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Figure 1: MTD-BCl sonification interface - a participant performs reaching movements decoded from EEG to drive real-time granular synthesis and embodied visual
feedback.

Abstract

Motion trajectory decoding (MTD) brain-computer interfaces (BCls)
can translate imagined limb movements into continuous control
signals, traditionally presented through visual feedback such as virtual
limbs. This paper extends the multimodal expressivity of MTD-BCls by
introducing embodied sonification as a primary interaction modality.
Using previously trained CNN-LSTM decoders for three-dimensional
imagined arm movement, we mapped decoded motion and velocity
signals in real time to a layered granular synthesis system. The
framework employs velocity magnitude to modulate textural density
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and spectral characteristics, temporal accumulation to shape
harmonic evolution, and rest-state detection to define acoustic
boundaries between imagined gesture phases. Rather than treating
sound as supplementary feedback, this approach positions decoded
motion as sonic gesture; a continuous expressive articulation of
imagined movement grounded in embodied cognition. The multi-
layered synthesis architecture demonstrates that complex, many-to-
many parameter mappings preserve perceptual coherence between
movement dynamics and auditory change, creating a unified motion-
audio-visual loop. This proof-of-concept establishes sonification as a
viable interaction paradigm for motion-based BCls, with implications
for expressive musical performance, accessible sound-based control,
and neurocognitive research into multimodal feedback in embodied
human-computer interaction.
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1 Introduction

Brain-computer interfaces (BCls) enable direct communication
between neural activity and external systems, typically using non-
invasive electroencephalography (EEG) to infer user intent from
patterns of brain activity [20]. Within BCI paradigms, motor imagery
is accepted as a widely adopted control strategy, whereby users
imagine bodily movements to modulate sensorimotor rhythms and
generate control signals [31]. Classical motor imagery-based BCls rely
on discrete classification paradigms and lateralised brain activity,
mapping imagined actions to symbolic commands such as left versus
right hand movement. While effective for certain applications, these
approaches impose artificial constraints on interaction and diverge
from the continuous, dynamic nature of human movement. In
response, motion trajectory decoding BCls (MTD-BCls) have been
developed to reconstruct continuous kinematics from neural signals,
allowing imagined limb movements to be decoded as time-varying
control trajectories rather than categorical states [2,16,21]. By
translating neural activity associated with imagined movement into
continuous control outputs, MTD-BCls offer a more intuitive and
embodied interaction paradigm than conventional classification-
based systems [26]. To date, most MTD-BCl implementations focus
on visual feedback, commonly employing paradigms ranging from
cursors on a screen to virtual limbs, to reinforce motor imagery and
facilitate learning in the context of functional control tasks and
accessibility interventions.

Sound has long functioned as a medium for gesture, expression,
and agency, offering a temporal and dynamic representation of action
that aligns closely with human movement [37,39]. In interactive
systems, sonification provides a means of rendering continuous
processes perceptible through auditory change rather than visual
displacement. Within BCl research, sound has been used for discrete
feedback, neurofeedback training, and musical exploration, yet it has
predominantly served a supportive or evaluative role rather than
acting as the primary medium of interaction [24]. Motion decoding
BCls, generate rich time-varying control signals that are potentially
suited to auditory representation. Mapping imagined movement
trajectories to sound enables neural activity to be experienced as an
unfolding gesture rather than as a symbolic command, reframing
motion decoding as not only functional control, but an expressive
interaction.

In auditory design, synthesis techniques such as granular synthesis,
envelope-driven modulation, and dynamics-based processing are
particularly compatible with EEG-derived motion control signals.
These approaches can accommodate noise, variability, and non-
stationarity while preserving a meaningful structure. Moreover,
auditory feedback can complement or partially replace embodied
visual representations, offering an alternative pathway for reinforcing
motor imagery and supporting sensorimotor engagement [19]. Using
MTD-BCI systems in the sonic domain opens a design space in which
imagined movement, sound, and perception form a closed expressive
loop, bridging neural decoding research with musical interface design.
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11 Embodiment and Motion Decoding BCI

Embodied feedback, particularly through spatially congruent virtual
limbs, has been shown to support learning, performance, and neural
adaptation in  MI-BCls [35,36]. This relationship between
embodiment and feedback has become especially relevant in
continuous BCl paradigms that aim to move beyond discrete
command selection to provide direct brain control of an embodied
virtual limbs [17,21].

