure is inherently
random. For an independent random process, the changes can be reflected by mean (median) or standard deviation,
and then, some change detection algorithms cumulative sum control chart (CUSUM)35 or generalized likelihood ratio
(GLR)36 can be directly implemented. However, a transformation (or inverse filtering) from observations to innovations
is required because the structural dynamic responses are normally dependent and auto-correlated.37

As an independent random process, the structural dynamic response can be generally described by a conditional
distribution model37 as

byk ¼ pθ ykjYk�1
k�p

� �
, ð1Þ

where byk and yk are the observed and expected dynamic response at time instant k; θ is a vector containing parameters

related to the state of the monitored structure; Yk�1
k�p ¼ yk�1,yk�2, � � �,yk�pþ1,yk�p

� �T
is a vector of the observed historic

dynamic responses at previous p instants; and pθ(�) is a parameterized conditional probability density of the observed
dynamic response at the current instant. When the monitored structure is damaged, the elements in the vector θ
change, resulting in a different conditional probability density compared with that of a healthy structure. Fitted with
enough data collected from a healthy structure, this conditional probability density function can then be identified, and
the residual or innovation at instant k can be obtained by:

εk ¼ yk�Eθ0 ykjYk�1
k�p

� �
, ð2Þ

where θ0 is a vector containing parameters obtained from a healthy structure and Eθ0 is the expected dynamic response
calculated by the fitted probability density function. When Yk�1

k�p in Equation (2) is obtained from a healthy structure,
the innovation εk is supposed to be an independent Gaussian sequence, and the damage can be indicated if the innova-
tion is no longer Gaussian. In some conventional cases, the expectation Eθ0 of the monitored dynamic system is simply
calculated by a discrete state-space model38,39 or a linear AR model. However, these models will cause limitations when
the monitoring data are massive and nonlinearly correlated; hence, a machine-learning model is adopted in this paper
to generate the expectations.
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Intuitively, the key idea of statistical modeling in the proposed damage detection framework is to train a prediction
model using recorded history data obtained from a healthy structure, and when an anomaly occurs, the prediction will
become inaccurate, which can be taken as an indication of damage. By training a prediction model using monitoring
data, we can obtain this pattern in an unsupervised and adaptive manner. The logic behind this modeling strategy is
that when something is identified as abnormal, it means that the observation will be different from the expectations.

Depending on the number of data channels used for statistical modeling, two types of approaches are defined here,
namely, the single-sensor approach and the multi-sensor approach.

2.2.1 | Single-sensor statistical modeling approach based on multi-layer perceptron (MLP)

Although conventional auto-regressive models predict the data at the current instant as a linear combination of the lat-
est history data, MLP40 can introduce a more complex nonlinear autocorrelation. The MLP is one of the most popular
machine-learning models and is categorized as a type of feedforward neural network, whose connections between units
do not form a cycle. A typical MLP is often composed of an input layer, one or multiple hidden layers, and an output
layer, and each layer contains a certain number of units called neurons (Figure 2a).

The neurons in adjacent layers are usually fully connected through three operators, namely, multiplying a weight,
adding a bias, and passing through an activation function, which is considered the main source of nonlinearity in MLP,
as illustrated in Figure 2b and Equation (3).

sj ¼ f a
X
i

ωi,jriþbj

 !
, j¼ 1,2,3, � � �, ð3Þ

where ri is the value of i-th neuron in the previous layer and sj is the value of j-th neuron in the next layer; fa(�) is the
activation function; and ωi,j and bj are the weight and bias, respectively, for calculating sj from ri. Calculating the expec-
tations of structural dynamic response by an MLP, the innovation in the Equation (2) can then be rewritten as

εk ¼ yk�MLPθ0 ykjYk�1
k�p

� �
, ð4Þ

where MLPθ0 �ð Þ is the MLP trained with data obtained from a healthy structure. The number of hidden layers
and neurons within each layer are hyper-parameters, which should be determined according to the complexity of the
problem.

With a large amount of input and output data as training dataset, the parameters (weights and biases) of an MLP
are then tuned with the objective of minimizing the loss function. In the tasks of regression and prediction, the loss
function is often defined as the deviation between the predicted data and the true data and formulated as the mean
square error or the mean absolute error. It is almost impossible to determine the weights and biases analytically due to

FIGURE 2 The architecture of a typical multi-layer perceptron (MLP). (a) A typical architecture of MLP and (b) three operators

between adjacent layers.
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the nonlinearity and complex nature of MLP. For this reason, the model parameters in MLP are calculated iteratively
with BP,41,42 which is widely used for training feedforward neural networks.

2.2.2 | Multi-sensor statistical modeling approach based on convolutional neural network (CNN)

In a multi-sensor approach, the input and output data of the statistical model can be a multi-dimensional tensor; hence,
the CNN is adopted for this approach to process high-dimensional data. The CNN43,44 is also a type of feedforward neu-
ral network, which is usually composed of convolution layers, fully connected layers (FCLs), and multi-layer percep-
tions. However different from MLP, the input layer of CNN can be multi-dimensional matrices, not limited to vectors,
which makes CNN especially suitable for image processing.

A typical CNN usually consists of an input layer, one or multiple convolutional layers (CLs) and pooling layers
(PLs), one or multiple FCLs, and an output layer. The CL is one of the most distinctive features of CNN, which con-
volves the data from the previous layer with several kernels, and then passes it through an activation function to obtain
data in the next layer (see Figure 3). The number of channels (often referred to as depth) of the input layer should be
equal to the depth of kernels, whereas the depth of the output layer should be equal to the number of kernels. Pooling
is essentially a down-sampling process, which reduces the size of data by certain sampling rules, such as max pooling
and mean pooling. In general, with CLs and PLs, CNN can capture the spatial information from the input data and
reduce the depth and size of high-dimensional input data with relatively few numbers of undetermined parameters.

For neurons in adjacent CLs, the calculation rules can be described by the following equation if no padding has
been implemented:

s u,v, lð Þ¼ f a
X
k

Xm
i¼1

Xn
j¼1

r uþ i�1,vþ j�1,kð ÞK lð Þ i, j,kð Þ
 !

