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Abstract

Purpose: Magnetoencephalography (MEQG) is a brain imaging method with high temporal and acceptable spatial
resolution, achieved by recording neural magnetic fields. The data quality of this imaging method is compromised
due to reasons such as the failure of one or more sensors. This study aims to explore the efficiency of the various
data reconstruction techniques in MEG for recovering poor-quality or missing channel data.

Materials and Methods: We compared three surface reconstruction methods (Mean, Median, and Trimmed
mean), two partial differential equations (modified Poisson and Diffusion equation), and a Finite Element-based
interpolation method using data from 11 young adults (aged 30+12). Using varying levels of simulated data loss
(2%, 5%, 11%, and 16%), we assessed each method in terms of time taken for reconstruction, R-squared, root
mean squared error (RMSE), and signal-to-noise ratio (SNR) compared to a reference signal. Statistical tests (P-
value < 0.05) were used to analyze the relationships between the mentioned evaluation criteria. Generalized
Linear Models revealed that surface reconstruction methods and finite-element interpolation outperformed partial
differential equations.

Results: The Trimmed mean method achieved the highest R-squared (0.882 + 0.0610) and lowest RMSE (0.0155
+ 0.00904) with a reconstruction time of 9.5154 microseconds for a 500-millisecond epoch of MEG channel data.

Conclusion: The surface reconstruction methods can recover the noisy or lost signal in MEG with a suitable error
and required time. These findings support the use of robust statistical strategies for improving MEG signal quality,
especially in high-density sensor arrays.

Keywords: Data Reconstruction; Finite Element Interpolation; Image Inpainting; Magnetoencephalography;
Signal Enhancement; Surface Reconstruction.
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1. Introduction

Magnetoencephalography (MEG) is a non-invasive
neuroimaging technique that captures the weak
magnetic fields generated by synchronized neuronal
currents [ 1-3]. Although functional MRI (fMRI) offers
superior spatial resolution, it lacks the temporal
fidelity required to capture real-time brain activity [4,
5]. MEG provides high temporal resolution and non-
invasive access to neuronal activity, making it
particularly suited for capturing fast cortical dynamics
[6-10]. Studying brain function is vital due to its useful
latent information regarding the diagnosis and
treatment of certain diseases such as Obsessive-
Compulsive Disorder (OCD) [11], epilepsy [12],
Alzheimer’s [13], and psychiatric disorders [14, 15].

MEG signals contain information about the brain's
active neural sources and their interactions [16, 17].
Inverse reconstruction of neural sources leads to the
detection of interactions between different brain areas
[18, 19]. While MEG provides high-quality
recordings, it faces challenges related to data quality.
One limitation is the presence of low-quality or
corrupted channel data, which can occur due to sensor
noise, movement artifacts, or other technical issues.
These corrupted channels can significantly impact the
accuracy of source reconstruction, limiting our ability
to understand brain activity and connectivity [19-21].
Prior efforts in MEG artifact correction have focused
on source localization accuracy or component-level
cleaning using techniques such as Signal-Space
Projection (SSP) [22], Independent Component
Analysis (ICA) [23], minimum norm estimation [24],
and, more recently, the integration of fMRI data for
improved source reconstruction [25]. However, fewer
studies have evaluated sensor-level interpolation
performance under simulated dropout. In addition,
these methods typically ignore or discard low-quality
channels in the signal pre-processing phase, leading to
a loss of valuable information [20].

