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ABSTRACT
We present TRing, a finger-worn input device which provides
instant and customizable interactions. TRing offers a novel
method for making plain objects interactive using an embed-
ded magnet and a finger-worn device. With a particle filter in-
tegrated magnetic sensing technique, we compute the finger-
tip’s position relative to the embedded magnet. We also offer
a magnet placement algorithm that guides the magnet instal-
lation location based upon the user’s interface customization.
By simply inserting or attaching a small magnet, we bring in-
teractivity to both fabricated and existing objects. In our eval-
uations, TRing shows an average tracking error of 8.6 mm in
3D space and a 2D targeting error of 4.96 mm, which are suf-
ficient for implementing average-sized conventional controls
such as buttons and sliders. A user study validates the input
performance with TRing on a targeting task (92% accuracy
within 45 mm distance) and a cursor control task (91% ac-
curacy for a 10 mm target). Furthermore, we show examples
that highlight the interaction capability of our approach.
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INTRODUCTION
The rise of the Do-It-Yourself (DIY) and maker move-
ments [1] has resulted in widespread use of additive manu-
facturing. In addition, the scaled up manufacturing of low
cost embedded electronic hardware (microcontroller and sen-
sors) has enabled rapid prototyping of interactive objects [42].
Recent approaches have focused on minimizing the post-
processing stage for embedding interactive elements through
novel sensing techniques [38] or printing methods [13]. A
multi-material 3D electronics printer [43] is also in the pro-
cess of commercialization. Utilizing these approaches, users
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Figure 1. TRing is (A) a finger-worn device with a magnetic sensing
technique to track the fingertip around a permanent magnet. (B) By
embedding a magnet in the object, (C) we bring interactivity to objects
without placing electronic components or hardware in the object.

can save time and money when making interactive objects.
Moreover, these approaches support a growing number of
novice “makers” who possess little background knowledge
in dealing with electronic components and sensors.

Researchers also utilize the affordance and the availability of
everyday objects to perform interactions [9, 24]. By utiliz-
ing everyday objects, users can lessen their dependence on
dedicated input devices such that the object itself becomes
the interface and the controller. Due to the nature of the
existing physical structure of objects, previous works have
adopted depth cameras, sensors, or tags to formulate interac-
tions. These works demonstrate a natural way to bridge the
gap between the physical environment and cyberspace as pro-
posed in Tangible Bits [20].

However, existing methods of making objects interactive still
require users to post-assemble basic electronic components
including batteries, wires, and ICs on the object side [30].
Moreover, conventional approaches require battery manage-
ment for each interactive object for the duration of use. In
terms of sensing techniques, interactions with objects still
rely on computer vision, for which users need to install a
camera and attach visible tags to the object. These limita-
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tions increase manufacturing costs and reduce the flexibility
of the interface customization for many users.

Recent magnetic sensing techniques have provided various
input metaphors, from proximity sensing to position track-
ing. Previous works focused on using permanent magnets
with magnetometers. However, these works embedded mag-
nets in the tracked parts, such as a finger or stylus. Previ-
ously, putting a magnetometer in a tracked body was not fea-
sible since high magnetic flux from a magnet distorted the
geomagnetic field. This led to the inability of inertial mea-
surement units (IMUs) to provide orientation estimation near
the permanent magnet. In this work, we adopt a particle filter
to obtain robust orientation estimation regardless of magnetic
distortion. With our approach, we track the 3D position of the
fingertip relative to the magnet. This allows us to make ob-
jects interactive by embedding magnets instead of installing
electronic components.

In this work, we present TRing, which is an instant and cus-
tomizable input based on magnetic sensing through a finger-
worn device. Our prototype supports both fabricated and
everyday objects as interaction mediums. Through our ap-
proach, users can instantly build and control interactive ob-
jects by simply inserting or attaching a magnet. Our contri-
butions are as follows:

• A novel sensing technique providing real-time 3D position
tracking around embedded magnets using a 9-axis IMU;

• A magnet placement algorithm that guides the magnet lo-
cation based on a user’s interface customization;

• A new approach to bring interactivity to objects using a
finger-worn device that senses embedded magnets;

• Example applications demonstrating instant and customiz-
able interactions with objects.

RELATED WORK
Bringing Interactivity to an Object
In practice, bringing interactivity to objects has been done
through installing electronic hardware in existing products.
In the post-processing stage, users generally assemble and
test hardware modules manually. Recent approaches in
fabricating interactive objects have focused on reducing
the time and cost of this post-processing. These include
multi-directional/multi-material 3D printing [13, 41], phys-
ical mark-up [39], embedded single-camera [38], structural
electronics [28], acoustic sensing [16, 34], and layered fab-
rics [35]. These approaches still require substantial amounts
of post-processing such as wiring and electronic module as-
sembly, but it can be eliminated, saving significant time. In
our work, we further suggest a method to fully remove the
electronic hardware components from the object side, thereby
enabling easy and low-cost installation and maintenance. Al-
though previous approaches require less instrumentation [34,
40], the richness and sustainability of the interaction are still
limited due to either the lack of position tracking or the re-
quirement to install additional hardware. Our approach also
introduces a simple way to modify the interface without iter-
ating the whole post-processing or data training steps.

Everyday Object Interaction
Performing interaction using everyday objects offers task af-
fordances while utilizing existing environments where these
objects are used. This creates an opportunity for an instant
and casual interaction in which naturally embedded behaviors
with existing objects function as meaningful interactions [36].
To this extent, iCon and Instant Interface employ fixed cam-
eras to transform everyday objects into an auxiliary controller
and instant interface [9, 10]. Kranz et al. [24] demonstrate ev-
eryday object interfaces integrated with multimodal sensors
to track human activity. ReachMedia and IDSense instrument
everyday objects with RFID tags to detect object motions or
related human activities [12, 25]. However, these approaches
require a room/object-level hardware set-up that limits the
availability and applicability of the interactions. TRing only
requires embedding a small permanent magnet into existing
objects to create an instant interface.

