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This paper presents a handwriting recognition (HWR) system that deals with online character recognition in real-time. Our
sensor-enhanced ballpoint pen delivers sensor data streams from triaxial acceleration, gyroscope, magnetometer and force
signals at 100 𝐻𝑧. As most existing datasets do not meet the requirements of online handwriting recognition and as they
have been collected using specific equipment under constrained conditions, we propose a novel online handwriting dataset
acquired from 119 writers consisting of 31,275 uppercase and lowercase English alphabet character recordings (52 classes) as
part of the UbiComp 2020 Time Series Classification Challenge. Our novel OnHW-chars dataset allows for the evaluations of
uppercase, lowercase and combined classification tasks, on both writer-dependent (WD) and writer-independent (WI) classes
and we show that properly tuned machine learning pipelines as well as deep learning classifiers (such as CNNs, LSTMs,
and BiLSTMs) yield accuracies up to 90 % for the WD task and 83 % for the WI task for uppercase characters. Our baseline
implementations together with the rich and publicly available OnHW dataset serve as a baseline for future research in that area.
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1

INTRODUCTION

Handwriting involves a representation of the language by structured symbols and applies thoughts and spoken
language onto paper. It is used for communication between individuals or for the documentation of thoughts
for further use. Handwriting Recognition (HWR) is the process of converting written text into a digitized form
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that a computer can understand. HWR has been studied for several years, however, it still presents a challenge
that requires further research since the need for HWR systems is growing with the extended need for the use of
digitized systems [57]. This domain can be categorized into two distinguished types: offline and online HWR.
Optical Character Recognition (OCR) falls into the domain of offline HWR and describes the analysis of the
visual representation making use of offline features of the input, where the input of the system is an image
containing handwriting. The written paper is scanned into a digitized image through, e.g., a digitizer, a tablet or a
camera, then segmented into different segments that could include lines, words, or letters, which then undergo
the recognition process [56]. Offline HWR systems have reached near-human performance results and have
been successfully implemented in different areas of applications such as signature verification [21], reading bank
checks and postal addresses. However, offline HWR cannot be applied for applications that require a real-time
recognition (as there is no image of the document immediately after the completion). Furthermore, from simply
analyzing the images it is not possible to make use of rich information such as the temporal direction of writing,
the writing order, writing speed, and (in some cases) the pressure of writing. Only using the position of the
strokes leads to ambiguities if letters overlap [15, 71].
Online HWR (OnHWR) typically uses time in association with different types of spatio-temporal signals. The
data may contain a form of positions including information about the displacement of certain input devices, or
may include the movement of the input devices on the writing surface. These signals are then processed by a
recognition system that orders the strokes by their position and time and that can make use of the geometrical
design and dynamic information from the movement of the writer. In many previous work a stylus pen together
with a touch screen surface usually serve as input devices. Through the temporal information online HWR
systems can be more accurate than offline systems, since similarly shaped characters can be distinguished by
knowing the number of strokes that were necessary [56, 71].
One application of HWR systems is the commitment in primary school classes, where the teacher instructs an
essay, for example, the pupils write with the sensor-enhanced pen on normal paper, and the text can be converted
to a computer-based format automatically and online. The teacher receives immediately a status of the process.
Furthermore, the written text can directly be corrected, and decreases the teacher’s effort. Currently, no HWR
system suffices all requirements for such an application, as such systems are either offline, require a pen that
influences the graphomotoric of the writer, or requires for writing on a tablet that is expensive and influences the
writing style [48]. The required device for the sensor-pen is just a computer, tablet, or phone with an installed
app with a pen-device bluetooth connection that is often available anyways.
For the evaluation of HWR systems and also of the writing-style writer-specific and platform-specific aspects
are necessary that have to be considered. The identification of handedness of the writer plays an important
role to study and compare left-handed and right-handed writers. Previous work analyzes the handedness on
the basis of strokes and slope of letter [63]. The writing performances of dysgraphic and proficient writers are
compared by a distinction between the number and duration of two kinds of pauses, i.e., pen stops and pen lifts
[55]. For the design of the recording platform pen-based systems can be favored over tablet or keyboard systems,
as writing with a pen provides better cognitive processing, i.e., theoretical understanding, critical thinking and
memory recollection [3, 65]. Modifications in writing conditions, e.g., a keyboard or a smoother writing surface of
a tablet, might influence the writing performance, in particular, those of non-automatized beginning writers such
as children as their handwriting movements require visual and graphomotor feedback [26]. Hence, pen-based
OnHWR systems on paper have the lowest impact on the graphomotor.
HWR systems require large amounts of training data to acquire the ability of understanding and classifying what
the user is writing. However, the data collection process is a time and resource consuming process. Consequently,
for the sake of progressing within the specific domain of research, collected datasets are shared within the
scientific community. This field has been researched for many years with several databases being published.
However, many of these published datasets were collected using specific expensive equipment [1, 47, 51] that
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Fig. 1. Complete pipeline. (1) The recording setup is a STABILO DigiPen and a tablet storing sensor data and
ground truth labels. (2) The ballpoint pen is enhanced with two accelerometers, one magnetometer, one gyroscope
and one force sensor. (3) The OnHW-chars database consists of 31,275 uppercase and lowercase letters (52 classes)
from 119 writers. (4) Pre-processing and noise filtering is necessary for (5) training the classifier. (6) We present the
results for lowercase, uppercase and combined letters, both on writer-dependent (WD) and writer-independent
(WI) classification tasks.
make a recognition system unachievable when applying for a real use-case utilization [45], are too small [77], or
only address specific aspects [11, 34, 60]. Hence, the availability of a dataset collected with a convenient digital
pen is essential for the scientific community. The primary purpose underlying our research is to implement a
HWR system that uses a digitizer in the form of a pen that transmits data online during the writing process. To
train such a recognizer for efficient recognition, we need a sophisticated dataset.
The main contribution of this paper is to share a large dataset adding a scientific value in the handwriting
recognition domain. We present a dataset of alphabet characters written on plain paper in the form of time-series
data collected from a digital ballpoint pen equipped with sensors, i.e., a STABILO DigiPen. The collection of data
written on normal paper makes it easier to apply a writing recognizer without the need of other more expensive
devices or specific writing surfaces. In addition, we implemented (most of) the previously used methods applied
for OnHWR, i.e., Machine Learning (ML) classifiers such as k-Nearest Neighbour (kNN) and Support Vector
Machine (SVM) and also Deep Learning (DL) methods such as Convolutional Neural Networks (CNNs) and
Recurrent Neural Networks (RNNs), i.e., Long-Short-Term Memorys (LSTMs), on our dataset. This provides
a solid baseline for future research and fosters reproducibility in this research area. Fig. 1 presents the whole
pipeline including data recording, pre-processing, classifier training, and evaluation.
The remainder of this paper is structured as follows. Section 2 discusses similar datasets that are currently
used in the field. A summary of available offline and online datasets in the handwriting recognition domain is
provided, including the type, recording platform and size of data. Section 3 presents our main contribution: a
novel dataset for online handwriting recognition. We present the digitizer used for data acquisition along with
the detailed description of the collected dataset. Section 4 provides methods used to pre-process data, to extract
features from it, and how to apply online recognizers, i.e., we describe our implementation of the ML and DL
baseline models that aim at solving the classification problem that this dataset offers. We provide quantitative
results and discuss them in Section 5. Section 6 concludes.

