
Analyzing Physical Impacts using Transient Surface Wave Imaging

Tianyuan Zhang1 Mark Sheinin1 Dorian Chan1 Mark Rau2

Matthew O’Toole1 Srinivasa G. Narasimhan1

1Carnegie Mellon University 2Stanford University

Abstract

The subtle vibrations on an object’s surface contain in-
formation about the object’s physical properties and its in-
teraction with the environment. Prior works imaged sur-
face vibration to recover the object’s material properties
via modal analysis, which discards the transient vibra-
tions propagating immediately after the object is disturbed.
Conversely, prior works that captured transient vibrations
focused on recovering localized signals (e.g., recording
nearby sound sources), neglecting the spatiotemporal re-
lationship between vibrations at different object points. In
this paper, we extract information from the transient surface
vibrations simultaneously measured at a sparse set of object
points using the dual-shutter camera described by Sheinin
et al. [37]. We model the geometry of an elastic wave gen-
erated at the moment an object’s surface is disturbed (e.g.,
a knock or a footstep) and use the model to localize the dis-
turbance source for various materials (e.g., wood, plastic,
tile). We also show that transient object vibrations contain
additional cues about the impact force and the impacting
object’s material properties. We demonstrate our approach
in applications like localizing the strikes of a ping-pong ball
on a table mid-play and recovering the footsteps’ locations
by imaging the floor vibrations they create.

1. Introduction
Our environment is teeming with vibrations created by

the interaction of physical objects. Some vibrations, like
a knock on the door or the sound of a ball bouncing off
the ground, can be perceived by humans because they are
transmitted from the vibrating object’s surface via the air.
However, many vibrations that fill our world are too subtle
for auditory-based remote sensing. Moreover, much like
ripples in a pond, the transient spatial shapes such vibrations
create on object surfaces are a visual cue that can disclose
the source of the disturbance and other object properties.

Object vibrations can be divided into two main types:
transient and modal. For example, consider the vibrations
of a tuning fork. When struck, the impulse creates tran-
sient waves propagating from the impact source until they

[37]

Figure 1. When physical objects interact, like a ping pong ball
bouncing off the table, they create minute vibrations that propa-
gate through the objects’ surfaces and interiors. The transient vi-
brations that occur immediately on impact, exaggerated here for
visualization, carry information about the impact source location.
We image the surface vibrations at a sparse set of locations using
the imaging system of Sheinin et al. [37]. We model the elastic
wave propagation and recover the impact source locations with-
out a direct line-of-sight on the impacted surface. Visit the project
page for videos of results [1].

reach and vibrate the fork’s entire body. After a short
time interval, the transient vibrations die down, leaving the
fork to vibrate at its resonant modal frequencies. Modal
analysis, which aims to measure these resonant frequen-
cies [11, 13, 42], can reveal the tuning fork’s designed tone
(e.g., 440 Hz for the A tone) and can also be used to analyze
the fork’s material properties [9, 14, 18].

While extremely useful, modal analysis ignores the tran-
sient vibrations that occur at the moment of impact. Such
transient vibrations contain valuable cues about the dis-
turbance’s origin, its magnitude, and the properties of the
object causing the disturbance (e.g., a falling basketball
vs. a falling rock). Prior works that did sense transient
vibrations primarily focused on localized low-dimensional
signals such as heartbeats [42, 44, 48], music and speech
[8, 15, 37, 45, 46, 48], and musical instruments [37]. These
works disregard the spatiotemporal relationship between
transient vibrations at different object points.