Position Tracking Using Magnetic Sensing Technique
Magnetic sensing has been explored extensively for position
tracking. Tracking using active magnetic sources has been
thoroughly explored in gaming [21], tangibles [26], and 3D
interactions [18] based on its ability to track multiple points
with high precision. Position tracking using passive mag-
netic sources and magnetometers has been also explored.
This approach has demonstrated an acceptable performance
as a wearable input for mobile applications [8]. Previous ap-
proaches required hardware installation on the reference part,
which limited their deployment in everyday objects. In this
work, we are interested in enabling instant and customizable
interactions with a low-cost setup and minimal maintenance
through only embedding a single magnet. We integrate a gra-
dient descent algorithm [29] with a particle filter [45] to es-
timate finger orientation under high magnetic distortion. Our
approach enables real-time position tracking around the mag-
net.

Interaction Through Finger-Worn Devices
The fingers have been explored widely as an interaction
medium since they convey human intent precisely with high
flexibility. To understand the interaction created by fingers,
finger-worn devices have been explored using various sensing
techniques. First, a vision-based approach using a camera [6]
and infrared proximity sensor [22, 46] provides 2D tracking
as well as context-aware interactions. However, these tech-
niques require maintaining a clear line of sight to the fingers.
Other sensing techniques utilize magnetic hall sensors [7] and
accelerometers [32]. Although these works suggest a new
way of interacting through fingers, they do not focus on in-
teracting with an object. Here, we enable interaction with
a physical object by defining a coordinate system around an
embedded magnet. With TRing, users are welcome to cus-
tomize an interface with arbitrary objects.

SENSING TECHNIQUE PRINCIPLE
Previous 2D and 3D position tracking methods using mag-
netic sensing have been explored using multiple magnetome-
ters [8], hall sensor array [7], or a 9-axis inertial measure-
ment unit (IMU) [47]. However, these works require placing
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Figure 2. (A) We use a magnetic dip angle to detect magnetic distortion
caused by the magnet. (B) Under magnetic distortion, we use a particle
filter for orientation estimation. (C) By solving the magnetism equation
with the estimated orientation, we achieve 3D fingertip tracking.

a magnetic source within the tracking body and a sensor in-
stallation in the reference object or platform. To this extent,
all electronic hardware components should reside within the
target object to support position tracking. The difficulty of
embedding a magnet in the reference body remains twofold:
1) estimating the absolute orientation around the permanent
magnet in spite of magnetic distortion and 2) recognizing the
magnet’s initial orientation. We explain how we overcome
these bottlenecks through our tracking mechanism (Figure 2).

Orientation Estimation
A gradient descent algorithm provides a robust absolute ori-
entation estimation using a 9-axis IMU [29]. However, this
does not compensate for sudden changes in the magnetic field
due to the slow responsiveness [45]. To provide robust orien-
tation estimations under high magnetic distortion, a previous
work [45] employed a particle filter [15, 23] along with a fast
magnetic distortion detection based on magnetic dip angle.
Outside of the high distortion region, we still adopt the gra-
dient descent method because this method is computationally
inexpensive in compensating for minor environmental distor-
tions. As in previous works, we employ a sequential impor-
tance resampling/particle filter (SIR-PF) for orientation esti-
mation under high magnetic distortion conditions. Thus, we
maintain an accurate orientation both close to and far from
the permanent magnet. The magnetic dip angle(✓dip) is the
angle between the lines of flux of the Earth’s magnetic field
and the surface of the Earth.

✓dip = (pi/2)� arccos(~g · ~m) (1)

The dip angle reacts faster than the magnetic strength under
magnetic distortion which is ideal for magnetic distortion de-
tection. We compute ✓dip with readings from the accelerom-
eter and magnetometer using Eq. 1. In our approach, we also
include the rate of magnetic dip angle change (✓̇dip) and the
rate of magnetic strength change ( ˙mag) for magnetic distor-
tion detection. These parameters ensure that the distortion de-
tection reacts against fast motions during finger interactions,
the larger magnetic flux from the magnet, and the bigger sen-
sor noises from constant motions.

Figure 3 illustrates the overall system flow of our proposed
orientation estimation method:

1. Input accelerometer and magnetometer readings to calcu-
late the magnetic dip angle using Eq. 1.

2. Detect magnetic distortion based on the following param-
eters: magnetic dip angle (✓dip), threshold (✓min, ✓max),

Figure 3. Orientation estimation system flow. Based on magnetic distor-
tion status, we choose between the gradient descent algorithm and the
particle filter for orientation computation.

rate of magnetic dip angle change (✓̇dip), magnetic
strength threshold (maginit), and rate of magnetic strength
change ( ˙mag).

3. Perform orientation estimation using the gradient descent
method [29] if no severe magnetic distortion exists.

4. Under magnetic distortion, use particle filtering for orien-
tation estimation [45] with full weight on the gyroscope
readings.

5. Apply 0.5⇠1 seconds delay before transitioning from the
particle filter to the gradient descent method. This helps
reduce erroneous transitions back to the gradient descent
method in regions of magnetic distortion.

6. Obtain Euler angles from the computed quaternions.

In the SIR-PF, we choose quaternions to represent the orienta-
tion. Here, q̂�i and q̂

+
i represent prior and posterior estimated

state at a time instant i, respectively. Then, we use the angu-
lar velocity (!i) from a gyroscope as input to the state space
transition based on the quaternion rate (q̇) as shown in Eq. 2
and Eq. 3.

q̇i =
1

2
q̂

+
i


0
!i

�
where, !i = [!ix !iy !iz] (2)

q̂

�
i+1 = q̂

+
i + q̇i�t (3)

The SIR-PF performs importance sampling and resampling
recursively as following:

1. Initialization: Generate particles q

j
i ⇠ pqi , i = 0, j =

1, . . . , N . q

j
i is the j

th particle at time instant i. In our
case, we choose pqi as a uniform distribution centered at
qi. Further, we set the initial weights W j�

i equally (N�1).

