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Pen-based handwriting has become one of the major human-computer interaction methods. Traditional approaches either
require writing on the speci�c supporting device like the touch screen, or limit the way of using the pen to pure rotation or
translation. In this paper, we propose Handwriting-Assistant, to capture the free handwriting of ordinary pens on regular
planes with mm-level accuracy. By attaching the inertial measurement unit (IMU) to the pen tail, we can infer the handwriting
on the notebook, blackboard or other planes. Particularly, we build a generalized writing model to correlate the rotation
and translation of IMU with the tip displacement comprehensively, thereby we can infer the tip trace accurately. Further,
to display the e�ective handwriting during the continuous writing process, we leverage the principal component analysis
(PCA) based method to detect the candidate writing plane, and then exploit the distance variation of each segment relative to
the plane to distinguish on-plane strokes. Moreover, our solution can apply to other rigid bodies, enabling smart devices
embedded with IMUs to act as handwriting tools. Experiment results show that our approach can capture the handwriting
with high accuracy, e.g., the average tracking error is 1.84mm for letters with the size of about 2cm⇥1cm, and the average
character recognition rate of recovered single letters achieves 98.2% accuracy of the ground-truth recorded by touch screen.
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1 INTRODUCTION
Nowadays, as one of the most common and natural ways to record information, handwriting has been the major
human-computer interaction (HCI) method, especially for the pen-based handwriting. A series of smart pens
have emerged to assist the handwriting-based HCI, e.g., Apple Pencil [2] and Samsung S Pen [10]. Smart devices
can capture the handwriting through these smart pens, so as to provide the fundamental data for handwriting
input or recognition. Particularly, handwriting input means directly leveraging the original writing trace as itself,
serving for signing names, checking stroke orders, drawing pictures, etc. Handwriting recognition means inferring
the characters based on the input writing trace, mainly serving for entering text. Despite di�erent forms of
application scenarios, the basis of handwriting-based HCI is to capture the handwriting accurately. Note that,
these commercial smart pens usually require users to write on speci�c supporting devices, e.g., tablet [12], touch
screen [2, 10] or special paper [1]. There are two main drawbacks of using the supporting devices as the writing
plane. First, the size of supporting devices can greatly a�ect the user experience, i.e., the small size provides good
portability but poor writing experience, while the big size does the opposite, it is di�cult to select a suitable size
to balance the portability and writing experience. Second, the supporting devices are not always available or
usable. In one case, as people get used to writing with ordinary pens on paper or board in most scenarios, both
the analog and digital handwriting need to be recorded. For example, cartoonists create drawings on the paper,
users record important items on sticky notes at hand when on the phone, and children write on the paper when
learning the stroke order. Since the analog handwriting is hard to edit, easy to lost, inconvenient to search and
lack of timestamp, it is in great demand to record the analog handwriting digitally just when writing [12], but
it can be hardly achieved if requiring supporting devices to write on. In the other case, as supporting devices
are hard to deploy everywhere, the usage of commercial smart pens is not �exible due to the dependence of
these devices, e.g., it is inconvenient for users wearing Microsoft Hologens to use the touch screen for text input.
Therefore, to bene�t the handwriting-based HCI in a more ubiquitous manner, we aim to capture the accurate
writing trace of ordinary pens for smart devices without the requirement of writing on speci�c devices.

Recently several studies have focused on capturing the handwriting of independent pens using magnetic or
inertial sensors. MagHacker [27] uses the magnetic signal to sense the handwriting, but as the magnetic signal is
easily distorted indoors, the captured handwriting does not have high accuracy. Since the inertial measurement
unit (IMU) is low-cost, small-size, light-weight, sensitive to motion and robust to indoor environments, the IMU
can be exploited to capture the accurate handwriting. The IMU-based solutions usually assume the pen motion is
in the scope of pure translation or pure rotation. Thus, the writing trace is regarded as the IMU trace by ignoring
the trace di�erence due to rotation [30, 35], or calculated based on the IMU rotation by ignoring the translation of
rotating center [14, 23]. In fact, the pen motion generally includes both rotation and translation, such assumptions
limit the application scope of these solutions and degrade the accuracy of captured handwriting. Meanwhile, prior
work only considers the handwriting with a single stroke, yet the handwriting consists of multiple strokes during
the continuous writing process. The tip motion between adjacent strokes in the air leads to o�-plane traces,
which indicate the relative position of strokes and should be removed. Therefore, to capture the handwriting
with multiple strokes accurately, on one hand, we should consider the rotation and translation of pen motion
comprehensively, on the other hand, we need to capture the exact handwriting on the writing plane.
In this paper, we propose Handwriting-Assistant, an IMU-based approach for capturing the handwriting of

ordinary pens with mm-level accuracy, as illustrated in Fig. 1. Speci�cally, we attach the inertial sensor to the
customized pen cap, such that the inertial sensor can be easily �xed to the tail of the ordinary pen without
a�ecting the writing experience. To derive the relative position of the pen tip to the IMU, we rotate the pen
around the tip as the initialization action of Handwriting-Assistant, which only needs to be conducted once in
advance. We observe that due to di�erent writing habits of users, the motion of pen is various during the writing
process, but the relative motion between the pen tip and the pen tail conforms to the rigid motion. By considering
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Fig. 1. Illustration of Handwriting-Assistant with inertial sensors

the rotation and translation of IMU comprehensively, we build a generalized model to infer the tip trace in the 3D
space from the IMU motion. Moreover, during the continuous writing process, apart from the handwriting on the
plane, denoted as on-plane writing, the pen tip is usually lift up after �nishing one stroke and moved to the start
position of next stroke, denoted as o�-plane motion. The tip trace of on-plane writing is our target to capture,
while that of o�-plane motion indicates the relative position between on-plane strokes and needs to be removed
from the captured tip traces. To distinguish the on-plane tip trace from the o�-plane tip trace, we propose the
principal component analysis (PCA) based method to detect the writing plane, and use the distance variation of
the tip relative to the writing plane to distinguish traces. In this way, we are able to e�ectively project the tip
trace from the 3D space onto the writing plane, and derive the e�ective handwriting with mm-level accuracy.
There are three challenges to realize Handwriting-Assistant. 1) How to capture the handwriting of ordinary

pen from the motion of IMU attached on the pen tail with mm-level accuracy? Although the IMU trace is highly
correlated to the tip trace, it is not directly consistent with the tip trace, since the IMU and the tip are at di�erent
positions of the pen. To tackle this challenge, since the relative motion of the pen tip and the pen tail conforms
to the rigid body motion, we build a generalized model to infer the precise tip trace based on the rotation and
translation of IMU at the pen tail in a comprehensive way. By continuously tracking the IMU motion, we can infer
the tip trace in the 3D space regardless of di�erent writing habits. 2) How to determine the writing plane from the
captured tip traces in the 3D space? To drive the 2D handwriting from the 3D tip traces, it is essential to determine
the writing plane by the captured tip traces. To tackle this challenge, we propose a PCA-based method to �nd
the candidate writing plane. Speci�cally, the short time energy (STE) is adopted to split the data and extract
motion segments. Note that the motion segments can be caused by either the on-plane writing or the o�-plane
motion. We �rst leverage the PCA algorithm to estimate the principal plane for each motion segment. Then, by
calculating the included angle between principal planes of motion segments, we cluster the planes with small
included angles, and use the common plane of most segments as the candidate writing plane. 3) How to distinguish
the tip trace caused by the on-plane writing from the o�-plane motion, so as to reconstruct the e�ective handwriting
of multiple strokes? During the continuous writing process, the handwriting is usually constituted of multiple
strokes, yet the o�-plane motion between strokes leads to additional tip traces instead of the actual handwriting,
we have to distinguish the motion of tip traces. However, due to the speed of the pen during the o�-plane motion
is not de�nitely larger than that during the on-plane writing, the traditional motion-intensity-based approaches
are not always reliable for the motion separation. To tackle this challenge, we propose a height-variation-based
scheme to distinguish motion segments. The intuition is that, during the on-plane writing process, the pen tip is
always on the writing plane, whereas during the o�-plane motion process, the pen tip leaves the writing plane
�rst, then returns. Therefore, we use the distance variation of the pen tip relative to the writing plane, denoted as
height variation, to �lter out o�-plane segments and capture the exact handwriting.
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We make three key contributions in this paper. Firstly, we provide a novel input mode for smart devices by
capturing the free handwriting of ordinary pens on regular planes with mm-level accuracy. Through attaching
the pen cap with IMU to the tail of an ordinary pen, we can e�ectively infer the tip trace from the IMU motion
based on the rigid-motion-based writing model. Moreover, the writing model can apply to other rigid body used
as the pen, enabling smart devices embedded with IMU to act as handwriting tools. Secondly, we propose the
solution to capturing the e�ective handwriting with multiple strokes during the continuous writing process. We
employ the PCA-based method to detect the writing plane, and further leverage the height variation to identify
whether the motion segment is on-plane or o�-plane, thereby we can extract the e�ective handwriting without
redundant o�-plane traces. Thirdly, we have implemented a prototype system of Handwriting-Assistant and
evaluated its performance in the real environment. Experiment results show that our approach can capture the
handwriting with high accuracy, e.g., the average tracking error is 1.84mm for letters with the size of about
2cm⇥1cm, and the average character recognition rate of captured single letter achieves 98.2% accuracy of the
ground-truth recorded by touch screen.

