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Abstract

Visually imperceptible surface deformations encode rich in-
formation about a scene, from the mechanical properties of
an object to the acoustic vibrations present in the surround-
ing environment. Optical interferometric techniques can re-
veal these subtle changes, typically by capturing a sequence
of measurements to perform temporal phase shifting. In this
paper, we introduce Computational Speckle Pattern Inter-
ferometry (CSPI), a novel single-shot approach to estimat-
ing per-pixel displacement and motion. Our key insight is
that the image formation model for speckle pattern interfer-
ometry can be decomposed into spatial and temporal fac-
tors, each represented as a vector. After calibrating for the
spatial term, we recover the scene dynamics using a recon-
struction algorithm modeled after the classic Horn-Schunck
method for estimating optical flow. Unlike traditional inter-
ferometric methods, CSPI requires no precision instrumen-
tation to perform phase stepping. We demonstrate its effec-
tiveness by measuring per-pixel displacements and motions
at sub-micrometer scales, visualizing high-frequency vibra-
tions of a tuning fork and a Chladni plate, and recovering
sound indirectly from these vibrations.

1. Introduction

Subtle surface deformations—whether from vibration or
mechanical stress—reveal critical information about how
objects interact with their environment. Capturing these
minute changes provides insights into material and struc-
tural properties [7, 21, 31], manufacturing and design de-
fects [11, 28], human health and behavior [14, 15, 22, 30,
32], sound and acoustics [2, 17, 21, 33], and other phenom-
ena that are invisible to the naked eye.

How can one measure these microscale displacements?
Current solutions span contact-based mechanical methods
and non-contact optical techniques [3, 21, 28], all of which
involve trade-offs between sensitivity, speed, and ease of
use. Passive methods observe intensity variations to re-
cover the subtle, often subpixel, changes that occur in im-
age space [3, 25]. Active methods (e.g., approaches based
on coherent illumination) can optically enhance sensitivity

to this displacement. For example, by imaging laser spots
on an object with a defocused camera, tiny tilts of the ob-
ject surface can be captured with sufficient sensitivity to re-
solve sound [2, 21, 30], human heartbeats [30], and ma-
terial information [11, 31]. There are interferometers that
make use of the Doppler effect to measure translational dis-
placements at even finer resolution, and such devices are
now widely used in industry and science thanks to their ro-
bustness and stability [27]. However, these aforementioned
setups often only measure deformation at sparse locations
on the object surface. Capturing a full, dense image of sur-
face deformation would then require scanning [17, 32], re-
sulting in prohibitively long capture times for any transient
event of interest. Alternatively, prior work analyzes nonlin-
ear changes in speckle patterns to recover dense displace-
ment maps [19, 20], although relating the observations to
quantitative displacement measurements remains challeng-
ing.

A classical approach called electronic speckle pattern
interferometry (ESPI) allows for dense, full-field measure-
ment of surface deformations [28]. In its standard formula-
tion, an interferometric system captures and compares two
laser speckle images before and after deformation. Changes
in the observed intensity indicate deformation at the corre-
sponding pixels. However, this imaging technique is not
without its limitations. First, extracting surface deforma-

Figure 1. Recovered displacement of a vibrating tuning fork.
We unwrap the phase to recover per-pixel displacement. The top
and the bottom prong move in equal and opposite directions, show-
ing the fundamental resonance mode. The tip of the tuning fork is
on the right-hand side of the image.



tion estimates from speckle images is an inherently noisy
process, which can require heavy post-processing to ac-
count for sensor noise and the speckle itself [9]. While es-
timating both speckle phase and amplitude at every pixel
improves measurement accuracy, it typically requires pre-
cise phase stepping or wavefront sensing [10, 28]. Such
approaches often necessitate complex calibration, special-
ized hardware, and multiple captures per measurement, re-
ducing real-world practicality. Second, ESPI often assumes
the object is static, or frames are captured instantaneously.
Unfortunately, in dynamic settings, limited laser power of-
ten necessitate longer exposures. While there is work that
uses long exposures to analyze periodic motion in both
ESPI [13, 26] and time-averaged holography [16], there is
little work exploring more general motions.

