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Abstract

This paper proposes a diffusion-based framework
using Denoising Diffusion Probabilistic Models
(DDPM) for EEG signal reconstruction in Motor
Imagery (MI)-based Brain–Computer Interface
(BCI) applications. The framework is integrated
with CSP+LDA, FBCSP+LDA, and EEGNet de-
coding baselines to improve robustness while pre-
serving decoding performance. The proposed
method reconstructs predefined EEG channels
from spatially adjacent signals to maintain inter-
channel dependencies, and was evaluated using
training sessions and an independent held-out test
session. The work highlights areas for further
improvement in EEG-based Motor Imagery de-
coding models in Latin America.

1. Introduction
Motor imagery–based brain–computer interfaces(MI-BCIs)
enable users to control external systems by decoding sen-
sorimotor patterns during imagined movements, providing
a non-invasive and communication paradigm (1). Nonethe-
less, the practical application of MI-BCIs still faces critical
challenges (2), particularly in achieving stable and high-
quality EEG signals due to their susceptibility to noise (2),
sensor dropout, and electrode failure (4). These factors di-
rectly affect the motor imagery (MI) signal quality in terms
of spatially distributed patterns and, consequently, decoding
performance. Traditional methods, although widely used,
often struggle to capture the complex, high-dimensional
probability distributions that characterize real MI-related
neural activity, leading to inconsistent task execution and de-
graded EEG signal quality (5). Therefore, addressing these
limitations is essential for improving MI-BCI performance
and advancing EEG-based brain state recognition.
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In MI-BCI systems, generative models have emerged as
a promising research direction due to their ability to en-
hance the reconstruction quality of EEG signals used for
decoding (6; 7). Recently, Denoising Diffusion Probabilis-
tic Models (DDPMs) have been explored with the goal of
expanding training datasets while capturing the intrinsic
complexity of real EEG signals (8; 9; 10). In its standard
formulation, DDPM learns the marginal distribution with-
out additional contextual information (11). Although this
formulation offers modeling simplicity, it may compromise
reconstruction fidelity in EEG signals. In MI tasks, pre-
serving class-specific spatial patterns, such as event-related
desynchronization (ERD), is essential for maintaining dis-
criminative information (12; 13). To overcome this lim-
itation, conditional DDPMs incorporate condition inputs
reconstruction (14). For example, in MI tasks, uncondi-
tional generation may fail to maintain class-specific spatial
patterns, such as the lateralized event-related desynchroniza-
tion (ERD) over contralateral sensorimotor regions observed
during left or right hand imagery (15). In contrast, the con-
ditional DDPM framework performs reconstruction by con-
ditioning on observed channel data or task labels, thereby
facilitating improved preservation of task-specific spatial
and temporal dynamics (16; 17). The key contributions are
summarized as follows:

(1) Proposed a conditional diffusion-based framework for
EEG channel reconstruction in MI decoding.

(2) Developed a controlled evaluation strategy using the
following classifiers: CSP (18) +LDA, FBCSP (19) +LDA,
and EEGNet (20) under a rigorous experimental protocol.

(3) Experimental results demonstrating that framework pre-
serves EEG signal reconstruction fidelity and task-relevant
spatio-temporal patterns.

2. Method
We propose a novel DDPM-based framework for robust
EEG target-channel reconstruction integrated into conven-
tional MI decoding pipelines. The method conditionally
reconstructs predefined target (also referred to as ”hybrid”)
channels from spatially adjacent reference signals while
preserving the original channels, maintaining inter-channel
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dependencies and stable decoding performance. The work-
flow of the entire framework is shown in Fig. 1.

Figure 1. Workflow of the proposed conditional diffusion-based
EEG channel reconstruction framework.