In 2006, Sekihara et al. introduced the Beamformer
method, which used the covariance matrix calculation
to eliminate the effect of background brain activity
interference in the inverse reconstruction of neural
resources [26]. In 2007, Brooks et al. introduced the
Dual-Core Beamformer (DCBF) method to overcome
the limitation of the Beamformer method in the face
of source correlation. They reconstructed the
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correlated sources by using spatial domain filters set
from the linear combination of the vectors of both
possible dipole neural sources [27]. In 2008,
Cheveigne and Simon proposed the Sensor Noise
Suppression (SNS) method for reconstructing channel
data information, in which the specific noises of each
sensor were replaced by the regression of noisy data
from adjacent sensors [28]. In 2014, Lina et al
introduced the Wavelet-based localization method to
reconstruct brain oscillations to locate the signal
generation, in which the signal was examined in the
time-frequency domain [3]. In 2015, Fukushima et al.
introduced the Multivariate Autoregressive (MAR)
method for reconstructing MEG signal data to
examine the direct interactions of different brain
regions based on regression coefficients [29]. In 2016,
Cheveigne introduced the Sparse Time Artifact
Removal (STAR) algorithm to detect and eliminate
specific noises, such as sensor noise, that did not
propagate in time and space. The noise-infected part
was corrected by determining the correlation
coefficient of the noise-free data by the covariance
matrix [30]. In 2018, Wang et al. introduced a method
to correct artificial interactions caused directly by
mixing and spurious interactions in functional
connectivity analyses using bundling observed
functional connections into hyperedges by their
adjacency in signal mixing [1]. In 2021, Suzuki and
Yamashita demonstrated the use of meta-analysis
fMRI data to overcome the problem of the lower
number of sensors than neural sources to improve
current source reconstruction in MEG; however, it
boosted the cost of measurement and the burden on
subjects [25]. The limitations of these methods,
including sensitivity to correlated sources, high
computational cost, and potential loss of spatial
resolution, are summarized in Table 1.

Although most previous methods have focused on
source estimation, the reconstruction problem at the
channel level has been less studied. In many MEG
signal processing studies, low-quality or noisy
channels are removed to maintain the accuracy of the
analysis. However, removing channels may impact the
spatial resolution of neural activity mapping and
introduce biases in subsequent analyses.

This work builds upon our previous study [31], but
extends it in several important ways. First, in addition
to the Mean, Median, and Finite Element interpolation
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Table 1. Previous approaches related to MEG signal cleaning and reconstruction

Author-Date

Brief description

Limitations

Sekihara, 2006

Brooks, 2007

Cheveigne, 2008

Lina, 2014

Fukushima, 2015

Cheveigne, 2016

Wang, 2018

Suzuki, 2021

Eliminating the effect of interferences caused
by spontaneous brain activities by using its
covariance matrix and computing the
resources' current density by weighting all
channels at each moment.

Reconstruction of the correlated sources by
spatial domain filters, which were set from
the linear combination of the vectors of both
possible dipole neural sources.

Removing any uncorrelated sensor noise by
calculating the correlation coefficient of the
recorded channels' signal of each source.

Reconstruction of oscillatory brain activities
by examining low-density channels' signal in
the time-frequency domain and localization
of event-related potentials.

Examining the interactions of different brain
areas by examining the spatial patterns of
brain activities in the MRI image by
calculating the regression coefficients of the
MEQG channels.

Identifying and  removing  channel-
characteristic noises that are not spread in
time and space and correcting them by
imaging the noise part on a subset of other
channels.

Correcting spurious interactions in functional
connections  analyses  using  source-
reconstructed MEG/EEG! data.

Using meta-analysis fMRI? data in current
source reconstruction instead of individual
fMRI data.

Requires control-state
measurements for background
interference covariance.

Background interference can
blur reconstruction results
significantly.

High Computational
complexity.

It cannot remove correlated
noises.

Elimination of uncorrelated
brain signals.

To reconstruct event-related
potential (ERP) only.

For linear sources only.

Not able to examine long-term
interactions.

It cannot remove common
channel noise.

Signal mixing source leakage
remains a significant
confounder for  network
localization.

High computational cost
proportional to the number of
candidates.

! Electroencephalography (EEG)
2 functional Magnetic Resonance Imaging (fMRI)

methods evaluated previously, the current study
systematically examines the Trimmed Mean method
and compares it with six algorithms, including two
PDE-based approaches (modified Poisson and
Diffusion equations). Second, we introduce a
Generalized Linear Model (GLM) framework for
statistical comparison across multiple corruption
levels (2%, 5%, 11%, and 16%) and assess
associations between R-squared, RMSE, and SNR.
Third, while the earlier study focused on descriptive
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comparisons, the present work includes repeated trials
with randomized corruption patterns to evaluate
robustness under variable data loss scenarios. Finally,
a correlation-based neighbor selection strategy is
implemented to mitigate the influence of corrupted
neighboring channels, which was not addressed in the
earlier study. These additions provide a more
comprehensive and statistically rigorous evaluation of
MEG channel reconstruction techniques. These
methodological advances and the expanded evaluation
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framework clearly differentiate this work from our
previous study [31] and provide novel insights into the
robustness of MEG reconstruction methods.