To address these limitations, we revisit this classical ap-
proach and propose what we call Computational Speckle
Pattern Interferometry (CSPI): a modern computational
framework for dynamic ESPI. Our key insight is that we
can express the speckle image formation model as the in-
ner product between two vectors representing speckle and
displacement parameters. Armed with this observation,
our method first factorizes a speckle video into per-pixel
speckle and coarse displacement parameter matrices, much
akin to established techniques in uncalibrated photomet-
ric stereo [29]; this entirely eliminates the need for man-
ual phase stepping or wavefront modulation. Next, with
inspiration from optical flow algorithms, our novel recon-
struction procedure employs these parameter matrices to ro-
bustly estimate per-pixel displacement from a single photo.
Finally, we show that this matrix analysis accounts for finite
exposure times, and unlocks per-frame motion estimates.

To validate our findings, we build an interferometric
setup, with which we measure surface deformations across
a wide number of settings. We verify that our CSPI for-
mulation indeed recovers displacement and velocity in a
controlled setting on a translation stage. To demonstrate
the applicability of CSPI for mechanical analysis, we use
it to capture the spatially varying amplitude of vibrational
modes on a tuning fork and a Chladni plate. In the context
of acoustics, we apply CSPI for acoustic recovery from the
vibrations on a bag of chips. In the supplement, we also use
our CSPI formulation to estimate differential displacement
(e.g., tilt) via shearography, an approach analogous to ESPI.

Contributions. Our contributions include:
• A factored representation of the image formation model

used in ESPI, capable of modeling the effect of displace-
ment and motion on speckle interferograms.

• A calibration procedure that eliminates the need for man-
ual phase stepping or wavefront modulation.

• Reconstruction procedures for extracting per-pixel dis-
placement and motion information from a single photo,
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ĉ

l̂s1 s1

s2

(a) In-plane arrangement (b) Out-of-plane arrangement

Figure 2. Arrangements for speckle pattern interferometry.

based on classic optical flow reconstruction procedures.
• Demonstrations on various scenes, showcasing the ability

to capture high-frequency vibrations and subtle deforma-
tions with high sensitivity and spatial resolution.

Limitations. Our method requires active illumination,
which may not be feasible in all scenarios. Additionally,
while our approach reliably captures small displacements,
it may be less effective for large displacements that exceed
the phase wrapping limits inherent in interferometric tech-
niques. Our method also performs best when there is min-
imal environmental vibration, which may require vibration
isolation equipment. When there is too much movement
or when the speckle decorrelates, re-calibration is required.
We also impose a prior in our recovery step where that re-
quires our scene object to displace smoothly across space.

2. Speckle Pattern Interferometry
There are several optical arrangements used in ESPI, in-
cluding those shown in Fig. 2. In this section, we provide
an overview of their image formation model.

Illuminating a target with coherent laser light forms a
complex-valued field ψj incident on camera pixel j. Sup-
pose that the region observed by pixel j is displaced accord-
ing to a (small) 3D vector ∆xk at frame k; for simplicity,
we will assume ∆xk is constant across space for the time
being. This displacement alters the optical path length and
introduces a phase shift to the resulting field:

ψje
−i 2π

λ (̂lj ·∆xk)e−i 2π
λ (ĉj ·∆xk) , (1)

where λ is the wavelength of light, l̂j is the unit-length il-
lumination direction from the perspective of the scene point
observed at pixel j, and ĉj is the unit-length viewing di-
rection. This expression accounts for the change in optical
path length that occurs between the light source and target,
as well as between the target and camera. However, be-
cause cameras only measure the intensity of the field |ψj |2,
any change in phase is not directly observable.

The goal of speckle pattern interferometry is to detect
this phase change through interference. Fig. 2 highlights
two interferometric setups used to infer (a) in-plane dis-
placement or (b) out-of-plane displacement. We also dis-
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Figure 3. Real measurements of an object subject to linear
translation. (Left) Raw intensity measurements at four neigh-
boring pixels. Assuming linear motion, the intensity at each pixel
varies sinusoidally in accordance with Eq. (2). (Right) Recovered
phase at a particular pixel; note that we process each frame indi-
vidually.

cuss the optical arrangement for shearography in the supple-
ment, used to measure spatial derivatives of displacement
(e.g., tilt).

