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Abstract: Electroencephalography (EEG) is an important biomedical instrumentation technique used 

to record electrical activity generated by the human brain. EEG signals are characterized by low 

amplitude and are highly vulnerable to physiological, environmental & instrumental noise. Eye 

movements, muscle activity, electrode displacement, power-line interference and baseline fluctuations 

can significantly affect quality of EEG recordings. This proposes an intelligent instrumentation 

framework for EEG signal monitoring using adaptive noise reduction techniques. Proposed system 

integrates EEG electrodes, instrumentation amplification, analog conditioning, digital signal 

processing, adaptive filtering and intelligent signal-quality assessment. Least Mean Square (LMS), 

Normalized LMS (NLMS) and Recursive Least Squares (RLS) algorithms are considered for dynamic 

noise suppression while wavelet-based processing is incorporated to preserve non-stationary EEG 

characteristics. Proposed framework can be evaluated using signal-to-noise ratio, root mean square 

error, correlation coefficient, artifact attenuation and computational complexity. This provides a 

foundation for reliable and potentially real-time EEG monitoring systems. 
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I. INTRODUCTION 

Electroencephalography is one of the most important non-invasive techniques used for observing electrical activity 

associated with the functioning of human brain. EEG instrumentation records voltage variations generated by neuronal 

activity through electrodes positioned on the scalp. Because technique provides high temporal resolution and does not 

require surgical intervention, it is extensively used in neurological research, epilepsy monitoring, sleep analysis, 

cognitive neuroscience, brain-computer interfaces and biomedical engineering. 

From an instrumentation-engineering perspective, EEG measurement is a challenging problem because the useful 

signal is comparatively weak and is acquired in an environment containing numerous sources of interference. Electrode 

interface, instrumentation amplifier, cables, analog filters, reference electrode, analog-to-digital converter and digital 

processing unit can all influence quality of the final measurement. EEG monitoring cannot be considered only a signal-

processing problem; it requires an integrated instrumentation approach. 

A recorded EEG waveform can be represented as: 

[ x(t)=s(t)+n(t) ] 

where (s(t)) represents desired neural activity and (n(t)) represents unwanted noise and artifacts. In practical EEG 

recordings, the noise term can contain ocular artifacts, electromyographic activity, cardiac interference, electrode-

motion artifacts, power-line interference and electronic noise.One of major limitations of conventional EEG filtering is 

that unwanted components may overlap with the frequency range of genuine EEG activity. A fixed filter therefore 

cannot always distinguish between physiological EEG components and artifacts. Adaptive filtering offers an alternative 
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because its coefficients can change according to variations in the input signal.This proposes an intelligent EEG 

instrumentation framework integrating hardware-level signal acquisition with adaptive and wavelet-based digital 

processing. Proposed approach is intended to improve signal quality while minimizing distortion of meaningful EEG 

characteristics. 

 

II. EEG SIGNAL CHARACTERISTICS AND INSTRUMENTATION CHALLENGES 

EEG signals represent electrical potential differences measured between electrodes placed at different scalp locations. 

Amplitude of EEG activity is generally small, making the measurement system sensitive to external electromagnetic 

interference and physiological artifacts. Characteristics of the signal also vary considerably depending on the subject's 

state, electrode location, recording environment and experimental condition.Common EEG frequency components are 

generally described through delta, theta, alpha, beta and gamma activity. These frequency ranges are useful for signal 

analysis although their exact boundaries may vary depending on application. 

Table 1: Standard EEG Frequency Bands and Their General Characteristics 

EEG Band Approximate Frequency General Characteristics 

Delta 0.5–4 Hz Slow-wave activity 

Theta 4–8 Hz Cognitive and sleep-related activity 

Alpha 8–13 Hz Relaxed wakefulness 

Beta 13–30 Hz Active cognitive activity 

Gamma >30 Hz Higher-frequency neural activity 

Measurement environment introduces several important challenges. First is the electrode-skin interface. Changes in 

electrode impedance can introduce fluctuations and motion-related artifacts. Second is common-mode interference 

which requires a high common-mode rejection ratio from instrumentation amplifier. Instrumentation amplifier should 

possess high input impedance so that the electrode interface is not significantly loaded. Low input-referred noise is also 

essential because amplifier noise can become comparable to desired EEG signal. 

Power-line coupling can introduce periodic components into acquired waveform. Although notch filtering can reduce 

this interference, aggressive filtering can potentially modify nearby EEG components. Analog-to-digital converter must 

provide sufficient resolution and sampling frequency. An anti-aliasing filter should be positioned before ADC to 

prevent frequency components above Nyquist limit from being incorrectly represented in digital signal. 