MTD-BCls, reconstruct upper-limb kinematics from EEG by training
decoders on using both neural and movement data. These systems
typically decode imagined movement as variable velocity
information. Early MTD-BCl implementations primarily employed
linear regression techniques to estimate motion trajectories from
sensorimotor rhythms [2,3,16,28]. More recent work has
demonstrated that deep learning approaches, including
convolutional and recurrent architectures such as CNN-LSTM models,
can more effectively capture the spatial-temporal structure of
imagined movement signals, enabling more robust and expressive
decoding [1,15,22,30]. These advances have made real-time
decoding of imagined movement more stable, reinforcing the
potential of MTD-BCls within continuous control applications. In
practice, decoded motion signals are embedded within feedback
loops that shape how users experience and engage with imagined
movement. Embodied visual representations, such as first-person
virtual limbs, have been used to render decoded trajectories
perceptible and interpretable, situating imagined movement within
an embodied context.

1.2 Sonification and Sound-Based Interaction in BCls

Sound has been used in BCl systems a range of functional and artistic
contexts, including discrete feedback, neurofeedback training, and
exploratory musical applications [13,24,27]. In motor imagery BCI
paradigms, auditory signals commonly confirm classification
outcomes, indicate task states, or represent neural features such as
frequency band power [4,5,19]. Congruent auditory feedback, where
sounds are semantically related to the imagined action, has been
shown to improve offline classification accuracy in motor imagery
tasks [4], while musical biofeedback devices such as the
Encephalophone have demonstrated that users can achieve
conscious control over pitch through modulation of posterior
dominant or mu rhythms [7,8]. In affective brain-computer music
interfaces (aBCMls), continuous sonification has been used to reflect
and modulate emotional states, with systems translating EEG-derived
measures of arousal and valence into musical parameters such as
tempo and loudness [6,9,32].These approaches establish closed-loop
interactions in which sound functions as both feedback and stimulus,
yet they predominantly render internal affective or oscillatory states
rather than decoded volitional motor commands. Within the NIME
community, BCMIs have been explored as a distinct creative research
tradition since the early 2000s, encompassing EEG-based
composition systems [24,25], physiological instrument interfaces
[38], and collaborative bio-signal performance [23]. The present work
differs in that it treats sound not as a representation of spontaneous
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neural activity or emotional state, but as an articulation of intentional
imagined movement decoded from sensorimotor signals.

Musical interface design foregrounds continuous control, temporal
variation, and dynamic change as central to expressive interaction
[14,39]. In contrast to systems that treat signal fluctuation as noise to
be minimised, digital musical instruments often incorporate
variability as an integral part of gesture, phrasing, and timbral nuance
[12,40]. Parameter mapping the relationship between input control
signals and synthesis variables is a defining characteristic of electronic
instrument design, with research demonstrating that complex, many-
to-many mappings yield more engaging and expressive instruments
than simple one-to-one correspondences [14]. Within this framing,
the continuous velocity estimates produced by MTD-BCls present a
suitable control source for sound synthesis. Decoded motion along
spatial axes can be mapped to sonic parameters including grain
density, spectral distribution, amplitude envelope, and temporal
evolution, enabling imagined movement to be articulated as auditory
change rather than visual displacement. When such mappings
preserve the spatial and dynamic structure of embodied limb
movement, sound can convey not only the intensity of imagined
action but also its directional and temporal qualities. Embodied
approaches to sonification suggest that listeners interpret auditory
information through schemas grounded in physical experience [34],
and that gestural mappings informed by embodied cognition can
provide intuitive access to complex sonic parameters [10,11]. In this
context, decoded imagined movement trajectories may function as
sonic gestures interpreted as control signals that remain grounded in
the kinematics of bodily action. This potentially supports perceptual
coupling between imagined movement and sound, affording
interaction paradigms that prioritise expressivity and agency over task
accuracy alone.

2 BClImplementation

The sound interface builds on an existing MTD-BCI pipeline that has
been trained to decode imagined three-dimensional arm movements
from EEG using embodied virtual hand feedback. In the present work,
the previously trained CNN-LSTM decoder is reused without
retraining and extended with an audio layer that maps decoded
motion signals to sound in real-time. This approach allows the
sonification framework to be evaluated independently of decoder
training, framing sound as an interaction and feedback modality
rather than as part of the learning process.