2.1. Optical arrangements
In-plane. Suppose two mutually coherent light sources il-
luminate a target from two different directions l̂s1 and l̂s2 ,
producing two fields governed by Eq. (1). The intensity ob-
served at every pixel is given by summing the two fields,
and calculating the square of its magnitude:

ljk = 2|ψs1
j ψ

s2
j

∗|︸ ︷︷ ︸
aj

cos
(
∠ψs1

j ψ
s2
j

∗︸ ︷︷ ︸
bj

− ϕk
)
+ |ψs1

j |2 + |ψs2
j |2︸ ︷︷ ︸

cj

where ϕk =
2π

λ
k ·∆xk and k = l̂s1 − l̂s2 . (2)

Note that the intensity ljk at pixel j depends on the displace-
ment vector ∆xk at frame k. Moreover, the image forma-
tion model is most sensitive to displacements along k and
is insensitive to displacements in the orthogonal directions.
The vectors l̂s1 and l̂s2 also have important implications
on the sensitivity of the system. For example, increasing
the angle between the two vectors increases the magnitude
∥k∥, which increases sensitivity to small displacements. We
can also change the orientation of the vector k by changing
the positions of the two light sources. For instance, when
placed on either side of the camera, the system becomes
sensitive to in-plane (lateral) motion. Fig. 3 provides an
example of measured intensity variations observed at four
pixels in response to linear in-plane motion.

Out-of-plane. The out-of-plane arrangement uses a sin-
gle coherent light source to illuminate the target, and inter-
feres the resulting field with a (stationary) reference field
unaffected by the target’s motion. The resulting interfer-
ence pattern is still governed by Eq. (2), with the exception
that k = l̂s1 + ĉ. For a light source positioned close to the

(a) Ground truth (c) (5, 1) alg. [10] (e) Ours (locally constant)

(b) Butters & Leendert [1] (d) DC-(5, 1) alg. [10] (f) Ours (locally smooth)

Figure 4. Simulation of single-image methods for estimat-
ing displacement. (a) Ground truth displacement represented as
wrapped phase. (b) Traditional ESPI approach captures two im-
ages, and computes the difference between two speckle images.
Each “fringe” occurs when the phase change is an integer mul-
tiple of 2π. (c) Kao et al. [10] proposed a per-pixel phase es-
timate that suffers from ambiguities. (d) These ambiguities are
addressed using their correlation-based procedure, but still suffers
from low phase map quality. (e) We produce higher-quality dis-
placement measurements, by solving a linear system that assumes
locally constant phasors. (f) We further refine this solution by as-
suming smooth phasors and optimizing with Eq. (12).

camera’s optical axis, the measurements become sensitive
to out-of-plane motion.

2.2. Traditional displacement recovery
In the classical dual-exposure ESPI setting, the differences
between the measurements before and after deformation can
be written as [1]:

ljk − lj = aj cos (bj − ϕk)− aj cos (bj) (3)

= 2aj sin

(
bj −

ϕk
2

)
sin

(
ϕk
2

)
, (4)

where lj represents the intensity before deformation and ljk
represents the intensity after deformation at frame k. It can
be seen that when ϕk equals a multiple of 2π, the difference
will yield zero, producing a clear “fringe” that can be used
for visualization; see Fig. 4(b). However, for other values
of ϕk, the measurement is contaminated by the speckle pa-
rameters aj and bj .

Instead of directly comparing intensities, another poten-
tial solution is to measure and compare the phase before
and after deformation. Perhaps the most straightforward
way to do so is to perform a temporal phase shifting, where
controlled phase offsets are applied to one of the coherent
beams used for interference [28]. This increases the sen-
sitivity tenfold, but largely limits the technique to static



scenes as it requires capturing multiple images of the dis-
placed object.

To keep the approach suitable for dynamic scenes, Kao et
al. [10] proposed a way to estimate displacement that only
requires five phase-shifted images before deformation and a
single image after deformation, referred to as a (5, 1) algo-
rithm. However, their approach uses extra optical compo-
nents to produce displacements with precision on the order
of fractions of a wavelength, does not account for motion
during exposure, and produces comparatively low-quality
phase maps; see Fig. 4(c)-(d).