,

u¼ 1,2, � � �,n�mþ1; v¼ 1,2, � � �,p�nþ1

ð5Þ

where r(i, j, k) and s(i, j, k) are elements in the tensors of the previous layer and the next layer respectively, which are
located at row i, column j, and depth k; fa(�) is the activation function; K (l) (i, j, k) is an element of the l-th kernel func-
tion located at row i, column j, and depth k; and m and n are the maximum number of rows and columns of the previ-
ous layer, respectively. Calculating the expectations of structural dynamic response by a CNN, the innovation vector at
instant k can then be rewritten as:

εk ¼ yk�CNNθ0

by1,kby2,kby3,k
..
.

0BBBB@
1CCCCA

y1,k�1 y1,k�2 � � � y1,k�p

y2,k�1 y2,k�2 � � � y2,k�p

y3,k�1 y3,k�2 � � � y3,k�p

..

. ..
. . .

. ..
.

0BBBB@
1CCCCA

����������

8>>>><>>>>:

9>>>>=>>>>;, ð6Þ

FIGURE 3 The architecture of a typical convolution layer.
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where εk becomes a vector with dimension equal to the number of channels; yk = (y1,k, y2,k, y3,k, � � �)T is the observed
dynamic response at instant k; byi,k and yi,k are the expected and observed dynamic response for i-th channel at instant
k calculated by CNN; and CNNθ0 �ð Þ is the CNN trained with data obtained from a healthy structure. The hyper-
parameters are explained in detail in Section 3.

The loss function of CNN is also defined as the deviation between the predicted data and true data in the task of
regression and prediction. With enough training data, the undetermined model parameters of CNN are tuned to mini-
mize the loss function of CNN using BP, similar to the training process of MLP but with a little difference when propa-
gating the errors through PLs and CLs.

2.3 | Training the statistical model with an iterative pruning strategy

The numbers of hidden layers and neurons embedded in each layer are important hyper-parameters, which often influ-
ence the performance of the model and should be determined before training. Although the computational efficiency of
neural networks is positively correlated with the complexity of model construction, the accuracy may, however, not be
the case. This is due to the fact that among a large number of model parameters, some are redundant and do not con-
tribute much to the output. The redundancy can be reduced by removing some of the low-ranked connections between
neurons, and a more concise model can then be obtained after fine-tuning without losing accuracy. This process is also
known as pruning.45–47

In this research, due to the variable size of the window length, the optimal architecture of neural networks changes
accordingly. Therefore, in order to adaptively obtain the optimal model architecture for different application scenarios
and conduct a reasonable parametric study in Section 3.5, an iterative pruning strategy is proposed here for the training
of the statistical models, as demonstrated in Figure 4. The proposed iterative pruning process includes the following five
steps:

FIGURE 4 Flowchart of iterative pruning.
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Step 1. Generating an initial neural network for training. The determination of the initial model structure is still intui-
tive, but redundant neurons can be accepted because they can be automatically pruned during training.

Step 2. Tuning the model parameters using BP (indicated within the dotted box in Figure 4), then preserving the
trained model as M1 and its validation loss as L1. The performance of a machine-learning model, MLP or CNN,
can be affected by the adopted training strategy, including the selection of optimizers,48 the determination of
learning rates, and the selection of the stopping criteria. Here, a mini-batch learning strategy is adopted with
“Adam”49 as the optimizer, which can be directly implemented using Pytorch. The learning rate is designed to
decrease by a reduction factor RL when the validation loss is not reduced in PL epochs. In order to avoid under-
fitting and over-fitting, an early stopping strategy is used to determine a training termination, where the train-
ing algorithm is terminated when the validation loss is not reduced in PES epochs. Values of the relevant
parameters adopted in this paper are presented in Table 1.

Step 3. Pruning the trained model by reducing its amount of weight. The weights are first ranked by their absolute
values, which reflect the contribution of one neuron to another or the importance of the connection between
two neurons, then the minimum 1-γ of the weights are manually set to zero. In this paper, the parameter γ is
set as 80% (Table 1).

Step 4. Repeat step 2 to fine-tune the model parameters after pruning, then preserve the pruned model as M2 and its
validation loss as L2.

Step 5. Repeat step 2 through step 4 until L2 is larger than μL1, and output M1 as the ultimate model when the loop ter-
minates. Otherwise, replace L1 and M1 with L2 and M2, respectively, then jump to step 2 to continue the loop.
The parameter μ is set as 1.001 in this paper (Table 1).

The proposed iterative pruning method reduces the number of model weights by iteratively removing redundant con-
nections between neurons, and the process of pruning and termination becomes automatic once the parameters pres-
ented in Table 1 are set.

2.4 | Decision-making process using one-class classification

After damage-sensitive features are extracted by statistical modeling, a real-time decision-making process is designed to
evaluate the condition of the monitored structure. The basic idea of real-time decision-making is to calculate a decision
boundary (or threshold) in advance using the innovation extracted from the healthy data, and then decide on the condi-
tion of the monitored structure by a timely comparison of the innovation extracted from unknown data with this pre-
determined boundary. For the single-sensor approach, the extracted innovation is a one-dimensional time series. But
for the multi-sensor approach, the extracted innovation is a high-dimensional time series, which means a decision
boundary should be determined in a high-dimensional space. One conventional alternative is to fit the innovation series
with a parameterized probability density function and declare a certain quantile as the boundary.29,50 However, a small
probability of occurrence does not necessarily indicate an anomaly when the probability density function is obtained by
using healthy data only, and a false alarm will be triggered in this case. Therefore, non-probability-based one-class clas-
sification methods such as support vector domain description (SVDD)51,52 and deep support vector domain description
(DSVDD)53 are introduced to calculate the decision boundary.