2 RELATED WORK
2.1 Commercial Pen-based Handwriting Solutions
With the great demand for capturing the handwriting digitally, many manufacturers have introduced commercial
devices to assist the handwriting process. Most of these solutions involve a customized pen and its supporting
device, e.g., tablet [12], touch screen [2, 10] or special paper [1]. For example, Wacom provides the tablet [12] to
capture the handwriting of the speci�c pen, Apple provides the Apple Pencil [2] to work with iPad, and Anoto
provides the Livescribe smartpen [1] to turn the handwritten information on the dot paper into digital ones.
However, as the writing area of the supporting device is limited, it is inconvenient for users especially when
performing the continuous handwriting. Moreover, the smart pen and its supporting devices are not always
available or usable [28] in most scenarios, people get used to writing with ordinary pens on the paper, board or
other regular planes. Compared to them, Handwriting-Assistant can capture the handwriting of ordinary pens on
the regular writing plane digitally, without the additional equipment except the ordinary pen attached with IMU.

2.2 Novel Sensor-based Handwriting Solutions
Many studies employ sensors to develop independent digital pens, including classi�cation-based or trace-based.
For classi�cation-based solutions, they directly classify the handwriting into speci�c characters or gestures

based on the measurements. Speci�cally, they extract features from acoustic [16, 31, 38, 42, 44] or inertial [22, 24,
26, 29, 36, 39, 41, 45] signals, and then feed features into classi�ers to infer characters or gestures. However, the
classi�cation-based solutions require large amounts of training data, which would cost much human e�orts but
still hardly achieve good accuracy for brand-new users or environments. Indeed, compared with the extracted
writing features, the trajectory of the same character or gesture is relatively stable for untrained cases. Meanwhile,
as there are many o�-the-shelf handwriting recognition platforms, it is easy to realize the robust handwriting
recognition for any user in any environment if obtaining the precise writing traces. Thus, rather than directly
classifying the handwriting, we prefer building models to capture the accurate handwriting in a general case.

For trace-based solutions, they focus on recovering the handwriting as we expect. The captured handwriting can
serve for many applications, e.g., checking stroke orders, drawing pictures, making notes, signing names and ver-
ifying signatures [17, 18, 25], while the most common one is character recognition. For example, MagHacker [27]
leverages the magnetic signal to sense the handwriting. Since the magnetic �eld is easily distorted indoors, the
captured handwriting of MagHacker is not very accurate, but �ne for character recognition. Moreover, as the IMU
is low-cost, small-size, light-weight, sensitive to motion and robust to indoor environments, it is more reliable to
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capture the accurate handwriting based on IMU. According to the assumption of pen motion during the writing
process, traditional IMU-based handwriting reconstruction solutions can be mainly divided into two categories:

• Pure-translation-based Solutions: Assume the pen motion is pure translation [13, 30, 35, 43], hence the
writing trace is directly regarded as the IMU trace by ignoring the trace di�erence due to the pen rotation.

• Pure-rotation-based Solutions: Assume the pen motion is pure rotation [14, 23], hence the writing trace is
calculated based on the IMU rotation by ignoring the translation of rotating center.

Particularly, both work [30] and Gyropen [14] take the smartphone embedded with IMU as a pen. Work [30]
thinks the IMU trace as the writing trace, which would be accurate only when the pen tip and the IMU are at
the same position or there is no pen rotation during the writing process. However, there exists the position
di�erence between the pen tip and the IMU, and the writing process usually incurs the attitude change of the pen.
Gyropen [14] assumes there is a �xed rotation center, and leverages the rotation of smartphone to reconstruct the
writing trace only on the horizontal plane. However, the writing process usually also incurs the position change
of the whole pen, and the writing plane is not de�nitely horizontal, e.g., the blackboard is vertical. Therefore, if
simplifying the pen motion, the accuracy of captured handwriting will degrade signi�cantly for the free writing.
Meanwhile, these solutions only consider the handwriting with a single stroke, but during the continuous writing
process, the tip motion between adjacent strokes in the air leads to o�-plane traces, which indicate the relative
position of strokes and should be removed for deriving the exact handwriting with multiple strokes. Overall,
compared to previous IMU-based solutions, we consider the rotation and translation of the pen comprehensively,
and deal with the continuous handwriting with multiple strokes. In this way, Handwriting-Assistant can accurately
capture the exact free handwriting on any plane during the continuous writing process.

3 EMPIRICAL STUDY
We conduct the empirical study to investigate the challenges and opportunities of inferring the handwriting by
attaching the inertial sensor to the ordinary pen. To power the IMU and transfer the measurements wirelessly,
the size of commercial inertial sensor is usually at cm-level [6]. To attach the sensor to the ordinary pen without
a�ecting the writing comfort, we prefer the pen tail to attach the sensor instead of the pen tip. In our studies,
without loss of generality, we select the LPMS-B2, a 9-axis Bluetooth IMU of size 3.9⇥3.9⇥0.8cm3 [6], as the
inertial sensor. We keep collecting the angular velocity and linear acceleration samples during the writing process.
The size of inertial sensor could be smaller if customizing the sensor in a compact form [15, 20, 29, 31, 32], we
would improve it in the future. For the convenience of �xing the sensor to the pen tail, we design a pen cap
made by 3D printer as shown in Fig. 2. The pen cap with IMU weighs around 13 grams, without in�uencing the
normal writing. By easily attaching the pen cap to the ordinary pen, we can use the pen to write on the paper as
usual, and capture the digital handwriting from the IMU measurements simultaneously. In order to capture the
handwriting with multiple strokes on the writing plane, we need to deal with two main technical issues:
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(a) Rotation of IMU (b) Translation of IMU (c) Tip trace

Fig. 3. Inconsistent tip trace from IMU trace

1)Writing Model:What is the mathematical relationship between the tip trace and the IMU measurement when
attaching the IMU to the pen tail?
2) Motion Feature: What kind of motion features can be used to distinguish the on-plane writing from the

o�-plane motion between di�erent strokes?

3.1 IMU Motion during Writing Process
To tackle technical issue 1 "writing model", we �rst conduct an experimental study to evaluate the relationship
between the tip trace on the writing plane and the IMU motion in the 3D space. We attach the pen cap to the tail
of a pencil, and use the pencil to write a letter ‘e’ with the size of 3.5⇥3.5cm.

Observation 1: The trace of pen tip is usually not directly consistent with the trace of pen tail due to the rotation of
pen during the writing process. Nevertheless, the tip trace is highly correlated to the IMU motion.