To sidestep these issues, another approach is to directly
analyze temporal intensity variations at each pixel, and
reconstruct phase via temporal priors [4, 12]. However,
such methodology may impose unreasonable assumptions
on the actual underlying motion, e.g., narrowband displace-
ment [12] or linear motion across multiple frames [4].

Similar to Kao et al. [10], we propose an approach to
estimating displacement from a single image after deforma-
tion. In addition to being more accurate (see Fig. 4(e)-(f)),
our solution also recovers the amount of motion during a
camera’s exposure and does not require any precision opti-
cal equipment for controlled phase shifting.

3. Factored Representation
A key observation is that the image formation model for
speckle pattern interferometry can be decomposed into two
components: one that varies spatially and another that
varies temporally. As shown in Eq. (2), the in-plane and
out-of-plane interferometric arrangements produce intensi-
ties governed by:

ljk = aj cos(bj − ϕk) + cj , (5)

where aj , bj , and cj vary with pixel j, and ϕk is the phase
induced by object displacement in frame k. This expres-
sion can be rewritten as the inner product of two vectors
vj ,uk ∈ R3:

ljk = aj cos(bj) cos(ϕk) + aj sin(bj) sin(ϕk) + cj (6)

=
[
aj cos(bj) aj sin(bj) cj

]︸ ︷︷ ︸
vj

[
cos(ϕk) sin(ϕk) 1

]︸ ︷︷ ︸
uk

⊤
.

The vector vj represents the local speckle-dependent ap-
pearance at pixel j, while uk represents the effect of dis-
placement within measurement k.

Estimating displacement. Suppose for now that the vec-
tor uk is already known. To recover the (wrapped) phase
shift ϕk from uk, we simply define a complex-valued pha-
sor u⃗k = uk1 + iuk2 = cos(ϕk) + i sin(ϕk) and then com-
pute its argument, i.e., ∠u⃗k = ϕk. This phasor representa-
tion also happens to be useful for analyzing what happens
when the phase varies during the camera’s exposure.
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Figure 5. Estimating motion. (Left) An object moves between
from ϕa to ϕb during an exposure. The phasor produced in re-
sponse is an average of unit-length phasors, with a phase that rep-
resents the average displacement and a magnitude that encodes
motion during the exposure. (Right) Simulation of phasor magni-
tude for linear and sinusoidal motion. When an object is stationary
(i.e., ϕa = ϕb), the phasor has unit length. As the object moves,
the average of unit-length phasors results in a smaller magnitude.
For example, for linear motion, the magnitude becomes zero when
averaging phasors uniformly distributed from angles 0 to 2π.

Estimating motion. Until now, we have treated each in-
tensity measurement as an instantaneous snapshot in time.
In practice, the object may move during the camera’s finite
exposure period:

ljk =

∫
vjuk(t)

⊤ dt = vj

(∫
uk(t) dt

)⊤

= vjū
⊤
k .

(7)
This corresponds to time-averaging multiple speckle pat-
terns, which has the effect of reducing speckle contrast. De-
spite this, the image formation model can still be factorized,
as demonstrated in Eq. (7).

The effect of motion during a camera’s exposure can be
interpreted naturally in the phasor domain. Specifically, the
recovered phasor u⃗k now becomes the temporal average of
instantaneous unit-length phasors over time. Assuming the
phase changes linearly from ϕa to ϕb during the exposure
(i.e., constant-velocity motion), the reconstructed phasor is

u⃗k = sinc

(
ϕa − ϕb

2

)
exp

(
i
ϕa + ϕb

2

)
. (8)

Its angle,

∠u⃗k =
1

2
(ϕa + ϕb) , (9)

corresponds to the average phase up to a π flip when sinc(·)
becomes negative, while the magnitude varies with the
phase range |ϕa−ϕb|. Thus, the phasor magnitude provides
information about motion during exposure; see Fig. 5.

For motion that oscillates sinusoidally between ϕa and
ϕb an integer number of times during the exposure, the re-
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Figure 6. Estimating unknown phase shifts through factoriza-
tion. (a) After constructing matrix L and computing a rank-3 fac-
torization ṼŨ⊤, the rows of matrix Ũ represent points that, in the
absence of noise, lie on an ellipse in 3D space. (b) Our proposed
procedure maps these points to the unit circle via a transform Q.

constructed phasor becomes

u⃗k = J0

(
ϕa − ϕb

2

)
exp

(
i
ϕa + ϕb

2

)
, (10)

where J0(x) is the zero-order Bessel function of the first
kind [26]. See supplemental materials for details.