2. Materials and Methods

This section describes the procedures for simulating
signal corruption in MEG data and evaluating
reconstruction quality using statistical metrics such as
SNR and R-square, without performing neural source
localization. The choice of SNR and R-squared as
evaluation metrics was based on their relevance in
assessing the similarity between reconstructed and
original signals. SNR provides a measure of signal
quality, while R-squared quantifies the proportion of
variance explained by the reconstructed signal. A
flowchart is shown in Figure 1 to indicate the sequence
of steps to facilitate the understanding of the entire
implementation process in this study. Then, each step
is explained in the following sub-sections with the
necessary details.

2.1. Data Acquisition

In this research, a study was performed on MEG
signals of eleven young adults (aged 30+£12) with no
history of brain disorders at Barcelona Children's
Hospital and made available through a joint project
with them. These signals were recorded in a
magnetically shielded room with a whole-head 148-
channel magnetometer device at a sampling frequency
of 678.17 Hz called 4D-Neuroimaging (BTi San
Diego, California, USA). MEG signal measurement
was performed continuously for ten minutes in a

resting state with closed eyes. The subjects were
placed in the supine position to reduce the head
movement effect [32].

The sensors were located at a distance from the
head and with an average distance of about 2.5 cm
from each other on a helmet. The position and
orientation of each sensor were measured relative to
the center of the subject's head. Before each
measurement, the shape of the patient's head and its
landmarks, such as left and right ears, were digitized
with 3Space Fasttrack (Polhemus, Vermont, USA). To
determine the head position, a right-handed coordinate
system called the head-frame coordinate system was
used in which the x-axis was to the front, the y-axis
was to the left, and the z-axis was to the top of the
head. The position of magnetometers could be
obtained by the Brainstorm software [33].

2.2. Preprocessing

In the signal recording path, a high-pass filter with
a cut-off frequency of 1 Hz was used before the data
was digitized. After the recording process was
complete, cardiac artifacts of the signals were filtered
using automatic blind source separation algorithms
using the Fieldtrip toolbox in MATLAB [34]. In the
next step of preprocessing of the MEG signal, Infinite
Impulse Response (IIR) filters were used due to their
computational efficiency, despite their nonlinear
phase characteristics [20]. The acceptable frequency
range of this signal is [1-90] Hz; Therefore, to remove
its useless components, a 6th-degree Butterworth
band-pass filter with a bandwidth of [1-90] Hz was
used, and to remove the power-line noise, a 4th degree

Data acquisition

*11 subject
*4D-Neuroimaging
filtering

Pre-Processing

*Removing cardiac artifact
*Frequency domain

Epoch Reconstruction

*Surface reconstruction

ePartial differential
methods
*Finite element methods

Validation

*Different performance

Outlier detection

*Signal windowing
critria *Visual checking

Epoch selection

*Randomly selection

Figure 1. Overview of the study workflow for MEG channel reconstruction evaluation
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Butterworth band-stop filter with a bandwidth of [48-
52] Hz was used [35].

2.3. Epoch Selection

After dividing each channel's data into 500-
millisecond epochs, some had to be considered
outliers and reconstructed using their neighboring
data. Although the initial MEG data used in this study
were of high quality, signal corruption was simulated
by randomly removing portions of the signal in
selected channels. To ensure statistical validity, the
proportion of corrupted channels was limited to less
than 25% of the total. Because this study's volume of
data and calculations was huge and time-consuming,
four random values between 2 and 25% were selected
(equal to 2, 5, 11, and 16%) as outliers. These
percentages were chosen to evaluate the robustness of
reconstruction methods under increasing data loss
scenarios. Then, in four separate stages, where each
stage was repeated 4 times, 2, 5, 11, and 16% of
epochs were randomly selected and considered as
corrupt epochs to ensure that the result was obtained
by no chance [36, 37]. During reconstruction, only the

corrupted segments were considered, and the
uncorrupted parts were excluded from the
reconstruction process to avoid bias. When

reconstructing a corrupted channel based on its spatial
a possibility that
also contained corrupted