This paper focuses on recovering the physical loca-
tion of an impacting object from transient surface vibra-
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(a) setup (b) pre-reflections (c) post-reflections

Figure 2. Elastic wave propagation in isotropic objects. (a) An
electronic knocker creates repeated short knocks on a whiteboard.
For each knock, a laser Doppler vibrometer (LDV) sensor is used
to optically measure the temporal vertical displacement at a single
point. Aggregating and synchronizing measurements from multi-
ple board points generates a video showing the surface displace-
ment with time. (b) Displacement 1ms after impact. Observe the
circular shape of the outgoing wave. (c) Displacement 3.1ms after
impact. Here, the outgoing wave has reflected from the board’s
boundaries.

tions measured simultaneously at multiple surface points
using the dual-shutter camera of Sheinin et al. [37]. This
task opens the door to potential applications like localizing
sound sources in walls (e.g., pipe bursting), localizing bullet
or bird impacts on airplanes mid-flight, or impacts on ship
hulls from dockside, tugs, or other debris, localizing shell-
ground impacts on battlefields, localizing people in building
fires or hostage situations by observing external vibrations
on ceilings or side walls, and more.

While, in general, object shape and material determine
its vibration profile, we show that immediately after impact,
there exists a short time interval (∼1.5 ms long) where the
surface vibrations can be modeled as an outwardly propa-
gating elastic wave. We derive an approximate model of the
wave’s geometry for both isotropic and anisotropic materi-
als and develop a backprojection-based algorithm to local-
ize the impact sources using the vibrations within this time
interval. Unlike prior works that merely visualize acoustic
wave propagation [36], we explicitly model its transient be-
havior and show that only a sparse set of points is required
to determine the wave’s source.

We verified our approach on various materials, including
wood, plastic, glass, porcelain, and gypsum. In our exper-
iments, we localized impact sources with an average error
between 1.1 cm and 2.9 cm for 40 cm×40 cm and 90 cm
×90 cm surfaces, respectively. We also show applications
like localizing ping-pong ball strikes on the table mid-play
and localizing footsteps through floor vibrations beyond a
camera’s line of sight.

Beyond impact localization, we show that the transient
surface vibrations can convey more information about the
impacting object and the impacted surface. For surfaces
of unknown material, we estimate the material anisotropy
by measuring vibrations at known surface points and fit-
ting a material-specific wave propagation model parameter.
Our preliminary experiments suggest that the transient vi-

brations’ amplitudes relate to the force applied to disturb
the object [20, 28, 31], and that the vibrations’ frequency
content depends on the stiffness and shape on the impacting
object. We thus believe our work can inspire a new class of
transient vibration imaging approaches that opens the door
for novel vision tasks.

2. Related works
Non-line-of-sight imaging Our method can analyze ob-
ject interactions beyond the camera’s line of sight. This
task relates to optical non-light-of-sight (NLOS) methods
that capture light scattering from LOS surfaces to form im-
ages of objects around corners [10,27,30,41,47]. However,
unlike optical NLOS, relying on vibrations does not presup-
pose the existence of a light path between sensor and object,
but only the visibility of the impacted surface. Through-
wall NLOS methods were also explored since longer wave-
lengths (wifi) can penetrate walls [3, 49]. However, these
methods require specialized antenna arrays and can not op-
erate for materials that RF signals can not penetrate (e.g.,
metals). Our method also relates to seismic imaging, where
geophones measure seismic waves at multiple earth points
to recover below-ground geological structures [26].

Capturing object vibrations Piezoelectric transducers
embedded within the object can provide 1D pressure read-
ings for multiple object points [43]. However, such contact-
based sensing limits impact localization to specialized sce-
narios. Laser Doppler Vibrometers (LDV) can sense vibra-
tions remotely [34], but most LDVs yield a 1D signal (e.g.,
transverse surface velocity) and are constrained to measure
a single point at a time. In this work, we capture the surface
vibration using the dual-shutter camera as described in the
paper of Sheinin et al. [37]. The dual-shutter camera relies
on speckle-based vibrometry, which amplifies minute sur-
face vibrations by illuminating the object’s surface with co-
herent light and imaging interference that the reflected light
creates. [4–8, 19, 24, 37–40, 48]. As such, the dual-shutter
camera combines three key desirable properties for impact
localization: it provides non-contact sensing (a) of 2D sur-
face tilts (b) at multiple surface points (c). Our localization
method relies on the 2D geometric signal stemming from
combining (b) and (c).

