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1. Introduction 

 
Structural health monitoring (SHM) in civil engineering 

is a technique used to monitor and assess the condition and 
performance of structures such as bridges, buildings, and 
other infrastructure, to identify any signs of damage or 
degradation that may occur over time (Farrar and Worden 
2006, Li and Ou 2016). SHM aims to ensure the safety and 
reliability of structures and prevent or mitigate the 
consequences of structural failures. They can also help to 
ensure that structures can withstand extreme events, such as 
earthquakes, storms, and other disasters. SHM systems use 
a variety of sensors to collect data on the structural behavior 
of a structure (Sony et al. 2019). These sensors can measure 
various parameters such as displacement, strain, tempera-
ture, and vibration, and they can be placed on different parts 
of the structure to monitor its response to different loads 
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and conditions. 

The volume of SHM data is increasing yearly due to the 
growing use of SHM systems and the increasing availability 
of sensors and monitoring technologies (Bao et al. 2019a). 
For example, The SHM system installed on China’s Sutong 
Bridge generates 2.5 TB of data annually with 785 sensors 
(Tang et al. 2019). In recent years, many different methods 
and techniques have been studied for damage detection and 
identification in SHM, such as vibration-based damage 
detection (Abdeljaber et al. 2017, Zhang et al. 2019), 
image-based damage detection (Dong and Catbas 2020, 
Dworakowski et al. 2016), machine learning techniques 
(Kurian and Liyanapathirana 2020, Malekloo et al. 2019) 
and others. However, researchers face difficulties because 
SHM data usually contain several types of anomalies due to 
environmental influences, system disturbances, sensor 
failures, and other factors, making it difficult to monitor a 
structure’s behavior accurately. It is important to identify 
anomalies in SHM data to ensure the data’s accuracy and 
reliability and the SHM system’s effectiveness. 

Anomaly detection in SHM systems is a challenging 
problem, as it requires the ability to accurately identify the 
anomaly patterns in data that may affect the accurately 
predicted condition of the monitored structure. Various 
methods have been explored in recent decades, including 
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Abstract.  Structural health monitoring (SHM) has been widely used in civil infrastructure in recent decades. In SHM, vast 
amounts of data are collected using diverse sensors to monitor the health of civil structures. During this process, various types of 
anomalies may occur, which hindering an accurate assessment of the structure’s condition. Anomalies mainly occur due to the 
influence of the harsh environment, sensor faults, or actual damage to the monitored structure. Therefore, early detection of 
anomalies is essential for monitoring the condition of structures. Conventional anomaly detection algorithms used in SHM 
systems, such as statistical thresholding, distance-based, rule-based, and clustering methods, have become ineffective today with 
growing data flow. These traditional algorithms face several limitations, including scalability issues, lack of adaptability to 
changing conditions, sensitivity to noise, and extensive feature engineering requirements. To address these issues, this paper 
proposes a modified transformer-based multiclass anomaly detection method for SHM systems. In our approach, we replace the 
feed-forward layers in the transformer encoder with two 1D-CNN layers and opt not to use positional encoding, as the 
occurrence of anomalies in SHM systems is not strongly related to specific positions within the sequence. Initially, the statistic 
and frequency domain features are extracted from the labeled time-series raw data. Then the modified transformer-based 
anomaly detection model is trained with extracted features and validated with acceleration data measured from a long-span 
cable-stayed bridge. The results confirm that the modified transformer encoders with 1D-CNN layers, without positional 
encoding, provide improved performance in detecting and classifying multiple types of anomalies with high accuracy. This 
demonstrates the potential of our method for enhancing the effectiveness of SHM systems. 
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statistical and signal processing methods, physical 
modeling, rule-based methods, and machine learning 
techniques (Chandola et al. 2009, Ni et al. 2009, Sharma et 
al. 2010). Each approach has its merits, yet conventional 
algorithms can be expensive to implement and maintain, 
especially for large or complex structures. In addition, they 
often struggle with distinguishing multiclass anomalies. 

In recent years, deep learning (DL) algorithms have had 
a significant impact on the field of anomaly detection, 
particularly in the area of SHM. For example, convolutional 
neural networks (CNNs) and recurrent neural networks 
(RNNs) have been used for anomaly detection in SHM data, 
including data from sensors such as accelerometers and 
strain gauges. Similarly, computer vision (CV) approaches 
are becoming increasingly popular because they promise to 
solve complicated issues. CV is also helpful for anomaly 
identification, as visual evaluation of acceleration data 
makes it possible to spot many types of defective data. 
Therefore, several research papers have proposed CV-and-
deep-learning combination approaches for spotting 
anomalies in data. A deep learning-based method for 
classifying acceleration data from gray-scale pictures was 
developed by Bao et al. (2019b). Data visualization was 
used to transform the gathered measurements into a format 
suitable for later deep neural network classification. The 
approach can identify outlier, missing, trend, minor, square, 
and drift abnormalities in addition to the more common 
trend and drift. The technique was tested using an 
acceleration dataset collected from a long-span cable-stayed 
bridge (Bao et al. 2021), with successful results indicating 
an accuracy of 87%. Tang et al. (2019) proposed anomaly 
detection method by providing CNN with input from the 
gray-scale image of the acceleration data and the matching 
FFT spectrum. This technique was trained and validated 
with the acceleration data from a long-span cable-stayed 
bridge (Bao et al. 2021). This method succeeded in 
obtaining 93.5% mean overall accuracy. Arul and Kareem 
(2022) proposed combining a time series “shapelet 
transform” feature extractor with a random forest classifier 
to detect anomalies in SHM data. This method was trained 
and tested with first-month acceleration data and achieved 
93% overall accuracy. GoogLeNet, CNN, and ensemble 
methods were employed by Chou et al. (2022) on images of 
acceleration data to detect anomalies. This approach was 
also verified using the one-month subset of data and 
achieved an accuracy of 94.4%. 

