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Abstract—The integration of Brain-Computer Interface 

(BCI) technologies with robotic systems has opened 

transformative pathways in neurorehabilitation, 

particularly for individuals experiencing upper limb 

motor impairments due to stroke, spinal cord injury, or 

neurodegenerative diseases. This review presents an 

extensive survey of BCI-based robotic arm systems, 

synthesizing key advances in signal acquisition, feature 

extraction, classification techniques, control strategies, 

and clinical validation studies. The paper critically 

analyzes current methodologies, system architectures, 

technical limitations, and identifies avenues for future 

enhancements including real-time integration, adaptive 

control, and multisensory feedback systems. 

 

Index Terms—Brain-Computer Interface, Motor 

Imagery, EEG, Robotic Arm, Neurorehabilitation, 

Spiking Neural Networks, Deep Learning, Real-Time 

Control. 

 

I. INTRODUCTION 

 

Disability caused by upper limb paralysis presents 

significant challenges in activities of daily living 

(ADLs) such as eating, dressing, and grasping objects. 

Traditional assistive solutions, such as mechanical 

prostheses or myoelectric-controlled devices, require 

intact neuromuscular pathways and extensive training. 

Recent research in neuroscience and computational 

technologies has led to the development of BCIs 

capable of translating neural activity into actionable 

control signals, bypassing damaged peripheral 

systems. 

EEG-based BCIs offer a non-invasive approach to 

measuring electrical activity from the cortex 

associated with motor intention. While invasive 

techniques like electrocorticography (ECoG) provide 

higher fidelity, their clinical adoption is limited due to 

safety concerns. Non-invasive EEG-based BCI 

systems aim to bridge this gap by offering real-time, 

reliable, and user-friendly interfaces for robotic limb 

control. 

 

II. LITERATURE REVIEW 

 

A. EEG-Based Motor Imagery (MI) Systems 

MI-based BCI systems exploit the modulation of EEG 

rhythms in the alpha and beta bands during imagined 

limb movements. Event-related desynchronization 

(ERD) and synchronization (ERS) serve as the 

primary physiological correlates. Chacko et al. [2] 

used 129-channel EEG systems with spatial Laplacian 

filtering to distinguish between closely related tasks 

(grab, lift, grab+lift), achieving classification 

accuracies up to 95.65%. 

B. Signal Classification Techniques 

Traditional classifiers such as Linear Discriminant 

Analysis (LDA) and Support Vector Machines (SVM) 

are widely used. Recent work, including that by 

Joshua Alfred et al. [1], has demonstrated the superior 

accuracy of 2D CNN and Spiking Neural Networks 

(SNNs) when trained on spectrograms of EEG signals. 

TABLE I.  COMPARISON OF CLASSIFICATION METHODS 

USED IN MI-BCI STUDIES. 

Method 
Accura

cy 

Dataset 

Size 
EEG Channels 

LDA 

(Chacko 

et al.) 

95.65

% 

28 

subjects 
129 

CNN 

(Alfred et 

al.) 

99.06

% 
60 trials 

3 (C3, C4, 

mastoid) 

RCNN 

(Lee et 

al.) 

73.9% 
5  

subjects 
64 
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C. Multi-Command Control 

Wang et al. [5] demonstrated an MI-based BCI 

protocol that generates eight distinct commands using 

a three-mode imagery paradigm (left hand, right hand, 

foot), significantly increasing the degrees of control in 

robotic systems. 

 
Figure 1: Classification of accuracy for Multi-

Command Ml Tasks 

 

D. Clinical Studies 

Ang et al. [4] conducted a clinical study comparing 

MI-BCI-driven robotic rehabilitation with standard 

robotic therapy using the MIT-Manus system. The 

BCI group showed greater motor improvement in 

stroke patients, particularly after two months, with 

statistically significant FM score gains. 

TABLE II.  FUNCTIONAL RECOVERY 

COMPARISON FROM [4] 

Method 
Accurac

y 
Dataset Size 

BCI+ Robot +6.0 +6.5 (p=0.019) 

Robot Only +4.0 +2.8 

 

E. Imagery Strategies 

Kinesthetic versus visual MI strategies were compared 

by Arfaras et al. [7], showing that although kinesthetic 

MI led to better training metrics, visual MI achieved 

slightly better real-time control. The choice of strategy 

may depend on individual cognitive traits. 

 
Figure 2: Success rates using visual and kinesthetic 

MI in 30 participants. (Adapted from [7]) 

III. SYSTEM OVERVIEW: THE NEUROARM 

ARCHITECTURE 

 

A. EEG Signal Acquisition 

NeuroArm uses non-invasive EEG acquisition via an 

Emotiv EPOC headset, targeting the C3, Cz, and C4 

regions. Signals are sampled at 128–256 Hz, with 

hardware-level filtering (bandpass: 0.5–30 Hz). 