In other words, displacement is encoded primarily in the
phasor angle, while motion during exposure is reflected in
its magnitude. This interpretation therefore enables recov-
ery of per-pixel displacement and motion, simply by recov-
ering u⃗k and calculating the argument and magnitude of the
phasor.

4. Displacement Recovery
In Sec. 4.1, we introduce a method for estimating the
speckle-dependent appearance vector vj at every pixel j
from measurements ljk with unknown phase shifts ϕk,
thereby eliminating the need for specialized hardware. In
Sec. 4.2, we explain how to use these calibrated speckle pa-
rameters to recover per-pixel displacement and motion mea-
surements from a single image.

4.1. Displacement from unknown phase shifts
We propose a procedure for estimating both vj and uk from
unknown phase shifts, inspired by the uncalibrated photo-
metric stereo literature [29] and more recent work in phase-
shifting interferometry [5, 6].

We start by capturing a set of speckle images in response
to different global phase shifts ϕk (e.g., achieved by man-
ually translating one of the light sources by a small, but
unknown, amount). Next, we construct a matrix L of size
J ×K with elements given by ljk. Following from Sec. 3,
the matrix L is rank 3, assuming a common phase shift for
all pixels and no sensor noise. The matrix can therefore be
factorized using the singular value decomposition (SVD) to

yield the optimal rank-3 approximation with respect to the
Frobenius norm:

L = VU⊤ , (11)

where the jth row of matrix V ∈ RJ×3 is the vector vj , and
the kth row of matrix U ∈ RK×3 is the vector uk.

However, the decomposition is not unique. In particular,
for any invertible 3×3 matrix Q, the matrices Ṽ = VQ and
Ũ = UQ−⊤ are also a valid factorization. This ambiguity
must be resolved to recover meaningful decomposition. To
tackle this, there are two important constraints that can be
used to resolve matrix Q: uk3 = 1 and u2k1 + u2k1 = 1
(i.e., points lie on a circle). The latter constraint assumes
that there is no motion during the camera’s exposure. In
the supplement, we provide details of our proposed method
to estimate Q to compute both U and V; see Fig. 6 for
an example. This procedure recovers the phases ϕk up to
an unknown offset and sign—both of which are typically
non-critical for deformation estimation and can be resolved
through additional assumptions.

The factorization requires J ≥ 2 and K ≥ 5, which
correspond to the minimum number of 2D measurements
necessary to estimate the parameters of an ellipse. In prac-
tice, larger values for J and K further improve robustness
to sensor noise.

4.2. Per-pixel displacement and motion recovery
After calibrating for vector vj across all pixels j, we recover
per-pixel displacement and motion from a single speckle
image, producing a vector uj at each pixel j (and dropping
the subscript k for brevity). Sec. 3 represent a linear con-
straint that can be used to solve for the vector uj , or more
specifically uj1 and uj2. Because a single constraint is in-
sufficient to solve for both elements directly, we further in-
corporate a spatial smoothness prior on these components.
We then formulate and minimize the following global en-
ergy functional:

min
{uj1,uj2}

∑
j

(vj · uj − lj)
2 + α2∥∇uj∥2 . (12)

Note that this formulation closely resembles the classic
Horn-Schunck method for optical flow [8]. To initialize
this procedure, we first solve a small linear system that as-
sumes the components uj1 and uj2 are constant within a
small neighborhood. We then run the same iterative scheme
used by the Horn-Schunck method to minimize Eq. (12).

5. Implementation
Hardware. Our prototype system consists of a
monochrome industrial camera (IDS UI3240CP-NIR)
with a 16mm f/1.8 lens, and a fiber-pigtailed Coherent
Sapphire FP 548 nm laser that emits up to 300mW of light.
We use a single mode fused fiber optic splitter (Thorlabs
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Figure 7. Prototype setup for estimating in-plane motion. For
each experiment, we reposition the two sources to capture different
types of measurements (e.g., horizontal or vertical displacement).