2. Updating Weights: We update the weights using the like-
lihood. We first convert quaternion particles to direc-
tion cosine matrices (DCM) as shown in Eq. 4. Then,
the columns of difference between the direction cosine
matrices (DCM

j
diff ) is used to calculate the axes of

an ellipsoid. The ellipsoid volume is used for likeli-
hood (Lj) computation (Eq. 5). Next, we update the pos-
terior weight (W j+

i ) based on the prior weight (W j�
i ),
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the likelihood (Lj), the transition probability (p(qji |q
j
i�1))

and the importance density (⇡(qji |q
j
i�1,!i)) (Eq. 6). We

choose one of the standard SIR-PF varieties, where
⇡(qji |q

j
i�1,!i) = p(qji |q

j
i�1) [14].

DCM

j
diff = DCMqi �DCMqji

(4)

L

j := p(!i|qji ) /
1

�rx �ry �rz
(5)

W

j+
i =

W

j�
i L

j
p(qji |q

j
i�1)

⇡(qji |q
j
i�1,!i)

= W

j�
i L

j (6)

3. State Estimation: The final estimated state q̂

+
i at time i is

calculated as the weighted sum of the particles (Eq. 7).

q̂

+
i =

NX

j=0

W

j+
i q

j
i (7)

4. Resampling: Take N samples which are drawn from the
set {qji }j=1,N where the probability to take sample j is the
updated weight W j+

i . Then, reset the weights as W j�
i+1 =

N

�1 for the next step.

5. Prediction and Updating Particles: To update each parti-
cle, we perform angular velocity sampling (a normal dis-
tribution with current gyroscope reading, !i, as the mean
value, and the floor noise of the gyroscope as the standard
deviation, �!). In Eq. 8, the function F takes an angular
velocity !

j
i to update the particles.

q

j
i+1 = F(q̂+i ,N{!i,�!}) (8)

6. Let i := i+ 1 and iterate to item 2.

We apply full weights on the gyroscope readings whereas a
previous work [45] employed partial weights on both magne-
tometer and gyroscope readings. By excluding the erroneous
values from the magnetometer under distortion, our approach
deals better with the higher magnetic flux (from a magnet)
than that of previous works (ferromagnetic materials).

Position Tracking
From magnetism theory, the 3D position of the permanent
magnet can be solved using the following equation:

H(r) =
K

r

3


3r(m · r)

r

2
�m

�
, r = |r|,K =

M

4⇡
(9)

H refers to the magnetic field vectors in the global frame, M
denotes the magnetic moment, m is the directional vector of
the magnet, and r is the magnet’s location vector relative to
the sensor. With known m, M , and H, r can be solved up to
a sign ambiguity as follows:

Similar to TMotion [47], we first take the estimated orienta-
tions of r and 3-axis magnetometer readings (H). Then, we
carry out a numerical approach to solve the nonlinear Eq. 9.
Last, we remove the bias of the magnet orientation by fixat-
ing the magnet’s orientation. Here, without loss of generality,

Figure 4. Estimated orientation is used to solve nonlinear magnetic
equations. Magnetic direction vector (M) from the prototype is trans-
formed to the object’s frame (M’) to provide relative position tracking.

we simply choose to use (0,0,1) as the directional unit vector,
which means the north pole should face upward when it is
installed on the reference object.

Solving Eq. 9 with the above parameters leads to two pos-
sible solutions. We clear up this ambiguity by applying a
half-plane restriction. Lastly, the computed magnet position
enables the system to track the 3D position of the fingertip
relative to the magnet in the object frame (Eq. 10).
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To track the fingertip with respect to the magnet, we trans-
form the directional unit vector from the IMU frame (FIMU )
to the object frame (FObject) as shown in Figure 4. We fur-
ther keep FObject aligned with the local frame of the magnet.
This allows us to maintain the input interface regardless of the
object orientation. Moreover, we implement a simple gesture-
based one-time calibration process which is explained in the
Software section.

MAGNET PLACEMENT
In accordance with the tracking solution, we develop a mag-
net placement algorithm that computes the magnet installa-
tion location based on a user’s interface customization. A key
challenge is to find a location in which to place the embedded
magnet such that all interface elements work. An algorithm
for automatically determining the location of the magnets is
explained and demonstrated using a proof-of-concept toolkit
that supports 3D printed parts. To instrument pre-existing ob-
jects with our system, the magnet must be placed manually,
but we can still compute the location if a 3D model is given.

Magnet Placement Formulation
Given a 3D triangular mesh model S and a set of n inter-
face elements (Ii), the number (N ) and locations (PMj ) of
magnets need to be determined. Each interface element Ii
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Algorithm 1: Progressive Magnet Placement
Input: S is the input triangular mesh model; Iis is a set of

user defined interface elements
Output: PMj s are a set of magnets associated with all

interface elements
Function ResultMagnetSet = FindMagnetPosition(S, Iis)

MagnetPositionSet ?;
InterfaceSet all Iis;
candidateSet ?;
InitialUniformMeshResampling();
candidateSet 
V ertexClassification(S, InterfaceSet);
SortV ertices(candidateSet);
while InterfaceSet 6= ? do

foreach candidate position PMj 2 candidateSet do
error = checkError(PMj , InterfaceSet);
if error < � then

MagnetPositionSet+ = PMj ;
UpdateInterfaceSet(InterfaceSet);

return MagnetPositionSet;

is enabled by one magnet Mj , but multiple elements can be
covered using the same magnet. Here, we describe the re-
quirements for determining the magnet location and the cor-
responding objective function with constraints.