2

RELATED WORK

Over the last decade, online handwriting recoginition has shown promising results and high accuracy. The
number of datasets and methods to evaluate HWR systems steadily increases. While offline HWR is already very
advanced [14, 49, 74], the focus of research moves to gesture recognition [4, 25, 38, 43, 69, 76], human activity
recognition [79], and online HWR systems [19, 35, 36, 39, 73].
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To train an OnHWR system a dataset needs to fulfill a number of requirements. (1) The dataset should allow
for both a WD and WI evaluation, as writing recognition has to be applicable to new writers without re-training
the model. Here, the difficulty is to cover many writing styles, i.e., printed or cursive writing, holding of the
pen, pressure of the pen, size of the characters, and influence of noise. For that, the age, gender, education and
frequency of writing has to be distributed homogeneously over the dataset. (2) As the number of alphabet classes
is high and the introduced noise of the sensors can vary to a high degree, we need a large number of writers to
guarantee for an optimal learning procedure to be considered for the later evaluation of the classifiers. (3) Finally,
the dataset must contain time-series data for online recognition captured at a high frame-rate in order to allow
for high classification accuracies.
This section provides a review of offline and online recognition datasets in Sections 2.1 and 2.2 with a focus
on the requirements on the dataset for an optimal online writing recognition. To better compare the available
dataset we line out a summary in Table 1 which summarizes all offline and online datasets, their corresponding
recording platform, the size of the data, and the corresponding evaluation methods. Due to the broad spectrum of
associated applications, the diversity of patterns, and our main contribution on OnHWR systems, we split these
datasets into digits, characters and words, gestures, and objects, shapes and symbols datasets.

2.1

Offline Datasets and Recognition Systems

The development of offline datasets started in early 1900’s. The IAM [49] dataset is one of the most commonly used
dataset and provides English words and sentences. The large NIST dataset [22, 75] and its variants SD-19 [29],
MNIST and EMNIST [14] contain digits and characters, but suffer from high ceiling effects, i.e., less generalization
leads to overfitting. Further datasets cover addresses, e.g., the CEDAR [33] dataset, and outdoor image texts, e.g.,
the SVT [74] dataset. More offline datasets are listed in Table 1. The classes of our OnHW-chars dataset are the
same as the classes from the IAM [49] dataset, but the dataset was acquired on a whiteboard and not on paper.
The OnHW-chars dataset is smaller in size compared to the NIST and MNIST datasets, but larger as other visual
image datasets [49, 74].
Existing recognition systems differ regarding pattern representation (i.e., image templates, structural representations and feature vectors), drawing constraints, and decision-making processes. The datasets present a
large diversity of content with very different properties. We differentiate the datasets between their number
of classes, the available amount of training samples per class, and between WD and WI experimental settings.
The recognition of some datasets are quite challenging because of the presence of different writing styles and
noisy data, while some datasets enable an easier recognition [17]. Most of previous recognition systems focus on
writing on an electronic device. This requires an expensive device, and the recognition system cannot be used on
normal paper. Hence, we focus on pen-based recognition systems that have integrated sensors.

2.2

Online Datasets

In the following, we describe datasets that are a collection of digits, characters and words more related to our
OnHW-chars dataset. The LaViola [40] dataset has been written by 11 persons with a pen on a TC 1100 tablet
and covers trajectory-based digits, characters and mathematical symbols. They used an AdaBoost classifier and
yield an accuracy between 90.9 % and 97.19 % for different recognizer configurations. Keshari et al. [37] achieved
an accuracy up to 94.57 % on the mathematical expressions utilizing SVMs trained on standard and Chebyshev
coefficient features.
The UJIpenchars/UJIpenchars2 [47] datasets contain 62/97 different classes of characters and symbols
recorded by 11/60 writers on the Toshiba Portégé M400 tablet covering 1,364/11,640 samples. UNIPEN [30] is
an ongoing project of collecting handprint and cursive handwriting on a pen-based computer from various
alphabets including Chinese and Latin, pen gestures and signatures. The sentences dataset IAM-OnDB [45] covers
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Table 1. Overview of state-of-the-art offline and online pen-based handwritten datasets. The writer-dependent
(WD) and writer-independent (WI) column indicate the possibility of running WD and WI experiments. As we
focus on OnHWR systems, we do not declare reported experiments for offline datasets.
Dataset

Classes

Offline datasets [78]
NIST [22, 75]
Handwritten digits
MNIST
Subset of NIST
EMNIST [14]
Digits and letters
Mathematics
Mathematical symbols
Devangari
Devangari characters
Arabic Text
Lexicon of words
Document
Lists, tables, formulas, diagrams and drawings
CEDAR [33]
Characters and digits
CENPARMI
Digits
English word, sentences
IAM [49]
Street View Text Outdoor image text from
(SVT) [74]
businesses

Recording platform
writer

Size
sample

Pen
Pen
Pen
Pen
Pen
Pen
Handwritten documents

3600
–
–
–
25
–
189

800,000
70,000
445,600
60,000
1,800
113,284
941

–
–

Pen
Pen
Pen on a whiteboard
Harvested from Google
street view

1,500

59,584

–

657
–

115,320
725

1,539
–

119
–

31,275
12,000

52
–

WD/WI
–

44
11
60
11

10,992
1,364
11,640
11,602

10
62
97
48

WD/WI
WD/WI
WD/WI
WD/WI

[1]

14
221

6,636
86,272

18
11,059

WI
WD/WI

[12, 18]
[45]

16

5,155

22

WD/WI

–

34
20

26,163
33,150

14
17

WD/WI
WD/WI

[7, 17, 68, 76]
[17, 25, 43]

10
20
18

4,800
9,600
7,200

16
16
30

–
WD/WI

[5, 44, 50, 67]
[6, 69]
–

38

4,656

588

WD

[17, 43]

30

18,300

61

WD/WI

[8–10]

–
1,350

–
20,000

49
250

WD/WI
WD/WI

[17]
[41, 42]

