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Abstract. Many features have been proposed for encoding the input sig-

nal from digital pens and touch-based interaction. They are widely used
for analyzing and classifying handwritten texts, sketches, or gestures.

Although they are well defined mathematically, many features are non-

trivial and therefore difficult to understand for a human. In this paper,
we present an application that visualizes a subset from 114 digital pen

features in real-time while drawing. It provides an easy-to-use interface

that allows application developers and machine learning practitioners to
learn how digital pen features encode their inputs, helps in the feature

selection process, and enables rapid prototyping of sketch and gesture

classifiers.
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1. Introduction

Over the last years, the popularity of digital pen input and touch-based interaction
significantly increased. They are used in various tasks such as gesture-based user
interfaces (UIs) [28,14,4,8,15,17,2,9], handwriting recognition [11,10], signature
verification [26], cognitive state assessments [22,18,7,25,23,19], and multimodal
learning analysis [3,16]. Recent studies have also explored the interpretability of
such systems [19,12,29,18,5,13]. Processing digital pen signals typically relies on
a set of predefined features that aggregate the raw sensor input, i.e., timestamped
2D coordinates, often with an additional pressure signal from digital pen or touch-
screen devices. Although they have a well defined mathematical definition, they
lack human interpretability. Understanding the exact meaning of important fea-
tures and how they relate to individual strokes in a potentially complex sketch
remains non-trivial.

With pEncode, we present a tool that allows developers to interactively visu-
alize a broad range of pen-based features. The feature values are updated as the
drawing progresses. This representation allows a user to discern the peculiarities
of each feature and get a feeling about the impact of using different shapes or
drawing styles on the feature-based sketch encoding.

pEncode can help developing efficient digital pen and touch-based interfaces,
which enable natural human-machine interaction and cooperation.



2. Visualization Application

We implement our visualization tool pEncode as an Android application,
which supports pen-enabled mobile devices. The main screen of the app
provides a drawing space and a list showing a subset of digital pen fea-
tures. We visualize the real-time evolution of each feature during the draw-
ing process using a progress bar. It shows the current value of the fea-
ture and immediately updates it as the drawing evolves (see Figure 1).

Figure 1.: Screenshot of pEncode, showing the
drawing space (right) and the feature list (left).

The values are normalized
using min-max scaling. For
features that do not have
an upper bound, the user
can specify the maximum
value or let the app esti-
mate it, e.g., based on the
largest value in a session. In
total, the user can select a
subset from 114 features as
described in Prange et al.
[20]1. They categorize and
implement four feature sets
introduced by Dean Rubine
[21], Willems and Niels [27],
Sonntag et al. [24], and the
HBF49 feature set by De-
laye and Anquetil [6].

In addition, pEncode implements four supervised learning methods for rapid
prototyping of gesture recognition or sketch classification models. We integrate
the k-nearest neighbors (KNN) classifier, k-means-based classifier, Linear Dis-
criminant Analysis (LDA), and Quadratic Discriminant Analysis (QDA). The
user can select a set of features for a model and immediately create a training
dataset. For instance, the user could draw a few stars and circles and provide
class labels accordingly. After training, each new sketch will be classified using
this model, which allows the user to assess the prediction quality and learn about
the selected features. To better understand the relevance of individual features,
they are rearranged in order of their importance, calculated using permutation
importance method [1].

3. Conclusion

We presented the pEncoder2 tool that helps researchers to learn how digital pen
features encode pen input by interactively displaying their values in real time.
It enables rapid prototyping of gesture recognition models and provides insights
into the importance of individual features.

1https://github.com/DFKI-Interactive-Machine-Learning/ink-features
2Video of the demonstrator: https://www.youtube.com/watch?v=t80aa2E5jKo

https://github.com/DFKI-Interactive-Machine-Learning/ink-features
https://www.youtube.com/watch?v=t80aa2E5jKo
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