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ABSTRACT

This study introduces a novel integration of visual and
haptic feedback to improve music perception for Deaf and
Hard-of-Hearing (DHH) individuals. The proposed pro-
totype, named MusicTanvas, leverages a touchscreen aug-
mented with electroadhesion-based haptic technology, en-
abling dynamic overlay of tactile textures on visual con-
tent. The system processes pre-recorded audio tracks
to extract spectral, harmonic, and rhythmic features,
which are mapped to both visual and haptic representa-
tions. More in detail, key features such as chroma, Mel-
Frequency Cepstral Coefficients (MFCCs), and rhythmic
figures, are translated into corresponding visual attributes
(e.g., color, shape, and size) and tactile textures. Users
can explore music in real-time through these multisensory
outputs, which evolve synchronously with the audio play-
back. A preliminary user assessment demonstrates the
system’s potential to enhance musical interaction by com-
bining visual-haptic feedback.

Keywords: Music Visualization; Haptic Feedback; DHH
Listeners.
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1. INTRODUCTION

Music perception for Deaf and Hard-of-Hearing (DHH)
subjects is challenging due to the unavoidable involve-
ment of auditory perception. Hence, the reliance on extra-
auditory cues is essential to ease music conveyance to
DHH listeners. Among those, visual representations [1]
and tactile feedback [2] are the most widely adopted ones.

Various visual techniques exist (see [3] for a thorough
overview), including color coding (i.e., the association of
musical elements such as notes, scales, and chords with
specific colors) and graphical notation (i.e., the use of
symbols, shapes, and patterns to represent musical con-
cepts such as rhythm, dynamics, and phrasing). Mean-
while, tactile feedback has been provided through wear-
ables (e.g., vibrating wristbands) synchronized with mu-
sical events [4], to convey to DHH users the sense of
rhythm, beat, and dynamics. Moreover, tactile graph-
ics can be exploited to create representations of musical
scores using raised textures or embossed materials, to be
explored while listening to a recording of the pieces.

The joint adoption of visual representations and tac-
tile feedback can be supported by programmable touch-
screens enhanced with electroadhesion-based haptic tech-
nology. Such hardware has already been explored for the
conveyance of the notion of “sonic grain”, i.e., a form of
“tactilization” that allows for a cross-modal connection
between the texture of sound and material surfaces, thus
bridging tactile and sonic experiences [5].

In this paper, we adopt the TanvasTouch 1 hardware

1 Tanvas. Surface Haptics. https://tanvas.co/
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support to offer a time-varying visual and tactile represen-
tation of one or multiple audio tracks 2 constituting a mu-
sical piece. Our developed prototype, named MusicTan-
vas, processes pre-recorded audio files to extract the evo-
lution over time of their spectral characterization in terms
of Mel-Frequency Cepstral Coefficients (MFCCs), chro-
mas, spectral bands, entropy, their rhythmical content, and
timbral features. Once the pre-processing phase is com-
pleted, a mapping between the above-mentioned features
and the choice of colors, shapes, luminosity, and haptic
textures to be associated to each track is identified and
proposed to the listener during the audio reproduction 3 .

Results acquired through a preliminary usage assess-
ment of MusicTanvas by a pool of 20 subjects testify to
the usefulness of joint visual-tactile stimuli in enhancing
music perception.

The remainder of the paper is organized as follows:
Sec. 2 provides a review of the related literature. Sec. 3 in-
troduces the TanvasTouch technology, describing its prin-
ciples. Sec. 4 describes the characteristics and functional-
ities of our proposed implementation. The chosen visual
and haptic representations are discussed in Sec. 5. The
performance assessment of MusicTanvas is discussed in
Sec. 6. Finally, Sec. 7 ends the paper.

2. RELATED WORK

2.1 Visual Representations

Visual representations of music play a crucial role in
translating auditory information into visual stimuli for
DHH individuals. Historically, Aristotle [6], Newton [7],
Graves [8], Garner [9], and Kandinsky [10] explored cor-
relations between colors and sounds. These insights have
shaped interdisciplinary research, suggesting the use of
color and shapes to convey musical tones and rhythmic el-
ements [11]. From these studies, it emerges that the most
common approach is to associate pitch or timbre with col-
ors and shapes, whereas the intensity of the sound is often
represented through the variation of shapes’ sizes.