19
25

7,791
5000

13
50

WD/WI
WD/WI

[17, 52, 53]
–

50

1,871

13

WI

–

100

15,200

38

WD/WI

–

Online and gesture-based datasets (see Section 2.2) [16]
Digits, characters and words datasets
OnHW-chars
English characters
Sensor-enhanced pen
Latin alphabet, characters, Pen-based computers
UNIPEN [30]
words and sentences
PenDigits [1]
Handwritten digits
Wacom PL-100V
Isolated handwritten
Toshiba Portégé M400
UJIpenchars /
characters
tablet PC
UJIpenchars2 [47]
LaViola [40]
Digits, characters and Tablet TC 1100 with pen
math symbols
IME-OnDB [11]
Letters and gesture
Pocket PC with pen
Word instances
Electronic whiteboard
IAM-OnDB [45]
Gestures datasets
Match-Up & Con- Multi-touch gestures
Multi-touch display 3MTM
quer [58]
C3266PW
Gestural commands
Wacom Intuos2 A4
NicIcon [51]
Sign-OnDB [2]
Single-stroke pen ges- Tablet with pen
tures
unistroke [77]
2D single-stroke gestures HP iPAQ h4355 with pen
MMG [6]
2D multi-stroke gestures
Finger or pen on tablet
Multitouch gesture Multi-touch symbolic ges- Multi-touch display 3MTM
[59]
tures
C3266PW
ILGDB [60]
Single-stroke pen ges- Tablet with pen
tures
UsiGesture [9]
Gestures
Tablet with pen
Objects, shapes and symbols datasets
HBF49 [17]
Features
Written with online device
Object
sketches Object sketches
Multi-strokes
[20]
HHReco [32]
Geometric shapes
Wacom Graphire2 pen
CVCsymb [62]
Architectural and electri- Digital pen
cal symbols
IMISketchSDB [34] Offline architectural sym- Architectural plans
bols
HOMUS [13]
Online music notations
Galaxy Note with SPen

WD/WI

Experiments

n.d.
n.d.
n.d.
n.d.
n.d.
n.d.
n.d.

n.d.
n.d.
n.d.
n.d.
n.d.
n.d.
n.d.

n.d.
n.d.
n.d.
n.d.

n.d.
n.d.
n.d.
n.d.

class
10
10
36
10
36

–
–
–
–
[17, 37, 40]
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about 86,272 word instances from an 11,059 dictionary written by 221 writers via an electronic interface from a
whiteboard. Their Hidden Markov Model (HMM) based approach achieves 65.9 % accuracy. The IME-OnDB [11]
dataset is a good benchmark for evaluating relative positioning of handwriting, as several subsets of gestures
have the same shape only distinguishable through their spatial context. To take relative positioning into account
[11] exploits a fuzzy approach. The PenDigits [1] dataset is a collection of digits written by 44 users on the
Wacom PL-100V. 10,992 samples covering the 10 digit classes and allow WD and WI experiments. Through the
combination of static and dynamic Multi-Layer Perceptron (MLP) classifiers the accuracy can be increased by
different fusion techniques, i.e., voting, mixture, stacking, boosting and cascading. The accuracy of the combined
classifier dropped from 99.3 % for the WD testing set to 98.3 % for the WI testing set (see similarity to our results
in Section 5).
The following datasets build a database for human gestures and are more related to human computer interaction.
The NicIcon [51] dataset contains 26,163 of offline and online written iconic multi-strokes gestures (emergency
situations, e.g., accident, fire), and includes pen-up movements and pressure meassures. Through a highly varying
order and number of strokes, the dataset is quite noisy. WD and WI experiments exist: fusion of HMM-based
and Zernike methods [7], a CKMeans with auto-completion algorithm [68], and MLP, SVM and Dynamic Time
Warping (DTW) classifiers using global and stroke-level features [76].
For the Sign-OnDB [2] dataset 33,759 samples of single-stroke gestures are collected from 20 persons written
on a tablet. Some of the 17 classes can only be distinguished based on dynamic information [17]. The ILGDB [60]
dataset is a collection of single-stroke gestures recorded with a tablet. Each of the 28 writers provided 21 different
gestures of their choice, and hence, in this dataset exists a large number of different samples unequally distributed
over the classes. Consequently, only WD experiments exist [43]. The Match-Up&Conquer [58] multi-touch dataset
is designed to address how users articulate gestures. Similar is the Multitouch gesture [59] dataset that covers
7,200 samples from 18 participants. 30 different gesture classes, e.g., circle, triangle, heart and cat, are unique
in the number of strokes of the shape, number of fingers touching the surface, and bimanual or single-handed
inputs. The unistroke [77] dataset consists of 16 different 2D single-stroke gestures, e.g., triangle, question mark
and start. This dataset is evaluated by the $1 [77] and $N [5] recognizer, protractor [44], and DTW [50, 67]. The
$N-Protractor [6] is derived from the $1 unistroke [77] recognizer that uses a closed-form template-matching
method instead of an iterative search method in the $N [5] recognizer. They provided the Mixed Multistroke
Gesture (MMG) [6] dataset representing 16 classes of 2D multistroke gesture symbols. UsiGesture [9] is a
software support platform that accomodates multiple algorithms for pen-based gesture recognition. The goal is
a dataset made of characters, symbols and commands, that allows to evaluate a gesture recognition algorithm
depending on contextual variables, e.g., environment, platform and user.
Objects, shapes and symbols are addressed in the following datasets. The CVCSymb [62] dataset is a combination
of online and offline architectural and electrical symbols. 5,000 samples have been drawn by 50 writers separated
in two groups of 25 writers each. This results in total in 50 WD and WI classes. The HHReco [32] dataset consists
of 7,410 samples in total of 13 different geometric shapes, i.e., circles, cylinder, archs, and polygons, written by
19 people on a Wacom Graphire2 tablet. Ouyang et al. [53] use an image deformation model to achieve 98.2 %
accuracy focusing on the visual appearance of the symbols.
The Object sketches [20] dataset is a collection of 20,000 unique sketches, e.g., teapot and car, evenly
distributed over 250 object classes. They built upon a bag-of-features representation to extract local features
and construct a visual vocabulary using kMeans clustering to train a SVM classifier, and achieved 56 % accuracy.
Related is SHREC’13 [41] and SHREC’14 [42] that refer to sketch-based 3D shape retrieval containing 7,200/12,680
sketches and 1,258/ 8,987 3D models. The IMISketchSDB [34] dataset is an offline collection of 13 different
architectural symbols, e.g., furniture, covering 1,871 samples from 50 plans. HOMUS [13] is the only dataset that
addresses musical symbols, which consists of 15,200 offline and online samples from 100 users covering 32 symbol
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classes. kNN, DTW and HMM are used for the online classification task, and kNN, NN, SVM and HMM are used
for the offline classification task.
HBF49 [17] is a unique set of 49 features focusing on the universal representation space adapted to a large
variety of symbols that can be used as a reference for evaluation of symbol recognition systems. They reported
experiments with 1NN and SVM classifiers for eight different datasets [2, 32, 34, 40, 51, 60, 62, 70] for WD and
WI cases.
A similar recording platform to the STABILO DigiPen is a phone with gyroscopes and accelerometers used
in [19]. The GyroPen method reconstructs the trajectory of the phone’s corner touching a writing surface for
pen-like interactions. An online recognition system is used using an extended feature set to recognize the words
with trajectory coordinates as input. Neelasagar et al. [35] also use the accelerometer and gyroscope signals from
a smartphone for 3D handwritten character and gesture recognition. The acceleration signals are pre-processed
with segmentation, filtering and normalization, while the gyroscope signals are lowpass filtered and normalized
to get the orientation correction of the device.
Inertial pens that are closest to ours are the ones used in [36, 39], but the recorded dataset is not published.
In these publications, accelerometer, gyroscope and magnetometer are integrated in a pen along with a microcontroller and a wireless transmission module that records movement data for writing alphabets and making
gestures [36]. Unfortunately, the data acquisition unit is a large device that influences the style of the writer.
Statistical features gave the best results in combination with a probabilistic NN and a kNN classifier. A similar
device was constructed by [73] The recorded acceleration signals are calibrated, lowpass filtered, segmented and
normalized, before aligning the signals with the 10 digit classes by a DTW method. WD (90.6 % accuracy) and WI
(84.8 % accuracy) experiments are reported that are in the same range as our experiments on our OnHW-chars
dataset (see Section 5).
Koellner et al. [39] use the STABILO DigiPen, which is the same device we used ourselves for the recording
of the OnHW dataset, but their dataset is not published. The dataset consists of 20,000 English lowercase letters
written from 15 users, and hence, created a dataset with more samples per writer per class than our dataset. WD
and WI results for kNN, LDA, NB and LSTM classifier are reported.
The recording platform of most of the online datasets are pen-based computers [11, 30, 62], tablets [1, 2,
6, 9, 32, 40, 47, 51, 58–60], phones [13, 77], or a whiteboard [45]. The classes of only some of these datasets
[1, 11, 30, 40, 47] are similar to our OnHW-chars dataset, i.e., gesture-based [2, 6, 9, 51, 58–60, 77] and object/symbol-based [13, 17, 20, 32, 34, 62] classification are related to other applications. As many other datasets, WD
and WI is possible on OnHW-chars, but a large number of writers is necessary to evaluate for that in detail. While
IAM-OnDB [45] (221) and object sketches [20] (1,350) have higher, all other datasets have lower number of
writers than OnHW-chars. Similar to [2, 45, 51] OnHW-chars is in the upper scope of number of samples (31,275).

