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ABSTRACT Modern assistive technologies, including prosthetic limbs, orthotic devices, and rehabilitation
robots, are increasingly being driven by biosignal-based control systems. However, developing and validating
such systems remains challenging owing to the complex signal-processing pipelines, heterogeneous
hardware requirements, and limited support for real-time prototyping. We present MOSAIC, an open-
source, modular software suite written in C# for real-time biosignal processing and intelligent device
control. Configured via human-readable files, MOSAIC enables rapid prototyping through functional
units called blocks, which support asynchronous data flow and precise execution timing. The system
is hardware-independent and supports a wide range of sensors and output interfaces, including
electromyography, inertial sensors, ultrasound, functional electrical stimulation, Internet Protocol over User
Datagram Protocol, serial communication, and Bluetooth streaming. A live graphical interface enables
interactive experimentation and immediate inspection of system behavior. We demonstrate MOSAIC
across real-world applications, including prosthetic limb control, gesture-guided medical systems, and
muscle-controlled orthotic devices. Its extensible design supports reproducible experimentation in assistive
technologies.

INDEX TERMS Assistive robotics, biosignal processing, human—machine interaction, machine learning,
modular software architecture, open-source software, prosthesis control, real-time systems.

I. INTRODUCTION

The global demand for assistive technologies, including
prosthetic limbs [1], [2], [3] and assistive robots, is increasing
due to demographic shifts, rising rates of chronic conditions,
and traumatic injuries [4], [5]. For instance, in 2017 alone,
an estimated 57.7 million individuals were living with
traumatic limb amputation worldwide [2], underscoring
the pressing need for scalable and accessible prosthetic
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rehabilitation solutions. In the context of assistive robotics,
adoption remains limited despite technological maturity,
due to technical, institutional, and financial barriers to
healthcare integration [6]. End-users of these technologies
often present heterogeneous physiological and cognitive
profiles, necessitating personalized solutions that can adapt
to individual needs and limitations. Designing and evaluating
effective assistive robots and prosthetic systems requires
an iterative development process that emphasizes rapid
prototyping, continuous user feedback, and adaptation to
individual needs and preferences [7], [8], [9]. To support such
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Figure 1. Conceptual block diagram of MOSAIC. As it takes in data from various biosensors, it translates them into control signals for

various robotic devices.

workflows, software platforms must be flexible, modular, and
easily reconfigurable, enabling researchers and engineers to
efficiently explore different designs, sensor combinations,
and control strategies in collaboration with target user
groups [8].

In this context, sensor modalities such as electromyo-
graphy (EMG) [10], inertial measurement units (IMUs)
[11], force myography (FMG) [12], ultrasound [13] and
electroencephalography (EEG) [14] are crucial for enabling
natural, intention-driven control [15], [16]. The result-
ing physiological signals are widely utilized in assistive
and rehabilitation technologies to infer user intent, adjust
assistance levels, and facilitate personalized interactions,
typically through machine learning algorithms that map
biosignal patterns to control commands [17]. Surface EMG
(sEMG) and EEG are the most commonly employed input
modalities in biosignal-driven human—machine interfaces
(HMIs), owing to their ability to capture muscular and cog-
nitive activity, respectively [16]. For example, in upper-limb
prosthetics, multichannel SEMG combined with machine
learning enables real-time decoding of muscle activity to
control multi-degree-of-freedom devices [18].

Despite advances in sensor technology and control al-
gorithms, the development of effective biosignal-driven
systems remains a significant challenge [19]. Applications
often rely on carefully tuned combinations of sensing
modalities, feature extraction pipelines, machine learning
models, and feedback mechanisms, all of which must be
adapted to individual users, target devices, and experimental
goals. Variability in biosignal patterns over time, sensor
placement, and environmental conditions calls for adaptive
and modular control architectures [19]. Furthermore, each
device usually provides data or requires control signals at
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different independent sampling rates, which poses problems
in terms of synchronisation, data flow control, and CPU re-
quirements. This complexity makes the development process
time-consuming and error-prone. Existing tools frequently
lack this flexibility, relying instead on rigid or monolithic
software stacks, which hinder reproducibility and slow
development cycles. A few providers deliver semi-flexible
software solutions for clinical and home use in specific
applications, such as prosthetic control [20].

These challenges highlight the need for a flexible, modular,
and extendable framework that supports rapid development,
real-time feedback, and hardware interoperability. To address
these limitations, we present MOSAIC - a Modular, Open-
Source Suite for Assistive Intelligent Control - designed with
a C#.NET Framework 4.8 [21] specifically for biosignal-
driven real-time human—machine interactions (see Fig. 1).
The platform supports rapid assembly and visualization of
experimental pipelines composed of interoperable building
blocks. Each block encapsulates a self-contained function
such as signal acquisition, filtering, feature computa-
tion, learning, or control. Pipelines are defined using a
human-readable Yet Another Markup Language (YAML)
file and executed in real-time through an event-driven
scheduler. MOSAIC provides several core features that
facilitate experimentation and deployment: a global graphical
visualization “table” graph for live data-flow monitoring;
integrated control panels for each block, to assess data
flow problems and bottlenecks; batch and incremental
machine learning modules; mathematical operations; and
multi-protocol support for interfacing with physical or virtual
hardware via, for example, User Datagram Protocol (UDP),
serial-over-Bluetooth and Bluetooth-Low-Energy transmis-
sion. Moreover, MOSAIC supports a graph-like dynamic
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structure, allowing for the real-time creation of loops and
closed-loop feedback control systems.
Our main contributions are:

e A GUl-instrumented, soft real-time runtime for
biosignal acquisition, processing, inference, actuation,
with event-driven multi-rate scheduling and per-block
timing diagnostics via the BlockTable.

« YAML-first, versionable pipelines that enable rapid

prototyping, schema-validated configuration, and

record—replay for reproducibility.

Integrated batch and online learning through Batch-

Predictor and IncrementalPredictor, supporting flexible

human-in-the-loop adaptation during training and stable

inference at runtime.

o Hardware-agnostic I/0 and communication with
modular device managers for EMG/IMU/ultrasound
and connectors for UDP/Serial, enabling plug-and-play
sensing and actuation.

o Budget-aware Python integration via the Python-
NetManager block: Poetry-managed environments and
direct reuse of NumPy/PyTorch/Scikit-learn code, with
timing overruns surfaced as on-time/lagging/stumbling
states in the BlockTable.

e ROS connectivity through the ROS block (Web-

Socket/rosbridge) for real-time topic publish/subscribe,

allowing closed-loop experiments with robot stacks and

simulators, and complementing UDP/Serial links.

Quantitative runtime evaluation on representa-

tive pipelines, Myo (8x200Hz) and Delsys Trigno

(32x1926 Hz)—showing sub-millisecond inter-sample

jitter and median CPU loads of ~12% and ~29%,

plus per-block on-time/lagging/stumbling distributions;

a controlled record-replay comparison against Simulink

reports similar CPU and markedly lower RAM under

identical timing.

Validated applications across published studies,

including upper-limb prosthesis control, C-arm ges-

ture control, lower-limb orthosis assistance, 3D tele-
impedance stiffness estimation, FES-mediated move-
ment, and virtual-hand control in spinal cord injury.

o Open artifacts—source code, example YAML
pipelines, and documentation.

Il. BACKGROUND

Modern rehabilitation robotics and biosignal-driven control
systems increasingly rely on multi-stage data pipelines
combining signal acquisition, filtering, machine learning,
and device control. Traditionally, developing these systems
requires both domain expertise and extensive coding, creating
a barrier for rapid experimentation and reproducibility.

A. BLOCK-BASED SOFTWARE ARCHITECTURES

To mitigate complexity and promote modularity of process-
ing and control, several frameworks allow users to build data
processing pipelines by graphically connecting functional
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units (“‘blocks”), each one performing a specific, single,
well-isolated task. This modular structure supports rapid
prototyping, intuitive design, and the reuse of components.
Several open-source and commercial block-based systems
are available and are utilized in the rehabilitation robotics
community.

Simulink [22] is a well-known Graphical User Interface
(GUI)-based design environment used for developing and
verifying control systems. It provides a graphical environ-
ment for modeling and simulating dynamic systems and
is widely used in control system engineering. Users drag
and drop functional blocks (e.g., integrators, filters, and
gain modules) to construct complex systems. Despite its
power, Simulink is proprietary and tightly integrated with
the MATLAB ecosystem, making it less accessible to small
research groups and education-focused environments.

The Laboratory Virtual Instrument Engineering Work-
bench (LabVIEW) [23], developed by National Instruments,
is a widely used graphical programming environment tai-
lored for real-time data acquisition, instrument control, and
hardware interfacing. It employs a dataflow-based program-
ming language called G, in which functional blocks are
connected through wires to represent the flow of data. Lab-
VIEW is particularly prevalent in biomedical engineering,
mechatronics, and embedded systems because of its native
compatibility with a wide range of National Instruments
(NI hardware, including data acquisition (DAQ) devices,
field-programmable gate arrays (FPGAs), and real-time
controllers. The environment excels in sensor integration,
feedback loops, and closed-loop control systems. However,
despite its strengths, LabVIEW remains a closed-source
and commercial solution, which limits its accessibility to
low-resource research groups, open science initiatives, and
educational institutions.