2.4.1 | SVDD

SVDD belongs to a class of one-class data classification method. It is used to obtain a description of a training set com-
posed of normal objects and to detect the new objects that resemble this training set.53 The soft-boundary one-class clas-
sification can be described generally by an optimization problem in Equation (7), where the decision boundary is

TABLE 1 Parameters for model training with iterative pruning strategy

Training parameters RL PL PES Μ γ

Value 0.3 5 10 1.001 80%
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defined as the minimal hypersphere that contains the mapped innovations in a high-dimensional space, as illustrated
in Figure 5.

min
a,R,ξ

R2þC
X
i

ξi

s:t: K εið Þ�ak k2 ≤R2þ ξi, ξi ≥ 0, i¼ 1,2,3, � � �,
ð7Þ

where parameters a and R are the center coordinate and radius of the hypersphere, respectively; parameter ξi is a slack
variable for the i-th sample of innovation; hyper-parameter C controls the trade-off between the volume and the errors,
which avoids an over-estimated radius caused by unexpected anomaly data; and K (�) is a kernel function that maps the
low-dimensional input into a higher dimensional space, in which the mapped innovations can be clustered. Incorporat-
ing the constraint into the objective, Equation (7) can be transformed into a standard quadratic programming problem
by using Lagrange multipliers,52 as described in Equation (8).

min
α

X
i, j

αiαj⟨K εið Þ,K εj
� �

⟩�
X
i

αi⟨K εið Þ,K εið Þ⟩

s:t: 0≤ αi ≤C,
X
i

αi ¼ 1,
ð8Þ

where αi is the Lagrange multiplier for the i-th sample of innovation, which is the only parameter to be optimized in
this problem and <�,� > represents the dot multiplication of the two contained elements. After the optimal value of α is
solved, the center coordinate a and radius R of the hypersphere can be obtained using Equation (9). Those data points
with Lagrange multipliers in the range of (0, C) are defined as the support vectors.

a¼
X
i

αiK εið Þ

R¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
⟨K εsvð Þ,K εsvð Þ⟩�2

X
i

αi⟨K εsvð Þ,K εið Þ⟩þ
X
i, j

αiαj⟨K εið Þ,K εj
� �

⟩
s

,
ð9Þ

where εsv is one of the support vectors. Then a decision can be timely made on the unknown sample εun according to
the criteria described in Equations (10) and (11).

condition¼ healthy, if Run ≤R

unhealthy, if Run >R

�
, ð10Þ

where Run is the distance of an unknown sample innovation to the center of the hypersphere in the high-dimensional
space, which can be calculated by

FIGURE 5 Illustration of the support vector domain description and deep support vector domain description.
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Run ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
⟨K εunð Þ,K εunð Þ⟩�2

X
i

αi⟨K εunð Þ,K εið Þ⟩þ
X
i, j

αiαj⟨K εið Þ,K εj
� �

⟩
s

: ð11Þ

Although the aforementioned decision-making strategy establish based on SVDD is effective in dealing with small-scale
data,28 poor computational efficiency occurs when the data scale gets larger because of the computational cost associ-
ated with the construction and manipulation of the kernel matrices.53

2.4.2 | DSVDD

Developed from the SVDD, the DSVDD is also a type of one-class data classification method, but kernel matrix con-
struction and manipulation are no longer needed. Because the kernel function used in Equation (7) is actually
employed as a mapping from a low-dimensional space to a high-dimensional space, a forward neural network is
adopted in DSVDD to learn this mapping relationship adaptively from the training data (see Figure 5). Therefore, the
objective of DSVDD with a soft-boundary can be defined as

min
R,ω

R2þ 1
νns

Xns
i¼1

max 0, Φ εijωð Þ�ak k2�R2
	 
þ λ

2

X
i

ωik k2F , ð12Þ

where ν � (0,1) is a hyper-parameter that controls the trade-off between the volume of the hypersphere and the viola-
tions of the boundary; ns is the total number of training samples; Φ(�jω) is the mapping calculated by a neural network
with unknown parameter ω; λ > 0 is a weight decay regularizer on the network parameters; and jj�jjF represents the
Frobenius norm. A mapping relationship can be found by solving the optimization problem in Equation (12), such that
the data are closely clustered into a hypersphere in the mapped space and also allowing for a few potential unexpected
outliers.

Considering Equation (12) as the loss function of a neural network, the parameters ω can be solved by stochastic
gradient descent (SGD) given a fixed R. Thereby, a fixed value of R is initiated for a few early training epochs to train
the parameters ω, and then after warming up, the R is updated with ω after each epoch. A detailed description of the
parameter optimization of DSVDD can be found in a study by Ruff et al.53 After the DSVDD is trained with data
obtained from a healthy structure, a decision can then be timely made on the unknown sample εun according to the
criteria described in Equations (10) and (13).

Rum ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Φ εunjωð Þ�ak k2

q
ð13Þ

2.5 | Under-fitting and over-fitting

The under-fitting and over-fitting are two of the most common problems encountered when training neural networks.
At the statistical modeling stage, an under-fitted prediction model may not perform well on both the training data and
testing data, whereas an over-fitted prediction model may perform well on training data but perform poorly on testing
data. These two types of problems will lead to erroneous decisions on the condition of structures during the decision-
making stage.

As illustrated in Figure 6a, for the decision-making with a perfectly fitted model, the decision boundary is generated
by the distance of training innovations to the center of the hypersphere, such that the distance of the innovations calcu-
lated from abnormal testing data are outside the decision boundary, whereas the distance of the innovations calculated
from normal testing data are within the decision boundary, which allows the SHM system to make an accurate decision
on the condition of the monitored structure. However, an under-fitted model cannot fit the data well enough. As illus-
trated in Figure 6b, the training innovations of the under-fitted model are relatively high compared with the testing
innovations, and the difference between the testing innovations of normal data and abnormal data cannot be
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distinguished by an exaggerated decision boundary. On the other hand, although an over-fitted model may perform
well on the training data, it can issue false positives on the testing data. This means that false indications of damage will
be declared by the SHM system when none is present, as illustrated in Figure 6c. It is worth pointing out that the deci-
sion mistakes caused by the under-fitted model and over-fitted model in the proposed framework exactly coincide with
the two typical categories4 of false indications for damage detection in SHM systems.