Fig. 3 plots the IMU motion in the 3D space during the writing process, including the rotation and translation.
It is observed that the translation of IMU in Fig. 3(b) is di�erent from the tip trace in Fig. 3(c), while the rotation
pattern of IMU in Fig. 3(a) is correlated to the tip trace to a certain extent. This is because the size of writing
trace is small, the IMU motion is mainly in the scope of the rotation, so the trace of IMU at the pen tail is much
di�erent from the tip trace. However, it does not mean we can ignore the translation of IMU. On one hand,
although the rotation pattern is correlated to the tip trace, we cannot determine the trace size only based on the
rotation pattern. On the other hand, not all handwriting mainly incurs the rotation of IMU. When enlarging the
size of handwriting, e.g., a 20⇥20cm square, the IMU motion will be mainly in the scope of the translation, such
that the tip trace is mainly correlated to the IMU translation. Therefore, it is a challenge to infer the precise tip
trace based on the IMU motion regardless of whether the IMU motion is mainly in the scope of the rotation or
translation. To handle the issue, it is essential to build a writing model that correlates the rotation and translation
of IMU with the tip trace comprehensively, so as to infer the precise tip trace based on the IMU motion.

3.2 On-plane Motion versus O�-plane Motion
When making notes or drawing pictures, people usually cannot �nish the handwriting with only one stroke.
According to whether the pen tip writes on the plane, the motion of pen can be divided into on-plane writing
and o�-plane motion, as shown in Fig. 4. The on-plane writing happens when the pen tip writes on the writing
plane, while the o�-plane motion happens when the hand lifts up the pen tip and moves the pen tip to the start
position of next stroke. Consequently, the on-plane strokes are our targets to capture, while the o�-plane traces
indicate the relative position of two adjacent on-plane strokes. To tackle technical issue 2 "motion feature", we
also conduct an experimental study by writing a word ‘hello’ sequentially, and investigate the di�erence of IMU
readings between the on-plane and o�-plane motion.
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Observation 2: The energy of IMU readings can be used to e�ectively segment data and extract motion segments,
but cannot be used to reliably identify whether the motion segment is on-plane or o�-plane. Nevertheless, the height
variation can be used to reliably distinguish the motion segment.

During the motion period, either the angular velocity or the linear acceleration changes signi�cantly compared
to the static period when the user holds the pen without moving, leading to the large energy of data. Fig. 5 shows
the short time energy (STE) of IMU readings when writing ‘hello’ (the calculation of STE will be introduced in
Section 5). The STE re�ects the changing rate of data: The more intense the changing rate is, the larger the STE is.
In previous works [27, 45], researchers usually think the o�-plane motion tends to be more intense, leading to
the large STE accordingly. Nevertheless, such assumption greatly relies on the writing habit, which is not always
valid. As shown in the top �gure of Fig. 5, the on-plane writing and o�-plane motion appear alternately, but
the STE of o�-plane motion has no obvious di�erence from that of on-plane writing. Instead of focusing on the
motion intensity, we observe that the o�-plane motion can incur the distance variation of the pen tip relative to
the writing plane, denoted as height variation. We leverage OptiTrack [9] to capture the height variation of pen
tip during the writing process. As shown in the bottom �gure of Fig. 5, it is observed that the height variation
of on-plane writing keeps zero due to the constant touch between the pen tip and the writing plane, while the
height variation of o�-plane motion increases �rst then decreases due to the motion of lifting up and pinning
down. Therefore, we can leverage the motion intensity, i.e., energy of data, to segment data and extract motion
segments [27, 33, 34, 45]. Further, we prefer the height variation to distinguish whether the motion segment
is on-plane or o�-plane. In this way, we can e�ectively remove the traces caused by the o�-plane motion and
reconstruct the on-plane handwriting consisting of multiple strokes.

4 SYSTEM OVERVIEW
The main goal of our work is to capture the handwriting when a user makes notes on the paper or board with an
ordinary pen. The captured handwriting can provide a lot of services, like recording the signature, or recognizing
the input to smart devices. To achieve the goal, we attach an inertial sensor, i.e., LPMS-B2, to the pen tail, such
that we can ensure the user experience and track the handwriting of ordinary pens, without requiring specialized
devices like a stylus pen or the touch screen.

The basic idea is to infer the trace of pen tip on the 2D writing plane from the motion of IMU in the 3D space.
Fig. 6 illustrates the architecture of our system. With the collected readings from gyroscope and accelerometer,
i.e., angular velocity and linear acceleration, we design three modules to recover the handwriting. Firstly, the
Motion Extraction module calculates the Short Time Energy (STE) of raw data from gyroscope and accelerometer
to extract the motion segments. Note that, both the on-plane writing and the o�-plane motion can incur the
signi�cant STE, so we only extract the motion segments in this step, without distinguishing whether the motion
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is on-plane or o�-plane. Secondly, the 3D Tip Trace Estimation module individually processes each segment to
estimate the tip trace in the 3D space. It leverages the angular velocity to track the attitude change of the pen
with IMU, and calculates the IMU displacement by converting the collected linear acceleration samples to the
�xed coordinate system. Then, it utilizes the proposed writing model to calculate the tip displacement in the 3D
space. Moreover, the tip position in the body coordinate system of IMU, i.e., the initial IMU-tip vector, is needed
for calculating the tip displacement, thereby, we should perform the initialization action to estimate the initial
IMU-tip vector before capturing the handwriting. For the pen with a �xed IMU, the initialization only needs to
be done once in advance. Thirdly, the 2D Handwriting Reconstruction module distinguishes the on-plane writing
from the o�-plane motion by detecting the height variation relative to the writing plane. The o�-plane motion is
used to determine the relative position between adjacent on-plane writing strokes, such that we can recover the
handwriting consisting of multiple strokes with high accuracy.

5 MOTION EXTRACTION
To recover the handwriting, it is necessary to extract the data caused by the on-plane writing and the o�-plane
motion during the handwriting process precisely. The on-plane writing leads to exact strokes, while the o�-plane
motion indicates the relative position between strokes. In this section, we introduce how to extract the motion
segments from IMU readings based on the short time energy (STE).

5.1 STE Calculation
The intuition of using STE to segment data is that, during the writing process, the user usually keeps still for
a little while after �nishing one action, which we call rest period. Hence, we can leverage the low STE of rest
period to segment the IMU readings for each action [19]. The rest period can be very short for the successful
segmentation, i.e., around 0.25s in Fig. 5, requiring little time cost or human e�ort [26]. As mentioned in the
empirical study, the motion of pen may lead to the obvious rotation or translation or both of IMU at the pen tail.
The IMU readings during the motion period are much more intense than the rest period. Thus, we calculate the
STE of data with both angular velocity samples and linear acceleration samples.
Speci�cally, denote the linear acceleration as a = [ax ,a� ,az ]T , the angular velocity as � = [�x ,�� ,�z ]T , so

their amplitudes are calculated as: |a | =
q
a2x + a

2
� + a

2
z , |� | =

q
�2
x + �

2
� + �

2
z , respectively. For the ith sample,

the combined amplitude can be represented as:

e(i) = |a(i)| + k |�(i)|, (1)
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Fig. 7. Model the relationship between tip displacement and IMU motion

where k is a constant to balance the amplitude di�erence. Further, the STE is adopted to depict the energy of the
combined amplitude using a sliding window. For the f th frame, the signal energy is calculated as:

E(f ) =
N’
i=1

e2f (i), (2)

where N means the sample number in a frame, ef (i) represents the combined amplitude of the ith sample in the
f th frame. Based on the STE of IMU readings, we next separate the data and extract motion segments.

5.2 Data Segmentation
Because the motion segment has more energy than the rest segment, we divide the data by searching for the
consecutive readings with energy above the threshold. Speci�cally, we �rst �nd the peaks of STE with certain
time interval, as the red triangles plotted in Fig. 5. The certain time interval can �lter out many redundant peaks
within the motion segment to save the e�orts of seeking split points around the peaks. For each peak, we search
for the split points before and after the consecutive readings with energy below a threshold eth . For example, to
�nd the start point of a motion segment, we forward seek the split point from the peak by checking whether
its neighboring energies are all below the threshold. The peaks in the same motion segment would indicate the
same pair of split points. In this way, we are able to extract the motion segment e�ectively.