The decoder outputs continuous velocity estimates along x, v, z,
spatial axes, which are streamed in real time into a Unity virtual
environment. Unity acts as both the visualisation platform and
incorporates the custom audio engine, enabling decoded motion
trajectories to drive visual feedback and sound synthesis
simultaneously.

2.1 System Overview

The system comprises four coupled components: (1) EEG acquisition
and arm motion reference recording used during decoder training, (2)
a cued motor imagery protocol with embodied virtual hand feedback
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used to generate paired neural and kinematic data, (3) a CNN-LSTM-
based motion trajectory decoder trained on these data, and (4) a real-
time Unity-based interaction layer that receives decoded motion
signals and maps them to visual and auditory outputs.

During decoder training, EEG signals were paired with arm motion
data captured during executed and imagined reaching movements,
with a first-person virtual hand providing spatially congruent visual
feedback (Figure 2). Training followed a structured, cued motor
imagery protocol based on naturalistic three-dimensional reaching
actions. Each trial was organised into fixed phases of rest, target
indication, movement, and return, ensuring consistent temporal
alignment between neural activity, intended movement, and visual
feedback. During the imagined-movement trials, participants were
instructed to imagine reaching toward a cued and visually highlighted
spatial target while controlling the virtual limb via an inverse
kinematic (IK) rig to perform the corresponding movement. This
establishes a closed-loop training interface in which imagined motor
intent is continuously associated with a spatial limb representation.
Discrete target cues provide consistent reference points during
training.

EEG - g.Nautilus (28/4)

- - 'v‘l >
il A -Vi
Ei g‘ “ HMD - Vive Pro Eye

Figure 2: MTD-BCI control interface during decoder training. EEG signals
(g.Nautilus, 17 channels) are paired with upper-limb kinematics captured
via HTC Vive Tracker. Participants imagine reaching towards cued targets
whilst controlling a first-person virtual hand via inverse kinematics,
establishing a closed-loop mapping between neural activity and embodied
visual feedback.

The trained decoder produces continuous velocity estimates along
X, Y, and z, streamed into Unity and interpreted simultaneously as
visual and auditory control inputs. In this configuration, sound
functions as an additional interaction modality layered onto an
existing MTD-BCI framework, rather than as a component of the
decoder training process.

2.2 Hardware Setup and EEG Acquisition

EEG data was acquired using a g.tec g.Nautilus wireless EEG system,
recorded at a sampling rate of 250 Hz and referenced to the left
earlobe with a common ground electrode. A reduced 17-channel
montage was employed in the real-time setup, positioned according
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to the international 10-20 system, comprising electrodes F3, FZ, F4,
FC5, FC1, FC2, FC6, C3, CZ, C4, CP5, CP1, CP2, CP6, P3, PZ, and P4.

Upper-limb kinematics were recorded during executed movement
trials captured directly within Unity at 60 Hz as three-dimensional co-
ordinates that were translated to velocity. Kinematic motion was
recorded from a HTC Vive Tracker attached to the participant’s right
wrist captured by four SteamVR base stations arranged to ensure
non-occluded coverage. Kinematic recordings were used as data for
the MTD-BCI decoder training but were not utilised during imagined-
movement control.

Data was synchronised via UDP, with trial markers embedded
directly into the EEG and kinematic data streams ensuring precise
temporal alignment between EEG, kinematic recordings, and decoder
outputs.

23 CNN-LSTM Motion Decoder

Imagined arm movement was decoded using a deep learning
architecture that maps time-varying spectral features of the EEG
signal to three-dimensional velocity. Rather than operating on
frequency band filtered EEG, the decoder is trained on event-related
spectral perturbation (ERSP) representations, which capture changes
in neural oscillatory activity relative to a resting baseline. This
representation provides a compact and interpretable description of
motor imagery dynamics that is well suited to continuous control.
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Figure 3: CNN-LSTM motion decoder architecture. Event-related spectral
perturbation (ERSP) images computed across 17 EEG channels (0-40 Hz
frequency range) are input to convolutional layers for spatial-spectral feature
extraction, followed by stacked LSTM layers for temporal modelling. The
network outputs continuous velocity estimates (x, y, z) corresponding to
imagined upper-limb trajectories.