2.1. Problem Formulation

Let X ∈ RQ×T represent an original MI EEG signal,
where Q denotes the number of channels and T the tem-
poral length. Given a predefined subset of target channels
T ⊂ {1, . . . , Q}, the objective is to reconstruct each target
channel signal x(j)

0 ∈ RT for j ∈ T from a set of spatially
adjacent conditioning channels C(j) ∈ RK×T , where K
denotes the number of conditioning channels, while all re-
maining channels remain unchanged. The original channel
signal is defined as Xoriginal

j , which corresponds to the real
EEG recording of channel j.

After reconstruction, the hybrid EEG representation is de-
fined as

Xhybrid
j = mj x̂

(j)
0 + (1−mj)X

original
j (1)

where mj ∈ {0, 1} denotes a binary mask indicating recon-
structed channels.

2.2. Conditional DDPM Training

Target Channel Selection. To enable controlled re-
construction, a predefined subset of electrodes is se-
lected. The target channels are defined as T =
{Fp1,Fp2,AF3,AF4,F7,F8,T7,T8}, where each target
index j ∈ T corresponds to electrodes selected based on
spatial proximity under the international 10–20 montage.

Conditioning Channels. Using a nearest-neighbor spatial
interpolation technique, missing central sensorimotor chan-
nels (C3, Cz, C4) can be approximated based on signals
from adjacent electrodes, partially preserving activity in the

µ (8–12 Hz) and β (13–30 Hz) frequency bands associated
with MI tasks.

Forward Diffusion Process. For each target channel j ∈ T ,
reconstruction is formulated as a conditional DDPM (9),
where the forward process is applied to x

(j)
0 . The forward

diffusion process corrupts the channel defined as:

x
(j)
t =

√
ᾱt x

(j)
0 +

√
1− ᾱt ϵ, ϵ ∼ N (0, I), (2)

where ᾱt =
∏t

s=1(1− βs) and {βs}Td
s=1 represents a prede-

fined linear variance schedule (14).

Conditional U-Net Denoiser. To parameterize the reverse
diffusion process, a conditional denoising network is trained
to predict the injected Gaussian noise:

ϵθ(x
(j)
t , t,C(j)) → ϵ̂

(j)
t (3)

where the inputs correspond to the noisy target signal x(j)
t ,

the diffusion timestep t, and the conditioning channels C(j).
The network parameters are optimized using a mean squared
error loss defined as:

L(θ) = E
x
(j)
0 ,ϵ,t

[
∥ϵ− ϵθ(x

(j)
t , t,C(j))∥2

]
. (4)

The learned denoiser outputs the predicted noise ϵ̂(j)t , which
is later employed during the reverse process to reconstruct
the target EEG signal. The denoising function is imple-
mented as a one-dimensional conditional U-Net (21) for
temporal EEG signals, composed of Conv1D residual blocks
with batch normalization and ReLU activations. Sinusoidal
time-step embeddings are incorporated into each resid-
ual block, while conditioning signals C(j) are integrated
through channel-wise concatenation at the input layer. The
diffusion process is defined over Td = 1000 steps with a
linear noise schedule βt ranging from 10−4 to 2× 10−2.

2.3. Conditional Channel Reconstruction

Gaussian Noise. During inference, reconstruction starts
from a Gaussian noise sample z ∼ N (0, I), which serves
as the initial state of the reverse diffusion process.

Reverse Diffusion. The reverse process is defined as a
conditional Markov chain that progressively removes noise
from x

(j)
t :

pθ(x
(j)
t−1 | x(j)

t ,C(j)). (5)

Given the predicted noise ϵ̂
(j)
t obtained in (3), the reverse

update follows the standard DDPM formulation:
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x
(j)
t−1 =

1
√
αt

(
x
(j)
t − βt√

1− ᾱt
ϵ̂
(j)
t

)
+σtz, z ∼ N (0, I).

(6)

The reverse diffusion chain iteratively reconstructed the tar-
get channel x̂(j)

0 . This conditional reverse diffusion process
enables controlled reconstruction of target EEG channels
while preserving spatial dependencies with central sensori-
motor regions.

Reconstructed Target Channel. Iterative denoising pro-
duces the reconstructed target signal x̂(j)

0 , enabling recov-
ery of peripheral EEG channels while preserving spatial-
temporal dependencies.

