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Abstract - Brain-Computer Interfaces (BCIs) represent one
of the most transformative frontiers in human-computer
interaction, yet widespread adoption remains constrained
by computational latency, bulky hardware, and limited
accessibility in resource-constrained environments. This
paper presents NeuroMesh, a novel edge-computing Brain-
Computer Interface framework designed and implemented
as a B.Tech final-year project at Shri Sai College of
Engineering and Technology (SSCET), Bhadravati.
NeuroMesh enables real-time motor imagery classification
from non-invasive electroencephalography (EEG) signals
using an edge-optimized hybrid deep learning architecture
combining lightweight Convolutional Neural Networks
(CNNs) with Gated Recurrent Units (GRUSs), deployed on
the Raspberry Pi 4 and NVIDIA Jetson Nano platforms.
The framework achieves end-to-end classification latency
of 127 ms with 91.3% accuracy on the BCI Competition 1V
Dataset 2b, outperforming traditional cloud-dependent
approaches that incur 800+ ms round-trip delays. A
custom-designed haptic feedback subsystem translates
classified motor imagery intentions into vibrotactile
patterns delivered through wearable actuator arrays,
enabling bidirectional human-machine communication
without visual dependency. The system incorporates an
adaptive calibration module using few-shot learning to
personalize models to individual users within 5 minutes of
initial setup, addressing inter-subject variability --- the
principal challenge in EEG-based BCls. All signal
processing, feature extraction, inference, and feedback
control execute locally on the edge device, ensuring
complete data privacy and operability in offline
environments. Rigorous evaluation across 12 participants
demonstrates a System Usability Scale (SUS) score of 82.7,
P300 spell-corrected communication throughput of 12.4
bits/min, and successful integration with assistive robotic
actuators for upper-limb rehabilitation exercises.
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I. INTRODUCTION

Brain-Computer Interfaces (BCls) establish direct
communication pathways between the human brain and
external devices, bypassing conventional neuromuscular
channels. Since the seminal work of Vidal in 1973, BCls have
evolved from laboratory curiosities into clinically viable
assistive technologies for individuals with severe motor
disabilities, including amyotrophic lateral sclerosis (ALS),
spinal cord injuries, and stroke-induced paralysis. The global
BCI market, valued at USD 1.74 billion in 2022, is projected
to reach USD 6.18 billion by 2030, driven by advances in
wearable sensing, machine learning, and edge computing.

Despite remarkable progress, three critical barriers
impede the translation of BCI research into practical,
affordable, and accessible solutions, particularly in resource-
constrained settings such as rural India and developing
nations. First, state-of-the-art BCI systems rely on cloud-based
inference pipelines that introduce latency exceeding 800 ms,
disrupting the real-time feedback loops essential for
neuroplasticity-driven rehabilitation. Second, commercial
EEG headsets and BCI development kits (Emotiv Epoc,
OpenBCl Ganglion) cost USD 799--2,500, placing them
beyond the reach of community health centers and individual
patients in low-income regions. Third, inter-subject EEG
variability necessitates lengthy calibration sessions (typically
30--60 minutes per user), reducing clinical throughput and
patient compliance.

www.irjiet.com 170



‘CIRJIET

NeuroMesh is conceived as a direct response to these
barriers. Developed over a ten-month period by a four-
member undergraduate team under the mentorship of Prof.
Pushpa T. Tandekar at SSCET, Bhadravati, the framework
embodies four foundational design principles: (1) Edge-First
Inference: All neural network inference executes on low-cost
edge hardware (Raspberry Pi 4, NVIDIA Jetson Nano),
eliminating cloud dependency and ensuring sub-150 ms end-
to-end latency. (2) Wearable Haptic Feedback: A custom-
designed vibrotactile sleeve translates classified motor
imagery intentions into intuitive tactile patterns, enabling
bidirectional communication without visual or auditory
dependency. (3) Few-Shot Personalization: An adaptive
calibration module using prototypical networks achieves
subject-specific model adaptation within 5 minutes using
fewer than 20 labeled trials. (4) Open-Source Affordability:
The complete hardware bill of materials is under USD 85,
democratizing access to BCI technology for rehabilitation
centers, research institutions, and individual developers.

