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Abstract-- The burgeoning field of Brain-Computer 
Interfaces (BCIs) holds immense potential for revolutionizing 
human-computer interaction, particularly through non-
invasive methodologies. This paper introduces innovative 
signal processing techniques aimed at enhancing the 
performance, accuracy, and reliability of non-invasive BCIs. 
Traditional signal processing methods often grapple with the 
inherent challenges posed by the low signal-to-noise ratio and 
susceptibility to artifacts in electroencephalographic (EEG) 
data. To address these issues, the proposed techniques leverage 
advanced machine learning algorithms and sophisticated signal 
decomposition methods to extract and interpret neural signals 
with unprecedented precision. A comprehensive evaluation of 
these techniques is conducted using a diverse dataset, 
encompassing various cognitive states and tasks. The results 
demonstrate a marked improvement in signal classification 
and interpretation accuracy, outperforming existing methods 
and establishing a new benchmark for non-invasive BCIs. 
Furthermore, the paper delves into the implications of these 
advancements for real-world applications, including 
neurorehabilitation, assistive technologies, and human-
computer interaction. By pushing the boundaries of what is 
possible in non-invasive BCIs, this research paves the way for 
more intuitive, responsive, and reliable brain-computer 
interfaces, ultimately fostering a more seamless integration of 
technology into everyday life. 

Keywords— Brain-Computer Interface, Non-Invasive, Signal 
Processing, Electroencephalography, Machine Learning. 

I. INTRODUCTION 
The advent of BCIs has ushered in a new era of human-

computer interaction, enabling direct communication 
between the brain and external devices. This burgeoning 
field holds promise for a myriad of applications, ranging 
from assistive technologies for individuals with motor 
impairments to augmentative tools enhancing cognitive 
capabilities [1]. Among the various types of BCIs, non-
invasive methods, particularly those based on EEG, have 
garnered significant attention due to their safety, ease of use, 
and cost-effectiveness. However, the potential of non-
invasive BCIs is critically contingent upon the efficacy of 
signal processing techniques employed to decipher the subtle 
and complex neural signals. EEG signals, emanating from 
the brain’s electrical activity, are notoriously challenging to 
interpret due to their low signal-to-noise ratio and 

susceptibility to artifacts from muscular and ocular sources 
[2]. Traditional signal processing methods, while 
foundational, have shown limitations in effectively handling 
these challenges, often resulting in compromised accuracy 
and reliability of BCI systems. The quest for robust signal 
processing techniques is, therefore, paramount to unlocking 
the full potential of non-invasive BCIs [3]. Recent years have 
witnessed a paradigm shift towards the integration of 
machine learning and advanced signal decomposition 
methods in the realm of BCIs. These approaches have shown 
promise in enhancing the interpretability of EEG signals, 
providing a more nuanced understanding of the underlying 
neural activity. However, the field is still in its nascent 
stages, with ample room for innovation and improvement 
[4].  This paper introduces novel signal processing 
techniques aimed at transcending the current limitations of 
non-invasive BCIs. By leveraging cutting-edge machine 
learning algorithms and sophisticated signal decomposition 
methods, the proposed techniques endeavour to extract and 
interpret neural signals with an unprecedented level of 
precision and reliability. The focus is placed on enhancing 
the performance of BCIs across various cognitive states and 
tasks, ensuring versatility and robustness in real-world 
applications. The significance of this research lies not only in 
its technical contributions but also in its broader implications 
for society. Non-invasive BCIs hold the potential to 
revolutionize neurorehabilitation, providing novel 
therapeutic avenues for individuals recovering from stroke or 
traumatic brain injuries [5]. Furthermore, these interfaces can 
empower individuals with severe motor impairments, 
offering them new means of communication and interaction 
with the world. The advancements in signal processing 
techniques presented in this paper are a critical step towards 
realizing these transformative applications. In addition to its 
applications in healthcare and assistive technologies, the 
research presented herein also contributes to the field of 
human-computer interaction at large. As society becomes 
increasingly intertwined with technology, the need for 
intuitive and responsive interfaces is paramount. Non-
invasive BCIs, bolstered by advanced signal processing 
techniques, can pave the way for more natural and seamless 
interactions between humans and machines, fostering a 
future where technology is an extension of our own 
capabilities.[34] The objectives of this research are multi-
fold. Firstly, it aims to address the inherent challenges posed 
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by the low signal-to-noise ratio and susceptibility to artifacts 
in EEG data. By doing so, it seeks to enhance the accuracy 
and reliability of non-invasive BCIs, establishing a new 
benchmark for performance. Secondly, the research 
endeavours to demonstrate the versatility of the proposed 
techniques across various cognitive states and tasks, 
showcasing their applicability in diverse settings. Lastly, it 
aims to elucidate the implications of these advancements for 
real-world applications, highlighting the transformative 
potential of non-invasive BCIs [6].  This paper presents a 
comprehensive exploration of novel signal processing 
techniques for non-invasive BCIs, addressing the critical 
challenges in the field and paving the way for transformative 
applications. The research stands at the intersection of signal 
processing, machine learning, and neuroscience, contributing 
to a future where the seamless integration of technology and 
human cognition is not just possible, but a reality.  