The Robot Operating System (ROS) [24], [25] is a widely
used open-source middleware framework for developing
robotic systems. Although not block-based in the traditional
sense of a drag-and-drop GUI, ROS follows a graph-based,
modular architecture. It decomposes robotic applications
into coupled components, called nodes, that communicate
via publish—subscribe messaging over standardized topics.
ROS supports real-time sensor data handling, hardware
abstraction, parameter configuration, and the integration of
diverse control algorithms. Its modularity and support for
distributed execution have made it the de facto standard
for academic and industrial robotics research. Tools such
as rgt_graph, rosbag, and the ROS launch system
allow the visualization, recording, and configuration of
processing pipelines, aligning closely with the goals of visual
modular programming frameworks. Recent efforts, such as
ROS-Neuro [26], [27], [28], extend the ROS ecosystem to
specifically include biosignal processing and neurorobotics.
ROS-Neuro provides standardized interfaces for EEG and
EMG devices, decoding algorithms, and control modules,
allowing researchers to prototype neurally controlled robots
with reproducible pipelines. However, ROS’s steep learning
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curve, reliance on C++/Python development, and lack of
dedicated real-time GUI environments can limit accessibility
for clinical and human-subject-focused experimentation.

B. BIOSIGNAL PROCESSING FRAMEWORKS

Various open-source frameworks and toolkits for process-
ing biosignal data have been released, including essential
pipeline components, such as data handling, filtering, feature
extraction and reduction, and classification. Given their
popularity in the community, such frameworks are mainly
oriented towards EMG.

Ortiz-Catalan et al. introduced BioPatRec (Biopotential
Pattern Recognition) [29], an open-source research platform
based on MATLAB, designed to develop and benchmark
myocontrol pattern recognition algorithms for prosthetic
control. This platform aims to address the lack of standard-
ization in signal processing pipelines across different studies.
BioPatRec features a modular structure that encompasses the
entire signal processing chain from acquisition, filtering, and
segmentation to feature extraction, classification, and real-
time control. The platform supports the integration of various
classifiers, including Linear Discriminant Analysis (LDA),
Multi-Layer Perceptron (MLP), and Regulatory Feedback
Networks (RFN). Additionally, it includes a virtual reality
test environment. Despite these capabilities, BioPatRec has
not been widely adopted within the community, possibly due
to its reliance on MATLAB.

A more recent addition to myoelectric control is
LibEMG [30], which is an open-source Python library
designed for developing myoelectric control systems.
The library provides both offline and real-time modules,
a collection of validated features and feature sets, and
a hardware-agnostic UDP-based streaming interface. This
enables integration with a range of commercial and custom
EMG devices. LibEMG simplifies many domain-specific
complexities, making it easier to build prototypes and
broader applications for EMG-based interactions, not only in
prosthesis control but also in the context of human-computer
interaction. However, LIbEMG focuses exclusively on EMG,
with pipelines and interfaces built around sEMG-based
pattern recognition and classification.

The open-source Python toolbox BioSPPy [31] allows the
offline processing of various biosignals, including EMG.
Users can create pipelines for data loading, processing, and
feature extraction, with a range of options and interactive
visualizations. However, it lacks real-time data collection and
streaming from devices, as well as the necessary control steps
for rehabilitation robotics and assistive technologies.

Complementary closed-loop approaches—ranging from
wearable vibrotactile stimulation on 3D-printed hands [32]
to real-time EMG feedback that enhances grasp—force
modulation even in high-level amputation [33]—highlight
that performance and usability depend not only on decoding
but also on how feedback is delivered to the user. These
studies point to practical, low-cost feedback channels that
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can be driven directly from controller outputs, yet they also
expose the need for toolchains that make it straightforward to
prototype the entire loop.

C. ROBOTICS MIDDLEWARE AND SIMULATION

In addition to biosignal frameworks, mature robotics-control
frameworks exist; notable examples are Gazebo, Orocos, and
ROS 2 with ros_control.

Gazebo [34], [35] is an open-source framework for
physics-based 3D simulation. It combines rigid-body dynam-
ics with realistic sensors to test perception and control in
repeatable conditions. Gazebo supports multi-robot scenar-
ios, offers plugin-based extensibility, and enables cloud or
clustered deployments for large experiments. It is commonly
used to prototype algorithms before hardware trials and to
evaluate performance under controlled latency, bandwidth,
and environmental variability.

Orocos [36] is a C++ framework designed for building
real-time controllers using a component-based design ap-
proach. It facilitates task scheduling in real-time, enabling
deterministic timing. The framework includes kinematics and
dynamics libraries along with a strict scheduling mechanism.
It is well-suited for low-level, time-critical control loops and
industrial deployments.

ROS 2, along with the ros_control package [24], [37],
provides a middleware framework for distributed robotics.
It emphasizes message-passing, executors, and a controller
manager with standardized interfaces to hardware. While it
is not block-based in a GUI sense, ROS 2 encourages the use
of modular graph topologies and integrates with both Gazebo
and Orocos for simulation and deployment purposes.

Accordingly, there remains a need for a modern, open-
source, hardware-agnostic framework that supports live
biosignal streaming, soft real-time processing with ob-
servable timing, multimodal I/O (including feedback), and
human-readable configuration to enable rapid, reproducible
experimentation in clinical and academic settings.

Ill. INTRODUCING MOSAIC

MOSAIC, a Modular, Open-source Suite for Assistive
Intelligent Control, is designed to overcome, at least partially,
the drawbacks mentioned above. It is an intuitive graphical,
modular tool primarily designed for experimental user studies
in the control of assistive devices. It follows a block-
based paradigm, meaning that each function required in the
data processing pipeline is implemented as an independent
module (block), individually connected to one or more
blocks, based on the specific needs of the study.

MOSAIC allows users to configure, construct, visualize,
and execute signal processing, machine learning, and device
control pipelines in real-time. Users can create new studies in
MOSAIC by defining blocks and their interconnections using
human-readable YAML configuration files. Additionally,
blocks can dynamically change their connections during
execution, which is helpful in situations where precisely
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Figure 2. Live BlockTable visualization in MOSAIC. Each node represents
a functional block, color-coded according to its runtime status. This
example shows a BlockTable used for acquiring data from a Myo
armband, applying filtering, feature extraction, subsampling, Ridge
Regression, and feeding predictions into a control algorithm that
transmits commands via UDP to control a virtual hand.

timed data storage is required, such as when triggered by an
external event or user input.

To ensure correct data timing and flow, users can inspect a
visual representation of the blocks and their interconnections,
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defined as the BlockTable (see Fig. 2). This graph-like
view indicates instabilities and data leakage through color
coding. Each block also features a Control Panel, which
provides a window for users and/or study participants to
monitor the data flowing through the block, check its timing
and quality, and read or adjust parameters related to the
block’s function. For example, they can set timing parameters
as required, start data sampling, and adjust gains. This
combination of visualization, monitoring, and configurability
is designed to make MOSAIC both a practical research tool
and an accessible environment for clinicians and educators to
explore biosignal-based control.

A. ARCHITECTURAL PRINCIPLES AND CLASS
ABSTRACTION
The core of MOSAIC is implemented entirely in the.NET
Framework 4.8 in C#, a language well-suited for build-
ing graphical environments, easily accessing physical de-
vices, and supporting multi-threaded, object-oriented, and
event-driven programming with runtime execution. In this
framework, blocks are instances of concrete classes that
inherit from the abstract class Block. This class includes an
event handler for sending output data, a callback mechanism
for receiving data, and a simple method to evaluate its
own data processing rate based on the frequency of firing
the output event. Each block is defined at startup using
human-readable YAML configuration files, which must
specify at least the following parameters of the abstract class:
o A name uniquely identifying this block.
o A type, that is this block’s concrete class, enforcing
a specific functionality, for example, a filter, a device
driver, a machine-learning module.
o The block’s desired rate, that is, the target running
frequency.
o A set of blocks this block may receive input data from.
o A set of parameters specific to this block’s function, for
example, filter coefficients, machine-learning hyperpa-
rameters.
o A path on which to log the block’s output, allowing for
post-experiment analysis.

Name :

{
Type: Block Type Name, DesiredRate:

Desired Rate in Hz,

Inputs: [ List of Input Blocks],

Params: {},

Path:

}

The key aspect of connectivity between blocks is achieved
by subscribing or unsubscribing to an input block’s event
handler at runtime. This subscription can be established at

‘‘C:/path/"’
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the beginning via the configuration file or triggered later by
specific events, such as an external trigger or user interaction
with a graphical element. Generally, each block subscribes to
one or more of its input blocks, processes the data received
from those blocks, and broadcasts the results of its own
computations by firing its output event. The block network
is visually represented in the BlockTable, which provides a
graphical depiction of the system’s connectivity and activity.
Typically, each block performs only the necessary compu-
tations when new input is available, thereby minimizing
computational costs. This approach allows the MOSAIC
architecture to take advantage of the native multi-threading
and event-handling capabilities of C#, ensuring responsive
and concurrent behavior.

It also minimizes the shared state and favors loosely
coupled communication, making it easy to add new function-
ality or hardware drivers by implementing new block types.
Overall, implemented abstraction ensures flexibility, exten-
sibility, and clarity—critical properties for educational use,
experimental reproducibility, and collaborative development.

B. THE BLOCKTABLE: LIVE VISUALIZATION AND
INTERACTION LAYER
The BlockTable (see Fig. 2) serves as the central graphical
feature of the MOSAIC environment. It offers a live,
interactive visualization of the block graph defined in the
YAML file. Built using GraphX [38] and QuickGraph [39],
BlockTable visualises each block as a vertex and each data
connection as an arrow in a graph. A global timer that runs
at 20 Hz triggers regular updates of the BlockTable, ensuring
a balance between GUI responsiveness and computational
efficiency.

