
  
 

Vol.6, Issue 3, pp.1320-1331, 2025 
DOI: https://doi.org/10.62754/ais.v6i3.446   

© by AP2 on Creative Commons 4.0 

International License (CC BY-NC 4.0) 
https://journals.ap2.pt/index.php/ais/index  

  

 

1320 
 

Convolutional Neural Networks with Quantum Inspiration: An Approach to 

Improved EEG Signal Processing 

Lakshminarayana K R1 Dr. Kuppala Saritha2 

 
Abstract 

The research now proceeds to handle the problems of traditional methods with noise and 
integrity issues of EEG signals by implementing a quantum-inspired CNN for developing signal 
processing. The model provides enhanced performance in feature extraction due to the intrinsic 
manipulation and processing of the sinusoidal signals, made possible with the help of specialized 
quantum simula- tion layers: Quantum Entanglement and Quantum Calculation. If tested on a 
tailored dataset, the model will show considerable improvements compared to tra- ditional signal 
processing techniques. It can turn out to be useful for biomedical engineering, audio processing, 
and telecommunications. It will support improve- ments in the quality of signal processing while 
furthering research into how quantum computing elements could be implemented within 

established neural architectures. 
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Introduction 

Signal processing is an intrinsic part of most scientific and engineering sectors because 
it allows for the analysis, modification, and synthesis of signals in a wide range of appli- 
cations, from communication systems to medical diagnosis. Traditional methodologies of 
signal processing are always haunted by noise interference, signal distortion, and the loss 
of integrity of data in complex situations. Harnessed within the emerging domain of 
quantum computing, concepts that have the potential to transform computational 
methodologies and offer promising solutions to these challenges are found. 
The concept of quantum computing has shifted over the past years from theoretical into 
practice domains that would have a bearing on classical computer applications. Quantum-
inspired algorithms adapted some of the elements of quantum computing, which include 
superposition and entanglement, to enhance classical algorithms for notable improvements 
in processing speed and efficiency. A unique convolutional neu- ral network architecture is 
introduced in this research to advance the domain of signal processing and include quantum-
inspired methodologies. The developed approach sig- nificantly focuses on feature extraction 
and signal smoothness enhancement to provide high-fidelity signal analysis. 
Construction and application of this quantum-inspired CNN model have been a real 
significant advancement in signal processing technology. It performs better than the 
existing conventional techniques for the preservation of signal integrity and min- 
imization of associated noise with the help of special powers related to quantum 
principles. Such findings have a very wide scope of practical applicability to domains 
such as biomedical signal analysis, audio engineering, and telecommunications, which need 
extremely fine-grained and reliable signal processing solutions. We aim, through this 
paper, to narrow down the gap between the theoretical description of quantum 
computation and its practical implementation in AI applications, hence setting a firm 
ground for further investigation and advancement in the field. 
Proposed architecture of the convolutional neural network consists of two novel layers for 
the quantum simulation: a Quantum Entanglement Layer and a Quantum Calculation Layer. 
Further, the Quantum Entanglement Layer is constructed by the principle of quantum 
entanglement, which enhances the interdependencies between features and increases the 
potential of the model to retain and highlight only the necessary properties of the signal. 
Afterwards, based on these improved features, the Quantum Calculation Layer will compute 
complexly to refine the signal output. Stimu- lated by quantum mechanics, this dual-layer 
methodology not only raises the standards of quality in signal processing, but it also brings 
up a totally new paradigm for neural network design. 

 

Literature Review 
Application-Specific Research using Quantum Information 

[8, 9, 11, 15], Several other EEG-based research applications, such as drowsiness detec- 
tion, emotion recognition, and cognitive state prediction, have also been adapted for 
quantum computing. For example, Lins et al. and Koike-Akino and Wang have man- aged to 
apply quantum AI or quantum techniques within the domain of drowsiness to show how 
specialized quantum ML models can be used to solve particular medical or cognitive problems.
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Quantum Neural Networks for Classifying EEG Signals 

In [1, 3, 5, 6, 10], The use of QNNs for EEG signal classification has been 
the subject of numerous research studies, many of which have demonstrated 
significant progress in this area. Aljazaery, Ali, and Abdulridha; Abdul-Zahra, 
Jawad, Gheni, and Abdul- lah; and Gandhi et al. had demonstrated that QNNs 
might potentially achieve even greater advancements in the categorization and 
analysis of EEG data, perhaps outper- forming conventional neural networks in this 
regard. These techniques are generally acknowledged to improve brain-computer 
interface system performance. 

