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Figure 1: VibEye: system overview and operation principle (left). Data processing pipeline (right-top). A classification model
is built from 16 standard objects and then applied to categorize 25 everyday objects (right-bottom).

ABSTRACT

We present VibEye: a vibration-mediated recognition system
of objects for tangible interaction. A user holds an object
between two fingers wearing VibEye. VibEye triggers a vibra-
tion from one finger, and the vibration that has propagated
through the object is sensed at the other finger. This vibra-
tion includes information about the object’s identity, and
we represent it using a spectrogram. Collecting the spectro-
grams of many objects, we formulate the object recognition
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problem to a classical classification problem among the im-
ages. This simple method, when tested with 20 users, shows
92.5% accuracy for 16 objects of the same shape with vari-
ous materials. This material-based classifier is also extended
to the recognition of everyday objects. Lastly, we demon-
strate several tangible applications where VibEye provides
the needed functionality while enhancing user experiences.
VibEye is particularly effective for recognizing objects made
of different materials, which is difficult to distinguish by
other means such as light and sound.
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1 INTRODUCTION

Living in the era of virtual reality, context-rich digital aug-
mentation is an ultimate goal when coupling digital and
physical worlds. Absence of comprehensive sensing methods,
however, is one of the key obstacles against expanding the
realm of digitally augmented computing. As such, previous
studies explored ways for computing devices to recognize
the context of use, e.g., location [4, 13], object [18, 37] and
its state [8, 43], user’s action [17, 18, 26, 41], and material
[5, 31, 36-38], via numerous sensing technologies.

When recognizing materials or objects, sensing methods
exploit various physical channels, including photic, elec-
tromagnetic, acoustic, and vibratory, to amplify differences
among a set of materials or objects. This physical channel of
sensing determines the class of materials or objects that lead
to reliable identification. Light-based sensing yields multi-
spectral information that enables recognition of a variety of
materials. However, this approach generally requires a flat
surface for suitable light reflection. In addition, since only
local information is retrieved, light-based sensing does not
ensure reliable recognition of the objects with complex mate-
rial composition or arbitrary shape. Object recognition using
electromagnetic signals is effective but only applicable to the
objects that emit electromagnetic waves. Acoustic sensing
focuses more on detecting the state changes of objects be-
cause acoustics waves are sensitive but weak. See Section 2
for further details.

In this work, we are concerned with distinguishing ob-
jects on the basis of their material differences. As we of-
ten shake an object to feel its characteristics, we impose
a frequency-modulated mechanical vibration to an object
and then measure and analyze the response vibration. This
approach allows us to deal with objects that have different
mechanical properties, e.g., stiffness, damping, density, and
weight. Such mechanical properties define the feel that users
perceive when holding objects in hand, and our method is
naturally tailored to tangible interaction.

As depicted in Figure 1, our hardware, named VibEye, is
designed to support the pinching gesture holding an object
between fingers. For accurate and robust object recognition,
we process the data in such a way that visualizes the spectral
content of the object, which is determined by the material
and structural properties, using a spectrogram. Spectrograms
enable us to use standard image-based classification methods.
We use PCA (Principal Component Analysis) in an unsuper-
vised manner, followed by a C-SVM (Classification Support
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Vector Machine) classifier. This approach removes the cum-
bersome feature selection step for classifier design, which
was an issue for prior vibration-based techniques (Section 2).

We evaluated the VibEye system with two sets of objects:
one consisting of 16 standard objects with the same cubic
shape and the other with 25 everyday objects. The former
was to stress their differences in the material, while the latter
was to explore further applicability of our material-based
recognition method to object with different shapes. When
tested with 20 users, VibEye recognized the 16 standard ob-
jects with high accuracy (92.5%) in spite of uncontrollable
hand orientation change and low-frequency motion. We also
extend the classifier trained on the standard objects to the
recognition of the unseen everyday objects to assess the ex-
tent to which material properties are captured in the classifier.
The material-based classifier can indeed recognize everyday
objects made of similar materials appropriately. Lastly, we
showcase two interactive applications utilizing VibEye in
virtual and augmented reality, respectively.