During operation, the BlockTable provides real-time feed-
back on the state of each block. Blocks are color-coded such
that:

o Grey: Denotes that the block is “idle” and has not
produced recent outputs. The processing pipeline is
currently not in operation.

o Green: The block is operating above 95% of its desired
rate.

e Red: The block is “lagging”’; its current rate is less than
95% of the desired rate.

o Magenta: The block is ““stumbling”” — its own computa-
tion time exceeds the interval specified as the inverse of
the desired rate. Notice that this condition is independent
of lagging.

Each edge connecting the blocks is labelled with the actual
rate of the source block and graphically shows lagging,
stumbling, and subscription; along with the color coding,
this makes it easy to determine if the processing pipeline is
keeping up with real-time demands or if the computational
power is struggling to maintain pace.

Interaction with the BlockTable is intuitive:

« Left-clicking a block opens its Control Panel (CP) for
real-time monitoring and control.
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« Right-clicking performs block-specific actions, such as
starting or stopping a timer.

« Blocks can be rearranged via drag-and-drop to improve
layout clarity.

C. CONTROL PANELS AND VISUALIZATION TOOLS
Depending on the functionality and necessity of the block,
it may include a CP, which is a Windows Form that provides
access to the block’s parameters, runtime data, and control
interfaces. The CP serves as a dedicated GUI extension for
each block, allowing developers and experimenters to inspect
signals in real-time, adjust parameters on the fly, and interact
with the system during runtime. CPs are designed to be
lightweight yet robust, updating at a fixed rate through a
shared dispatcher timer with the BlockTable, as described in
detail in Subsection III-B, to ensure low CPU usage. The
GUI components within a CP vary depending on the block’s
function. For example, a filter block may include a scope plot
for monitoring the filtered signal. In contrast, a learning block
may offer buttons to train, reset, or pause a machine learning
model, along with indicators for prediction confidence.
To maintain consistency, each block’s CP is inherited from
an abstract base ControlPanel class and must override the
cpRefresh method, which is responsible for redrawing the
GUI. Updates occur only when the panel is visible and stop
when the Control Panel is hidden, reducing unnecessary
processing. Users can toggle the panels open and closed
by left-clicking the corresponding block in the BlockTable.
Standard visualization tools integrated into Control Panels
include:
e Scope Monitors: Display time-series plots of signal
vectors in real time (see Fig. 3).
o Spider Plots: Offer radial visualizations for multidimen-
sional data (see Fig. 3).
e Heatmap: Enable real-time heatmap visualization of
data matrices.
o Label Displays: Show numeric or textual indicators for
debugging and status monitoring

D. SCHEDULING AND TIMING ACCURACY

Ensuring precise timing for signal processing is challenging
unless a real-time operating system is used. Standard Win-
dows timers are prone to low resolution and unpredictability,
often introducing jitter or delays that exceed the acceptable
thresholds for interactive systems. To address this, MOSAIC
includes a custom-built Scheduler class that serves as the
backbone of all time-critical operations. The Scheduler
implements a single, continuously running asynchronous
loop that manages the function callbacks registered with a
specified target rate. Each function is scheduled based on an
internal timestamp and rescheduled by increasing its firing
time by 1/f, where f is the desired frequency. This approach
bypasses the limitations of default system timers, thereby
enabling high-resolution execution. Blocks that require
periodic activation (e.g., timers and signal generators) register
their callback functions with the Scheduler. Execution is
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Figure 3. Scope Monitor (left) and Spider Plot (right) visualization.

driven in an event-based manner, which minimizes CPU
usage and enables smooth performance even at high sampling
rates (e.g., 2000 Hz). Furthermore, each block maintains its
own circular timestamp buffer to estimate its real execution
rate over the most recent 100 samples. This allows MOSAIC
to detect and visualize lagging or stumbling behavior in
the BlockTable. By combining centralized scheduling, local
timestamp buffers, and a visual diagnostics system, MOSAIC
achieves a practical compromise between the responsiveness
of real-time systems and the accessibility of general-purpose
operating environments.

To provide a consistent pacing mechanism for the pipeline,
MOSAIC includes timer blocks. Each block inherits from
an abstract base class Timer, to ensure consistency. The

following timers are implemented:
o ScheduledTimer: Registers its firing function with the

scheduler to provide a regular pacing signal that drives
the activation of other blocks. It serves as the primary
timing source to start and coordinate the pipeline
execution.

e DecimatorTimer: Subscribes to another timer’s output
and forwards only part of its pacing events, effectively
downsampling the pace for parts of the pipeline that
require a lower activation rate.

These Timer blocks provide a modular and flexible means

to control the cadence of data acquisition, processing, and
output within the block graph.

E. STREAMING DATA

The MOSAIC software suite supports real-time data ac-
quisition from a wide range of biosignal sensing devices.
To accommodate the diverse landscape of biomedical re-
search and commercial hardware, each device is encapsulated
in a dedicated block that abstracts communication, streaming
parameters, and signal visualization. The modular approach
simplifies device integration and ensures uniform interaction
with the processing pipeline, regardless of the underlying
hardware. For devices that are not natively supported,
MOSAIC ofters hardware-agnostic interfaces, including UDP
and serial communication.

1) ELECTROMYOGRAPHY SENSORS
In the field of assistive robotics, SEMG is one of the most
widely used sensing modalities; consequently, MOSAIC has
incorporated various SEMG sensors.
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The Myo bracelet (Thalmic Labs, Canada) [40] is a com-
mercially available wireless SEMG sensor array comprising
eight bipolar channels and an onboard IMU. MOSAIC can
connect to one or more Myo armbands via Bluetooth Low
Energy (BLE), maintaining a stable sample rate of 200 Hz.
The corresponding Myo block offers automatic device
scanning, connection management, and live signal preview
through its integrated CP, which includes a scope monitor and
connection status indicators.

The MuoviPro (OT Bioelettronica, Turin, Italy) [41] high-
density system supports up to 128 channels via four Wi-Fi-
connected probes managed through a SyncStation. MOSAIC
interfaces with the MuoviPro, allowing up to 2000 Hz
sampling across multiple channels. Visualization options
include real-time heatmaps, spider plots, and classic scope
views. Each data stream is timestamped using the internal
scheduler, ensuring high-precision analysis. Although OT
Bioelettronica also offers a 20-sensor EEG cap compatible
with MuoviPro, this functionality has not been tested with
the present version of the software suite.

For high-resolution, clinical-grade sEMG, MOSAIC in-
tegrates with the Trigno Delsys System (Delsys, Natick,
USA) [42] product line (Base Station, Maize, and Quattro
sensors) using the manufacturer’s software development
kit (SDK). The Delsys block handles device discovery,
configuration, and channel-specific streaming modes. Visual
feedback includes time-series plotting, channel selection, and
streaming diagnostics, all of which are accessible through the
device’s dedicated control panel.

2) DIGITAL TO ANALOG CONVERTERS

To integrate data from various sensor modalities, MOSAIC
includes interfaces for specific models of commercially
available and self-produced data acquisition boards. These
include GSV-8 (ME-MefBsysteme, Hennigsdorf, Germany),
MCC USB-1208FS-Plus/1408FS-Plus Series (Measurement
Computing Corporation, Norton, USA), and a wireless
data acquisition board of the German Aerospace Center
(DLR, Wessling, Germany) [43]. These devices enable the
connection to various analog sensors. These include the
K6D and F6D force torque sensor series (ME-MefBsysteme,
Hennigsdorf, Germany), the Finger Force Linear Sensor
(FFLS) [44], FMG sensors, and force sensitive resistors [43],
[45], [46].
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3) ULTRASOUND

The Fraunhofer IBMT Mobile Ultrasound Equipment
(MoUSE) (Fraunhofer Institute for Biomedical Engineer-
ing, Sulzbach, Germany) [47] system is integrated into
MOSAIC to support real-time ultrasound-based biosignal
acquisition. This compact research-grade device includes
a 32-element phased-array transducer operating at 3 MHz,
with per-channel sampling rates of up to 50 MHz at 12-bit
resolution.

4) INERTIAL MEASUREMENT UNIT

In addition to the IMUs found in the aforementioned
SEMG devices, MOSAIC interfaces with a custom wearable
IMU platform for body tracking called BodyRig [48].
The BodyRig system consists of multiple Bluetooth Low
Energy (BLE) modules, each equipped with an IMU, a BLE
microcontroller, and a battery. These modules communicate
wirelessly with a host PC and are used to track human
kinematics in real-time. The number of sensors used can be
customized, allowing for tracking of individual body parts or
the entire body.

MOSAIC interfaces with BodyRig through the Bluetooth
Serial Port Protocol. The block then performs forward
kinematics calculations based on the orientations of the IMU
sensors, as well as a stored set of parameters. These define
the user’s kinematic chain through parameters such as link
length, relative orientation of the sensors with respect to the
body segment, and the parent of each link. The same type of
forward kinematics calculation may also be applied to data
gathered from other types of IMU, such as the ones present in
the MUOVI probes. The modular design of MOSAIC enables
kinematic chain reconstruction, phase tracking, and avatar
mapping within custom virtual reality environments.

5) HARDWARE AGNOSTIC INTERFACES

MOSAIC offers a suite of hardware-agnostic interface blocks
that facilitate integration with a diverse selection of sensors
and devices. These blocks abstract the complexities of device
communication, allowing seamless incorporation into the
MOSAIC processing pipeline.

The SerialPort base class provides a straightforward in-
terface for serial communication with microcontroller-based
sensors and wearable devices. It supports configurable
parameters such as baud rate, data bits, stop bits, and parity,
ensuring compatibility with various serial devices.