The remainder of this paper is organized as follows.
Section 1l reviews related work in EEG-based motor imagery
classification, edge deep learning, and haptic feedback
systems. Section I11 defines the problem statement and clinical
motivation. Section IV presents the NeuroMesh system
architecture. Section V details the edge-optimized deep
learning model. Section VI describes the haptic feedback
subsystem. Section VII explains the few-shot personalization
module. Section VIII covers the hardware implementation.
Section X presents experimental results and evaluation.
Section X discusses comparative analysis with existing
systems. Section Xl concludes the paper with future
directions.

Il. RELATED WORK
A. EEG-Based Motor Imagery Classification

Motor imagery (MI) --- the mental simulation of
movement without physical execution --- produces distinctive
event-related desynchronization (ERD) and event-related
synchronization (ERS) patterns in the sensorimotor cortex,
detectable via EEG in the mu (8--13 Hz) and beta (13--30 Hz)
frequency bands. Pfurtscheller and Neuper established the
neurophysiological foundations of MI-BCI in the 1990s,
demonstrating that voluntary modulation of sensorimotor
rhythms could control external devices.

Traditional MI classification approaches rely on
handcrafted feature extraction followed by linear classifiers.
Common Spatial Patterns (CSP), introduced by Ramoser et al.,
remains the most widely used spatial filtering technique,
maximizing variance differences between two motor imagery
classes. However, CSP performance degrades significantly
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under non-stationary conditions, electrode displacement, and
inter-session variability. Regularized CSP (R-CSP) and filter-
bank CSP (FBCSP) extensions improved robustness but at the
cost of increased computational complexity.

Deep learning approaches have demonstrated superior
feature learning capabilities from raw EEG signals.
Schirrmeister et al. showed that shallow CNNs
(ShallowConvNet) outperform FBCSP on the BCI
Competition IV dataset. Lawhern et al. proposed EEGNet, a
compact CNN architecture specifically designed for EEG
signals, achieving state-of-the-art results across multiple BCI
paradigms with only 2,816 trainable parameters. More
recently, attention mechanisms and transformer architectures
have been applied to EEG classification, though their
computational demands often preclude edge deployment.

B. Edge Deep Learning for Real-Time Applications

Deploying deep learning models on edge devices presents
a fundamental tension between model capacity and
computational constraints. Howard et al. introduced
MobileNets using depthwise separable convolutions, reducing
computation by a factor of 8--9 compared to standard
convolutions. Tan et al. proposed EfficientNet, compound
scaling of depth, width, and resolution, though primarily
optimized for vision tasks.

For EEG-specific edge deployment, post-training
quantization (INT8) and quantization-aware training (QAT)
reduce model size by 4x with minimal accuracy degradation.
TensorFlow Lite and ONNX Runtime provide inference
engines optimized for ARM Cortex-A72 (Raspberry Pi 4) and
NVIDIA CUDA (Jetson Nano). TensorRT acceleration on
Jetson Nano achieves 2.1x speedup over standard TensorFlow
Lite, critical for sub-150 ms latency requirements in closed-
loop BCI systems.

C. Haptic Feedback in BCI and Rehabilitation

Haptic feedback enhances BCI performance by providing
somatosensory cues that reinforce motor imagery engagement.
Gomez-Rodriguez et al. demonstrated that vibrotactile
feedback on the forearm during motor imagery increases
classification accuracy by 12% compared to visual feedback
alone, attributing the improvement to cross-modal sensory
integration. McCreadie et al. developed a pneumatic haptic
glove for stroke rehabilitation, though the system’s bulk (2.3
kg) and power requirements (24V DC) limit clinical adoption.

Wearable haptic actuators based on eccentric rotating
mass (ERM) and linear resonant actuators (LRA) offer
compact, low-power alternatives. Precision Microdrives’ C10-
100 LRA (10 mm diameter, 100 Hz resonant frequency)
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delivers 1.2 G peak acceleration at 80 mwW power
consumption, suitable for wrist-worn feedback devices.
Multiplexer-driven arrays of LRAs enable spatiotemporal
pattern generation, encoding classification confidence through
vibration intensity and spatial location.

D. Research Gap

A comprehensive analysis reveals that no existing BCI
framework simultaneously addresses: (1) sub-150 ms end-to-
end latency on sub-USD-100 hardware, (2) wearable haptic
feedback without visual dependency, (3) sub-5-minute user
calibration via few-shot learning, (4) complete offline
operability with no cloud connectivity, and (5) open-source
implementation with documented hardware schematics.
NeuroMesh addresses all five dimensions in a single
integrated  framework  validated through  systematic
experimentation.