2.4. Reconstruction and Decoding Evaluation

Hybrid Channel Replacement. As a result, the recon-
struction procedure yields two aligned datasets: an origi-
nal dataset and a hybrid dataset with reconstructed target
channels. Both representations are used for MI decoding
evaluation.

Evaluation. To evaluate the impact of diffusion-based chan-
nel reconstruction, this study tests three classical MI classi-
fiers.

CSP + LDA. Common Spatial Pattern (CSP) is employed to
extract discriminative spatial filters that maximize variance
differences between MI classes. The resulting features are
classified using Linear Discriminant Analysis (LDA).

FBCSP + LDA. Filter Bank Common Spatial Pattern
(FBCSP) extends CSP by applying multiple band-pass fil-
ters within the MI frequency range before spatial filtering.
The combined features are subsequently classified using
LDA.

EEGNet. Implemented as a convolutional neural network
designed for EEG decoding, its architecture comprises tem-
poral convolutions that learn frequency-selective filters, spa-
tial convolutions that capture channel-specific patterns, and
separable convolutions that integrate temporal and spatial
features.

3. Experiments and Results
3.1. Dataset and Data Processing

Experiments are performed on the BCI Competition III
Dataset V, a continuous EEG benchmark collected from
three participants using a 32-channel BioSemi system with
a sampling frequency of 512 Hz. While the dataset includes
three distinct mental tasks, this work focuses on left-hand
and right-hand MI.

Following the evaluation protocol, the continuous record-

Table 1. Decoding performance on the independent held-out ses-
sion using the DDPM framework.

Method Dataset Accuracy (± std) κ F1-L F1-R

CSP+LDA Original 0.774 ± 0.096 0.551 0.754 0.787
FBCSP+LDA Original 0.786 ± 0.086 0.568 0.754 0.808
EEGNet Original 0.733 ± 0.095 0.470 0.687 0.762

CSP+LDA Hybrid 0.768 ± 0.105 0.537 0.792 0.732
FBCSP+LDA Hybrid 0.772 ± 0.087 0.549 0.784 0.759
EEGNet Hybrid 0.721 ± 0.109 0.442 0.649 0.764

ings are segmented into overlapping 1 s windows with a
stride of 0.5 s. After, the resulting segments are prepro-
cessed via a fold-safe Independent Component Analysis
(ICA) pipeline designed to avoid information leakage be-
tween train and test partitions. The ICA decomposition is
computed solely on the training set after applying a tempo-
rary 1 Hz high-pass filter.

After ICA, signals are band-pass filtered between 8–30 Hz
to highlight the sensorimotor µ and β bands. Lastly, z-
score normalization is performed using statistics derived
only from the training data to mitigate amplitude variability
across recording sessions.

3.2. Experimental Setup and Results

Experimental Details. The first three training sessions are
used for model development, while the fourth session is
reserved as an independent held-out test set. The diffusion
model is trained using the Adam optimizer with learning rate
1×10−4 and batch size of 64. Training is conducted for 200
epochs, and the model with lowest validation loss is selected.
CSP employs 4 spatial components, with log-variance fea-
tures classified using LDA with shrinkage. FBCSP uses
the same number of spatial components across fixed MI
bands (8–30 Hz), followed by LDA with shrinkage. EEG-
Net is trained for 200 epochs using Adam (learning rate
10−3, weight decay 10−4), batch size 128, dropout 0.5, and
patience 80.

Experimental results. Reconstruction quality is quantified
using the Pearson correlation coefficient (PCC) between
reconstructed and reference EEG signals, averaged across
trials. Decoding performance is evaluated using classifi-
cation Accuracy and Cohen’s kappa coefficient (κ) on the
held-out session. We assess the impact of structured chan-
nel reconstruction on MI decoding performance using the
mentioned MI classifiers.