For each of the 17 EEG channels, ERSP images were computed over
a frequency range of 0-40 Hz and segmented into overlapping
temporal windows aligned to trial onset and movement execution.
These time-frequency representations encode the evolution of
sensorimotor rhythms during imagined reaching actions and are
stacked channel-wise to form a multichannel input volume. This
allows spatially distributed neural activity associated with motor
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planning and execution to be learned jointly across channels (Figure
3A).

The decoder combines convolutional layers for spatial-spectral
feature extraction with recurrent layers for temporal modelling.
Convolutional layers learn local structure within  ERSP
representations, while stacked long short-term memory (LSTM)
layers model temporal dependencies across successive windows,
maintaining context over the duration of imagined movement. A final
dense layer outputs continuous velocity estimates along the x, y, and
z axes, corresponding to the imagined upper limb (Figure 3B). In this
work, a previously trained decoder is reused without modification,
and the resulting velocity signals are treated as continuous control
streams rather than performance or system accuracy metrics.

Using ERSP representations and producing smooth, time-varying
velocity outputs, the decoder provides control signals that are
compatible with continuous interaction and sonification. These
decoded movement dynamics formed the basis for the subsequent
mapping to sound, allowing imagined motion onsets, direction, and
intensity to be articulated as modulated sonic characteristics rather
than visual feedback alone.

3 Imagined Movement as Sonic Gesture

In the proposed system, decoded imagined movement trajectories
are reframed as sonic gestures. Continuous imagined movement
control signals articulate effort, direction, and temporal flow through
sound rather than visual feedback displacement alone. The mapping
configuration follows established principles from digital musical
instrument design, wherein gestural inputs are translated to sonic
outputs through structured correspondences [14].

The synthesis engine receives continuously decoded signals from
the CNN-LSTM motion decoder at 60 Hz (Table 1). Primary decoded
outputs (x, y, z velocities) provide direct spatial information
concerning arm movement direction at the wrist endpoint, whilst
derived control features (velocity magnitude, acceleration strength,
and rest state detection) capture broader gesture dynamics and
movement phases.

Several design decisions guide the mapping implementation.
Velocity signals, rather than position, serve as the primary control
source for two reasons. First, the decoder produces time-varying rate-
of-change estimates as its natural output rather than absolute spatial
coordinates [21,22]. Second, positional data is fixed to the virtual
coordinate space and therefore contingent on the participant's home
position and target layout, whereas velocity reflects the dynamic
qualities of movement independently of spatial context. From a
sonification perspective, this makes velocity the more appropriate
control source, as auditory change is itself a temporal and dynamic
phenomenon rather than a static one [39]. Each spatial axis maps to
a distinct sonic dimension, preserving the directional structure of
imagined arm movement: horizontal movement affects temporal
progression, vertical movement affects textural density, and depth
movement affects spectral spread. Velocity magnitude functions as a
global intensity modulator across all synthesis layers, ensuring that
overall movement energy is consistently represented in the sonic
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output. Rest state detection triggers envelope decay and layer
attenuation, providing clear auditory distinction between active
imagined movement and baseline neural activity.

Table 1: Decoded motion control signals and synthesis parameters. Primary
outputs from the CNN-LSTM decoder (x, y, z velocity) provide direct spatial
information; derived features (velocity magnitude, acceleration strength, rest
state) capture broader gesture dynamics and movement phases

Signal Parameter Description Derivation
Type
Horizontal movement Direct decoder
x-velocity (lateral arm output
Primary displacement)
Decoded velocit Vertical movement Direct decoder
Outputs y Y (arm elevation) output
Jovelocit Depth movement Direct decoder
y (forward/backward reach) output
loci Euclidean
t;
Velocity Overall movement energy norm of
magnitude velocity vector
Derived Acceleration Rate of velocity change; Temporal
Control " gesture dynamics and denvatlye of
Features strengt transients velocity
Rest state Distinction between Velocity
detection active movement and threshqld
baseline neural activity comparison

The design prioritises expressive legibility over instrumental
precision. Unlike discrete classification-based BCls that trigger
categorical events, the continuous velocity outputs of the motion
decoder provide time-varying control signals suited to gradual sonic
modulation. This approach accommodates the inherent noise and
variability of EEG-derived signals whilst preserving meaningful
gestural structure.