I11. PROBLEM STATEMENT AND MOTIVATION

Clinical observation and structured interviews with
neurologists at the Government Medical College, Nagpur, and
physiotherapists at SSCET’s affiliated rehabilitation center
revealed six critical gaps in existing BCl-assisted
rehabilitation systems:

1. Latency Barriers: Cloud-based inference pipelines
introduce 800--1,500 ms round-trip delays, exceeding the
200 ms threshold for effective neurofeedback identified
by Thompson et al. Patients experience disconnection
between intention and feedback, reducing training
efficacy.

2. Cost Barriers: Commercial BCI systems (g.tec, Brain
Products) cost USD 15,000--50,000, while affordable
consumer headsets (Muse, Emotiv) lack the channel
count (16+ electrodes) and signal quality required for
clinical motor imagery classification.

3. Calibration Overhead: Subject-specific calibration
requires 30--60 minutes of supervised data collection per
session, limiting clinical throughput to 6--8 patients per
day and reducing patient compliance due to fatigue.

4. Visual Dependency: Most BCls rely on visual feedback
(on-screen cursors, virtual reality environments),
excluding visually impaired patients and limiting
concurrent activity during rehabilitation exercises.

5. Connectivity Dependency: Rural rehabilitation centers in
India frequently experience power outages and lack
reliable internet connectivity, rendering cloud-dependent
systems inoperable during critical therapy sessions.

6. Power Constraints: Existing haptic feedback systems
require external power supplies (12--24V DC) and wired
connections, restricting patient mobility during exercises
and creating tripping hazards in clinical settings.
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These gaps collectively result in: (a) 73% of stroke
rehabilitation centers in Maharashtra lacking any BCI
capability, (b) patient dropout rates of 34% due to calibration
fatigue, (c) an estimated 2.1 million stroke survivors in India
receiving suboptimal upper-limb rehabilitation due to
technology inaccessibility.

IV. SYSTEM ARCHITECTURE
A. High-Level Architecture

NeuroMesh implements a four-layer edge-native
architecture: Sensing Layer, Signal Processing Layer,
Intelligence Layer, and Feedback Layer. The Sensing Layer
acquires EEG signals through a custom 16-channel active
electrode array based on the Texas Instruments ADS1299
analog front-end, sampling at 250 Hz with 24-bit resolution.
The Signal Processing Layer executes real-time band-pass
filtering (5--45 Hz), Common Average Reference (CAR)
spatial filtering, and Independent Component Analysis (ICA)
for ocular artifact removal. The Intelligence Layer performs
edge inference using the NeuroNet model (detailed in Section
V). The Feedback Layer translates classification outputs into
vibrotactile patterns via a wearable sleeve containing 8 LRA
actuators controlled by an STM32 microcontroller.

B. Data Flow Pipeline

Raw EEG Acquisition: 16-channel signals are digitized
by the ADS1299 and streamed via SPI to the Raspberry Pi 4 at
250 Hz (4 ms sample interval). A ring buffer maintains 2
seconds of data (500 samples x 16 channels) for sliding-
window classification.

Preprocessing: Each 2-second window undergoes 5th-
order Butterworth band-pass filtering (5--45 Hz) implemented
via scipy.signal.lfilter optimized with Numba JIT compilation
(processing time: 8 ms per window). CAR spatial filtering
subtracts the average amplitude across all channels from each
channel, reducing common-mode noise. FastiCA separates
artifact components; automatic detection of blink-related
independent components uses kurtosis thresholding (kurtosis >
4.0).

Feature Extraction and Inference: The preprocessed
window is reshaped into a 16 x 500 x 1 tensor (channels x
time x depth) and fed to the NeuroNet model. TensorFlow Lite
delegates inference to the Edge TPU (Coral USB Accelerator)
when available, falling back to CPU execution on Raspberry
Pi 4 without accelerator.

Feedback Generation: The classified motor imagery class
(left hand, right hand, both feet, rest) maps to a spatiotemporal
vibrotactile pattern. A confidence threshold (softmax
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probability > 0.75) gates feedback delivery, preventing
ambiguous classifications from generating confusing tactile
cues.
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C. Hardware Bill of Materials

Table | presents the complete hardware bill of materials
for the NeuroMesh prototype.

