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Abstract. The deployment of advanced structural health monitoring (SHM) systems in large-scale civil structures collects
large amounts of data. Note that these data may contain multiple types of anomalies (e.g., missing, minor, outlier, etc.) caused by
harsh environment, sensor faults, transfer omission and other factors. These anomalies seriously affect the evaluation of
structural performance. Therefore, the effective analysis and mining of SHM data is an extremely important task. Inspired by the
deep learning paradigm, this study develops a novel generative adversarial network (GAN) and convolutional neural network
(CNN)-based data anomaly detection approach for SHM. The framework of the proposed approach includes three modules : (a)
A three-channel input is established based on fast Fourier transform (FFT) and Gramian angular field (GAF) method; (b) A
GANomaly is introduced and trained to extract features from normal samples alone for class-imbalanced problems; (c) Based on
the output of GANomaly, a CNN is employed to distinguish the types of anomalies. In addition, a dataset-oriented method (i.e.,
multistage sampling) is adopted to obtain the optimal sampling ratios between all different samples. The proposed approach is
tested with acceleration data from an SHM system of a long-span bridge. The results show that the proposed approach has a
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higher accuracy in detecting the multi-pattern anomalies of SHM data.
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1. Introduction

With the rapid development of advanced sensing
techniques, a substantial number of large-scale civil
infrastructures are equipped with sophisticated structural
health monitoring (SHM) systems (Gatti 2019, Heinlein et
al. 2019, Li and Ou 2016, Xu 2018), aiming to ensure the
safe and stability of the structure. After long-term
monitoring of structures, these SHM systems have collected
a large volume of data including wind, temperature,
displacement, strain, acceleration and so on. Such
information can be employed to evaluate the structural
performance, judge whether the structure is damaged, and
predict the future behavior of the structure. However, it is
noteworthy that massive data in SHM systems generally
present various types of anomalies caused by a series of
factors like environment interference, sensor faults and
system malfunctions (Huang et al. 2016, Park et al. 2017,
Yuen and Mu 2012). These anomalies have a great impact
on the structural performance assessment, because it is
difficult to distinguish whether these anomalies are caused
by structural damage or by incorrect data. Therefore, to
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overcome this problem, it is essential to identify and
remove anomalies from SHM data, which requires data
processing methods to have high recognition accuracy and
high calculation efficiency.

To date, many development traditional anomaly
detection methods have been utilized in the field of SHM
(Kerschen et al. 2005, Park et al. 2018, Yang and
Nagarajaiah 2014). For instance, Yi ef al. (2016) employed
a statistical process control approach, called as the
cumulative sum (CUSUM) chart, for detecting persistent
shifts in global positioning system (GPS) monitoring.
Hernandez-Garcia and Masr (2014) used three latent-
variable methods, i.e., principal component analysis (PCA),
independent component analysis (ICA), and modified
independent component analysis (MICA), for identifying
faulty sensors in a three-dimensional truss and an actual
cable-supported bridge measurement. Gul and Catbas
(2009) proposed a modified Mahalanobis distance-based
outlier detection method for detecting different types of
structural changes on different test structures. Rao et al.
(2014) put forward a combined method based on the PCA
and an adaptive differential evolution method to improve
the performance of sensor fault isolation, and numerical
investigations were carried out to verify the effectiveness of
the proposed method. Ding et al. (2016) proposed a latent
correlation-based anomaly detection approach that
effectively identifies potential anomalies from a large
number of correlative isomerous monitoring data. Note that
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the traditional anomaly detection approaches are inefficient.
Meanwhile, the uniqueness and the robustness of the
features extracted by the traditional approaches are not good
enough. The large variations of extracted features from
massive SHM data make the traditional data anomaly
detection approaches prone to be over-processed or under-
processed.