Smith and Williams [12] introduced a visualization
technique in which the velocity of a single tone desig-
nates its loudness or softness. Velocity is represented by
the relative size of a displayed sphere, with its radius rang-

technology
2 A track is a single audio recording that may contain one or

multiple musical stems (e.g., vocals, melody, bass, drumset).
3 A video demonstrating the prototype usage is available on

YouTube: https://youtu.be/HEz74yxcOZ8

ing from 0 to 127, reflecting the minimum and maximum
MIDI velocity values. Moreover, instruments with similar
timbres are grouped and differentiated by color, accord-
ing to the MIDI specification. Other, more recent options,
such as the one proposed by Lima et al. [13], include a vi-
sualization prototype called SongVis that uses emojis, col-
ors, lines, and shapes to represent different features such
as danceability, mood, tempo, music genre, and instru-
ment.

Malandrino et al. [14] proposed VisualHarmony, a vi-
sualization tool able to represent harmonic structures. It
provides a music editor for the composition of 4-voices
music with the possibility to highlight the harmonic struc-
ture with different colors, based on the circle of fifths. Fur-
thermore, special attention is given to inclusiveness and
accessibility, since VisualHarmony gives users the possi-
bility to customize the circle of fifths to be discernible also
by people with color perception deficiencies.

Deja et al. [2] introduced ViTune, a visualizer proto-
type built to allow DHH individuals to experience mu-
sic by displaying a real-time visual representation of the
played sound. ViTune performs a harmonic and percus-
sive source separation once users upload their music files.
The harmonic part is divided into four ranges, each one vi-
sually represented through bars and stars, with size chang-
ing based on the signal strength. Conversely, saturation,
brightness, and opacity of the visualized components de-
pend on the extracted chromagram. In our prototype, we
will leverage a similar approach to visualize either chro-
magrams or MFCCs.

Another approach to visually representing musical
features involves using shapes and sizes: Cruz et al. [15]
use polygons, where the number of sides corresponds
to different octaves. Higher octaves, representing treble
sounds, are associated with polygons with more sides,
whereas lower octaves, associated with bass sounds, are
associated with polygons having fewer sides. Moreover,
the volume (or velocity) of the note affects the size of the
polygon: larger polygons indicate higher velocities. Our
prototype adopts the same approach to visualize sound
loudness.

2.2 Haptic Representations

In recent years, vibrotactile stimuli have gained attention
as a method to convey musical elements, such as rhythm
and melody, to DHH individuals. Research has increas-
ingly explored how tactile feedback can enhance musical
experience by converting audio signals into vibrations per-
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ceived through the skin. Most research has focused on
vibrating stimuli rather than more advanced haptic tech-
nologies, such as those based on the variation of electro-
adhesivity properties of surfaces [16], to create tactile sen-
sations. Our prototype is based on the latter technique.

Furthermore, researchers have investigated how the
tactile sense can convey information about a stimulus’s
roughness. Brown et al. [17] characterized roughness us-
ing a sinusoidal stimulus modulated by another signal,
demonstrating that increasing the modulation frequency
results in a rougher perceived signal. It is worth men-
tioning that auditory and tactile perceptions have signifi-
cantly different dynamic ranges [4]. Hearing can perceive
a dynamic range of approximately 130 dB, whereas tac-
tile perception can discriminate only about 50 dB. Fur-
thermore, audible sounds for humans range from about
20 to 20, 000 Hz, with peak sensitivity between 500 and
4, 000 Hz. In contrast, tactile sensitivity ranges from 1 to
1, 000 Hz, with peak sensitivity around 200–300 Hz, de-
pending on the body part. Despite these disparities, both
auditory and vibrotactile senses exhibit high temporal res-
olution, enabling accurate perception of rhythm.

Alves Araujo et al. [18] conceived the Auris System
to enable subjects with hearing loss to experience music
through other senses. Musical features such as melody,
rhythm, and harmony are reproduced by the combination
of two different devices, the Auris Chair and the Auris
Bracelet. Furthermore, Fontana et al. [19] examined how
vibrations can be leveraged to experience musical har-
mony through vibrotactile stimuli.