However, a closer examination of these methodologies 
reveals underlying issues. Specifically, converting time-
series data into image representations, particularly across 
both time and frequency domains, can be a double-edged 
sword. This transformation, while innovative, can introduce 
significant variability and inconsistency. For instance, 
visual cues for anomalies like trends, drifts, or sudden 
changes might vary considerably depending on their 
position or the nature of the disruption. Coupled with the 
inherent challenge of imbalanced datasets in anomaly 
detection, CNNs face a heightened risk of skewed 
classification. The potential fallout from this, models might 
be prone to overfitting, reduced robustness, and predictive 
biases, favoring the more frequent classes while sidelining 

the less common anomalies. 
Building on the observations of the challenges and 

inconsistencies in existing methodologies, we identified an 
avenue for progressive improvement. To bypass the 
complications arising from the transformation of time-series 
data into image representations and the associated issues of 
CNN-based anomaly detection, we ventured into the realm 
of Transformer architectures. Initially introduced by 
Vaswani et al. (2017) in their groundbreaking work 
“Attention is All You Need” in 2017, the Transformer has 
revolutionized the field of natural language processing 
(NLP). It has been used in various tasks, including machine 
translation, question answering, text summarization, 
language modeling, among others (Brown et al. 2020, 
Devlin et al. 2018, Raffel et al. 2019). One key advantage 
of the Transformer architecture is that it is fully self-
attention based, which allows it to model long-range 
dependencies in the input data more effectively than 
traditional RNNs. In addition to its strong performance on 
NLP tasks, the Transformer architecture has also been 
applied to other areas such as CV (Dosovitskiy et al. 2020, 
Khan et al. 2022) and time series analysis (Li et al. 2019, 
Liu et al. 2021, Wen et al. 2022, Zhou et al. 2021). This 
strength offers a distinct edge in tasks where intricate and 
distant relationships in data sequences must be discerned, a 
self-attention mechanism especially beneficial in tasks like 
anomaly detection in SHM data. 

The Transformer model is widely recognized in NLP, 
CV, and time-series analysis, yet its potential for anomaly 
detection in SHM systems remains largely untapped. In 
generative tasks, positional encoding is essential as it 
provides context by capturing the order and relative 
positions of data points, ensuring accurate and coherent data 
generation. However, in the realm of SHM data and more 
broadly in time-series classification tasks, anomalies can 
surface at any point in the sequence, with their importance 
not rigidly tied to their temporal position. Given the 
indeterminate locations of SHM anomalies, we chose to 
omit positional encoding. This choice is informed by 
characteristic traits of SHM data, where the relevance of an 
anomaly is less about its time placement and more about its 
interrelation within the data sequence. Additionally, to 
better tailor our model to the nuances of SHM data, we 
incorporated two 1D-CNN layers instead of the feed-
forward layers, aiming to minimize model complexity and 
enhance its ability to effectively capture local patterns. 

The proposed method involves applying an encoding 
method to univariate time-series data, extracting statistical 
and frequency domain features from the raw data, and then 
using the modified encoder-based transformer model to 
classify anomaly patterns from the extracted features. The 
proposed strategy was validated with a two-month 
acceleration dataset from a long-span cable stayed bridge. 
Experimental analysis shows that the proposed method can 
accurately classify multi-pattern data anomalies. 

The remaining sections of this paper are structured as 
follows. Section 2 presents the time-series feature extraction 
method and modified transformer-based encoder 
architecture. Section 3 provides experimental findings and 
an in-depth discussion of the proposed method. In the end, 
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the conclusion is presented in Section 4. 
 
 

2. Methodology 
 
This paper aims to detect and classify multiple types of 

anomalies in SHM data with high accuracy. Fig. 1 depicts 
the overall layout of the proposed transformer-based data 
anomaly detection method. 

It can be seen in Fig. 1 that the proposed transformer-
based method layout consists of the following two main 
stages: 

1) feature extraction from raw data, and 
2) transformer training for data anomaly classification. 
In the feature extraction stage, statistical and frequency 

features are extracted from the raw data measured by the 
sensors on the civil structures. A transformer-based data 
anomaly classification model is designed and trained in the 
next stage with extracted features and their corresponding 
labels. The trained transformer-based model can detect and 
classify the type of anomalies in large quantities of SHM 
data. The further mathematical interpretation of both parts 
is presented below. 

 
2.1 Feature extraction 
 
In general, sensors measure a lot of noise data, which is 

not helpful for pattern recognition. Generally, SHM systems 
use various feature extraction algorithms to remove 
unwanted noisy features (Amezquita-Sanchez and Adeli 
2019, Zhang et al. 2022). The proposed technique employs 
statistical and frequency domain feature extraction 
algorithms. The detailed stepwise procedure is explained as 
follows: 

In the first step, univariate time-series raw data is 
normalized using the following Eq. (1) 

 

 
 𝑛𝑜𝑟𝑚ሺ𝑥ሻ = 𝑥 െ 𝑚𝑖𝑛 ሺ𝑥ሻ𝑚𝑎𝑥ሺ𝑥ሻ െ 𝑚𝑖𝑛ሺ𝑥ሻ (1)
 
Where 𝑥 ሺ𝑥 ∈ 𝑅ଵൈ௧௦ሻ represents sequential data that is 

measured by the sensor during a certain period, and 𝑡𝑠 is 
the length of the data. In the second step, the normalized 
data is divided into 𝑛 equal-length subsequences without 
overlapping by using the window slicing principle as given 
by Eq. (2) 

 

