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Abstract—Event cameras can capture scene dynamics at the
microsecond level, enabling vibration measurement that contains
a high-frequency component. In this paper, we propose an event
vision-based vibration measurement method via dynamic mode
decomposition (DMD), a spatio-temporal analysis method for
multidimensional time-series data based on the linear dynamical
model. By analyzing event data using DMD, we can extract
vibration components with the aid of physics models.

Index Terms—Dynamic mode decomposition, Event camera,
Non-contact vibration measurement.

I. INTRODUCTION

Vibration measurement is fundamental for structural health
monitoring [1] and mechanical fault diagnosis [2]. To mea-
sure vibration, traditionally, contact-type sensors such as ac-
celerometers and piezoelectric sensors have been used [3]–
[5]. These contact-type sensors are often unsuitable for in-
accessible targets, such as high-voltage or high-temperature
equipment, and culturally significant artifacts. Moreover, phys-
ical contact between the sensor and the vibrating object alters
vibration characteristics due to mass-loading effects [6], [7],
thereby degrading measurement accuracy.

Non-contact vision-based vibration measurement methods
have attracted considerable attention [8]–[19]. These methods
estimate vibration by analyzing temporal variations in the light
reflected from an object, allowing measurement without phys-
ical contact. They not only address the limitations of contact-
based sensors, but also facilitate full-field vibration analysis
by leveraging the spatio-temporal information captured by
cameras.

Several vision-based vibration measurement methods that
analyze high-speed video have been proposed [8]–[10]. Based
on high-speed imaging, these methods can capture high-
frequency vibration components that are difficult to detect
using standard video cameras that typically operate at 30 fps.
Davis et al. [8] proposed a method that analyzes phase changes
in high-speed video. They construct an image pyramid for each
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frame and then apply spatial filters to analyze spatial phase
changes due to vibration. Although this method is effective for
high-frequency vibration analysis, its practical applicability is
limited due to the high cost of high-speed cameras and the
substantial computational resources required to process high-
frame-rate video.

To overcome this issue, event vision-based methods have
been proposed [11]–[13]. Event cameras asynchronously sam-
ple brightness changes in each pixel, enabling rapid and effi-
cient capture of scene dynamics [20]. Dorn et al. [13] proposed
a phase analysis method using a complex Gabor filter. They
analyzed vibration-derived phase changes in the spatial domain
for each pixel and extracted vibration components by applying
principal component analysis (PCA).

Although event data essentially contain vibration-related
spatio-temporal structures, conventional methods extract dom-
inant vibration components by merely aggregating spatial
information. Incorporating physics knowledge of the vibra-
tion phenomenon into vibration measurement would enable a
physically interpretable extraction with high accuracy.

In this paper, we propose an event vision-based vibration
measurement method on the basis of dynamic mode decom-
position (DMD), a framework for analyzing spatio-temporal
structure from multidimensional signals [21]–[25]. The main
contribution of this paper is the incorporation of a physics
model into event-based vibration measurement through DMD.
DMD is a spatio-temporal modal decomposition method that
assumes linear dynamical system. Based on the DMD frame-
work, we can extract vibration components through analysis of
the dynamical system of the vibration contained in the event
data.

II. PROPOSED METHOD

Fig. 1 shows an overview of our proposed method. The
event data at the pixel position p and the time τ , denoted by
E(p, τ), contains polarity information {+1,−1, 0}, signifying
an increase, decrease, or no change in brightness, respectively.
The proposed method extracts vibration components from
E(p, τ) based on the DMD framework.

A. Observation Matrix Construction

We partition the event data into uniform spatial and temporal
grids along both temporal and spatial axes, and calculate the
total value of events within each spatio-temporal voxel. This
aggregation produces an observation matrix that preserves
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Fig. 1: Overview of our proposed method

amplitude information while mitigating the noise in the raw
event data.

Let the indices for the spatial and temporal grids be n =
{1, . . . , N} and t = {1, . . . , T}, respectively. The (n, t)-th
component of the resulting matrix Y ′ ∈ RN×T , denoted by
[Y ′]n,t, is obtained as

[Y ′]n,t =
∑
p∈Sn

∑
τ∈Tt

E(p, τ) , (1)

where Sn and Tt denote the set of spatial and temporal indices
corresponding to the n-th spatial grid and the t-th temporal
grid, respectively.

By subtracting the temporal average of Y ′ for each n, we
obtain the observation matrix Y ∈ RN×T . The t-th column
of Y , denoted by yt ∈ RN , is obtained as

yt = y′
t −

1

T

T∑
t=1

y′
t , (2)

where y′
t denotes the t-th column of Y ′.

B. Spatio-temporal Analysis Based on DMD

Based on the DMD framework, the sequence of {yt}Tt=1,
denoted by Y1:T = [y1, . . . ,yT ] ∈ RN×T is modeled
under the assumption of a linear dynamical system: Y2:T ≈
FY1:T−1, where F ∈ RN×N denotes a state transition
matrix representing a linear discrete dynamical system. By
analyzing F , we can decompose Y into the set of DMD modes
containing spatio-temporal structures governed by the linear
dynamical system.

To obtain F , we solve the least squares problem as

F = argmin
F

∥Y2:T − FY1:T−1∥22 . (3)

We then perform eigendecomposition on F to obtain the
J eigenvalues and eigenvectors as F = WΛW−1, where
W = [w1, . . . ,wJ ] ∈ CN×J is the matrix whose columns are
the eigenvectors of F . In addition, Λ = diag(λ1, . . . , λJ) ∈
CJ×J is the diagonal matrix containing each eigenvalue.