3. BACKGROUND ON TANVASTOUCH

The TanvasTouch device leverages electroadhesion [20],
a technique that uses an electric field to create friction
between surfaces. It can produce friction at 256 distinct
intensity levels, enabling users to feel a wide range of tex-
tures on a 2D surface [16] [21].

The TanvasTouch device is composed of two parts:
hardware and software [22]. The hardware includes a spe-
cialized touchscreen that dynamically adjusts its surface
friction in response to user interaction. Custom electron-
ics detects touch input and modifies friction forces in real
time, creating tactile sensations as users slide their fingers
across the screen.

The software part is composed of the TanvasTouch
Engine, which controls the electrostatic forces by inter-
preting finger movements on the screen and adjusting
the electrostatic field to provide tactile feedback. Fur-

thermore, the TanvasTouch API allows developers to de-
velop touch-based applications that simulate various tex-
tures and tactile sensations.

When developing an application that utilizes Tanvas-
Touch, developers can align the graphical and haptic rep-
resentations with the corresponding displayed figures to
ensure that tactile feedback is delivered in the correct area
of the screen. However, there could be scenarios where
haptic feedback is used to offer multiple textures within a
single visual representation.

The images used for haptic feedback generation need
to be in gray scale with values 0-255 per pixel and in .png
file format. Essentially, the Tanvas device lets users per-
ceive different textures through the contrast between black
and white images: white areas represent high friction, cre-
ating a rough sensation, while black areas represent low
friction, resulting in a smooth feel. As users slide their fin-
ger across the screen, the differences in friction between
the black and white areas allow them to feel varying tex-
tures.

4. PROTOTYPE IMPLEMENTATION

Our prototype 4 was created using the C# language,
within the Windows Presentation Foundation (WPF) User
Interface (UI) framework, part of the .NET framework.
To incorporate haptic feedback, we employed the Tanvas-
Touch API from the TanvasTouch Software Development
Kit 5 . The WPF framework uses XAML (Extensible Ap-
plication Markup Language) for the declarative specifica-
tion of UI components, while C# is used to implement
their corresponding functionalities. In our implementa-
tion, the XAML script specifies the collection of UI com-
ponents such as buttons, images, and layout configura-
tions. Conversely, the C# script manages the display state
of these UI elements, toggling image visibility, facilitat-
ing page navigation, initiating audio playback, extracting
audio features, and handling haptic feedback. Within the
XAML document, images are integrated using the Image
tag, and haptic feedback functionality is achieved through
the TSprite tag, a component of the TanvasTouch API.

Besides managing UI components and haptic feed-
back, the application also incorporates advanced audio

4 The source code, along with audio clips, is publicly avail-
able in the following GitHub repository: https://github.
com/moeni27/MusicTanvas

5 Related documentation can be found at https:
//api-docs.tanvas.co/tanvastouch/dotnet/
5.0.1/api/index.html
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Figure 1: MusicTanvas UI, with 4 sections and
MFCC values associated to background stripes.

feature extraction. This functionality is essential for pro-
viding meaningful audio analysis and improving user
interactions based on audio content. The NAudio li-
brary 6 , integrated into the .NET framework, facilitates
audio playback, stop, and amplitude retrieval across mul-
tiple audio files concurrently. Meanwhile, feature extrac-
tion is achieved through Python and various libraries such
as librosa 7 and numpy, specifically via the pythonnet li-
brary 8 . Key features extracted include spectral centroid,
MFCCs, chromagram, and onset detection, which are cru-
cial for analysis and interaction with the audio content.