3.1 Synthesis Architecture

The sonification framework employs a layered synthesis architecture
implemented using Pure Data (via libPD integration [18]) for granular
synthesis, with envelope shaping and effects processing applied
through real-time parameter mapping. Decoded motion signals are
mapped directly to synthesis parameters across three functional
layers: granular texture generation, envelope and shape control, and
spatial effects (Figure 4). This layered organisation distributes
expressive control across three independent sonic dimensions
(timbre, dynamic contour, and spatial character), following the
principle that complex, many-to-many parameter mappings produce
more expressive and engaging instruments than simple one-to-one
correspondences [14].

Layer 1: Granular Texture (Primary Gesture Carrier)

The granular layer functions as the primary gestural surface,
rendering continuous imagined movement as evolving sonic texture.
Granular synthesis is particularly suited to BCI control signals due to
its inherent tolerance of noise and parameter instability. Control
signal fluctuations produce subtle timbral variations rather than
disruptive artefacts [33]. Each spatial axis of decoded velocity maps to
distinct granular parameters: horizontal movement (x-velocity)
traverses the source recording via sample offset, vertical movement
(y-velocity) simultaneously modulates grain density and grain size,
and depth movement (z-velocity) controls pitch dispersion, although
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tuned for minimal pitch range fluctuations (Table 2). Overall
movement energy scales grain play probability, ensuring that gesture
intensity directly influences textural density and layer presence. The
layer is designed for continuous transformation rather than discrete
triggering, articulating imagined movement as unfolding gesture.
Layer 2: Envelope and Shape (Gesture Mass and Sustain)

Envelope and shape control provides dynamic contouring of the
granular texture in response to movement qualities and gesture
duration (Table 2). Velocity magnitude directly controls amplitude
envelope depth, shaping the dynamic profile of grain articulation. A
dual-stage low-pass filter cutoff mapping enables both immediate
responsiveness and  longer-form  harmonic  development:
instantaneous velocity controls a base cutoff range (300-2,500 Hz),
whilst sustained movement duration progressively applies an
additional brightness boost (0—1,500 Hz) over approximately two
seconds of continuous gesture. Rest state detection triggers envelope
release, creating gradual amplitude fade during movement cessation.
Layer 3: Effects Processing (Spatial Colouration)

The effects layer shapes the perceived acoustic space through
reverb and diffusion processing (Table 2). Velocity magnitude controls
both reverb mix level and decay time, situating the granular output
within a dynamic spatial environment that responds to movement
intensity. Acceleration strength modulates reverb diffusion,
increasing spectral complexity during rapid gesture changes. A
secondary subtle delay component provides some additional tail but
was not dynamically controlled and uses a barely perceptible eight
percent wet signal. Rather than introducing additional pitched
material, the effects layer adds environmental coherence, positioning
the sonification within an acoustic context that evolves dynamically
with gesture qualities.

3.2 Implementation Details

The synthesis engine operates entirely within Unity, receiving
decoded velocity signals from the CNN-LSTM decoder at 60 Hz.
Control signals are smoothed using exponential moving averages to
reduce high-frequency noise whilst preserving gesture dynamics.
Smoothing ensures that rapid fluctuations in the decoded signal do
not produce jarring sonic artefacts whilst still allowing gesture onsets
and dynamic changes to be articulated clearly in the audio output.

The granular texture layer is implemented as a Pure Data patch
integrated into Unity via the libPD library [18], enabling efficient real-
time granular processing with direct parameter control. A custom C#
class (MotionToAudio) continuously maps decoded motion signals to
granular parameters, sample offset, grain density, grain size, pitch
dispersion, and play probability, transmitting control values to enable
real-time modulation of granular output based on decoded
kinematics. This architecture provides robust, low-latency
communication between the decoder output and synthesis layer
whilst maintaining the flexibility and sonic sophistication of Pure Data
granular processing.

Initially the envelope shaping layer was intended to drive a
polyphonic drone type synthesis using OSC and SuperCollider,
however this was remapped to the granular synth as the tuning
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between melodic drone and granular shape limited the auditory
cohesion. Focusing purely on a single granular patch allowed the
motion to have a more immediate and tangible sonic influence.
Envelope shaping and spatial effects processing are implemented
as custom Unity audio filter components applied to the granular
synthesis output. The envelope control modulates amplitude depth
in response to velocity magnitude and movement cessation. Reverb
and delay effects are applied through custom filter components, with
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reverb mix, time, and diffusion responding to velocity magnitude and
acceleration strength as specified in Table 2.