3. Background
3.1. Elastic waves propagation

Consider a planar object as shown in Fig. 2(a). Let
x≡(x, y) denote the spatial coordinates coincident with the
object’s surface, and z denote the coordinate perpendicular
to the object’s surface plane. The object’s surface is located
at z=0. Now, consider a short impulse of force applied
to the object surface at position x=(0, 0). The impact cre-
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Figure 3. Speckle-based vibrometry. An object’s surface is illu-
minated by a laser. A camera is focused on a plane located some
distance away from the object’s surface and images the resulting
interference pattern (i.e., speckle). In this configuration, the focus-
plane speckle is highly sensitive to minute surface tilts, causing the
image-plane speckle to shift in relation to the surface tilts.

ates vibrations along the object’s surface and interior. When
the object is made of isotropic homogeneous elastic mate-
rial, the object’s vibration can be described using the elastic
wave equation [2, 25]. Namely, the impact creates a wave
that propagates from the impact location outward. On the
object’s surface, the wave creates minute vertical displace-
ments (i.e., along the z axis), which can be sensed remotely
using interferometry or speckle-based vibrometry.

Now consider a surface point at xn = (xn, yn). Let
uz(xn, t) denote the vertical displacement (i.e., surface
height) at xn as a function of time t, where t=0 marks the
moment of impact. Roughly speaking, the surface height at
xn is perturbed by several wavefronts. The first wavefront
to disturb the point is the P-wave (or pressure wave). The
P-wave is a longitudinal wave and therefore yields little ver-
tical displacement. The P-wave is followed by the S- (shear)
and R- (Rayleigh) waves which arrive later. The S- and R-
waves contain a transverse motion component that causes
vertical displacement (see Fig. 2(b)) [32]. Finally, the re-
flected waves from the object’s edges yield complicated sur-
face vibration patterns due to interference (Fig. 2(c)).

3.2. Speckle-based vibrometry

Speckle-based vibrometry relies on illuminating an ob-
ject’s surface point with a coherent light source (e.g., a
laser) and imaging the resulting speckle-pattern formed on a
plane away from the object surface (see Fig. 3). The focus-
plane speckle pattern is created by the random interference
of light reflected from the surface’s microscopic structure.
The interference can be constructive or destructive, yielding
an image with randomly distributed bright and dark patches.

Minute surface vibrations cause the imaged speckle pat-
tern to shift in the image plane. Specifically, under the
configuration illustrated in Fig. 3, the speckle-pattern im-
age shifts (dx, dy) are mostly caused by surface tilts angles
θ ≡ (θx, θy) [48]. The measured image-domain shifts can
be converted into surface tilts via a linear per-axis factor:

(θx, θy) = (hx, hy)⊙ (dx, dy), (1)

where ⊙ is an element-wise product. The scaling factors
(hx, hy) depend on various factors including the camera
optics and focus setting, as well as camera-object distance.
See supplementary for details on how to calibrate (hx, hy).

4. Transient Circular Wavefronts
Fig. 2 shows that a short impact on the object’s sur-

face creates elastic waves propagating outward from the
impact location. For an infinitely wide isotropic homoge-
neous surface, symmetry dictates that the resulting displace-
ment is circularly symmetric for ∀t>0.1 Thus, assuming
the impact occurred at point (0, 0), and substitution x, y by
r=

√
x2 + y2, the surface height at each point can be ex-

pressed as uz(r, t). Therefore, the surface gradient is
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(2)
where x̂ is a unit vector pointing to x.

Eq. (2) shows that once the first transverse wave reaches
a point at radius r, the surface gradient at that point always
points towards or away from the impact source, depending
on the sign of ∂uz(r,t)

∂r . However, Eq. (2) does not hold for
finite objects. In finite objects, when the outgoing elastic
waves reach the boundaries, reflected waves appear and in-
terfere across the object’s surface, causing g(x, t) to point
in arbitrary directions.