In the DMD framework, the j-th eigenvector wj and
corresponding eigenvalue λj represent the spatial structure and
temporal oscillation with the growth or decay of the j-th DMD
mode, respectively, derived from the linear dynamical system.
Additionally, βj = imag(fs ln(λj))/2π, where imag(α) and
fs respectively denote the imaginary part operator and sam-
pling frequency, represents the temporal frequency [Hz] of

(a) Object #1 (b) Object #2

Fig. 2: Measurement objects

the j-th DMD mode. In the following, we refer to wj , βj ,
and λj as the DMD eigenvector, DMD frequency, and DMD
eigenvalue, respectively.

By using {wj}Jj=1 and {λj}Jj=1, yt can be decomposed as

yt ≈ F t−1y1 = WΛt−1b =

J∑
j=1

λt−1
j bjwj , (4)

where b = [b1, b2, . . . , bJ ]
⊤ = W−1y1 ∈ CJ denotes the

amplitudes of each DMD mode.

C. Vibration Measurement by DMD Mode Selection

A DMD mode with a higher DMD amplitude bj represents
a more dominant spatio-temporal structure in Y , which is
expected to represent the vibration component. Based on this,
we extract the t-th vibration components xt ∈ RN by selecting
DMD modes corresponding to the top p proportion of DMD
amplitudes {bj}Jj=1 as

xt =
∑
j∈Ω

λt−1
j bjwj , (5)

where Ω is the set of indices of the selected DMD modes.

III. EXPERIMENT

To assess the vibration measurement performance, we cap-
tured two vibration objects, as shown in Fig. 2. We used an
event camera (Prophesee SilkyEvCam VGA) with a resolution
of 640×480 and a minimum time resolution of 10−6 seconds.

A. Experimental Setup

Measurement Object #1: We captured the vibration of an
aluminum foil placed on a speaker, as shown in Fig. 2 (a). In
this experiment, the foil was vibrated by playing two audio
signals provided in a previous study [8]: “Mary” and “Once”.
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Fig. 3: Qualitative evaluation by spectrograms for Object #1. Top row: “Mary”. Bottom row: “Once”.

The audio signals were treated as ground truth vibration
signals.

As evaluation metrics, we used the cosine similarity and
root mean square error (RMSE) between the amplitude spec-
trogram of the estimated and the ground truth vibration signals.
Since the ground truth is a one-dimensional audio signal while
the estimated vibration component {xt}Tt=1 is multidimen-
sional, PCA was applied to {xt} for dimensionality reduction,
treating it as an estimated signal.

For comparison methods, we used three event-based meth-
ods: EvSum [11], EvPhase [13], and EvPhasePCA [13]. Ev-
Sum reconstructs a vibration signal by simply aggregating
event data among all pixels. EvPhase extracts local phase
changes derived from vibrations using a complex Gabor filter
for a manually selected single pixel. EvPhasePCA extracts the
vibration signal by performing PCA on the multidimensional
signal obtained by the EvPhase method.
Measurement Object #2: To analyze the capabilities of
spatio-temporal analysis of our method, we conducted addi-
tional experiments with a simple vibrating object. Specifically,
as shown in Fig. 2 (b), we captured a computer fan rotating
at a constant speed. This fan has seven blades and rotates
at approximately 1600 rpm, resulting in a blade passing
frequency of 187 Hz. By analyzing the DMD eigenvectors and
eigenvalues, we examined spatio-temporal structures extracted
by our method.

Based on preliminary experiments, we set the number of
spatial grids N to 19200. The number of temporal grids T
was set such that each temporal interval had a duration of
1/2200 seconds. The proportion for the DMD mode selection
p was set to 70 %.

B. Experimental Results

Object #1: Table I shows the comparison results using cosine
similarity and RMSE. Our method exhibits the largest cosine
similarity and the smallest RMSE for both vibrations, indicat-
ing superior performance over other methods. Fig. 3 shows

TABLE I: Quantitative comparison for Object #1.

Method
“Mary” “Once”

Cosine sim. RMSE Cosine sim. RMSE

Ours 0.97 0.009 0.89 0.011
EvSum [11] 0.75 0.021 0.62 0.018
EvPhase [13] 0.62 0.025 0.59 0.014

EvPhasePCA [13] 0.87 0.014 0.71 0.012
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Fig. 4: Experimental results for Object #2.

the spectrograms of the extracted vibration signals. Compared
to other methods, our method can extract the time-frequency
structures of the vibration signals more accurately.
Object #2: Fig. 4 (a) shows the DMD spectrum, a scat-
ter plot of DMD eigenvalues and the corresponding DMD
amplitude. We can see that the DMD frequency with the
highest DMD amplitude (187.91 Hz) closely matches the
actual blade passing frequency of the computer fan (187 Hz).
Fig. 4 (b) visualizes the DMD eigenvectors corresponding to
the four highest DMD amplitudes, with each DMD frequency
represented by a distinct color. We can see that our method
effectively decomposed the spatio-temporal structures of vi-
bration dynamics of the fan such as wings and bearings.

IV. CONCLUSION

We proposed an event vision-based vibration measurement
method based on the DMD framework. By performing DMD
on an observation matrix constructed from event data, we can



accurately extract spatio-temporal vibration components with
a physically meaningful interpretation.
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