Because a large amount of data can be collected and used by the SHM system, the main cause of under-fitting in this
framework is the inappropriate selection of the model complexity for the neural networks used for statistical modeling.
When the construction of neural networks is too simple (i.e., a small number of input features and parameters), the pat-
tern contained in the training data cannot be fully learned, which is the reason why an under-fitted model always gen-
erates large innovations for both training data and testing data. Therefore, the under-fitting can be avoided by
reasonably increasing the model complexity. On the other hand, the over-fitting is usually related to a high level of
noise contained in the training data. Specifically, the over-fitted model extracts meaningless information from the noise
and fails to recognize the untrained healthy data. Hence, as described in Section 2.3, an early stopping strategy is
adopted in this research to prevent over-fitting, where the training process is designed to be terminated when the vali-
dation loss can no longer be reduced in certain epochs, and the model parameters that can produce a minimum valida-
tion loss are adopted as the optimal solution. Also, an iterative pruning strategy is adopted to prevent over-fitting by
adaptively seeking a model with the optimal model structure during training.

3 | VERIFICATION USING THE BENCHMARK DATASET

3.1 | Data simulated by the phase I IASC–ASCE benchmark

3.1.1 | Definition of damage patterns

The phase I IASC–ASCE benchmark54 is a simulated SHM dataset developed by International Association for Struc-
tural Control and American Society of Civil Engineering, which provides a common platform for researchers worldwide
to investigate the performance of damage detection and damage classification algorithms. The analytical structure mon-
itored in this benchmark is a four-story, two-bay by two-bay quarter-scale steel frame, as illustrated in Figure 7a. The
beams and columns are modeled as Euler–Bernoulli beams, whereas the slabs are considered as rigid diaphragms.
Because the mass on each floor is condensed into the central nodes, a 12-degree-of-freedom analytical model is thereby
obtained.

As shown in Figure 7, IASC and ASCE predefined six damage patterns for this benchmark, simulated by reducing
the stiffness of certain numbers of braces and weakening beam–column connections. The damage patterns are specifi-
cally defined as follows: (i) in damage pattern 1 (DP1), the stiffness of all braces of the first story is reduced by 100%,
whereas the broken braces still contribute to the mass; (ii) in damage pattern 2 (DP2), the stiffness of all braces of the
first and third stories is reduced by 100%; (iii) in damage pattern 3 (DP3), the stiffness of one brace on one side of the
first story is reduced by 100%; (iv) in damage pattern 4 (DP4), the stiffness of one brace in the first story and one brace

FIGURE 6 Decision-making mistakes caused by the three types of fitting conditions. (a) Decision-making with a perfectly fitted model,

(b) decision-making with an under-fitted model, and (c) decision-making with an over-fitted model.
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in the third story is reduced by 100%; (v) in damage pattern 5 (DP5), the stiffness of one brace in the first story and one
brace in the third story is reduced by 100%, and one beam–column connection between the first and second story is
modified to only transmit forces without moments; (vi) in damage pattern 6 (DP6), the stiffness of one brace in the first
story is reduced by 1/3. The percentage loss in horizontal story stiffness caused by each damage pattern is calculated
and presented in Table 2. To evaluate algorithm performance under different levels of damage, the six damage patterns
are thus categorized into three severity levels, namely, severe, moderate, and minor.

3.1.2 | Sensor layouts and data generation

In this study, the acceleration response of certain nodes is assumed to be recorded by sensors when the analytical model
is excited by an independent Gaussian white noise in the x- and y-direction simultaneously. The locations for 16 chan-
nels of acceleration sensors are provided in Figure 8. Several levels of sensor noise are also introduced to simulate real
conditions and evaluate the robustness of the proposed method. In the low noise level cases, acceleration data with
noise levels of 2%, 4%, 6%, and 8% are generated. For the monitoring of structures excited by environmental excitations
with very low amplitudes, such as low-rise buildings, the corresponding amplitude of the dynamic response can also be
low. This may lead to very low SNRs. To cover a wide range of SNRs, noise levels of 10%, 20%, 30% 40%, and 50% are
considered in this study. Different levels of noise are added to the training data by the rule defined in Equation (14).

yi tð Þ¼ ηε tð Þmax
i � I

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiZ t2

t1

xi2 tð Þdt
t2� t1

vuuut
8>>><>>>:

9>>>=>>>;þ xi tð Þ, ð14Þ

where yi(t) and xi(t) (i�I) are the i-th channel data with and without noise, respectively; I is a vector of all available
channels; η is the noise level; ε(t) is a set of normally distributed random numbers with a unit root mean square (RMS);
and t1 and t2 are the start time and end time of the selected data fragment.

The acceleration data simulated from benchmark structures are split into three fragments for training, validation,
and testing, respectively. The training and validation sets are both composed of healthy data fragments with a total
duration of 3 h generated under each noise level, whereas the testing set is composed of both healthy and unhealthy

FIGURE 7 (a) The benchmark structure (four-story steel-frame), (b) damage pattern 1, (c) damage pattern 2 (d) damage pattern

3 (e) damage pattern 4, (f) damage pattern 5, and (g) damage pattern 6 (reproduced from a study by Johnson et al.54).
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data fragments with a total duration of 1 h generated for each damage and noise levels. All of the datasets are sampled
with a frequency of 20 Hz.

3.2 | Model construction for the single-sensor approach

The initial architecture of the MPL before pruning used in statistical modeling for single-sensor approach is presented
in Figure 9. As illustrated, a moving window with a length of (LS + 1) samples is implemented on the acceleration data
obtained from channel #13 to generate input–output samples for model training and testing. The acceleration data
within a window is segmented into two parts, where the first sample is taken as the output and the rest Ls samples are
taken as the input. Then, the input data are passed through two FCLs with, respectively, 64 embedded neurons to calcu-
late the output.

Replacing the statistical model in Equation (4) with the MLP described in Figure 9, the innovation can thereby be
calculated by

εk ¼ y13,k�FCL 1,Linearð Þ FCL 64,LReLUð Þ FCL 64,LReLUð Þ YSð Þ
� �� �

, ð15Þ

where

TABLE 2 Percentage loss in horizontal story stiffness caused by damages (reproduced from a study by Stavridis56)

Story Direction

Severe Moderate Minor

DP1 DP2 DP3 DP4 DP5 DP6

First story X 45.24% 45.24% 0 0 0 0

Y 71.03% 71.03% 17.76% 17.76% 17.76% 5.92%

Rotation 64.96% 64.96% 9.87% 9.87% 9.87% 2.88%

Second story X 0 0 0 0 0 0

Y 0 0 0 0 0 0

Rotation 0 0 0 0 0 0

Third story X 0 45.24% 11.31% 11.31% 11.31% 0

Y 0 71.03% 0 0 0 0

Rotation 0 64.96% 9.16% 9.16% 9.16% 0

Fourth story X 0 0 0 0 0 0

Y 0 0 0 0 0 0

Rotation 0 0 0 0 0 0

Abbreviations: DP1, damage pattern 1; DP2, damage pattern 2; DP3, damage pattern 3; DP4, damage pattern 4; DP5, damage pattern 5; DP6, damage pattern 6.