Our key observation is that for every surface point x,
there may exist a short interval of time after an impact

T c(x) ≡ [tstart, tend] (3)

during which the outgoing vertical elastic waves (S- and R-
waves) generated by the impact have reached the point with-
out strong interference from the object boundaries. There-
fore, during T c(x), point x is displaced by an approxi-
mately circular wavefront for which the gradient at x in-
dicates the impact source location:

g(x, t) = A(r, t)x̂ ∀t ∈ T c(x), (4)

where A(r, t) is a time-dependent displacement amplitude.
Note again that, depending on the sign of A(r, t), the gradi-
ent can either point toward or away from the impact source.
In this paper, we will refer to T c(x) as the stable time inter-
val, since during this interval, the surface gradient at point x
consistently points at or away from the impact source’s lo-
cation (see Fig. 4(b)). Conversely, at other times t /∈ T c(x),
g(x, t) may behave erratically (see Fig. 4(c)).

1This assumes that the impulse is a delta function in space.
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(a) problem schematic

(b) stable-interval gradients

(c) non-stable-interval gradients

Figure 4. Transient vibration imaging. (a) A dual-shutter vibra-
tion camera simultaneously captures 2D vibration at N=5 surface
points. A short impulse of force is applied to the surface at xs. (b)
For a short time interval, defined as the stable time interval, the
impact generates elastic waves having circular wavefronts. Upon
reaching the measured points, the wavefronts create a vertical dis-
placement whose surface gradient points towards or away from the
impact source. (c) Outside the stable time period, the surface gra-
dients may point in arbitrary directions.

We experimentally show that T c(x) exists for a variety
of materials. In Section 5, we show that measuring multiple
surface points having T c(x) can help localize an unknown
impact source. In Section 6, we extend source localization
to objects made of a non-isotropic material.

5. Transient-based Source Localization
We capture vibrations using a dual-shutter speckle-based

vibration camera [37]. The camera measures the vibra-
tions at N locations on a planar elastic isotropic surface.
Let xn denote the board measurements locations, where
n = [0, 1, .., N−1]. For convenience, from this point on-
ward, we set the axes origin on the x−y plane to coincide
with x0, namely x0=(0, 0).

A short force impulse is applied to the object at an un-
known position xs. We assume that points xn and xs are
located on the object surface facing the camera (i.e., z=0).
Moreover, for thin planar objects, we assume that an im-
pact at the object’s back side (as illustrated in Fig 4(a)) is
approximately equivalent to an impact at z=0.

Our camera measures the surface’s instantaneous tilts for
each point n in both axes θn(t), which relate to the surface
gradient by an element-wise tangent:

g(xn, t) = tan(θn(t)). (5)

Let t=0 coincide with the camera’s first vibration measure-
ment. Let T c(xn) denote the stable time interval of point n.
Each point n may have a separate stable time interval due
to its unique distance to the impact source. Moreover, some
measurement configurations may yield measurement points
having no stable interval (i.e., T c(xn)∈∅). For example, a
measurement point located too close to the object boundary

(a) back-projectioning a single ray

(b) backprojection from five points

Figure 5. Impact source localization using backprojection. (a) The
surface gradient during the stable time interval defines a line l that
intersects the impact source position. At each time step within the
stable interval, we cast a cone of rays centered at ln(t). (b) Per
point, we integrate the cones across all times within their corre-
sponding stable time intervals. Finally, we sum the votes from all
N points to yield the final backprojection voting map C(x). The
impact source is the point x that maximizes C(x).

may incur wave reflections almost instantaneously with the
arrival of the S- and R-waves.

After an impact, the gradient g(xn, t), t ∈ T c(xn) at
each point n defines a line on the x−y plane that approxi-
mately intersects the impact source position (see Fig 4(b)).
Therefore, to recover xs, we must complete two tasks: (a)
find T c(xn) for each point and (b) compute the intersect-
ing lines per point and find where all N lines intersect to
recover xs.