The main contributions of our work are with a proposal of
a vibration-mediated recognition system of handheld objects
emphasizing their material properties and a validation of
its performance. VibEye’s concept is useful for all tangible
applications in real, virtual, and augmented environments.

2 RELATED WORK

Recognizing objects of interest affords a computing device op-
portunities to assume the user’s context [4, 36]. Such context-
awareness has the potential to enrich interaction by provid-
ing relevant functionalities [18, 37]. Further, the material
that an object is made of reinforces the context [5, 11]. The
recognized information enables the object to function as part
of the computing environment. In this work, we focus on
how to recognize handheld objects based on their differences
in material in order to support tangible interaction in various
computing contexts and environments.

Object Recognition from Mechanical Vibration

A mechanical vibration that propagates through a medium
leaves a unique signature. Research on vibration-based sens-
ing has followed two strategies: active object sensing and
passive object sensing. The former is to detect the patterns
of vibrations emanating from an object that encompasses
its own oscillation source, e.g., motor-powered vibrating ob-
jects. ViBand [18] measures a vibration transmitted through
the human body to recognize the object or hand gesture that
has generated the vibration. Vibrosight [41] remotely detects
unique vibration patterns of objects in operation with laser
vibrometry. While useful, these methods are not applicable
to still objects.

The other approach is to apply a structured vibration (e.g.,
sinusoidal frequency sweep) to a static object and measure
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the response, and then compare the input and output (I/O)
signals for object recognition. This approach works with
any objects although it requires an external vibration source.
Kunze et al. [13] and Cho et al. [4] find the location of a
mobile phone by measuring acceleration (and also sound
[13]) using internal sensors after imposing a vibration. They
also envision the possibility of material recognition from
vibration signatures. In addition, sending a vibration to the
hand enables estimation of the grip force [10] and the hand
posture [12, 40]. Such hand-transmitted vibrations are gen-
erated and measured by surface transducers and contact
microphones. VibeBin [43] takes advantage of resonance
when the object is exposed to vibration. This system learns
the discrete fill-levels of a waste bin and then classifies them
using clustering. Our approach is generally in line with the
second strategy.

Data Processing Methods of Vibration-based Sensing

Signal processing of vibration-based sensing methods mostly
includes frequency domain analysis for feature extraction.
Frequency domain features are calculated using FFT (Fast
Fourier Transform) or STFT (Short-Time Fourier Transform)
of acceleration measurements [7]. ViBand [18] uses features
in four categories (power spectrum, descriptive statistics, 1st
derivative, and spectral band ratios). Kunze et al. calculate
features in multiple complex categories from a 5-s signal [13].
FingerPing [40] applies a series of chirps (total 0.5 s) and ex-
tracts 294 features in nine categories. These methods share
the typical issue of complex feature selection and computa-
tion. To reduce the feature dimension, VibePhone [4] applies
PCA to the FFT results of 1-s vibrations. In contrast, our
processing method uses spectrograms and PCA, consider-
ing both spectral and temporal information without explicit
feature selection and with significant dimension reduction.

Other Object Recognition Methods

We also review object recognition methods applicable to
tangible interaction relying on other physical channels.

Light. Light spectra of objects or materials are a very infor-
mative source for recognition. Magic Finger [36] integrates
multiple image sensors to track and capture the surfaces of
different materials touched by a finger. Ohnishi et al. [25]
capture images using a wrist-worn camera to identify hand-
held objects. Researchers also devised several methods to
improve the coverage of vision-based object sensing by vary-
ing light conditions. Harrison and Hudson present a device
that makes use of multiple light sources (RGB, ultraviolet,
and infrared) [11]. SpeCam [38] captures multiple images
under multi-spectral lighting from a mobile phone display.
SpecTrans [31] differentiates transparent surfaces using a
mouse laser sensor in a structured light condition. These
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Figure 2: Hardware design of VibEye.

light spectrum-based methods are likely to work well for
tangible interaction, but they are not suitable for querying
the invisible aspects of objects, such as weight, stiffness,
damping, and internal structure.