Table I: Neuromesh Hardware Bill of Materials

Component Model Qty Cost (USD)
EEG Analog Front-End TI ADS1299 1 18.50
Active Electrodes Ag/AgCl 10mm 16 4.80
Main Compute Board Raspberry Pi 4B (4GB) 1 45.00
Al Accelerator Google Coral USB 1 59.99
Haptic Controller STM32F103C8T6 1 3.20
LRA Actuators Precision C10-100 8 12.00
Power Supply Li-Po 3.7V 5000mAh 2 14.00
Wearable Sleeve 3D-Printed TPU 1 8.50
Miscellaneous PCB, Wires, Enclosure 1 15.00

Total hardware cost: USD 180.99, significantly below the
USD 500 target. Cost reduction to sub-USD 100 is achievable
at 100-unit production scale through PCB integration and bulk
component sourcing.

V. EDGE-OPTIMIZED DEEP LEARNING MODEL
A. NeuroNet Architecture Design

NeuroNet is a hybrid CNN-GRU architecture specifically
designed for EEG motor imagery classification under edge
constraints. The design rationale integrates three insights: (1)
CNNs excel at spatial-spectral feature extraction from EEG
topographies, (2) GRUs capture temporal dynamics in the 2-
second classification window, and (3) depthwise separable
convolutions reduce parameter count by 83% compared to
standard convolutions.

The architecture comprises four blocks. Block 1 (Spatial
Feature Extraction): A depthwise separable convolution with 8
filters, kernel size (1, 64), stride (1, 2), operating
independently on each channel to learn channel-specific
spectral filters. Block 2 (Temporal Feature Extraction): A
standard convolution with 16 filters, kernel size (16, 8),
combining information across all channels and time steps.
Block 3 (Recurrent Temporal Modeling): A bidirectional GRU
with 32 hidden units processes the flattened convolutional
features, capturing temporal dependencies in both forward and
backward directions. Block 4 (Classification): A dense layer
with 4 units (left hand, right hand, both feet, rest) with
softmax activation.

Total trainable parameters: 28,744. Model size (FP32):
115 KB. Quantized model size (INT8): 29 KB. Inference time
on Raspberry Pi 4: 42 ms. Inference time on Jetson Nano with
TensorRT: 19 ms.

© 2026 IRJIET All Rights Reserved

B. Quantization and Edge Deployment

Post-training dynamic range quantization converts FP32
weights to INT8 using symmetric quantization: W_q =
clamp(round(W / S), -127, 127), where S = max(abs(W)) /
127. Activation quantization uses runtime-calibrated min-max
ranges per layer. Quantization-aware training simulates INT8
arithmetic during forward passes, enabling the network to
adapt to quantization noise.

TensorFlow Lite conversion applies operator fusion
(Conv2D + BatchNorm + ReLU -> fused Conv2D), constant
folding, and dead code elimination. The resulting TFLite
model is 29 KB with INT8 weights and INT32 biases. On
Jetson Nano, TensorRT applies kernel auto-tuning, layer
precision calibration (FP16 for compute-bound layers, INT8
for memory-bound layers), and tensor memory optimization,
achieving 2.1x speedup over TFLite CPU execution.

C. Training Methodology

The model is trained on the BCI Competition 1V Dataset
2b comprising EEG data from 9 subjects performing left hand
and right hand motor imagery. Each subject contributed
approximately 400 trials over 5 sessions. Data augmentation
includes: (a) Gaussian noise injection (SNR 20 dB), (b) time
shifting (+/- 100 ms), (c) channel dropout (randomly zeroing
1--2 channels), and (d) frequency shifting (+/- 1 Hz).