 
Quantum Methods for EEG Applications in Medicine and 
Psychology 

[14, 18], A few examples of quantum computing in neurological disorders 
diagnosis, with treatments based on EEG signal analysis, are Aksoy et al.’s decision 
support systems for quantum machine learning and Guerro-Mosquera et al.’s 
quantum-inspired algorithms for epilepsy management. 

Progress in Quantum Theoretical Methods for EEG 

[19, 20], Hassani, Lee, and Melkonian followed up with studies on the 
development of new quantum theoretical approaches within the field of EEG 
analysis. These results help in understanding EEG in terms of quantum theory and 
offer new techniques for the analysis of single-trial ERP and categorization. 
 
Quantum Machine Learning for EEG Signal Processing and 
Feature Extraction 

[2, 7, 11, 16], Besides, some encouraging results have been reported in the 
applications of quantum machine learning approaches in research associated with 
the processing and feature extraction of EEG signals. Li et al. and Garg, Verma, 
and Singh further propose the frameworks for feature extraction based on 
quantum mechanics. Over- whelming improvement in the classification and 
processing efficiency of EEG data was reflected by the proposed frameworks. More 
recent works finally showed that the appli- cability of inherently quantum models is 
possible in the classification of EEG signals [79,82]. 
 
Methodology 

A quantum principle-inspired CNN will be developed for methodologies that emu- late 
a few of the basic principles of quantum computing, such as superposition and 
entanglement, to apply these concepts in order to improve traditional signal process- ing 
techniques. In this section, model architecture, training methodologies, evaluation 
metrics, and strategies on data preprocessing are discussed in detail. 
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Σ 

Data PreprocessingData preprocessing transforms raw signal data into a suitable 
format for training a robust signal model. This process includes several essential 
steps: 

Xclean = clean(Xraw) (1) 

 
Xscaled = scale(Xclean) (2) 

where clean(·) denotes a function that removes non-useful values and null 
entries, while scale(·) standardizes the features for compatibility with neural 
network processing. The scaling is performed as: 

 

 
Xscaled,i 

= 
Xclean,i − µXclean 

σX (3) 

clean 

where µXclean and σXclean represent the mean and standard deviation of the 

cleaned data, respectively. 

Quantum-Inspired Model Architecture 

Our architecture integrates classical neural network layers with purpose-built 
quantum simulation layers to handle complex signal forwarding mechanisms, combining 
both classical and quantum-inspired computational principles. 

Convolutional Layer 

The convolutional layer, which is the model’s first layer, is designed to extract funda- 
mental features from the input signal. The convolution operation can be represented by: 

 
y = ReLU 

 
N 

 
i=1 

Wi ∗ xi + b

!  

(4) 

where ∗ denotes the convolution operation, Wi represents the weights of the i-th 
convolutional filter, xi is the input at position i, b is the bias term, and ReLU is the Rectified 
Linear Unit activation function, defined as: 

ReLU(z) = max(0, z) (5) 

Quantum Entanglement Layer 

The Quantum Entanglement Layer is a custom-designed layer that simulates the 
quan- tum entanglement phenomenon to enhance feature interconnections within the 
data. The output of this layer is computed as: 
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Σ 

 
Σ 

β · epoch
  

  Σ 

   
RMSE = , 

N 

 
z = tanh 

 
M 

 
j=1 

We,j · yj + be

!  
(6) 

where We,j are the entangled kernel weights, yj is the input feature at position 
j, be represents the bias for this layer, and tanh(·) is the hyperbolic tangent 
function, capturing the non-linear dynamics akin to quantum states. 

Quantum Calculation Layer 

Following the entanglement layer, the Quantum Calculation Layer performs 
complex transformations on the entangled features, emulating quantum computation 
principles: 

 
q = σ 

 

 L 

 

k=1 

Wq,k · zk + bq

!  

(7) 

where σ(·) represents the sigmoid activation function, Wq,k are the weights of 
the calculation layer, zk is the input from the entanglement layer at position k, 
and bq is the bias term. The sigmoid function is defined as: 

1 

σ(x) = 
1 + e−x (8) 

This layer utilizes the entangled features to compute the final output, 
effectively incorporating the quantum superposition principle. 

