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ABSTRACT

This work explores vibration-based sensing to determine the loca-

tion of a touch on extended surface areas as well as identify the

object touching the surface leveraging a single sensor. It supports a

broad array of applications through either passive or active sensing

using only a single sensor. In the passive sensing, the received vi-

bration signals are determined by the location of the touch impact.

This allows location discrimination of touches precise enough to

enable emerging applications such as virtual keyboards on ubiqui-

tous surfaces for mobile devices. Moreover, in the active mode, the

received vibration signals carry richer information of the touching

object’s characteristics (e.g., weight, size, location and material).

This further enables our work to match the signals to the trained

profiles and allows it to differentiate personal objects in contact

with any surface. We evaluated extensively in the use cases of local-

izing touches (i.e., virtual keyboards), object localization and iden-

tification. Our experimental results demonstrate that the proposed

vibration-based solution can achieve high accuracy, over 95%, in

all these use cases.

1. INTRODUCTION
As the form factor of our mobile and wearable devices shrinks,

there exists an increasing need to support interaction beyond the

confines of the device itself. One approach to address this challenge

is to support convenient interaction through sensing approaches that

capture input from other surfaces, without directly touching the de-

vice. Such input usually comes in the form of touches, but we con-

sider a broad interpretation that goes beyond a human touch and

includes objects touching these surfaces.

Recently, several research teams have developed gesture and ac-

tivity recognition techniques that rely solely on measurable changes

of the radio-frequency environment. However, these systems are af-

fected by other changes in the surroundings that affect signal prop-

agation. Another direction for extending interactions is using a-

coustic signals. They have been used to track phone movements,

and recognize keystrokes on a nearby paper keyboard (e.g., [1]).

The accuracy of acoustic user interaction declines sharply in noisy

environments. More related are two recent studies: Toffee [2] us-
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Figure 1: The architecture of our system.

es acoustic time-of-arrival correlation to determine the direction of

touches on a surface with respect to a device relying on multiple

piezoelectric sensors. Touch & Activate [3] actively generates a-

coustic signals and records the sound patterns to identify how a user

touches a small object with the vibration speaker and piezo-electric

microphone directly attached to the object. These early studies are

limited to devices with four well-separated sensors or support lim-

ited sensing distances.

In the quest for a touch sensing technique that is robust to en-

vironmental noise and can operate on surfaces constructed from a

broad range of materials, we explore a different approach by sens-

ing physical vibrations. The impact of a touch on a surface such as

a table or door causes a shockwave to be transmitted through the

material that can be passively detected with accelerometers or more

sensitive piezo vibration sensors. Moreover, when a vibrator ac-

tively excites a surface resulting in the alteration of the shockwave

propagation, the presence of the object in contact with the surface

can thus be sensed. This work supports generalized vibration sens-

ing based on a low cost single sensor prototype that can receive

vibration signals in both passive and active sensing scenarios. It

can be attached to any solid surfaces such as a table or a door and

sense touching objects. The main contributions of this work are

summarized as follows:

• Exploring vibration-based sensing as a powerful touch and

object sensing alternative that does not require conductive

materials and is robust to acoustic noise.

• Extending passive vibration sensing to allow distinguish touch-

es on any surface using a single receiver that can precisely

work for an imaginary/paper keyboard.

• Exploring the capabilities of active vibration-based sensing

in applications such as differentiating objects placed on a sur-

face, as well as locating these objects.
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2. SYSTEM DESIGN

2.1 System Overview
As illustrated in Figure 1, the vibration-based sensing could be

separated into Passive Sensing and Active Sensing depending on

whether the vibration source is known to the system. The pro-

posed work can support both types of sensing and facilitate differ-

ent touch-based applications. It takes as input time-series amplitude

measurements of vibration signals from a vibration receiver. After

receiving the vibration signals, the system performs Vibration De-

tection & Segmentation to detect and obtain the useful segment of

the received vibration signals. Next, the system utilizes the Vibra-

tion Feature Extraction to extract the unique vibration feature (e.g.,

power spectrum density) from the segmented signals in the frequen-

cy domain. Next, the extracted vibration features are used by t-

wo phases: profiling and identification. In the profiling phase, the

extracted features are considered to be the unique signature corre-

sponding to the characteristics of the object’s touches on the medi-

um. These features are labeled with corresponding ground truth

and saved to build an object profile. In the identification phase, the

collected vibration samples are used to extract vibration features,

which serve as inputs to a vibration classifier via Vibration Classifi-

cation based on SVM to identify the target object and determine its

location.