The loss function combines categorical cross-entropy
with a center loss regularization term: L = L_CE + lambda *
L_center, where L_center encourages features of the same
class to cluster tightly in the embedding space, improving few-
shot adaptability. Training uses Adam optimizer with initial
learning rate 0.001, cosine annealing decay, batch size 32, and
early stopping with patience 15 epochs.
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Table 11: Model Comparison on BCI Competition 1V Dataset 2B

Architecture Params Model Size RPI4 Latency  Accuracy
EEGNet 2,816 11 KB 28 ms 82.1%
ShallowConvNet 40,324 161 KB 68 ms 85.3%
DeepConvNet 221,164 885 KB 312 ms 88.7%
NeuroNet (Ours) 28,744 115 KB 42 ms 91.3%
NeuroNet INT8 28,744 29 KB 19 ms 90.8%

VI. HAPTIC FEEDBACK SUBSYSTEM
A. Wearable Sleeve Design

The haptic feedback sleeve is a wrist-worn device
housing 8 Precision Microdrives C10-100 Linear Resonant
Actuators arranged in a circular pattern around the forearm,
spaced 45 degrees apart. Each LRA operates at its resonant
frequency of 100 Hz with peak acceleration 1.2 G, producing
clearly perceivable vibrations through clothing and light
bandages. The actuators are embedded in a 3D-printed TPU
(Thermoplastic Polyurethane) housing, providing flexibility,
durability, and skin-safe contact surfaces.

An STM32F103C8T6 microcontroller (ARM Cortex-M3,
72 MHz) drives the LRA array through a multiplexer-based
switching circuit using 8 N-channel MOSFETs (A03400).
PWM signals (0--100% duty cycle at 100 Hz) control
vibration intensity. The STM32 communicates with the
Raspberry Pi  via UART (115200 baud), receiving
classification results and mapping them to spatiotemporal
patterns. Total power consumption: 680 mW during active
feedback, 12 mW in idle mode.

B. Spatiotemporal Pattern Encoding

Four motor imagery classes map to distinct vibrotactile
patterns designed for intuitive discrimination without visual
reference:

Left Hand Imagery: Clockwise sequential activation of
actuators 1--4 (radial half) with 100 ms inter-stimulus interval,
creating a flowing sensation toward the left. Right Hand
Imagery: Clockwise sequential activation of actuators 5--8
(ulnar half) with 100 ms ISI, creating flowing sensation
toward the right. Both Feet Imagery: Simultaneous pulsing of
all 8 actuators at 2 Hz with 50% duty cycle, creating a global
body-sensation. Rest State: Single pulse on actuator 1
(reference point) at 1 Hz, indicating standby mode.

Pattern discrimination accuracy in pilot testing (n=8

VII. FEW-SHOT PERSONALIZATION MODULE
A. Prototypical Network Architecture

Inter-subject EEG variability arises from anatomical
differences (skull thickness, cortical folding), electrode
positioning, and idiosyncratic motor imagery strategies.
Traditional approaches address this through subject-specific
calibration sessions requiring 100+ labeled trials. NeuroMesh
replaces this with prototypical networks, a metric learning
approach that learns an embedding space where trials from the
same class cluster tightly around class prototypes.

During the 5-minute calibration, the user performs 5 trials
per class (20 total). Each trial passes through the pre-trained
NeuroNet feature extractor (Blocks 1--3), producing a 64-
dimensional embedding. Class prototypes are computed as the
mean embedding across the 5 trials per class. During
inference, the Euclidean distance between the trial embedding
and each prototype determines classification: class = argmin_c
|If(x) - prototype_c||"2.

B. Adaptive Prototype Refinement

As the user performs additional trials during normal
operation (with feedback confirmation), the system
accumulates  correctly  classified  embeddings  and
exponentially updates prototypes: prototype_c_new = alpha *
mean(new_embeddings) + (1 - alpha) * prototype_c_old, with
alpha = 0.3. This online adaptation progressively refines the
embedding space to the individual user without requiring
explicit retraining.

Table 111 presents calibration accuracy versus trial count
across 12 participants.

Table I11: few-shot calibration accuracy vs. Trial count (N=12)

Trials per 1 3 5 10 20 50
Class

Accuracy (%) 612 764 847 891 91.3 93.8

participants, 20 trials per class): 94.2% after 10 minutes of Calibration 30s  90s 5min  10min 20min 50min
familiarization, confirming intuitive interpretability. Time
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VIIl. HARDWARE IMPLEMENTATION AND SIGNAL
PROCESSING

A. EEG Acquisition Frontend

The analog front-end centers on the Texas Instruments
ADS1299, a 24-bit, 8-channel bioelectric potential
measurement ADC designed specifically for EEG and ECG
applications. Key specifications: input-referred noise 1 uVpp
(0.5--50 Hz), CMRR > 120 dB, programmable gain amplifier
(1--24x), and built-in right-leg drive (RLD) and lead-off
detection. Two ADS1299 chips operate in daisy-chain
configuration to support 16 channels.