A UDP base class enables real-time data reception
over network interfaces. It parses structured data packets
transmitted via UDP, supporting both local and network-wide
communications. This is particularly useful for integrating
custom hardware or software that streams data over a
network.

The BluetoothLEManager base class facilitates commu-
nication with BLE devices. It handles device scanning,
connection establishment, and data exchange, adhering to
the Generic Attribute Profile (GATT) protocol. This block is
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instrumental in integrating BLE peripherals, such as heart rate
monitors, motion sensors, or custom BLE-enabled devices,
into the MOSAIC ecosystem.

F. SIGNAL PROCESSING AND TRANSFORMATION BLOCKS
MOSAIC provides a range of signal processing blocks
designed to transform, segment, or condition data in prepa-
ration for downstream machine learning or control modules.
These blocks operate independently for each data stream,
supporting both real-time and batch pipelines. Each process-
ing block encapsulates a specific signal operation, such as
filtering, normalization, feature generation, or windowing,
and exposes its behavior through the YAML parameters. The
most commonly used processing blocks are described below.

The Filter block implements a digital Infinite Impulse
Response (IIR) or Finite Impulse Response (FIR) filter, i.e.,
it realizes an FIR if Q@ = 0 and an IIR if O > 0. It applies
a recursive filter to each channel independently using the
standard difference equation:

P 0
yinl =D mixln—il =D djyln —j (1)
i=0 j=1

where

o y[n] is the output signal at sample #,

o x[n] is the input signal at sample n,

« m; are the numerator (feedforward) coefficients, for i =

0,...,P,
o d; are the denominator (feedback) coefficients, for j =
1,...,0,

o P is the numerator order (number of feedforward taps

minus one),

o Qs the denominator order (number of feedback taps),

« n1is the discrete time index (sample number).

The coefficients are provided explicitly as numeric arrays
via the YAML configuration: m = [my,...,mp] and d =
[1,d1,...,dp] (with dy = 1 by convention; FIR if Q = 0).
The implementation uses a circular buffer to efficiently store
and apply the required input and output samples for each
channel independently.

The AdaptiveFilter block implements a single-pole IIR
filter with a cutoff frequency that dynamically adapts to the
characteristics of the input signal [49]. In contrast to fixed-
parameter low-pass filters, this filter adjusts its smoothing
behavior in real time based on both the amplitude and rate
of change of the input signal, exploiting the heteroscedastic
nature of SEMG data.

At each timestep, the cutoff frequency F, € R is
recalculated using the instantaneous magnitude of the input
signal x(¢) and the magnitude of its first derivative x(¢) as
follows:

y[n] = LP(x[n], a[n])

= «[n]x[n] + (1 — a[n])y[n —1] 2)
2n F.[n]AT

Al = e AT )
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Table 1. Supported operations of the Function block.

Table 2. Supported operations of the VectorialFunction block.

vector element-wise.

Converts each element to its absolute
value.

Absolute value

Exponentiation Raises each element to a specified

power.
Clipping Restricts each element within a spec-
ified minimum and maximum range.

Fe[n] = exp (Gz - |x[n]| + Gy - LP (|x[n]], B1) + B2) (4

With additional parameters:

o x[n] is the time derivative of x[n],

o AT is the sampling period,

o G, G, are gain parameters,

e Bj, B; are bias parameters,

e LP(-,p) denotes a low-pass filter with smoothing
parameter p,

o «[n] is the adaptive smoothing factor determined at each
time step .

Equation (2) defines the recursive smoothing operation,
which blends the current input x[n] with the previous output
yln — 1] using the adaptively calculated «. This adaptive
approach allows the filter to respond rapidly to sudden, high-
energy transitions (such as muscle activation bursts) while
maintaining strong attenuation of background noise during
periods of low changes in muscular activity, such as a quasi-
isotonic contraction. As a result, the AdaptiveFilter block is
particularly well suited for mobile or wearable applications,
where signal fluctuations and artifacts are common.

The Buffer block temporally segments data into labeled
windows or epochs based on external trigger signals. When
activated by a trigger block, it subscribes to a data provider,
collects multidimensional data samples, and unsubscribes
when instructed. The collected data is stored as a list of (target
value, data cluster) pairs, which is used for batch machine
learning. The buffer’s control panel allows users to inspect,
clear, or save collected data during runtime.

The Function block applies a user-defined mathematical
operation to its input vector element-wise. The specific
function is configured dynamically via the YAML file. Upon
receiving a new input, the function evaluates each vector com-
ponent independently, enabling flexible feature computation
or signal transformation. A summary of supported operations
is presented in 1.

The VectorialFunction block extends the capabilities
of the Function block to support more complex vector
operations, including operations involving one or two input
sources. Supported operations include rotation (applying roll,
pitch, and yaw transforms), absolute value (computing the
L2 norm), wrench projection, element-wise addition and
subtraction of vectors, cross product (for 3D vectors), scalar
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Operation Description Operation Description

Addition Adds a constant or another vector Rotation Applies roll, pitch, yaw transform to
element-wise. input vector.

Multiplication Multiplies by a constant or another Absolute value Computes the L2 norm of the input

vector.

Wrench projection Projects a wrench using a config-

urable matrix.

Add vectors Adds two input vectors element-wise.

Subtract vectors Subtracts the second input vector

from the first.

Cross product Computes the cross product of two 3D

vectors.

Scalar (dot) product Computes the dot product of two in-

put vectors.
Matrix multiply Multiplies the input vector by a pro-

jection matrix.

Integrate Integrates the input vector over time.

(dot) product, matrix multiplication, and time integration
(see 2). The specific operation is defined in the YAML
configuration, and the block processes inputs dynamically to
compute the resulting vector.

G. MACHINE LEARNING INTEGRATION

MOSAIC supports both batch and incremental machine
learning through dedicated, modular predictors (see Fig. 4).
The BatchPredictor module enables offline model training
using buffered signal segments, whereas the Incremental-
Predictor module allows for continuous model adaptation
during runtime. These learning blocks are structured under
a unified PredictingMachine abstraction, which standardizes
the interface behavior for prediction, training, and configu-
ration. Concrete implementations include Ridge Regression
(see Equations (5) and (6)) and its nonlinear extension using
Random Fourier Features (RFF) [50]. Both models are avail-
able in batch and incremental variants, facilitating flexible
experimentation with linear and kernelized estimators.

J=xW (5)
T -
W=(X X—HJ) XTy 6)

where:
e X € RM*P: matrix of N training samples with D
features
o y € RV: vector of target values
e X > 0: regularization parameter
o Lis the D x D: identity matrix
o W e RP: learned weight vector
o x € RP: new input sample
o ¥: predicted target output

To support supervised learning pipelines, utility blocks
such as Buffer and Trigger manage windowing, class
labeling, and training initiation. Each learning block includes
a live control panel for parameter adjustment, training
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Figure 4. Simplified class diagram showing the hierarchical structure of
the learning modules in MOSAIC. All models inherit from a common
PredictingMachine base, with batch and incremental learning variants
implemented through ridge regression and random fourier feature
extensions.

feedback, and visualization of prediction results. Models
can be trained, updated, or reloaded during live sessions,
enabling human-in-the-loop training and subject-specific
model personalization. This modular structure promotes
reproducibility and cross-study comparability across a wide
range of biosignal-driven applications.

H. CONTROL ALGORITHM BLOCK FOR ACTUATION
MAPPING
The ControlAlgorithm block provides the interface between
the prediction outputs and device-level actuation in MOSAIC.
It transforms prediction vectors, for example, from a
RidgeRegression model, into control commands that drive
external devices such as prosthetic hands or orthoses. This
block seamlessly integrates into the event-driven architecture
of MOSAIC, ensuring that actuation logic remains modular
and independent from the upstream signal processing and
prediction components.

The ControlAlgorithm block currently supports two
paradigms, selectable via YAML configuration:

o DirectControl: Map predictions proportionally to actua-

tion commands, enabling position-based or force-based

control.
o StepwiseControl: Adjusts actuation values incre-
mentally in response to predictions, supporting

velocity-based or discrete force adjustments.

The design follows the software design structure of a C#
interface. Each control strategy implements a common inter-
face, ensuring consistent behavior and allowing the system
to dynamically select and apply different control strategies at
runtime. This interface-based paradigm promotes modularity
and extendability, as new control strategies can be integrated
without altering the core structure of the block or the
surrounding pipeline.

I. SAVING AND SENDING DATA

In MOSAIC, data saving is designed to be flexible and
fully integrated into the modular architecture. Any block
in the processing pipeline can be configured to log its
output by specifying a file path using the Path parameter in
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the YAML configuration file (see Subsection III-A). When
enabled, the block writes its output to a plain text file,
where each line contains a UNIX timestamp, followed by
the output values. This approach allows users to capture
raw or processed signals at specific stages of a pipeline
for offline analysis, debugging, or benchmarking purposes.
To ensure performance and data integrity, output logging
is implemented with memory-buffered disk writes, enabling
high-throughput storage without interfering with real-time
execution.

MOSAIC provides dedicated communication blocks
to send data to external systems. In particular, the
UDP_StreamlinedSender block [51] implements a stan-
dardized protocol for transmitting data over UDP to
external systems, such as simulators or robotic platforms.
The block subscribes to upstream components (e.g., Myo
or ControlAlgorithm) and packages data according to
a predefined structure that includes metadata on data
type, category, timestamp, and counter information. This
ensures that downstream systems can reliably interpret the
transmitted information. The UDP_StreamlinedSender 1is
configured via YAML, allowing users to specify the target
IP addresses, ports, and connected input sources without
altering the underlying code. This modular design facilitates
hardware-agnostic integration with both physical devices and
virtual environments, thereby supporting a wide range of
assistive and rehabilitation applications.

