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ABSTRACT

Harmful vibrations for long-span bridges are determined based on thresholds for
vibrational amplitude or wind speed. Such a one-size-fits-all approach is not feasible for
assessing the complex vibration patterns in different structural systems and fails to
work properly. In this regard, this study proposes the pointwise multiclass classification
of vibrations by leveraging the signal segmentation deep network. Time-frequency
analysis is first carried out to extract the time-varying frequency characteristics of the
dynamic acceleration responses. Time-frequency representations were then used to
establish input tensors for training deep learning networks, classifying sample points as
either traffic-induced vibration or vortex-induced vibrations instantaneously. The
applicability of the proposed framework was finally demonstrated using the actual
monitoring dataset collected from the cable-stayed bridge in South Korea.

1. INTRODUCTION

The vibrational serviceability of long-span bridges (LSBs) has been considered
essential for their operation and maintenance. In this regard, the hazardous vibrations
of LSBs are typically determined by whether the vibrational amplitude or wind speed
exceeds a predefined threshold [1]. However, such a one-size-fits-all method is not
feasible for in-situ applications due to the complex vibration patterns in different
structures. For example, the amplitude of weakly developed vortex-induced vibrations
(VIVs) could be similar to that of typical ambient vibrations, such as traffic-induced
vibrations (TIVs) [2]. In this situation, a threshold-based approach may fail to detect
VIVs properly. To overcome this limitation, this study proposed the pointwise multiclass
classification of vibrations by leveraging a signal segmentation deep network. Pointwise
classification has been utilized in acoustic classification or electrocardiogram (ECG)
recognition [3,4]. This study applied a pointwise classification for the instantaneous
classification of structural vibrational responses collected from structural health
monitoring (SHM) systems. To this end, a time-frequency analysis was first carried out
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to extract the dynamic features from dynamic accelerations. Then, such time-frequency
representations were used to establish input tensors for training deep learning (DL)
networks. The trained model finally classified sample points as either TIV or VIV
instantaneously. The applicability of the proposed framework was demonstrated using
the actual dataset of the cable-stayed bridge in South Korea.

2. METHODOLOGY

The proposed framework consists of the following steps: (1) data collection from
SHM and weigh-in-motion (WIM) systems, (2) time-frequency estimation via Fourier
Synchrosqueezed Transform (FSST), (3) pointwise classification using a Bidirectional
LSTM (Bi-LSTM). Fig. 1 illustrates the schematic diagram of the proposed framework.

Data collection from Fourier synchrosqeezed DL-based sequence-to-
SHM/WIM dataset transform (FSST) sequence classifier

Fig. 1 Schematic diagram of the proposed framework

2.1 Data collection

The training, test, and validation datasets were collected from the SHM and WIM
system of the twin cable-stayed bridge in South Korea in Fig. 2. The built-in SHM
system monitors the vertical accelerations of the bridge deck and the wind speed at the
center of the mid-span, while the WIM system collects traffic information such as
vehicle type, gross vehicle weight (GVW), and passing time.

Fig. 2 Investigated bridge
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Using these datasets, the labels of sample points were annotated as shown in Fig.
3. The high amplitude region that appeared immediately after the passing times of
vehicles (dotted line) was first annotated as TIV. Next, the datasets with large
vibrational amplitudes at a lock-in wind speed were selected as candidates for VIV
occurrences. After that, the single-mode dominant responses with a fundamental mode
of the candidates were labeled as VIVs. The remaining parts not annotated were
labeled as no vibration (NV). Fig. 2 shows the examples of labeling.
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Fig. 3 Data labeling
2.2 FSST

The difference between TIV and VIV is distinctive in both time and frequency
domains. TIVs are known to amplify the entire frequency range, including high-
frequency components (broad-banded response) [5—-6]. In contrast, VIV is a single-
mode motion (narrow-banded response). Thus, the time-frequency characteristics of
dynamic responses could be vital for classifying TIV and VIV. To this end, the Fourier
Synchrosqueezed Transform (FSST) was used in this study to extract time-frequency
information [7]. Compared with the conventional SFFT, the FSST provides narrower
and more concentrated time-frequency estimates. Furthermore, the FSST preserves
the same time resolution as the raw signal, which is useful for a model to learn more
information during the training process.

2.3 Bi-LSTM

This study utilized Bi-LSTM as a sequence-to-sequence regression model to
classify vibration types in a pointwise manner as shown in Fig. 4 [8]. The input tensor of
FSST is first fed into the input layer, connected to the Bi-LSTM layer. The output of the
Bi-LSTM layer is then conveyed to the fully connected layer, followed by a SoftMax
layer providing score information. The classifier layer finally determines the label for
sample points based on the scores. The network training minimizes the cross-entropy
loss function between the ground truth and the predicted probabilities. The 80/20
holdout rule was applied to use 80% of the datasets for train and the remaining 20% for
test purposes. Based on the grid search in the previous study [9], the optimal
hyperparameters were employed for the training process as follows: batch size = 20;
the number of hidden units = 150; learning rate = 0.001. Such hyperparameters
exhibited the best performance, with micro-F1 scores of about 0.95 [9].
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Fig. 4 Bi-LSTM
3. RESULTS

This section evaluates the field applicability of the proposed framework using the
monitoring data. The trained sequence-to-sequence classification model based on Bi-
LSTM was applied to the field monitoring data collected from the investigated bridge,
including test and validation data. The feasibility of the model for real-time applications
is then discussed.

3.1. Test data

Fig. 5 illustrates the representative classification results of TIV and VIV of test
data. The red shaded boxes and blue lines represent the ground truth and the
predicted results, respectively. It demonstrated the efficacy of the proposed framework
for classifying vibration types instantaneously, where the classified results agreed well
with the ground truths when the vibrational amplitude was sufficiently high. Several
false identifications were mainly identified at the sample points with negligible
amplitudes; however, the confusion matrix (Fig. 6) shows the overall accuracy
exceeding 94%. This result confirms the model performance for considerable vibrations.
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Fig. 5 Classification result: (a) TIV and (b) VIV
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Fig. 6 Confusion matrix

3.2. Validation data

The trained model was validated using datasets not used for training the network.
The validation data was collected under the situation that several vehicles passed the
bridge during the VIV occurrences. Fig. 7 shows the signal classification results for the
validation data. The model accurately classified VIV and TIV using only the acceleration
data. Even though VIV amplitudes were limited to those of TIVs, the pointwise classes
were identified well by the time-varying frequency characteristic of the vibration signal.
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Fig. 7 Results for the validation data
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4. CONCLUSIONS

This study proposed a pointwise signal classification framework of TIV and VIV
for LSBs using a deep-learning-based signal segmentation algorithm. The results
showed that the network classified TIV/VIVs with an accuracy exceeding 94% in the
near-real-time. It can detect not only strong VIVs but also limited VIVs. These aspects
allow bridge operators to keep track of the dynamic status of the bridge and take
prompt action against hazardous vibrations.

Nevertheless, this application would be more useful for a comprehensive and
robust assessment of the vibrational serviceability of bridges by resolving the following
limitations: (1) the labeling process in the proposed framework relies on engineering
judgment with high subjectivity; (2) the proposed framework may not be able to
distinguish TIVs from other broad-banded responses (i.e., buffeting responses); (3) Bi-
LSTM is a little outdated sequence-to-sequence regression model. Accordingly, the
following studies continue to (1) automate a labeling process using semi-supervised
approaches, (2) supplement the buffeting responses under high wind speeds to training
datasets, and (3) employ attention modules in the LSTM model.
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