Nowadays, artificial intelligence (AI) techniques have
been increasingly applied for solving some typical problems
such as image recognition (He and Li 2019), audio
recognition (Kong et al. 2020), noise reduction (Isogawa et
al. 2018), data defect (Tian et al. 2020), et al. Compared
with the traditional methods mentioned above, Al-based
method is capable of detecting multiple anomaly data fast
and automatically with a higher accuracy. Therefore, it has
become a popular research topic in SHM. In particular, deep
learning artificial neural networks offer the advantage of
selecting useful features, which have been paid more
attention to in the field of SHM. For example, Xu et al.
(2019) developed a modified fusion convolutional neural
network (CNN) method for identifying fatigue cracks in
bridge girders, and proved that the identification errors of
the proposed method are smaller than those of the regular
CNN. Bao ef al. (2019) put forward a novel data anomaly
detection approach based on computer vision and deep
neural network. In this approach, the original time series
signals are first transformed into image vectors, and these
image vectors were then input into a deep neural network
for training and classifying data pieces. Experimental
verification was that the proposed approach can effectively
detect multi-pattern anomalies of SHM data and obtain a
moderate detection accuracy of 87.0%. Following this, Tang
et al. (2019) proposed a CNN-based data anomaly detection
approach that learned and fused multiple graphical features
based on time and frequency response information of SHM
data. Their study validated that the proposed CNN-based
approach can detect anomaly from SHM data with a mean
overall accuracy of 93.5%. Subsequently, Ni et al. (2020)
designed a one-dimensional CNN for extracting the
essential features of input signals and detect the anomaly of
SHM data. They demonstrated that the proposed approach
is more effective than the approach that converts time series
signals into deep learning-based image vectors. It is
noteworthy that imbalanced time series are common in
practical engineering, where the number of normal samples
is far larger than that of abnormal samples. CNN is difficult
to obtain high classification accuracies for class-imbalanced
problems, because it is based on a class-balanced
hypothesis (Yin and Gai 2015). The development of
generative adversarial network (GAN) offers a new
perspective for overcoming this problem (Jiang et al. 2019).
The basic principle of GAN is that it generates prototypical
samples via a generator with random samples that satisfy a
definite distribution (e.g., Gaussian distribution) (Jiang et
al. 2019). Some GAN-based networks, such as AnoGAN
(Thomas et al. 2017), BIGAN (Mutlu and Alpaydin 2020),
and GANomaly (Akcay et al. 2019), have been employed
in the field of image recognition. These approaches can
distinguish abnormal images based on the distribution
difference between the normal and abnormal, and are
suitable for processing imbalanced samples. However, in

the field of SHM, GAN-based approaches for anomaly
detection are rarely seen.

Inspired by the above research, this study developed a
new combined GANomaly and CNN based method for
detecting multi-pattern anomalies from a large amount of
SHM data. In particular, this article encoded time series into
two-dimensional image via Gramian Angular Field (GAF)
(Yang et al. 2020). In addition, it is remarkable that time-
domain features may not be sufficient to distinguish some
types of anomalies well, such as “Trend” and “Drift” (Tang
et al. 2019). Hence the frequency domain characteristics of
the original signal were introduced in this article. Finally,
the multi-pattern anomalies of SHM data from an actual
long-span bridge are detected based on the proposed
GANomaly-CNN model.

2. Proposed network structure

The purpose of this study is to detect multiple types of
anomalies in SHM data. In particular, class-imbalance is a
common problem in SHM data. To address this problem
and obtain accurate detection results, a novel data anomaly
detection method is developed. This method mainly
includes three modules (as presented in Fig. 1): (1) A three-
channel input including time response image, frequency
response image and GAF image is built; (2) A GANomaly
network is introduced to solve the class-imbalanced issue;
(3) Different types of anomalies are distinguished by a
designed CNN network. In the first module, to better
distinguish multiple anomaly types, extra frequency domain
features are introduced via using fast Fourier transform
(FFT) method. Meanwhile, the original time series are
encoded into two-dimensional vector images by using GAF
method. In addition, a two-stage of hybrid sampling
strategy called MUS1 and MUS?2 is adopted. In the second
module, only normal samples are considered in the training
stage. All different types of anomalies fall into one class.
Such a class of samples can be discriminated by higher
anomaly scores compared to normal samples in the testing
stage. In the third module, a training set consisting of
labeled samples is fed into a CNN network, and then
multiple types of anomalies can be detected via the trained
CNN.