As shown in Table 1, decoding performance remains stable
under hybrid channel replacement across all classifiers. Par-
ticularly, FBCSP+LDA achieves the highest performance in
both original and hybrid conditions, indicating that spectro-
spatial representations are largely preserved after reconstruc-
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tion. In addition, CSP+LDA exhibits comparable robustness
with a moderate performance decrease. Finally, EEGNet
shows slightly higher sensitivity to channel replacement,
although differences remain small. Overall, the results indi-
cate that diffusion-based structured channel reconstruction
maintains discriminative information necessary for within-
session MI decoding.

Overall, accuracy reductions are limited to approximately
≤ 1.5%, and remain small relative to the reported standard
deviations, indicating minimal performance degradation un-
der within-subject evaluation. Similar behavior is observed
in κ, suggesting only marginal changes in class agreement.
Analysis of F1-scores shows no systematic class-specific
drop using hybrid reconstruction. Although minor redistri-
butions in left and right-hand performances are observed,
specifically, a slight increase in left-hand F1 score for CSP-
based approaches, these variations remain balanced across
classifiers.

Figure 2. Temporal and time–frequency comparison between the
original and reconstructed hybrid EEG signal of the AF3 channel
(PCC = 0.935).

Qualitative comparisons in Fig. 2 further illustrate the visual
similarity between the original and reconstructed hybrid
signals for one target channel. From this example, it could
be seen that the temporal shape of the reconstructed sig-
nals exhibit comparable amplitude variations and similar
time–frequency characteristics to the original EEG signals.

3.3. Ablation Analysis

We conduct ablation studies to evaluate the impact of spatial
conditioning design and diffusion formulation on the fidelity
of EEG channel reconstruction. Reconstruction quality is
measured using the PCC between reconstructed and original
target channels.

Spatial Topology. As shown in Fig. 3(a), reconstruction
performance strongly depends on spatial adjacency. The
NEAR topology, defined as conditioning on neighboring
adjacent channels according to the 10–20 montage, achieves
the highest PCC (0.732). In contrast, FAR (0.321) and

Figure 3. Ablation of Spatial Topology, Conditioning Size, and
Diffusion Mode for Conditional EEG Channel Reconstruction.

RANDOM (0.366) configurations might exhibit substantial
degradation. These results suggest that preserving physio-
logically meaningful local context is essential for maintain-
ing channel-specific characteristics during reconstruction.

Conditioning Size. Fig. 3(b) examines the effect of
conditioning-set size on reconstruction performance. PCC
increases from 0.732 (COND2) to 0.831 (COND4) and
0.851 (COND8), indicating that richer spatial context im-
proves structural recovery. However, the incremental gains
decrease as more conditioning channels are added.

Diffusion Mode. Fig. 3(c) demonstrates the importance
of conditional modeling. While the conditional framework
achieves a PCC of 0.732, the non-conditional variant yields
a PCC of 0.002, failing to preserve signal correspondence.
This result reflects the limitation of modeling the marginal
distribution without structured conditioning, highlighting
the necessity of spatial context for accurate EEG reconstruc-
tion.

Overall, these ablations validate that spatially structured
conditioning is fundamental to accurate EEG channel recon-
struction and forms the basis for robust MI decoding.

4. Conclusion
This work proposes a conditional diffusion framework for
channel reconstruction in MI decoding. The proposed ap-
proach reconstructs predefined target channels by condi-
tioning the reverse diffusion process on spatially adjacent
electrode observations, enabling targeted channel imputa-
tion while preserving inter-channel dependencies.

Experimental evaluation under an independent held-out pro-
tocol demonstrates that decoding performance remains sta-
ble across CSP+LDA, FBCSP+LDA, and EEGNet classi-
fiers and κ exhibits consistent trends, indicating that hybrid
reconstruction does not introduce systematic class degrada-
tion. Results suggest that the proposed conditional diffusion
strategy preserves discriminative spatio-temporal structure
essential for MI decoding, supporting its suitability for struc-
tured missing-channel scenarios without performance com-
promise.
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