6 3D TIP TRACE ESTIMATION
6.1 Tip Displacement Calculation
During the writing process, the position and attitude of the pen are changing continuously along with time. For a
pen with IMU, the attitude change of the pen is identical to the IMU, and the position change of the pen is related
to the IMU. As shown in Fig. 7(a), a pen with IMU can be regarded as a line segment with the IMU and the pen
tip as endpoints, denoted as S and T , respectively. For the inertial sensor, the point S indicates the origin of its
body coordinate system. Due to the stable structure of the pen with IMU, the relative motion of the pen tip and
the pen tail conforms to the rigid body motion, so the position of pen tipT is �xed in the body coordinate system
of IMU. That is, regardless of the changing attitude or position of the pen in the �xed coordinate system, the
coordinate value of pen tip T is constant in the changing body coordinate system. Based on such stability, we are
able to infer the tip trace based on the IMU motion, including the attitude change and the position change.
Speci�cally, as shown in Fig. 7(b), suppose from time ts to te , the IMU-tip segment moves from SsTs to SeTe ,

|SsTs | = |SeTe |. Denote the body coordinate system at time ts as the global coordinate system, the body coordinate
system at time te as the local coordinate system. Due to the attitude change, vector

���!
SeTe is di�erent from

���!
SsTs in

the global coordinate system, which can be represented as:
���!
SeTe = C

���!
SsTs , (3)
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where C is a 3⇥3 rotation matrix, specifying the attitude of the local coordinate system relative to the global
coordinate system. While for the position change in the global coordinate system, as shown in Fig. 7(c), the vector
���!
SeTe can be divided into:

���!
SeTe = ����!SsSe +

���!
SsTs +

���!
TsTe , (4)

where
���!
SsSe means the IMU displacement from ts to te ,

���!
SsTs means the IMU-tip vector at time ts ,

���!
TsTe means the

tip displacement from ts to te . By substituting Eq.(4) into Eq.(3), the tip displacement can be calculated as:
���!
TsTe = (C � I) ���!SsTs +

���!
SsSe , (5)

where I is an identity matrix. According to Eq.(5), we are able to infer the tip displacement from ts to te based on
the IMU-tip vector at time ts , the rotation and displacement of IMU. During the writing process, we can derive
the tip trace by continuously tracking the tip displacement relative to the initial tip position.

Note that, although the rotation and displacement of IMU can be measured by the gyroscope and accelerometer,
the IMU-tip vector at time t is not easy to be measured. Due to the tip position is �xed in the body coordinate
system of IMU, the body IMU-tip vector is constant. Therefore, for the writing process, let the initial body
coordinate system be the global coordinate system and ts represent the initial time, thus the IMU-tip vector at
time ts only relies on the structure of the pen with IMU, denoted as the initial IMU-tip vector. As the structure is
stable for the pen with IMU, the initial IMU-tip vector is constant for a random writing process, so we only need
to estimate the initial IMU-tip vector once in advance as the initialization step of capturing the handwriting.

6.2 Initial IMU-Tip Vector Estimation
The initial IMU-tip vector re�ects the position of pen tip in IMU’s coordinate system. However in practice, it is
hard to �nd the origin point of IMU or determine the projected positions of pen tip along each axis of IMU’s
coordinate system, so it is di�cult to derive the accurate initial IMU-tip vector through the physical measurement.
Even if the vector is measured physically, it is signi�cant to verify its accuracy. Therefore, to derive or validate
the initial IMU-tip vector, we propose an initialization operation to estimate the IMU-tip vector.
Particularly, we �x the pen tip and let the pen rotate around the tip, as depicted in Fig. 8. As the pen tip is at

the same position during the rotation, the tip displacement is always equal to zero, Eq.(5) can be rewritten as:

(C(t) � I) ���!S0T0 = � ��!
S0St , (6)

where
���!
S0T0 is the initial IMU-tip vector to be estimated,C(t) and��!S0St are the rotationmatrix and IMU displacement

at time t , which can be measured from gyroscope and accelerometer, respectively. In principle, one equation
could be enough for solving Eq.(6), but it would be not accurate due to the measurement error of IMU, so we use
multiple samples to �nd the optimal solution of

���!
S0T0. Assume we obtain N samples during the rotation process,
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let x = ���!
S0T0, A =

26666664

C(1) � I
C(2) � I
. . .

C(N ) � I

37777775
, b =

266666664

���!S0S1
���!S0S2
. . .

����!S0SN

377777775
, the optimal solution of x is determined by:

x⇤ = argmin
x

| |Ax � b| |2. (7)

To solve Eq.(7), we leverage the least squares method, the solution is calculated as:

x̂ = (ATA)�1AT b. (8)

In this way, we can determine the initial IMU-tip vector for the pen with IMU. Due to the stable structure of the
pen with IMU, the initial IMU-tip vector only needs to be estimated once. Moreover, this estimation can apply to
other rigid body used as the pen. We provide some examples in Section 8.8.2. With the known initial IMU-tip
vector, we can infer the tip displacement based on the rotation and displacement of IMU based on Eq.(5). Note
that, to derive the tip trace or the initial IMU-tip vector, it is essential to obtain the accurate rotation matrix and
IMU displacement. In the following, we introduce how to calculate the rotation matrix and IMU displacement.

6.3 Coordinate Transformation
The IMU readings are measured in its body coordinate system, as the IMU rotates during the writing process, it is
necessary to transform the IMU readings into a �xed coordinate system. Because the indoor magnetic �eld is
easily disturbed, we only use the angular velocity measured by gyroscope to track the attitude change of IMU.
Speci�cally, during the writing process, we select the initial body coordinate system of IMU as the �xed

coordinate system, denoted as the global coordinate system of the current handwriting. The attitude of IMU
relative to the global coordinate system can be tracked by the integration of angular velocity [37]. In particular,
if the attitude of IMU at time t is C(t), the attitude at time t + �t can be updated with the angular velocity
�b =

⇥
�bx ,�b� ,�bz

⇤T in this period, as:

C(t + �t) = C(t)
✓
I +

sin�
�

B +
1 � cos�

� 2 B2
◆
, (9)

where I is an identity matrix, � = |�b�t |, B =
266664

0 ��bz�t �b��t
�bz�t 0 ��bx�t
��b��t �bx�t 0

377775
. Because we take the initial body

coordinate system as the global one, we have: C(0) = I. When the new angular velocity sample comes, the rotation
matrix from the current body coordinate system to the global coordinate system can be updated based on Eq.(9).
After the long time tracking, the rotation error may accumulate, we can leverage the orientation calibration
method proposed in [40] to reduce the accumulated error, so as to obtain the accurate rotation matrix all the time.

6.4 IMU Displacement Calculation
With the rotation matrix, we can further calculate the IMU displacement in the global coordinate system
based on the linear acceleration. Let the measured linear acceleration in the body coordinate system be ab , the
corresponding linear acceleration in the global coordinate system should be a� = Cab , where C is the rotation
matrix from the body coordinate system to the global coordinate system. The IMU displacement can be calculated
by twice integration of the global linear acceleration. Similarly, the calculated displacement could be erroneous
due to accumulated errors. To improve the accuracy, we leverage the zero velocity algorithm [30] to calibrate the
estimated velocity, and further integrate the calibrated velocity to obtain the accurate IMU displacement.
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Fig. 9. Recovered tip traces in 3D space

6.5 Summary
So far, we have introduced how to infer the tip trace in the �xed coordinate system from the IMU motion. Before
tracking the tip trace during the writing process, we need to estimate the initial IMU-tip vector in advance, which
only needs to be conducted once for a pen with the �xed IMU. After the initialization operation, we can start
capturing the handwriting. During the writing process, the IMU keeps collecting readings, for each sampling time
point, we calculate the tip displacement from the initial position to the current position with following steps.

1)Coordinate Transformation: Take the initial body coordinate system of the handwriting as the global coordinate
system, and leverage the angular velocity readings to calculate the rotation matrix from the changing body
coordinate system to the global coordinate system.

2) IMU Displacement Calculation: Transform the collected linear acceleration samples into the global coordinate
system, and calculate the IMU displacement in the global coordinate system.

3) Tip Displacement Calculation: With the estimated initial IMU-tip vector, measured rotation matrix and IMU
displacement, we calculate the tip displacement according to Eq.(5).