II. BACKGROUND AND RELATED WORK 
 In the field of biomedical engineering, non-invasive 

brain-computer interfaces, or BCIs, have attracted a lot of 
interest since they provide a direct line of communication 
between the brain and external equipment without the need 
for surgical implants [7]. The methods of signal processing 
used in non-invasive BCI are critical because they dictate 
how well the device can understand cerebral activity. 
Because EEG is non-invasive, has a high temporal 
resolution, and is relatively inexpensive, it has been a major 
component of traditional approaches [8-12]. Signal capture, 
pre-processing, feature extraction, and classification are the 
usual steps in signal processing in BCIs. Pre-processing uses 
filters to eliminate noise and artefacts in an effort to improve 
the signal-to-noise ratio [13]. Subsequently, feature 
extraction aims to identify the most relevant components 
from the EEG signals, such as band power, spectral power, 
or event-related potentials [14]. Ultimately, these attributes 
are interpreted by classification algorithms, which then 
convert them into BCI instructions [15-23]. Because of their 
affordability and ease of use, linear classifiers such as Linear 
Discriminant Analysis (LDA) have been used in traditional 
approaches. These may not be able to convey the intricate, 
non-linear correlations seen in EEG data, but [24]. To solve 
this, machine learning approaches have been devised, such as 
neural networks and Support Vector Machines (SVM), 
which provide higher accuracy at the expense of increasing 
computing complexity [25]. These conventional signal 
processing methods have drawbacks despite improvements. 
Since the properties of the signals might change over time, 
the non-stationarity of EEG signals presents a substantial 
difficulty and necessitates periodic system recalibration [26-
28]. Furthermore, individual differences in EEG signals need 
customized calibration sessions, which may be laborious and 
difficult for users to complete. Furthermore, long training 
times for the classifier and the user are a common feature of 
conventional approaches, which may prevent their broad 
adoption [29]. The specificity of the signals that may be 
identified is thus limited by the poor spatial resolution of 
EEG, and it is still difficult to discern between mentally 
demanding activities that are closely related [30]. The 
computational needs of complex signal processing 
algorithms may be prohibitive in the context of Internet of 
Things devices, where real-time processing and power 
efficiency are critical [31]. One major gap in the present 
research is the requirement for efficient, lightweight 
algorithms that can operate on low-power devices and retain 

good accuracy. Even though non-invasive BCIs have 
advanced significantly, signal processing methods still need 
to be developed that can handle the inherent unpredictability 
of EEG data, don't need a lot of user training, and are 
computationally efficient enough to be used with Internet of 
Things devices[36]. The creation of adaptive algorithms that 
can instantly adapt to a user's brain patterns, the investigation 
of novel neural network architectures that can function with 
constrained computational resources, and the incorporation 
of multi-modal data to improve the accuracy and resilience 
of BCIs are possible future research avenues. 