Source localization using backprojection We frame the
impact source localization problem as searching for a point
that maximizes the agreement between the measured direc-
tions for all N points. Inspired by prior works [16, 17, 30],
we devise a voting-based method. As illustrated in Fig. 5(a),
for each point n, we cast a cone of rays along the line dic-
tated by the surface gradient direction during T c(xn). The
cone has an angle of β to take into account possible er-
rors in gradient angles. A map C(x) accumulates the votes
from all points n during their individual stable time intervals
(Fig. 5(b)). Finally we recover xs as the position having the
highest value in C(x):

x∗
s = argmax

x
C(x). (6)

To compute C(x), we first initialize an accumulator ar-
ray to zero, i.e., C(x)=0, ∀x. Then, for every point n, we
apply the following procedure. First, we recover the gradi-
ent direction from Eq. (5):

ĝ∗(xn, t) =
tan(θn(t))

∥tan(θn(t))∥2
≈ θn(t)

∥θn(t)∥2
, (7)
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where the second transition in Eq. (7) is due to the small
surface vibration displacement angles. Recall that we do
not know whether the gradient points to or away from the
impact source. Therefore, we define a line that originates
at xn and runs along the direction dictated by the gradient
(yellow dotted line in Fig. 5(a)):

ln(t) = xn + sĝ∗(xn, t), s ∈ R. (8)

At each time step, we compute a weighted 2D cone that
follows the bisector line ln(t). The contribution of point n
to the backprojection voting map at time t ∈ T c(xn) is:

Cn(x, t) =

{
0 ϕn(x, t) > cos β

2

exp
[
− 1

σ2 d(x, ln(t))
2
]

otherwise,

(9)
where

ϕn(x, t) = ĝ∗(xn, t)
T (x− xn)/∥(x− xn)∥2 (10)

is the cosine of the angle between line ln(t) and vector
x−xn, d is the perpendicular distance between ln(t) and
x, and σ=5. We integrate over all times t ∈ T c(xn),

Cn(x) =
∑

t∈T c(xn)

Cn(x, t), (11)

to get the contribution per point, and over all N points to
get the final backprojection voting map:

C(x) =
∑
n

Cn(x). (12)

Please see the supplementary materials for a summary of
the backprojection algorithm.

Estimating the stable time intervals Following the dis-
cussion in Section 4, the stable time interval per point
n starts with the arrival of the first transverse wavefront.
Therefore, the stable interval start time ts is determined by
the time at which the vibration magnitude surpasses a pre-
defined threshold P :

tstartn = argmin
t

(∥θn(t)∥2 > P ). (13)

We apply a high-pass filter to θn(t) before Eq. (13) to in-
crease robustness to ambient low-frequency vibrations.

A short time after the arrival of the first transverse wave-
front, reflections from the object’s boundaries interfere at
point n causing the surface gradient to point in arbitrary
directions. The stable interval’s duration depends on var-
ious factors, including the material of the object, and the
distance of the impact and measurement points from the ob-
ject’s boundary. Nevertheless, we experimentally found that
a duration of tend−tstart=1.5 ms holds in most cases.

(a) measured tilts from source at 45◦

(b) impact source direction: recovered vs. ground truth

Figure 6. Gradient stable time interval. (a) The measured sur-
face tilts correspond to the instantaneous gradient direction. For
each measurement point, we detect the start of the stable interval
when the tilts magnitude crosses a pre-defined threshold. In (a),
the impact source is located at 45◦ with respect to the measured
point, yielding a ratio of θy/θx ≈ 1. (b) Experimental validation
of the stable time interval hypothesis. The plot shows the recov-
ered gradient direction vs. the ground truth direction computed by
knocking at various known xs.

Fig. 6(a) shows an example of the measured tilts for a
point located at a 45◦ angle from the impact source. Ob-
serve that the tilts in both axes are almost identical as the
vibrations begin. Around 1 ms, the gradient direction flips
from −135◦ to 45◦. Yet, we do not rely on the gradient’s
sign, but only on the line it draws on the x−y plane.

Fig. 6(b) shows the matching between the recovered and
ground truth gradient directions for a plurality of impact-
source locations. The experiment involved knocking at var-
ious known plane positions xs and comparing the expected
gradient direction, up to sign, expressed as (yn−ys)/(xn−xs).
The plot shows good correspondence for various directions,
verifying the stable interval assumption.