neighbors, there was some
neighboring channels
segments due to the random nature of the dropout
process. To mitigate the impact of such neighbors, we
calculated the correlation between the candidate
neighboring channels and the target channel. Channels
with correlation values below 0.4 were excluded from
the reconstruction to ensure that only informative and
reliable neighbors contributed to the interpolation
process. In this way, the conditions of sensor failure or
noise and data loss in some channels were simulated

to consider their impact on reconstruction methods.
2.4. Epoch Reconstruction

MEG data is inherently spatially correlated; that is,
channels nearby in the sensor array often reflect
similar underlying brain activity [38, 39]. Thus, three
surface reconstruction methods were used in this
study: Mean, Median, and Trimmed mean. In the
Mean and Median method, each time sample in the
intended epoch was reconstructed by the average and
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median time samples in the 13 nearest neighbors,
respectively. Median could reduce the influence of
outliers and is beneficial when the data may exhibit
skewed distributions. Also, in the Trimmed mean
method, first, the data of the 13 nearest neighbors were
sorted, and then, after omitting 10% of the data (the
lowest and the highest), the average of the remaining
samples was calculated. Trimmed mean strikes a
balance between mean and median, allowing the
exclusion of extreme values while still considering a
larger portion of the data than the median alone. The
use of 13 neighbors, which includes all the first-
ordered and some second-ordered neighbors, would
strike a balance between Dbeing sufficiently
comprehensive to capture local spatial correlations
while avoiding excessive noise that might arise from
considering too many distant sensors.

Using diffusion processes to model the spread of
information and data values in space can effectively
smooth out noise and recover signals based on spatial
correlations, making them particularly suitable for
multi-channel signal data such as MEG [40]. The
Modified Diffusion and Poisson Equation have been
used in this study due to their ability to effectively
capture spatial correlations among neighboring data
points [31, 36]. In the context of MEG data, each
sensor's measurement is influenced by the activity of
nearby sensors. The initial condition of the data was
necessary for these equations; therefore, since the
sensors were located on the surface of the head,
differentiation was possible only in two dimensions.
Thus, a three-dimensional to two-dimensional
mapping was used to locate the sensors. In this
mapping, after calculating the standard deviation of
the coordinates of each sensor with eight closer
neighbors, the dimension with the least standard
deviation was ignored, and the distance of each sensor
from its neighbors was calculated according to their
coordinates in the two other dimensions.

Then, the initial conditions for each intended sensor
were defined by averaging the Laplace values
obtained from its intact neighbors. After calculating
the initial, the modified Poisson equations are used to
recover the lost data [31, 36].

To calculate the modified Diffusion, the initial
conditions should be applied to Equation 1 [31, 36].

Uy + Uy = IC (M
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Where uy, and u,, were the second-order

derivatives of the signal in the horizontal and vertical
directions, respectively. IC is the calculated initial
conditions in the modified Poisson section.

FEM provides a robust framework for
approximating complex functions locally using
piecewise polynomial functions over finite elements.
In the context of your MEG data, each quadrilateral
element represents a localized area around a sensor,
allowing for a more refined approximation of the
signal near the corrupted data. Quadrilateral elements
were used to implement the FEM in this study. Thus,
the four nearest neighbors of each sensor were

identified [31].
2.5. Validation

After reconstructing the selected epochs, the
reconstructed signal should be compared with the
original signal to evaluate the performance of each
method for the mentioned epochs. Hence, in addition
to R-squared, RMSE, SNR, Average Nearest
Neighbor (ANN), and Local Image Contrast (LIC)
criteria were calculated according to Equations 2 to 6,
respectively.

R2(i,)) =1— (Z""'E’(u” i) ) @)
i (uij — Hyy; )

. 1 N2
RMSE(L)) = |5 ) (uy — ) ()
ijel
Zi,jeluizj

SNR(i,j) = 10Log 5
Yijer(wi; — 1))

4)

Where j and i are the epochs and channel numbers,
respectively. Also, u;; and #;; are the original and
reconstructed time samples of epoch [ with S time
samples, respectively. The average of the original
epoch samples is shown by Hy;;- SNR and R-squared

provide signal-level evaluations of reconstruction
quality. A high SNR indicates that the reconstruction
did not introduce much additional noise, and a high R-
squared means that the structure of the original signal
was preserved.
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n.d;
L (5)

ANN = ——
0.5vn XA

Where n was the number of bad epochs, A was the
number of all the epochs, and d; was the minimum
distance of the bad epoch to its nearest bad neighbor
epoch.