5. VISUAL AND HAPTIC REPRESENTATIONS

5.1 Graphical User Interface Structure

The MusicTanvas UI is structured into up to four distinct
sections, each representing a prominent instrument group
(see Fig. 1). Users can explore the app in two modes:
Multi-Track Mode and Single-Track Mode. In Multi-Track
Mode, the user can upload up to four audio tracks (i.e.,
files) simultaneously. The UI dynamically adjusts based
on the number of tracks uploaded, displaying a distinct
section per track. All tracks must have the same duration
to be reproduced or stopped simultaneously. Conversely,
the Single-Track Mode utilizes Artificial Intelligence (AI)
for audio processing. By uploading a single audio track,
the app uses Spleeter [23] 9 to split it into four stems:
vocals, bass, percussion, and other instruments. Differ-
ent studies [24] [23] evaluated Spleeter’s performance by

6 https://github.com/naudio/NAudio
7 https://github.com/librosa/librosa
8 https://github.com/pythonnet/pythonnet
9 An AI source separation tool that uses pre-trained models

to extract individual stems from audio tracks, where each stem
corresponds to a specific instrument

comparing it with other state-of-the-art systems, showcas-
ing its high-quality source separation capabilities.

5.2 Audio Processing Algorithms

To offer meaningful visualization of audio content, our
application relies on a number of audio processing al-
gorithms. More in detail, we implemented a window-
based extraction procedure for chromagram, MFCC, spec-
tral centroid (a descriptor of the perceived brightness of
a sound [25]) and loudness. Such window-based extrac-
tion process is applied separately to each track. This en-
sures that the features are computed independently for
each audio source, maintaining the integrity of the indi-
vidual tracks. Chromagrams, MFCCs, spectral centroids,
and onsets are extracted using the librosa Python library
and stored in NumPy arrays. The extraction uses a win-
dow length of 1024 samples with an overlap of 512 sam-
ples. Given a sample rate of 44.1 kHz, this setup results
in an update time for feature extraction of 512/44100 =
0.0116 ≃ 0.012 seconds per frame, where each frame rep-
resents a brief time interval used for feature extraction and
analysis. Furthermore, the application uses the NAudio
stream properties to extract the amplitude values from au-
dio segments. Furtermore, the application employs two
complementary algorithms: as previously mentioned, in
Single-track mode it uses Spleeter to segment the audio
track into four predefined stems, whereas in Multi-track
mode it implements an instrument recognition algorithm.
This algorithm leverages a Convolutional Neural Network
(CNN) and a K-Nearest Neighbors (KNN) classifier based
on MFCCs, chroma, and spectral centroid acoustic fea-
tures, to identify and categorize the primary musical in-
strument present in each uploaded audio track [26]. Based
on the classification output, each track is then assigned to
the corresponding section and color according to the asso-
ciations proposed by Kandinsky [10] (see Table 1).

Finally, to quantify rhythmic complexity, we use an
onset extraction algorithm [27], that starts by transform-
ing the audio signal into a time-frequency representation
using the Short-time Fourier Transform (STFT). This pro-
cess breaks down the audio signal into overlapping frames
(with a 50% overlap) and derives the spectral characteri-
zation for each frame, capturing the energy distribution of
the signal. The overlapping frames are crucial to enhance
the temporal resolution of the analysis, as they ensure that
each frame shares information with adjacent frames, cap-
turing smooth transitions, preserving temporal relation-
ships in the audio signal, and reducing the influence of
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Table 1: Musical Instrument and Color Mapping

Musical
Instrument

Color
Name

Visual
Representation

Cello Deep Blue
Clarinet Dark Green

Flute Light Blue
Acoustic Guitar Orange
Electric Guitar Violet

Organ Deep Purple
Piano Grey

Saxophone Brown
Trumpet Light Yellow
Violin Light Violet
Vocals Gold
Bass Blue
Drum Red
Other Green

windowing artifacts.
From the STFT output, the spectrogram of the au-

dio track is computed, which represents the magnitude
of the audio signal over time. We apply a logarithmic
compression to the spectrogram’s magnitude, which en-
hances weak spectral components and simulates human
perception, highlighting smaller variations that might oth-
erwise be overlooked. Subsequently, a novelty spectrum
is derived from the spectrogram, highlighting abrupt en-
ergy changes between consecutive frames. This spectrum
is obtained by computing the difference between adjacent
columns of the spectrogram: a positive difference indi-
cates significant changes in the audio signal, hinting to
potential onsets. The novelty spectrum represents such
energy changes and helps detect new events. To enhance
detection accuracy and minimize noise, a local average is
computed across the spectrum. This smoothing process
helps differentiate genuine onsets from minor signal fluc-
tuations. In the final onset detection stage, each spectrum
value is adjusted by subtracting its respective local aver-
age. Values surpassing a predefined threshold are identi-
fied as significant onset indications.