1.1 Training and Evaluation 

The model is trained using the Adam optimizer with a mean squared error 
(MSE) loss function. The learning rate is adaptively adjusted to ensure optimal 
convergence, represented by: 

 
LRnew = LRold · 

−0.5 

1 +  2 

1 + epoch 

 
(9) 

where β2 is the decay rate for the second moment estimate in Adam optimization. 
Performance is evaluated using metrics such as Mean Squared Error (MSE), Root 

Mean Squared Error (RMSE), and Mean Absolute Error (MAE): 

 
N 

MSE = 
1 

(y 

N 
i 

i=1 
,

u 1 Σ 

 

 

— yˆi)2 (10) 

N 

(yi − yˆi)2 (11) 
i=1 
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  Σ 
N 

MAE =  
1 

|y 

N 
i 

i=1 

— yˆi| (12)

These metrics provide a comprehensive assessment of the model’s predictive 
accuracy and robustness. 
 
Table 1 Summary of model performance metrics 
 

Metric Value 

Final Training Loss 4.687216281890869 

Final Validation 
Loss 

6.5211076736450195 

MSE 7.108070389378363 

RMSE 2.666096470381063 

MAE 1.7528339092771412 

R-squared 0.9198494516656105 

Std Dev of Errors 2.6651115000439556 

Max Error 40.38876995576689 

Min Error -15.287703073873338 

Total Parameters 131841 

 
Performance Metrics 

The table below summarizes the key performance metrics obtained after training the model: 
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Fig. 1 Model Architecture 

 
Referencing Table 1 and Fig 1, it is evident that the model achieves a high level of 

accuracy, with a strong R-squared value indicating the model’s effectiveness in signal 
prediction. The error metrics also highlight the robustness of the model against outliers 
and noise. 
 

Results and Discussion 

The results by quantum-inspired convolution neural network, which is shortly 
known as CNN, for optimization in signal processing will be discussed in this section. 
Also, critically analyze the performance to get a better view of the results. An 
extended performance testing is done using a wide range of metrics in order to make 
sure about the model’s efficiency obtained by the quantum-inspired CNN. The 
performance by the developed model can easily be inferred by plotting some smart 
graphs that present superpower features of extraction along with the reduction of 
noise effectively. 

Learning Rate Schedule 
 

 

 
Fig. 2 Learning Rate Schedule over Epochs 

 

 
Figure 2 shows in details the learning rate schedule that was followed during the 
training of our model. It starts at 0.001 and decays exponentially after the first 10 
epochs by the following formula: 

LRnew = LRold × e−0.1·epoch (13) 
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It allows the feature of more precise and accurate tuning of model weights by 
ensuring a high level of stability in the training process, most especially in the 
later stages of training. This greatly enhances the model’s convergence to a 
global minimum, which itself is a very desirable outcome in machine learning. It 
also forms the basis of general development and refinement that the model 
undergoes during its training period. 
 

Model Loss During Training 
 

 

Fig. 3 Training and Validation Loss over Epochs 

As shown in Figure 3, both the training and validation losses decrease significantly 
at the initial epochs before hitting a plateau. This is a common trend for effective learning and 
generalization with time. The very small difference between the training and validation loss 
pertains to limited overfitting that suggests a robust model in the case of real-world signal 
processing. 
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Prediction Error Distribution 
 

 
Fig. 4 Frequency Distribution of Prediction Errors 

 
Figure 4 depicts in detail the prediction errors that occurred, which have been 

calcu- lated to have a standard deviation of 2.665. This sort of standard deviation 
shows that there is a strong tendency toward the center, which is decidedly around 
zero. Upon further inspection, it becomes obvious that there are distinct symmetries 
which mani- fest around the zero point, along with an extremely low degree of 
dispersion. This set of traits clearly shows a very remarkable predictive accuracy; in 
addition, it should be noted that, in all instances observed, the very minimal model 
errors always reflected positively on the performance of the quantum-inspired layers 
in greatly improving the signal predictions under scrutiny. 

 

Comparison of Actual and Predicted Outputs 

Fig. 5 Comparison of Actual and Predicted Signal Outputs 
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Figure 5 shows and illustrates the model results, which have been carefully 

envisioned and analyzed in relation to the actual real signals. That the curves of both 
processes remain in close proximity with each other throughout the whole spectrum of 
sample indices confirms a high degree of faithfulness the model has for describing and 
effec- tively replicating the behavior the sinusoidal signals exhibit. Such a characteristic 
is highly desirable in domains where achieving accuracy in signal processing is more than 
beneficial but actually indispensable-for example, biomedical engineering or telecom- 
munications, where precision may make all the difference in an outcome. In light of the 
signal illustrated in this image, it becomes apparent that there are notable and significant 
fluctuations present. This occurrence can be attributed to its inherent char- acteristics as 
raw and unprocessed data. Additionally, it is essential to consider that this data is 
represented over an extended duration, rather than being condensed into a brief period 
of time. 
 