Number of Magnets To simplify the fabrication and assem-
bly, the number of magnets N should be minimized.

Distance Deviation For each magnet Mj and its associated
interfaces Iis, we define a function EMj which is the mean
squared error function to measure the variation of distances
between each interface element and magnet Mj .

Magnet Range Constraint From the viewpoint of magnet
tracking, the distance di,j between the interface Ii and its cor-
responding magnet Mj should satisfy the constraints defined
in Eq. 11. Here, dmin and dmax are the minimum and maxi-
mum magnet sensing ranges respectively.

By combining all objective functions and constraints together,
a constrained optimization can be formulated as

argmin[N,PM1 ,PM2 ,...,PMN
]

NX

j=1

EMj

s.t. dmin < di,j < dmax, i = 1, 2, ..., n, j = 1, 2, ...N.

(11)
Directly solving Eq. 11 could be challenging, as both the
number and position of the magnets are unknown. Instead,
we propose an algorithm to solve this issue by progressively
adding magnets.

Progressive Magnet Placement Algorithm
The progressive magnet placement algorithm is shown in
Algorithm 1. The input 3D model is represented by a tri-
angular mesh model S = (V, E ,F). We choose to place
the candidate magnets on the vertices for simplicity. Be-

Figure 5. (A) Proof-of-concept toolkit where (B) user customizes inter-
face. (C) The algorithm seeks for a magnet installation location and gen-
erates a magnet holder embedded 3D model. (D) With the 3D printed
model, (E) user only needs to insert the magnet during the post-print
assembly.

cause the input mesh may have a highly non-uniform dis-
tribution of vertices, we conduct a uniform resampling on
the mesh model. Then, we set up a candidate vertices set
Vc = {vi|9j, s.t. dmin < di,j < dmax}. For the magnet
position computation, we only consider vertices 2 Vc. Next,
we sort all candidate vertices in descending order according
to the number of satisfied constraints. Subsequently, we start
a loop to check each candidate vertex in this order and cal-
culate the mean squared errors of the distance between this
vertex and all the related interface elements. Once the mean
squared error is below the preset threshold, �, the position of
this vertex is selected as a dedicated magnet position. Further-
more, a preset enclosure for housing the magnet is added onto
the 3D model and oriented to the designated direction (north
pole upward) automatically.

Afterwards, we iteratively check all interface elements to add
magnets associated with them by repeating the aforemen-
tioned procedure. Based on the associated magnet position,
the local coordinates of each interface element are computed.
We transfer this information to a mobile device and map the
function to each interface element.

Proof-of-Concept Toolkit
As shown in Figure 5, we implement a proof-of-concept de-
sign toolkit. Users can customize different interface elements
using a drag-and-drop approach. In the toolkit, we provide
interface elements for a music player including a rotary knob,
a linear slider, and buttons. We map each element to specific
music player functions of the mobile device, such as volume
control.

DESIGN RATIONALE
We consider several design factors. This helps us in formulat-
ing our design parameters to implement instant and customiz-
able interactions with the target object.

Placement of the sensor Our approach requires sensor mod-
ules attached to the tracked part. We choose the index finger
since it is most commonly used in surface computing con-
trol [11]. To use our approach, we need to keep the sen-
sor module close to the interacting surface due to the limited
tracking volume. Moreover, we need to limit the variations of
the finger posture to achieve accurate fingertip tracking. We
select the middle phalanx to satisfy these constraints while
preserving the sense of touch in the fingertip.
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Commitment Method To complete the interaction with the
position tracking, a commitment action similar to a mouse-
click is required. In a previous work [33], a physical tap
was detected using 3-axis acceleration as the commitment
method. Aligned with this approach, we also used the 3-
axis accelerometer values to detect several motions including
a physical tap, double-tap, and finger lift. This permits the
use of finger motions in common with existing touch inter-
faces, such as touching a button to activate and lifting a finger
to complete an adjustment of a slider or knob.

Magnet Selection A stronger magnetic dipole moment in-
creases both the upper-limit and the saturation volume around
the magnet. Here, sensor saturation prevents us from interact-
ing very closely to the embedded magnet. Therefore, we need
to choose the magnet size carefully to maximize the tracking
volume while minimizing the saturation volume. To deter-
mine the proper magnet size, we measured the lower-limit
and upper-limit of the magnetic sensing distance of differ-
ent sizes. Based on our preliminary experiment, we chose a
neodymium magnet (N42 grade) with a 5 mm diameter and
11.5 mm length. Using the magnet, we confirmed that no sat-
uration occurs at >15 mm distance. Our system is capable of
sensing a magnet at a 1500 mm range. With this small phys-
ical size, we can embed the magnet in most handheld objects
seamlessly.

Object Identification To interact with a number of objects,
the system should recognize different objects. Recent works
have employed RFID technology for object identification [3],
but this requires an attachment of an additional tag. To avoid
using components other than the magnet, we focus on formu-
lating object recognition through a simple gesture. Previous
user-defined gesture sets for surface computing suggested a
one-finger double-tap gesture as a candidate for an ‘Open’
task [44]. We employ this gesture since the procedure for se-
lecting an object is similar to that of an ‘Open’ task. We use
double-tapped locations to identify the object ID. Moreover,
we can merge a calibration process into the same gesture to
retrieve both the object’s ID as well as the initial orientation.

IMPLEMENTATION
Figure 6 illustrates our prototype in detail. The overall
prototype’s dimensions are 35(W)⇥22(D)⇥25(H) mm. We
consider the current dimensions as an upper limit: custom
circuitry could be manufactured to be much smaller than
the off-the-shelf modules we used in this prototype. We
place the IMU at the center of the ring body and align it
based on the given sensor axis. To provide a secure mag-
net attachment to an existing object, we provide a magnet
holder (15(W)⇥15(D)⇥10(H) mm). Along with the holder,
we use a cylinder-shaped, N42 grade, neodymium magnet
with 5 mm in diameter and 11.5 mm in length.

