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Abstract
Social infrastructure, such as road bridges and tunnels, is used in the long term; therefore, their structural integrity must
be maintained during this period. Currently, the soundness of social infrastructure is confirmed through visual and sound
inspections. However, these inspections are sensitive and difficult to perform and inexperienced inspectors may overlook
them. Although camera-based inspection can examine wide areas simultaneously, they only examine the surface structures
and not bridge components. Finite element method has been used to investigate the structural components by applying known
vibrations and observing the frequency responses. Road bridges vibrate owing to traffic. The internal structure of road bridges
can be investigated bymeasuring these vibrations. In this study, we propose a novel machine learning method that does not use
a Fourier transform. Our method directly estimates vibration information from structural images by improving a transformer.
We call this Vision Freqformer. Our method uses surveillance cameras to monitor road bridges. We assess the vibration
estimation accuracy and robustness of the bit rate. Consequently, our method achieved an estimation accuracy exceeding 71.6
% in tests using vibration data from the damper equations and Z24 dataset simulations.

Keywords Frequency · Neural Network · Vibration Monitoring · Vision Transformer · Surveillance camera

1 Introduction

Maintaining social infrastructure such as road bridges and
tunnels is extremely important for their long-term safe use. In
recent years, infrared [1] and laser light [2] have been used for
image analysis and visual inspection. Methods for analyzing
structural vibrations have been studied as alternatives to ham-
mer tests.Modal analysis [3] is a techniqueused to investigate
the state of a structure and the dynamic properties of systems
in the frequency domain. The structural health is monitored
by determining the natural frequencies and modal damping
ratios. Usually, in an operational modal analysis, it is neces-
sary to install an acceleration sensor [4, 5] connectedwired or
wirelessly to measure the vibrations. Although these sensors
are highly reliable for vibration measurements, they require
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considerable weight, costs, and installation time. Batteries
and communication relays are required even when wireless
units are used, resulting in considerable weight. Sensors such
as accelerometers provide pointwise information. They have
a low spatial resolution for measuring the entire structure
and may be insufficient for the analysis of large structures if
insufficient/large numbers of sensors are utilized.Contactless
sensors have also been investigated for this purpose. A laser
Doppler vibrometer [6] does not require the installation of a
large number of sensors, as is the case with accelerometers.
Laser Doppler vibrometers have a high spatial resolution;
however, they are extremely expensive and time-consuming
for large structures because of the time-sequential mea-
surement. Digital video cameras are inexpensive, have an
excellent spatial resolution, and can simultaneously measure
large areas. The method of employing digital video cameras
combines image correlation or optical flow [7, 8] to measure
structural vibrations and perform modal analysis. However,
many of these methods require speckle patterns [9] or addi-
tional markers [10, 11] to strengthen the correlations and
simplify feature-point tracking, which is a serious limitation.
Instead of using additional markers, some methods employ
video magnification techniques [12, 13]. These methods use
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Fig. 1 Comparison of selected methods vs proposed method

video magnification technology to convert microvibrations
into large vibrations and subsequently use image processing
to perform modal analyses [14]. Methods using a multiscale
pyramid [15] to perform modal analysis and machine learn-
ing [16, 17] improve the accuracy of vibration detection. A
method usingmachine learning for image processing has also
been proposed. The method using machine learning replaces
the object selection ofmeasurement areas [18, 19], frequency
analysis using Fourier analysis [20], and vibration extraction
using image processing [21].
We propose an improved implementation of the transformer
[22] that achieves state-of-the-art language processing and
vision transformer [23],which serves as a reference for image
input to the transformer. It is necessary to use multiple con-
secutive camera images when measuring and estimating the
vibration of a structure. This time-series analysis involves
analyzing the relationship between images in successive time
periods. Therefore, we focused on the attention structure pro-
posed byTransformer [22].We also extended the transformer
[22] to handle images [24, 25]. Methods that use image pro-
cessing are more complicated, and the number of operations
varies significantly depending on the image. However, the
proposed method can be easily configured using machine
learning libraries, and they can achieve scalability in cloud
services. This is because our method does not have condi-
tional branching, unlike image processing techniques.

A comparison of selected methods vs proposed method
introduced above is shown in Fig. 1. The accuracy of each
methodwas based on the results of previous research, and the
cost was estimated based on our own market research. First,
regarding frequency accuracy, laser Doppler vibrometers are
equivalent to or slightly more accurate than accelerometers.
This is because minute vibrations caused by light vehicles
cannot be measured using accelerometers because they are
buried in the noise [26]. Methods using image processing
have been reported to be less accurate than accelerometers
[27]. The proposed method can infer frequencies with more
than 71.6 % accuracy, which is comparable to that of the

method using image processing. Second, the laser Doppler
vibrometer is the most expensive. Installation costs are
extremely high for the methods using accelerometers. Some
image processing methods require high-resolution images
of structures to measure vibrations, making it impossible to
use existing surveillance cameras. However, the proposed
methoduses images obtained fromexisting surveillance cam-
eras. Therefore, the proposedmethod is slightly cheaper than
the image processing method.