Discussion 

It is now obvious that a quantum-inspired convolutional neural network immensely 
benefited by including and utilizing different kinds of principles related to the field of 
quantum mechanics. This new network has been designed specifically with the stated aim 
of dealing with some particular signal processing responsibilities quite effectively. In the 
given neural network, the intricate elements of quantum entanglement are embedded with 
a special quantum computation layer. The different elements previ- ously mentioned are 
assembled with great care to work in perfect harmony for the huge improvement of overall 
performance. This state-of-the-art and pioneering approach provides better capabilities 
in feature extraction, showcasing remarkable acumen in important characteristic 
selection from data while maintaining an impressively low sensitivity to any kind of 
background noise. Due to this, it results in high-fidelity sig- nals, significantly increasing 
operational effectiveness in a wide range of applications where the method is employed.  

While this fantastic breakthrough and a novel approach create very 
significant returns in traditional use cases, it also sets a very strong foundation to 
delve far deeper into the exploration of many possibilities that quantum computing 
might pro- vide, especially in relation to more generalized computational functions 
that could be seamlessly integrated within various artificial intelligence systems. 

Conclusion 

The paper introduced a new, state-of-the-art architecture that was designed 
for a con- volutional neural network, which was actually based on the principles 
and theories of quantum mechanics. The main goal of this method was to enhance 
and develop much stronger processing while dealing with sinusoidal signals. 
Therefore, with regard to this, the model executed how the traditional structure of 
classical neural networks was ever so effectively and clearly able to incorporate and 
integrate various concepts or ideas ensuing from quantum mechanics. This 
integration therefore enables a sub- stantial increase in accuracy, along with a 
system that processes the signals in an extremely effective manner. 
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Summary of Implementation and Applicability 

The specific customized quantum simulation layers that were mainly used by the 
model in its architecture were the Quantum Entanglement layer and the Quantum 
Calcula- tion layer. These two, most important layers, were devised to successfully 
reproduce and mimic the complex process of quantum computations and the more 
complex quan- tum entanglement. The application of these two major components 
was definitely crucial in increasing the overall computational capacities of the 
network. This, in turn, enabled the more complex interaction of different features in 
the system and, as a result, remarkably improved the processing accuracy of the 
system. Table 1 shows, in a more detailed way, how the training was well planned. 
Among other ways, this careful planning involves the implementation of an 
adaptive learning rate, which in its ability to guarantee only stable convergence, 
ensures maximal overall performance in the training phase. 

The architecture and methods used in the research have been described in great 
detail, allowing their transferability to a plethora of other signal processing applica- 
tions. Moreover, the code implementation shared in the paper enhances the 
approach’s flexibility, making it relevant not only in an application-dependent sense 
but also hugely pertinent to different signal processing scenarios, at the same time 
allowing for simple modifications to different kinds of input data. 

 

Future Scope 

It holds great promise for future extensions and scaling in future applications, 
that it could address big data, as well as more complex kinds of signals. If the develop- 
ment of further innovative computational layers which integrate more principles from 
quantum mechanics, it is conceivable that, in more futuristic settings, it could become 
highly functional and useful. Applications for real-time processing, therefore, will be 
numerous and may involve the areas of audio engineering, telecommunications, and even 
real-time biological systems. 

Moreover, with the advancement of quantum computing technology, true quan- 
tum computing hardware could also be directly integrated into neural networks. The 
potential improvements in processing capability and velocity brought about by such an 
integration can only be unprecedented, so it may help innovative progress in 
computational science and artificial intelligence. 

A model inspired by CNN and working on the very core and peculiarities of quan- 
tum computing will definitely provide an outstanding level of accuracy and efficiency in 
signal processing. This not only improves the effectiveness of signal processing but also  
lays a very solid foundation for a new wave of development in various applications of 
quantum computing, particularly in the great area of artificial intelligence. It is true that 
with this foundational work, robust support will be availed for further research and 
exploration into the immense opportunities that artificial intelligence may achieve when 
augmented and enhanced by the principles of quantum mechanics. 
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