FIGURE 8 Sensor layout at each story. (a) Plan view at 0.9 m high, (b) plan view at 1.8 m high, (c) plan view at 2.7 m high, and (d) plan

view at 3.6 m high.
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YS ¼ y13,k�1 y13,k�2 y13,k�2 � � � y13,k�LSþ1 y13,k�LS

� �
, ð16Þ

where y13,k is the dynamic response of channel #13 at instant k; FCL (1,Linear)(�) represents the FCL with 1 neuron and
linear activation function, similarly for FCL (64,LReLU)(�) with 64 neurons and activation function leaky rectified linear
unit (LReLU)55; and Ys is the input for the single-sensory statistical modeling, which is described in Equation (16). As
will be explained in Section 3.5, in order to investigate the influence of the different choices of window lengths, numeri-
cal simulations are performed with LS set as 5, 10, 15, 20, 25, 30, 35, and 40, respectively. During the real-life application
of the proposed method, the window length can be selected slightly larger than the order of auto-regression estimated
from the data.

3.3 | Model construction for the multi-sensor approach

To process the multi-channel input data, CNN is employed for statistical modeling in a multi-sensor approach and used
for the verification of benchmark simulations. The amplitude of dynamic response at different locations varies, which
leads to different SNRs. In the benchmark case considered here, the amplitude of the dynamic response of the lower
stories is lower than those of the higher stories. At the same time, the noise is introduced with RMS relative to the larg-
est RMS of the acceleration response (i.e., typical roof accelerations), which can be seen in Equation (14). Therefore,
the information collected by sensors located at lower stories is more contaminated by noise than those located at higher
stories. On the other hand, because channels #13 and #14 are located at the roof, their SNRs are higher compared with
the sensors located at lower stories.

As illustrated in Figure 10, all the 16 channels of acceleration data within a moving time window with a length of
(LM + 1) data points are first converted into a 16 � (LM + 1) matrix, and then an LM � 4 � 4 tensor is extracted from
this matrix to be fed into the input layer. Because the data of channels #13 and #14 are used for calculating the innova-
tions, the data of these two channels at the current instant are excluded in the input. After the input layer, a CL is con-
nected to extract features from the input data. Then the data from the CL are flattened in major column and passed
through two FCLs in sequence to obtain the output. The activation function LReLU is also used for the hidden layers in
this CNN. The weights in the kernels and between the FCLs are pruned during training using the method described in
Section 2.3, so that the redundant network connections introduced by an oversized window can be removed. Unlike
commonly used 1D-CNN, this approach takes the data from all sensors at one instant as a snapshot, which is varying
through time. In this case, the window length determines the amount of information the algorithm can consider from
the past, and by pruning kernels, the irrelevant data from low-ranked time instants can be removed. If using the con-
ventional treatment where convolution is conducted along the time axis, pruning kernels cannot remove the data from
low-ranked time instants but just change the filter.

Using the CNN described above and replacing the statistical model in Equation (6), the innovation at instant k can
then be calculated by Equation (17)

εk ¼
y13,k
y14,k

� �
�FCL 2,Linearð Þ FCL 128,ReLUð Þ FCL 128,ReLUð Þ FL CL 6,2�2,ReLUð Þ YMð Þ

� �� �� �� �
, ð17Þ

where the y13,k, and y14,k are the acceleration responses of channels #13 and #14 at instant k; FCL (2,Linear)(�) repre-
sents the FCL with 2 neurons and a linear activation function, similarly for FCL (64,LReLU)(�); FL(�) denotes the flatten

FIGURE 9 The data format and the statistical model construction for the single-sensor approach.
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layer; CL (6,2 � 2,LReLU)(�) represents the CL with kernel depth 6, kernel size 2 � 2, and with an LReLU activation func-
tion; and YM is the input for multi-sensory statistical modeling as described specifically in Equation (18).

YM ¼

y1,k y1,k�1 y1,k�2 � � � y1,k�LMþ2 y1,k�LMþ1

y2,k y2,k�1 y2,k�2 � � � y2,k�LMþ2 y2,k�LMþ1

y3,k y3,k�1 y3,k�2 � � � y3,k�LMþ2 y3,k�LMþ1

..

. ..
. ..

. . .
. ..

. ..
.

y13,k�1 y13,k�2 y13,k�3 � � � y13,k�LMþ1 y13,k�LM

y14,k�1 y14,k�2 y14,k�3 … y14,k�LMþ1 y14,k�LM

y15,k y15,k�1 y15,k�2 … y15,k�LMþ2 y15,k�LMþ1

y16,k y16,k�1 y16,k�2 … y16,k�LMþ2 y16,k�LMþ1

0BBBBBBBBBBBBBBB@

1CCCCCCCCCCCCCCCA
ð18Þ

3.4 | Construction of neural networks for DSVDD

As described in Section 2.3.2, a neural network is used to replace the kernel projection in DSVDD. The input of this
neural network is the innovation extracted from statistical modeling, and the output is a high-dimensional mathemati-
cal quantity with no physical meaning. In order to project low-dimensional features into a high-dimensional space, the
input dimension is designed to be smaller than of the output dimension. The input dimension for the single-sensor
approach and multi-sensor approach are 1 and 2, respectively, whereas the output dimensional is 8 for both approaches.
The hidden layers are composed of two FCLs with 32 neurons and LReLU as the activation function.

