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Abstract—Bad channels significantly compromise EEG anal-
ysis, yet existing solutions often struggle with generalization
or rely on precise electrode coordinates that are frequently
unavailable. This study proposes an automated framework
that integrates deep learning and reservoir computing with-
out requiring electrode coordinates. The system features a
Bad Channel Long Short-Term Memory (BC-LSTM) net-
work with multi-order differential features for precise anomaly
detection, and a Correlation-Weighted Reservoir Computing
(CWRC) module for signal reconstruction. We also introduce a
detection-guided data selection strategy to ensure artifact-free
training, alongside a Neural Electrophysiological Similarity-
Driven Transfer Learning (NESTL) mechanism to address data
scarcity. Experimental results across 19-, 32-; and 64-channel
datasets demonstrate 92.4% detection accuracy and an 80%
improvement in reconstruction quality over traditional inter-
polation. The proposed system provides an effective automated
solution for EEG preprocessing, suitable for both clinical and
research applications.

Index Terms—EEG, LSTM, Reservoir Computing, Transfer
learning, Bad Channel

I. Introduction

Electroencephalography (EEG) is widely used in neuro-
science and clinical diagnostics due to its millisecond-level
temporal resolution, portability, and cost-effectiveness [1].
In practical, EEG applications face significant challenges
from “bad channels”—electrodes that fail to capture
valid neuronal activity due to high impedance, connec-
tion failures, or amplifier malfunctions. As illustrated
in Fig. 1, these channels exhibit high-amplitude noise,
saturation, or silence. Such anomalies not only result in
information loss but also disrupt downstream analyses:
they severely compromise preprocessing algorithms like
Independent Component Analysis (ICA) and Artifact
Subspace Reconstruction (ASR) [2], [3], distort source
localization by altering spatial topologies [4], and degrade
the performance of machine learning models [5].

Given these challenges, effective bad channel detection
and reconstruction are essential. Traditional approaches
typically involve manual detection, which is subjective and
labor-intensive, or automated statistical methods [6], [7]



Fig. 1: Illustration of common bad channel artifacts in
EEG recordings.

that often struggle to generalize across variable experimen-
tal conditions. For signal recovery, standard interpolation
techniques (e.g., spherical spline) rely heavily on static
spatial relationships and precise electrode coordinates [8],
[9]. These methods fail to capture temporal dynam-
ics and suffer significant accuracy loss when coordinate
information is missing or inaccurate—a common issue
in practical scenarios. While deep learning offers new
avenues, specifically Long Short-Term Memory (LSTM)
networks for temporal feature learning [10] and Reservoir
Computing (RC) for efficient signal reconstruction [11],
[12], existing implementations often require ideal, noise-
free training data [13], a condition rarely met in clinical
reality.

To address these limitations, this research proposes an
integrated, fully automated EEG bad channel processing
system. Our approach combines an improved LSTM net-
work (BC-LSTM) for robust detection with a Correlation-
Weighted Reservoir Computing (CWRC) framework for
adaptive reconstruction. Unlike traditional methods de-
pendent on spatial coordinates, our system leverages
temporal dynamics and intrinsic signal correlations to
perform robustly even without explicit electrode position
information.

We introduce four primary innovations:

1) Adaptive BC-LSTM Architecture: An improved
LSTM that combines raw signals with differential
features and uses a dynamic weight adjustment
mechanism to handle the non-stationary nature of
EEG signals.

2) Coordinate-Free Reconstruction: A graph
embedding-based correlation weight matrix that
optimizes reconstruction weights without requiring

explicit electrode position information.

3) High-Quality Data Selection: A strategy to auto-
matically identify valid training segments with high
signal-to-noise ratios, preventing the contamination
of the RC model by artifacts.

4) Neural Electrophysiological Similarity-Driven Trans-
fer Learning (NESTL): A method to address data
scarcity by leveraging reconstruction models from
subjects with similar electrophysiological profiles.

Systematic evaluation on 19, 32, and 64-channel

datasets demonstrates that this system significantly out-
performs traditional detection and interpolation methods.
By effectively managing multiple co-existing bad channels
and operating independently of electrode coordinates, this
work provides a reliable foundation for high-quality EEG
analysis in both research and clinical settings.