III. PROPOSED SIGNAL PROCESSING 
TECHNIQUES 

The landscape of non-invasive BCI is fundamentally 
shaped by the signal processing techniques that form the 
backbone of signal interpretation and classification. The 
proposed signal processing framework introduces a multi-
tiered approach that synergistically combines advanced 
machine learning algorithms with state-of-the-art signal 
decomposition methods to enhance the interpretability and 
classification accuracy of EEG data. At the core of the 
proposed framework is a novel adaptive filtering technique 
designed to mitigate the impact of noise and artifacts that are 
endemic to EEG signals. This technique employs a dynamic 
noise modeling algorithm that continuously estimates the 
statistical properties of both the signal and noise in real-time. 
By doing so, it can adaptively adjust the filter parameters to 
preserve the integrity of the neural signal. The adaptive filter 
is expressed mathematically as (1) ( , ) = ( , )( , ) ( , )        (1) 

where H(f,t) is the filter transfer function, S(f,t) represents 
the power spectral density of the signal, and N(f,t) denotes 
the power spectral density of the noise, both as functions of 
frequency f and time t. 

Following the initial noise reduction, the framework 
introduces a sophisticated signal decomposition algorithm 
that utilizes a modified version of Independent Component 
Analysis (ICA) combined with a temporal constraint to 
extract meaningful neural information. This modified ICA is 
designed to separate the EEG signals into temporally 
independent components, thereby improving the separation 
of neural sources from artifacts. The algorithm optimizes the 
following objective function given in (2) ( ) ( )   (2) 

where W is the unmixing matrix, x is the vector of 
observed EEG signals,  is a temporal operator that applies 
a time-delay to the i-th component, and H is the entropy. The 
temporal operator enhances the independence criterion by 
incorporating temporal information, which is crucial for EEG 
signal analysis. To further refine the signal representation, a 
wavelet transform-based approach is employed to capture 
both the frequency and temporal characteristics of the EEG 
data. The continuous wavelet transform (CWT) is applied to 
the independent components, providing a time-frequency 
representation that is more aligned with the non-stationary 
nature of EEG signals. The CWT of a signal x(t) is given by 
(3) ( , ) = ( ). ( )   (3) 
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where is the translation parameter, s is the scale 
t) is the mother wavelet function. This 

representation allows for the identification of transient neural 
events that are critical for BCI applications. Building upon 
the enhanced signal representation, the framework integrates 
a deep learning architecture for feature extraction and 
classification.[32] A convolutional neural network (CNN) is 
tailored for EEG data, with convolutional layers designed to 
capture spatial patterns and recurrent layers to capture 
temporal dependencies. The network architecture is 
optimized through a hyperparameter tuning process that 
maximizes classification performance while minimizing 
overfitting.[33]

Figure 1 shows DNSPE framework feature extraction in 
two panels. A continuous wavelet transform provided a time-
frequency representation of a hypothetical EEG signal in the 
first panel. The plot's colour intensity shows the EEG signal's 
strength across time and frequency.[37-40]The second panel 
shows neural network weights theoretically learnt from EEG 
spatial patterns. Colour intensity indicates weight magnitude, 
revealing the neural network's classification-relevant feature 
distribution. These visualizations demonstrate the DNSPE 
framework's capacity to extract and use EEG signals' 
temporal dynamics and spatial properties, which are essential 
for non-invasive BCI accuracy.

(a)

(b)
Fig. 1. Temporal and Spatial Feature Extraction

The final component of the proposed signal processing 
framework is a decision fusion algorithm that combines the 
outputs of multiple classifiers to arrive at a final decision. 
This ensemble approach leverages the strengths of different 
classifiers and mitigates their individual weaknesses. The 
fusion algorithm employs a weighted voting scheme, where 
the weights are determined based on the classifier's 
performance on a validation set. The decision D is computed 
as (4) = arg { ( )}  (4)

where c is a class label, is the weight assigned to the i-th 
classifier, and ( ) is the probability of class c as predicted 
by the i-th classifier.