3.5 | Sensitivity analysis to investigate the choice of the window length

The window length is one of the most important hyper-parameters in the proposed algorithm. It determines how much
information the statistical model can extract from the monitoring data at a single step. When the window length is
much smaller than the optimal value, the algorithm will have less capability to distinguish the difference between the
damaged and undamaged states. On the other hand, if the window length is much larger than the optimal value, too
much noise will be introduced to the statistical model and the resulting algorithm will lose accuracy. In addition, with
the implementation of iterative pruning, it is also worth investigating if the optimal value of window length can be
automatically found by the algorithm itself. Therefore, in this section, the proposed method is evaluated with different
choices for the window length, which range from 5 to 40 data points with a step of 5.

3.5.1 | Evaluation criteria

To compare the performance of the single-sensor and the multi-sensor approaches, two types of evaluation criteria are
proposed. The first criterion is mean alarm density (MAD) defined by Equation (19), which is used to evaluate the

FIGURE 10 The data format and the statistical model construction for the multi-sensor approach.
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mistakes made by not triggering the alarm when anomalies actually exist in the testing data. A higher value of MAD
indicates a better performance of the algorithm.

MAD¼
PNs

i¼1
H Rd

i �R
� �
Ns

, ð19Þ

where Ns is the number of samples in the investigated testing fragment; H(�) is the Heaviside function; and Rd i is the
distance between the i-th innovation calculated from a damaged testing sample and the center of the hypersphere in
the high-dimensional feature space. When using DSVDD as the decision-making strategy, R is the optimal radius of the
hypersphere or the decision boundary.

The second criterion used in this section is mean false alarm density (MFAD) defined by Equation (20). This is used
to evaluate the mistakes made by triggering alarms when no anomalies are actually existed in the testing data. A higher
value of MFAD indicates a worse performance of the algorithm.

MFAD¼
PNs

i¼1
H Ru

i �R
� �
Ns

, ð20Þ

where Ru i is the distance between the i-th innovation calculated from an undamaged testing sample and the center of
the hypersphere in the high-dimensional feature space.

3.5.2 | Discussion on the results of MAD

For the single-sensor approach, the window length LS is set as 5, 10, 15, 20, 25, 30, 35, and 40, and the simulations are
separately conducted 10 times for each case, to eliminate random errors in the results. The mean values of MAD are
calculated for each testing dataset under different noise levels and damage levels, as presented in Figure 11.

It can be observed that the MAD increases with the level of damage regardless of the variation in noise levels. Also,
the categories for minor, moderate, and severe damage levels can be clearly distinguished in the figure, indicating the
first type of criterion can also be considered as an indication of damage level. For the same damage type and noise level,
a larger MAD often means a higher damage level, but it is also worth pointing out that because the level of damage is a
relative quantity, an exact percentage of damage level is impossible to determine when the 100% damage level remains
unknown. Thus, what can be achieved with MAD is to determine the severity of the current event compared with the
MAD of historical events. Finally, with the increase of noise level, the MAD has a trend of decreasing, indicating a per-
formance degradation due to the noise.

For the multi-sensor approach as presented in Figure 12, the calculated MAD values are inversely proportional to
the noise level for the same damage pattern, but for the same noise level, no significant trend can be observed with the
increase in damage level when the noise levels are below 4%. However, the multi-sensory damage features are sensitive
to noise, and the trend of MAD becomes similar to that of the single-sensor approach when the noise levels are higher
than 6%. This is mainly because the proposed method detects damage by identifying changes in the structural
responses. When there is no damage, the algorithm learns from data that no rotational vibration response should exist.
But when asymmetric damage happens, a new rotational mode of vibration may appear in the data introducing new
correlations between data channels on a new dimension. This sudden change in the structural behavior results in high
values of MAD even when the damage level is low, which reduces the performance of the proposed algorithm in identi-
fying the damage level. The amplitude of the rotational response is smaller in comparison to the transverse response.
Therefore, at high noise levels, the new correlations between data channels are disturbed by the noise, and they can no
longer be detected by the algorithm. In this case, the performance of the proposed algorithm in identifying the damage
levels seems to increase for higher noise. The exaggerated MAD values make the algorithm more sensitive to minor
damages, which is beneficial for detecting the existence of damage. As for the real-life applications for symmetric struc-
tures, this phenomenon should be taken into consideration, and the decisions need to be made with the results
obtained from both single- and multi-sensor approaches.
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By comparing the single- and multi-sensor approaches, it can be concluded that (1) although introducing more
data channels can reasonably improve the performance of the damage detection algorithm, an increased risk of per-
formance reduction by introducing data with low SNRs should also be taken into consideration. (2) The damage
level identification in three-dimensional conditions is more complicated than that in two-dimensional conditions,
and the classification of damage patterns may be necessary before identifying damage levels for symmetric
structures.

FIGURE 11 Trend of mean alarm density (MAD) calculated by the single-sensor approach with different window lengths, noise levels,

and damage patterns. (a) Window length = 5, (b) window length = 10, (c) window length = 15, (d) window length = 20, (e) window

length = 25, (f) window length = 30, (g) window length = 35, and (h) window length = 40.

FIGURE 12 Trend of mean alarm density (MAD) calculated by the multi-sensor approach under different window lengths, noise levels,

and damage patterns. (a) Window length = 5, (b) window length = 10, (c) window length = 15, (d) window length = 20, (e) window

length = 25, (f) window length = 30, (g) window length = 35, and (h) window length = 40.
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3.5.3 | Discussion on the results of MFAD

Although MAD is used to detect the existence and the level of the damage, MFAD is used to evaluate the reliability of
issued real-time alarm. As described in Equation (20), the MFAD is proportional to the mean probability of generating
a false alarm on healthy samples per unit time. When the value of MFAD is lower than the value of MAD, the existence
and level of damage can be accurately identified. But when the value of MFAD is larger than the value of MAD, it
becomes difficult to distinguish between false alarms and true alarms. This means that the algorithm failed to differenti-
ate normal data from abnormal data. Therefore, the ratio of MFAD to MAD is used to investigate the probability of false
alarms. A lower value of MFAD/MAD indicates a lower probability of false alarms, and a value of MFAD/MAD larger
than 1 means that the damage cannot be accurately detected.