Hardware
For our 9-axis IMU, we choose MPU-9250 due to its
high magnetic sensing range and resolution (±4800 µT,
0.15 µT\bit). It also provides an accelerometer, gyroscope,
and magnetometer in a small form factor (15 ⇥ 15 mm). A
Bluetooth 4.0 Low Energy (BLE) module (Nordic nRF51822

Figure 6. TRing (A) prototype and (B) its components. 9DOF-IMU is
used to provide 3D tracking around the permanent magnet. (C) A mag-
net holder is provided for easy attachment to existing objects.

SoC) integrated microcontroller captures and transmits read-
ings from sensors to the smartphone wirelessly. Each MPU-
9250 requires a one-time soft+hard iron calibration for the
magnetometer [4]. The accelerometer and the gyroscope
are calibrated automatically in every power-up. We use a
110 mAh lithium polymer battery, which provides 6 hours of
active operation with peak transmitting performance. We test
and implement the prototype with two mobile devices: LG
Optimus G Pro (1.7GHz quad-core, 2GB RAM) and Galaxy
Tab 10.1 (1.9GHz quad-core, 3GB RAM). This ensures that
our approach does not require extra hardware for the tracking
computation and it can be used in ubiquitous settings.

Software
In our prototype, the orientation is computed on a mobile de-
vice using mixed gradient descent and particle filter meth-
ods. The microcontroller streams nine channels of raw sensor
values including 3-axis accelerations, angular velocities, and
magnetic field readings. For tap and double-tap detection, we
adopt the built-in algorithm from MPU-9250, which detects
motion based on the accelerometer readings, dead time, and
tap counts. A total of 19 bytes of data are streamed through
the BLE module at a frequency of 45⇠50 Hz. The orientation
estimation takes an average of <10 ms whereas the particle
filter mode takes slightly longer (⇠5 ms). The total compu-
tation takes <20 ms on average, which results in an overall
tracking rate of >30 Hz.

To compensate for geomagnetic field noises and to set the
proper dip angle thresholds, we require a 2 second calibration.
Here, we subtract the average magnetometer readings col-
lected in a clean environment. To initiate interaction through
TRing, the user performs a double-tap on the designated lo-
cation. Upon performing the double-tap, the system acquires
the object’s orientation angles and the position of the tapped
spot. Thus, we set the reference orientation and recognize the
object through one double-tap action.

TECHNICAL EVALUATION
To fully understand the performance of our system, we de-
vised our evaluation to investigate all attributes that affect sys-
tem performance. In particular, we evaluated the accuracy of
the orientation estimation, 3D position tracking, absolute tar-
geting, and position tracking algorithms with different dwell
time and speed. We used a Galaxy Tab 10.1 for all experi-
ments.

Experiment I: Orientation Estimation
We compared the angle difference between ground truth and
the estimated values. We employed a rotating platform with
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Figure 7. Tracking accuracy at (A,B) two different height ranges and (C) targeting accuracy are shown in mm. The color bar indicates the Euclidean
distance between ground truth and our tracking. The magnet is located at the center (0,0). The mean tracking error is 8.6 mm in the area covering the
conventional trackpad (120mm⇥120mm) with successful orientation estimation. In the same area, the mean targeting error is 4.96 mm.

Figure 8. Heading estimation using gradient descent (Left) and gradient
descent+particle filter (Right) during intermittent magnetic distortions.

a range of ±90� and a high angular velocity (>15 deg/s). We
chose this range and speed to simulate plausible finger mo-
tion [19]. And we introduced magnetic distortion by inter-
mittently placing the magnet near the prototype by hand.

Figure 8 illustrates the performance of the heading estima-
tion under magnetic distortion. The gradient descent method
showed high overall errors whenever magnetic distortion was
introduced. On the other hand, the mixed method which
combined gradient descent and particle filtering showed ro-
bust estimation throughout all sessions. Overall, the gra-
dient descent approach worked well in a clean environ-
ment (RMS: 4.5�, Max: 10�), but performed poorly with high
magnetic flux (RMS: 40�, Max: 100�). Using our approach,
we achieved a comparable orientation estimation (RMS: 6�,
Max: 15�) even under magnetic distortion.

Experiment II: 3D Position Tracking
For 3D position tracking measurement, we obtained ground
truth using OptiTrack V120:DuoTM. This device utilizes
multiple cameras to capture the sub-millimeter movement of
markers sampled at 120 Hz. We attached four markers on
the testing platform to set up the reference plane and a sin-
gle marker on the IMU’s center. The magnet was affixed
to the center of the reference plane. We attached the IMU
to a plastic stick and moved it randomly in a 3D volume of
±80 mm (x-axis), ±80 mm (y-axis), and 20⇠100 mm (z-
axis). We used a minimum height of 20 mm in order to avoid
magnetic saturation. We limited each set of motions to be less
than 30⇠40 seconds to remove bias from the particle filter
performance. The ground truth data was saved on the desk-
top and the computed data was saved on a tablet. Both data
sets were synchronized using a global time frame for off-line
analysis. We collected a total of 30,213 data points.

In the total volume of 2,048,000 mm3, the average Euclidean
error was 15.61 mm (�=9.05). There were two factors con-
tributing to the high overall error: First was the outer region
inaccuracy due to an increase in environmental magnetic field
noises as the magnetometer moved away from the permanent
magnet, as observed in previous works [8, 47]. Another fac-
tor was an orientation error caused by fast re-entry into the
magnetic distortion region during the algorithm transition.