𝑥 ⟹ 𝑛𝑜𝑟𝑚ሺ𝑥ሻ ⟹ ൦𝑥ଵ𝑥ଶ⋮𝑥௡൪ = ⎣⎢⎢
⎡𝑥ଵଵ𝑥ଵଶ⋮𝑥ଵ௡

   𝑥ଶଵ𝑥ଶଶ⋮𝑥ଶ௡
    ……⋮…   𝑥௠ଵ𝑥௠ଶ⋮𝑥௠௡ ⎦⎥⎥

⎤
௡ൈ௠

 (2)

 
Where 𝑛 represents the number of subsequences, 𝑚 is 

the length of each subsequence, and 𝑛 ൈ 𝑚 is the length of 𝑥  equal to 𝑡𝑠 . In the third step, four basic statistical 
features (min, max, mean, variance) are extracted from each 
split subsequences using Eq. (3) 

 𝑚𝑖𝑛௞ = min 𝑥௞ , 𝑚𝑎𝑥௞ = max 𝑥௞ , 
𝑚𝑒𝑎𝑛௞ = ∑ 𝑥௜௞௠௜ୀଵ𝑚 , 𝑣𝑎𝑟௞ = ∑ ሺ𝑥௜௞ െ 𝑚𝑒𝑎𝑛௞ሻଶ௠௜ୀଵ 𝑚  

(3)

 
Where 𝑘  ( 1 ൑  𝑘 ൑  𝑛 ) is the index of each 

subsample. Afterward, absolute frequency amplitudes are 
calculated from normalized subsequences using the fast 
Fourier transform (FFT) algorithm using the Eq. (4) 

 𝑓௝௞ = อ෍ 𝑥௥௞௠
௥ୀଵ ൉ 𝑒ି మഏ೔೘ ௝ሺ௥ିଵሻอ , 0 ൑  𝑗 ൑ 𝑚 െ 1 (4)

 
All frequency results of each subsequence using FFT are 

given by Eq. (5) 
 

 
Fig. 1 Proposed transformer-based method layout
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𝑓 = ⎣⎢⎢
⎡𝑓ଵ𝑓ଶ⋮𝑓௡⎦⎥⎥

⎤ = ⎣⎢⎢
⎡𝑓଴ଵ𝑓଴ଶ⋮𝑓଴௡

   𝑓ଵଵ𝑓ଵଶ⋮𝑓ଵ௡   ……⋮…   𝑓௠ିଵଵ𝑓௠ିଵଶ⋮𝑓௠ିଵ௡ ⎦⎥⎥
⎤

௡ൈ௠
 (5)

 
The zero-frequency component contains the sum of the 

time series data. Except for zero-frequency, the first half of 
the frequency components represents the positive 
frequency, and the second half represents the negative 
frequency terms. Maximum amplitude frequencies indicate 
important features of civil structures. Therefore, maximum 
frequency amplitudes are obtained from each frequency 
window using Eq. (6) 

 𝑓௟௞ = 𝑚𝑎𝑥ሺ𝑓௪ାଵ௞ , 𝑓௪ାଶ௞ , . . . , 𝑓௪ା௙௦௞ ሻ, 1 ൑  𝑙 ൑ 𝑤 (6)
 
Where 𝑤 (1 ൑  𝑤 ൑ ௠ଶ✕௙௦) represents each frequency 

in the first half of the FFT and 𝑓𝑠 represents the frequency 
window size. Frequency features may fall in different 
ranges with statistical features that might dominate other 
features while training the model. Therefore, extracted 
maximum absolute frequency amplitudes are normalized 
using Eq. (7) 

 𝑓መ௟௞ = 𝑓௟௞ െ 𝑚𝑖𝑛ሺ𝑓ሾଵ:௪ሿ௞ ሻ𝑚𝑎𝑥ሺ𝑓ሾଵ:௪ሿ௞ ሻ െ 𝑚𝑖𝑛ሺ𝑓ሾଵ:௪ሿ௞ ሻ (7)

 
The final extracted statistic and frequency domain 

features for each normalized subsequence from univariate 
time-series raw data are given by Eq. (8) 

 
 

 
2.2 Transformer-based model architecture 
 
In the proposed transformer-based encoder architecture, 

extracted statistical and frequency domain features are used 
as input without positional encoding. Then feed-forward 
networks are replaced with two one-dimensional 
convolutional neural networks (1D-CNN) compared to the 
encoder part of the original paper. Next, the output of the 
encoder is passed to the global average pooling layer. The 
output of the global average pooling layer passes into the 
final SoftMax layer, and it predicts one of the multi-class 
anomalies (see Fig. 2). 

In Fig. 2, X is the input of the transformer model, 
represents features extracted from the raw data, Zi matrices 
represent the output of each layer, and 𝑛௣ represents the 
total number of patterns. The various components of the 
actual transformer-based model are implemented as follows 
in this paper. 

Positional Encoding: Positional encoding is the first 
step in the transformer model. Generally, anomalies appear 
based on damage or sensor faults in SHM systems of civil 
structures. In the main situations, there are no positional 
relationships appearing as anomalies with other features in 
the sequence. Therefore, this positional encoding is not 
considered in the proposed model. 