The trends of MFAD/MAD calculated by single- and multi-sensor approaches in terms of different noise levels, win-
dow lengths, and damage patterns are presented in Figures 13 and 14. These figures show that the value of MFAD/
MAD is increasing with an increasing noise level and a decreasing damage level. This indicates a higher probability of
false alarms when the data have a higher noise level, and the structure has a lower damage level. All the values of
MFAD/MAD calculated for the single-sensor approach are lower than 1. Most of the MFAD/MAD values calculated for
the multi-sensor approach are also lower than 1, except for the three cases where the damage levels are extremely low
and the noise levels are high. The investigation of MFAD/MAD reveals that the proposed damage identification method
has an extremely low probability of generating false alarms.

3.5.4 | Discussion on the optimal selection of the window length

The window length is an important parameter for statistical modeling. Although an undersized window length does
not include many data points for feature extraction, an oversized window length can however introduce redundant
information and noise. To tackle the problem of determining a proper window length, the training strategy with itera-
tive pruning described in Section 2.3 is employed in this study. It can be seen in Figures 11 and 12 that the influence of
window length on the MAD values is not significant using this training strategy. In this section, a more in-depth inves-
tigation will be presented on the iterative pruning method by visualizing the weights of the neural networks.

For the single-sensor approach, the visualized weights of the first hidden layer are shown in Figure 15 when the
window length is 40. The black squares represent the weights being pruned, and the values of the remaining weights
are characterized by color. It can be observed that the larger weights are gathered at the most recent instants, indicating
the data at these instants are of more importance for feature extraction. For those cases, when noise levels are 6% and

FIGURE 13 Trend of mean false alarm density/mean alarm density (MFAD/MAD) calculated by single-sensor approach. (a) Window

length = 5, (b) window length = 10, (c) window length = 15, (d) window length = 20, (e) window length = 25, (f) window length = 30, (g)

window length = 35, and (h) window length = 40.
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40%, the iterations are terminated early, and the percentage of pruned weights (PPWs) is lower than expected. As a
result, the PPWs does not exhibit a consistent decreasing then increasing trend. There are two main reasons for this
irregular behavior. First, one is the random nature of training neural networks using stochastic gradient descent, where

FIGURE 14 Trend of mean false alarm density/mean alarm density (MFAD/MAD) calculated by multi-sensor approach. (a) Window

length = 5, (b) window length = 10, (c) window length = 15, (d) window length = 20, (e) window length = 25, (f) window length = 30, (g)

window length = 35, and (h) window length = 40.

FIGURE 15 Visualization of weights between the input layer and the first hidden layer considering different noise levels for the single-

sensor approach with a window length of 40. (a) Noise level 0%, (b) noise level 2%, (c) noise level 4%, (d) noise level 6%, (e) noise level 8%, (f)

noise level 10%, (g) noise level 20%, (h) noise level 30%, (i) noise level 40%, and (j) noise level 50%.
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the loss function may get stuck at a local minimum. Second, a restricted value of μ is used to obtain a better perfor-
mance of pruned neural networks. This also increases the chance of early termination of the iteration loop caused by
the first reason described above.

It is also observed that the percentage of weights being pruned is related to the noise level. Figure 16 shows the
PPWs for each noise level and window length. At the low noise ranges (below 10%), the PPW has a trend of decreasing
with the increasing noise level, indicating that the MLP is using more data to overcome the lack of information caused
by the noise. However, this phenomenon is less obvious when the window length is small because few data points are
being used. Although the noise levels are larger than 10%, the PPW, however, has an increasing trend with increasing
noise levels. This indicates that the noise level is so high that the missing information cannot be restored by introducing
more data, and this phenomenon is more pronounced when the window length is small.

For the multi-sensor approach, the optimal window length can be found by iteratively removing the low-ranked
kernel elements in the first CL. When window length equals 20, the six kernels in the first CL are 2 � 2 � 20 tensors,
and the mean absolute values of these six kernels are calculated and presented in Figure 17. It is shown that an element
of higher sequence in the kernel (closer to the current instant) corresponds to a higher mean absolute value, indicating
that the algorithm is optimally assigning higher importance to the samples in an oversized window. When the noise
level increases, the mean absolute values of the element of lower sequence in the kernel are increasing and make the
curves smoother, indicating more samples are used by the algorithm to cope with the information loss caused by the
noise, which is similar to the single-sensor approach.

3.5.5 | Discussion on the effectiveness of iterative pruning

The iterative training strategy is adopted in this research to tune the parameters of neural networks and remove the
redundant connections in the mean time. One typical trend of training loss per epoch and per iteration when window
length equals 40 is presented in Figure 18, where the algorithm is tuning the model parameters to minimize the valida-
tion loss until it stops dropping down for a few epochs (controlled by the parameter PL) for each iteration. For the first
epoch in each iteration, a jump of validation loss can be observed because of the removal of the connections. For the
last epoch in each iteration, the validation losses are decreasing except for the last iteration, and the algorithm will take
the results from iteration 10 as the optimal solution according to the flowchart presented in Figure 4. Hence, the predic-
tion accuracy is improved compared with the unpruned iteration 1.

FIGURE 16 Percentage of pruned weights for the single-sensor approach.
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The iterative pruning strategy is therefore effective in two aspects: (1) improving the prediction accuracy by reduc-
ing the loss between iterations and (2) reducing the computational effort by reducing the number of model parameters.

3.5.6 | Discussion on the execution time

Another important aspect of the real-time detection algorithm is the execution time. Because the decision maker is
making decisions while new data are being collected by the sensors at the same time, the execution time of the decision
maker between the two steps must be smaller than the sampling interval to ensure real-time processing. Otherwise, the
decisions generated by the algorithm may introduce delays and may be left even days behind when small delays
aggregates. Therefore, the sampling frequency should be carefully selected based on the algorithm's execution time.
The sampling frequency should meet the requirement described in Equation (21)

f sTs ≤ 1, ð21Þ

FIGURE 17 Mean absolute values of kernel elements in the first convolutional layer when window length equals 20. (a) Noise level 0%,

(b) noise level 2%, (c) noise level 4%, (d) noise level 6%, (e) noise level 8%, (f) noise level 10%, (g) noise level 20%, (h) noise level 30%,

(i) noise level 40%, and (j) noise level 50%.