Considering only the data in the range of ±60 mm (x,y-axis)
and 20⇠60 mm (z-axis) with successful orientation estima-
tion sessions (>95% of total data points), the overall error
is only 8.6mm (�=2.98). The mean error in the x-axis and
y-axis were 4.44 mm (�=3.12) and 4.38 mm (�=3.04), re-
spectively. This is sufficient to provide commonly-used touch
interactions on planar surfaces. From the analysis, we noticed
that the relative position tracking performed much better than
the absolute tracking. By only comparing the deltas between
data points, we observed errors lower than 3 mm in both the x-
axis and y-axis. This implies that our prototype is also suited
to fine cursor control.

Experiment III: Targeting Accuracy & Tracking Parameters
In order to evaluate the targeting accuracy and tracking with
different parameters, ground truth was captured by tablet
touch screen with virtual grids (10 mm spacing). This pro-
vided accurate ground truth data without occlusion. We
attached a permanent magnet on the center of the tablet’s
backside and mounted our prototype on a 3D-printed fixture
with a conductive tip. Before the evaluation, we confirmed
that the magnetic field noise created by the tablet was min-
imal by comparing magnetometer readings with/without the
tablet (>5000 data points). In order to measure the initial
targeting accuracy, we collected data at each grid intersec-
tion point in ±60 ⇥ ±60 mm. To simulate all possible enter-
ing directions to the magnetic distortion region, we brought
the prototype from left, right, up, down, and top. We col-
lected a total of 42,250 data points (50 readings ⇥ 169 inter-
sections ⇥ 5 directions). To measure the tracking with dif-
ferent parameters, we hovered the prototype randomly with
different speeds on the tablet surface (Steady: 0 mm/s, Nor-
mal: > 100mm/s, Fast: > 200m/s) over at least 100 seconds.

As shown in Figure 7 (Right), the average targeting er-
ror was 4.96 mm (�=3.1) in a region of ±60 mm (x-
axis)⇥ ±60 mm (y-axis). It showed better accuracy than the

175



Figure 9. Tracking performance at different speeds and dwell times.
Our prototype’s low error rates at slower speeds indicate that it is suit-
able for use at typical speeds of finger movement.

position tracking experiment since the targeting always hap-
pened at the lower height (⇠20 mm). With regard to the di-
rection of entry, we did not observe any discrepancy in the
accuracy. This demonstrates that TRing can be used with any
finger motion.

As shown in Figure 9, higher motion speed and longer dwell
time cause the tracking performance to deteriorate. This
arises from the behavior of the particle filter, which accumu-
lates errors due to the difficulty of dead reckoning under noisy
sensor data. Based on this result, it is wise to limit the user in-
teraction period to no more than 60 seconds to ensure a robust
performance. This implies that the prototype would be a good
fit for appliance/digital device control where average digital
device interaction duration spans less than 60 seconds [2]. In
terms of speed, our prototype can be used for general finger
interaction since average finger-based control speed is within
150 mm/s [31].

TASK EVALUATION
To further verify the feasibility of our prototype for control-
ling basic user interfaces, we conducted two task evaluations.
We explored user performance on absolute targeting and cur-
sor control tasks. We recruited 12 male participants with
a mean age of 28. The study duration was approximately
60 minutes. We took post surveys on the user experience as
well as suggestions for system improvements and potential
applications.

In our study, we set up a testing platform using a Galaxy Tab
10.1 (Figure 10). We embedded a magnet in the center of the
testing platform, which became the tracking coordinate ori-
gin. The participants wore our prototype on the middle pha-
lanx of the index finger. We offered two ring body sizes with
tape padding to ensure a good fit for all users. We measured
each user’s index finger to calibrate the space transformation
parameters from the IMU to the fingertip. To maintain uni-
form performance, the initial calibration step was done before
each task.

Task1: Targeting and double-tap calibration accuracy
We carried out two tasks: absolute targeting and double-tap
calibration. We looked at whether the targeting accuracy was
consistent across different user behaviors including different
approaching orientations, speeds, and finger postures. The
task aims to verify the accuracy of absolute position targeting,

Figure 10. The overall study setup including (Left) targeting/double-
tapping and (Right) cursor control tasks.

which can be used for placing interface elements relative to
the magnet. The double-tap calibration task verifies whether
we can use tapped information to set reference orientation as
well as to recognize different objects.

Setup
Participants were asked to place and hold their fingertip on
the printed grids, and the positions were then logged by re-
searchers. We chose a grid size of 15 ⇥ 15 mm, the size of
an average keycap. We guided users to approach from the
outside of the magnetically distorted region for each trial.
This ensured that each trial condition was independent, in-
cluding the user’s approaching motion and initial sensor con-
ditions. A total of 768 data points were collected (64 po-
sitions ⇥ 12 users). Subsequently, the users carried out a
double-tap and held their fingertip on the designated grid.
During the double-tap task, we fixed the heading direction
of the user’s finger to compare it with ground truth. On a
successful double-tap, we logged the orientation angles and
computed the fingertip positions. A total of 192 data points
were collected (16 positions ⇥ 12 users).

Results
Figure 11 shows that the error rates for targeting and double-
tap increased with distance. This behavior was expected due
to the degradation of the tracking performance over distance.
The double-tap task exhibited a higher error rate than the tar-
geting task at greater distances. We observed that the double-
tap gesture often caused a fast in-and-out motion near the
magnetic distortion boundary. Since our approach requires
0.5⇠1 seconds delay for stabilization during transitions to or
from magnetic distortion regions, this specific motion causes
higher orientation and position errors. Within 45 mm distance
from the embedded magnet, the overall accuracy was 92%,
with 87% for the targeting and double-tap tasks. Meanwhile,

Figure 11. The position error rate for targeting and double-tap tasks for
different distances.
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the heading angle only showed a 3.24� error, small enough to
be used in calibration.