Electromagnetic. Electric devices emit electromagnetic waves,
and sensing them using magnetic sensors provides informa-
tion about their usage [19, 22, 35]. RadarCat [37] increases
the frequency range of electromagnetic signals to gigahertz
for less crowded bands. It can classify various kinds of ob-
jects such as body parts, transparent materials, and everyday
objects. However, objects must be placed on the sensing pad,
which makes it difficult to make interaction with the objects.

Acoustic. For object identification, acoustic sensing meth-
ods generally share a strategy with vibration-based passive
object sensing in that both trigger an external signal to an ob-
ject. However, the frequency ranges of the triggered signals
are noticeably different. Unlike vibration-based methods (<
1 kHz), acoustic methods have been developed using a wide
and higher frequency range of waves from audible (< 20
kHz) [8, 33] to inaudible (> 16 kHz) [16, 17, 26, 27]. Most of
them aim to recognize the state changes of an object rather
than the object itself because of weak signal power compared
to the other physical channels.

Using an audible sweep sound, EchoTag [33] finds the
place on which a mobile phone is, and SoQr [8] estimates
the fill-level of a container to which microphone and speaker
units are attached. Acoustic sensing in the inaudible range
also concentrates on recognizing interaction behaviors with
an object, e.g., touch position [26], contact pressure [27], and
state changes [16, 17].

3 SYSTEM DESIGN AND IMPLEMENTATION

In physics, a mechanical wave propagates through the solid
medium while oscillating and transferring energy. The vi-
bration propagation dynamics depends on three mechanical
components (mass, spring, and damper), and each of them is
a function of vibration frequency. Materials with noticeable
differences in such physical characteristics present distinct
responses to the imposed vibration.

In our use scenario, a user grasps an object with two fin-
gers, one wearing VibEye and the thumb (Figure 1, left).
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Figure 3: Computational procedure for signal processing and object recognition.

Then VibEye generates a short vibration, and it is transmit-
ted to the thumb through the object and measured by an
accelerometer fastened on the thumb’s pad. From this I/O
pair, we can estimate the vibration propagation dynamics
of the object, and it may provide reliable information for
object recognition. The vibration propagation dynamics is
generally nonlinear, and its identification using the system
theory is a quite complicated problem. Exploiting the fact
that we trigger the object dynamics using a known input, we
have designed a simple and effective data processing proce-
dure. The input vibration also delivers confirmation feedback
notifying proper and stable grasping for tangible interaction.

Hardware Design

VibEye is designed to support object grasping by pinching.
Our 3D-printed prototype has a cube-like structure with a
hole into which the middle finger is inserted like a thimble
(Figure 2). Top and bottom parts are made separately and
assembled using bolts and nuts. For vibration generation, a
voice coil actuator (Tactile Labs; Haptuator MM3C-HF), pow-
ered by an audio amplifier (Texas Instruments; TPA6211A1),
is attached to the bottom part. A small compression load cell
(TE Connectivity; FS2050-000X-1500-G) is also put inside
on which the first phalanx of the middle finger is placed.
This load cell is to measure active pressing force for con-
tact detection and vibration trigger control. For the latter,
we generate a vibration only when the measured pressure
reaches 0.2 kgf for the regulation of operating condition.
The vibration that has propagated through the object is
sensed by a high-performance triaxial accelerometer (Kisler;
Type8765A250M5) attached to the thumb’s pad. All the sen-
sors and actuators are connected to a data acquisition unit
(National Instruments; USB-6251) with 20-kHz sampling rate.
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Data Processing Pipeline

In general, the vibration propagation dynamics of an object
is nonlinear. However, for a short period of time, it can be
approximated by using linear dynamics. Our approach is
based on this general linearization strategy.