2.1 Three-channel input establishment and
multistage sampling

In this study, abnormal samples include six types, i.e.,
missing, minor, outlier, square, trend and drift. Considering
that it may be difficult to distinguish multiple anomaly
types only by using time response information. A three-
channel input including time response image, frequency
response image and GAF image is established. Particularly,
GAF encodes time series into image by polar coordinates
based matrix and it can preserve absolute temporal
correlation (Barra et al. 2020). To construct the GAF image,
the original time series X = {x;, x,, -+, X,} needs to
be rescaled via the following equation

(x; — max(X)) + (x; — min(X))
max(X) — min(X)

X; =

(M
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Fig. 1 Framework of the proposed data anomaly detection
method

The rescaled series is represented by X =
{x,, X, -+, X,}. Then, angular cosine and the time stamp
are used to encode the rescaled data into polar coordinates,
and the equation is given by

0; = arccos(%;), % €X,

T = & with t; < N @
L N 4 L=
where t; is the time stamp and N is a constant factor to
regularize the span of the polar coordinate system.

Time series

GAF can generate two images by different equations,
ie., Gramian Angular Summation Field (GASF) and
Gramian Angular Difference Field (GADF), as follows

cos(6; + 6,) cos(6; + 6,)

GASF = cos(?2 +6,) o cos(.G2 +6,)
cos(én +6,) . cos(.Hn +6,) @)
=)’('.)’('_\/1_)‘(2'.\/1_)‘(2
sin(6; + 6;) sin(0; + 6,)
GADF = sin(qz +6,) o sin(?z +6,)
: . : )

sin(6,, + 6,) sin(6,, + 6,,)
=JI-X2 - XX -JI-X?

Fig. 2 shows the process for transforming a time series
to the GADF and GASF images using Egs. (3) and (4).
Note that the derived matrix via Eqs. (3) and (4) actually
represents a heat-map, whose values range from 0 (blue) to
1 (red). In this study, the grayscale images are used as input
to the network.

FFT method is employed to obtain frequency response
information. Then, the frequency response signal is
converted into grayscale image and input to the network.
Thus far, a three-channel input is derived.

In addition, to address class-imbalance issue in SHM
data, a multistage sampling method is introduced. In
anomaly detection, normal data usually plays a dominant
role in the whole dataset. The increasing ratio of examples
between majority and minority classes as well as the
number of minority classes had a negative effect on
performance of the resulting classifiers. Hybrid sampling
method can simply rebalance the datasets by taking constant
numbers of samples from different classes. Nevertheless,
the number of samples from different classes being equal
did not always correspond to the optimal results. Therefore,
a two-stage of hybrid sampling called MUS1 and MUS2, is
adopted to effectively relieve severe imbalance of training
samples and achieve the optimal sampling ratios.

In the MUSI stage, the sample proportions are equal
within minority classes and equal within majority classes by
hybrid sampling (Xia ef al. 2019). The fractions of majority
classes U, and minority classes pi, are defined by

Fig. 2 An example of encoding time series as image
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_Hi={1, 2, .-, N} (; is minority}|

Hmin =
N ©)
l{i ={1, 2, -+, N}: C; is majority}|
Hmaj = N

where N is the total number of classes, and C; is a set of
the examples in class i. The sample proportions of majority
classes pp, and minority classes pp;, are

¢) The last encoder G, has the same architecture as
G, but with different parametrization. G,
downscales X to obtain its feature representation 2
via z = G,(%).

d) The discriminator D is based on the standard
discriminator introduced in DCGAN (Radford et al.
2016). It is applied to distinguish whether input data
is real or fake.