By connecting the estimated tip positions at di�erent time points chronologically, we can derive the tip trace
in the global coordinate system. It is worth noting that the tip trace is in the 3D space, caused by either the
on-plane writing or the o�-plane motion. Fig. 9 shows an example of writing ‘hello’ individually. We can see that
the recovered 3D tip traces include the on-plane writing strokes and the moving trace in the air between strokes.
To display the exact handwriting e�ectively, we have to project the 3D traces onto the writing plane and �lter
out these o�-plane traces, which will be introduced in the next section.

7 2D HANDWRITING RECONSTRUCTION
To distinguish the on-plane writing from the o�-plane motion, we leverage the observation that on-plane strokes
are all on the writing plane, while the o�-plane motion incurs the variation of distance from the pen tip to the
writing plane. Therefore, we �rst apply the principal component analysis (PCA) method to determine the writing
plane, then use the distance variation of the pen tip relative to the writing plane to �lter out o�-plane traces and
reconstruct on-plane strokes.

7.1 Writing Plane Detection
We leverage the PCA algorithm to estimate the principal plane for each motion segment, and further �nd the
common plane of most segments as the candidate writing plane. Speci�cally, there are two key steps: Included
Angle Calculation, and Common Plane Estimation.

7.1.1 Included Angle Calculation. We apply the PCA algorithm [7] for each motion segment, thus the �rst and
second eigenvectors form the principal plane of the corresponding segment, denoted as pca plane, and the third
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Fig. 10. Detect candidate writing plane by common normal vector of most motion segments

eigenvector is the normal vector of pca plane. By checking the included angle between normal vectors, we can
determine whether the two corresponding pca planes are close to each other. Let n represent the unit normal
vector, i.e., |n| = 1, the angle �n between ni and nj is calculated as:

�n = arccos
�
ni · nj

�
, (10)

where operation (·) means the inner product, �n 2 [0,� ). Considering that the normal vector may point two
directions relative to the pca plane, i.e., pointing upwards or pointing down for a horizontal plane, the included
angle �p of two planes is calculated as:

�p = min (�n ,� � �n) . (11)

In principle, for on-plane segments, as they are written on the same writing plane, their pca planes should
be consistent with each other. For o�-plane segments, as the pen tip lifts up and pins down, their pca planes
tend to be perpendicular to the writing plane. Meanwhile, because the displacement from the end position of last
stroke to the start position of next stroke is random, the pca planes of o�-plane segments are usually inconsistent.
However, in practice, it is possible that the pca plane of a simple on-plane stroke is inconsistent with the actual
writing plane, or the principal plane of an o�-plane segment is close to the writing plane. Taking the handwriting
of ‘hello’ in Fig. 9, there are �ve on-plane segments and four o�-plane segments, i.e., totally nine segments.
Fig. 10(a) respectively shows the principal axes of these nine segments at the same view point, numbering from
1 to 9, i.e., index 1/3/5/7/9 refer to stroke ‘h’/‘e’/‘l’/‘l’/‘o’, and index 2/4/6/8 refer to o�-plane segments. When
clustering these normal vectors in Fig. 10(b), we can observe that most normal vectors of o�-plane segments are
disperse, whereas those of strokes {‘h’, ‘e’, ‘o’} are concentrated, yet the linear stroke of ‘l’ is too simple to �nd the
actual writing plane. Fig. 11(a) shows the corresponding included angles for each pair of pca planes. Similarly, we
can observe that the included angles among {‘h’, ‘e’, ‘o’} are small, whereas most angles between on-plane and
o�-plane segments are much larger, yet the angle between stroke ‘l’ (index 7) and the o�-plane motion from ‘e’
to ‘l’ (index 4) is very small. We have to deal with the abnormal angles to �nd the actual writing plane.

7.1.2 Common Plane Estimation. The orientation of on-plane segments tends to be similar, whereas the orien-
tation of o�-plane segments usually distributes randomly, thus we can determine the common plane, i.e., the
candidate writing plane, by clustering the pca planes of similar orientation. Speci�cally, if the angle between two
pca planes is smaller than the angle threshold �th , the corresponding planes are de�ned as neighbors. If multiple
planes are all neighbors to each other, they form a neighbor group. The maximum neighbor group is selected to
calculate the common plane. To determine the common plane, we reapply the PCA algorithm with the selected
segments in the maximum neighbor group.
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Fig. 12. Recovered tip traces on pca planes determined by di�erent segments

Taking the same example as above, if the angle threshold is set too small, the actual neighbor will be missed
due to measurement errors, otherwise, the fake neighbor will be included, thereby we set the angle threshold
as 20� empirically. Fig. 11(b) shows the identi�cation of neighbors for each segment, the counting results are
listed in Fig. 11(c). Although index 4 has two neighbors, i.e., index 6 and 7, index 6/7 are not neighbors to each
other, so they cannot form a neighbor group. On the contrary, index 1/3/9, corresponding to strokes ‘h’/‘e’/‘o’,
are neighbors to each other, thus we select them for calculating the common plane. Fig. 12(d) shows the whole
recovered tip trace on the common plane. We can see that, in comparison to other pca planes with single segment
in Fig. 12(a)-12(c), it is simpler for the common plane determined by the neighbor group to �nd the suitable
axis directions for the writing plane, such that the recovered tip traces seem more comfortable and easier to
understand. Note that, we only use the selected segments to estimate the candidate writing plane, it does not
mean the selected segments are de�nitely on-plane, or the remaining are all o�-plane. We have to further remove
o�-plane segments to reconstruct the handwriting.

7.2 O�-Plane Trace Removing
Up to now, we have obtained the projected tip traces on the common plane. The tip traces include not only
on-plane strokes on the writing plane, but also o�-plane traces in the air. The o�-plane trace indicates the relative
position of on-plane strokes, which should be removed from the recovered handwriting. It is worth noting that
although the on-plane and o�-plane segments appear alternately in the above example, the actual order could be
chaotic, e.g., on-o�-o�-on-on, so we cannot rely on the �xed appearing order to determine whether the segment
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is on-plane or o�-plane. As mentioned in Section 3.2, the reliable di�erence between the on-plane writing and the
o�-plane motion is the distance variation relative to the writing plane, denoted as the height variation. Therefore,
we calculate the height variation of each segment relative to the common plane to distinguish motion segments.
If the range of height variation exceeds the variation threshold hth , the corresponding segment is viewed as
o�-plane, otherwise, it is on-plane. Speci�cally, for the ith sample of one segment, we project it to the normal
vector of common plane, and record the coordinate as hi . As illustrated in Fig. 13, the height variation of one
segment is calculated as �hi = hi � h0, where h0 is the initial height coordinate at the beginning of the segment.
In principle, for the on-plane segment, its height variation should be zero. For the o�-plane segment, its height
variation increases when lifting up the pen tip, decreases when pinning down, and returns to zero when touching
the writing plane again. However, in practice, due to measurement errors, it is hard for the on-plane segment
to keep zero or for the o�-plane segment to return zero. Nevertheless, the di�erence is small, which has little
in�uence on distinguishing the segment. Taking the same example of writing ‘hello’, Fig. 14 plots the height
variation of the nine segments. We can observe that the height variation of on-plane segments is very close to
zero over time, whereas that of o�-plane segments increases �rst then decreases, whose range is much larger
than on-plane ones. Hence, we can use the range of height variation to distinguish on-plane segments from
o�-plane segments. In this way, we are able to recover the handwriting composed of multiple strokes e�ectively.

Further, to re�ne the candidate writing plane, we reapply PCA method with all estimated on-plane segments.
It is worth noting that although the PCA method determines the writing plane, the directions of axes might be
not suitable for displaying the recovered handwriting. Speci�cally, the �rst and second eigenvectors indicate the
x-axis and �-axis of the writing plane, and the third eigenvector indicates the z-axis relative to the writing plane,
i.e., normal vector. To determine the positive direction of x-axis, the writing strokes are assumed to be roughly
written along the positive direction of x-axis. This assumption is based on the natural writing habit, i.e., a word is
usually written from left to right. Similarly, we assume the positive direction of z-axis points upwards, i.e., the
height variation of o�-plane segment should be positive. After determining the positive directions of x-axis and
z-axis, the �-axis can be calculated by the cross product of the unit vectors along the position directions of z-axis
and x-axis. In this way, we are able to display the recovered handwriting on the writing plane naturally.