Task2: Cursor control accuracy and reaction time
In Task 2, we evaluated users performing an absolute cur-
sor control task. Since our goal was to evaluate user perfor-
mance under different commitment methods and distances,
we adopted a similar study design to previous work [7]. We
employed surface tap and bimanual touch as a baseline and an
upper-bound commitment method, respectively. Throughout
the study, we explored how small a target and how far from
the magnet users can control.

Setup
The study design for the task was 2⇥4⇥4⇥8 (Commitment
Method⇥Distance⇥Target Size⇥Target Position). The par-
ticipants were asked to move the cursor to the target region
using a given commitment method. The target sizes were 3, 5,
10, and 15 mm. We categorized the distance into two groups:
Near (0⇠15 mm) and Far (30⇠45 mm). We changed the
cursor color when the cursor was located within the target. A
random target was shown when users approached the magnet-
ically distorted region. We randomized the order of the task
parameters except for the commitment method, which was
counterbalanced. We recorded task error, completion time,
and all sensor data in each trial.

Results
For the error rate and completion time, we found a significant
interaction effect between [Distance⇥Commitment Method].
Furthermore, there was a significant difference in the error
rate for different target sizes.

For distance parameters, a pairwise t-test showed a significant
difference in the error rate during tap commitment when the
target size was below or equal to 10 mm. There was no signif-
icant difference in completion time caused by distance. The
error was higher in the Far distance condition since partici-
pants had to carry out the tap gesture under greater tracking
noise. For designers using our toolkit, we explicitly avoided
fine-grained user interface components at far distances. For
example, we limited slider resolution or button size accord-
ing to the distance from the magnet. Furthermore, the results
imply that a robust commitment method has the potential to
minimize performance degradation due to distance.

A pairwise t-test shows that there is a significant difference
in error rate between commitment methods. Furthermore, the
bimanual touch method is significantly faster than tap gesture
only in the Far distance condition. Performance can be im-
proved by applying a user-specific calibration for the tap de-
tection. In each user’s accelerometer readings, we observed
a difference in tap accelerations among different participants.
For design improvements, we recommend setting a unique
tap threshold for different users.

We carried out a pairwise t-test to explore the relationship be-
tween target sizes and overall performance. For both error
and completion time, the smallest target size (3 mm) was sig-
nificantly different from the other sizes regardless of distance
and commitment method. There was a significant difference

Figure 12. The error rate (Top) and completion time (Bottom) on dif-
ferent target sizes with tap and bimanual touch commitment methods
under near and far distances from the magnet.

in error rates for tap commitment at the 5 mm target size when
compared to bigger sizes. Thus, the results indicate that the
target size should exceed 5 mm for robust performance.

Summary
From each task condition, that is, Distance, Commitment
Method, and Target Size, we gained design insights for our
prototype. First, the Distance parameter showed an increase
in errors when combined with an inaccurate commitment
method. However, increasing the target size (10 mm or
higher) still provided a robust performance. Secondly,
we observed that the Commitment Method significantly
affected the performance. So, based on the user feedback, we
designed alternative Commitment Methods. These were 1)
1⇠2 seconds hold motion near the surface and 2) tap or touch
on the side of the prototype using the thumb. The suggested
methods can be instantly adopted without modifying the
physical hardware or requiring a two-handed operation. Last,
the target size should exceed 5 mm. Even with a bimanual
touch commitment, smaller targets resulted in excessive error
rates.

User feedback
We elicited qualitative feedback about the experience with
our prototype in a post-survey. Participants were surprised
by the fact that there was only a small magnet under the
testing jig. They also reported that our prototype was
easy to learn given their experiences with conventional
trackpads. For improvements, participants recommended
adding haptic feedback for commitment confirmation and
to support for various fingers. For potential applications,
participants suggested that our prototype would be a good fit
for appliance control (TV, audio system, and indoor light)
and eyes-free control using the fingers. We demonstrated
some applications from these suggestions.
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Figure 13. Example applications showing the capability of TRing. (A) Rapid prototyping of interactive object. (B) Making interactive furniture by
attaching a magnet. (C) Easy customization process without requiring hardware changes. (D) Wearable interface connected to mobile device. (Red
circles indicate the embedded magnets.)

INTERACTION TECHNIQUES
We devise our interaction techniques into continuous and dis-
crete inputs. While discrete inputs support event-driven ap-
proaches, continuous inputs utilize on-going tracking to con-
trol a given interface. Thus, we combine fingertip tracking
with motion events as an input metaphor.

Discrete Input
Button & Gesture By merging position tracking with com-
mitment method, the system receives input signals with lo-
cal coordinate information. This enables button interface
around the embedded magnet such that distinctive functions
are mapped to each button. To prevent false triggering, we
discriminate between commitment events occurring near the
surface from those occurring in mid-air using the 3D finger-
tip position. We can also detect a simple gesture based on the
tracking history. Furthermore, more complex finger gestures
are feasible with trained data sets.

Proximity & Tilt The detection of magnetic distortion using
a dip angle provides a robust cue to determine the proximity
of the tracked finger. Using proximity alone, we can instan-
tiate the virtual interface as the user’s finger approaches the
object. Proximity can also be used to prevent false trigger-
ing by disregarding any input signals when the user’s finger
is out of the interaction region. On the other hand, TRing can
sense a finger tilting under magnetic distortion. In combina-
tion with proximity sensing, a robust mode-shift function is
achievable. For example, users can open different menus in a
TV interface by simply tilting their fingers.

Continuous Input
Cursor Control TRing offers cursor control on an object’s
surface or in mid-air. This is achievable by utilizing continu-
ous real-time position tracking. This technique is especially
helpful when users are depending heavily on visual feedback
to control a virtual interface. For instance, users do not focus
on the object surface when controlling the virtual interface.
During cursor control, the commitment method can be used
to trigger a virtual interface.