VibEye produces a sinusoidal vibration with the frequency
varying linearly from 50 Hz to 500 Hz as an input to the object.
This method is called sinusoidal frequency sweep, and it is
widely used for system identification to trigger the response
of a system in the frequency range of interest [20]. The
frequency range was experimentally optimized for object
recognition. The signal duration is 0.5 s, which is transient
enough not to interfere with the user’s gross motion and
also sufficiently long for faithful dynamics reconstruction.
The output vibration from the object is measured by the
accelerometer. This I/O vibration pair is fed to a series of
signal processing operations (implemented with MATLAB).

The vibration output is preprocessed as follows. First, we
combine the three orthogonal signals from the triaxial ac-
celerometer to make it invariant to the hand’s orientation
changes. We use the DFT321 method that maximizes both
temporal and spectral similarity between the three individual
signals and the merged signal [15]. This step may substan-
tially improve the reliability of accelerometer information
compared to the previous methods using individual signals
separately [18]. Second, we apply a high-pass filter (HPF)
to remove the effects of low-frequency hand motion. The
bandwidth of human voluntary motion is very low, and that
of the wrist motion for daily activities is about 5 Hz [23].
For HPF, we use a Chebyshev type-2 filter that has a flat
passband with stopband frequency 5 Hz, passband frequency
50 Hz, and stopband attenuation level 100 dB.
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Figure 4: Spectrograms of 16 standard objects. Objects are marked with material properties (R: rigid, E: elastic, V: viscous, P:
plastic, and S: stacked). The cutoff level § was -38 dB. The cubic objects that we molded from liquid materials are specified

with the material manufacturers and models.

Next, we compute the spectrogram of the preprocessed
output signal, following the procedure shown in Figure 3.
The output signal is 0.5-s long, and it is segmented to a
sequence of 96 short signals by sliding a 0.025-s long Hanning
window. Each segment overlaps 80% with the neighbors
to preserve spectral continuity. Then, we apply 2048-DFT
to every segment and stack the results along the time to
construct a single image of spectrogram (96 by 1025). This
raw spectrogram is filtered by removing the values lower
than a cutoff level § to suppress noise and transients, and
then the outcome is normalized. The final spectrogram is
unique to the object, like a signature, since we use the same
input vibration to all objects (see Figure 4). This method
allows us to recover the mechanical characteristics of the
object sufficient for recognition, without identifying the full
nonlinear dynamics of the object.

We collect spectrograms for various objects. Then, object
recognition corresponds to classifying an input spectrogram
into the spectrograms of the objects. To this end, we apply
PCA to the spectrograms. PCA extracts the most discrimi-
nant features from the images in an unsupervised manner,
and use the results for classification [34]. Therefore, we sim-
ply use a single image for classification, without defining and
calculating many explicit features from the results of DFT as

Paper 676

in the previous work [13, 18, 40]. As features for SVM, all the
resulting PCs (principal components) of the spectrograms
are fed to C-SVM (implemented with the LIBSVM library
[1]) with a linear kernel to train a classifier.

The above procedure is simple and requires very little
effort for tuning. The only critical parameter is the cutoff
level § for spectrogram computation, and the tuning results
are easily distinguished by looking at the images.