6. Modeling Anisotropic Materials

In Sections 4 and 5, we assumed an elastic isotropic ma-
terial. While many materials can be treated as isotropic,
there are some notable ubiquitous exceptions like wood
(technically considered orthotropic), Polyvinyl chloride
(PVC), and porcelain. These materials consist of micro-
structures oriented in a preferred direction. For example,
Fig. 7(a) shows a thin slab of Engelmann spruce where the
fiber direction is along the image’s horizontal axis.

In anisotropic materials, the speed of sound varies with
the relative angle to the micro-structure direction [12, 23].
This means that a surface impact creates non-circular wave-
fronts (Fig. 7(a)) [21]. Nevertheless, our experiments show
that the surface gradient directions induced by the impact
on anisotropic elastic materials have an approximately el-
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(a) anisotropic wave propagation

(b) recovered tilts vs. ground truth vector ratio

Figure 7. Anisotropic wave propagation can be approximated
by elliptical level-sets. (a) LDV vibration measurements in En-
gelmann Spruce. The red curves mark the true level sets (75%
percentile), while the blue curve marks a fitted ellipse having
m2=3.5. (b) For anisotropic materials, the measured surface gra-
dient relates to the impact source location via a scalar factor m2.

liptical shape. Specifically, the elastic wave level-sets, as-
suming w.l.o.g xs=(0, 0), can be approximated in the x−y
plane using

x2/m2 + y2 = R2, (14)

where m is the aspect ratio of the ellipse level-set and R is
a constant (see Fig. 7(a)). Thus, the surface gradients can
be approximated using:

gy
gx

≈ θy
θx

≈ m2 y

x
. (15)

Therefore, given m, we can use Eqs. (8)-(13) to locate the
impacts on anisotropic surfaces by replacing ĝ∗(xn, t) in
Eq. (8) with

ĥ∗(xn, t) ≈
θn(t)⊙ (1,m2)

∥θn(t)⊙ (1,m2)∥2
. (16)

As further described in the supplementary, we find m per
material by capturing knocks at known xs.

7. Experimental Evaluation
Using a system as described in Sheinin et al.’s paper

[37], we generated five laser dots using an Edmund Op-
tics 80 grooves/mm transmission grating beamsplitter. Like
Sheinin et al., we illuminated the scene using a low-power
Thorlabs 4.5 mW 532 nm laser (Thorlabs CPS532) and
boosted the signal by placing retro-reflective tape at the
measured points. The camera sampled the scene vibrations
at 63 kHz.

To validated our models, we generate dense vibration
measurements for various surfaces using a laser Doppler vi-
brometer (LDV) (Polytec PDV-100) and mirror galvanome-
ter synchronized with an impact hammer (PCB 086E80).

(a) whiteboard (isotropic) (b) plywood (orthotropic)

(c) low-collinear source (d) higher-collinear source

Figure 8. Source localization on isotropic and anisotropic materi-
als. (a) Impact localization on a whiteboard using five measure-
ment points. (b) Localization on a slab of plywood. Average lo-
calization error was 1.1 cm and 2.1 cm for the whiteboard and ply-
wood, respectively. (c) Collinear measurement points have high
uncertainty at grazing angles. (d) Adding non-collinear measure-
ment points reduces the triangulation uncertainty.

The hammer measured the instantaneous force applied dur-
ing the strike [33]. The dense vibration videos were created
by repeatedly knocking the board at the same location while
moving the LDV’s measurement position at each repetition.

7.1. Impact-source localization

We tested impact localization on various isotropic and
anisotropic materials. Fig. 8 shows example localization
for an isotropic whiteboard and an orthotropic sheet of ply-
wood. The whiteboard shown in Fig. 8(a) has dimensions
of 110 cm by 290 cm, while the plywood slab in Fig. 8(b)
was 85 cm by 65 cm. Our imaging system was set around
two meters from the boards in both experiments. While the
whiteboard exhibited isotropic behavior, the plywood had
an elliptical coefficient of m2 = 0.67, which we calibrated
by knocking at a set of known points.