5.3 Mappings of Audio Features to Visual and Haptic
Representations

Tab. 2 shows how specific audio features are mapped to
their corresponding visual and haptic representation in our
interface. More in detail, a sphere (i.e., the shape chosen
to represent musical features) is visually represented in

Table 2: Mapping of Audio Features to Visual Rep-
resentations

Audio
Feature

Visual
Representation

Haptic
Representation

MFCC or
Chromagram

Color brightness
of background
stripes

Texture rough-
ness of back-
ground stripes

Rhythmic
complexity

Sphere’s surface -

Spectral cen-
troid

Sphere’s color
brightness

-

Loudness Sphere’s radius -

the foreground of each section (as in [12]). The sphere’s
radius dynamically adjusts based on the loudness of the
corresponding audio track. This adjustment reflects am-
plitude variations within the track and is influenced by a
volume slider controlling the overall audio output of the
application (located on the left side of Fig. 1). If the
tracks have different initial audio levels, the application
performs normalization to ensure consistent volume out-
put. The sphere’s color brightness is linked to the spec-
tral centroid feature. As the spectral centroid shifts across
the audio track, the sphere’s color brightness dynamically
adapts, visually reflecting changes in tonal brightness.
Moreover, the output of the onset detection algorithm in-
fluences the surface of the sphere, visually accentuating
event changes in the audio content (Fig. 2). This repre-
sentation gives users the possibility of visually appreciat-
ing the temporal structure and intensity variation within
the musical composition. Spherical representations were
chosen for their smooth visual appearance, complemented
by dynamic changes to their surfaces to reflect audio char-
acteristics effectively.

Regarding the background, inspired by [10], each sec-
tion is adorned with a specific color palette, chosen ac-
cording to the instrument automatically detected in the
corresponding audio track. Moreover, in each section,
the background is divided into several vertical stripes.
Each stripe symbolizes either one of the 7 MFCCs de-
rived from the feature extraction process or one of the 12
pitch classes of the chromagram. The choice between 7
and 12 stripes is determined by the feature being repre-
sented. The stripes’ colors dynamically transition from
lighter to darker hues, reflecting the normalized values
of the corresponding MFCCs/chromas within a specific
temporal context. Besides the visual representation, each
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Figure 2: MusicTanvas GUI showing onset detec-
tion: smooth surface indicates no onset (left), non-
smooth surface indicates onset detection (right).

Figure 3: Haptic images representing feature value
ranges: 0 ≤ x < 0.1 (left), 0.4 ≤ x < 0.5 (center)
and 0.9 ≤ x ≤ 1 (right).

stripe also features a corresponding haptic feedback repre-
sentation. This haptic representation consists of a gradient
stripe, transitioning from black to white through various
shades of gray. Specifically, ten distinct haptic images are
generated, ranging from black to white via 8 intermediate
shades of gray.

Furthermore, vertical and horizontal lines are added,
forming a grid-like pattern. For darker shades of gray, the
grid consists of a few horizontal and vertical lines. As
the shade lightens, more lines are progressively added, in-
creasing the density of the grid. This granularity variation
enhances the haptic experience, allowing users to better
distinguish between different values through tactile feed-
back. These shades correspond to MFCC/chroma values
ranging from 0 to 1. For instance, an MFCC value be-
tween 0 and 0.1 triggers a black haptic image, a value be-
tween 0.1 and 0.2 triggers a dark gray image, whereas a
white image is associated with values between 0.9 and 1
(see Fig. 3). This approach allows users to perceive tactile
feedback corresponding to the MFCC/chromagram varia-
tions by swiping their fingers over the screen. MFCC and
chroma values are generated approximately every 12 mil-

Table 3: Validation Accuracy vs. Number of Cate-
gories.