,umaj

(pmaj =

Hmin (6)

Pmin =

After the first stage, the second stage is applied to obtain
the MUS2 dataset that has a smaller imbalance ratio. The
hybrid sampling process is repeated to make the sample
proportions in the multiple classes able to be interpolated
linearly. The difference between consecutive pairs of
classes is of constant order by the value of sample
proportion. The constant p was defined by the following
equation, and it was used in MUS?2 as listed

Pmaj — Pmin

= 7

N =1 (7

Eq. (6) is substituted into Eq. (7), the proportion

constant p can be obtained. The sample proportion p; of
class i inreverse order is given by

Pi = Pmin 3
2.2 GANomaly

For class-imbalance problem, the dataset-oriented
method (i.e., multistage sampling) is an available scheme.
Beyond this, GANomaly has also been proved to be an
effective method for processing class-imbalance problem
(Jiang et al. 2019). Therefore, it is introduced to detect
abnormal samples from normal samples involving
imbalanced dataset, which consists of a generator and a
discriminator. An encoder-decoder-encoder three-sub-
network is employed in the design of the generator. Two
encoders G, and G, learn to get the input representations
of original images X and regenerated images X
respectively. The decoder G, tries to reconstruct X at the
same time. The corresponding process of the generator is
the following:

a) With the use of convolutional layers followed by
batch-norm and leaky ReLU activation,
respectively, the encoder G, downscales x into
latent vector z via z = G, (x);

b) The decoder G, adopts convolutional transpose
layers, ReLU activation layers and batch-norm
layers. This method upscales the latent vector z to
reconstructs the output, defined as X, where X =

Gq(2);

.....

The objective function L combines three loss functions
L= Wadeadv + WconLcon + WencLenc (9)

Lagy = IIf () = fFDl,
Leon = lIx — %|l4 (10)
Lene = 1z = Zll,

where Lggy, Leon» Lenc are adversarial loss, contextual
loss and encoder loss respectively and f is a function that
outputs an intermediate layer of the discriminator D.

During the testing stage, the encoder loss L, is used
for scoring the abnormality of a given image. The anomaly
score A(x) for atest sample x is defined as

AW) = [|Gg(x) = E(G))], (11)

For an anomaly sample A(x) will be much higher
compared to a normal sample, which help us to identify the
anomalies. The procedure above should be enough to solve
anomaly detection in the scenario of unsupervised learning,
which aims at distinguishing between normal and abnormal
samples. For a supervised learning task, the probability of a
normal sample p(x) is given by a sigmoid function (Han
and Moraga 1995).

p(x)=1- (12)

14 e2r4®
where y is a parameter for the slope of the function.
2.3 CNN

A residual neural network, i.e., ResNet-18 (He et al.
2016), is established and employed for the automated
classification of different types of anomalies. This network
consists of five convolutional layers (see Fig. 1 for further
details). The classification layers consist of the full
connection layer and the softmax layer, and each
classification label corresponds to one output type.

The probability of the normal class obtained by CNN
should be multiplied by p(x) in Eq. (12), which could
relieve over-fitting to the majority in an imbalanced dataset.
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Fig. 3 The position of accelerometers on the deck and towers

Table 1 Description of each data pattern

No. Anomaly patterns

Description

0 Normal The time response is normal oscillation curve; frequency response is peak-like (may differ between bridges)
1 Missing Most/all of the time response is missing, which makes the time and frequency response zero

2 Minor Relative to normal sensor data, the amplitude is very small in the time domain

3 Outlier One or more outliers appear in the time response

4 Square The time response is like a square wave

5 Trend The data has an obvious trend in the time domain and has an obvious peak value in the frequency domain
6 Drift The vibration response is non-stationary, with random drift

3. Application example
3.1 Dataset description

A dataset that consists of one-month of acceleration data
for a long-span cable-stayed bridge is provided by the first
International Project Competition for Structural Health
Monitoring (IPC-SHM) (Bao et al. 2021). There are 38
sensors, whose locations are illustrated in Fig. 3. The
sampling frequency is 20 Hz. Table 1 describes the
characteristics of the normal data and the six classes of
anomalies. A dataset with labels for the time series by hour
is also provided. For the one-month (31 days) of data for 38
sensors, the dimension of the labeled dataset is 744 x 38.