II. Related Work
A. Bad Channel Detection

Bad channel detection methods primarily fall into statis-
tical and machine learning categories. Widely used artifact
removal pipelines, such as FASTER and HAPPE, employ
statistical thresholding to identify bad channels [6], [14].
Iterative approaches like the Iterative Standard Devia-
tion (ISD) method [15] improve detection but require
sensitive hyperparameter tuning. More recently, unsu-
pervised learning methods such as the Local Outlier
Factor (LOF) [16] and deep learning approaches like clea-
nEEGNet (a 2D-CNN) [17] have demonstrated superior
performance over traditional statistical baselines. These
methods require fixed input dimensions or substantial an-
notated data, limiting their flexibility in dynamic clinical
environments.

B. Bad Channel Reconstruction

Traditional reconstruction relies on interpolation, which
depends heavily on precise electrode coordinates. Recent
deep learning advancements have introduced data-driven
alternatives. Methods utilizing spatiotemporal correla-
tion [18] and deep autoencoders [19] have shown promise
in self-supervised reconstruction. Generative models, in-
cluding WGAN-based approaches [20] and convolution-
based upsampling [21], can generate realistic EEG signals
even with reduced electrode counts. The EC-informer
model [22] further improved efficiency in cross-subject
transfer. Despite these advances, most deep learning
models struggle when multiple adjacent channels fail
simultaneously or when training data distributions diverge
significantly from test data due to inter-subject variability.

C. Reservoir Computing in EEG

RC has gained traction in EEG analysis due to its
computational efficiency and ability to model non-linear
temporal dynamics [23]. It has been successfully applied
to epileptic seizure prediction [24] and extensively used
in emotion recognition tasks, handling variations across
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Fig. 2: Overview of the proposed system architecture.

trials and subjects [12], [25]-[27]. Additionally, RC com-
bined with transfer learning has shown robust pattern
recognition capabilities [28].

Relevant to this study, RC has been investigated for hid-
den data recovery. Previous work demonstrated that RC
outperforms linear interpolation in reconstructing missing
EEG signals [13]. That approach assumed the availability
of ideal, noise-free periods for training the readout layer—
an assumption rarely met in real-world clinical data.
This research addresses that gap by introducing a robust
selection and weighting mechanism that eliminates the
need for pristine ground-truth data.

III. Method

A. System Architecture Overview

We propose an integrated framework for EEG bad
channel detection and reconstruction (Fig. 2), consisting
of a detection module and a reconstruction module.

EEG signals are segmented into fixed-length windows
and processed by a BC-LSTM to detect abnormal seg-
ments. Channels are classified as good or bad based
on the proportion and temporal continuity of detected
abnormalities, enabling separation of transient artifacts
from persistently corrupted channels.

For reconstruction, if a bad channel contains sufficient
normal segments, a subject-specific CWRC model is
trained. It employs a signal-driven correlation weighting
mechanism to adaptively fuse information from remaining
channels without requiring electrode position information.

When normal segments are unavailable, NESTL is ap-
plied. This strategy selects a similar subject and transfers
the corresponding CWRC model to reconstruct the target
bad channel. In cases with multiple bad channels, only
identified good channels are used as reconstruction inputs.
Finally, reconstructed signals are combined with original
good channels to produce complete EEG recordings.

B. Bad Channel Detection Module

EEG bad channel detection is challenging due to diverse
abnormal patterns, including amplitude outliers, rapid
oscillations, and slow drifts. To capture these heteroge-
neous characteristics, we construct multi-order differential
representations. Given a signal segment s € RW | its first-
and second-order differences are computed and stacked
with the original signal to form a three-channel input
X € R3>*W enabling complementary descriptions of signal
magnitude, rate of change, and acceleration.

To adaptively emphasize informative components, we
propose a BC-LSTM with dynamic input reweighting. The
key intuition is that different bad channel types manifest
distinct temporal behaviors. Therefore, the relative impor-
tance of the original signal and its differential components
should vary over time.

Let c¢; denote the LSTM cell state at time t. BC-LSTM
leverages the previous cell state c;_1, which summa-
rizes the current waveform context, to generate adaptive
weights for the input at the next time step:

Xt = x¢ © o(conv(ci—1)), (1)

where x; € R3 is the three-channel input at time ¢, ®
denotes element-wise multiplication, conv(-) maps ¢;—1 to
a 3-dimensional weight vector, and o(-) is the sigmoid
function. The remaining LSTM state updates follow the
standard formulation.