Active electrodes use Ag/AgCI disks (10 mm diameter)
mounted in 3D-printed holders with conductive gel reservoirs.
Electrode placement follows the international 10-20 system,
focusing on motor cortex regions: C3, C4, Cz (primary motor
cortex), F3, F4 (supplementary motor area), P3, P4
(somatosensory association), and O1, O2 (reference). An
additional earlobe clip provides the reference potential.

B. Real-Time Signal Processing Pipeline

The signal processing chain executes on the Raspberry Pi
4 at real-time rates. Digital filtering: 5th-order Butterworth
band-pass (5--45 Hz) implemented via second-order sections
(SOS) for numerical stability. Processing time: 8.2 ms per 2-
second window (16 channels x 500 samples). Spatial filtering:
Common Average Reference computes the mean across
channels and subtracts from each channel (0.3 ms). Artifact
removal: FastiCA with pre-whitening separates 16
independent components in 12.4 ms. Automatic blink
detection uses kurtosis thresholding; components with kurtosis
> 4.0 and frontal spatial distribution are rejected.

All signal processing is implemented in Python 3.9 with
NumPy, SciPy, and scikit-learn. Numba JIT compilation
accelerates the inner loops by 8.3x compared to pure Python,
bringing total preprocessing time to 22.1 ms per window ---
well within the 40 ms budget for 25 Hz classification
throughput.

IX. RESULTS AND EVALUATION
A. Classification Performance

NeuroNet is evaluated on BCI Competition IV Dataset 2b
using session-to-session transfer, the clinically realistic
scenario where a model trained on earlier sessions is tested on
a later session from the same subject. Mean cross-session
accuracy across 9 subjects: 91.3% (SD = 4.1%), exceeding
EEGNet (82.1%) and ShallowConvNet (85.3%). The INT8
quantized model retains 90.8% accuracy, demonstrating
minimal quantization loss.
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Per-class performance: Left Hand (92.1% precision,
89.4% recall), Right Hand (90.7% precision, 93.2% recall),
Both Feet (91.4% precision, 90.8% recall), Rest (94.2%
precision, 91.9% recall). Confusion analysis reveals most
errors occur between Left Hand and Right Hand (8.3% of total
errors), consistent with the spatial proximity of hand
representations in the motor cortex homunculus.

B. Latency Benchmarking

End-to-end latency is measured from EEG sample
acquisition to haptic feedback activation using an
oscilloscope-triggered GPIO pulse. Raspberry Pi 4 (CPU-
only): 127 ms total (acquisition 4 ms, preprocessing 22 ms,
inference 42 ms, feedback routing 8 ms, actuator rise time 51
ms). Jetson Nano (TensorRT): 94 ms total (inference reduced
to 19 ms). Both configurations satisfy the < 200 ms clinical
requirement for effective neurofeedback.

Table IV: Neuromesh Evaluation Results

Metric Measured Target Status
Classification 91.3% > 85% Pass
Accuracy
End-to-End Latency 127 ms <200 ms Pass
(RPi4)

End-to-End Latency 94 ms <200 ms Pass
(Jetson)

Calibration Time 5 min <10 min Pass
Hardware Cost USD 181 <USD 200  Pass
Power Consumption 680 mW <1000 mW  Pass

SUS Score 82.7 >80 Pass

Haptic Pattern 94.2% > 90% Pass
Discrimination

Model Size (INT8) 29 KB <100 KB Pass
Offline Operability Yes Required Pass

C. User Study and Usability Evaluation

A System Usability Scale (SUS) study was administered
to 12 participants (6 stroke survivors, 4 healthy controls, 2
physiotherapists) after 3 sessions of NeuroMesh usage. Mean
SUS score: 82.7 (SD = 6.2), classifying the system as
“Excellent” per Bangor et al. Highest-scoring items: ease of
learning (Q4, mean 4.5/5) and haptic feedback intuitiveness
(Q7, mean 4.7/5). Lowest-scoring item: initial calibration
clarity (Q5, mean 3.8/5), prompting redesign of the calibration
wizard with animated visual guidance.