3.2 Data pre-processing

The pre-processing of the raw SHM data involves time-
frequency transform and time series to image encoding. In
this study, FFT is first employed to obtain power spectral
density (PSD) functions of original data. Meanwhile, the
time series is transformed into two-dimensional images by
using GAF approach (only GASF is adopted). Then, a
series of composite images including three channels are
generated by stacking time response image (channel 1),
frequency response image (channel 2) and GASF image
(channel 3). The size of each image is 128 x 128 x 3. Fig. 4
depicts partial inputs of all patterns. Among them, the upper
left corner of each sub image represents a single-channel
time response image, the upper right corner represents a
single-channel frequency response image, the lower left
corner represents a single-channel GAF image, and the
lower right corner represents a three-channel mixed image.
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In addition, Fig. 5 presents the distribution ratios of
different data patterns. It can be observed that the normal
type has a large proportion, and then trend, square, missing,
minor, drift and outlier in order. Note that an imbalanced
data set usually causes under-fitting to the minor classes
and over-fitting to the major classes (Tang et al. 2019).
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Multistage Sampling can relieve severe class-imbalance of
training samples (He et al. 2016). Fig. 6 illustrated the
proportional distribution of three sampling methods. The
IPC-SHM dataset is first split into training set and
validation set in a stratified fashion according to separate
classes. Notice that the dataset is split before hybrid
sampling, in order to ensure same distribution between test
set and original dataset. Otherwise, the trained model might
simply memorize specific data points and cause over-fitting
and poor generalization to the test data.

4. Results
4.1 Evaluation metrics
To verify the efficiency of the proposed GANomaly-

CNN approach, the following metrics are utilized, i.e.,
precision, sensitivity (recall), accuracy and F; score.

ci ’ tivity=
precision TPLFP sensitivity TPEFN
_ TP+TN 13
A = TP+ FN+FP+TN (13)
precision - sensetivity

precision + sensetivity

where TP (true positive) is the number of positive samples

predicted to be positive. FN (false negative) is the number
of positive samples predicted to be negative. FP (false
positive) is the number of negative samples predicted to be
positive, and TN (true negative) is the number of negative
samples predicted to be negative. Above four numbers also
construct the confusion matrix, which is one of the
evaluation indexes of various classification models.
Additionally, the area under curve (AUC) of the receiver
operating characteristic (ROC) is also employed to evaluate
the overall performance of the proposed approach. In ROC,
the true positive rate (TPR) is as a function of the false
positive rate (FPR).

4.2 Performance evaluation

In this section, the detection results were presented via
employing the proposed network. Considering that only
time response image may not be able to distinguish some
types of anomalies well, frequency response image and
GASF image were also introduced. Furthermore, a
comparative study was conducted to investigate the
performance of the following four cases with different input
conditions via using the proposed network.

1) Case 1: raw time response image;

2) Case 2: frequency response image;

3) Case 3: GASF image;

4) Case 4: a mixed image of the first three cases.

Fig. 7 indicates the confusion matrix for different cases.
It can be seen that the overall performance of each case is
well with high accuracy. The comparison shows that the
result of case 4 outperforms the other three cases by using
total accuracy as the evaluation indicator. In cases 1-3, it is
noteworthy that the outlier patterns have a relatively low
precision, especially for case 3 (27.6%), which is caused by
an enormous amount of misclassified samples. Most of
these misclassified samples are from normal and minor.
Nevertheless, for case 4, each pattern achieves a higher
precision. That is to say, the three-channel superimposed
image as input performs better than that of single input.
Additionally, for the pattern “Missing,” all four cases
achieved high-level accuracies.

Tables 2 and 3 present F1 scores of different data types
under four different cases. Based on a given sampling
method, it can be found that F1 scores of the pattern outlier
for cases 1-3 are low, but for case 4, the performance has a
significant improvement. For drift pattern, the performance
of case 3 is optimal. That is to say, GAF image is more
suitable for detecting drift pattern than time domain image
and frequency domain image. In addition, frequency
domain image is better than time domain image for
identifying trend and drift patterns, which is consistent with
the previous study (Tang et al. 2019). Notice that F; scores
of the pattern missing in all cases are high, especially for
case 4, the value reaches 100%. Based on a given case, it
can be seen that MUS2 method outperforms the other two
sampling methods. Meanwhile, MUS1 is better that original
sampling method. This means multistage sampling is
effective for solving class-imbalance problem. The same
conclusions are intuitively presented in Figs. 8 and 9.
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Fig. 7 Confusion matrix between detection result and actual anomaly distribution under different input conditions:

(a) case 1; (b) case 2; (c) case 3; (d) case 4

The performance of the classifiers is also analyzed in
terms of ROC curves, as shown in Fig. 10. Note that the
closer the AUC area is to 1, the better the classification
effect is. From Fig. 10, it can be found that the AUC areas
of all patterns of each case are almost 1, indicating that the
classification result performs well. In comparison, the

performance of the outlier feature in case 3 is inferior,
which is consistent with the analysis results from Fig. 7.