LIC = \ Z?:l(xi - u)? (6)

N+1

Where (; is the average of the N neighboring values
of x; and n is the number of samples in each epoch.

Besides, another evaluation criterion called the
Percentage of the Outlier Border (POB) was used to
examine the degree of dependence of the performance
of each method on the location of outliers. Afterward,
the ratio of the outliers at the borders to the total
number of outliers was calculated.

2.6. Statistical Methods

2.6.1. General Approach

Pearson’s correlation coefficient () was calculated
to show the association between the following
performance indices: R-squared, RMSE, and SNR.
The Confidence Interval (CI) of 95% was also
reported for the correlation coefficients. The study
employed Generalized Linear Models (GLM) [41, 42]
to compare the effectiveness of various methods in
reconstructing MEG signals from corrupted channels
and their dependence on several factors.

2.6.2. GLM Specifications

Model Fit:
performance of each method under varying conditions
of missing rates, LIC, ANN, and POB. The goodness-
of-fit measure R-squared was used as the performance
index.

GLM was used to analyze the

Significance Testing: P-values were calculated to
determine the statistical significance of differences in
performance among methods. Meantstd were
reported for the continuous variables. P-values less
than 0.05 were considered significant. Software and
Package: Analyses were conducted using R software
[43] (version 4.3.2) with the "glm2" package [44].

FBT, Vol. 13, No. 3 (Summer 2026) 608-619
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The performance of each reconstruction method
was evaluated in terms of the processing time required
to implement each method on a 64-bit Laptop with an
Intel 7-core processor clocked at 2.6 GHz and 12 GB
of RAM. All the algorithms mentioned were
programmed in MATLAB 2016a (The MathWorks,
Inc., Natick, Massachusetts, United States).

3. Results

Figure 2 provides a qualitative comparison of the
reconstructed signals for a representative corrupted
epoch using the six evaluated methods. The original
signal (solid black) is plotted alongside the
reconstructed signal in each subplot. This visual
comparison highlights the accuracy and fidelity of
different reconstruction approaches under a typical
dropout scenario. Visual proximity of the
reconstructed signal to the original signal indicates
higher reconstruction accuracy.

To assess the statistical significance of

reconstruction methods under varying corruption
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rates, a Generalized Linear Model (GLM) was
applied. Fixed effects included method type (6 levels)
and corruption rate (4 levels), while the dependent
variable was R-squared. Post-hoc comparisons with
Bonferroni correction revealed that Trimmed Mean
consistently outperformed other methods across all
corruption levels (p < 0.001), particularly at 11% and
16% dropout conditions.

Table 2 reports the mean =+ standard deviation of R-
squared, RMSE, and SNR values for each
reconstruction method, averaged over four repeated
runs at dropout rates of 2%, 5%, 11%, and 16%. The
correlation coefficient between R-squared and RMSE
was -0.75 [CI 95%: -0.744, -0.745] (P<0.001). The
association between R-squared and SNR was 0.22 [CI
95%: 0.220,0.221] (P<0.001). Such an association
between RMSE and SNR was -0.60 [CI 95%: -0.603,
-0.603] (P<0.001). The R-squared was used as the
performance index in the statistical analyses due to its
significant association with SNR and RMSE.
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Figure 2. Comparison of the original and the reconstructed signal. The solid black curve in diagrams (a) to (d)
represents the original signal. The dotted line curve in diagrams (a) to (d) shows the reconstructed signal by Mean,
Median, Trimmed mean, FEM, Modified diffusion equation, and Modified Poisson equation methods, respectively
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Table 2. The performance of different reconstruction methods

SNR RMSE R-squared
Method Mean Median Mean Median Mean Median

(std) [Min, Max] (std) [Min, Max] (std) [Min, Max]

Mean 0.870 0.884 0.0159 0.0135 33.5 33.9
(0.0772) [-2.11, 0.995] (0.00888) [0.00411, 0.274] (3.96) [10.1, 44.5]

Median 0.877 0.884 0.0160 0.0133 33.5 34.0
(0.0532) [0.474, 0.994] (0.00949) [0.00386, 0.309] 4.11) [9.09, 45.0]