3

PROPOSED DATASET

This section introduces our novel online handwriting (OnHW) dataset. We present our IMU-sensor enhanced
ballpoint pen, i.e., the STABILO DigiPen, in Section 3.1, and describe the data acquisition constraints and
calibration aspects in Section 3.2. In Section 3.3, we present our novel OnHW-chars dataset in detail.

3.1

Sensor-Enhanced Ballpoint Pen

The STABILO DigiPen is a sensor-enhanced ballpoint pen with internal data processing capabilities, see Fig.2a. A
Bluetooth module enables live streaming at 200 𝐻𝑧 to a connected device. The pen’s overall length is 167 mm,
its diameter is 15 mm, and it weighs 25 g. With its ergonomic soft-touch grip zone it is easy to use and feels
comfortable and natural. Each DigiPen is equipped with a front accelerometer (STM LSM6DSL), a gyroscope
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(a) Sensor-based STABILO DigiPen with inte- (b) Axis of the pen tip for the 6DoF (c) Data acquisition setup of the
grated accelerometers, gyroscope, magnetometer, accelerometer and gyroscope sen- STABILO DigiPen connected to
force sensor, and battery.
sors.
a tablet device for ground truth
recording.

Fig. 2. The STABILO DigiPen.
(STM LSM6DSL), a rear accelerometer (Freescale MMA8451Q), a magnetometer (ALPS HSCDTD008A), and a
force sensor (ALPS HSFPAR003A) [66].
The data recordings store 14 measurements provided by the sensors: two acceleration, one gyroscope and one
magnetometer signals (each in 𝑋 , 𝑌 , and 𝑍 direction, see Fig. 2b), the force with which the pen tip touches the
surface, and the timestep at which the tablet receives the data from the pen.

3.2

Data Acquisition and Calibration

We use a recording app provided by STABILO International GmbH to obtain the sensor data, which is connected
to the DigiPen and tells the user which character to write (see Fig. 2c). Through this setup we also record the
ground truth labels. We applied the following constraints for our data recording to achieve a homogeneous and
equally distributed dataset. The writer has to sit on a chair in front of a table, and has to write on a normal, white
paper (80 𝑚𝑔{𝑚 2 ) padded by five additional sheets. There was no guideline concerning the size of the handwriting
and the way of holding the pen, just the logo needs to face upwards. Users are allowed to write in a printed and
cursive style.
Prior to recording we need to calibrate the pen with a short two-step procedure to determine the gyroscope and
magnetometer biases and the magnetometer scaling. While placing the pen on the table for a couple of seconds,
it is possible to find the gyroscope biases 𝑏𝑔𝑥 , 𝑏𝑔𝑦 and 𝑏𝑔𝑧 for each axis as the gyroscope values are supposed to
be zero. Then, the pen should be rotated in all directions (covering a sphere). With the cloud of magnetometer
points, we can calculate the sensor’s bias 𝑏𝑚𝑥 , 𝑏𝑚 𝑦 and 𝑏𝑚𝑧 (the sphere’s center) and the sensor’s scaling factor
𝑠𝑚𝑥 , 𝑠𝑚 𝑦 and 𝑠𝑚𝑧 (the sphere’s radii). More information can be found in [54, 61]. With these values, the raw
values can be scaled and the bias removed. For each sensor the SI value without bias 𝑆𝐼𝑏𝑖𝑎𝑠 can be computed with
𝑆𝐼𝑏𝑖𝑎𝑠 “