2 Vision Freqformer

The model structure of the proposed Vision Freqformer is
illustrated in Fig. 2. Instead of dividing a single image into
multiple patches as a vision transformer [23], the Vision Fre-
qformer takes as input a patch from which a specific area of
a temporally continuous image is extracted. Focusing on the
oscillation periodicity, t and t+i are similar,which represents
a half-period, and t + 2i is one period. Inferring the position
of i , that is, time-series analysis, allows the frequency to be
inferred.

2.1 Input Layer of the Vision Freqformer

The bottom-right side of Fig. 2 shows how the input image is
handled in the input layer of the Vision Freqformer. xt where
(H ,W ) is the resolution of the original image, and C is the
number of channels in the input image at time t in the video,
which includes the object for the frequency inference. The
small patch is defined as x̃tp where (P, P) is the resolution
of the image patch at position (xc, yc) in xt . The small patch
x̃tp is equivalent to the image patch in the vision transformer
[23]. x̃t+1

p denotes a patch image at time t + 1 in the video.

Similarly, x̃
t+Np
p denotes the patch image at time t + Np in

the video. These are combined as x̃p ∈ R
Np×(P2·C). Then,

if the oscillation is periodic and at period T , it returns to the
same state at time t + T with respect to time t . We define
difference image xt+i

p ∈ R
Np×(P2·C), where 0 ≤ i ≤ Np, as

follows:

xt+i
p = x̃t+i

p − x̃tp (1)

"-" in Fig. 2 represents the operation ofEq. (1). The difference
image, xt+i

p , becomes nearly zero in phases, for example,
T and T /2, where T is the period of the vibration. There-
fore, the vibration frequency can be determined from time T
using the frame interval of the video. The difference image
improves the ability to infer frequency. Next, xt+i

p is flat-
tened and embedded. The proposed Vision Freqformer uses
the same process as the vision transformer [23] until the posi-
tion is embedded, where the length of the embedded vector is
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Fig. 2 Left figure shows the vision transformer model [23] and the right figure shows the proposed method
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D, and the weight of the embedding layer is E ∈ R
(P2·C)×D .

xt+i
p ∈ R

(P2·C) is the t + i th patch vector, and ";" denotes the
coupling in the patch direction. xt+i

p E ∈ R
D is the t + i th

embedded vector whose length is D. Here, xclass ∈ R
D is the

class token indicated by the CLS in Fig. 2 and the position
embedding is Epos ∈ R

(Np+1)×D , and the output z0 of the
input layer is as follows:

z0 = [xclass; xt+1
p E; xt+2

p E; · · · xt+Np
p E] + Epos

z0 ∈ R
(Np+1)×D (2)

"+" in Fig. 2 represents position embedding. As described
above, the proposed method determines the frequency by
observing the periodicity of the difference images, rather than
by tracking the object.

2.2 Encoder Layer

Similar to the vision transformer [23], the encoder layer con-
sists of alternating layers of multiheaded self-attention and
multilayer perceptron (MLP) blocks, as shown in Fig. 2.
Layer normalization is applied before each block, and resid-
ual functions are applied after each block.

2.3 Linear Regression Layer

The output of the encoder layer of the Vision Freqformer is
z0L ∈ R

D , the weight of the linear layer isWy ∈ R
D and the

output of the Vision Freqformer is as follows:

y = LN(z0L)Wy (3)

The output y is the inference of the vibration frequency.

3 Simulation

The Vision Freqformer utilizes surveillance cameras to mon-
itor the infrastructure and bridges are used as infrastructure
subjects. We assessed the robustness of the vibration esti-
mation accuracy and bit rate. To confirm the effectiveness
of the proposed method, we verified the vibration inference
performance using images of the simulated vibrations. For
this simulation, we used the International Organization for
Standardization (ISO) resolution chart [28] and pictures of
the Hirakata Bridge in Japan shown in Fig. 3.