The ROS block provides native integration between
MOSAIC and ROS. It establishes a WebSocket connection to
a ROS bridge server, enabling the software to either publish
data or subscribe to data from specified ROS topics in real-
time. The block supports standard ROS message types, such
as std_msgs/Float64MultiArray, and can be configured via
YAML to define the target IP address, topic name, message
type, and communication direction (publish or subscribe).
This modular design enables seamless interoperability with
robotic systems, simulators, and external control frameworks,
supporting advanced assistive and rehabilitation applications
without requiring additional middleware development. The
ROS block integrates seamlessly into the event-driven
architecture of MOSAIC, enabling flexible real-time commu-
nication between the two frameworks.

J. INTEGRATION OF PYTHON LIBRARIES AND CUSTOM
PYTHON SCRIPTS

Many widely used libraries for data processing, statistics, and
machine learning have been written in Python. Additionally,
various research groups have developed custom code or
open-source packages in Python, such as LibEMG [30].
To facilitate the reuse of these resources within the MOSAIC
environment, we integrated Python.Net Version 3.0.4 [56].
The PythonNet integration is managed by the PythonNetMan-
ager, which configures the Python environment. Dependency
management is handled via a Poetry environment [57],
providing a robust and reproducible setup. This approach
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Table 3. Overview of available blocks in MOSAIC: categorized and listed alphabetically.

Actuation and Control Blocks
ControlAlgorithm Maps prediction outputs to actuation commands using selectable strategies.
Communication Blocks
BluetoothLEManager Manages BLE connections.
HannesHand Communicates with and controls the IIT Hannes hand prosthetic [52] via serial/Bluetooth, transmitting reference
commands for multiple degrees of freedom.
ROS Connects to ROS via WebSocket for real-time topic publish/subscribe.
SerialPort Provides serial communication for external device integration.
UDP_StreamlinedSender [51] Sends data via UDP in a standardized format.
Device Interface Blocks
BodyRig Streams orientation data from multiple IMUs for body tracking. Alternatively, it takes orientation data streaming
through e.g. UDP and performs forward kinematics calculations.
Delsys Clinical-grade SEMG acquisition with Delsys devices.
MuoviPro High-density sSEMG acquisition via a single Wi-Fi probe.
MuoviSyncstation High-density SEMG acquisition via an OT Bioelettronica Syncstation with up to four Wi-Fi probes.
Myo Acquires sSEMG and IMU data from Myo armband.
Flow Control and Utility Blocks
ArtifactRejection Performs real-time, rule-based artifact detection on windowed signals (e.g., clipping, flatline, impulsive jumps;
optional low-frequency drift). Outputs a per-channel mask and a cleaned stream; supports hard (zero bad chan-
nels) or soft (pass with mask) modes with configurable thresholds and cumulative counters for reproducibility.
ChannelSelector Dynamically activates, deactivates, or zeroes input vector channels based on user selection, supporting flexible
signal shaping.
DecimatorTimer Downsamples pacing signals from other timers.
FilePlayer Reads and plays back data from file sources in sync with timer ticks, outputting one vector per tick.
Joiner Combines multiple vector streams into one output.
Logger Flexible data logging block.
Projector Extracts and forwards a specified subset of elements from an input vector, reordering as defined in the
configuration.
PythonNetManager Sets up the PythonNet Environment for MOSAIC and imports the poetry-managed dependencies and custom
scripts to be available in all blocks.
Resampler Adjusts the data flow rate using a sample-and-hold method, resampling input signals according to a timer-driven
schedule.
RMS Computes channel-wise root-mean-square over a sliding window to estimate signal magnitude; window length
and hop are configurable, outputting one value per channel.
ScheduledTimer Provides regular pacing signals to drive the pipeline.
Selector Receives a tuple as input and forwards only the second element (e.g., a vector) to downstream blocks.
SinGenerator Generates synthetic sinusoidal signals with configurable amplitude, frequency, phase, and component count for
testing and simulation.
Splitter Divides a vector stream into multiple outputs.
Stimulus Stimulates and manages task timing, presenting visual cues.
Switch Dynamically toggles between two input blocks, forwarding data from the active input to downstream blocks.
TAC Target Achievement Control (TAC) test [53], evaluates task performance by comparing predicted output to target
values, monitoring distance and time in target to trigger state transitions.
Machine Learning Blocks
BatchPredictor Provides batch-trained machine learning model inference.
IncrementalPredictor Supports online adaptive learning for real-time prediction.
Signal Processing Blocks
AdaptiveFilter Dynamically adjusts the cut-off frequency based on signal characteristics.
Buffer Segments data into labelled epochs for machine learning.
Filter Applies IIR or FIR digital filters to signals.
Function Applies element-wise mathematical operations to input vectors.
MeanAbsoluteValue Computes the mean absolute value [54] of each channel in a windowed signal.
SlidingWindow Applies a window function over streaming data (feature extraction, smoothing, framing).
SlopeSignChanges Computes the number of slope sign changes [55] in a windowed signal.
VectorialFunction Performs vector-level operations (e.g. cross product, matrix multiplication).
WaveformLength Computes the waveform length [55] for EMG feature extraction.
ZeroCrossings Counts zero crossings [54] in each channel of a windowed input.
Visualization Blocks
HeatmapVisualizer Displays multidimensional data as a real-time heatmap.
SpiderPlotVisualizer Radial plot of multidimensional data (spider plot).
ScopeMonitor Real-time time-series plotting of signals.
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allows Python scripts and libraries to be embedded as
modular components within MOSAIC pipelines, thereby
enhancing the flexibility of the framework while maintaining
its intended modular block structure.

After initializing the PythonNetManager, users can import
custom Python scripts or libraries as modules and access
the functions within any block. This capability enables
the application of advanced machine learning algorithms
or pre-existing Python functions in MOSAIC. However,
it is essential to note that real-time performance depends
significantly on the efficiency of the Python functions being
executed. For computationally intensive tasks, performance
testing is advised to ensure that Python code meets tim-
ing constraints within MOSAIC’s real-time environment.
To demonstrate the versatility of this integration, we include
four representative use cases:

o Example I: demonstrates the online application of a
Butterworth filter using scipy.signal [58], show-
casing standard Digital Signal Processing operations
inside MOSAIC.

e Example 2: implements a simple Python script that
allows the user to choose between Independent Compo-
nent Analysis, Principal Component Analysis, or LDA
based on their Scikit-Learn [59] implementation.

e Example 3: shows a minimal example of loading a
PyTorch [60] model and using it for inference inside
MOSAIC.

o Example 4: illustrates the integration of the Incremental
Nonnegative Matrix Factorization (iNMF) algorithm for
the unsupervised extraction of muscle synergies. This
approach is based on [61] and was further developed and
integrated in [62].

It is important to note that MOSAIC guarantees determin-
istic scheduling for its core blocks; however, the pipeline
operates on an event-based system where downstream blocks
are triggered by outputs from upstream blocks. Therefore,
a user-defined Python Code called in the PythonNetManager
block must complete its tasks within a specified time budget
for each update (for example, less than or equal to 40 ms
at 25 Hz). If the Python block exceeds this time limit,
its own processing rate decreases, causing all downstream
subscribers to that block to be delayed and marked as lagging
or stumbling in the BlockTable. Meanwhile, other branches
that do not depend on the Python block will proceed on
time. The runtime does not deadlock the graph; instead,
it highlights the violation and propagates the delayed events
along the affected branch.

K. DOCUMENTATION

Although MOSAIC was initially developed and maintained
as an internal research and teaching tool, it is thoroughly
documented to support long-term use, reproducibility, and
future collaboration. The codebase includes extensive inline
comments, as well as a structured Application Programming
Interface (API) reference that covers core classes, parameters,

213724

and integration patterns. Table 3 summarizes the available
blocks, including both major components described in detail
in this paper and additional utility blocks that support pipeline
design, data handling, and visualization.

To support onboarding and experimentation, example
YAML files and explanations are available for common
workflows, including configuring signal pipelines, designing
custom blocks, and integrating machine learning models.
These resources collectively aim to make MOSAIC accessible
and expandable.

The Documentation and API, including examples and in-
stallation guidelines, can be found https://github.com/AIROB-
Lab/MOSAIC.

IV. USE CASES

Multiple published studies have adopted MOSAIC as their
execution backbone, reusing the YAML-specified block
graphs to ensure reproducibility and live timing transparency.
Applications include myoelectric prosthesis control, C-
arm gesture control, lower-limb orthosis assistance, tele-
impedance, and FES. A structured summary of hardware,
modules, and target systems is given in 4; brief narratives
follow.

A. UPPER-LIMB PROSTHESIS CONTROL

Egle et al. [63], in collaboration with the Istituto Ital-
iano di Tecnologia (IIT, Genoa, Italy), compared two
incremental-learning myocontrol strategies for 3-DoF pros-
thetic hand control: direct position control and stepwise
velocity control. A 16-channel sSEMG pipeline (two Myo
armbands) fed an incrementally updated Ridge Regression
model. Two non-disabled participants completed eight ses-
sions (four per strategy) using a TAC protocol. MOSAIC
handled acquisition, feature extraction, online learning, and
UDP streaming to a virtual prosthesis; IncrementalPredictor,
Trigger, Buffer, and Stimulus coordinated training and
guidance, while the BlockTable and control panels supported
monitoring. Success increased from 37%—71% (position)
and 48%—91% (velocity); SUS scores were 75 and 82.5,
and NASA-TLX decreased to 38 and 35, respectively
demonstrating practical real-time adaptation with MOSAIC.