Number of Categories 2 3 11
Validation Accuracy 90% 75% 60%

Table 4: Processing Times for Feature Extraction
and Source Separation

Audio Length (s) 10 40 120
Extraction Time (s) 0.17 0.68 2.17
Separation Time (s) 25.93 31.28 51.60

liseconds, but this interval is too brief for users to perceive
the tactile feedback effectively. To overcome this issue,
the system aggregates the values over a 5-second window
and computes their average, thereby smoothing the tactile
feedback into a more coherent and perceptible signal.

6. PERFORMANCE ASSESSMENT

The performance assessment of MusicTanvas evaluates
instrument recognition accuracy, computational efficiency
and user experience.

The IRMAS dataset [28] was used to train and test the
instrument recognition model. The dataset includes 6705
audio recordings from 11 instrument classes. The dataset
was split into 80% for training and 20% for testing. More-
over, a 5-fold cross-validation approach was performed to
ensure robustness evaluation of the model. As shown in
Tab. 3, the accuracy drops from 90% when classifying two
instruments to 60.70% for 11 categories. This highlights
the challenge of distinguishing between instruments with
simlar audio features.

The system’s computational efficiency was evaluated
by measuring processing times for audio feature extrac-
tion and source separation on tracks of varying lengths,
using Spleeter. As summarized in Tab. 4, feature extrac-
tion time and source separation time grow approximately
linearly with the track length.

Due to the difficulty of recruiting DHH participants, a
preliminary user assessment study was conducted with 20
non-impaired participants aged between 20 and 60 (see
Tab. 5 for an overview of the participants’ musical ex-
perience level). To simulate deafness, participants inter-
acted with MusicTanvas without any auditory feedback,
and all tasks were evaluated without sound. Participants
were given a brief training session before the evaluation.

The user experience assessment evaluated the color-
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Table 5: Musical Experience Level (scale from 1 =
beginner to 5 = expert)

Experience Level 1 2 3 4 5
Frequency 2 4 10 4 0
Percentage 10% 20% 50% 20% 0%

Table 6: Enjoyment of MusicTanvas (scale from 1 =
not enjoyable to 5 = very enjoyable)

Enjoyment 1 2 3 4 5
Frequency 0 0 0 12 8
Percentage 0% 0% 0% 60% 40%

instrument mapping and the impact of tactile and visual
feedback on musical perception. Results show that color-
instrument associations proposed by participants largely
aligned with the MusicTanvas mapping. Furthermore,
85% of users preferred the multi-quadrant display for
multi-instrument recognition, citing improved instrument
differentiation.

Tactile and visual feedback were appreciated for en-
hancing the perception of individual musical parts, al-
though the tactile feedback alone received mixed ratings
regarding its effectiveness. Moreover, participants re-
ported no negative experiences with tactile feedback, and
all of them found the visualization helpful for instrument
recognition. MusicTanvas was also appreciated for its
ease of use (see Tab. 6). All participants agreed that it
has great potential to help DHH subjects.

7. CONCLUSIONS

This paper presented MusicTanvas, a prototype applica-
tion that utilizes a touchscreen enhanced with electroad-
hesion haptic technology, which enables the overlay of
tactile textures onto displayed content that dynamically
changes over time. The prototype incorporates a set of al-
gorithms that pre-process single or multiple pre-recorded
audio tracks to extract key spectral, harmonic, and rhyth-
mic elements within set time intervals. These extracted
musical features are stored as arrays or lists. During play-
back, the system retrieves the pre-extracted feature val-
ues, ensuring that they evolve synchronously with the au-
dio. These values are then used to control both visual and
haptic feedback, to ease music perception for DHH indi-
viduals with a multisensory interaction that matches the
auditory playback.

As future work, we aim to develop a customizable

feature mapping that will allow each user to define the
sensory feedback that suits them best to perceive a given
musical characteristic. Moreover, enhancing the system to
process live audio in real-time would allow users to expe-
rience music as it is being performed.

Finally, this technology may prove useful also for
blind and visually impaired individuals, if all visual el-
ements are properly replaced with a haptic overlay, thus
conveying a wider variety of musical features exclusively
via tactile feedback.
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