On each board, we knocked at a set of points having a
radius of about 20 cm from the middle measurement point.
We repeat each point a few times. Fig. 8 shows that our
method can recover the knock locations accurately. The
orthotropic plywood shows a more considerable variance
in estimation accuracy. This could result from the hetero-
geneous planar grain arrangement and the plywood being
constructed by gluing several layers of wood (in the z-axis)
with different fiber orientations. Please see the supplemen-
tary materials for experiments on additional materials, in-
cluding fiberboard, particle board glass, PVC panels, porce-
lain, and gypsum.

The dual-shutter camera used in this work was limited
to producing sets of collinear points. As seen in Fig. 8, the
accuracy of triangulation via backprojection depends on the
angle between the source point and the line defined by the
measurement points. This behavior agrees with prior anal-
yses of the triangulation error with respect to angles to tar-
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Figure 9. Localizing ping-pong ball strikes mid-play. Our camera
measures five points on the table’s bottom surface (see Fig. 1). The
five markers on the top side visualize the bottom locations. We
visualize the recovered ball strike locations using two concentric
red circles. We also super-impose the backprojection voting map
per strike (bright yellow). The motion blur trajectories help infer
the ball’s “real” impact locations. See the project page for videos
of results [1].

get [35]. In the extreme case, the location of a source that is
collinear to the measurement point positions can not be re-
covered using a line configuration. Fig. 8(c)-(d) shows that
non-collinear point measurement arrangements can yield
results with superior accuracy.

Localizing ping-pong ball strikes mid-game Fig. 9
shows the application of our method to localize the strikes
of a ping-pong ball on a table during play. Here our cam-
era measures the ping-pong table vibrations from below. A
side RGB camera is used to super-impose the recovered
impact locations on the table surface. The table surface
is a wood and aluminum composite and is approximately
isotropic with respect to the generated elastic weaves. We
recorded ten video clips lasting eight seconds each. Each
clip contains between two to six hits. As can be seen, our
method correctly recovers the ball landing positions, mid-
play, without a line of sight to the ball. Our average error
for these ten video clips is around 2.9 cm. Please see the
supplementary materials for videos and more results.

Localizing footsteps using vibrations When walking,
the foot creates floor vibrations that originate at the step-
ping location. Therefore, our system can localize the step
locations by observing the floor vibrations. Fig. 10 shows
footstep localization on a hardwood floor. It is notewor-
thy that the experimental conditions in Fig. 10 deviate from
the assumptions of Sections 4-5 in several regards. First,
the force profile exerted on the floor by the stepping leg
is not a short and localized impulse, but a prolonged pres-
sure having a spatially wide footprint (foot’s stepping area).
Secondly, the floor is a heterogeneous medium since it is
constructed by stacking up many bamboo planks.

Figure 10. Localizing footsteps using vibrations. A footstep cre-
ates vibrations that propagate from the step location through the
floor medium. (Top-row) Our camera recovers the footstep loca-
tions by measuring the floor vibrations, without requiring line of
sight. (Middle-row) Recovery using five floor points. (Bottom-
row) Synthesized recovery using ten floor points.

Still, our method could accurately infer the footstep
direction using five measurement points (Fig. 10(Middle-
row)) and the footstep location using ten non-collinear mea-
surement points (Fig. 10(Bottom-row)). Since our camera
can currently only support five measurement points, the ex-
periment results in (Fig. 10(Bottom-row)) were synthesized
using two pairs of non-simultaneous measurements having
five points each. Please see supplementary for details on
how we create synthesized results.

7.2. Measuring material anisotropy

So far, we have concerned ourselves with recovering un-
known impact sources given a known (or calibrated) ma-
terial. However, measuring vibrations for known impulse
locations allows inferring the material anisotropy factor m
by finding the value which best fits the observed vibrations.
We tested our method on various materials (see Fig. 11).
While all the isotropic materials have m≈1, the anisotropic
materials displayed a variety of m values, suggesting that
recovering m and comparing it to a pre-collected dataset
may help classify the material remotely.