7.3 Pu�ing Things Together
Overall, our goal is to recover the tip trace of an ordinary pen with IMU attached to the pen tail. We take the
angular velocity and linear acceleration readings from IMU as input, and output the recovered handwriting on the
writing plane. As shown in Algorithm 1, we �rst segment the collected data and extract motion segments using
STE by referring to Section 5. Then, we calculate the 3D tip trace in a �xed coordinate system by referring to
Section 6. Next, we compute the principal plane for each segment, and detect the common plane of most segments
as the candidate writing plane using the PCA-based method. By checking the height variation relative to the
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Algorithm 1 Capture the handwriting of ordinary pen by the inertial sensor on the pen tail

Input: Angular velocity samples {[�x (t),�� (t),�z (t)]T }; Linear acceleration samples {[ax (t),a� (t),az (t)]T };
Initial IMU-tip vector

���!
S0T0; STE threshold eth ; Angle threshold �th ; Height variation threshold hth ;

Output: Captured handwriting on the writing plane {[x(t),�(t)]T }.
1: Calculate the short time energy (STE) with the angular velocity and linear acceleration samples;
2: Segment data by STE, and extract motion segments based on eth ;
3: Take the initial body coordinate system of the �rst segment as the global coordinate system;
4: for each motion segment do
5: Calculate the rotation matrix from the body coordinate system to the global on for each sampling time;
6: Calculate the IMU displacement in the global coordinate system for each sampling time;
7: Calculate the tip displacement based on

���!
S0T0, rotation matrix and IMU displacement for each sampling

time, and obtain the tip traces within the current segment;
8: end for
9: Estimate the principal plane of tip traces for each segment, and detect the common plane based on ath ;
10: Calculate the height variation for each segment, and distinguish these segments based on hth ;
11: Re�ne the writing plane with all estimated on-plane segments, and adjust the axis direction of writing plane

to display the exact handwriting naturally;
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common plane, we can distinguish on-plane strokes from o�-plane traces. Further, we estimate the writing plane
with all estimated on-plane strokes, so as to re�ne the recovered handwriting. Fig. 15 illustrates the recovered
handwriting of ‘hello’. We can see that the recovered handwriting is quite similar to the ground-truth. The average
Euclidean distance between the recovered handwriting and the ground-truth is 1.53mm in Fig. 16. Therefore,
Handwriting-Assistant can realize the mm-level handwriting reconstruction.

8 PERFORMANCE EVALUATION
8.1 Experiment Se�ings
We have implemented a prototype system of Handwriting-Assistant. As shown in Fig. 17, we use Samsung Note 8
to collect the measurements of LPMS-B2 via Bluetooth1 and capture the ground-truth of handwriting on the touch
screen. The S pen and LPMS-B2 are attached on a stick to simulate the ordinary pen with IMU. 20 volunteers are
invited to join in the experiments, including 12 males and 8 females, aged between 23 and 32. They are required
to use the S pen with IMU to write on the smartphone. Note that, the Samsung devices are utilized to record the

1https://lp-research.com/support/
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Fig. 17. Experiment setup

ground-truth of handwriting, we support the writing of ordinary pens on regular planes. The collected data is
processed with MATLAB. In advance, we derive the initial IMU-tip vector according to Section 6.2.

We vary the experiment settings to evaluate the performance su�ciently. 1) IMU-Tip Length: The length from
IMU to pen tip is varied from 12cm to 20cm, simulating pens of di�erent lengths common in life. 2) Writing Scale:
The height of stroke is varied from 1cm to 5cm. 3)Writing Habit: Di�erent users would have di�erent writing
habits, we evaluate the performance for each volunteer, involving 20 volunteers in total. 4) Sampling Rate: The
sampling rate is varied from 50Hz to 400Hz. 5) Stroke Number: The number of strokes in the handwriting is
varied from 1 to 5. 6) IMU Quality: Apart from the expensive LPMS-B2 ($249), we test �ve kinds of low-cost IMUs
from three vendors, i.e., InvenSense, STMicroelectronics and BOSCH, whose unit prices are all below $4. For each
experiment, the volunteers are asked to write each lowercase letter �ve times from left to right and repeat it
twice, such that we collect �ve on-plane strokes and four o�-plane traces of one letter from one volunteer. In
total, we collect 26⇥5⇥2⇥20 on-plane strokes, 26⇥4⇥2⇥20 o�-plane traces for each setting. By default, we attach
LPMS-B2 to pen tail, the IMU-tip length is 14cm, the writing scale is with the stroke height of 2cm, all volunteers’
samples are involved, and the sampling rate is 100Hz.
To evaluate the accuracy of capturing the writing trace and distinguishing the motion segment, we propose

Normalized Location Error andMotion Recognition Rate, respectively. For the accuracy of capturing the handwriting,

the normalized location error of the ith sample is calculated by
p
(xi�x̂i )2+(�i��̂i )2

L , where (xi ,�i )means the ground-
truth coordinate of the ith sample, (x̂i , �̂i ) means the estimated coordinate, and L is the diagonal distance of the
bounding box of the stroke to reduce the e�ect of writing scale on the evaluation. Note that, the orientation
di�erence between the exact handwriting and the recovered handwriting can incur additional errors, which
actually does not in�uence the quality of captured handwriting but in�uence the evaluation. To minimize the
orientation di�erence, we align the starting position of the estimated handwriting with the exact one, then rotate
the recovered handwriting to minimize the average normalized location error of the stroke. After reducing the
orientation di�erence, we recalculate the normalized location error for the e�ective accuracy evaluation. Fig. 17
illustrates several examples of the average normalized location error for letters. For the accuracy of distinguishing
motion segments, we evaluate the motion recognition rate, i.e., nsN , for on-plane and o�-plane segments, separately.
Here, ns is the number of successful identi�cation, N is the number of on-plane/o�-plane segments.

8.2 Overall Accuracy
Our solution can capture the handwriting with mm-level accuracy, which is much more accurate compared with
traditional methods. We �rst compare our method with traditional methods that assume the pen’s motion is
pure rotation or translation in terms of capturing the handwriting. As shown in Fig. 18, the average normalized
location errors of pure-rotation-based method and pure-translation-based method are 0.382 and 0.463, respectively.

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 5, No. 4, Article 146. Publication date: December 2021.



146:18 • Bu et al.

0 0.5 1 1.5
Normalized Location Error

0

0.2

0.4

0.6

0.8

1

C
D

F

Handwriting-Assistant
Pure Rotation
Pure Translation

Height Variation Motion Intensity
Different Methods of Motion Separation

0

20

40

60

80

100

M
ot

io
n 

R
ec

og
ni

tio
n 

R
at

e 
(%

)

On-plane
Off-plane

Fig. 18. Overall accuracy
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Fig. 19. Impact of IMU-tip length
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Fig. 20. Impact of writing scale

Compared to traditional methods, Handwriting-Assistant achieves the average normalized location error of 0.103,
which is only about 27% and 22.3% of pure rotation and translation methods, respectively. The results verify the
necessity of considering the motion of pen comprehensively for capturing the precise handwriting via inertial
sensors. Moreover, the corresponding Euclidean distance without normalization is about 1.84mm. Therefore,
Handwriting-Assistant can realize the mm-level handwriting reconstruction.
Our solution can distinguish on-plane segments from o�-plane segments more accurately than traditional

methods. We next compare our height-variation-based method with traditional motion-intensity-based methods
in terms of distinguishing motion segments. As shown in Fig. 18, the motion recognition rates of Handwriting-
Assistant are 95.2% and 92.4% for on-plane and o�-plane segments, and those of motion-intensity-based method
are 74.3% and 71.2%, respectively. That is, Handwriting-Assistant outperforms the traditional method by ⇥1.29.
The results verify the robustness of using the height variation to distinguish on-plane segments from o�-plane
segments. Therefore, Handwriting-Assistant can reliably distinguish motion segments.