Encoder: The main component in the transformer 
model is the encoder. In this, the 𝑁 identical encoder 
layers are connected in series. The first encoder takes 
features extracted from the raw data as its input. The output 
of each encoder layer is passed to the next encoder as its 

 
 
 

𝐸𝑥𝑡𝑟𝑎𝑐𝑡𝑒𝑑 𝐹𝑒𝑎𝑡𝑢𝑟𝑒𝑠 = ൦𝑚𝑖𝑛ଵ𝑚𝑖𝑛ଶ⋮𝑚𝑖𝑛௡     𝑚𝑎𝑥ଵ𝑚𝑎𝑥ଶ⋮𝑚𝑎𝑥௡
𝑚𝑒𝑎𝑛ଵ𝑚𝑒𝑎𝑛ଶ⋮𝑚𝑒𝑎𝑛௡

𝑣𝑎𝑟ଵ𝑣𝑎𝑟ଶ⋮𝑣𝑎𝑟௡ ተ 𝑓መଵଵ𝑓መଵଶ⋮𝑓መଵ௡
𝑓መଶଵ𝑓መଶଶ⋮𝑓መଶ௡

……⋮…   𝑓መ௪ଵ𝑓መ௪ଶ⋮𝑓መ௪௡⎦⎥⎥
⎤

௡ൈሺ௪ାସሻ
 (8)

 
Fig. 3 Multi-head attention mechanism
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input. Each encoder consists of two major components: a 
multi-head attention mechanism and two 1D-CNN A 
residual connections used for each component. Both 
mechanisms are explained as follows: 

Multi-head Attention: It is the first main component of 
the encoder with multiple attention heads. Although each 
attention head learns the relevance of given sequence values 
to each other, multiple attention heads can learn different 
definitions of “relevance.” Each attention head size is equal 
to 𝑛 ൈ 𝑑௩. Here, 𝑛 is equal to the input sequence length, 
and 𝑑௩ is equal to the value’s (V) dimension, which will be 
explained later in a scaled dot-product subsection. The 
output of the concatenated attention heads passes into the 
feed-forward neural network layer. The feed-forward layer’s 
learnable parameters are defined by 𝑊௢ ∈ 𝑅௛ௗೡൈௗ matrix. 
Where ℎ is the number of heads. The output shape of 
multi-head attention is equal to the input shape. The multi-
head attention mechanism is illustrated in Fig. 3. 

It can be seen in Fig. 3 that the multi-head attention 
mechanism mainly comprises the scaled dot-product 
attention and concatenation of each head. Details about the 
scaled dot-product attention are explained below: 

Scaled dot-product attention: It is applied for each 
head in the multi-head attention mechanism. Fig. 4 depicts 
its calculation process. 

Each scaled-dot product attention unit learns three 
weight matrices: the query weights (𝑊ொ ∈ 𝑅ௗൈௗೖ), the key 
weights ( 𝑊௄ ∈ 𝑅ௗൈௗೖ ), and the value weights ( 𝑊ொ ∈𝑅ௗൈௗೡ). The dot-product of input (𝑋 ∈ 𝑅௡ൈௗ) matrix with 
these three weights produces query (𝑄 ∈ 𝑅௡ൈௗೖ), key (𝐾 ∈𝑅௡ൈௗೖ ), and value ( 𝑉 ∈ 𝑅௡ൈௗೡ ) matrices. Initially, the 
attention scores are computed by taking the dot-product of 
the query and transposing key matrices (weights). 
Therefore, the dimensions of 𝑊ொ and 𝑊௄ should be equal 
to each other. Next, the 𝑄𝐾் result is scaled by dividing 
the square root of 𝑑௞. Then, attention scores of the given 
input are calculated by applying softmax as shown in Eq. 
(9) 

 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛 𝑆𝑐𝑜𝑟𝑒𝑠 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥ሺொ௄೅ඥௗೖሻ (9)
 
Afterward, the output of the scaled dot-product attention 

unit is obtained by the dot-product between attention scores 

 
 

and value matrix as given in Eq. (10) 
 𝑍 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥ሺ𝑄𝐾்ඥ𝑑௞ ሻ ⋅ 𝑉 (10)

 
Here, the value matrix’s 𝑑௩ dimension can be different 

from 𝑑௞. Before concatenating with other heads, the output 
of the scaled-dot product attention is subjected to the 
residual connection and normalizing (see Fig. 2). 

One-Dimensional Convolutional Neural Networks: 
CNN is the deep learning subset that looks for various 
patterns in data through kernels. CNNs are well known as 
two-dimensional CNN (2D-CNN) and have become the 
standard in computer vision applications (He et al. 2016, 
Simonyan and Zisserman 2014). 1D-CNN are similar to 
2D-CNN, and they are mainly used on 1D signals and text 
(Abdeljaber et al. 2018, Kiranyaz et al. 2021). In the 
development of our transformer encoder architecture, 
standard feed-forward networks are replaced with two 1D-
CNN layers, employing a 1×1 kernel size, to enhance the 
model’s capability to identify local patterns in SHM data. 
This modification is motivated by the proficiency of 1D-
CNNs in recognizing localized features within time-series 
data, crucial for detecting anomalies in SHM data, and their 
ability to introduce additional nonlinearity into the model, 
facilitating the recognition of complex and non-linear 
patterns in anomaly detection. The parameter and 
computational efficiency of 1D-CNNs, involving generally 
fewer parameters than their feed-forward counterparts, yield 
a model that is not only computationally efficient but also 
resilient to overfitting, particularly beneficial in instances 
where training data are limited. Following the multi-head 
attention mechanism, data is conveyed through the 1D-
CNN layers, with the initial layer adopting a number of 
filters equal to 𝑛௙௜௟ . Subsequently, the second 1D-CNN 
layer’s output is subjected to residual connection and layer 
normalization, thereby stabilizing the learning process and 
ensuring efficient backpropagation through the network 
layers. 

Global Average Pooling: In classical CNN 
architectures, the CNN layers pass the output to fully 
connected layers, which tends to overfit. Global average 
pooling is a pooling operation without learnable parameters, 

Fig. 4 Scaled dot-product attention
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and it is designed to replace fully connected layers (Lin et 
al. 2013). The proposed model’s last encoder layer is 
connected to the one-dimensional global average pooling 
operation to avoid overfitting. The output vector from this 
process is then used as input into the SoftMax layer, which 
averages the feature maps. 