FIGURE 18 The trend of training loss per epoch and per iteration when window length equals 40.
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where fs is the sampling frequency of the algorithm, and Ts is the mean execution time of one single step. Using a per-
sonal computer equipped with AMD Ryzen 2700 processor and 32 GB RAM, the mean values of fsTs are calculated for
single- and multi-sensor approaches, respectively (Table 3). It can be observed that these values are much less than
1, indicating the algorithm can meet the real-time execution requirements.

4 | VERIFICATION BY USING THE EXPERIMENTAL DATASET

To further verify the proposed method with real-life damage conditions, experimental dataset from a three-story
reinforced concrete frame is used to train and test the unsupervised damage detection algorithm. The experimental
dataset is obtained from shake table tests conducted by the University of California, San Diego. The test frame was sub-
jected to seismic ground motions of increasing intensity, and white-noise tests were conducted between the ground
motion tests. More details on these experiments can be found in the dissertation of Stavirdis,56 and the data can be
downloaded on Natural Hazards Engineering Research Infrastructure (NHERI).57

The values of MAD and MFAD/MAD calculated after the test frame was excited by Gilroy ground motion scaled by
40%, 67%, 100%, and 120%, respectively, are presented in Table 4. It is shown that the MAD is increasing as the damage
level raises with ground motion magnitude, except for Gilroy 120% where MAD value slightly decreases. Although this
has no influence on the decision of damage existence, further investigations are still needed to deal with the imperfec-
tions of real-world data. The values of MFAD/MAD ratio remain much lower than 1 for all cases, indicating a good per-
formance for distinguishing false alarms. The code for this experimental verification results is also accessible in the
previous study.58

5 | SUMMARY, CONCLUSIONS, AND FUTURE WORK

In this study, a novel unsupervised real-time damage detection method for structural health monitoring (SHM) is pres-
ented, which can effectively detect the damage occurrence and identify the damage level. The key contributions of the
proposed method are summarized as follows:

1. A real-time damage-sensitive feature extraction method for single- and multi-channel SHM data by using neural net-
works with an iterative pruning strategy is presented. The iterative pruning strategy can prevent over-fitting by
removing redundant connections between neurons caused by an oversized window. Compared with conventional
method using matrix manipulations, the proposed method has lower computational complexity and can be used to
generate damage-sensitive features in real time from a massive amount of data.

2. The DSVDD is first implemented in threshold generation for large-scale high-dimensional features extracted from
monitoring data. Different from many supervised methods, DSVDD allows generating thresholds using healthy data
only, which is rather important for the SHM of civil engineering applications.

TABLE 3 The mean values of fsTs calculated for single- and multi-sensor approaches (�10�5)

Window length (samples) 5 10 15 20 25 30 35 40

Single-sensor 5.076 5.052 5.075 5.115 5.088 5.017 5.120 5.080

Multi-sensor 5.188 5.144 5.157 5.138 5.230 5.221 5.211 5.253

TABLE 4 Calculated MAD and MFAD/MAD for experimental dataset

Conditions After Gilroy 40% After Gilroy 67% After Gilroy 100% After Gilroy 120%

MAD 68.874 103.248 234.076 229.357

MFAD/MAD 0.0059 0.0039 0.0017 0.0018

Abbreviations: MAD, mean alarm density; MFAD, mean false alarm density.
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3. An index named MAD is defined to measure the level of damages. By comparing the current value of MAD with his-
torical values, a relative quantity of damage severity can be observed. Another index named MFAD is defined to
measure the probability of generating false alarms by the proposed damage detection algorithm.

4. To investigate the capability of generating decisions faster than the sampling rate, the product of sampling frequency
and mean execution time of one single step is calculated and compared with one to assess the capability of real-time
execution of the proposed damage detection algorithm.

5. The effectiveness of the proposed method is verified using both benchmark simulation and experimental dataset.

With the dataset generated from the IASC–ASCE benchmark, the performance and effectiveness of the proposed
method are carefully investigated. In order to prevent accidental results, conclusions are obtained by the analysis of
10 separate rounds of training and testing.

Main conclusions drawn are as follows:

1. The values of MAD for the single-sensor approach are found to be proportional to the damage level and inversely
proportional to the noise level, indicating the algorithm's capability of identifying damage levels. The MAD values
obtained from the multi-sensor approach under noise levels lower than 4% are significantly higher than those
obtained from the single-sensor approach, indicating a higher performance for detecting minor asymmetric damages
but a lower performance for identifying the damage patterns. With increasing noise levels, the trends of MAD
obtained from these two approaches become similar, revealing that the multi-channel damage features are more vul-
nerable to the level of noise.

2. The values of MFAD are found to be lower than the value of MAD calculated for both the single- and multi-sensor
approaches, indicating that true alarms can be accurately distinguished from false alarms. When the noise level is
high and the damage level is low, the value of MFAD becomes closer to and even exceeds the value of MAD, indicat-
ing that the data are highly distorted and lightly damaged.

3. The visualization of the weights of the neural networks for the single- and multi-sensor approaches shows that the
redundant weights can be effectively removed during training to prevent potential over-fitting from an oversized
window and model structure. When the noise level is low, the algorithm removes more weights because it is easier
to find the most important weights than the case when the noise level is high, which indicates that the algorithm
can find the optimal statistical model structure and window length under different levels of noise.

4. The speed of generating the decisions by the algorithm is found to be much higher than the data sampling speed,
which ensures the real-time execution of the proposed damage detection algorithm.

Despite the effectiveness and advantages of the proposed method, the following needs to be further studied:

1. More detailed investigations will be conducted with experimental and real-life monitoring data.
2. As this method is established on the detection of changes in the dynamic response data, if the environmental and

operational variabilities are ergodic through time, then the changes introduced by these factors can be eliminated by
a proper window length, which means that the current method is supposed to work in this case. But when the envi-
ronmental and operational variabilities are non-ergodic or the time span is too long, the changes introduced by these
factors will trigger false alarms. In this case, these factors should be added to the input layer of neural networks, so
that correlations can be built between these factors and dynamic responses.

3. From the results of MAD obtained from the multi-channel data, it was observed that despite the high performance
for detecting asymmetric damage patterns, the introduction of channels with high noise-to-signal ratio caused the
performance to deteriorate. Therefore, further improvements can be made to the optimal selection of data channels
to adaptively remove the low-ranked channels during training. This is a topic of future research.
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