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ABSTRACT

Recent advances in computer vision and graphics have shown that regular, monocu-
lar cameras and video (e.g. cell phone cameras and Digital SLRs) can be used to identify
the resonant frequencies of structures, and even image visually subtle operational deflec-
tion shapes. This paper is offered as a teaser for that work, focusing specifically on an
example that may be of interest to people in the structural health monitoring (SHM)
community. The discussion is high-level, and presented in an intentionally casual tone
(much of the paper presents an anecdote — about recovering the operational deflection
shape of an airplane wing using a cell phone and a dish sponge — using the first per-
son). Our hope is to make this text as accessible and painless to read as possible, with
hopes of introducing readers from different engineering disciplines to our related work
in computer vision and graphics.

INTRODUCTION

Cameras have become one of the most ubiquitous technologies of our time. Massive
demand, driven largely by consumer photography, has led to rapid advances and cost-
reduction in imaging technology. As these improvements outpace the development of
other technologies, visual solutions to many problems in engineering become increas-
ingly appealing. This paper is offered as an example to illustrate how low cost camera
technology could play a role in the future of structural health monitoring (SHM).

The vibrations of structures are most commonly measured with contact sensors like
accelerometers that require physical access to a structure and can be labor intensive to put
in place. Recently, there has been much interest and development in the use of computer
vision based methods for vibration measurement and SHM [1-7]. Cameras have the
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potential to offer an inexpensive, easy to setup, and accurate way to characterize the
vibration behavior of structures and track damage over time.

VISUAL VIBRATION ANALYSIS IN VISION AND GRAPHICS

Our work builds on several recent works in computer vision and graphics that deal
with recovering, analyzing, and visualizing very small motion in video [8-15]. We
begin with a high-level overview of this work and how it relates to our own. For a more
detailed summary, refer to [15].

Eulerian Motion Estimation in Video

Like prior work, we use an Eulerian approach to estimating motion in video, based
on the complex steerable pyramid [16, 17]. The basic idea behind this approach is that
motion can be measured by examining how image gradients (i.e. edges) shift locally
around each point in an image. We use this to recover local signals describing the motion
around every pixel in an image, across all frames of a video. For the purposes of this
paper, we consider separate signals describing the motion at each pixel along different
spatial orientations within a video (e.g. one signal describing motion across columns of
pixels in a video, and another describing motion across rows). The signal u(6,x,y,t)
then describes displacement of pixel z, v in the direction 6 at time ¢. For convenience,
we will also use the shortened notation u,(¢) to indicate local motion signals for some
location and orientation #, x, and y.

In practice, the local motion signals u,(t) are always weighted by a measure of local
image contrast, which we will not describe here. This is done to place higher confidence
on parts of a video with stronger texture, where motion can be more precisely estimated.
Intuitively, if a completely white object were moving in front of a completely white
background, we would see no evidence of this motion in a video — we would simply
see white on white. Weighing local motion signals by local image contrast ensures that
such ambiguous cases won’t introduce large amounts of noise into calculations. For a
discussion on weighing local motion, refer to [15].

Video Motion Spectra

By taking the Fourier transform of local motion signals F'(u,(t)), we can examine the
spectra of local motions in a video. Recall that modal frequencies w; are global properties
of an object. This means that the power spectra of all local motion signals u,(t) that
measure the same object should have spikes at the same resonant frequencies. This holds
even if two points on the object move with opposite phase or in different directions at a
given frequency. This observation allows us to average across local video motion spectra
Up(w) = F(u,(t)) to find mode frequencies w; by looking for peaks in a single global
spectrum. To find resonant frequencies, we want local motions with opposite phase to
add constructively into our global signal. To accomplish this, we simply add the power
spectra of local motion signals to calculate a global power spectrum P(w):

Pw)=) | Uw) =) | Fludt)) [ (1)



Modal Imaging

The global power spectrum P(w) will serve as our main tool for identifying the
frequencies of operational deflection modes in video. We can use this signal in much
the same way that we would use a power spectrum recovered from any other type of
vibration sensor. However, the spatial resolution of video also offers us use of the local
video motion spectra Uy(w). While the modal frequencies w; are global properties of
an object, which we can assume to be shared by all local video motion spectra, local
vibrations across the object are scaled according to mode shapes ¢;. In video, this means
that the magnitude of motion from each vibration mode should be scaled by a projection
of the corresponding shape ¢;. We can estimate this projected shape by computing what
we call a modal image, which is an image U, (x,y) of temporal Fourier coefficients
corresponding to motion at a common frequency, or set of frequencies associated with a
common mode.