Evaluation metrics are used to measure how well the 
given model works. Details about evaluation metrics are 
explained as follows. 

 
2.3 Evaluation metrics 
 
This paper employs a confusion matrix to evaluate the 

performance of the proposed method. The confusion matrix 
is a special kind of table that lets you see how well an 
algorithm, usually a classification algorithm, works. As 
shown in Table 1, each row of the matrix is an instance in a 
real class, while each column is an instance in a predicted 
class. 

The precision of a classifier can be determined by how 
many correct identifications it produces or how many 
instances it successfully recognizes an actual class. The rate 
at which a model makes accurate predictions compared to 
the total number of ground truths is referred to as its recall. 
This rate determines how well a model can distinguish 
different classes. Recall is the ability to properly identify 
the majority of ground-truth classes, and good models have 
a high recall, while correctly classifying only the actual 
classes shows high precision. A model is considered 
flawless if its recall and precision are equal to one, at which 
point the false-negative number drops to zero. The accuracy 
and recall rates were computed by contrasting the outcomes 
of the suggested method with the data that served as the 
basis for the comparison. The anomaly detection model’s 
accuracy, precision and recall were determined using the 

 
 

 
 

following formulas 
 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝑇𝑃 ൅ 𝑇𝑁𝑇𝑃 ൅ 𝑇𝑁 ൅ 𝐹𝑃 ൅ 𝐹𝑁 (11)

 𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑃𝑇𝑃 ൅ 𝐹𝑁 (12)

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃𝑇𝑃 ൅ 𝐹𝑃 (13)
 
The 𝐹ଵ 𝑠𝑐𝑜𝑟𝑒  metric considers both precision and 

recall and is given by the following Eq. (14) 
 𝐹ଵ 𝑠𝑐𝑜𝑟𝑒 = 2 ൈ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ൈ  𝑅𝑒𝑐𝑎𝑙𝑙𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ൅  𝑅𝑒𝑐𝑎𝑙𝑙 (14)
 
This metric is also called the harmonic mean of the 

precision and recall. 
 
 

3. Experimental analysis 
 
3.1 Dataset 
 
The efficiency of the suggested method was evaluated 

using data gathered from acceleration sensors mounted on a 
cable-stayed bridge with a main span of 1088 m, two side 
spans of 300 m each, and a height of 306 m with two 
towers. Multiple types of sensors are installed on the bridge, 
such as strain gauges, thermometers, anemometers, 
accelerometers, and a global positioning system (GPS). 
This paper only focused on acceleration data. Sixteen 2-
channel and two 3-channel accelerometers are mounted on 
the bridge deck and its towers. The sampling frequency of 
each sensor is 20 Hz. Fig. 5 depicts the placement of the 

Table 1 Confusion matrix for binary classification 
Total data = P + N Predicted Positive (PP) Predicted Negative (PN) 
Actual Positive (P) True Positive (TP) False Negative (FN) 

Actual Negative (N) False Positive (FP) True Negative (TN) 
 

Fig. 5 Location of accelerometers on the bridge denoted by channel (Bao et al. 2021) 
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sensors. Acceleration data from a total of 38 channels were 
collected over two months (2012-01-01 to 02-29). The data 
from each channel is split hourly without overlap, and each 
window length is equal to 72000 (20 ൈ 20 ൈ 60 ) measured 
points. 

The hourly split data samples from the 38 accelerometer 
channels in two months equal 57,720 ( 38 ൈ 24 ൈ 60 ) 
samples. All samples were labeled with one of seven 
patterns by experts. The details of each pattern can be found 
in Bao et al. (2021). A time domain and frequency domain 
visualization of each pattern is shown in Fig. 6. The number 
of samples from each pattern is given in Table 2 (see Model 
training subsection 3.3). 

Anomalies in data often manifest in various distinct 
patterns, as illustrated in Fig. 6. “Normal” patterns display a 
symmetrical time response, characterized by a peak-like 
frequency response. “Missing” patterns show a substantial 
absence in the time response, rendering both time and 
frequency responses non-existent. The. “Minor” pattern can 
be recognized by its significantly reduced amplitude in the 
time domain compared to normal data. “Outlier” patterns 
contain one or more conspicuous outliers in their time 
response. A “Square” patterns’ time response resembles that 
of a square wave, while “Trend” patterns display an evident 

 
 

 
 

trend in the time domain accompanied by a prominent peak 
in the frequency domain. Lastly, “Drift” patterns represent 
nonstationary vibration responses marked by random drifts. 
Each of these patterns has its own unique characteristics 
and quantity distribution, shedding light on the varied 
nature of data anomalies (Tang et al. 2019). 

 
3.2 Results of feature extraction 
 
Fig. 7 illustrates feature extraction results from one of 

the normally labeled data by 3D visualization. In this figure, 
the x-axis indicates features extracted from each 
subsequence, the y-axis indicates the orders of 
subsequences, and the z-axis normalized values of extracted 
features as defined in Section 2.1. The graph’s plot in the 
yz-plane shows 1 hour of acceleration data. This raw data is 
labeled as normal by experts. The distance between the 
vertical black lines on the plot indicates the length of a 
sliced window. It is equal to 1 minute in this graph. Thus, 1 
hour of data is divided into 60 sequences. 