Recent implementations, such as Zhang et al. (2021), 

have demonstrated that SSVEP-based BCIs can 

achieve real-time control of robotic arms for grasping 

tasks with notable accuracy and minimal calibration 

time, highlighting their practical potential in 

rehabilitation scenarios. 

B. Signal Preprocessing and Feature Extraction 

NeuroArm employs baseline correction, band-pass 

filtering, and Common Spatial Pattern (CSP) or 

Wavelet Transform for feature extraction. Future 

integration includes ICA for artifact removal. Filtering 

(0.5–30 Hz), CSP, and time-frequency 

transformations (e.g., STFT, wavelet) are standard. 

 

 
Figure 3: Synthetic EEG Spectrogram 

C. Signal Classification 

LDA is currently used for classifying binary MI tasks. 

However, experiments with CNNs trained on 

spectrograms are underway to improve accuracy and 

latency. Comparison of SVM, MLP, CNN, and RCNN 

models across tasks and feature sets. 

 
Figure 4: Model-wise accuracy trend across tasks 

(bar chart). (Synthesized from [1], [2], [3]) 
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D. Robotic Arm Control 

Systems use microcontrollers (e.g., Arduino) to 

receive classifier outputs. Movements are broken into 

discrete actuation steps. 

 
Figure 5: Illustration of Robotic arm control (Refer to 

[5]) 

 

E. Software Interface 

A GUI developed in Python using Tkinter allows users 

to view EEG signals and initiate training/validation 

cycles. Below is a sample command-accuracy graph. 

 
Figure 6: Command Classification Accuracy 

 

IV. PERFORMANCE EVALUATION AND 

LIMITATIONS 

 

A. Inter-Subject Variability 

Accuracy drops for unseen subjects. Transfer learning 

is suggested. 

B. Latency Analysis 

Typical latency from MI onset to actuation is ~250-

350 ms. 

TABLE III.  LATENCY PER TASK (AVERAGE OVER 

10 TRIALS). 

BCI Task 
Average Latency 

(ms) 

Grasp 320 

Release 310 

Lift 345 

 

V. FUNCTIONAL AND NON-FUNCTIONAL 

SCOPE 

 

A. Functional Capabilities 

● Binary MI command recognition (movement/rest) 

● Execution of robotic limb commands (grab, lift, 

move) 

● Feedback on command success/failure through 

GUI 

 

B. Non-Functional Attributes 

● Latency: <300 ms response from EEG to action 

● Usability: Minimal calibration required for daily 

use 

● Robustness: Operates in presence of mild artifacts 

● Portability: Battery-powered system operable in 

clinics and homes  

 

VI. TECHNICAL CHALLENGES 

 

A. Dataset Limitations 

Most training datasets are user-specific, leading to 

overfitting and poor generalization. The system 

currently lacks a transfer learning framework. 

B. Real-Time Integration Gaps 

Offline validation is robust, but real-time EEG 

streaming with feedback remains underdeveloped in 

NeuroArm. Buffering and latency issues need to be 

resolved. 

C. Preprocessing Deficiencies 

Artifact rejection (EOG, EMG) is limited. Future 

implementations should include ICA and adaptive 

filtering. 

D. Low Command Bandwidth 

Presently, only binary classifications are used. 

Expanding to multi-class outputs (e.g., using SNN or 

RCNN) is needed to support complex tasks. 

E. User Training Requirements 

Effective MI generation varies significantly among 

users, requiring multiple calibration sessions. This 

limits scalability. 
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VII. FUTURE WORK 

 

A. Adaptive Interfaces 

Real-time calibration and error correction using online 

learning. 

 

B. Multimodal Feedback 

Integration of vibrotactile or auditory feedback. Motor 

imagery (MI)-based paradigms are widely utilized in 

rehabilitation-focused BCIs, with consistent evidence 

showing that MI activation leads to sensorimotor 

cortex plasticity beneficial for motor recovery 

(Pfurtscheller et al., 2017). 

 
Figure 6: Conceptual diagram of closed-loop MI-BCI 

robotic feedback system. (Refer to [4]) 

 

 
Expanded Datasets 

Need for publicly available datasets with diverse 

subjects. 

Deep Learning and Hybrid Approaches 

Transformer-based temporal attention models for 

high-dimensional EEG. Hybrid BCI systems, which 

integrate EEG with EMG or EOG signals, have been 

explored to enhance classification accuracy and 

reduce false positives, offering a promising direction 

for robust control in assistive robotics (Choi et al., 

2021). 

 

VIII. CONCLUSION 

 

BCI-controlled robotic limbs represent a significant 

advancement in assistive and rehabilitative 

technologies. This review surveyed foundational 

studies, clinical trials, and technical components. A 

shift toward deep learning, real-time control, and 

multimodal interfaces will likely define the next 

generation of systems. 
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