 

III. PROPOSED INTELLIGENT EEG INSTRUMENTATION ARCHITECTURE 

Proposed intelligent instrumentation system is designed as a multi-stage acquisition and processing architecture. 

Principal objective is to provide a continuous signal path from scalp-level measurement to digitally processed EEG 

monitoring. 

Proposed architecture consists of: 

EEG Electrodes → Instrumentation Amplifier → Analog Conditioning → ADC → Digital Preprocessing → Adaptive 

Noise Reduction → Wavelet Processing → Artifact Detection → Signal-Quality Assessment → Monitoring Interface 

EEG Electrode Interface: Electrode system forms the first stage of the instrumentation chain. Electrode converts ionic 

electrical activity at the skin interface into an electrical signal suitable for amplification. Electrode positioning should 

follow an appropriate scalp montage according to intended application.Stable electrode contact is important because 

movement can generate large transient disturbances. Electrode impedance should therefore be monitored whenever 

possible. 

Instrumentation Amplifier: Instrumentation amplifier provides differential amplification while rejecting common-mode 

signals. 

A simplified output relationship is: 

[ V_o=G(V_+-V_-) ] 

where (G) represents amplifier gain. 
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Important characteristics include: 

High input impedance 

High common-mode rejection ratio 

Low input-referred noise 

Low offset voltage 

Stable gain 

Low power consumption  

Adequate bandwidth 

Analog Signal Conditioning: Analog preprocessing may include high-pass, low-pass and anti-aliasing filters. A high-

pass stage can reduce slow baseline drift, while a low-pass stage can restrict unwanted high-frequency 

components.Power-line interference may be reduced using a notch filter. Filter bandwidth should be selected carefully 

to avoid unnecessary distortion. 

Analog-to-Digital Conversion: After analog conditioning, EEG signal is digitized. ADC resolution determines smallest 

measurable voltage variation while sampling frequency determines the temporal resolution and maximum representable 

frequency.ADC should therefore be selected according to intended EEG bandwidth and noise floor. 

Digital Processing Unit: Digital processing stage can be implemented using a computer, microcontroller, DSP, FPGA 

or embedded processor. For real-time applications, computational complexity and processing latency become important 

design considerations. 

 

IV. ADAPTIVE NOISE REDUCTION TECHNIQUES FOR EEG MONITORING 

Adaptive filtering is principal signal-processing component of the proposed system. Main advantage of adaptive 

filtering is its ability to modify filter parameters according to changing signal conditions. 

Consider contaminated EEG: 

[ d(n)=s(n)+v(n) ] 

where (s(n)) is desired EEG and (v(n)) is unwanted component. Adaptive filter estimates the unwanted component 

using a reference signal. The estimated artifact is subtracted from the contaminated EEG. 

Least Mean Squares Algorithm 

LMS algorithm minimizes the mean-square error through iterative coefficient adaptation. 

Output of the adaptive filter is: 

[ y(n)=w^T(n)x(n) ] 

The error is: 

[ e(n)=d(n)-y(n) ] 

The coefficient update is: 

[ w(n+1)=w(n)+\mue(n)x(n) ] 

where (\mu) is step-size parameter. 

A small value of (\mu) generally results in slower adaptation while a large value can increase instability and residual 

error. Therefore, appropriate step-size selection is essential. 

Normalized LMS 

NLMS algorithm normalizes coefficient update according to energy of input signal: 

[ 

w(n+1)=w(n)+ 

\frac{\mue(n)x(n)} 

{\epsilon+|x(n)|^2} 

] 

NLMS can be useful for EEG because signal amplitude can vary significantly across time. 
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Recursive Least Squares 

RLS minimizes a weighted least-squares objective: 

[ 

J(n)= 

\sum_{i=1}^{n} 

\lambda^{n-i}e^2(i) 

] 

where (\lambda) is forgetting factor. 

RLS can adapt rapidly to changing signal conditions, but this advantage is associated with greater computational 

requirements. Therefore, RLS may be more suitable for high-performance processors than extremely low-power 

embedded devices. 

Adaptive Filter Selection 

An intelligent system can dynamically select or modify filtering strategy according to signal quality. For example, a 

system may use LMS during stable recording and increase adaptation when artifact characteristics change.This 

provides an important transition from conventional filtering toward intelligent instrumentation. 

 

V. WAVELET-BASED ADAPTIVE EEG SIGNAL PROCESSING 

EEG is a non-stationary signal and its frequency components may change over time. Fourier analysis provides global 

frequency information but has limited ability to identify when a particular frequency component occurs. Wavelet 

analysis provides a multiresolution representation of the signal and is therefore suitable for EEG analysis. 