B. HAND GESTURE C-ARM CONTROL

Ouyang et al. [64], with Siemens Healthineers (Forchheim,
Germany), introduced touchless positioning of mobile sur-
gical C-arms using a Mindrove armband (SEMG+IMU).
A Ridge Regression-based myocontrol predicted gesture
activations from eight-channel sSEMG; a safety/robustness
layer permitted only the dominant gesture and applied motion
constraints. Forearm orientation from the IMU switched
modes between platform translation and C-arm rotation.
Implemented in MOSAIC, the system used Incremental-
Predictor, Buffer, and Stimulus, with live visualization via
control panels and the BlockTable. In a TAC study with
six participants (three rounds, five randomized target poses
each), average success rate was 11.1% but position/rotation
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Table 4. Summary of published studies implemented using MOSAIC.

Use Case Hardware Used Key MOSAIC Modules Target System
Upper-Limb ~ Prosthesis | 2x Myo bracelet (SEMG) Timer, Filter, Function, IncrementalPre- | 3-DoF virtual prosthesis control in
Control dictor, Buffer, Trigger, Stimulus, UDP | Blender

C-Arm Gesture Control

Lower-Limb Orthosis

Control
3D Tele-Impedance Stiff-
ness Estimation

FES-mediated impedance
control of human limbs

Real-time control of vir-
tual hand by spinal cord in-
jury patients

Mindrove Armband (sEMG
+IMU)

Myo bracelet (SEMG)

Delsys Avanti sEMG (8
channels), BodyRig IMUs,
6-axis force/torque sensor

BodyRig IMUs, 6-axis
force/torque sensor
OTBioelettronica
Quattrocento hdEMG
system

Streamlined Sender

Timer, Filter, Function, IncrementalPre-
dictor, Buffer, Trigger, Stimulus, UDP
Streamlined Sender

Filter, Function, Buffer, IncrementalPre-
dictor, Trigger

Timer, Filter, Buffer, Function, Vectorial
Function, IncrementalPredictor,
Kinematics (BodyRig), UDP

Timer, Filter, Buffer, Function, Vectorial
Function, IncrementalPredictor,
Kinematics (BodyRig), UDP

Timer, Function, Filter, Adaptive Filter,
IncrementalPredictor, UDP

Simulated C-arm interface

Active orthosis model

2 x Franka Research 3 robotic arms

MyoCeption wearable FES system

4-DoF Virtual hand control

errors decreased over time; perceived safety was high (3.9/5),
indicating feasibility and a learning effect despite high
workload.

C. LOWER-LIMB ORTHOSIS CONTROL

Scheidl et al. [65] developed adaptive control for alower-limb
orthosis during sit-to-stand (STS). Four Delsys Avanti
EMG sensors per thigh streamed at 2148 Hz; MOSAIC
handled filtering, rectification, and averaging, followed by
Ridge Regression via a BatchPredictor. Control signals
were sent via UDP to the orthosis controller. Control
panels (scopes, spider plots, heatmaps) supported visu-
alization; synchronized logging enabled analysis. Results
showed promising real-time augmentation of knee extensor
output and support for human-in-the-loop optimization,
highlighting the portability of block reuse across lower-limb
applications.

D. 3D CARTESIAN STIFFNESS ESTIMATION FOR
TELE-IMPEDANCE

Thuerauf et al. [66] introduced a method to estimate human
arm stiffness in 3D Cartesian space for tele-impedance.
Two non-disabled participants wore eight-channel sEMG
(Delsys Trigno Avanti) and multiple IMUs (BodyRig) while
performing peg-in-hole tasks at orientations of 0°, 45°, and
90° around the sagittal axis. The protocol comprised (a)
MVC calibration, (b) robot-driven perturbations for direct
stiffness measurement (control), and (c) the task itself.
MOSAIC handled synchronization of the relevant biosignals
and the data streams coming from the Franka Research
3 robots used in the experiment. Offline, the pseudo-stiffness
matrices were computed in from sEMG and transformed to
Cartesian space using IMU-derived kinematics. Repeated-
measures ANOVA and Wilcoxon tests showed significant
orientation-dependent differences; pseudo-stiffness corre-
lated with perturbation-based estimates (R = 0.62 and R =
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0.80), indicating feasibility of 3D stiffness estimation with
biosignal-driven pipelines.

E. IMPEDANCE CONTROL OF HUMAN LIMBS THROUGH
FUNCTIONAL ELECTRICAL STIMULATION

Sierotowicz and Castellini [67] demonstrated the use of
MOSAIC to implement a control system regulating the
injection of Functional Electrical Stimulation (FES) currents.
These were used to control the movements of a cohort
of six non-disabled participants on a planar surface, for
the purpose of acquiring normative data characterizing the
implemented solver, which would determine which muscles
to stimulate given a desired motion in the peri-personal
space. The study employed an internally developed wearable
FES system, called the MyoCeption [68], as well as the
BodyRig kinematics tracker and a force torque sensor by ME-
Messysteme. The study confirmed that the proposed solver
can control human limb movements on a planar surface with
a precision in the order of magnitude of 0.1 m.

F. REAL-TIME CONTROL OF VIRTUAL HAND BY SPINAL
CORD INJURY PATIENTS

Oliveira et al. [69] employed MOSAIC to allow spinal
cord injury patients to control a virtual hand in real time.
Eight patients participated in the study, of whom three were
rated A on the American Spinal Injury Association (ASIA)
impairment scale, three were rated B, and one was rated
C. The participants were fitted with hdEMG electrodes,
and MOSAIC was used to control the virtual hand’s index
flexion and power grasp independently and proportionally
by making use of incremental ridge regression. The setup
also employed an adaptive filter [49] to stabilize the control
signals sent to the virtual hand over UDP. The overall
results of the study demonstrate that spinal cord injury
patients rated as completely paretic in their hand move-
ments could control the available DoFs independently and
proportionally.
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V. EVALUATION

We quantitatively evaluated MOSAIC with respect to timing
precision, computational load, and robustness across three
representative online pipelines. The primary application is
upper-limb sSEMG control using the sensor placement and
workflow described in Subsection IV-A. We consider: (a)
a Thalmic Labs Myo armband (8 channels, 200 Hz), (b) a
Delsys Trigno Avanti system (32 channels, 1926 Hz), and
(c) Delsys Trigno Avanti combined with a deep-learning
(DL) predictor. Unless stated otherwise, the DL condition
uses the same sampling configuration as its corresponding
Delsys acquisition. In the DL condition, all model-related
processing runs in Python and is accessed from the C#
runtime through MOSAIC’s PythonNetManager bridge
(see Subsection III-J). The C# side performs device acquisi-
tion, buffering, and scheduling. When a fixed-length window
becomes available, the windowed signals (sSEMG and, when
present, IMU) are transferred to Python as native arrays. The
Python code performs any required preprocessing/normaliza-
tion and then executes a ResNet-18—inspired network [70].
The resulting predictions (class probabilities or continuous
estimates, depending on the task) are returned to C#, which
feeds them to the control loop and visualization modules.
Thus, the DL block is cleanly decoupled from acquisition:
C# handles real-time I/O and orchestration, while Python en-
capsulates feature extraction and inference. For each pipeline,
we report: iming jitter of the inter-sample interval AT on the
acquisition side; and computational consistency, summarized
by steady-state CPU usage. This setup isolates the cost of
multichannel acquisition from the cost of model inference
and allows us to attribute performance differences to specific
components.

A. TIMING SANITY CHECK

The timing stability of each block is a critical metric
for evaluating real-time systems. To assess this, we con-
ducted a preliminary check by analyzing the temporal
consistency between consecutive block outputs. For this
evaluation, we used a Windows 11 laptop equipped with a
13th Gen Intel® Core™i7-1365U processor, 32 GB Random
Access Memory (RAM), and an NVIDIA®  GeForce
RTX™ 3070 Ti Laptop GPU (8GB Video RAM). All
non-essential programs were closed to isolate the perfor-
mance

of MOSAIC.

We executed the pipelines while connecting them to
a recording device during the training of the prediction
models. Throughout this process, we recorded five minutes
of signals, automatically saving data to a file every ten
seconds. This approach helps prevent excessive RAM usage,
as the RAM is cleared every ten seconds via a double-
buffer structure, ensuring consistent memory usage without
interrupting recording.

Once the pipeline execution was complete, we loaded
the generated dump files and calculated the sample interval
(AT € R), defined as the difference between successive
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Table 5. Timing consistency (AT between consecutive outputs) for three
online sEMG control pipelines: (a) Myo armband (8 ch, 200 Hz), (b) Delsys
Trigno Avanti (32 ch, 1926 Hz), and (c) Delsys Trigno Avanti+ DL with a
200-sample window and stride 77 (nominal 25 Hz).