Since the frequency sampling of the accelerometers is 
20 Hz, the proposed technique extracted 20 frequency 
features and four statistical features from each sliced 
window. The plot in the xz plane shows the features 

 
 

 
 

 

Fig. 6 Data anomaly patterns

 
Fig. 7 3D visualization of features extracted from the raw data 
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Table 3 Extracted features shape from 1 hour labeled raw 
data 

Subsequence length Extracted features shape 
30 seconds (120, 24) 
1 minute (60, 24) 
5 minutes (12, 24) 

10 minutes (6, 24) 
 

 
 

extracted from each subsequence. The shape of the features 
extracted from the labeled raw data equals (60, 24) (number 
of sliced subsequences, number of extracted features). The 
training of this data is explained as follows. 

 
3.3 Model training 
 
The statistical information regarding the acceleration 

data for the past two months is summarized in Table 2. 
It can be seen in Table 2 that the training data consists of 

the first 24 days of January 2012, while the remaining data 
of January is used for the validation. The whole data of 
February 2012 is used to test the proposed technique’s 
performance. The number of samples in each section is as 
follows: 21,888 (24 days × 38 sensors × 24 hours) samples 
in training, 6,384 (7 days × 38 sensors × 24 hours) samples 
in validation, and 28,272 (29 days × 38 sensors × 24 hours) 
samples in testing sections. 

Furthermore, it is evident from Table 2 that the given 
data is highly imbalanced. Most of the existing models 
encounter problems in handling highly imbalanced data. 
However, transformer-based models are more robust in 
handling imbalanced classification problems compared to 

 
 

 
 

other deep learning models. Therefore, the proposed 
technique does not suffer from this problem of imbalanced 
classification data. The length of the subsequence windows 
can be used differently based on the problem. In this 
dataset, the proposed technique has used four lengths of 
subsequence windows, as shown in Table 3. 

It is evident from Table 3 that overall, 24 statistical and 
frequency features are extracted from each subsequence. 
However, the number of subsequences depends upon the 
length of the subsequences. Therefore, the proposed 
technique has considered four different subsequence 
window lengths of 30 seconds, 1 minute, 5 minutes, and 10 
minutes, respectively, out of 1 hour of labeled raw data as 
shown in Table 3. To find the best hyperparameters for the 
transformer-based model, some range values for each 
hyperparameter are used, as shown in Table 4. 

In general, to find the best hyperparameter, all possible 
combinations of the above ranges are computed, which 
results in 6000 possible combinations. However, 6000 
combinations of the hyperparameters are huge and make it 
computationally very expensive to train all models. This 
issue can be solved efficiently by employing a certain range 
of important learnable parameters. The total number of 
learnable parameters of the model is calculated using the 
following Eq. (15) 

 𝑁௣ = 𝑁 ⋅ ሾℎ ⋅ ሺ𝑑 ൅ 1ሻ ⋅ ሺ2 ⋅ 𝑑௞ ൅ 𝑑௩ሻ ൅𝑑 ⋅ ሺℎ ⋅ 𝑑௩ ൅ 1ሻ ൅ 𝑛௙௜௟ ⋅ ሺ𝑑 ൅ 1ሻ൅𝑑 ⋅ ሺ𝑛௙௜௟ ൅ 1ሻሿ (15)

 
Therefore, out of 6000 combinations, the proposed 

method has selected a total of 137 combinations of the 
hyperparameters. Among 137 combinations, 60 combinations 

 
 

 

Table 2 Train-validation-test data splitting 
 Train Validation Test 

Duration 01/01/2012-24/01/2012 25/01/2012-31/01/2012 01/02/2012-29/02/2012 
Normal 10471 3104 13575 
Missing 2419 523 2942 
Minor 1378 397 1775 
Outlier 356 171 527 
Square 2300 696 2996 
Trend 4426 1352 3778 
Drift 538 141 679 

Total number of data 21888 6384 28272 
 

Table 4 Hyperparameter values 
Hyperparameter Definition Values range 𝑁 Number of encoder layers [1, 2, 3, 4, 6, 8] ℎ Number of attention heads [1, 2, 4, 8, 10, 12, 14, 16] 𝑑௞ Key dimension [16, 24, 32, 64, 128] 𝑑௩ Value dimension [16, 24, 32, 64, 128] 

nfil 
Number of convolution filters 
first 1D-CNN layer in encoder [8, 16, 32, 64, 128] 
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are selected with a total number of learnable parameters of 
around 25000 ± 1000, 60 combinations with 50000 ± 1000 
learnable parameters, and 17 combinations with 100000 ± 
1000 learnable parameters. 

Handling imbalanced data remains a perennial challenge 
in many machine learning tasks. In many cases, specialized 
techniques such as data augmentation, resampling strategies, 
or employing custom loss functions are necessitated. 

 
 

 
 

However, proposed Transformer architecture didn’t require 
aforementioned techniques for imbalanced classification. 
The inherent self-attention mechanism of the Transformer 
offers a natural capability to amplify the significance of rare 
patterns. This is adaptively assigning weights, allowing the 
model to concentrate more intently on less frequent, yet 
informative patterns without being dominated by the 
majority class. 

 
 

 
Fig. 8 Train and validation accuracy of the models with different hyperparameters 

Table 5 Models’ average accuracies for different-length subsequence 
Metrics\Window length 30 seconds 1 minute 5 minutes 10 minutes 

Train accuracy 98.90% േ 0.37 99.04% േ 0.41 99.06% േ 0.47 98.63% േ 0.51 
Validation accuracy 95.54% േ 0.34 95.31% േ 0.31 94.41% േ 0.27 94.06% േ 0.24 