4 SYSTEM EVALUATION
Sample Sets

Standard Objects. We prepared 16 cubes as shown in the
insets of Figure 4. Their mechanical responses are indepen-
dent of the vibration stimulation orientation (top-bottom,
left-right, or front-back). We carefully selected 16 different
materials to cover the diverse range of elasticity, viscosity,
and weight of everyday objects. The edge length was 35 mm
for all cubes, except for two slightly larger cubes of eva foam
and paper. Using a variety of materials is important not only
for the evaluation of object recognition performance, but
also for affording rich haptic sensations to users who use the
cubes as props—the 16 cubes work as basic building blocks
for the feel of interaction. We call them standard objects, and
their spectrograms are shown in Figure 4.
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Everyday Objects. We also collected 25 everyday objects of
complex shapes and material compositions (Figure 5). They
represent casual objects that can be used for tangible inter-
action with natural affordance. They also encompass the
various material properties of the standard objects and are
sufficiently small to be held by pinching. Some of them are
rigid and heavy (perfume, mobile phone, and multi-plug),
rigid and light (spray, cosmetics, small table clock, wooden
plate, and pen), packaged (wet glue, wet tissue, and tooth-
paste), heterogeneous (wash sponge and wrist pad), or ho-
mogeneous (wet sponge, small polyurethane (PU) ball, large
PU ball, synthetic rubber ball, jelly, elastic eraser, hard eraser,
ear plug, and wristband). The rest are three human finger
parts (the first phalanx of the thumb and the first and second
phalanx of the index finger). Here we consider a scenario of
using the thumb and index finger of the dominant hand for
interaction while wearing VibEye in the non-dominant hand
for object recognition.

Recognition Performance

We measured the response of each standard object 20 times
using VibEye worn in one user’s fingers and then processed
the measured vibrations as described in Section 3. This step
resulted in 320 spectrograms, and they were used as input
images to PCA. The PCA results were reasonable (see the
right panels in Figure 3). Nearly 0.1 million pixel information
in each spectrogram is represented by 319 PCs. On average,
the first PC explained 65.4% of the variance, and 90.7% of the
variance was accounted for by the first three PCs.

We then ran cross-validation tests using C-SVM classifiers
and obtained an accuracy of 96.9% and 96.3% for 5-fold and
10-fold cross validation, respectively. This high performance
instantiates the effectiveness of our method. Hence, we pro-
ceeded to build a classifier to be used in our user study with
many users, also including the 25 everyday objects. For that,
we divided the dataset into two for training and testing while
varying the proportion and tested the resulting classifiers
with different users. The most balanced classifier was found
at the 1:1 proportion with 94.4% accuracy, and this one was
used for the user study.

The computation performance of our object recognition
method is also appropriate for tangible interaction. A single
execution takes only 31 ms on average in Matlab.

5 USERSTUDY

We conducted a user study in order to test the performance
of VibEye with actual users. The classifier used was built
from the data of one user, as described in Section 4. The
first goal was to test whether the classifier can recognize the
standard objects held in other users’ hands. The second goal
was to observe how the standard object classifier reacts to
unseen everyday objects. Some of the 25 everyday objects
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Figure 5: Twenty-five everyday objects.

and some of the 16 standard objects are composed from
similar materials. If there is an everyday object consistently
recognized as a certain standard object, it means that we
can use the classifier to recognize that everyday object on
the basis of material. This user study was approved by the
Institutional Review Board (IRB) at the authors’ institution
(PIRB-2017-E068).

Methods

We recruited 20 right-handed participants (16 males and 4
females; 19-39.5 years old with M 23.5 and SD 4.18) for this
user study. Each participant was paid 10 USD.

Participants put the VibEye device on their non-dominant
hands. All participants finished two sessions, first with the 16
standard objects and the other with the 25 everyday objects.
Also, each session had three repetitions. The presentation
order of the objects within each repetition was fully ran-
domized. The first repetitions were regarded as practice, and
their data were not included in data analysis.

During the experiment, participants followed instructions
shown on a monitor screen. The instructions were simple:
hold an object by pinching and apply gentle pressure be-
tween the middle finger and the thumb so that it remains in
the displayed force range (0.2 + 0.02 kgf). After the contact
pressure had stayed within the force range for 500 ms, a vibra-
tion was generated for frequency sweep. The accelerometer
on the thumb picked up the vibration that had propagated
through the object. Participants were asked to align the ob-
ject’s center of mass between the two grasping fingers while
avoiding touching the object with other fingers or any other
things around with the object. There were 48 trials for the ses-
sion with the standard objects and 75 trials for the everyday
objects. The experiment took less than an hour.