TN532R5A1) to create two mutually coherent sources, and
place concave lenses (Thorlabs LC1054) in front of both
sources to narrow the emitted cone of light. We mount one
of the sources on a linear stage (Thorlabs XR25C), which
we manually adjust to produce unknown global phase
offsets for the procedure outlined in Sec. 4.1.

Our experiments focus on the in-plane arrangement,
where both sources point towards the target object; see
Fig. 7 for a photo of our in-plane arrangement. In practice,
we found that the out-of-plane arrangement to be too sen-
sitive and severely affected by environmental noise, which
could be addressed through active vibration isolation.

For certain experiments, a linear stage (Thorlabs XR25P)
and motorized actuator (Thorlabs Z825B, KDC101) dis-
places an object by a known amount and direction. This
single-axis translation stage can be controlled with fine
step-size control of 29 nm with travel accuracy within
40 µm. The stage also has functionality to query its current
position when it is stationary.

Software. We calibrate our system by capturing images
with a global change in phase, by manually adjusting the
position of one light source using a translation stage. This
induces a change in the optical path length from the light
source to the target, resulting in a change in phase. The
procedure from Sec. 4.1 uses the images to recover vectors
vj for all pixels j.

After capturing images of a displaced target, we use the
procedure outlined in Sec. 4.2 to estimate local phasors u⃗k.
This requires approximately 0.15 s in MATLAB on a M1
MacBook Pro to process a 1280×1024 image, and approx-
imately 1 s for our Python implementation. A parallelized
GPU implementation further reduces the runtime to under 5
ms per 1280× 1024 image.
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Figure 8. Recovered phasor of a target moving laterally on
a translation-stage motion. We programmed the stage to move
20 µm in one direction, pause, and move 20 µm in the opposite
direction. (Top) Unwrapped phase recovered throughout the mo-
tion. (Middle) Magnitude of the same recovered phasor over time.
While the object moves in either direction, we observe that the
velocity of our stage is not constant, resulting in fluctuations in
the phasor magnitude. (Bottom) Finite differencing of unwrapped
phase.

|u⃗|

l
∠u⃗

Phasor visualization. For Fig. 12 and
Fig. 13, we visualize the recovered phasors
by using the HSV color space. For these re-
sults, hue represents the wrapped phase ∠u⃗,
saturation represents the magnitude |u⃗|, and
lightness represents the intensity of the raw
image. For example, for displacements that
exceed a phase change of 2π, we observe
repeating hues. Also, as the magnitude ap-
proaches zero (e.g., pixels experience large
motion), the colors desaturate and the phase becomes diffi-
cult to discern.

6. Results

6.1. Motorized target

We quantitatively evaluate our method’s performance in re-
covering micrometer scale displacement and motion of a
motorized target. The target in this case is a tuning fork
painted with diffuse white paint.

In Fig. 8, we recovered the round trip displacement of
the target with our camera operating at 20 fps. The mag-
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Figure 9. Stepped in-plane motion. We measure displacement of
a target moving by 4 µm steps at 600 fps. The left y-axis shows
the unwrapped phase in radians, and the right y-axis shows the dis-
placement converted into physical units. Ground truth displace-
ments (in cyan) were obtained by querying stage position after
each step. (Top) The two sources are separated by approximately
5.2 cm, which we use to calculate the mapping from phase to met-
ric displacement. (Bottom) The two sources are separated by ap-
proximately 9.2 cm, which reduces the influence of sensor noise
by increasing the system’s sensitivity.
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Figure 10. Continuous in-plane motion. We generate continuous
motion by specifying a max velocity (10 µms−1), and acceleration
(3.8 µms−2) to move a fixed distance of 10 µm. We derive the
expected motion (in cyan) from the trapezoidal velocity profile.
(Top) 5.2 cm baseline. (Bottom) 9.2 cm baseline.

nitudes of the recovered phasors vary as the stage moves.
These observed fluctuations in magnitude reflects the ve-
locity ripples of the translation stage during its motion [23];
we verified this by performing finite differencing on phase-
only measurements in the supplement. Phasor magnitude
also appears to reduce over a large distance, which we sus-
pect occurs due to the speckle pattern slowly decorrelating.