8.3 Impact of IMU-Tip Length
Our solution can achieve good accuracy with di�erent IMU-tip lengths. To evaluate the impact of IMU-tip length,
we vary the IMU-tip length from 12cm to 20cm, with the step of 2cm. As shown in Fig. 19, in terms of capturing
the handwriting, when the IMU-tip length increases from 12cm to 16cm, the average normalized location error
changes slightly from 0.1 to 0.117, whereas when the length keeps increasing, the average error increases to 0.135
when the length is 20cm. This is because that when the length is relatively large, the amplitude of IMU motion
gets signi�cant, so the slight shaking of the pen when stopping writing incurs the non-negligible measurement
variation. Thereby, the slight motion decreases the accuracy of data segmentation, further a�ecting the captured
handwriting. Similarly, in term of distinguishing motion segments, the motion recognition rate decreases with
the increasing length, nevertheless, the average recognition rate is above 91% when the length is 20cm. Therefore,
Handwriting-Assistant can perform robustly for pens with di�erent lengths.

8.4 Impact of Writing Scale
Our solution can achieve good accuracy with di�erent writing scales. To evaluate the impact of writing scale,
we adjust the height of writing letter from 1cm to 5cm, with the step of 1cm. The range of writing scale covers
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Fig. 21. Impact of writing habit

1 2 3 4 5
Index of Stroke

0.05

0.1

0.15

0.2

N
or

m
al

iz
ed

 L
oc

at
io

n 
Er

ro
r

f=50Hz f=80Hz f=100Hz
f=200Hz f=400Hz

50 80 100 200 400
Sampling Rate (Hz)

15

20

25

30

35

La
te

nc
y 

(m
s)

Fig. 22. Impact of sampling and stoke

LPMS-B2 MPU6500 ICM20690 LSM6DSM LSM6DS3-C BMI160

Different IMU Products

0

0.05

0.1

0.15

0.2

N
or

m
al

iz
ed

 L
oc

at
io

n 
Er

ro
r

LPMS-B2 MPU6500 ICM20690 LSM6DSM LSM6DS3-C BMI160

Different IMU Products

80

85

90

95

100

M
ot

io
n 

R
ec

og
nt

io
n 

R
at

e 
(%

)

On-plane
Off-plane

Fig. 23. Impact of IMU quality

most cases of the daily handwriting. As shown in Fig. 20, in terms of capturing the handwriting, the normalized
location error gets smaller with the increasing height, and the average normalized error is about 0.088 when the
height is 5cm. This is because that for the letter with a larger writing scale, its diagonal distance of the bounding
box gets larger, yet the estimated position still has the high accuracy, i.e., close to the ground-truth position, so
the corresponding normalized error gets smaller. In terms of distinguishing motion segments, when the height
increases from 1cm to 5cm, the average motion recognition rate decreases from 94.5% to 89.9%. This is because
that as the writing scale increases, the absolute error of height variation increases, it is easier for the on-plane
writing to incur the larger height variation. Nevertheless, the motion recognition rate is still high when the
height is 5cm, i.e., 90% for on-plane segments and 89.7% for o�-plane segments. Therefore, Handwriting-Assistant
can perform robustly for the handwriting with di�erent writing scales.

8.5 Impact of Writing Habit
Our solution can achieve good accuracy with di�erent writing habits. To evaluate the impact of writing habit,
we collect the handwriting from 20 users, and evaluate the accuracy among users. As shown in Fig. 21, the
average normalized location error is within [0.07, 0.13], the motion recognition rate of on-plane segments is
within [91.7%, 98.3%], and that of o�-plane segments is within [88.9%, 95.5%]. It is likely because of the same
threshold to segment data for di�erent users. As the shaking amplitude of the pen is di�erent when di�erent
users hold the pen without movement, the general threshold of data segmentation may be not very precise for
certain users. Moreover, di�erent writing habits lead to di�erent amounts of rotation and translation for the IMU
motion. As the error of rotation estimated from gyroscope is not the same as the error of translation estimated
from both gyroscope and accelerometer, the error of the estimated tip displacement based on Eq.(5) would a bit
di�erent. Nevertheless, the average normalized location error is 0.105, and the motion recognition rate is 93.8%.
Therefore, Handwriting-Assistant can perform robustly among di�erent users.

8.6 Impact of Sampling Rate and Stroke Number
Our solution can perform better with the larger sampling rate, yet the latency of processing one single stroke
increases accordingly. Moreover, for the handwriting with multiple strokes, the accuracy of di�erent strokes keeps
steady. To evaluate the impact of sampling rate, we vary the sampling rate from 50Hz to 400Hz, and estimate the
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accuracy of captured handwriting and latency. Meanwhile, for the handwriting with multiple strokes, we also
evaluate the impact of the appearing order of stroke by calculating the accuracy for each stroke, numbering from
1 to 5. As shown in Fig. 22, with the higher sampling rate, the normalized location error gets smaller, especially
when the sampling rate increases from 80Hz to 100Hz. The latency of processing a single stroke increases from
25.5ms to 28.3ms when the sampling rate increases from 50Hz to 400Hz. This is because that using the higher
sampling rate can collect more measurements from IMU, as the handwriting is relatively small, using the more
�ne-grained measurement is probable to capture the more accurate handwriting, yet taking more time to process
samples. Moreover, the accuracy for di�erent strokes is quite similar, as the orientation error will not accumulate
due to the orientation calibration, and the displacement error is calculated and calibrated within the single
segment. Therefore, Handwriting-Assistant can capture the handwriting with multiple strokes fast and accurately.

8.7 Impact of IMU�ality
Our solution can achieve good accuracy with low-cost IMUs. To evaluate the impact of IMU quality, we select
�ve kinds of low-cost IMUs, including InvenSense MPU6500 and ICM20690 [5], STMicroelectronics LSM6DSM
and LSM6DS3-C [11], and BOSCH BMI160 [3]. Their unit prices are all below $4, much lower than LPMS-B2
($249). Note that, to avoid the di�erence of signal processing algorithms among di�erent IMUs, we actually
employ the IMUs embedded in smartphones, and attach the smartphones to the pen to perform the evaluation.
In this way, all measurements of the �ve kinds of low-cost IMUs are provided by Android. As shown in Fig. 23,
the accuracy of low-cost IMUs is still high, i.e., the normalized location error is below 0.152, and the motion
recognition rate is above 82.7%. Particularly, MPU6500 can not only achieve the similar normalized location
error as LPMS-B2, but also perform slightly better than LPMS-B2 regarding the motion recognition rate. That is,
Handwriting-Assistant does not rely on the expensive LPMS-B2, the precision of low-cost IMU is just su�cient for
achieving good accuracy. It is worth noting that although MPU6500 performs best among the selected low-cost
IMUs, the technical parameter of MPU6500 is not the best. For example, the resolution of MPU6500 is lower than
LSM6DSM, yet MPU6500 achieves higher accuracy than LSM6DSM. The reason is likely that the higher resolution
enables the IMU to sense the unexpected tiny motion. Therefore, Handwriting-Assistant does not necessarily
require the high-precision of LPMS-B2 to achieve good accuracy, indeed, we can choose other low-cost IMU with
the suitable precision to take place of LPMS-B2.

8.8 Case Study of Handwriting Input
Our solution can capture the free handwriting of ordinary pens on the regular paper, including characters of
di�erent languages and patterns. As shown in Fig. 24(a), we attach an LPMS-B2 to the tail of an ordinary pen, and
let user 13 write freely on the paper. The height of handwriting is mainly around 2cm. To intuitively show the
accuracy, we scan the writing contents on the paper as the ground-truth (G), and compare it with the recovered
traces by Handwriting-Assistant (HA), the pure-translation-based method (T) [30] and the pure-rotation-based
method (R) [14]. Fig. 24(b)⇠24(d) illustrate the free handwriting from di�erent sources. We can observe that, for
English lowercase letters in Fig. 24(b), not only letters with one stroke, e.g., ‘a’ and ‘b’, but also letters with two
strokes, e.g., ‘i’, ‘j’, ‘t’ and ‘x’, are all captured accurately by our method. When increasing the complexity of stroke,
e.g., the cursive handwriting of di�erent languages in Fig. 24(d), the captured handwriting by our method (HA) is
quite similar to the ground-truth (G), much more accurate than that by other traditional methods. It is because
traditional methods consider the pen motion as pure translation or rotation, while we take it in a comprehensive
way. During the continuous writing process, we can further leverage the method of distinguishing motion
segments in Section 7 to derive the exact handwriting with multiple strokes. Moreover, Handwriting-Assistant
can capture the simple pattern with one stroke or multiple strokes. As plotted in Fig. 24(c), the turning points
of patterns are e�ectively captured, and the o�-plane strokes of painted �ower are well removed. Therefore,
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Fig. 24. Examples of free handwriting on the paper (G: Ground-truth by scanner, HA: Recovered traces by Handwriting-
Assistant, T: Recovered traces by pure-translation-based method, R: Recovered traces by pure-rotation-based method)

Handwriting-Assistant is capable of capturing various kinds of free handwriting, enabling applications like making
notes, signing names, checking stroke orders, drawing pictures, etc.