In the simplest case, our modal images are frequency slices of a spectral volume
U(z,y,w) = Fy(u(z,y,t)), where F; denotes a Fourier transform along the time dimen-
sion only. In practice, we weigh and filter our local motion signals before taking their
Fourier transform. For details on how that is done, refer to [15].

PREVIOUS APPLICATIONS

The methods described above were developed over a number of different projects,
addressing a number of different applications. Here we summarize those applications,
with references, for curious readers:

The Visual Microphone [12] This work showed that vibrations caused by sound could
be extracted from video to recover audio, effectively turning visible objects to
visual microphones from a distance. An earlier version of video motion spectra
were used in this work in an attempt to equalize recovered sounds, correcting for
the resonance of objects being measured.

Visual Vibrometry [13,18] This work used video motion spectra to identify the reso-
nant frequencies of objects in video, in order to identify material properties.

Interactive Dynamic Video [14] This work introduced an interface for selecting and
visualizing modal images from a global video motion power spectrum, and used
selected modal images as a basis for the interactive simulation of objects in video.

MODAL IMAGING IN THE WILD
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Modal imaging can be a powerful tool for analyzing vibrations in real world setting.
Cameras offer a number of significant advantages over other more traditional vibration
sensors. Because cameras are passive and offer significant spatial resolution, it is often
possible to simply point a camera at an object and analyze its vibrations with little setup
or advanced planning. Figure 1 shows an anecdotal but compelling example.

In the summer of 2015 I took a flight from Boston to San Francisco to present our
paper “Long Distance Video Camera Measurements Of Structures” [19] at the 10th In-
ternational Workshop on Structural Health Monitoring IWSHM 2015), held at Stanford.
As third author I had not expected to present the paper, but inherited the task when the
first two authors became unavailable.

Noting that several other papers at the conference focused on SHM of aircraft using
modal analysis, I decided to run an experiment from the window seat of my flight to the
conference. Using a sponge, I propped my cell phone up against the window (Figure 1
top left), pointed at the airplane’s wing, and recorded about two minutes of 30fps video
(Figure 1 bottom left).

Upon arriving at my hotel for the workshop, I selected 102 seconds of clean video
(cropping portions where I had to adjust the camera at the beginning and end) and ran
projection-only video stabilization on the remaining footage using Adobe After Effects
CS6 (meaning that I only stabilized frame-to-frame motion that was uniform across the
entire image plane). I then uploaded the stabilized video to our server at MIT and ran
our modal imaging code. The right half of Figure 1 shows our mode selection inter-
face (which lets users visualize modal images at selected frequencies) and a selected
mode at 2.5245Hz. I predicted that this mode was the dominant bending mode of the
airplane wing, and reported the result to Justin G. Chen, my coauthor from the Civil and
Environmental Engineering Department at MIT.

Justin was able to find the model aircraft that I had taken by looking up the flight
number. He was then able to find a reference for the dominant flex mode of that aircraft,
which was reported as 2.584 Hz [20]. This is less than 3% off from the frequency we
predicted from video. Considering the effects of temperature and fuel in the wing, and
that the video was taken on the fly (literally) with no special equipment (other than a
common dishwashing sponge) this is a rather impressive result that illustrates potential
for casual and ubiquitous SHM.
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Figure 1. On a flight from Boston to San Francisco to present our paper [19] at the International
Workshop on Structural Health Monitoring IWSHM), I filmed the airplane wing from a window seat in
the cabin using my cell phone. To record the video, I wedged my phone under the window blind with a
common household sponge (top left). On the bottom left we see a frame from the captured video. On the
top right we see the global power spectrum recovered from the video. On the bottom left we see the
modal image for a predicted flex mode at 2.5245 Hz, which is less than 3% off from the reported value of
2.584 Hz [20]. The modal image is for the z dimension of the video. The opposite blue/red phase
relationship on parts of the wing are likely the result of rotation relative to the optical axis of the camera.

CONCLUDING REMARKS

This anecdote provides an example for how accurate vibration measurements can
be made with a smartphone. Cameras can range from extremely expensive high-speed
laboratory units to inexpensive cell phone and web cameras. Smartphones such as the
iPhone 7 plus and the Google Pixel can already record at resolutions (4K) and frequen-
cies (240 fps) with sufficient quality to measure the vibrations of most large civil and
aerospace structures and machinery. There are some issues to be worked out (such as the
effects of camera motion and video compression), but consumer cameras have proven to
be useful for video-based methods for structural health monitoring, and the ubiquity of
these devices offers exciting new possibilities for the field.
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