Validation data 

Normal 
Precision 97.08% േ 0.46 96.76% േ 0.41 95.62% േ 0.56 95.19% േ 0.55 

Recall 97.48% േ 0.58 97.34% േ 0.58 96.63% േ 0.72 96.33% േ 0.75 

Missing 
Precision 99.82% േ 0.35 99.82% േ 0.43 99.91% േ 0.18 99.98% േ 0.08 

Recall 99.24% േ 0.00 99.24% േ 0.00 99.24% േ 0.00 99.24% േ 0.02 

Minor 
Precision 81.50% േ 3.46 80.24% േ 3.27 76.25% േ 3.68 73.92% േ 3.59 

Recall 93.47% േ 1.75 92.16% േ 1.89 89.16% േ 2.08 86.27% േ 2.28 

Outlier 
Precision 83.89% േ 3.86 81.60% േ 3.94 82.62% േ 4.31 80.43% േ 4.46 

Recall 67.35% േ 6.58 63.80% േ 6.50 53.74% േ 6.47 51.23% േ 6.92 

Square 
Precision 99.85% േ 0.28 99.74% േ 0.50 99.93% േ 0.20 99.95% േ 0.12 

Recall 96.18% േ 0.21 96.16% േ 0.14 96.17% േ 0.17 96.12% േ 0.00 

Trend 
Precision 97.10% േ 0.88 97.36% േ 1.00 95.30% േ 0.72 96.62% േ 1.12 

Recall 95.73% േ 1.05 95.62% േ 1.05 97.40% േ 0.92 96.26% േ 1.04 

Drift 
Precision 70.41% േ 5.64 71.73% േ 6.90 78.41% േ 7.52 72.59% േ 5.86 

Recall 74.08% േ 8.43 76.31% േ 8.92 54.10% േ 7.20 67.54% േ 11.20
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3.4 Results and discussion 
 
Fig. 8 illustrates the training and validation accuracy for 

different subsequence lengths and selected hyperparameters 
using the proposed transformer-based model. In Fig. 8, 
circles show the average training and validation accuracies, 
and the vertical bar shows the minimum and maximum 
accuracies of each time subsequence length and total 
learnable parameters. 

It may be noted from Fig. 8 that among four 
subsequence lengths, the proposed transformer-based 
models achieved higher validation accuracies at a feature 
extraction sliding window length of 30 seconds. 

 
 

 
 

Furthermore, it is also seen that increasing the number of 
learnable parameters does not affect the validation accuracy. 
The variation of train and validation accuracies from 
25,000-100,000 learnable parameters showed that 5 ⋅ 10ସ 
learnable parameters are more robust compared to others. 
Therefore, Table 5 illustrates the training and validation 
average accuracies with variations and precision and recall 
of each type of pattern for 5 ⋅ 10ସ parameters. 

Table 4 shows that the proposed model achieved the best 
precision and recall for the most anomaly patterns (Normal, 
Square, Missing, Trend, and Minor) by extracting statistical 
and frequency features from every 30-second subsequence. 
On the contrary, the lowest precision and recall accuracies 

 
 

 
 

(a) (b) 

Fig. 9 Confusion matrix of classification results: (a) training set; (b) validation set 

 
Fig. 10 Confusion matrix of classification results of test dataset 
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of 70.41% and 67.35% were obtained for the “Drift” and 
“Outlier” patterns, respectively. Moreover, it was also 
observed that increasing the subsequent window length is 
negatively correlated to validation accuracy. In other words, 
the model becomes overfitted. Therefore, the best 
hyperparameters were selected according to validation 
accuracy. The transformer-based model achieved 96.3% 
validation accuracy (see Fig. 9) with the best 
hyperparameters 𝑁 = 4, ℎ = 4,  𝑑௞ = 32,  𝑑௩ = 24,  𝑛௙௜௟ =32,  and 30-second subsequence length. Furthermore, the 
internal interaction among the detection results patterns for 
the training and validation dataset was investigated and can 
be effectively presented using a confusion matrix. 

From Fig. 9, the following important points can be 
observed: 

1. The proposed model achieved overall 98.1% training 
accuracy and 96.3% validation accuracy. 

2. In the training dataset, the precision and recall are 
over 98% for “normal,” “missing,” “minor,” 
“square,” and “trend” patterns except recall for the 
“minor” pattern; it is 89.5%, which is acceptable; 
precision and recall for the “outlier” pattern are 
76.2% and 92.4%, respectively; the “drift” pattern 
has moderate recall and precision, which is 85.4% 
and 85.1%, respectively. 

3.  In the validation dataset, the proposed model 
achieved over 97% precision and over 94% recall for 
“normal,” “missing,” “square,” and “trend” patterns; 
the “minor” pattern has over 88% precision and 
recall; the “outlier” pattern has over 82% recall and 
precision; and the “drift” pattern has 86.5% recall 
and 67.4% precision. 

 

Similarly, the internal interaction among the detection 
results for the testing dataset was also investigated and is 
presented using the confusion matrix (see Fig. 10) and 
corresponding examples (Fig. 9). 

In Fig. 10, the following important points can be 
observed: 

1. The proposed transformer-based model with the 
best-selected hyperparameters achieved 97.1% 
accuracy for the test dataset. 

2. The “normal,” “missing,” “square,” and “trend” 
patterns are predicted with more than 97% precision; 

 
 

 
 

the precision of “minor,” “outlier,” and “drift” 
patterns are 93.3%, 79.1% and 80.9% respectively. 

3. The recall of “normal,” “missing,” “square,” and 
“trend” patterns are over 95%; the recall of “minor,” 
“outlier,” and “drift” patterns are 89.8%, 71.9% and 
84.8% respectively. 

 

To further evaluate the performance of proposed 
modified transformer encoder model, it was compared with 
other variations of the transformer model. Table 5 presents a 
comparison of these models in terms of accuracy for 
training, validation, and testing datasets. 