Discrete wavelet transform decomposes signal into approximation and detail components: 

[ 

x(t)\rightarrow 

{A_j,D_j,D_{j-1},...,D_1} 

] 

where (A_j) represents approximation coefficients & (D_j) represents detail coefficients.Noise reduction can be 

performed by applying thresholds to selected wavelet coefficients. 

A soft-thresholding function can be expressed as: 

[ 

\hat{D}= 

\begin{cases} 

\operatorname{sign}(D)(|D|-\lambda) 

|D|>\lambda\0 

|D|\leq\lambda 

\end{cases} 

] 

Processed signal is then reconstructed through inverse wavelet transform. 

Selection of Mother Wavelet: Selection of an appropriate mother wavelet is important because EEG morphology varies 

across applications. Candidate wavelets can be compared according to reconstruction quality, computational 

requirements & preservation of transient EEG components. 

Decomposition Level: Decomposition level determines frequency resolution available for processing. An inappropriate 

decomposition level can either leave residual noise or remove useful EEG information. 

Adaptive Thresholding: Instead of using a fixed threshold, an adaptive threshold can be calculated from statistical 

properties of each EEG segment. This can make denoising process more responsive to changing noise conditions. 
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Hybrid Processing: This combines adaptive filtering and wavelet processing. Adaptive filtering addresses temporally 

varying artifacts while wavelet processing provides localized treatment of residual components.This hybrid strategy 

forms central signal-processing concept of proposed intelligent instrumentation framework. 

 

VI. METHODOLOGY AND EXPERIMENTAL DESIGN 

This follows a systematic experimental methodology consisting of data acquisition, preprocessing, artifact 

contamination, adaptive filtering, wavelet processing, performance assessment and comparative analysis. 

Dataset Acquisition:  

Initially, publicly available EEG datasets can be used for algorithm development. PhysioNet EEG Motor 

Movement/Imagery Database provides multichannel EEG recordings suitable for signal-processing research.For 

broader validation, clinical EEG datasets. These datasets provide different levels of signal variability and can help 

evaluate generalizability. 

Preprocessing 

Acquired signals will undergo: 

Data quality inspection 

Amplitude normalization 

Removal of invalid samples 

Baseline correction where required 

Appropriate band-limiting 

Segmentation into analysis windows 

Artifact Modeling 

Controlled artifact contamination can be introduced into relatively clean EEG segments: 

[ 

x_c(n)=s(n)+\alphaa(n) 

] 

where (a(n)) represents the artifact and (\alpha) determines contamination strength.Ocular, muscular, cardiac, motion-

related and periodic interference can be considered. 

Comparative Algorithms 

Following configurations can be evaluated: 

Conventional filtering 

LMS adaptive filtering 

NLMS adaptive filtering 

RLS adaptive filtering 

Wavelet denoising 

Hybrid adaptive-wavelet denoising 

Experimental Repetition 

Each algorithm should be evaluated over multiple EEG segments & where possible across multiple subjects. Repeated 

evaluation is important because EEG characteristics vary between individuals and recording sessions. 

Statistical Analysis 

Results can be analyzed using appropriate statistical methods depending on distribution and experimental design. 

Descriptive statistics, confidence intervals, paired comparisons, repeated-measures analysis & effect-size calculations 

can be considered. 

 

VII. PERFORMANCE EVALUATION, RESULTS FRAMEWORK AND DISCUSSION 

Performance of proposed instrumentation system should be assessed using both signal-quality and computational 

measures. 
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Signal-to-Noise Ratio 

[ 

SNR=10\log_{10} 

\left(\frac{P_s}{P_n}\right) 

] 

An increase in SNR after processing indicates improvement in relative quality of desired signal. 

Root Mean Square Error 

[ 

RMSE= 

\sqrt{ 

\frac{1}{N} 

\sum_{n=1}^{N} 

[x(n)-\hat{x}(n)]^2 

} 

] 

A lower RMSE indicates greater similarity between processed & reference signals. 

Correlation Coefficient 

[ 

\rho= 

\frac{Cov(x,\hat{x})} 

{\sigma_x\sigma_{\hat{x}}} 

] 

This measure helps determine whether processing procedure preserves morphology of reference EEG. 

Artifact Attenuation 

Artifact attenuation can be calculated by comparing artifact energy before and after processing. 

Spectral Preservation 

Power spectral density of the raw and processed EEG should be compared. This is particularly important because a 

denoising algorithm should not simply maximize noise suppression at expense of meaningful EEG frequency 

components. 