Trimmed mean 0.882 0.892 0.0155 0.0129 33.8 343
(0.0611) [-1.20, 0.994] (0.00904) [0.00411, 0.294] (4.09) [9.51, 44 .4]

Finite Element Method 0.635 0.777 0.0211 0.0203 30.3 30.3
(FEM) (0.3840) [-11.9,0.999] (0.00529) [0.00812, 0.201] (1.98) [10.7, 38.8]

Modified Diffusion -499 0.814 0.2370 0.0200 3244 30.5
equation (6620) [-613000, 0.996] (0.78500)  [0.00348, 26.1] (14.30) [-30.5, 45.9]

Modified Poisson -535 [2672;:)100 0.2330 0.0213 23.8 29.8
equation (7110) 0.997] ’ (0.79700)  [0.00519, 27.3] (13.50) [-31.1,42.4]

In Appendix A, the mean and standard deviation of
R-squared, RMSE, and SNR of the reconstructed
signals individually from all subjects, for each dropout
level repeated four times, are reported in Tables A.1 to
A4 for each method separately.

After marking 2% of the bad epochs for all subjects,
the ratio of reconstructed epochs with an R-squared of
more than 0.7 to the total reconstructed epochs is
reported as a percentage in Table 3.

Another important criterion in recovering the lost
signal is the time required for its implementation.
Therefore, the average time required to implement
each method to reconstruct a 500-millisecond epoch is
shown in Table 4.

4. Discussion

MEG signals exhibit strong spatial and temporal
correlations due to neuronal activity. Adjacent
channels often measure similar signals, which means
that even when some channels are corrupted or lost,
the remaining ones still hold valuable information. By
leveraging these correlations, we can reconstruct the
corrupted signals using the intact data. Research
shows that no studies have been conducted to
reconstruct low-quality or corrupted channel data for
MEG signals. Therefore, the importance and
innovation of this research are to recover and
reconstruct the information on bad epochs to be used
in diagnosis. In this study, six signal reconstruction
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Table 3. The percentage of epochs with a R-squared
greater than 70%

Method Percentage (%)

Mean 97.0867

Median 99.3269

Trimmed mean 98.6557

Finite Element Method

(FEM) 59.2862

Modified lefu510n 508412
equation

Modified Poisson equation 52.8035

Table 4. The required average time to reconstruct an

epoch
Method Time (us)
Mean 3.4396
Median 5.8683
Trimmed mean 9.5154
Finite Element Method
(FEM) 2.8705
Modified lequlon 581.5996
equation
Modified Poisson equation 665.8979

methods were investigated to deal with the reduction
of data elimination. While these reconstructions may
not perfectly replicate the lost information, they
provide statistically sound estimates. This is
particularly important in biomedical contexts, where
having a reliable estimate of brain activity is more

FBT, Vol. 13, No. 3 (Summer 2026) 608-619
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beneficial than having no data or discarding
compromised channels.

As illustrated in Figure 2, the Mean, Median, and
Trimmed Mean methods tend to smooth the
reconstructed signal and reduce. The FEM method
shows larger deviations from the original signal,
suggesting that it may introduce additional distortions.
The modified Diffusion and Poisson methods exhibit
even greater discrepancies, indicating that they might
not be as effective in preserving the original signal
characteristics. These visual differences are matched
with the results of Table 2, where the Mean, Median,
and Trimmed Mean methods achieved higher R-
squared and lower RMSE, indicating the best balance
between signal preservation and noise reduction. In
contrast, the FEM, Diffusion, and Poisson methods
had lower R-squared and higher RMSE values.

The statistical tests demonstrated there is a
significant direct and inverse coherence between R-
squared with SNR and RMSE, respectively (P-
value<0.001); therefore, to evaluate the introduced
reconstruction methods’ performance, one ought to
examine the R-squared and also the smaller difference
in signal amplitude of an epoch with the signal of
neighboring accurate the
reconstruction.

epochs, the more

The results of statistical tests to investigate the
performance of the analyzed methods were
significantly dependent on Local Image Contrast
(LIC), Average Nearest Neighbor (ANN), Percentage
of the Outlier Border (POB), and missing rates up to
16% (P-value < 0.001). According to GLM test
results, the Mean, Median, Trimmed mean, and FEM
methods showed no significant differences in
performance (P-value>0.05). However, these methods
significantly outperformed modified Diffusion and
Poisson methods with a high level of significance (P-
value < 0.001).