3.1 Dataset construction

The dataset was developed using vibration data derived from
the general equation of an underdamped damper system as

Fig. 3 The upper one is Hirakata Bridge, and the lower one is Tennozan
Bridge

follows:

x = Ae−γ t cos(ωt + α)

∀A, α ∈ R (4)

The frequency of this equation is f = ω/2π and the ampli-
tude is A. The damping ratio was controlled using γ . The
values of f , A, and γ were randomly generated between 0.5
Hz and 15.0 Hz, 0.5 pix and 3 pix, and 0.5 and 2.0, respec-
tively, resulting in multiple samples of damped oscillations,
each with a duration of 3 s. Based on the vibration data,
we used numerical simulations to create an ISO chart and
bridge image to simulate bridge vibration. The ground truth
is f in Eq. (4). For training, validation, and testing, 7395156,
1811813, and 36976 images, respectively were generated. In
this simulation, camera frame rate was 30 frames per second
(fps).

3.2 Parameters of the Vision Freqformer

The parameters of the proposed Vision Freqformer are listed
inTable 1.Batch learning anddropoutwere introduced topre-
vent overfitting. High-definition videos were used because
current surveillance cameras are high-definition and can pro-
vide a wide view of the structure. Np = 36 is equal to 1.2
s under 30 fps. Therefore, the proposed method could pre-
dict values ranging from 0.833 to 15.0 Hz. The camera was
installed 70 m away from the Hirakata Bridge. The bridge
was located approximately 14 m above the camera position.
The spatial resolution of the bridge imagewas approximately
0.02 m/pixel. Therefore, a 24 pixels patch corresponded to
an area of 0.48 m.

3.3 Training Parameters

The following parameters used for the learning phase are
described in Table 2.
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Table 1 Network parameters

Parameter Symbol value

image height H 1080 pix

image width W 1920 pix

camera frame rate - 30 fps

number of color channels C 3

patch size P 24 pix

number of patches Np 36

dimensions of embedded vector D 576

number of encoders L 3

number of SA heads k 16

dimensions of output vector from SA Dh 1152

3.4 Results

During the inference phase, we used 36976 images that were
not used for training. The absolute error (AE) was used
to evaluate the inference accuracy. Consequently the mean,
maximum, and minimum AEs were 0.161 Hz, 9.36 Hz, and
8.77 × 10−6 Hz, respectively. The frequency resolution of
the fast Fourier transform (FFT) was approximately 1.67 Hz,
where the camera frame rate was 30 fps and the number of
patches was 36. The absolute difference between the infer-
ence value and the ground truth was less than 1.67 Hz, which
was considered correct. Therefore, the accuracy was 98.5 %.

4 Experiment

4.1 Bit rate Robustness

Here, the images of the Tennozan Bridge in Fig. 3 were
used because they were not used for training. The length
of the Tennozan Bridge is approximately the same as that
of the Hirakata Bridge. The spatial resolution of the Ten-
nozan Bridge image was the same as that of the Hirakata
Bridge. We investigated the performance at the expected bit
rate for surveillance cameras. The encoding format was set
to H.264, and the bit rates were set to 512, 768, 1024, 1280,

Fig. 4 Robustness of bit rate

1536, 1792, and 2048 kilobits per second (kbps). To generate
damped oscillations, the vibrations were simulated using the
underdamped damper equation shown in Eq. (4). f , A, and
γ were randomly generated to create 3 s data. The results
are presented in Fig. 4. Given a camera frame rate of 30 fps,
corresponding to intervals of approximately 33 ms and a fre-
quency resolution of 1.67 Hz in the short-time FFT over 36
frames, which constitutes the analysis unit of the Vision Fre-
qformer. The accuracies at 1,280 kbps and 2,048 kbps were
71.06% and 85.01%, respectively. These bit rates are higher
than those used for the long-term storage of surveillance cam-
eras because they are a practical rate for live streaming. If it
is necessary to reduce the amount of data, a sufficiently small
data size can be achieved by streaming only a selected portion
of the bridge image.

4.2 Z24 dataset validation

In the second validation, we utilized the dataset accumulated
at the Z24 bridge in the canton of Bern and spanned the A1
highway between Bern and Zürich [30–33]. The Z24 dataset
consists of the long-term continuous monitoring test during
the year and the progressive damage test over a month. We
used one-week data from "Week 01 day 3 14 h, channel 10"
to "Week 02 day 2 14 h, channel 10" in the Z24 dataset. The
Z24 dataset was sampled at a frequency of 100 Hz. With

Table 2 Training parameters parameter value

loss function Mean Squared Error

batch size 128

epochs 50

optimization method Adam: A Method for Stochastic Optimization [29]

learning rate 1e−6

γ (adam parameter) 0.7

dropout rate 0.01
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Fig. 5 Resampled Z24 Data "Week 01 day 3."