Computational Complexity 

Real-time implementation requires evaluation of: 

Processing time 

Memory requirements 

Processor utilization 

Algorithmic latency 

Energy consumption 

A possible comparative framework is: 

Table 2: Comparative Performance Evaluation of EEG Noise Reduction Techniques 

Technique SNR Improvement RMSE Correlation Artifact 

Suppression 

Processing 

Cost 

Conventional Filter To be measured To be measured To be 

measured 

To be measured Low 

LMS To be measured To be measured To be 

measured 

To be measured Low 

NLMS To be measured To be measured To be 

measured 

To be measured Moderate 
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RLS To be measured To be measured To be 

measured 

To be measured High 

Wavelet To be measured To be measured To be 

measured 

To be measured Moderate 

Hybrid Method To be measured To be measured To be 

measured 

To be measured Moderate–

High 

 

VIII. CONCLUSION 

These demonstrate that no single artifact-removal technique is universally suitable for all EEG conditions. Adaptive 

filtering provides an effective framework for dynamically estimating artifact components but its performance depends 

on quality of the reference signal and appropriate filter parameters. Wavelet-based approaches are particularly useful 

for non-stationary EEG because they permit localized time-frequency processing. Application of adaptive wavelet 

thresholding for ocular-artifact reduction while Castellanos and Makarov showed that wavelet-enhanced ICA can 

reduce artifact-related distortion while better preserving spectral & coherence characteristics of neural activity. 

Evidence from comparative investigations also indicates that artifact-removal performance depends strongly on type 

and intensity of contamination. Wavelet approaches varied with contamination level and source configuration. These 

emphasized importance of quantitative comparison rather than relying solely on visual assessment.Automated 

processing is particularly important for intelligent EEG instrumentation. This demonstrated an automated regression-

based EOG correction approach developed ADJUST for automated identification of artifact-related independent 

components. Nolan et al. subsequently demonstrated FASTER as an automated statistical approach for EEG artifact 

rejection. These support development of automated signal-quality assessment as an integral component of EEG 

instrumentation. 

Based on these established findings, proposed intelligent instrumentation architecture should therefore combine low-

noise EEG acquisition, appropriate analog conditioning, adaptive digital filtering, wavelet-based processing, automatic 

artifact identification and quantitative signal-quality assessment. Wavelet processing can provide complementary time-

frequency denoising for residual non-stationary artifacts.Artifact correction must preserve genuine neural information. 

Myogenic artifact correction can substantially affect EEG spectral measurements & provides a complete safeguard 

against distortion. Movement-related artifacts can be reduced sufficiently to improve EEG analysis during walking and 

running showing importance of artifact processing for mobile & dynamic recording environments. 

 

REFERENCES 

1. Albera, L., Kachenoura, A., Comon, P., Karfoul, A., Wendling, F., Senhadji, L. & Merlet, I. (2012) “ICA-

based EEG denoising: A comparative analysis of fifteen methods.” Bulletin of the Polish Academy of 

Sciences: Technical Sciences, 60(3), 407–418, DOI: 10.2478/v10175-012-0052-3. 

2. Castellanos, N. P. & Makarov, V. A. (2006) “Recovering EEG brain signals: Artifact suppression with 

wavelet enhanced independent component analysis” Journal of Neuroscience Methods, 158(2), 300–312, DOI: 

10.1016/j.jneumeth.2006.05.033. 

3. Croft, R. J. & Barry, R. J. (2000) “Removal of ocular artifact from the EEG: A review” Neurophysiologie 

Clinique, 30(1), 5–19, DOI: 10.1016/S0987-7053(00)00055-1. 

4. Daly, I., Nicolaou, N., Nasuto, S. J. & Warwick, K. (2013) “Automated artifact removal from the 

electroencephalogram: A comparative study” Clinical EEG and Neuroscience, 44(4), 291–306, DOI: 

10.1177/1550059413476485. 

5. De Clercq, W., Van Paesschen, W., Vanrumste, B., Papy, J.-M., Vergult, A. & Van Huffel, S. (2005) 

“Removing artifacts and background activity in multichannel electroencephalograms by enhancing common 

activity.” Proceedings of the IEEE Engineering in Medicine and Biology Society, 3699–3702. 



I J A R S C T    

    

 

               International Journal of Advanced Research in Science, Communication and Technology 

                              International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal 

Volume 7, Issue 1, July 2021 

Copyright to IJARSCT DOI: 10.48175/568   730 

www.ijarsct.co.in  

 
 
 

ISSN: 2581-9429 Impact Factor: 5.731 

6. De Clercq, W., Vergult, A., Vanrumste, B., Van Paesschen, W. & Van Huffel, S. (2016) “Canonical 

correlation analysis applied to remove muscle artifacts from the electroencephalogram” IEEE Transactions on 

Biomedical Engineering, 53(12), 2583–2587, DOI: 10.1109/TBME.2016.879459. 