Additionally, compared with the previous studies, i.e.,
deep neural network (DNN) (Bao ef al. 2019) and CNN
(Tang et al. 2019), the proposed approach in this article has
higher overall detection accuracy and F; score.

Table 2 Testing performance for cases 1 and 2. (F; score)

Case 1 Case 2
Original MUSI1 MUS2 Original MUSI1 MUS2
Normal 96.18 97.14 97.23 97.99 98.12 98.79
Missing 99.16 99.66 99.83 99.92 99.92 99.92
Minor 78.99 85.40 85.40 85.60 85.33 88.29
Outlier 56.44 67.02 67.84 38.22 48.65 52.07
Square 98.58 98.99 99.16 99.75 99.58 99.50
Trend 97.70 97.32 97.45 98.01 97.69 98.09
Drift 80.14 82.08 82.47 83.39 81.82 84.70
Macro 86.74 89.66 89.91 86.13 87.30 88.76
Accuracy 95.00 96.06 96.23 96.36 96.32 97.10
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Table 3 Testing performance for cases 3 and 4 (F, score)

Case 3 Case 4
Original MUSI1 MUS2 Original MUSI1 MUS2
Normal 97.01 97.21 97.83 97.95 98.89 99.10
Missing 99.75 99.41 99.66 99.92 100.00 100.00
Minor 78.11 78.33 80.06 91.24 93.92 94.20
Outlier 30.38 36.48 37.66 71.55 81.77 82.13
Square 99.50 99.25 99.41 99.67 99.50 99.58
Trend 98.52 98.47 98.78 98.53 98.48 98.52
Drift 88.36 88.05 90.39 87.12 87.94 88.50
Macro 84.52 85.31 86.26 92.28 94.36 94.57
Accuracy 95.47 95.58 96.23 97.24 98.09 98.23
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Fig. 8 A comparison of different cases based on MUS2

sampling method
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5. Conclusions

In this study, a novel GANomaly-Convolutional Neural
Network (CNN) architecture is put forward to detecting
multiple anomaly features for Structural Health Monitoring
(SHM) data. In particular, the raw time series are encoded
as two-dimensional image vectors by using Gramian
Angular Field (GAF) method. Moreover, in order to better
distinguish abnormal samples, extra frequency domain
information is also introduced. According to the analysis
results from SHM system of a real long-span bridge, the
following conclusions are summarized:

e The acceleration data provided by IPC-SHM are
utilized to verify the effectiveness of the proposed
GANomaly-CNN model. The analysis results depict
that this network architecture achieves a global
detection accuracy of 98.2%, and F; scores for
different patterns are 99.10%, 100.00%, 94.20%,
82.13%, 99.58%, 98.52%, and 88.50%. Compare
with the former CNN-based approach, this
approach achieves overall higher accuracy and F,
score.

e By comparing the overall accuracy and F; score of
anomalies under different input conditions (i.e.,
case 1, case 2, case 3 and case 4), it can be found
that case 3 is more suitable for detecting trend and
drift patterns than cases 1 and 2, but it is poor for
outlier pattern. Meanwhile, a combination input
including time domain image, frequency domain
image and GAF image achieves a satisfactory result
for all patterns. This implies that the proposed
GANomaly-CNN based method with three-channel
input information has a superior performance.

e  Multistage Sampling methods, e.g., MUSI and
MUS?2, are effective to solve the class-imbalance
issue. Comparing the performance of MUSI and
MUS2 approaches for addressing class-imbalance
issue, it can be found that MUS2 method is more
effective than MUSI.
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