𝑟𝑎𝑤 𝑣𝑎𝑙𝑢𝑒 ´ 𝑏𝑖𝑎𝑠
,
𝑚𝑎𝑥
𝑚𝑎𝑥𝑆𝐼 𝑠𝑚 ˚

(1)

where 𝑟𝑎𝑤 𝑣𝑎𝑙𝑢𝑒 is the measured valued from the datasheet sensor, 𝑏𝑖𝑎𝑠 is the bias from the calibration procedure
(𝑏𝑔𝑥 , 𝑏𝑔𝑦 and 𝑏𝑔𝑧 for the gyroscope, 𝑏𝑚𝑥 , 𝑏𝑚 𝑦 and 𝑏𝑚𝑧 for the magnetometer, and 0 for the accelerometers and
the force sensor), 𝑚𝑎𝑥 is the maximal range value that is 32,768 of the front accelerometer and the gyroscope,
8,192 for the back accelerometer and the magnetometer, and 4,096 for the force sensor, 𝑚𝑎𝑥𝑆𝐼 is the maximal SI
value that is 2 𝑔 for both accelerometers, 1, 000 ° s´1 for the gyroscope, 2.4 𝑚𝑇 for the magnetometer, 5.32 𝑁 for
the force sensor, and 𝑠𝑚 ˚ is the measured scaling factor for the corresponding axis, otherwise it is 1 [66]. With
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Fig. 3. Exemplary sample of the uppercase character ’B’ for the front and back accelerometer (a), gyroscope (b),
magnetometer (c), and force sensor (d).
Table 2. Overview of the number of samples of the OnHW-chars dataset including lowercase and uppercase
characters from 119 writers for a writer-dependent (WD) and writer-independent (WI) evaluation.
Dataset
Lowercase characters
Uppercase characters
Total

Total
Writer Samples
119
15,650
119
15,625
–
31,275

Samples WD/WI
Training Testing
11,542
4,108
11,517
4,108
23,059
8,216

the calibration procedure from [61] the bias of the accelerometer cannot be determined, and hence, we set it to 0.
We use the raw data in Section 4.
Fig. 3 shows exemplary raw signals of a written character ’B’ (note that there is a total number of 82 timesteps).
As the letter is constructed of two strokes, the pen is lifted one time and the measured force is 0 𝑁 between
timestep 21 and 24, see Fig. 3d. We describe a proper pre-processing of such signals in Section 4.1.1.

3.3

The OnHW-chars Dataset

In the future, our OnHW dataset consists of several sub-datasets. In this paper, we first provide the OnHW-chars
dataset that consists of lowercase and uppercase characters. The recording of further datasets is an ongoing
project and will be continuously increased for a more profound and detailed evaluation. Words, sentences, symbols
and numbers from the same writers will be published in a later stage. Our DigiPen records data measurements at
100 𝐻𝑧. For each writer, three .csv files are provided: One file that contains the calibration data, one file that
contains the character labels with the start and end timesteps, and one file that contains the 13 measurements for
each timestep. The OnHW dataset is publicly available for download here: https://stabilodigital.com/onhw-dataset/.1
For the novel OnHW-chars dataset 119 right-handed persons wrote the English alphabet for six times both in
lowercase and uppercase letters. All writer are grown-up and above the age of 18, but the exact age was not
reported due to anonymity. The ratio between women and men is 45 % women and 55 % men. This allows to
solve classification problems with 52 classes. In total, this resulted in 312 samples per person (with some small
1 Alternative

download link: https://iis.fraunhofer.de/onhw-dataset/
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Fig. 4. Analysis of the writing properties of 50 participants. We provide the distribution of the force averaged
over each sample.
Table 3. Analysis of the character properties. Presented are the average number of timesteps (TS) and strokes (S)
and their deviations (DTS , DS ) for every character.
Char.
TS
DTS
S
DS
Char.
TS
DTS
S
DS
Char.
TS
DTS
S
DS