C. Bad Channel Reconstruction Module

The reconstruction module recovers signals from iden-
tified bad channels using information from remaining
good channels. We consider two scenarios: subject-specific
reconstruction, where sufficient normal segments exist,
and transfer learning-based reconstruction, where data is
scarce.

To capture nonlinear inter-channel relationships, we
adopt the CWRC framework, which enhances standard
RC by introducing a signal-driven correlation weighting



mechanism that adaptively modulates the contribution of
each input channel.

1) RC-based Reconstruction: Reconstruction is per-
formed channel-wise. For each bad channel, we use n good
channels as input to reconstruct a single target signal.
Before entering the reservoir, input signals are modulated
by a correlation weight matrix:

Xw - Wcorr . XorigiIu (2)

where Xgrigin € R™*T denotes the original input signals
from n good channels, and W, € R"*™ is a diagonal
weight matrix adjusting channel contributions.

The reservoir state is updated according to:

iy = (1 — lr)rt + lr tanh(Wresrt + Winxw,t); (3)

where r; € RV is the reservoir state at time ¢, Xyt is the
t-th column of Xy, Wies € RV XNr and Wy, € RN->xn
are fixed internal and input weight matrices, and [, is the
leakage rate.

The reconstructed signal is obtained via a linear read-
out:

Yt = WoutTt, (4)
where Wy, € RYMr is trained using ridge regression. Let
R=1[ry,...,vr] ERY*T and y = [y1,...,yr], then:

Woue = yRT(RRT +9I) 1. (5)

2) Graph Embedding-based Correlation Weight Matrix:
To address the limitations of spatial interpolation, we
construct a signal-driven correlation weight matrix based
on functional relationships. Given input Xorigin € R™*T
we first compute the Pearson correlation matrix Reorr €
R™ "™ among input channels. The adjacency matrix A is
constructed as:

Aij = |(Rcorr)ij|, A, =0. (6)

The normalized graph Laplacian is computed as:
Lnorm = Di% (D - A)D7%7 (7)

where D is the degree matrix with D;; = Zj Aij.

Eigen-decomposition of Lyoy yields an embedding
matrix E € R"**, The correlation weight for input channel
1 is:

k
w; =7y + |Ti,target| - B Z Ezz,] ) (8)

Jj=1

where 7; target is the Pearson correlation between input
channel ¢ and the target bad channel, and ~,«,3 are
hyperparameters. The weight matrix is then W, =
diag(ws, ..., wy,).

Algorithm 1 NESTL-based Cross-Subject Reconstruction

Require: Dataset D, target subject S;, bad channel ¢,
parameter K
Ensure: Reconstructed signal g,
1: Screen eligible candidate subjects S from D
: Select simulated bad channel cg,, from S;
: Stage 1: Similarity assessment
: for each candidate S; € § do
Train CWRC model Mfim on S; to reconstruct cgiy
Apply Mfim to S to obtain Fsim
Compute error e; = MSE(¢sim, Usim)
: end for
: Stage 2: Model transfer
: Stop < top-K candidates with lowest e;
: Randomly select Sge from Siop
: Train CWRC model Mg, on Sse to reconstruct c
: Apply Mge to S; to obtain g,
: return Y,

= s s
B~ W N = O

3) Neural Electrophysiological Similarity-Driven Trans-
fer Learning: When subject-specific data is insufficient,
NESTL transfers models from similar subjects. A proxy-
based similarity evaluation is used: a known good channel
(e.g., Cz) in the target subject is treated as a simulated
bad channel to evaluate how well models from candidate
subjects can reconstruct it. The process is detailed in
Algorithm 1.

Here, S denotes the set of eligible candidate subjects, .S;
is the i-th candidate, M;™ is the CWRC model trained
on S; for reconstructing the simulated channel, ¥y is
the predicted signal for cgim, Stop contains the top-K
candidates with lowest errors, Sg is the randomly selected
candidate, and M is the final CWRC model used for
reconstruction.

IV. Experiment
A. Datasets

Three EEG datasets with different electrode configura-
tions were used for evaluation.

DEAP dataset [29]: A public dataset containing EEG
recordings from 32 subjects during emotion elicitation
experiments, collected using a 32-channel system following
the international 10-20 standard.