Fig. 6 Distribution of absolute differences between the ground truth
and inference on "Week 01 day 3."

the Vision Freqformer, the camera rate had a sampling fre-
quency of 30 fps. Therefore, with the Vision Freqformer, it
is possible to estimate up to approximately 15 Hz based on
the sampling theorem. The natural frequency of the bridge
is between 0.1 and 11.0 [Hz] [34, 35]. Therefore, a low-pass
filter with a cutoff frequency of 15 Hz was applied to the
Z24 dataset to remove the high-frequency components. Sub-
sequently, normalization was performed using Eq. (5), where
x is the original data point, μ is the mean value of the data,
and max(x) is the maximum value of the data. Therefore,
z � 1.

z = x − μ

max(x) − μ
(5)

z is resampled to match the camera frame rate using linear
interpolation. The normalized and resampled data are shown
in Fig. 5. (See Fig. 6)

The resampled dataset, as shown in Fig. 5 has a max-
imum amplitude of 0.2, which was scaled such that the
maximumamplitudewould be 2.0 for the simulation. Similar
to the bit rate robustness, it was applied to the image, creat-
ing approximately 30 s of vibration video and allowing for
900 inference cycles. The frequency spectrum was obtained
from the resampled dataset using a short-time FFT over a

Table 3 Results for one week

Day correct inference Accuracy

Week 01 day 3 641 71.2 %

Week 01 day 4 676 75.7 %

Week 01 day 5 609 62.3 %

Week 01 day 6 740 77.9 %

Week 01 day 7 587 65.2 %

Week 02 day 1 735 86.0 %

Week 02 day 2 563 62.6 %

Average Accuracy 650 71.6 %

1.2 s interval. The Ground truth was the frequency with the
strongest power obtained by the short-time FFT. Similar to
the bit rate robustness, the accuracy was calculated by con-
sidering the predictions correctly if the absolute difference
between the predicted and ground truth was within 1.67 Hz,
based on the short-time FFT frequency step. The results for
one week are summarized in Table. 3. The accuracy of the
Z24 data was 71.6 %. A spectrogram for approximately 30
s is shown in Fig. 7. The inference result from the Vision
Freqformer was superimposed with "·" markers. The areas
where the Vision Freqformer inferred values coincided with
the areas of high spectral power were correctly inferred. Real
bridges do not vibrate at one frequency but at multiple fre-
quencies. The Vision Freqformer estimates the frequency
with the highest power. Therefore the absolute difference
between the frequency calculated from the accelerometer and
that calculated by the Vision Freqformer was 1.67 Hz or less
was considered the correct inference.

AEt = |max(Ft ) − It | (6)

where t is time and AEt is the absolute difference between
frequency Ft calculated from the accelerometer and fre-
quency It inferred by the Vision Freqformer. Therefore, the
accuracy of the inferences is as follows:

C = count(AEt < 1.67)

N
(7)

where count(x) is the frequency under condition x and N is
the number of inferences.

5 FutureWork

Actual bridges are constantly vibrating owing to traffic, such
as cars and trucks, as well as vibrations resulting from natu-
ral phenomena, such as wind. Furthermore, these vibrations
are not limited to one dimension; they also occur in three
dimensions. These vibrations can also be considered com-
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Fig. 7 Spectrum of the Z24
dataset and of the Vision
Freqformer on "Week 01 day 3."

binations of multiple damped oscillations. Therefore, it is
necessary to verify the use of more realistic vibrations. The
spatial resolution of the bridge images strongly correlates
with the magnitude of the vibrations. Therefore, it is neces-
sary to verify the spatial resolution. The verification of the
proposed method was performed under the condition that
the camera was completely fixed. In reality, cameras vibrate
because of factors such as traffic andwind. It ismuch easier to
attach an accelerometer to a camera to measure vibrations.
Therefore, the separation of these vibrations must be con-
sidered. Finally, while benchmarking against other methods
such as those using image processing, long short-term mem-
ory (LSTM)[36], or a convolutional neural network-LSTM
(CNN-LSTM)[37] is required, these methods do not directly
determine frequencies. Instead, they derive a frequency anal-
ysis by obtaining temporal variations in the amplitude and
then performing an FFT. However, a direct comparison is
difficult. Therefore, it is necessary to consider methods for
comparing similarmethods. As discussed in this study, vibra-
tions in bridges caused by traffic cannot be analyzed through
long-term frequency analysis owing to damping, making the
analysis using a short-time FFT meaningful in this context.

6 Conclusions

We proposed the Vision Freqformer, an improved vision
transformer [23] that can infer the periodic motion frequency
of structures such as bridges efficiently. Theproposedmethod
directly determines the frequencies of the structures. Our
proposed method can infer the frequency with an accuracy
exceeding 71.6%.Using surveillance cameras,we confirmed
that the method is robust to bit rates and achieves an accu-
racy of over 71 % at 1280 kbps or higher. As described in the
Future Work section, further validation is required; however,
we demonstrated the potential of using surveillance cameras
to monitor vibrations.
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