An additional particle-based visual system driven by boid flocking
behaviour mirrors the motion-to-synthesis mappings: movement
magnitude accelerates boid velocity, acceleration strength introduces
variation and cohesion, and rest state detection creates visual stillness
that parallels audio envelope decay, offering performers an intuitive
visual counterpart to the sonic gesture. (Figure 4).

Table 2: Motion-to-audio mapping schema. Decoded velocity signals are mapped across three synthesis layers: granular texture, envelope shaping, and effects

processing with specific parameter ranges and sonic effects. Each spatial axis preserves directional information: horizontal movement (x) traverses sample offset,

vertical movement (y) modulates density and grain size, and depth movement

(z) controls pitch dispersion.

Layer Decoded Signal Synthesis Mapping Sonic Effect
Parameter Range
. 0-1 Horizontal movement traverses source recording, creating timbral progression across
x-velocity Sample offset (normalised) playback position
y-velocity Grain density 0.01-0.4 Vertical movement modulates textural density; higher velocity increases inter-onset rate
Vertical movement expands or contracts individual grain duration, affecting textural
Granular y-velocity Grain size 0.05-1.0 cohesion
. Random pitch Depth movement controls spectral spread; increased z-velocity widens pitch variation
z-velocity . . 0.01-0.03 across grains
dispersion g
Velocity magnitude  Grain play chance 0.4-1.0 Movement energy modulates stochastic grain triggering; rest states reduce grain density
Velocity magnitude Amplitude 0-1 Movement energy directly shapes dynamic contour; absence of motion reduces layer
Yy mag envelope depth (normalised) amplitude
Envelope/Shape  Sustained movement Low-pass filter Prolonged gestures progregsively increase harmonic brightness via dual mapping: base
(time-based) cutoff 300-4,000 Hz cutoff from velocity (300-2,500 Hz) + sustained boost (0-1,500 Hz)
Rest state Envelope release 0-1 Absence of movement triggers gradual fade via smoothed rest amount scaling

(proportional)

Velocity magnitude Reverb mix 0.1-0.5
Effects .
Sustained movement +

. Reverb feedback 0.2-0.8
acceleration

Movement energy increases spatial diffusion; greater velocity enhances wet signal

Prolonged, accelerated gestures extend decay tail, combined influence of sustained
movement and acceleration strength

Layer 1 : Granular Texture = R
PureData < { Motion to Audio
Layer 2 : Envelope / Shape Granular Patch 'y

Motion-Audio-Visual Loop ((

Layer 3:

Effects Colourisation [

EEG EEG
Pre-processing

. ERSP

CNN-LSTM

Kinematic / Imagined Gesture

Motion to Boids
Visual Translation

Visual Feedback Interface T

Velocity to Arm

Motion Control
Translation

Motion-Boid Control

A
XY Z (velocity)

Motion Decoder X Y Z (velocity)

Figure 4: Imagined motion-audio-visual loop architecture. EEG signals are pre-processed and converted to event-related spectral perturbation (ERSP)
representations, which are decoded by the CNN-LSTIM motion decoder to produce continuous three-dimensional velocity estimates (x, y, z). These velocity signals
drive two parallel pathways: (1) the audio synthesis engine, comprising three layers (granular texture, envelope shaping, and effects processing) mapped via the

‘MotionToAudio’ controller; and (2) a boid flocking system and virtual limb that translates motion parameters into particle-based and embodied visual feedback.
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33 Evaluation Approach

Evaluation of the sonification framework follows a design-led
methodology consistent with iterative DMI development, in which
assessment is integrated throughout the design process rather than
deferred to a formal end-stage study [29]. At this proof-of-concept
stage, formal perceptual evaluation with participants requires a fully
closed-loop real-time system in which auditory feedback can actively
influence neural decoding and performer behaviour, conditions not
yet met by the present implementation. Evaluation therefore focused
on three criteria drawn from established DMI assessment principles
[29]: (1) expressive legibility - whether imagined movement states
(rest, onset, and sustained gesture) produce perceptually distinct and
appropriately differentiated sonic outputs; (2) perceptual coherence -
whether the correspondence between movement dynamics and
auditory response is sufficiently consistent to support a sense of
gestural agency across the motion-audio-visual loop; and (3) sonic
reliability - whether noise and instability inherent in the decoded
velocity stream produce disruptive artefacts in the audio output, or
are instead absorbed as subtle timbral variation by the synthesis
architecture and signal smoothing. These criteria were assessed
through structured author observation across repeated system
interactions, with design decisions refined iteratively in response to
observed discrepancies between intended and perceived sonic
behaviour. The outcomes of this evaluation are discussed in Section
4, with formal participant-based assessment reserved for the live
closed-loop implementation described in Section 4.1.