a
45.4
32.6
1.07
0.63
s
36.0
20.2
1.01
0.18
K
59.7
26.5
1.83
0.93

b
45.4
28.7
1.04
0.24
t
46.7
19.2
1.81
0.68
L
33.4
20.1
1.04
0.38

c
26.8
21.5
1.01
0.12
u
37.7
19.9
1.04
0.47
M
60.7
22.5
1.21
0.56

d
50.7
29.7
1.12
0.43
v
33.2
19.2
1.01
0.13
N
55.1
29.9
1.27
0.61

e
39.5
27.8
1.03
0.43
w
50.8
28.1
1.00
0.07
O
37.1
22.7
1.01
0.11

f
49.2
18.1
1.58
0.66
x
44.2
21.5
1.79
0.73
P
52.4
22.4
1.43
0.62

g
53.9
23.3
1.03
0.25
y
48.2
39.9
1.35
0.94
Q
65.3
24.3
1.86
0.71

h
41.6
17.7
1.01
0.11
z
52.8
26.7
1.62
0.65
R
63.6
28.4
1.39
0.61

i
40.1
21.6
1.86
0.71
A
60.9
30.9
1.70
1.13
S
39.5
31.3
1.01
0.13

j
53.7
24.7
1.91
1.07
B
71.2
25.2
1.61
0.66
T
47.5
19.7
1.85
0.70

k
53.9
27.6
1.52
0.74
C
30.4
21.9
1.09
1.55
U
40.1
24.2
1.01
0.11

l
27.1
21.3
1.01
0.18
D
56.2
26.9
1.73
0.77
V
35.4
18.6
1.01
0.12

m
58.3
33.5
1.06
0.51
E
74.2
26.1
2.73
1.27
W
58.1
35.1
1.08
1.21

n
40.0
20.8
1.01
0.13
F
67.8
36.6
2.53
1.15
X
47.8
23.0
1.81
0.64

o
33.7
17.5
1.01
0.19
G
56.3
25.8
1.18
0.48
Y
52.0
38.2
1.58
0.72

p
50.8
37.3
1.15
0.48
H
65.6
22.7
2.45
1.19
Z
60.0
31.4
1.64
0.69

q
53.7
25.5
1.21
0.51
I
27.7
27.5
1.10
0.50

r
32.4
16.6
1.01
0.12
J
45.6
25.9
1.06
0.46

deviations). An overview of the sample numbers are given in Table 2. There are 15,650 lowercase characters and
15,625 uppercase characters. The complete OnHW-chars dataset consists of 31,275 samples in total. Consequently,
the OnHW-chars dataset is a large dataset of 119 writers to evaluate for a large diversity of properties, i.e., different
writing style (e.g., printed or cursive characters), holding of the pen, pressure of the writer on the pen, and
influence of noise (e.g., bias and scaling) on the classification accuracy.
As OnHW-char is an online dataset it is possible to evaluate for time-series based recognition methods, i.e.,
incorporate the drift of the sensors. Constructing a WI recognizer is a much more challenging task as constructing
a WD recognizer. However, many applications only allow for WI recognizers, as the application does not allow
for a re-training to a new writer before using the pen in many cases. For the WD evaluation we split the dataset
in 90 recordings for training (23,059 samples in total), and 29 recordings for testing (8,216 samples in total). This
corresponds to a split of 73.73 % for training and 26.27 % for testing for the WI case (see Section 5). To better
evaluate for the WD and WI tasks, Fig. 4 shows writing properties for 50 different writers, e.g., the writers 11, 30
and 43 put high pressure on the pen, while the writer 19, 21 and 45 put very low pressure on the pen.
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Table 3 presents an analysis of the character properties. If the number of timesteps and strokes are highly
different between the characters, the features of such samples might be better separable for ML-based classifiers.
Obviously, the trajectory for uppercase characters is longer, and consequently, the average timesteps (TS) the
writer requires for lowercase characters are 44.1, while the average timesteps for uppercase characters are 52.1.
For example, the characters ’B’ (71.2), ’E’ (74.2), ’F’ (67.8) and ’H’ (65.6) require more time to write than, e.g., ’c’
(26.8), ’l’ (27.1) and ’I’ (27.7), as they are constituted by more strokes. Lowercase characters are constituted of
1.24 strokes on average, while uppercase characters are constituted of 1.50 strokes, e.g., the characters ’c’, ’h’, ’o’,
’r’, ’s’, ’v’ and ’w’ are always written in one stroke. The standard deviations DTS and DS indicate a high difference
in writing style of a character, e.g., the stroke deviation is 0.44 for lowercase and 0.69 for uppercase characters on
average.
Classifying characters from right-handed and left-handed writers from one single signal-based dataset is a
quite challenging task as the pen rotation is significantly different. Hence, we decided to exclude left-handed
recordings for now.

4

PROPOSED BASELINE CLASSIFIERS

There is an exhaustive literature that deals with the classification of characters, gestures, symbols and objects
gatherd from a 2D tablet-based recording platform. Popular methods include Dynamic Time Warping (DTW) [13,
50, 51, 67, 73, 76, 77], k-Nearest Neighbors (kNN) [13, 17, 20, 36, 39, 60], Support Vector Machines (SVMs) [17, 20, 32,
37, 51, 60, 76], Hidden Markov Models (HMMs) [7, 13, 28, 45, 46] and Neural Networks (NN) [1, 1, 28, 36, 39, 46, 76].
Indeed, research that addresses a signal-based handwritten text analysis gathered from a digital pen comparable
to our platform is very rare.
Online character recognition is based on the analysis of a given sequence of strokes applied over time. Such
analysis usually pre-processes the input signals (by noise filtering), and then extracts features that allow for a
recognition of written characters. In this section we present these steps and apply character classification over the
proposed dataset. Given the unavailability of any previous results of classifying the complete alphabet letters, we
run the following experiments over the separated uppercase and lowercase letters, hence classifying 26 different
classes. In addition, we present the results of applying the classifiers over the complete 52 character classes. We
present results for classical ML models in Section 4.1, and for DL models that use the raw input data to classify
the written characters in Section 4.2.

4.1

Character Classification using Classical Machine Learning Models

We implemented pre-processing steps for applying different ML algorithms to evaluate how accurately different
models classify the alphabet characters. As a pre-processing step we applied noise filtering to reduce the noise
within the data (see Section 4.1.1). Using the filtered data, we extracted different features (see Section 4.1.2), and
used an autoencoder for automatic feature extraction (see Section 4.1.3) as a representation of the information in
the data to be used in the classification algorithms (see Section 4.1.4).
4.1.1 Pre-processing. Sensor noise represents the random variation in its output when functioning under static
conditions. Hence, our raw sensor data output usually contains distorted signals (due to the paper surface inconsistency and trembling during writing). Pre-processing helps to remove insignificant or redundant information,
which helps to extract high quality features from the signal streams. Commonly used pre-processing techniques
include resampling, normalization, segmentation, and filtering [1, 35, 39, 45, 48, 72, 73]. More sophisticated
approaches such as Butterworth filters and Savitzky-Golay pre-processing have been used in [23, 24, 39].
We apply a high pass filter with a cutoff frequency of 1 𝐻𝑧 to remove the gravitational acceleration from the
accelerometer recordings. Gravity is a constant force and the high pass filter allows us to keep the fast changing
forces applied when recording while filtering the slow changing gravitational force. To disregard the noise within
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(a) Raw accelerometer signals.

(b) Noise filtered accelerometer signals.

(c) Raw gyroscope signal.

(d) Noise filtered gyroscope signal.

(e) Raw magnetometer signal.

(f) Noise filtered magnetometer signal.

Fig. 5. Comparison of raw sensor signals (a,c,e) and noise filtered signals (b,d,f).