Block | Rate (Hz) [ Mean AT (s) | Freq. (Hz) | Std AT (5)
(a) Myo pipeline (200 Hz, 8 channels)
Scheduled Timer 200 0.0050001 199.9955 | 0.0002417
Myo 200 0.0050001 199.9978 | 0.0002641
Amplification 200 0.0050000 199.9993 | 0.0002837
Rectification 200 0.0050000 199.9993 | 0.0003017
Low Pass Filter 200 0.0049999 200.0042 | 0.0003385
Resampler 25 0.0400009 24.9994 | 0.0002944
Incremental Predictor 25 0.0400005 24.9997 0.0004624
Control Algorithm 25 0.0400005 24.9997 0.0004755
UDP Sender 25 0.0399848 25.0095 | 0.0009457

(b) Delsys pipeline (1926 Hz, 32 channels)

Delsys Trigno Avanti 1926 0.0005192 | 1926.0572 | 0.0003156
Amplification 1926 0.0005192 | 1926.0736 | 0.0003523
Rectification 1926 0.0005192 | 1926.0744 | 0.0003641
Low Pass Filter 1926 0.0005192 | 1926.1146 | 0.0003830
Resampler 25 0.0399797 25.0127 | 0.0020564
Incremental Predictor 25 0.0399795 25.0128 | 0.0022413
Control Algorithm 25 0.0399796 25.0128 | 0.0022767
UDP Sender 25 0.0399674 25.0204 | 0.0025883

(c) Delsys + DL (1926 Hz, 32 channels)

Delsys Trigno Avanti 1926 0.0005192 | 1926.0620 | 0.0003706
Window 25 0.0399779 25.0138 | 0.0032517
DL (Python) 25 0.0399384 25.0386 | 0.0026575
Control Algorithm 25 0.0399384 25.0386 | 0.0032718
UDP Sender 25 0.0399384 25.0386 | 0.00125333

timestamps. This analysis provides direct insight into whether
the block operates at its intended frequency and whether
significant jitter occurs. To visualize real-time performance,
we compute a 250-sample moving mean and its standard
deviation (Fig. 5). The raw SEMG recordings from a Myo
armband exhibit a stable mean throughout the recording, with
the standard deviation remaining below 1 ms.

In addition to timing consistency, we systematically logged
and evaluated the operational status of each block.

B. PIPELINE TIMING RESULTS

As shown in Tables 5 and 6, blocks configured with fixed
rates (e.g., 200 Hz and 25 Hz) exhibit high timing consistency,
with standard deviations in the sub-millisecond range. An ex-
ception is the Trigger block, which activates incremental
learning on user command when new labeled data become
available; it has no fixed rate by design. Nevertheless, the
pipeline demonstrates robust and predictable behaviour under
real-time constraints.

In addition to timing jitter, we evaluated the CPU usage
of MOSAIC under three representative online pipelines:
(a) the Myo armband (8 channels at 200Hz), (b) the
Delsys Trigno system with eight wireless Avanti sensors for
SEMG/IMU recording (four channels per sensor; 32 channels
total at 1926 Hz), and (c) a high-rate Delsys Trigno Avanti
configuration with an online DL inference process (32
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Figure 5. Inter-sample-interval jitter Delta T for three online acquisition pipelines. Rows show (top) Myo armband (8 channels, 200 Hz), (middle) Delsys
Trigno Avanti (32 channels, 1926 Hz), and (bottom) Delsys + DL (32 channels, 1926 Hz with decoder). Left panels cover the full recording; right panels
zoom into the gray-highlighted window. Dots are raw Delta T values; solid curves are 250-sample rolling means; shaded envelopes denote the
corresponding rolling standard deviation. All three pipelines operate close to their nominal sampling periods with limited, stationary jitter.

channels at 1926 Hz). CPU usage was sampled at 1 Hz via
Windows performance counters over 250s of continuous
operation; the first 25 s were discarded to exclude start-up and
pipeline initialization. We report the steady-state median and
one standard deviation over the remaining interval.

As shown in Fig. 6, the Myo pipeline required a median
CPU load of 12.01 % + 1.73 %, while the Delsys Trigno
Avanti pipeline required 29.29 % + 2.19 %. With the DL
inference step, the combined load (system + Python process)
was 36.92 % + 4.40 %. On an 8-core machine, these values
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correspond roughly to ~1.0, ~2.3, and ~3.0 fully loaded
cores, leaving ample headroom for real-time operation.
Overall, computational demand scales primarily with channel
count and sampling rate; adding the DL step increases the
steady-state CPU by about 7.6 percentage points relative to
the Delsys Trigno Avanti only configuration.

C. COMPARISON WITH SIMULINK
To contextualize MOSAIC within a standard engineering
framework, we compared its computational load against
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Figure 6. CPU usage over time during online processing with MOSAIC for three pipelines: Myo (8 ch, 200 Hz), Delsys Trigno Avanti (32 ch, 1926 Hz), and
Delsys Trigno Avanti+ DL (32 ch, 1926 Hz). Solid lines show instantaneous CPU load; dashed lines and translucent bands show the steady-state

median =+ 1 SD after excluding the shaded start-up period (sensor registration and pipeline initialization). For Delsys Trigno Avanti + DL we report the
combined CPU (system + Python process; an upper bound). Steady-state medians: Myo 12.01 % = 1.73 %, Delsys Trigno Avanti 29.29 % =+ 2.19 %, Delsys
Trigno Avanti+ DL 36.92 % =+ 4.40 %.
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Figure 7. CPU and RAM load comparison between MOSAIC and Simulink during 200 Hz Myo replay. Each trace shows instantaneous process load over
250 s of operation; the gray region marks the 25 s start-up phase excluded from steady-state statistics. Dashed lines indicate the steady-state median,
and shaded bands denote + 1 SD. On the same hardware, steady-state CPU usage was MOSAIC: 11.1 % =+ 1.2 % and Simulink: 8.9 % =+ 0.7 %, while RAM

footprint averaged MOSAIC: 0.300 GiB + 0.003 GiB and Simulink: 2.43 GiB + 0.02 GiB.

an equivalent Simulink pipeline using the same input data.
Direct integration of the Myo armband into Simulink would
have required substantial custom block development and
dependency management. Therefore, we adopted a record—
replay strategy: raw multichannel sSEMG and IMU data
were first recorded together with precise timestamps, and
subsequently replayed in real time to both systems while
preserving the original inter-sample timing. This design
isolates processing and scheduling behavior from device-
driver overhead, enabling a fair comparison of runtime
efficiency.

We evaluated steady-state CPU usage and RAM footprint
as indicators of computational load. Metrics were sampled at
1 Hz for a total duration of 275 s; we report steady-state over
the last 250 s, excluding the initial 25 s start-up period (sensor
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registration and initialization). CPU usage is expressed as
a percentage of the machine’s total processing capacity (0—
100%), and RAM as the process working set (in GiB). Both
pipelines used equivalent signal-processing configurations,
including identical windowing and filtering parameters.
This comparison does not assess the integration of vendor
DAQ systems within Simulink; rather, it quantifies the
computational cost of executing equivalent control logic
under identical timing constraints.

As shown in Fig. 7, itMOSAIC and Simulink ex-
hibit complementary performance characteristics. Simulink
achieved slightly lower steady-state CPU utilization (about
2 percentage points below MOSAIC), whereas its memory
footprint was roughly an order of magnitude larger (2.43 GiB
vs. 0.300 GiB). This difference reflects the MATLAB

VOLUME 13, 2025



H. Braun et al.: Introducing MOSAIC: A Modular, Open-Source Suite for Assistive Intelligent Control

IEEE Access

Table 6. Operational status distribution for each block in three online
SEMG pipelines: (a) Myo (8 ch, 200 Hz), (b) Delsys Trigno Avanti (32 ch,
1926 Hz), and (c) Delsys Trigno Avanti+ DL (32 ch, 1926 Hz; 200-sample
window). Percentages indicate the proportion of the analyzed interval
(first 250 s after excluding the initial 25 s start-up) spent in each status: G
= green (on time), | = idle (not scheduled), L = lagging (behind schedule),
S = stumbling (timing violation). “~" indicates that the status did not
occur.

Block | G(%) [ 1(%) [ L(%) | S(%)
(a) Myo pipeline (200 Hz, 8 channels)
Scheduled Timer 100.000 - - -
Myo 100.000 - - -
Amplification 100.000 - - -
Rectification 100.000 - - -
Low Pass Filter 100.000 - - -
Resampler 100.000 - - -
Incremental Predictor | 100.000 - - -
Control Algorithm 100.000 - - -
UDP Sender 100.000 - - -
(b) Delsys pipeline (1926 Hz, 32 channels)
Delsys Trigno 99.175 0.022 | 0.802 -
Amplification 98.800 0.037 1.163 -
Rectification 98.666 0.041 1.293 -

Low Pass Filter 98.319 0.046 1.635 -

Resampler 100.000 - - -
Incremental Predictor | 100.000 - - -
Control Algorithm 100.000 - - -
UDP Sender 100.000 - - -

(c) Delsys + DL (1926 Hz, 32 channels)

Delsys Trigno 98.377 0.059 1.563 -
Window 100.000 - - -
DL (Python) 100.000 - - -
Control Algorithm 100.000 - - -
UDP Sender 100.000 - - -

runtime’s higher baseline overhead. By contrast, MOSAIC’s
C# execution engine and lightweight threading keep memory
consumption low and predictable, which is advantageous for
embedded, long-duration, or multi-process real-time control
where computational headroom is constrained.

VI. DISCUSSION

MOSAIC is a YAML-configured, live-tunable runtime for
biosignal-driven control. Pipelines are specified in human-
readable YAML,; each block exposes a lightweight control
panel for in-run adjustments; and the runtime logs per-block
timing status (on-time, lagging, stumbling). Both batch and
incremental (online) learning are supported. The aim is a
modular, extensible, hardware-agnostic platform enabling
rapid experimentation and reproducible workflows across
acquisition, processing, learning, and control. We situate
MOSAIC among related ecosystems in 7.