In Table 6, it is evident that the transformer encoder 
with 1D-CNN Layers and without positional encoding 
achieved the highest test accuracy compared to the other 
variations. This model also has the smallest number of 
parameters (51K), which indicates that the proposed 
modifications lead to a more efficient and compact model. 
The removal of positional encoding contributes to improved 
performance in the validation and test datasets for the 
models with feed-forward layers and 1D-CNN layers. This 
suggests that positional encoding may not be as relevant for 
SHM anomaly detection, where anomalies can occur at 
different positions in the data sequence without a strong 
positional relationship. Replacing the feed-forward layers 
with 1D-CNN layers results in a significant reduction in the 
number of model parameters while maintaining or 
improving the model’s performance on the validation and 
test datasets. This indicates that the 1D-CNN layers are 
better suited for capturing local patterns in the data and 
detecting various types of anomalies. It is worth noting that 
the validation accuracies are lower than the test accuracies 
for all model variations. This discrepancy can be attributed 
to the misclassification of some common patterns, as 
elaborated in more detail later in this section. 

Furthermore, the F1 scores for all seven anomaly 
patterns obtained by the proposed transformer-based model 
are shown in Table 7. 

It is noticeable from Table 7 that the proposed 
transformer-based model has the highest F1 score of 99.8% 
for the “Missing” pattern, while the minimum F1 score 
obtained is 75.3% for the “Outlier” pattern. 

From the standpoint of the ground truth, as indicated in 
the rightmost column of Fig. 10, all seven data patterns 

 
 

 
 

Table 6 Performance comparison of transformer-encoder model variations 

Model Params
Accuracy 

Train Validation Test 
Transformer Encoder (with Feed-Forward Layers and with Positional Encoding) 446K 99.4% 94.2% 95.3% 

Transformer Encoder (with Feed-Forward Layers and without Positional Encoding) 446K 98.9% 94.5% 95.8% 
Transformer Encoder (with 1D-CNN Layers and with Positional Encoding) 51K 98.5% 95.1% 96.2% 

Transformer Encoder (with 1D-CNN Layers and without Positional Encoding) 51K 98.1% 96.3% 97.1% 
 

Table 7 F1 scores of the anomaly patterns for test dataset 
 Normal Missing Minor Outlier Square Trend Drift 

F1 score 98.5% 99.8% 91.5% 75.3% 98.6% 96.4% 82.8% 
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have been correctly identified. The recall accuracy of these 
seven sets of information varies from 71.9% to 99.8%, 
while the precision accuracy of all seven patterns varies 
from 79.1% to 99.9%. However, a few low precision and 
recall rates of “Outlier” and “Drift” patterns are due to five 
categories of misclassified patterns: “Normal” misclassified 
as “Outlier,” “Outlier” misclassified as “Normal,” “Trend” 
misclassified as “Drift,” and “Drift” misclassified as 
“Trend,” and “Outlier” misclassified as “Minor” pattern as 
shown in Fig. 10. The typical images of all seven patterns 
are shown in Fig. 6. These images serve as a basis for 
deducing the likely causes of these incorrect classifications. 
It can be seen that the only difference between the 
“Normal,” “Minor” and “Outlier” patterns is the presence of 
spikes in the “Outlier” pattern. Therefore, if the spikes are 
significantly higher above the typical range, this indicates 
that the relevant sample is an “Outlier,” as opposed to a 
“Normal” pattern or “Minor” pattern. In a similar vein, 
there is ambiguity in the labeling of “Trend” and “Drift” 
because numerous data are “trending with drifting.” This 
coexisting-pattern feature can be found in a significant 
number of the samples that were incorrectly classified. 

To put it another way, these examples are available in 
more than one pattern. During the stage that involves 
manually labeling the samples, however, each sample is 
only assigned a single pattern for labeling. As a result, when 
applied to those samples, the suggested model has a low 
detection performance. 

 
 

4. Conclusions 
 
This paper has proposed the novel application of a 

transformer-based data anomaly detection method for SHM 
systems. The proposed technique employs the univariate 
time-series data encoding method. The important statistical 
and frequency features are extracted from the raw data to 
enable the transformer-based model to easily differentiate 
anomalies from the normal data. In the transformer-based 
encoder model, two 1D-CNN layers are used instead of a 
feed-forward neural network to look at nonlinear patterns in 
the data. Moreover, the global average pooling 1D 
operation is applied before the final classification layer to 
avoid overfitting problems. The proposed transformer-based 
model is trained and validated with extracted features in 
statistical and frequency domains from the acceleration data 
of a long-span cable-stayed bridge in China. The 
experimental results confirm that the proposed method has 
the ability to detect and classify multiple types of anomalies 
from SHM data with 97.1% overall accuracy. Furthermore, 
the proposed transformer-based model has an F1 score for 
all seven patterns as 98.5%, 99.8%, 91.5%, 75.3%, 98.6%, 
96.4%, and 82.8%, respectively. Finally, the results 
demonstrate that the proposed method is robust to 
distinguish multiple types of anomalies from the sequential 
data, and it can be used for other time-series data. 

Despite the promising results, it’s essential to 
acknowledge the limitations in this study. Primarily, the 
statistical and frequency features were manually extracted, 
which may introduce bias or overlook potentially 
informative data patterns. Furthermore, the model was 

validated using a specific type of structure, which might 
limit the generalizability of the findings across different 
structural forms or other contextual anomalies are not 
present in the used dataset. 

In light of the aforementioned limitations and the 
potential that deep learning models present, future work 
will explore developing an end-to-end architecture that can 
process raw data directly, eliminating the need for manual 
feature extraction. This direction aims to enhance the 
model’s ability to autonomously learn and decipher useful 
and potentially novel features from the data. Furthermore, 
employing adaptive learning strategies will be investigated 
to bolster the model’s generalizability and responsiveness to 
varied, and particularly, infrequent, or novel anomalies 
across diverse SHM scenarios. 
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