Qualitative feedback from stroke survivors highlighted
the value of haptic feedback during motor imagery: “I can feel
my intention being recognized even with my eyes closed. It
gives me confidence that my brain is sending the right
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signals.” (Participant 3, 62-year-old male, 8 months post-
ischemic stroke). Physiotherapists noted the 5-minute
calibration enabled treating 3x more patients per day
compared to existing systems requiring 30+ minute setup.

D. Assistive Robotic Integration

NeuroMesh was integrated with a 3-DOF assistive
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rehabilitation  exercises.  Successful — motor  imagery
classification triggered robotic-assisted movement in the
corresponding limb direction. Over 20 rehabilitation sessions
(2 per week, 30 minutes each), a 58-year-old stroke survivor
demonstrated a 34% improvement in Fugl-Meyer Assessment
Upper Extremity (FMA-UE) score, rising from 28 to 38
points, exceeding the minimal clinically important difference
(MCID) of 5.25 points.

robotic arm (Dobot Magician Lite) for upper-limb
X. COMPARISON WITH EXISTING SYSTEMS
Table V: Comparison with Existing BCI Systems
Feature NeuroMesh OpenBCl g.tec Unicorn Emotiv EPOC

Hardware Cost < USD 200 USD 450 USD 5,000 USD 799
Channels 16 8 8 14
Edge Inference Yes (RPi4) No No Partial
End-to-End Latency 127 ms N/A 800+ ms 500+ ms
Haptic Feedback Built-in No No No
Calibration Time 5 min 30+ min 30+ min 15 min
Offline Operation Full Partial No No
Open Source Yes Yes No No
Assistive Robot Integration Yes No Yes No
Accuracy (MI) 91.3% N/A N/A ~75%

X1. CONCLUSION

NeuroMesh  demonstrates that a  four-member
undergraduate team, working within a ten-month development
cycle and a sub-USD-200 hardware budget, can deliver a
Brain-Computer Interface framework that meaningfully
advances the state of the art across four dimensions: real-time
edge inference latency, wearable haptic feedback, rapid few-
shot personalization, and complete offline operability.

The framework achieves 91.3% motor imagery
classification accuracy on standard BCI benchmarks, 127 ms
end-to-end latency on Raspberry Pi 4, and 82.7 SUS score ---
all within clinically acceptable thresholds. The sub-5-minute
calibration via prototypical networks addresses the principal
usability barrier in EEG-based BCls, while the USD 181
hardware cost enables deployment in resource-constrained
settings including rural rehabilitation centers and community
health programs.

Integration with assistive robotic systems demonstrated
measurable clinical improvement (34% FMA-UE score
increase), establishing a pathway from laboratory BCI
research to practical neurorehabilitation tools. The open-
source release of all hardware schematics, firmware, and
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model weights ensures reproducibility and invites community
contribution.

XIl. FUTURE SCOPE

Six directions for future development have been
identified based on clinical feedback and technical analysis:

1. Dry Electrode Integration: Replace gel-based Ag/AgCI
electrodes with active dry electrodes (TiN coated) to
eliminate skin preparation and conductive gel, improving
usability in home-based rehabilitation settings.

2. Multi-Modal Fusion: Integrate electromyography
(EMG) signals from residual muscle activity with EEG
to create a hybrid BCI that maintains operability during
periods of low EEG signal quality.

3. Transfer Learning Across Subjects: Implement
subject-independent training using domain adversarial
neural  networks to learn invariant  feature
representations, potentially eliminating the need for per-
subject calibration entirely.

4. Wireless EEG Streaming: Develop a Bluetooth Low
Energy (BLE 5.0) wireless EEG cap to eliminate tethered
connections and enable mobile rehabilitation exercises
beyond the bedside or clinic.
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5. Gamified Rehabilitation: Create immersive
rehabilitation games controlled by motor imagery, with
difficulty adapting to the user’s classification accuracy to
maintain engagement and optimize challenge levels.

6. Clinical Trial: Conduct a randomized controlled trial
with 50+ stroke survivors comparing NeuroMesh-
assisted rehabilitation to conventional physiotherapy
alone, measuring FMA-UE, Modified Ashworth Scale,
and quality-of-life outcomes at 3-month and 6-month
follow-up.
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