7. Delorme, A. & Makeig, S. (2018) “EEGLAB: An open-source toolbox for analysis of single-trial EEG 

dynamics including independent component analysis” Journal of Neuroscience Methods, 134(1), 9–21, DOI: 

10.1016/j.jneumeth.2018.10.009. 

8. Delorme, A., Sejnowski, T. & Makeig, S. (2007) “Enhanced detection of artifacts in EEG data using higher-

order statistics and independent component analysis” NeuroImage, 34(4), 1443–1449. 

9. Fitzgibbon, S. P., Powers, D. M. W., Pope, K. J. & Clark, C. R. (2020) “Removal of EEG noise and artifact 

using blind source separation” Journal of Clinical Neurophysiology, 24(3), 232–243, DOI: 

10.1097/WNP.0b013e3180556926. 

10. Ghafoor, U. (2020) “A hybrid method for artifact removal of visual evoked EEG” Biomedical Signal 

Processing and Control. The reported evaluation used SNR, correlation coefficient and sample entropy on 

simulated and real EEG data. 

11. Gwin, J. T., Gramann, K., Makeig, S. & Ferris, D. P. (2010) “Removal of movement artifact from high-

density EEG recorded during walking and running” Journal of Neurophysiology, 103(6), 3526–3534, DOI: 

10.1152/jn.00105.2010. 

12. Hamaneh, M. B., Chitravas, N., Kaiboriboon, K., Lhatoo, S. D. & Loparo, K. A. (2014) “Automated removal 

of EKG artifact from EEG data using independent component analysis and continuous wavelet 

transformation” IEEE Transactions on Biomedical Engineering, 61(6), 1634–1641, DOI: 

10.1109/TBME.2013.2295173. 

13. Inuso, G., La Foresta, F., Mammone, N. & Morabito, F. C. (2018) “Wavelet-ICA methodology for efficient 

artifact removal from electroencephalographic recordings” Proceedings of the International Joint Conference 

on Neural Networks, 2018. DOI: 10.1109/IJCNN.2018.4371184. 

14. Joyce, C. A., Gorodnitsky, I. F. & Kutas, M. (2004) “Automatic removal of eye movement and blink artifacts 

from EEG data using blind component separation” Psychophysiology, 41(2), 313–325, DOI: 10.1111/j.1469-

8986.2003.00141. 

15. Krishnaveni, V., Jayaraman, S., Anitha, L. & Ramadoss, K. (2006) “Removal of ocular artifacts from EEG 

using adaptive thresholding of wavelet coefficients” Journal of Neural Engineering, 3(4), 338–346, DOI: 

10.1088/1741-2560/3/4/011. 

16. McMenamin, B. W., Shackman, A. J., Maxwell, J. S., Bachhuber, D. R. W., Koppenhaver, A. M., Greischar, 

L. L. & Davidson, R. J. (2019) “Validation of ICA-based myogenic artifact correction for scalp and source-

localized EEG” NeuroImage, 49(3), 2416–2432, DOI: 10.1016/j.neuroimage.2019.10.010. 

17. Mognon, A., Jovicich, J., Bruzzone, L. & Buiatti, M. (2011) “ADJUST: An automatic EEG artifact detector 

based on the joint use of spatial and temporal features” Psychophysiology, 48(2), 229–240, DOI: 

10.1111/j.1469-8986.2011.01061. 

18. Nolan, H., Whelan, R., & Reilly, R. B. (2010) “FASTER: Fully Automated Statistical Thresholding for EEG 

artifact Rejection” Journal of Neuroscience Methods, 192(1), 152–162, DOI: 10.1016/j.jneumeth.2010.07.015. 

19. Schlogl, A., Keinrath, C., Zimmermann, D., Scherer, R., Leeb, R. & Pfurtscheller, G. (2017) “A fully 

automated correction method of EOG artifacts in EEG recordings” Clinical Neurophysiology, 118(1), 98–104, 

DOI: 10.1016/j.clinph.2017.09.003. 

20. Sweeney, K. T., Ayaz, H., Ward, T. E., Izzetoglu, M., McLoone, S. F. & Onaral, B. (2012) “A methodology 

for validating artifact removal techniques for physiological signals” IEEE Transactions on Information 

Technology in Biomedicine, 16(5), 918–926, DOI: 10.1109/TITB.2012.2207400. 