We also experimented with different laser baselines to
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Figure 11. Spectrogram of a chip bag. The bag vibrates in re-
sponse to a speaker playing piano notes from C3 to C4. (Top) The
spectrogram recovered from in-plane vibrations captures higher-
order harmonics, whose frequencies are an integer multiple of the
fundamental frequency. (Bottom) Microphone Spectrogram.

control sensitivity in both Fig. 9 and Fig. 10. Given the
baseline and the depth of the target, we calculate the ex-
pected metric displacement associated with a given phase
change. For smaller baselines, the phase changes more
slowly with respect to displacement. This reduces phase
unwrapping ambiguities, but makes the measurements more
susceptible to sensor noise. In contrast, larger baselines in-
crease accuracy, but worsen phase wrapping issues.

6.2. Acoustic recovery
We reproduced the visual microphone experiment from
Davis et al. [3], placing a chip bag in the scene while au-
dio plays on a speaker positioned on its left side, inducing
in-plane vibrations to the chip bag surface. We place a small
piece of retroreflective tape on the bag to boost the reflected
signal, and capture the subtle surface vibration at 1801 fps.

Fig. 11 shows the reconstructed spectrogram of a speaker
playing piano notes from C3 to C4. The recovered fre-
quency structure closely matches recording from the micro-
phone, including presence of noticeable second harmonics,
demonstrating our method’s ability in recovering fine, high-
frequency temporal details from subtle surface vibrations
induced by sound waves—albeit not to the level of meth-
ods using surface tilt to recover audio [21]. In the supple-
ment, we perform shearography to capture surface tilt with
our method, and demonstrate the ability to capture higher-
quality audio signals as a result.

6.3. Shape deformation
We demonstrated that our method can capture subtle state
changes of an object caused by structural deformation. In
Fig. 13, a Q-tip touches the upper-right prong of a tuning
fork, producing a downward force on the prong. The lasers
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Figure 12. Chladni patterns. Vibrational modes of a plate from a contact speaker vibrating at 134Hz (Row 1) and 150Hz (Row 2).

Q-tip

Q-tip

Figure 13. Deformations created by a Q-tip. We visualize sub-
micron displacement and motion that occurs to a tuning fork when
using a Q-tip to apply (Top) no pressure, (Middle) light pressure,
and (Bottom) medium pressure. The top prong displaces more
than the bottom prong as evidenced by the number of times the
color hues wrap. For the bottom result, the colors desaturate, indi-
cating the presence of motion during the camera’s exposure.
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Figure 14. Recovered phasor magnitude. A tuning fork is ex-
cited by a speaker emitting an audio frequency that increases and
then decreases linearly in volume.

are configured in a vertical arrangement such that the sys-
tem responds to vertical displacement.

6.4. Vibrational modes
A tuning fork with a fundamental of 288Hz is lightly
struck, producing vibrational motion. We record measure-
ments at 600 fps, and place retroreflective tape on the fork

to boost the signal in response. We observe that the vibra-
tion occurs at approximately 286Hz after adhering the tape.
Fig. 1 provides a visualization of displacement in the verti-
cal direction, after unwrapping the phase. Note how the
direction of motion changes as a function of time, and both
prongs move in opposite directions. This is consistent with
vibrations that occur at the fundamental frequency [18].

We further investigated how vibration amplitude changes
with excitation volume in Fig. 14. We place a speaker be-
neath the tuning fork and play a sound wave that matches
the fork’s fundamental frequency. Changing the volume up
and down induces a change in the phasor magnitudes.

We also demonstrate the ability to capture more complex
vibrational modes. In Fig. 12, we mount a bone-conduction
speaker to the center of a rigid metal plate, and tilt the plate
at an angle relative to the camera’s optical axis. When res-
onated, the plate deforms into Chladni patterns that depend
on both the shape of the plate and the frequency [24].

7. Conclusion

We present a new computational framework for estimating
displacement and motion from speckle interferograms. We
propose a factorization calibration procedure and optical-
flow-inspired reconstruction procedure for computing per-
pixel displacement and motion information from a single
image. We believe our work opens up vibrational analysis
to a wide range of applications, including those demanding
the full-field capture of transient vibrations.
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