Linear & Rotary Slider To implement linear and rotary slid-
ers, we employ a multi-level trigger along with continuous
position tracking. An on/off flag is needed to initiate and end
continuous control. Here, we use a tap gesture in a slider re-
gion to initiate, and a finger lift to end the interaction. The
linear and rotary sliders support interactions in both relative
and absolute manners. The slider changes values based on the

initial position in a relative mode whereas the value of a slider
is fixed to the specific position in the absolute approach.

EXAMPLE APPLICATIONS
We demonstrate four applications to show the capability of
using TRing in four contexts: rapid prototyping of interactive
objects, bringing interactivity to existing objects, personal-
ized interfaces, and wearable computing.

3D Printed Music Box Previously, post-print assembly was
required to embed sensing capability in 3D printed parts [30].
Figure 13(A) demonstrates a simple process to bring inter-
activity to a 3D printed object through our approach. Here,
users insert a magnet for building a music box with various
controls including buttons, linear sliders, and rotary sliders.
Combining 3D fingertip tracking with commitment methods
such as tap and finger lift, we successfully operate all controls
using TRing. We demonstrate a potential to improve the rapid
prototyping process of interactive objects.

Furniture Remote Controller Cheng et al. [9] suggest that
everyday objects are a good fit for auxiliary and instant in-
terface to minimize distracting context-switching. To this
end, we implement a TV remote control in existing furniture
by attaching a magnet. As shown in Figure 13(B), we im-
plement general functions provided in existing remote con-
trollers. Furthermore, we implement a finger posture control
which launches a Gallery by tilting a finger within the control
region. This example showcases the simple approach of mak-
ing existing objects act as an auxiliary and instant interface.

Personalized Office Desk To make a change in the interface,
a previous approach [30] required users to go through hard-
ware rearrangement. As shown in Figure 13(C), users can
customize the interface with simple steps using TRing. They
can 1) print a new cover which works as an overlay for an
updated interface and 2) update local coordinates of the inter-
face. We implement a personalized desk interface that pro-
vides office environment control with password typing. Here,
a user can relocate the interface elements and change the pass-
word typing method to a swipe gesture using these two steps.
This example illustrates TRing’s flexibility in interface cus-
tomization.

Wearable Controller Existing wearable interface for cloth-
ing either requires placing circuit boards sewn with conduc-
tive threads [5] or a whole sensor array [37]. The high dura-
bility of magnets against heat (up to 80�C) and water makes
a good fit for use with clothing. As shown in Figure 13(D),
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a small magnet is placed in an unobtrusive manner. We em-
ploy a diametrically magnetized magnet to reduce the mag-
net’s thickness. We demonstrate controlling a mobile device
using a magnet embedded inside a shirt. This illustrates the
potential of our prototype for use with mobile interaction.

LIMITATION AND FUTURE WORK
We show that TRing utilizes 3D position tracking to bring in-
teractivity to objects with a simple customization process. We
believe that the reduced post-processing stage for making an
object interactive will benefit interaction designers and novice
“makers” who do not possess deeper knowledge of sensors or
electronic components. Here, we discuss the limitations and
future work.

Magnetic sensing challenges
Our tracking exploits magnetic sensing. This suggests that
TRing will not work properly with ferromagnetic materials.
However, some interaction techniques including tilting and
proximity can still be used. Since most 3D printers employ
plastic materials, 3D printed parts would be a good fit for use
with TRing.

Due to the constraints of our sensing mechanism, we require a
magnet installation in a specific orientation (north pole facing
upward). Also, the half-plane restriction used in the position
tracking algorithm requires all interface elements to be on the
same side of the magnet’s polarity. In theory, one could elim-
inate these restrictions by employing multiple magnetome-
ters [17] to obtain the magnet’s orientation. With the known
magnet orientation, no limitation will be imposed on the con-
figuration of the magnet installation.

Scalability
Our system’s current interaction area is limited to a
120 ⇥ 120 mm region with a single magnet. Although this
is enough for making a small interactive object, it is not suf-
ficient for larger objects such as a big table. If we can obtain
the embedded magnet’s orientation in future work, we can
identify each magnet using a unique orientation. In this way
multiple magnets can be employed for enlarging the interac-
tion volume without requiring manual identification.

Our approach recognizes different objects through gesture,
which is sufficient to implement the usage scenarios shown
in our demonstration. However, the gesture approach cannot
scale to the notion of hundreds of objects becoming interac-
tive. A potential approach would be employing magnetic-
RFID tag [27].

Due to the degradation in tracking performance over time,
TRing is best suited for controlling tasks which require rela-
tively short engagement. In the future, we will investigate dif-
ferent particle filter resampling techniques for potential im-
provement. Moreover, designing UIs with a larger target size
helps maintain a robust performance over longer durations.

Commitment method
In this study, we only explored a tap gesture as a commitment
method. Since robust commitment methods can improve the

overall performance, we would like to explore different meth-
ods. A first step would be to verify the performance of classi-
fying different motion events based on a 3-axis accelerometer
with TRing [33]. In our user feedback, we received many sug-
gestions to use the ring body as an interaction medium for the
commitment method. Therefore, it is in our interest to de-
velop commitment methods utilizing the ring body, such as
adding a capacitive touch area.

CONCLUSION
We have proposed an instant and customizable interaction
mechanism through a finger-worn device. Employing a mag-
netic sensing technique with a particle filter, we obtain 3D
fingertip tracking around the magnet. To this extent, we
bring interactivity to objects by simply embedding a mag-
net. Through evaluations, we have verified system accu-
racy (8.6 mm in 3D space) as well as user performance (but-
ton: 92% accuracy, cursor control: 91% accuracy). We also
showcase our approach of making various objects interactive
with high customization flexibility. We believe that our work
will benefit novice interaction designers as well as general
users who want to quickly implement a personalized physi-
cal interface without deeper knowledge of electronic compo-
nents.
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