Results

Standard Objects. A confusion matrix for the standard ob-
jects is shown in Figure 6, where a number in the (i, j) cell
indicates the percentage of the i-th object classified as the
Jj-th object. It is evident that the diagonal terms are dominant
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for almost all objects. The average accuracy over all stan-
dard objects and participants was 92.5%. This result validates
the effective of our one-person classifier in recognizing the
standard objects held by many different users.

The most noticeable errors were present with the acrylic
cube that was recognized as the bakelite cube by 67.5% (Fig-
ure 6). These two rigid plastic cubes have similar mechanical
properties (acrylic: density 1.19 kg/m3, weight 50.8 g and
bakelite: 1.3 kg/m?, 59.9 g). Our method was unable to dis-
tinguish such subtle differences. When the two cubes’ data
are aggregated, the accuracy is improved to 96.9% (SD 3.8%).

Individual recall and precision values are shown in Figure
7 for all the standard objects. On average, precision was 93.7%
(SD 11.0%), and recall was 92.5% (SD 16.4%)!. The average f-
score was 92.0%. These statistics re-confirm the effectiveness
of VibEye. Here again the bakelite (code I) and the acrylic
cube (J) caused the performance drop. Combining the two
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Figure 8: Confusion matrix for categorizing 25 everyday ob-
jects to 16 standard objects.

cubes’s data improves the statistics to 97.0% (SD 4.4%), 96.9%
(SD 3.2%), and 96.9%, respectively.

Everyday Objects. Figure 8 shows a confusion matrix of
the everyday object classification results. Note that the two
standard objects with very similar materials (bakelite and
acrylic) are aggregated as plastics for simplicity.

We illustrate how to interpret the results in Figure 8 using
examples. The cell at which “wet glue” and “G” are crossed
represents that wet glue was recognized as rubber clay (code
G; see Figure 6) by 80%. Similarly, the cell of “wet glue” and
“A” tells that wet glue was also identified as paper (code A)
by 20%. Examining the individual cells this way allows us
to summarize prominent mappings from everyday object to
standard object, as shown in Table 1. If an everyday object
was classified as a standard object with over 70% of ratio, that
pair is enrolled in the table with their common mechanical
properties. Eighteen everyday objects (out of 25) were paired.

Some of the everyday objects are elastic, and most of them
are classified into one of the two silicones (B and C), rub-
ber (D), and eva (F), as shown in the top group of Table 1.
The specific relations are in agreement with their level of
elasticity. In the middle group, wet (liquid) glue shows slow
restoration after deformation due to its viscous content, and
it is 80% classified as the most viscous standard object, rub-
ber clay (G). The everyday objects in the bottom group are
all rigid. They are paired with rigid standard objects with a
reasonable distribution. Weight is an influential factor to our

The average recall is identical to the average accuracy because the numbers
of presenting each object were all the same.
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Table 1: Prominent mappings from 18 everyday ob-
jects to standard objects (from Figure 8).

Everyday Objects  Standard Object  Features

Wet sponge B (soft silicone) Elastic and viscous
Jelly; wrist pad;
index (1st Phalanx);

rubber ball; earplug

C (stretch silicone)  Very elastic and viscous

Two PU valls D (rubber) Highly elastic
Elastic eraser F (eva) elastic and little viscous
Wet glue G (rubber clay) viscous
Wooden plate H (wood) Wooden and rigid
Hard eraser; pen; Light and rigid
small clock E (hard rubber) (Little elastic or buzzing)
Cosmetics I & J (plastics) Light and rigid
Mobile phone;
obile phone; L & M (metals) Heavy and rigid

perfume; multi-plug

classifier model, and heavy objects over 100 g (mobile phone,
multi-plug, and perfume) are categorized to the standard
objects made of metals (titanium (L) and steel (M)). Light and
rigid objects are mapped to hard rubber (E) if they exhibit
some noticeable properties, e.g., bouncing a bit when thrown
(hard eraser) or making buzzing noise from assembled parts
(pen and small clock). Other light rigid everyday objects are
classified to wood (H) or plastics (I & J), mostly depending
on their materials.