the raw data, we use a moving filter with a window of size 11, which acts as a low pass filter that allows the
removal of high frequency noise from the input data. Since random noise usually includes random jumps in the
data signals, the filter allows signal smoothing. Fig. 5 shows a recorded letter sample signal before (left) and after
(right) pre-processing.
4.1.2 Manual Feature Extraction. Feature extraction is the concept of deriving a new set of inputs from the original
raw dataset that represents valuable information of the data in a format that best fits an ML algorithm. Well
established statistical features include the mean, standard deviation, variance, mean absolute deviation, location
of zero crossings, signal range, and minimal and maximal values. Fast Fourier Transform (FFT), Autocorrelation
Function (ACF) and Wavelets (WFLT) are used in [39]. For trajectory-based classification techniques static features
(box aspect ratio, length, curvature, area of convex hull, closure, perpendicularity, ratio of the principal axes, etc.)
and dynamic features (initial angle, position of first and last points, etc.) are important [51, 60]. Furthermore,
pressure data available in online data is also important, i.e., average pressure and pen down count [51]. For a
very good overview and discussion on different features we refer the reader to [17].
In our system and dataset we use the two accelerometers and the gyroscope to extract multiple time and
frequency domain features that would allow a higher recognition rate. We extract the features per channel
and concatenate the resulting feature vectors forming the final feature vector that is used for the character
classification. The extracted features are mainly statistical and geometrical features of the raw signals. For the
time domain features we used the maximum, the minimum, the mean value, the standard deviation, and the
correlation coefficients of each of the axes. We also include the skewness (i.e., that describes the lack of symmetry
of the data distribution), interquartile range (i.e., a measure of statistical dispersion), median absolute deviation
(i.e., a measure of deviation from the median of the data), and area under curve. For the frequency domain
features, we apply Fast Fourier Transform (FFT) to compute the Discrete Fourier Transform (DFT), then extract
the previously stated features, in addition to including the weighted mean of the frequency distribution, the DFT
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Fig. 6. Network structure of the Autoencoder. The input is encoded and the latent space representation decoded. Layers: Conv = Convlution; Act. = Activation; BN = BatchNormalization; MP = MaxPooling1D; UpS =
UpSampling1D.
coefficients, the local maxima of DFT coefficients, and their corresponding frequencies. The final feature vector is
composed of 327 features of the concatenated channel feature vectors.
4.1.3 Automatic Feature Extraction. As there is no best practice on standard features that are usually considered
best for online character classification, we also investigate the use of an autoencoder to automate the extraction
of a feature vector as the extraction of manual, hand-crafted features has its drawbacks. The number of features
to extract, the relation between the extracted features, and which specific features are useful for specific cases,
still have no precise solution, when considering the research done in this domain. Thus, an automated feature
extraction process allows for better feature vector extraction from the data and get better classification accuracy.
An autoencoder is a neural network that efficiently applies the task of representation learning. It transforms
data into a compressed knowledge and information representation, producing a feature vector that represents
the information contained in a sample of the data. Additionally, as an autoencoder learns to compress the
dimensionality of the data into a specific sized feature space, it learns how to ignore the noise in the data, thus
allowing the use of the raw data with the minimal need for pre-processing steps.
CNNs are well known having the capability to extract features, and are popular specifically when working
with image datasets as implementations of 2D CNNs. We use CNNs as an architecture for an autoencoder and
apply 1D CNN implementations for the time-series data that is recorded from the sensors, allowing the extraction
of a feature vector of defined dimensions automatically that represents a sample information in the defined vector
dimensions. This information includes the 13 channels of the data, representing the four triaxial sensors, and
the force sensor. To fit the data into a CNN, it is necessary for all the samples of the dataset to have the same
number of timesteps, with a sample being defined as a letter recording. Given the different time of recording
per letter, each sample is resampled into a defined number of timesteps equal to 64. This is chosen to allow the
extraction of a feature space vector of size 256. This feature space dimension is assumed to be sufficient to allow
for better classification. Fig. 6 shows the architecture of the autoencoder and the defined dimensions per layer of
the network.
4.1.4 ML-based Character Classification. Following the extraction of the specific features from the data, we use
the complete feature vector as an input into several ML approaches to classify the written characters based on
the features of the sensor data. We apply several classifiers using Python libraries. Online character classification
is mainly based on techniques like kNN, HMM, SVM, LDA and NB.
As our baselines, we implemented Decision Tree, Random Forest, Logistic Regression, Linear SVM, and kNN.
We perform grid search for the optimal hyperparameters that We line out in the following. Decision Trees (DTs)
use tree-like structures of decisions and the possible consequences, in which each internal node represents a test
on an attribute. The branch represents the evaluation of the test. The leaf node represents the class. We use DTs
with default parameters, i.e., maximal depth and maximal leaf nodes are set to None. A Random Forest (RF) is
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Fig. 7. Network structure of the CNN+LSTM. Layers: Conv = Convlution; Act. = Activation; BN = BatchNormalization; MP = MaxPooling1D.
an ensemble learning method that constructs a multitude of DTs while training. We apply a RF classifier with
100 trees, no defined max depth, a minimal sample split of 2, and minimal samples leaf of 1. For the Logistic
Regression (LR) classifier we use a L2 norm for penalization, set the parameter 𝐶 “ 1, and set the tolerance for
stopping criteria to 0.0001. We run the lbfgs solver maximal 100 iterations. kNN classifiers are non-parametric
methods where the sample class is predicted by a plurality vote of its neighbors. If 𝑘 “ 1, the sample is assigned
to the class of the single nearest neighbor. kNN is used in [17, 20, 36, 39] (𝑘 ą 1) and in [60] (𝑘 “ 1). We
apply the kNN classifier considering five nearest neighbors (𝑘 “ 5), we set the leaf size to 30 and weights to
uniform. Support Vector Machines (SVM) classifiers are non-probabilistic classifier that is a representation of
the samples as points in space, such that the samples of the separate categories are divided by a clear gap. For an
SVM, also used in [17, 20, 32, 51, 60], a kernel with a gamma parameter and a slack variable has to be set. In our
configuration, we use the slack variable 𝐶 “ 1, the tolerance 0.0001 and the L2 norm as penalty function, and
trained maximal to a 1,000 iterations.
The stated classifiers are different methods that consider different attributes and approaches for applying
classification over the available data features. As a result, these methods would produce different classification
results and accuracies based on how the extracted features are functional for each classifier.

4.2

DL-based Character Classification

Classical classification approaches require the process of feature extraction from time-series data to train ML
models. The feature extraction difficulty lies in the limitations of the expertise in that specific field. Autoencoders
are established to be automated feature extraction methods, but in a two-stage training process, they are, however,
not informed about the final classification task, and have hence no access to the complete information. Therefore,
we present end-to-end DL methods that provide state-of-the-art results with no feature extraction. Similarly to
fitting the data into the autoencoder, that data was resampled to have a fixed length of timesteps providing a
form to fit the data into the different types of networks.
Liwicki et al. [46] used RNNs, i.e., a bidirectional Long-Short-Term Memory (BiLSTM), with the Connectionist
Temporal Classification (CTC) [27] objective function for online whiteboard handwriting recognition (74.0 %
accuracy), and showed an improvement over HMM-based systems (65.4 % accuracy) on the IAM-OnDB [45] dataset.
LSTMs [31] are RNN architectures designed to bridge long time delays between relevant input and target events.
BiLSTMs [64] are able to incorporate context on both sides of every position in the input sequence, e.g., in word
recognition where the information left and right of a given letter is useful. The RNN approach of [28] achieved
79.7 % accuracy on the online word recognition task. Dynamic and static neural networks are used in [1].
We implement the CNN, LSTM and BiLSTM networks with a similar design using different architectures.
The design includes two layers of the architecture with a 40 % dropout rate, a fully connected layer with 100
units, followed by the output layer including the number of classes, 26 classes for either lowercase or uppercase
letter classification, and 52 classes for the complete alphabet classification (see Fig. 7). The LSTM and BiLSTM
hidden layers include 64 units each. For the CNN hidden layers, we use a configuration of 64 feature maps, and a
kernel size of 4 with max pooling of size 2. We use a rectified linear unit activation in the hidden layers with the
Softmax activation function in the output classification layer. The cross entropy loss function is applied with
Adam optimization using a 0.001 learning rate.
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Table 4. Evaluation results. Accuracies are given in % for different classifier.