4 Discussion

This proof-of-concept demonstrates that decoded imagined arm
movement can effectively drive continuous sonic synthesis, with
granular synthesis providing a particularly suitable method for
translating kinematics into expressive auditory gesture. The system is
evaluated here as a sonification design framework: the primary
question is whether imagined movement dynamics can be rendered
as perceptually coherent and expressively legible auditory gesture,
rather than whether the system functions as a performance
instrument in real time. The motion-to-audio mappings exhibit strong
correspondence with intended movement dynamics: rest states
generate auditory silence and flock cohesion, motion onsets produce
rapid textural emergence, and sustained movement creates
progressive harmonic brightening. This alignment suggests that
sonification can effectively convey the temporal and dynamic
qualities of imagined gesture in ways that complement visual
feedback.

The choice to focus on granular synthesis rather than combined
granular and polyphonic approaches reflects an important
methodological finding. Whilst polyphonic synthesis offers pitch-
centric control, the coupling between decoded motion and melodic
content proved perceptually loose and required additional cognitive
mapping between gesture and tonal outcome. Granular synthesis, by
contrast, operates independently of pitch hierarchy, instead
foregrounding timbre, texture, and spectral character. These
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dimensions map naturally to the continuous nature of motion
trajectories. The reflection aligns with established findings in digital
musical instrument design, where complex, many-to-many
parameter mappings that preserve gestural structure produce more
engaging and coherent interaction than simple one-to-one
correspondences [14,39]. The present work extends this tradition by
introducing decoded motor imagery as the gestural substrate for
sonic interaction, bridging the NIME BCMI lineage [23,25,38] with
continuous neural decoding approaches from BCl research. By
maintaining direct correspondence between motion dynamics
(velocity, acceleration, sustained duration) and granular texture
evolution, the system preserves perceptual coherence across the
motion-audio-visual loop.

The multi-layered envelope and filtering architecture enhanced the
overall sonic impression. Resting states and the acoustic silence
between motion onsets provide structural clarity, distinguishing
successive gestures and preventing perceptual fatigue. The addition
of an accumulating rest state within the motion to audio control
provided greater dynamic range, tone and space. The dual-stage filter
cutoff mapping, combining immediate velocity response with slower,
time-accumulated brightness boost, creates a temporal unfolding
that mirrors the intentional structure of reaching gestures: sharp
onset, sustained intensity, and gradual release. This temporal
organisation echoes principles from embodied cognition and gesture-
based sonification, wherein listeners interpret auditory change
through schemas grounded in physical experience [34]. Alignment
between movement phases and synthesis response creates a
potentially intuitive perceptual link between imagined action and
sonic consequence, potentially supporting greater connection,
expression and agency between human performer and neural
interface.

4.1 Limitations and Future Work

This work presents a proof-of-concept based on offline-modelled
motion data rather than real-time closed-loop training. Whilst the
MTD-BCl demonstrates robust motion decoding for imagined arm
movement and the audio synthesis layer exhibits responsive sonic
musical output, the system has not been validated as a real-time
performance interface. The audio layer has not yet directly influenced
BCl learning or decoding performance, and the boid-based visual
system's contribution to training and engagement remains
unevaluated. The system currently occupies the role of a sonification
framework rather than a performance instrument; the transition to
the latter is contingent on the closed-loop implementation.

Future development will transition this proof-of-concept into a live,
closed-loop BCl-audio interface wherein audio serves as real-time
training feedback alongside the virtual limb representation. The real-
time configuration opens the potential for performer agency and
emergent expression when audio feedback is directly influencing the
neural activity and imagined movement decoded signals. This will
enable investigation of whether sonic expressivity enhances
sensorimotor learning, performer engagement and determine
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whether performers develop stable movement vocabularies that
translate to expressive musicality.

This framework potentially supports new forms of musical
performance,  accessibility-oriented  sound  design, and
neurocognitive research into multimodal feedback and embodied

cognition in creative practice.
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