8.9 Case Study of Handwriting Recognition
Besides the handwriting input, the captured writing traces can be further recognized as characters or gestures for
smart devices, so as to extend the text entry methods or interaction operations. Taking the character recognition,
as there exist many trace-based handwriting recognition systems or platforms, e.g., MyScript [8] and Google
IME [4], we can just employ these tools to recognize the accurate captured writing traces. Compared with the
recognition methods that directly classify the IMU measurements into English letters [21, 26, 39, 45], the trace-
based recognition methods require no training data, which is much more robust for new users or environments
and easier to interface with o�-the-shelf applications. Hence, we leverage the recognition interface2 provided
by Google to infer the captured writing traces. The input handwriting is English lowercase letters in the form
of 2D coordinates. The recognition program is developed in Python. Character Recognition Rate is proposed for
evaluating the recognition accuracy, de�ned as: ksK . Here, ks is the number of correctly recognized characters,
K is the total number of recognized characters. To show the e�ciency of Handwriting-Assistant regarding the
character recognition, we �rst compare it with traditional methods, and then vary writing modes.

8.9.1 Impact of Handwriting Reconstruction Method. Our solution can e�ectively improve the character recogni-
tion rate, and achieve the comparable accuracy as the ground-truth. As shown in Fig. 17, we take the recorded
traces by the touch screen as the ground-truth (G), and recover thewriting traces usingHandwriting-Assistant (HA),
the pure-translation-based method (T) [30] and the pure-rotation-based method (R) [14], respectively. The recov-
ered traces are based on the collected data from 20 users with the default settings as described in Section 8.1.

2https://www.google.com/inputtools/request
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Fig. 25. Character recognition rate of di�erent handwriting reconstruction methods
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(b) Character recognition rate of writing modes

Fig. 26. Evaluation of handwriting recognition with di�erent writing modes (H: Horizontal, I: Inclined, V: Vertical)

Fig. 25 plots the character recognition rates of di�erent methods. It is observed that Google IME can infer most
handwriting from the ground-truth and our method, but it performs poorly with the handwriting from traditional
handwriting reconstruction methods (T and R). The average character recognition rates are 93.9% for G, 92.2% for
HA, 35.6% for T, and 59.7% for R, respectively. That is, Handwriting-Assistant can reach 98.2% accuracy of the
ground-truth, and perform better than the pure-translation-based method by ⇥2.6 and the pure-rotation-based
method by ⇥1.5. Therefore, Handwriting-Assistant can signi�cantly improve the accuracy of character recognition
compared to traditional handwriting reconstruction methods, making it easy to extend the text entry ways for
smart devices based on o�-the-shelf character recognition platforms.

8.9.2 Impact of Writing Mode. Our solution can achieve good accuracy with other rigid body used as a pen, and
perform robustly for di�erent writing planes. As many smart devices have been embedded with IMUs currently,
Handwriting-Assistant provides the new opportunity for them to be used as handwriting tools. Fig. 26(a) illustrates
several scenarios with di�erent writing modes. Apart from the ordinary pen attached with IMU (LPMS-B2), the
smartphone embedded with IMU can also be used as a pen [14, 30]. Meanwhile, the hand wearing a smartwatch
can be viewed as a rigid body when the position of �nger tip is stable relative to the smartwatch. Although
the position of IMU embedded in the smart devices is unknown for users, it is easy for Handwriting-Assistant
to derive the initial IMU-tip vector using the method proposed in Section 6.2. To evaluate the performance of
di�erent writing modes, we let 5 users write on di�erent planes with di�erent ‘pen’ forms. These users are
selected from the prior 20 volunteers, including 2 males and 3 females, aged between 23 and 26. The writing
planes are horizontal (H), inclined (I) or vertical (V), while the ‘pen’ forms include the ordinary pen with IMU
(Pen), the Samsung Note 8 (Phone), and LG W150 (Watch). For each experiment, users are required to cursively
write the lowercase English letters 5 times. The height of letters is varied from 2cm to 5cm, and the sampling
rate is 100Hz. As shown in Fig. 26(b), the character recognition rate changes slightly for di�erent writing modes,
ranging from 91.9% to 92.5%. Therefore, Handwriting-Assistant is always able to capture the accurate handwriting
on di�erent regular planes with various ‘pen’ forms.
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9 DISCUSSION
1) Threshold of data segmentation: The threshold of data segmentation has the great in�uence on the accuracy of
captured handwriting, it is better to set it according to the IMU quality, writing habit, writing plane, etc. If setting
too big, we cannot extract the complete motion segment, otherwise, we cannot e�ectively calibrate the velocity
using the zero velocity algorithm. Theoretically, the segmentation threshold should be zero as the IMU will stop
for a small while before or after writing. However in practice, due to the noise of IMU or the unconscious shaking
of hands, the IMU measurement keeps changing all the time. Since the IMU noise varies with the IMU quality
and the unconscious shaking varies with the writing habit of users or the material and angle of writing planes, a
general threshold would perform poorly in certain cases. Nevertheless, we can further utilize online learning
methods to automatically learn the appropriate threshold, making the value adaptive to the actual scenario.
2) Display of captured handwriting: The display orientation of captured handwriting depends on the writing

contents. As the coordinate system of IMU is independent of the coordinate system of writing plane, it is di�cult
to determine which orientation is the best for displaying the captured handwriting only based on the IMU. Since
we use the PCA-based method to determine the axes of writing plane, there are implicit assumptions about the
handwriting, e.g., a word is written from left to right as the assumption of MagHacker [27]. If the handwriting
contains only one letter like ‘h’, the displayed handwriting may rotate by 90� relative to the normal orientation
as shown in Fig. 12(a). Nevertheless, the display orientation does not a�ect the accuracy of captured handwriting.
For the applications requiring the normal display orientation, we can further introduce some tricks according
to application characteristics. Taking the character recognition for example, since most captured letters stand
normally or lie �at, we can input both the original captured handwriting and the handwriting rotated by 90� to
the recognition system, so as to improve the character recognition rate.

10 CONCLUSION
In this paper, we propose Handwriting-Assistant, an IMU-based approach to capture the handwriting of ordinary
pens by attaching the inertial sensor to the pen tail. By rotating the pen around the tip, we can activateHandwriting-
Assistant, and further infer the free handwriting with the pen on the paper, board or other regular planes.
Particularly, we build a comprehensive rigid-motion-based model to correlate the displacement of pen tip with the
rotation and translation of IMU, in this way, we can recover the tip trace in the 3D space during the continuous
writing process. We also propose a PCA-based method to detect the writing plane, and a height-variation-based
method to distinguish on-plane segments from o�-plane segments. In this way, we can �lter out the tip traces
caused by the o�-plane motion, and display the e�ective handwriting on the writing plane. Moreover, our
solution can apply to other forms of rigid body used as the pen, enabling smart devices embedded with IMU
to act as handwriting tools. We have implemented a prototype system and evaluated its performance in the
real environment. Experiment results show that our approach can capture the handwriting with high accuracy,
e.g., the average tracking error is 1.84mm for letters with the size of about 2cm⇥1cm, and the average character
recognition rate of captured single letter achieves 98.2% accuracy of the ground-truth recorded by touch screen.
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