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Abstract: Researchers and clinicians widely use electroencephalography signals for non-invasive
assessment of neurological function; however, artifacts, broadband noise, non-stationarity, and high
inter-subject variability affect their clinical interpretation. This study proposes a multi-stage EEG
preprocessing and decomposition framework for detecting neurological disorders. We evaluate the
framework on three public EEG datasets: CHB-MIT, Sleep-EDF Expanded, and Bonn EEG. Experimental
results show an average SNR improvement of 18.5 dB, artifact rejection above 96%, and four-class
classification accuracy of 96.2%. The method also achieves 95.7% sensitivity, 96.8% specificity, and an
AUC of 0.987. These results suggest that systematic preprocessing and decomposition can substantially
improve the reliability of automated EEG-based detection of neurological disorders.
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Introduction

The human brain produces bioelectrical activity as a result of the synchronized firing of millions of
neurons, and Electroencephalography (EEG) is the most readily available and affordable clinical
instrument for non-invasive measurement of these dynamics [1],[2]. For more than 80 years, EEG has
been the basis of diagnosis in neurological medicine, with its temporal resolution of milliseconds making
it particularly suited to capture fast, transient phenomena, such as epileptic discharges and sleep-related
breathing events, which are the hallmark of neurological disease [3]. Although researchers have
demonstrated the clinical utility of EEG, the step from manual analysis by experts to fully automated,
large-volume, scalable EEG diagnostic systems remains daunting [4], [5]. There is a wide variety of
artifacts in raw EEG signals, including biological and environmental noise. Ocular artifacts (from eye
blinks and saccadic eye movements) produce voltage deflections that are 10 times or greater than those
from the underlying neural signals [6], [7]. The pipeline is specifically designed to address all three
issues: artifact suppression via ICA-based decomposition and adaptive wavelet thresholding; noise
reduction via frequency-selective adaptive filtering; and nonstationary signal decomposition using three
complementary multi-resolution analysis techniques: DWT, EMD, and VMD [8]. The proposed unified
pipeline provides a consistent signal-processing chain, delivering optimally processed signals from one
stage to the next, thereby preserving as much diagnostic information as possible in the last decomposed
signal [9], [10].

Independent Component Analysis (ICA) is the most widely used technique for removing artifacts in EEG
signals. Lin et al. [11] introduced ICA as the reference method for separating overlapping EEG and artifact
sources, and subsequent efforts have focused on automating the detection of artifact components.
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Muhammad et al. [12] proposed a CNN-based deep learning-assisted ICA framework to classify
independent components by learning spectral and topographic features, achieving an average accuracy
of 94.3% in automated classification of artifact components without manual artifact inspection [13]. The
power of wavelet-based artifact removal has been established as a useful complement for ICA, especially
for transient, event-related artifacts. Deshmukh et al. [14] first demonstrated that discrete wavelet
decomposition and threshold-based suppression are effective methods for reducing EMG contamination
in epileptic EEG. Building on this, Silpa et al. [15] presented an adaptive wavelet packet thresholding
scheme, where threshold values were adaptively selected from the local statistics of the signal in each
level of the wavelet. In this cascaded approach proposed by Punuri et al. [16], broadband artifact sources
are separated using ICA, followed by notch-filtered removal of residual ECG harmonic artifacts and
adaptive high-pass filtering below 0.5 Hz to suppress electrode drift [17]. Nikilish et al. [18] showed that
the canonical correlation analysis (CCA) method can be an effective alternative to the ICA method for
artifact removal in resource-constrained applications, achieving 89% of ICA's removal performance at
only 20% of the computational cost.

Novelty and Contributions:

e A comprehensive, modular multi-stage pipeline for EEG preprocessing, incorporating
multi-resolution decomposition, adaptive noise suppression, and artefact rejection.

® A comparative study and analysis of DWT, EMD, and VMD algorithms for sub-band extraction of the
EEG signal and their complementary aspect in capturing neurologically meaningful frequency
content of the EEG signal.

Methodology

The full multi-stage EEG preprocessing and decomposition pipeline is described here. The framework is
structured in five sequential steps, as shown in Figure 1.

Stage 1: Epoching & Bandpass Filter — the signal is divided into epochs (10 seconds with 5 seconds
overlap) and filtered between 0.5-100 Hz by a Butterworth filter. This eliminates DC drift and aliasing of
high-frequency brain rhythms while maintaining all clinically relevant brain rhythms [19].
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Figure 1: Workflow
Stage 2: Artifact Removal — a two-step process: ICA separates the signal into independent components
and automatically flags eye blinks (high kurtosis) and muscle noise (broadband EMG) [20].
Stage 3: Noise Suppression — adaptive Wiener filter, which estimates the noise spectrum from baseline
EEG segments, suppresses residual broadband noise. A notch filter eliminates powerline interference at
50 Hz. This stage provides an SNR improvement of ~4.8 dB [21].
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Stage 4: Multi-Resolution Decomposition, the clean signal is divided into three parallel paths. Figure 2
shows the preprocessed EEG epoch [22].
e DWT: Separates the input signal into delta/theta/alpha/beta/gamma sub-bands via a fixed
wavelet basis (Daubechies-4, 5 levels)
e EMD: adaptively decomposes the signal into Intrinsic Mode Functions (IMFs) without a fixed
basis, and is totally data-driven.
e VMD: Extracts K=6 band-limited modes with well-separated center frequencies from a
variational optimization, without the mode-mixing problem in EMD
Stage 5: Feature Extraction — For each of the three decompositions, 168 scalar features per epoch will
be computed, including statistical features (mean, variance, kurtosis), spectral features (relative band
power), and entropy features (ApEn, SampEn) [23]. These capture time-domain, frequency-domain, and
complexity information simultaneously.

