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Abstract

We introduce The Boombox, a container that uses acous-
tic vibrations to reconstruct an image of its inside contents.
When an object interacts with the container, they produce
small acoustic vibrations. The exact vibration characteris-
tics depend on the physical properties of the box and the
object. We demonstrate how to use this incidental signal
in order to predict visual structure. After learning, our ap-
proach remains effective even when a camera cannot view
inside the box. Although we use low-cost and low-power
contact microphones to detect the vibrations, our results
show that learning from multi-modal data enables us to
transform cheap acoustic sensors into rich visual sensors.
Due to the ubiquity of containers, we believe integrating
perception capabilities into them will enable new applica-
tions in human-computer interaction and robotics.

1. Introduction

Reconstructing the occluded contents of containers is a
fundamental computer vision task that underlies a number
of applications in assistive technology and robotics [7, 38].
However, despite their ubiquity in natural scenes and the
ease at which people understand containment [[16} [1]], con-
tainers have remained a key challenge in machine percep-
tion [13| 9]]. For any camera based task, once an object is
contained, there are very few visual signals to reveal the lo-
cation and appearance of occluded objects.

Recently, the computer vision field has explored sev-
eral alternative modalities for learning to reconstruct ob-
jects occluded by containment. For example, non-line-of-
sight imaging systems use the reflections of a laser to sense
around corners [6, [11], and radio frequency based sensing
shows strong results at visual reconstruction behind walls
and other obstructions [41]. These methods leverage the
ability to actively emit light or radio frequencies that reflect
off surfaces of interest and return to the receiver. These ap-
proaches typically require active emission for accurate vi-
sual reconstruction.

In this paper, we demonstrate how to use another modal-
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Figure 1. The Boombox: We introduce a “smart” container that
is able to reconstruct an image of its inside contents. Our ap-
proach works even when the camera cannot see into the container.
The box is equipped with four contact microphones on each face.
When objects interact with the box, they cause incidental acous-
tic vibrations. From just these vibrations, we learn to predict the
visual scene inside the box.

ity for reconstructing the visual structure inside containers.
Whenever an object or person interacts with a container,
they will create an acoustic vibration. The exact incidental
vibration produced will depend on the physical properties
of the box and its contained objects, such as their relative
position, materials, shape, and force. Unlike an active ra-
dio, these vibrations are passively and naturally available.
We introduce The Boombox, a smart container that uses
the vibration of itself to reconstruct an image of its contents.
The box is no larger than a cubic square foot, and it is able
to perform all the rudimentary functions that ordinary con-
tainers do. Unlike most containers, however, the box uses
contact microphones to detect its own vibration. Capital-
izing on the link between acoustic and visual structure, we
show that a convolutional network can use these vibrations
to predict the visual scene inside the container, even under
total occlusion and poor illumination. Figure [T] illustrates
our box and one reconstruction from the vibration.
Acoustic signals contain extensive information about the
surroundings. Humans, for example, use the difference in
time and amplitude between both ears to locate sounds and
reconstruct shapes [35]. Theoretical results also suggest
that, with some assumptions, the geometry of a scene can
be reconstructed from audio [14]]. However, there are two
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Figure 2.The Boombox Overview. (A) The Boombox can sense the object through four contact microphones on each side of a storage
container. A top-down RGB-D camera is used to collect the nal stabilized scene after the object movements. (B) We drop three wooden
objects with different shapes. (C) Input and output data visualizations.

key challenges. Firstly, in our setting, the speed of sound islating these exact features is non-trivial, especially in sit-
extremely fast for the distance it will travel. Secondly, these uations where the signal is not broad-band and in motion
methods often assume stationary sound sources, and whej24, (45,[2,[5]. Furthermore, these rough approximations
they do not, they require high speeds to detect Doppler ef-can only be used to localize the object, whereas our goal is
fects. At the scale of a small box, standard radiolocation to not only localize objects, but also predict the 3D struc-
methods are not robust because they are sensitive to slighture, which includes shape and orientation of the object as
errors in the estimated signal characteristics. well as the environment. As such, we develop a model that
We nd that convolutional networks are able to learn learns the necessary features for reconstruction.
robust features that permit reconstruction that is accu-  vjsion and Sound. In recent years the eld has seen
rate within centimeters. Our experiments demonstrate thaty growing interest in using sound and vision conjunctively.
acoustics are pivotal for revealing the visual structure be- There are works that, given vision, enhance sounds$ 30, 18],
hind containment. Given just four microphones attached to || i, missing sounds [42], and generate sounds éntirely
each face of the container, we can learn to create an imaggrom video [32/43]. Further, there have been recent works
that predicts both the position and shape of objects insidejp, jntegrating vision and sound to improve recognition of
the box from vibration alone. Our approach works on real, enyironmental propertie§][3, 2] 8] and object properties,
natural audio. Although we use low-cost and low-power mi- g;,ch as geometry and materials |[40] 39]. Lastly, there
crophones, learning from visual synchronization enables Uspave peen works in using audiovisual data for representa-
to transform cheap acoustic sensors into 3D visual sensorsyion |earning [33[ 4, 28].[[17] investigates vision and sound
The main contribution of this paper is an integrated hard- i 5 robot setting where they predict which robot actions
ware and software platform for using acoustic vibrations to ¢5sed a sound. There has been work for generating a face
reconstruct the visual structure inside containers. The re-given a voice[[31] and a scene from ambient sodnd [37].
mainder of this paper will describe The Boombox in detalil. |, contrast, our work uses sound to predict the 3D visual
In section 2, we rst review background on this topic. In  gtrycture inside a container.
section 3, we introduce our perception hardware, and in sec-
tion 4, we describe our learning model. Finally, in section 5,
we quantitatively and qualitatively analyze the performance
and capabilities of our approach. We will open-source all
hardware designs, software, models, and data.

Non-line-of-sight Imaging: Due to the importance of
sensing through occlusions and containers, the eld has in-
vestigated other modalities for visual reconstruction. In
non-line-of-sight imaging, there has been extensive work
in scene reconstruction by relying on a laser to re ect off
2. Related Work surfaces and return to the receiver([6] 11]. There are also
audio extensions [25] as well as radio-frequency based ap-

Audio Analysis. The primary features in audio that are proaches|[41]. However, these approaches use specialized
used for sound localization_[29] are time difference of ar- and often expensive hardware for the best results. Our ap-
rival and level (amplitude) difference. Speci cally calcu- proach only uses commodity hardware costing less #i&n