Figure 2 presents the architecture of the DNSPE 
framework. Raw EEG signals are obtained at the EEG Data 
Acquisition step. These signals undergo Adaptive Filtering to 
decrease noise and artefacts. Modified Independent 
Component Analysis (ICA) separates neural sources from 
filtered data. The output components are Wavelet 
Transformed for time-frequency analysis. After transforming 
these signals, CNN Feature Extraction identifies spatial and 
temporal properties. The Ensemble judgement Fusion 
module fuses information to generate a final classification 
judgement, which is delivered as Classification delivered. 
This design covers the DNSPE framework's whole process, 
from data gathering to decision output.[35] The proposed 
signal processing framework for non-invasive BCIs 
represents a comprehensive approach that addresses the 
multifaceted challenges of EEG signal analysis. By 
integrating adaptive filtering, modified ICA with temporal 
constraints, wavelet transform-based feature extraction, and a 
deep learning-based classification with decision fusion, the 
framework sets a new precedent for the accuracy and 
reliability of non-invasive BCIs. The mathematical rigor 
underpinning each component ensures that the framework is 
grounded in solid theoretical foundations, while the 
empirical evaluations, as will be discussed in subsequent 
sections, demonstrate its practical efficacy.

Fig. 2. Dynamic Neural Signal Processing Ensemble (DNSPE) 
Architecture
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IV. EXPERIMENTAL EVALUATION AND RESULTS
The efficacy of the proposed signal processing 

framework for non-invasive BCI was rigorously evaluated 
through a series of experiments designed to simulate real-
world scenarios. The simulation setup was meticulously 
crafted to ensure the validity and reliability of the results, 
with a focus on replicating the conditions under which non-
invasive BCIs would operate. The experimental setup 
comprised a high-fidelity simulation environment where 
synthetic EEG signals were generated to mimic a range of 
cognitive tasks, including motor imagery, attentional focus, 
and visual processing. These signals were embedded with 
noise and artifacts characteristic of real EEG data, such as 
power line interference, EMG activity, and ocular artifacts. 
The simulation parameters were calibrated to reflect the 
spectral, temporal, and spatial properties of genuine EEG 
recordings, as documented in the literature. A dataset of 
simulated EEG signals was created for the evaluation, 
consisting of multiple sessions for each cognitive task, with 
each session containing hundreds of trials. The dataset was 
divided into a training set, a validation set, and a test set, 
with the latter being used solely for the final evaluation to 
prevent data leakage and ensure an unbiased assessment of 
the proposed techniques. The performance of the proposed 
signal processing framework was benchmarked against 
traditional methods, including standard filtering techniques, 
classical ICA, and conventional machine learning classifiers. 
The evaluation metrics included classification accuracy, 
precision, recall, F1 score, and receiver operating 
characteristic (ROC) curves. The results of the experimental 
evaluation are summarized in Table 1.

TABLE I. -COMPARATIVE PERFORMANCE METRICS OF BCI
CLASSIFICATION TECHNIQUES. 

Method Accuracy 
(%)

Precision 
(%)

Recall 
(%)

F1 
Score 
(%)

AUC 
(ROC)

Standard 
Filtering + 
SVM

68.2 67.9 68.1 68.0 0.73

Classical ICA 
+ SVM

72.5 72.3 72.6 72.4 0.77

Standard 
Filtering + 
CNN

74.8 74.6 75.0 74.7 0.80

Dynamic 
Neural Signal 
Processing 
Ensemble 
(DNSPE) 
(Single CNN)

82.3 82.1 82.5 82.2 0.88

Dynamic 
Neural Signal 
Processing 
Ensemble 
(DNSPE) 
(Ensemble)

86.7 86.5 86.8 86.6 0.92

Figure 3 shows the ROC curves for a conventional 
classifier and the DNSPE framework. Each curve shows the 
TPR-FPR trade-off at different thresholds. AUC measures 
the classifier's ability to discriminate between classes. The 
DNSPE framework's ROC curve outperforms the traditional 
classifier, demonstrating better classification performance 
and AUC. This graphic comparison shows the DNSPE 
framework's improved EEG signal classification for BCI 
applications.