19-channel private dataset: EEG data collected using
a face-building matching paradigm, including recordings
from 53 schizophrenia patients and 31 healthy controls.
The electrode configuration follows the international 10-
20 system, and bad channels were annotated by clinical
experts.

64-channel private dataset: EEG data collected using
EGI equipment with 64 channels under a dot-probe
paradigm, including recordings from 231 Alzheimer’s dis-
ease patients. Bad channels were annotated by clinical
experts.



Fig. 3: Electrode layouts for the three datasets.

TABLE I: Performance Comparison of Detection Methods

Method ACC (%) Pre (%) Rec (%) Fl-score (%)
Faster 58.90 70.43 50.75 58.99
HAPPE 63.25 61.59 74.39 67.39
cleanEEGNet 73.32 71.78 75.76 73.71
Ours 92.40 92.51 92.14 92.32

For both private datasets, bad channel annotations were
provided by a senior clinical neurophysiologist with over
10 years of experience. Channels were labeled as bad
based on persistent abnormal amplitudes or dominant
abnormal segments throughout the recording. Based on
these annotations, abnormal segments from bad channels
and normal segments from good channels were randomly
sampled to form balanced positive and negative samples
for detection tasks.

Electrode layouts for all datasets are illustrated in
Fig. 3. All EEG data were resampled to 250 Hz and
bandpass filtered between 0.5-30 Hz. The datasets are
referred to as Dataset-19CH, Dataset-32CH, and Dataset-
64CH according to the number of channels.

B. Evaluation Metrics

1) Bad Channel Detection Metrics: Detection perfor-
mance was evaluated using Accuracy (ACC), Precision,
Recall, and F1-score:

TP+ TN

A =
cC TP+TN+FP+FN’ )
TP _ TP
Precision = TP+ FP’ Recall = TPLFN’ (10)
Fl—o Precision - Recall (1)

" Precision + Recall’

where TP, TN, FP, and FN denote true positives, true
negatives, false positives, and false negatives, respectively.
2) Bad Channel Reconstruction Metrics: Reconstruc-
tion performance was evaluated using multiple quantita-
tive and qualitative metrics.
MAE and MSE measure absolute and squared recon-
struction errors:

N N
1 1
MAE = — Y —Y;|, MSE=— Yree —Y;)2.
N ;:1 |Y; | N ;:1( f )
(12)

Relative Error was adopted to normalize reconstruction
errors across channels with different amplitudes:

Error(Y*,Y)
Self Error '

where Error(-) and Self Error are defined following stan-
dard normalized error formulations.

Pearson Correlation Coefficient (PCC) was used to
assess waveform similarity:

XY — Y)Y, ~7)
Ve -V [ v - V2
In addition, expert visual assessment was conducted by
a senior clinical neurophysiologist, who blindly scored re-

constructed signals (1-5) based on waveform morphology
and artifact suppression.

Relative Error = (13)

PCC =

(14)

V. Experimental Results
A. Bad Channel Detection Performance

We first evaluate the effectiveness of the proposed
detection module. We compare our BC-LSTM with Faster,
HAPPE (traditional methods) [6], [14], and cleanEEGNet
(CNN-based method) [17]. Testing was conducted on a
combined dataset of Dataset-19CH and Dataset-64CH.

The performance comparison is detailed in Table I.
As shown, Faster and HAPPE achieved accuracy rates
of only 58.9% and 63.25%, respectively. cleanEEGNet
showed improvement but remained inadequate for precise
clinical needs. Our method achieved the highest perfor-
mance across all metrics, with an accuracy of 92.4% and
an Fl-score of 92.32%, demonstrating its superiority in
identifying abnormal channels.

B. Reconstruction Performance Evaluation

This section assesses the reconstruction quality of
the proposed CWRC framework. We benchmark against
Spherical Spline Interpolation (standard in EEGLAB),
RC, and deep learning methods (GAN, Transformer) on
Dataset-32CH.

Quantitative results are presented in Table II. The
proposed CWRC method consistently outperforms the
baseline RC and traditional interpolation methods across
all datasets. On the DEAP dataset (Dataset-32CH),
CWRC significantly reduced the Mean Squared Error
(MSE) to 64.1, compared to 306.1 for Interpolation and
77.4 for basic RC.