6 DISCUSSION
Summary of Results

Our work is based on a simple idea: when a user holds an ob-
ject between fingers, we can recognize the object by trigger-
ing a short vibration and sensing the transmitted vibration
changed by the object’s mechanical properties. Our method
empowers ordinary objects to work as props of rich haptic
sensations, contexts, and affordance for tangible interaction
in any real, virtual, or augmented environments. For proof of
the concept, we designed and implemented a simple proto-
type named VibEye and effective, efficient, and easy-to-use
object recognition algorithms capitalizing on spectrograms
and PCA.

We trained an actual classifier of the 16 standard objects
on the data measured from one user. All the standard ob-
jects were of the same shape (cube), so the classifier learned
their material differences. The classifier showed high cross-
validation performance. When tested with 20 other users,
the one-person classifier showed quite high performance
(accuracy 92.5% and precision 93.7%). This is evidence of
the capability of our method handling individual differences,
e.g., different hand size and weight, and time-varying factors,
e.g., hand orientation change and low-frequency motion. In
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another experiment where the 25 everyday objects with dif-
ferent shapes and materials were used, we conducted the
experiment with the classifier built on the standard objects.
This was to see how the material-based classifier reacts to
the everyday objects of different shapes but similar materials.
The one-person material-based classifier could find many
good matches between the everyday and standard objects.
Therefore, depending on objects used, material-based classi-
fiers may suffice for accurate and robust object recognition,
without training classifiers every time for new sets of objects.

When very high recognition accuracy is crucial, we can
build individual models for each set of objects. Such classi-
fiers are trained on both the materials and shapes of objects.
For example, we trained a C-SVM classifier to the 20 partic-
ipants’ data of the 25 everyday objects with a cutoff level
& = —60 dB. The recognition accuracy was as high as 93.1%.
Moreover, we tested our method with the four sets of objects
shown in Figure 9. They were liquid body products in soft
tubes, candies in hard containers, stacked papers, and empty
or full spray bottles. The recognition accuracy was nearly
100% for all the four sets. These four sets of objects are very
difficult to recognize with other methods using vision or
sound.

Hardware Improvement

Our prototype of VibEye is a bit bulky and not designed opti-
mally for ergonomics; we rather focused on the function for
proof of the concept. As such, its design can be improved in
many ways by using other actuators and sensors. For exam-
ple, there exist flexible thin-film vibration actuators that can
be attached to the skin [28, 29]. Likewise, commercial film-
type pressure sensors (e.g., those from Tekscan, Inc.) have
been available for a long time. For accelerometers, tiny ones
have recently been developed (approximate size 1 mm X 1
mm X 0.8 mm [24]). Using such advanced actuators and sen-
sors is likely to allow for a design of smaller, lighter, and
more ergonomic hardware. However, the requirement of
vibration transmission and sensing between fingers might
still have fundamental interference with the normal use of
fingers during interaction. This issue can be addressed more
carefully after we build an improved hardware of VibEye.
Though the highest frequency we use is 500 Hz, the vibra-
tion output can have higher frequency due to nonlinearity
or harmonics (e.g. candies inside a container). Therefore, we
set our sampling rate to 20 kHz to ensure reliable measure-
ment. However, the spectrograms in Figure 4 did not show
significant energy above 500 Hz. Hence, 5-10 kHz sampling
rates seems to be sufficient for spectrogram construction?.

%In practice, sampling rate for digitizing must be higher than 10-20 times
of the highest frequency of interest of an analog signal [9]. Otherwise,
important information is lost during analog-to-digital conversion.
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Figure 9: Another four sets of everyday objects and their PCA results (20 repetitions each): (A) Liquid body products in soft
tubes, (B) candies in hard containers, (C) stacked papers, and (D) a spray bottle (empty or full).