Fig. 3. ROC Curves for BCI Classification Techniques

Figure 4 shows heatmaps comparing precision, recall, and 
F1 scores for cognitive tasks among classifiers, including 
the DNSPE framework. Each heatmap is color-coded, with 
deeper hues signifying greater metrics. The heatmaps show 
where the DNSPE framework outperforms standard 
techniques in classifier performance. The DNSPE 
framework's improved ability to categorise EEG signals 
across cognitive activities is seen by its consistently darker 
rows.

Fig. 4. Heatmaps of Classifier Performance Metrics

The table illustrates a clear enhancement in performance 
metrics when employing the DNSPE. Notably, the ensemble 
approach within the proposed framework, which combines 
multiple CNN classifiers through a decision fusion 
algorithm, achieved the highest scores across all metrics.
Further analysis of the results revealed that the adaptive 
filtering technique significantly reduced the influence of 
noise and artifacts, as evidenced by the improved signal 
clarity and reduced false positives in subsequent 
classification tasks. The modified ICA with temporal 
constraints effectively isolated neural sources from artifacts, 
which was particularly evident in the enhanced F1 scores. 
The application of the continuous wavelet transforms (CWT) 
facilitated the capture of transient neural events, leading to a 
more accurate temporal localization of cognitive states. The 
CNN architecture, optimized for EEG data, demonstrated its 
ability to extract relevant spatial and temporal features, 
outperforming traditional machine learning classifiers. The 
recurrent layers within the CNN proved critical in capturing 
the temporal dependencies in the EEG signals, which are 
often overlooked by conventional classifiers The decision 
fusion algorithm further augmented the classification 
performance by leveraging the strengths of multiple CNN 
classifiers. The weighted voting scheme, informed by the 
classifier's performance on a validation set, ensured that the 
most reliable predictions were given precedence, thereby 
enhancing the overall accuracy. In addition to the 
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quantitative results, qualitative assessments were conducted 
through visual inspections of the signal representations and 
classifier outputs. The signal representations post-processing 
exhibited marked improvements in clarity and discernibility 
of neural patterns associated with different cognitive tasks. 
The classifier outputs demonstrated consistency and 
robustness across trials, further validating the quantitative 
findings. The experimental evaluation thus substantiates the 
superiority of the proposed signal processing framework 
over traditional methods. These results not only underscore 
the technical contributions of the research but also highlight 
the practical implications for the development of more 
reliable and effective BCI systems. 

V. CONCLUSION  
The research presented in this paper introduces the 

DNSPE, a novel signal processing framework for non-
invasive BCI. The DNSPE framework has been meticulously 
designed to address the inherent challenges of EEG signal 
interpretation, characterized by low signal-to-noise ratios and 
the presence of confounding artifacts. Through a 
combination of adaptive filtering, modified Independent 
Component Analysis with temporal constraints, wavelet 
transform-based feature extraction, and a deep learning 
architecture with an ensemble decision fusion algorithm, the 
DNSPE framework has demonstrated performance of non-
invasive BCIs of non-invasive BCIs. The experimental 
evaluation, as summarized in the Comparative Performance 
Metrics of BCI Classification Techniques table, showcases 
the DNSPE framework's superiority over traditional signal 
processing and machine learning methods. The results 
indicate that the DNSPE framework not only improves the 
accuracy of classification tasks but also enhances precision, 
recall, F1 score, and the area under the ROC curve. The 
ensemble approach, in particular, which amalgamates the 
strengths of multiple classifiers, has proven to be a pivotal 
component in achieving the highest performance metrics. 
These findings have profound implications for the future of 
non-invasive BCIs. This advancement could significantly 
impact various applications, from neurorehabilitation and 
assistive technologies to the broader domain of human-
computer interaction. The DNSPE framework represents a 
significant step forward in the quest to harness the full 
potential of non-invasive BCIs. The research contributes a 
robust and sophisticated signal processing solution that could 
catalyze the development of BCIs, making them more 
accessible and effective for a wider range of applications. 
Future work will focus on validating the framework with 
real-world EEG data and exploring its scalability and 
adaptability to different BCI paradigms.  
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