Deep learning models (GAN and Transformer) per-
formed poorly in this context, failing to surpass even the
traditional interpolation baseline in terms of correlation
coefficient. This underperformance is attributed to the
fixed input dimensions of deep models, which struggle
to adapt to the dynamic nature of bad channel config-
urations. In contrast, our reservoir-based approach offers
superior flexibility.

Fig. 4 provides a visual comparison on the representa-
tive Dataset-32CH. Interpolation methods often produce



TABLE II: Quantitative Reconstruction Performance Comparison Across Datasets

Dataset Method Rel. Error MAE MSE  Corr. Coeff. Expert Score
Interpolation 0.1855 3.87 91.4 0.742 3.78
Dataset-19CH RC 0.0722 3.57 55.7 0.812 4.14
CWRC (Ours) 0.0699 3.49 51.8 0.833 4.19
Interpolation 0.5239 7.53 306.1 0.574 3.89
GAN 0.4145 6.73 248.8 0.665 3.21
Dataset-32CH  Transformer 0.7389 10.18  460.7 0.407 2.55
RC 0.1250 4.27 7.4 0.879 4.33
CWRC (Ours) 0.1002 3.97 64.1 0.891 4.41
Interpolation 0.1642 7.81 211.0 0.720 4.23
Dataset-64CH  RC 0.0874 7.67 166.9 0.851 4.45
CWRC (Ours) 0.0789 7.23 154.0 0.870 4.49

Note: Statistical significance assessed via Wilcoxon signed-rank tests (p < 0.001 for CWRC vs. Interpolation/RC on Dataset-32CH).

smoothed waveforms that miss high-frequency details or
introduce unnatural artifacts. CWRC effectively recon-
structs the signal by leveraging the correlation-weighted
contributions from valid channels, resulting in waveforms
that most closely resemble the ground truth.

C. Impact of Training Data Size

We analyzed the relationship between training data
quantity and reconstruction quality (Fig. 5). While RC-
based methods require a ”"warm-up” period, they begin
to outperform interpolation once the training set exceeds
approximately 300 data points. CWRC shows lower error
than basic RC when data is scarce, highlighting the
efficacy of the correlation weight mechanism in low-
resource regimes. For practical deployment, a threshold
of 600 points ensures robust performance.

D. Neural Electrophysiological Similarity-driven Transfer

Finally, we validate the NESTL strategy for scenar-
ios where target subject data is unavailable. We tested
whether selecting source models based on channel similar-
ity improves reconstruction compared to random selection.

As illustrated in Fig. 6, we performed pairwise testing
across all channel pairs. The results reveal a systematic
pattern of effective transfer: consistently positive improve-
ment trends were observed in over 84% of channel pairs
across different K settings. This confirms that select-
ing training data based on electrophysiological similarity
yields significantly better reconstruction than random se-
lection, enabling the system to handle cold-start scenarios
effectively.

VI. Conclusion and Future Work

In this paper, we presented a novel end-to-end intelligent
EEG bad channel detection and reconstruction system.
By integrating the proposed BC-LSTM detection module
with a CWRC reconstruction framework, our approach
enables fully automated processing without relying on
explicit electrode position information.

Comprehensive experiments on 19-; 32-; and 64-channel
datasets demonstrate the superiority of the proposed

method, with BC-LSTM achieving 92.4% detection accu-
racy and CWRC improving reconstruction quality by up
to 80% compared to traditional interpolation. Regarding
computational efficiency, our system achieves a Real-
Time Factor (RTF) of approximately 0.004, processing
a 40-minute EEG recording in under 10 seconds. This
speed, approximately 250x faster than real-time, ensures
the feasibility of handling large-scale datasets in clinical
research.

A key finding from our study is that the RC model
can achieve robust reconstruction with as little as a few
seconds of high-quality training data. This implies that
ensuring a brief initial period of clean signals during ac-
quisition could substantially reduce data loss in prolonged
monitoring sessions.

Future work will focus on two main directions. First, we
plan to develop a hierarchical RC framework that builds
dedicated models for different functional brain regions
(e.g., frontal, temporal) to capture region-specific neuro-
physiological characteristics. Second, we aim to optimize
the channel selection strategy in the NESTL module to re-
duce computational overhead and further enhance transfer
learning efficiency. Future work will explore applying this
framework to other multi-channel signals such as multi-
lead ECG.
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