2.2 Vibration Source
The vibration signals collected in the passive sensing are generat-

ed by unknown vibration sources depending on specific application

needs (e.g., tapping on the surface). In active sensing, the proposed

system utilizes a vibrator to generate vibration. Specifically, the

frequencies of the vibration signals we used increase logarithmical-

ly with time. The time duration of the generated vibration signal

is set to 1s. Additionally, we empirically choose a relatively low

frequency range (i.e., from 300Hz to 12kHz) to support a larger

sensing area.

2.3 Vibration Detection & Segmentation
After receiving vibration signals, the proposed work utilizes an

energy-based approach to detect and determine the segment of use-

ful vibration signals. In particular, it calculates the short time en-

ergy levels of the received vibration signals by accumulating the

square of their amplitudes in a sliding time window. We then use

a threshold-based approach to segment the useful vibration signals.

The segmented vibration signal is then normalized with respect to

the maximum amplitude of each.

2.4 Vibration Feature Extraction
Each transmission medium can be considered as a frequency s-

elective channel for vibration signals resulting in different power

and amplitude for the received vibration signal in the frequency do-

main. We thus choose vibration features based on the power of

received vibration signals in the frequency domain. In particular,

we utilize the power spectral density (PSD) of the received vibra-

tion signals as the basis for feature extraction. It could reflect the

power distribution of the sensed vibration signals at each specific

frequency, which can well capture the attenuation and interference

effects influenced by vibration source, propagation medium, and

objects contacting the medium surface.

2.5 Vibration Classification
During the profiling phase, the proposed work constructs a set

of object profiles with the vibration features (i.e., PSD) by labeling

vibration signals collected from various touch-based applications.
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Figure 2: Performance evaluation: (a) keystroke recognition

accuracy for different users with different sizes of training set

and (b) localization of 6 different objects.

In the later identification phase, when there is a vibration signal

detected and segmented, We need to extract the vibration feature

from the segmented signal and classify the feature by matching it

to the existing object profiles. Specifically, a vibration classifier is

built based on the Support Vector Machine (SVM) using LIBSVM 1

and the linear kernel function.

3. PRELIMINARY EVALUATION
We evaluate the performance of localizing touches (passive sens-

ing) by identifying finger clicks/keystrokes from three participants

on a virtual keyboard (illustrated by a piece of paper on the surface

of a wooden desk). There are 26 alphabetic keys on three rows in

the virtual keyboard. Participants are asked to randomly type on

the virtual keyboard with a natural speed. Each participant types

and collects vibration signals 20 times for each key. Figure 2(a)

shows the overall accuracy for the keystroke recognition of three

participants under different training set size. We observe that the

average accuracy over three users is around 87% and 97% with 3

and 5 training keystrokes per key, respectively.

For the active sensing, we conduct experiments by placing per-

sonal objects at nine locations (i.e., 3 × 3 grid) on a middle-size

wooden table. In the experiments, six personal objects (including

a small empty paper cup of 8 fl oz capacity, an U.S quarter coin, a

small apple, an iPhone 5s, an empty glass cup, and a can of coke)

are chosen to represent different material, weight, and size. The dis-

tance between any two adjacent predefined locations is 5cm. Fig-

ure 2(b) shows the localization accuracy of six different objects un-

der different number of training vibration signals when placed at 9

positions. We observe that heavier objects obtain better localization

accuracy, and the localization accuracy increases with the growing

number of training signals.
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