8. Towards inferring force & object shape
Based on the experiments described in this section, we

postulate that the transient vibrations contain additional
cues about the impact force and impacting material proper-
ties. The impact force relates to the vibrations’ magnitude.
We demonstrate this relation in Fig. 12(a), where we drop
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(a) tested materials (b) tilt ratios vs. source direction

Figure 11. Transient vibration analysis for different materials. (a)
We calibrate the wave propagation model for various materials.
Calibration consists for knocking on the surface at several known
locations. (b) For each material, we fit the anisotropy factor m.
Isotropic materials yield m= 1, representing circular wavefronts
(blue circle). Anisotropic-material wavefronts are approximately
elliptical (red and blue ellipses). Once m is known, we can apply
our method to localize impulses at unknown surface locations.

(a) impact-force exp. (b) object properties exp.

Figure 12. Vibrations contain cues about force & impacting object.
(a) We dropped the ball from different heights and measured the
peak vibration magnitude. (b) The object’s shape and stiffness
affect the resulting vibrations’ spectral composition.

a ping-pong ball from varying known heights at the same
point. The plot in Fig. 12(a) shows a square root relation be-
tween peak vibration magnitude and the drop height. Since
in free fall, the velocity has the same square root relation to
height; the vibration magnitude is linear to the ball’s veloc-
ity, which is linear to the ball’s peak generated force [22].
Our experiment measured the vibration magnitudes when
dropping the ball at a single point. However, recovering the
peak force at every surface point (using the same five mea-
surement points) requires accounting for more factors, like
the distance between the impact and measurement points.

We also posit that the vibrations’ spectral decomposition
holds cues about the shape and stiffness of the impacting
object. Our experiments show that sharp and hard objects
produce impacts that resemble a spatiotemporal delta func-
tion and yield high-frequency vibrations. Conversely, soft
objects having a larger spatial footprint upon impact yielded
smoother measured vibrations (see Fig. 12(b)). Our prelimi-
nary analysis leads us to believe that the shape of the impact
object could be reasoned about from the vibrations.

9. Discussion

Beyond homogeneous planar surfaces We assumed a
simple propagation model that applies to homogeneous pla-
nar surfaces. Our model does not extend easily for more
complex structures such as curved objects, surfaces having
multiple concatenated materials (e.g., floor-to-wall vibra-
tions), and highly heterogeneous materials. In these cases,
elastic wave propagation strongly depends on the object’s
unknown spatially-varying geometry and material. Never-
theless, the vibrations generated in such complex structures
are fertile ground for future works to extract more novel
scene information. Another exciting research avenue is to
localize sound sources in 3D, like the locations of survivors
trapped beneath the rubble of fallen buildings.

Limitations and opportunities of speckle-vibromety
Speckle-vibrometry is an active approach in which the opti-
cal signal depends on the amount of light reflected from the
target. Thus, performance degrades for low-albedo materi-
als, specular materials, and far-away objects. Our camera
sampled the scene at 63 kHz, which is too slow to reliably
measure time-of-arrival delays between our measurement
points for most materials.2 However, faster future systems
might also use time-of-arrival to improve localization.

While our camera only measured surface tilts, prior
works used speckle to sense additional motions, including
rotation, translation, and axial shift [24, 29, 50]. Thus,
future works could incorporate these degrees of freedom
to model elastic wave propagation more accurately and
produce better source localizations.

10. Conclusion

This paper explores the mostly untapped potential
of imaging and extracting information from transient
surface vibrations. We presented an approach to localize
impact sources by measuring transient surface vibrations
at multiple surface points. We also showed that these
vibrations might contain more information about the
physical interactions like the impact force and properties
of impacting object. We believe that our method paves
the way for future research to develop new types of scene
understanding based on the subtle vibration cues people
and objects create, which are invisible to human eyes and
conventional cameras.

Acknowledgements: This work was supported in
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2E.g., the speed of sound in wood is generally between 3300-5000 m/s,
which yields about one sample delay between two measurement points.
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