Features
Autoencoder

ML-based
DL-

5

based

ML-based

Method
Random Forest
Decision Tree
Logistic Regression
Linear SVM
kNN
Random Forest
Decision Tree
Logistic Regression
Linear SVM
kNN
CNN
LSTM
CNN+LSTM
BiLSTM

Lowercase
WD
WI
54.77
43.04
29.36
22.89
55.36
49.60
61.55
51.07
49.17
29.87
58.02
45.55
30.49
21.73
56.16
44.93
62.09
51.80
42.43
34.09
84.62 76.85
79.83
73.03
82.64
74.25
82.43
75.72

Uppercase
WD
WI
56.29
45.96
29.87
24.32
58.54
53.26
63.70
54.00
51.32
30.94
63.19
43.73
33.23
19.68
62.59
43.73
70.61
51.74
57.49
36.68
89.89 83.01
88.68
81.91
88.55
82.96
89.15
81.09

Combined
WD
WI
42.39
30.44
19.19
14.96
43.95
39.11
48.77
38.71
38.30
19.61
43.60
43.62
20.32
20.33
41.66
41.66
46.54
46.56
33.08
33.08
70.50
64.01
67.83
60.29
69.42 64.13
69.37
63.38

RESULTS AND DISCUSSION

In this section we report results for both cases presented in Section 3.3, i.e., writer-dependent and writerindependent recognition, with the training and test dataset splits as shown in Table 2. Considering the WI case,
the datasets are split based on writers, keeping the writers in the test dataset completely different from the ones
in the training dataset, while in the WD case, a single writer could be included in both datasets. For the WI task,
we present averaged results for a 5-fold cross validation. Table 4 shows the performance of the baseline classifiers
described in Section 4. We see that (in most cases) classical ML models perform slightly better when they get
presented feature vectors from the autoencoder model. While this is not at a significant level it still shows that
hand-crafted engineering of features is unnecessary. Among all the ML models, the linear SVM performs best.
However, yet the recognition rates of the SVM only reaches an accuracy of 71 % over the WD recognition. The
other classical ML models, i.e., the DT and RF models, yield much lower results over the test dataset due to early
overfitting of the models during the training process (they reached a 100 % recognition rate over the training
dataset).
The best classification accuracy is obtained with the CNN model for almost all of the different cases. The CNN
model reaches almost 85 % accuracy for the lowercase WD task, and 77 % accuracy for the lowercase WI task.
The recognition rate increases to almost 90 % when classifying uppercase characters in the WD case, and to
83 % correct classification in the WI recognition. The results of the CNN+LSTM model and the BiLSTM model
are similar, with slight differences between the different cases. The LSTM provides the lowest accuracies when
dealing the WI recognition.
The results show that state-of-the-art DL methods produce more accurate classification results than classical
ML methods, even when considering an automated feature extraction method. We can also see that, in most
cases, the best recognition rate is obtained at the uppercase letter classification. The accuracy drops for all cases
when extending the classification into the complete 52 classes, as there are several characters that differ only in
size and not in number of strokes, e.g., ’C’/’c’, ’U’/’u’, ’W’/’w’, ’X’/’x’, and ’Z’/’z’, see the secondary diagonal of the
confusion matrix in Fig. 8 for the CNN model for the WI combined case. The recognition rate is higher for the
WD case in direct comparison to the WI case, showing that it is a more challenging task to accomplish as stated
in Section 3.3.

92:16

•

Ott and Wehbi, et al.

Fig. 8. Confusion matrix for predicted and ground truth WI combined letters. Presented are the CNN results.

The results presented can be improved with further investigation of the best hyperparameters in the models,
and only serve as a baseline. When considering ML methods, better modeling of the data can be obtained
using time-series analysis features that are not considered in our experiments, e.g., Wavelets and Shapelets. The
dimensions of the feature vector, along with the autoencoder parameters can be improved for this classification
task. Other DL models can be tested over the dataset with deeper hyperparameter optimization study to improve
the recognition rate, specifically for the combined letter classification.
We evaluated the impact of each sensor on the results by training the models and leaving the data of one
sensor out. The data of the magnetometer does not improve the classification accuracy. We publish the dataset
including the magnetometer data for a possible investigation of further research.
The accuracies obtained with these experiments indicate that the presented dataset fulfills the requirements
that are necessary for applying a writing recognition system stated in Section 2. The number of writers that
contributed to the dataset allows a high recognition rate, and specifically grants the possibility of applying a
recognition system that is able to recognize the handwriting of previously unseen users without having prior
interaction or data. This makes the system a completely WI recognizer.
Since the number of contributions per writer to the dataset are approximately the same, the presented dataset
shapes the 52 classes of the alphabet letters in balanced mode. This allows an implemented system to better
distinguish between the available classes with less confusion between the letters to be recognized, specifically
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when dealing with similarly written characters. Although, the accuracy drops slightly for such characters,
e.g., ’U’ (75 % accuracy) and ’V’ (69 % accuracy). The attribute similarity shown in Table 3 underlines that the
average number of strokes are 1.01 for both letters, and the stroke deviation is small. Also the characters ’X’
(66 % accuracy) and ’T’ (82 % accuracy) are confused, as the recording attributes (X: 𝑇 𝑆 “ 47.8, 𝐷𝑇 𝑆 “ 23.0,
𝑆 “ 1.81, and 𝐷𝑆 “ 0.64, T: 𝑇 𝑆 “ 47.5, 𝐷𝑇 𝑆 “ 19.7, 𝑆 “ 1.85, and 𝐷𝑆 “ 0.70) are similar. Furthermore, placing no
restrictions on the writers during the data recording sessions, such as writing speeds, directions and sizes, made
the data as natural as possible. This allows the implemented systems to generalize the recognition to several
different writing styles.
Additionally, using solely a sensor-enhanced pen to collect the data grants the possibility for the extension
of the dataset, since no other devices are required in the process. Using the OnHW-chars dataset allows the
implementation of a WI handwriting recognizer that only requires the use of a sensor-enhanced DigiPen.

6

CONCLUSION

In this paper, we addressed the handwriting recognition task and the available public datasets that are popular
in the scientific community. We summarized available offline and online handwriting datasets, and made an
in-depth comparison to our novel OnHW dataset that includes data for writing alphabet characters on regular
paper. The dataset was collected using the STABILO Digipen. It consists of 31,275 letter samples, distributed
into 15,650 lowercase and 15,625 uppercase letters collected from 119 writers who contributed approximately
equally to the dataset. The dataset provides a time-series representation of sensor signals that recorded the pen
movement during writing, which include linear accelerations, angular velocities and magnetic field recordings
that help in identifying the angle at which the pen was held, along with the force applied by the pen on the
paper to identify when writing and hovering occurs. To the extent of our knowledge, there are several attempts
for applying online handwriting using sensor-enhanced pens, however no data used within these projects that
covers character level recognition was made publicly available. This presented dataset forms a novel benchmark
for future research to further improve online handwriting recognition, specifically character classification while
writing on normal paper.
In addition, we implemented a series of experiments for the online character classification task, applied over
different subsets of the dataset, based on multiple ML and DL algorithms, which are widely used in the time-series
classification domain. We draw benefits of data pre-processing, feature extraction, and letter classification. The
experimental results showed that CNNs achieve the best results when classifying characters over different subsets,
achieving accuracies of 90 % for the WD and 83 % for the WI classification task on average. These presented models
serve as benchmark models that can be used in the scientific community when applying character classification
using sensor data provided from a pen.
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