On average, while repeating 4 times 2% selection
of epochs, 97.09% for the Mean method, 99.33% for
the Median method, and 98.65% for the Trimmed
mean method had an R-squared greater than 0.70,
indicating that the surface reconstruction methods are
more efficient than other methods. Among these, the
Trimmed Mean method demonstrated the highest
reconstruction accuracy, achieving an average R-
squared of 0.882 £ 0.0611 and an SNR of 33.8 + 4.09,
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indicating that it effectively preserves the original
structure of the signal while minimizing
reconstruction errors. Besides, according to Table 2,
the reconstruction error of the Mean, Median,
Trimmed mean, and FEM methods has been
acceptable, while on average, the Trimmed mean
method  achieves the lowest RMSE  of
0.0155+0.00904. This suggests that it effectively
preserves the original structure of the signal while
minimizing reconstruction errors. The minimum
average time required to reconstruct an epoch
(reconstruction  operation  only) was  2.87
microseconds, achieved by the FEM Method.
Afterward, the lowest average time for Mean, Median,
and Trimmed mean methods with 3.4396, 5.8683, and
9.5154 microseconds was recorded, respectively.

While the Trimmed Mean method showed the
highest reconstruction accuracy based on R-squared,
SNR, and RMSE, it is important to acknowledge
potential limitations. The effectiveness of this method
may depend on the number and spatial distribution of
available neighboring sensors. If too few intact sensors
are present in a specific brain region, the reconstructed
data might be less reliable. Furthermore, in clinical
applications such as epilepsy monitoring, missing data
in critical brain regions might impact diagnostic
accuracy.

In general, increasing the number of sensors
generally improves spatial resolution and enhances
source localization accuracy. However, if the added
sensors do not provide independent information (e.g.,
due to high correlation with nearby sensors), the
might redundant or
misleading data. This trade-off should be considered
selecting

reconstruction introduce

when designing MEG studies and
appropriate preprocessing methods.

The observed improvements in SNR and R-squared
suggest that implementing reconstruction methods
could reduce the need for discarding low-quality data,
potentially lowering the cost of MEG data collection
by minimizing sensor replacements and maintenance.
Additionally, by improving the reliability of recorded
signals, these methods may reduce the necessity for
repeated scans in clinical and research settings,
leading to more efficient data acquisition and analysis.

Although reconstruction methods significantly

improve the quality of corrupted channels, their
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effectiveness highly depends on the spatial
distribution of available sensors. While this study did
not include neural source localization techniques such
as beamforming, likely, enhanced channel-level data
quality could positively impact source estimation
accuracy. Future research should systematically
evaluate this effect by integrating reconstruction with
source localization pipelines. Additionally, assessing
the influence of reconstructed signals on downstream
analyses—such as functional connectivity mapping
and clinical diagnostics (e.g., epilepsy detection)—
could provide valuable insights into the practical
applications of these reconstruction methods.

5. Conclusion

MEG
reconstruction methods and demonstrated that
surface-based approaches, particularly the Trimmed
Mean method, provide the highest reconstruction
accuracy. The results showed that preserving low-
quality channels through interpolation can improve

This study compared various signal

SNR and reduce reconstruction errors, which may
ultimately benefit subsequent neural analyses.
Overall, the Trimmed Mean method demonstrated the
most balanced performance in terms of accuracy and
robustness, making it a preferable choice for
reconstructing missing MEG data. However, the Mean
and Median methods also showed competitive results,
while the FEM approach provided the fastest
the modified
Diffusion and Poisson methods exhibited significantly
lower accuracy, suggesting that they may not be

reconstruction time. In contrast,

suitable for MEG signal reconstruction. However, the
effectiveness of these methods depends on the spatial
distribution of available sensors and the characteristics
of missing data. While this study did not directly
assess the impact of reconstruction on source
localization, the observed improvements in signal
quality suggest that future studies should investigate
its potential role in enhancing source estimation
accuracy. These findings highlight the importance of
developing robust data reconstruction techniques to
maximize the utility of MEG recordings in both
research and clinical applications.
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