Stage 1: Raw EEG with Ocular Artifact
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Figure 2. DWT sub-band decomposition of a preprocessed EEG epoch
Figure 3 shows the extracted signals from a preprocessed EEG segment, showing well-separated
oscillatory components corresponding to distinct neurophysiological frequency bands.
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Figure 3. VMD Intrinsic Mode Functions (IMF-1 through IMF-5).
Empirical Mode Decomposition (EMD)

The EMD algorithm adaptively decomposes a nonstationary signal x(t) into N Intrinsic Mode Functions
N

(IMFs) Ci(t) and a residual rN(t): x(t) = ) Ci(t) + rN(t)
i=1

Each IMF satisfies two conditions: (i) the number of extrema and zero-crossings must differ by at most
one; and (ii) the mean of the upper and lower envelopes, defined by cubic spline interpolation of local
maxima and minima, respectively, must be zero at every point. IMFs are extracted through an iterative
sifting procedure:

1. Identify all local maxima and minima of the signal.
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2. Construct the upper envelope, Emax(t) and lower envelope Emm(t) using cubic spline

interpolation.
E WOFE,
2
4. Extract the proto-component: hk(t) = hk—l(t) - mk_l(t)

Compute the mean envelope: m (t) =

5. Check IMF conditions; if satisfied, assign Ci(t) = hk(t); otherwise, set hk—l(t) = hk(t) and repeat

from step 1.

N
6. Subtract the extracted IMF from the residual: x(t) = ci(t) + rN(t) repeat until rN(t) is
=1

L
monotonic.

Results and Discussion
Datasets
Three public EEG benchmark datasets, detailed in Table 1, are used to test the proposed preprocessing
pipeline. The CHB-MIT dataset comprises pediatric patients who have epilepsy and contains a long-term
recording with seizure annotations, spanning several days.

Table 1. Summary of EEG Benchmark Datasets Used for Evaluation

Dataset Source Channels Sampling Rate Task
CHB-MIT Scalp EEG PhysioNet 18-23 256 Hz Epilepsy Detection
Sleep-EDF Expanded PhysioNet 2 (EEG) 100 Hz Sleep Apnea Screening
BONN EEG Dataset Univ. Bonn 1 173.6 Hz Seizure Classification

Preprocessing Quality Metrics

Figure 4 shows the SNR improvement at each stage of the preprocessing pipeline, averaged across all
channels and subjects in the CHB-MIT dataset. EEG signals are highly contaminated by ocular, muscular,
and environmental noise sources, with an SNR of 6.2 dB in the raw signals. The SNR after ICA artifact
removal is 11.5 dB, which is 5.3 dB higher than after artifact removal using the other methods. The
overall result of the complete integrated pipeline is a final mean SNR of 24.7 dB, an improvement of 18.5
dB (or ~70 in power SNR) compared to the raw recordings.
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Figure 4. Signal-to-Noise Ratio (dB) at each stage
As shown in Table 2, the proposed method achieves competitive performance compared with recent
EEG-based studies. The proposed method achieves balanced performance across all three metrics:
96.2% accuracy, 95.7% sensitivity, and 96.8% specificity.
Table 2: Comparison of the Proposed Method with Recent EEG-Based Studies
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Authors & Ref No Accuracy (%) Sensitivity (%) Specificity (%) AUC
Berrich et al. [ 24] 88 82 88 0.93

Babu et al. 25] 95.9 95.86 95.93 0.85
Najeeb et al. [26 ] 80.43 73.21 87.65 0.89
Proposed Method 96.2 95.7 96.8 0.987

Conclusion

In this paper, we have proposed a principled, multi-stage processing and decomposition of EEG signals
for an automated system to detect neurological disorders. The framework is validated in the CHB-MIT,
Sleep-EDF Expanded, and Bonn University EEG databases, demonstrating an overall SNR improvement of
18.5 dB, a 4-class classification accuracy of 96.2%, and a state-of-the-art AUC of 0.987, outperforming six
recent methods across all metrics reported. The results clearly show that systematic, staged EEG
preprocessing is no mere formality in the preprocessing phase but is actually a key factor in diagnostic
accuracy. Most significantly, the complementary nature of DWT, EMD, and VMD decompositions has
been demonstrated. Each method extracts a different type of nonstationary information from the EEG
signal, and the joint feature space is more informative than any single feature space.

Future work will focus on three directions. First, integrate the preprocessing pipeline with deep learning
classifiers optimized by metaheuristics to determine whether the benefits of better preprocessing are
reflected in end-to-end learning architectures. Second, the implementation of a real-time,
edge-deployable pipeline for embedded DSP hardware to meet the computational requirements of
adaptive Wiener filtering and VMD filters for continuous EEG monitoring applications.
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