MOSAIC offers block-based modularity comparable to
Simulink while remaining open source. Simulink commonly
relies on additional real-time products or external targets
for hard real-time operation, whereas MOSAIC targets
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soft real-time on general-purpose operating systems using
multithreading, asynchronous callbacks, and event-driven
scheduling. YAML-based configuration is human-readable
and version-controllable, in contrast to binary model files.
A current limitation is the smaller catalog of pre-built blocks
relative to commercial suites.

LabVIEW provides mature block-based design and
low-latency I/O through close integration with NI hard-
ware; it is commercial and vendor-centric. MOSAIC is
hardware-agnostic and open source, which can reduce the
entry barrier in education and research settings where vendor
ecosystems are not a requirement.

Relative to ROS and ROS-Neuro, MOSAIC retains modu-
larity with lower configuration overhead (YAML pipelines in-
stead of launch files). A dedicated ROS communication block
enables bidirectional exchange, allowing hybrid deployments
that combine ROS tooling with MOSAIC pipelines. Python
models are supported through the PythonNetManager block;
concurrency-sensitive stages run in the.NET runtime, en-
abling use of libraries such as scikit-learn or PyTorch.

Compared with EMG-focused toolkits (BioPatRec,
LibEMG), MOSAIC spans multiple biosignal modalities—
EMG, IMU, ultrasound, force sensors, and generic streams
via UDP/Serial/ BLE—within a unified real-time GUIL
BioPatRec depends on MATLAB and primarily supports
offline or limited real-time operation. LibEMG targets
interactive EMG control but does not provide integrated
multi-modal sensor support and a unified GUI In contrast,
MOSAIC integrates streaming, processing, learning, and ac-
tuation mapping for interactive, human-in-the-loop systems.
BioSPPy remains well-suited for offline analysis and feature
extraction, but does not target real-time operation.

The quantitative evaluation (see Section V) indicates
robust soft real-time behavior across three pipelines
(Myo 200Hz; Delsys Trigno Avanti 1926 Hz; Delsys
Trigno Avanti+DL). Fixed-rate blocks tracked targets
closely: acquisition and preprocessing at 1.926 kHz showed
sub-millisecond AT variability, and 25Hz downstream
stages (resampling, prediction, control, UDP) exhib-
ited millisecond-scale jitter relative to a 40ms period.
Operational-status logs align with this: in the Myo pipeline,
all blocks were Green 100 %; in the high-rate Delsys Trigno
Avanti pipeline, acquisition and preprocessing were Green
98.3 % 10 99.2 % with <1.6 % Lagging and no Stumbling; in
Delsys Trigno Avanti + DL, Delsys Trigno Avanti acquisition
was Green 98.38 % and windowing, DL, control, and UDP
stages were Green 100 %. Steady-state CPU medians were
Myo (12.01 + 1.73) %, Delsys Trigno Avanti (29.29 +
2.19) %, and Delsys Trigno Avanti+ DL (36.92 £+ 4.40) %,
corresponding to approximately 1.0, 2.3, and 3.0 fully loaded
cores on an 8-core system. The DL branch sustained an
effective 25Hz update rate. These observations suggest
predictable timing with rare, brief lag at the highest
acquisition rates.

The record-replay benchmark conducted against Simulink
(see Fig. 7) revealed a small difference in steady-state CPU
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Table 7. Comparison of biosignal processing frameworks.

Framework Platform / Language | Real-Time Open Source Hardware Integration Typical Domain
Simulink MATLAB GUI Partial  (with | No MATLAB hardware support | Control systems, embedded
RT add-ons) packages devices, signal processing
LabVIEW GUI (G language) Partial  (with | No NI DAQ, FPGA, sensor in- | Instrumentation, data acqui-
RT modules) terfacing sition, embedded systems
ROS-Neuro C++ / Python (ROS) Yes Yes EEG, EMG via ROS nodes Neurorobotics,
brain—computer interfaces
BioPatRec MATLAB Partial (limited | Yes EMG only Prosthetic control research
real-time) (MATLAB
required)
LibEMG Python Yes Yes EMG (UDP-based interface) | Myoelectric control, HCI ap-
plications
BioSPPy Python No (offline | Yes Offline files only (no device | Signal analysis, feature ex-
only) streaming) traction
MOSAIC C#, NET + YAML Yes Yes EMG, IMU, BLE, | Assistive robotics, prosthet-
ultrasound, UDP, Serial ics, rehabilitation

usage, but a significant difference in memory footprint.
Simulink utilized 8.9 % £ 0.7 % of CPU resources, while
MOSAIC used 11.1 % £ 1.2 % (95th percentile: 10.1 % vs.
13.4%). In terms of RAM, the working set for Simulink
was 2.43 GiB, compared to 0.300 GiB for MOSAIC (95th
percentile: 2.48 GiB vs. 0.31 GiB), representing approxi-
mately an 8.1 times higher memory usage for Simulink. Both
systems functioned stably for 250 s at a rate of 200 Hz, with
the first 25s excluded to account for start-up. The metrics
reflect CPU usage as a percentage of total machine capacity
and RAM indicated in GiB.

Several limitations remain. The current release targets
Windows on.NET Framework 4.8, which limits portability.
The block catalog is smaller than in commercial suites;
domain-specific functions may require custom C# blocks.
Built-in learning currently focuses on classical models
(e.g., ridge regression, random Fourier features), with
advanced models integrated through the Python bridge
(PythonManager). Some device connectors rely on ven-
dor SDKs whose redistribution terms may constrain out-of-
the-box availability.

Taken together with the related-work review, our aim
is complementary rather than competitive with established
robotics and signal-processing ecosystems. Simulink, Lab-
VIEW, ROS 2 with ros_control, Orocos, and Gazebo
address broad classes of modeling, verification, and deploy-
ment problems. The niche addressed here is earlier in the
pipeline: rapid prototyping of human-in-the-loop biosignal
control with live, per-block timing diagnostics, soft real-time
streaming and scheduling on general-purpose operating
systems, multi-modal input/output (including feedback), and
human-readable, versionable configuration. The empirical
results indicate that these requirements can be met with
predictable timing and modest CPU and memory usage,
while remaining interoperable with Python and ROS where
appropriate.

Overall, MOSAIC is intended to bridge high-level proto-
typing environments and low-level real-time frameworks by
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combining open-source licensing, modular blocks, soft real-
time execution, and declarative configuration. In this study,
it supported rapid prototyping, transparent timing telemetry
(on-rate, lagging, stumbling, per-edge rates), incremental
learning, and multi-modal I/O within a unified suite, with
optional integration to ROS and Python-based machine
learning via PythonNetManager. Planned cross-platform
runtime and UI enhancements are outlined in the Future Work
section.

VII. FUTURE WORK

We plan to migrate the codebase to modern.NET 9.0 with an
Avalonia [71] based user interface. This will enable native,
cross-platform desktop builds on Windows, Linux, and
macOS, while preserving the current YAML-first workflow
and live instrumentation. The Avalonia transition is intended
to improve Ul flexibility for real-time visualization (e.g.,
multi-panel dashboards, high-DPI scaling, multi-monitor
layouts) and to simplify interaction with control panels during
experiments. The feasibility of mobile targets (i0S/Android)
will be evaluated using Avalonia’s toolchain, where practical.

Beyond desktop deployments, we aim to support portable
“edge” scenarios on lightweight devices (e.g., small
form-factor PCs, tablets) to facilitate data collection and
closed-loop experiments outside laboratory settings. This
includes attention to packaging (self-contained builds),
device access (e.g., BLE/Serial), offline operation, and
power/thermal considerations relevant to field studies in
rehabilitation, assistive technology, and mobile health.

To lower the entry barrier, a graph-based, drag-and-drop
pipeline editor is planned to complement YAML configura-
tion. The editor will round-trip to canonical YAML so that
visual and text-based specifications remain interchangeable
and version-controllable. Schema validation, templating,
and example galleries are planned to streamline common
acquisition/processing/control patterns.

Finally, we will extend Python and ROS integration beyond
the current examples (see Subsection III-J). For Python,
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this includes reference pipelines for common model classes,
environment management (dependency pinning/lockfiles),
and clearer lifecycle controls for long-running models.

VIIl. CONCLUSION

We presented MOSAIC, a YAML-first, block-based run-
time for biosignal-driven human—machine interaction that
unifies acquisition, processing, learning, and control with
live per-block diagnostics (BlockTable and control panels).
Across three online pipelines, MOSAIC exhibited predictable
soft real-time behavior with low timing jitter, high on-
time proportions, and modest CPU usage, while integrat-
ing Python-based models without disrupting acquisition.
A record-replay benchmark against Simulink showed a small
difference in steady-state CPU usage but a substantially lower
memory footprint for MOSAIC at 200 Hz (cf. Fig. 7), under
identical timing constraints.

Current limitations include a Windows/.NET Frame-
work 4.8 dependency and a smaller block catalog than
commercial suites. Planned work targets migration to mod-
ern.NET 9.0 with an Avalonia front end for cross-platform
builds, a graph-based editor that round-trips to YAML, and
extended Python/ROS integration with reference pipelines for
advanced temporal and deep models.

Overall, MOSAIC aims to bridge high-level prototyping
environments and low-level real-time frameworks by com-
bining open configuration, modular blocks, soft real-time
execution, and transparent runtime telemetry. In this study
it supported rapid, reproducible experimentation for assis-
tive robotics, rehabilitation, and human-machine interface
research, and provides a foundation for portable, multimodal,
and human-in-the-loop control systems.
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