Vibration as a Sensory Cue

VibEye makes sound and vibration for object recognition,
and they are perceptible. For some applications, we can de-
sign sound and vibration so that users accept them as ad-
equate sensory feedback while the vibration still includes
sufficient spectral information for building a spectrogram.
There exists a plethora of literature even for vibrotactile
effect design (e.g., see reviews in [6, 21, 32]). Our current
implementation presents pleasant sensations to users. How-
ever, our method is inappropriate for the applications that
disallows any sound or vibration other than those resulted
from natural contact. It is a fundamental limitation of our
approach that leverages structured mechanical vibrations.

7 APPLICATIONS

VibEye allows tangible props to self-illustrate computing
contexts in a simple and direct manner. The unlocked pos-
sibilities enable the design of digital environment that en-
compasses the afforance and experiences of the real world.
VibEye also enables the unique haptic properties of real
world objects, leading to rich tangible interaction. Delicate
and assorted feels from the objects can be mapped to the
functions and characteristics of user interface. Under these
visionary design criteria, we have designed and implemented
two applications, and they are presented in the rest of this
section.

3D Modeling Interface for VR

Using blocks for 3D modeling is a popular paradigm (e.g.,
Minecraft and isometric toolkits in Unity). We can instill
tangibility into such block-based modeling by using our 16
standard cubes as props (Figure 10, left). A user can design
a 3D model by manipulating the cubes of desired materials
with VibEye, and the corresponding virtual blocks attain
those materials. This function affords an authoring environ-
ment of highly congruent manipulation and representation.
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The 16 tangible cubes not only behave as haptic proxies
[3, 42], but also provide diverse haptic sensations that are
copied to the 3D model. Additionally, measuring the user’s
pinching force enables to distinguish whether the grasping
is a mere grip, a request to identify the cube, or a command
to insert the corresponding virtual block into the model.

Our 3D modeling application can be used with a tool that
transforms multi-block models to CAD models [14]. Then
the result can support material-rich 3D printing; its needs
have been consistently raised in the literature [2]. Hence,
our tangible 3D modeling interface has implication to 3D
printing of diverse viscoelastic materials [39] and estimating
the responses of elastic objects to be printed [30].

Drawing Interface for AR

In this application, a user puts on an optical see-through
HMD and draws in a 3D space while holding an object in the
hand wearing VibEye (Figure 10, right). The hand is tracked
by a 3D tracker, and its trajectory is colored using AR. So
the user can see both the real environment and the virtual
drawing. Objects can be anything, e.g., a pen, sponge, finger,
and eraser, but those with natural affordance and salient
material properties are more adequate. Such tangible objects
not only indicate functions (determined by the object iden-
tity), but also the textures of virtual drawing (represented by
the object texture). Using this tangible input, we transfer the
visual and haptic analog experiences to the digital domain,
also enabling other users to see and feel the saved drawings.
In particular, depending on the haptic interface used, we can
render different haptic properties such as texture, elasticity,
and friction. For example, imagine a user holding a smart-
phone so that the user can perceive the haptic textures of
drawing through vibration feedback.
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Figure 10: Applications of VibEye: (left) VR 3D modeling and (right) AR drawing tool.

8 CONCLUSIONS

In this work, we have presented VibEye, a system for vibration-
mediated object recognition. VibEye is simple: its hardware
requires only a vibration emitter and a sensor, and its soft-
ware processes the data using well-defined image-based
methods. Essentially, VibEye transforms the object recogni-
tion problem to an image classification problem. We have
validated the effectiveness of VibEye in several ways, using
the cross-validation results for the standard objects of the
same shape but different materials, and recognition perfor-
mance for other users’ data and other unseen various every-
day objects’ data. Also demonstrated are the two tangible
applications that capitalize on the advantages of VibEye.
We envision tightly-coupled virtual and real environments
that are seamlessly controlled by tangible objects. We hope
that the concepts embodied by VibEye could pave the way.
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