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ABSTRACT

Electroencephalography (EEG) measures brain activity using electrodes placed on the
scalp. Estimating the underlying source locations from these measurements is an ill-posed
inverse problem, and traditional methods often struggle in the presence of noise and complex
source configurations. Recent approaches have applied neural networks to this task, but
many rely on assumptions that limit their ability to generalize across different data settings.

This work presents a transformer-based model for EEG source localization that supports
both single-source and multi-source prediction. The model is designed to handle challenges
commonly found in EEG data, including measurement noise, varying source configurations,
and missing electrodes. Training is performed on large-scale simulated EEG data generated
from known source locations.

A structured evaluation framework is introduced to assess performance under different
conditions, including varying noise levels, source region densities, and electrode dropout sce-
narios. Across these settings, the transformer model consistently achieves lower localization
error compared to both classical methods and existing neural network approaches. In addi-
tion, a set of ablation studies is conducted to analyze the impact of architectural and training

design choices. The code and data used in this work will be made publicly available.
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Chapter 1

Introduction

The brain generates electrical activity as neurons fire during cognitive processes. When
large groups of neurons are active at the same time, this activity can be measured using
electroencephalography (EEG). EEG is a widely used technique in neuroscience that records
electrical potentials at the scalp using a set of electrodes. These measurements provide a
sparse view of brain activity, as signals are only observed at a limited number of locations.
Estimating the underlying source of this activity from EEG measurements is known as the
inverse problem, which is ill-posed [10].

Traditional approaches to EEG source localization rely on numerical methods and phys-
ical models of the head to estimate the source locations. While these methods are well
studied, they can be computationally expensive and often struggle in the presence of noise
or when multiple sources are active [1]. More recently, machine learning methods have been
applied to this problem by training models on large sets of simulated EEG data. Prior work
has explored a range of architectures, including convolutional networks [8], fully-connected
networks [9], and graph-based models [13].

Transformer models have achieved strong performance in areas such as natural language
processing and computer vision, but their use in EEG source localization remains limited.
Existing transformer-based approaches [30] typically follow the same fixed input and output
structure as earlier models, which does not fully take advantage of the flexibility offered
by attention mechanisms. In particular, transformers can naturally operate on a variable

number of input tokens and do not require a fixed ordering of inputs. This is especially useful
1
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for EEG data, where electrode measurements may be missing or unreliable. Additionally,
the number of output tokens can be controlled through learned embeddings, allowing for
direct multi-source prediction.

In this work, a transformer-based model is developed for EEG source localization that
leverages these properties. Each electrode is treated as an individual input token, with
spatial location included directly in the input representation. Learned embedding tokens are
used to predict one or more source locations. The model is evaluated on both single-source
and multi-source localization tasks and is tested under varying levels of noise and electrode
dropout.

In addition to general performance improvements, the proposed model demonstrates
strong gains in several challenging scenarios. In single-source localization on the 10 mm
regions, the transformer achieves a mean localization error of 0.877 mm at 50% noise, com-
pared to 1.359 mm for the MLP and 7.924 mm for LCMV. At higher noise levels (75%), the
transformer maintains an error of 4.647 mm, while classical methods exceed 14 mm. In multi-
source experiments, the transformer continues to perform reliably, achieving 0.564 accuracy
at 50% noise, whereas other approaches degrade significantly. The model also remains robust
under electrode dropout, with only minor performance degradation when five electrodes are
removed. These results highlight the ability of the transformer to handle noisy, incomplete,
and multi-source EEG data more effectively than existing methods.

To support training, simulated EEG data are generated using a realistic head model
with varying levels of measurement noise. The brain surface is discretized into regions
using a Poisson-disc-like sampling approach, which allows control over the spacing between
regions. Two levels of discretization are considered, with 10 mm and 5 mm spacing, enabling
evaluation across different levels of spatial resolution.

The proposed model is evaluated across a wide range of scenarios, including different
noise levels, source configurations, and electrode dropout conditions. In addition to the

main model, several ablation studies are conducted to examine the impact of architectural



choices and training strategies. These include experiments on iterative training, uncon-
strained location prediction, and alternative network configurations.

In summary, the main contributions of this work are:

o A transformer-based model for EEG source localization that supports a variable num-

ber of inputs and outputs.

o A region clustering approach that allows direct control over spatial resolution in the

forward model.

o A comprehensive evaluation demonstrating improved performance over classical and
existing machine learning methods, especially under noisy and incomplete data condi-

tions.

o An ablation study analyzing the effect of network design and training strategies on

model performance.



Chapter 2

Related Works and Background

2.1 EEG Source Localization

Over the past few decades, significant progress has been made in estimating neuronal sources
from EEG data. These methods rely on a forward model that describes how electrical activity
in the brain propagates through head tissues to the electrodes. Simple spherical models
provide analytical approximations, while finite element models (FEM) offer higher accuracy
by capturing the complex geometry and conductivity of the head. In these models, dipolar
current sources are used to simulate the electrical activity that produces the observed EEG
signals [5]. Dipoles are commonly used because they provide a flexible way to represent
different types of brain activity.

Source activity can vary in both space and time, and may appear as a single source,
multiple correlated sources, or distributed activity across regions of the brain. Different
source localization methods aim to estimate these underlying sources from the measured
EEG signals.

Since the inverse problem is ill-posed, additional assumptions are required to obtain a
stable solution. The problem can be either over-determined or under-determined depending
on the number of sources relative to the number of measurements. In the over-determined
case, a small number of discrete sources are estimated (e.g., dipole fitting or beamforming),
which tends to be more robust to noise but may miss complex activity patterns. In the

under-determined case, a large number of dipoles are distributed across the brain surface,
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often constrained to be perpendicular to the cortex. In this setting, regularization methods
such as minimum norm estimates (MNE) are used to reduce ambiguity and obtain a stable
solution [1]. Additional constraints, such as temporal or statistical priors, can further improve
robustness.

A widely used distributed method is eLORETA [16], which is known for its stability and
practical performance [12]. Similar to sSLORETA [17], it minimizes the L2 error between
predicted and measured EEG signals while applying Tikhonov regularization. Although
these methods suffer from depth bias, different weighting strategies can help reduce this
effect. However, they remain sensitive to noise and often require preprocessing or averaging.

In this work, both SLORETA and eLORETA are evaluated on simulated data and are
found to produce identical results. Therefore, only eLORETA is reported. In addition, a
discrete source localization method, the linearly constrained minimum variance (LCMV)
beamformer [25], is included for comparison. A broader overview of classical EEG source

localization methods can be found in [31].

2.2 Machine Learning

The use of machine learning for EEG source localization is a relatively recent development.
ConvDip [8] introduced one of the first convolutional neural network approaches for this
task, where the brain is discretized into voxels and the network predicts the activity level in
each voxel. Since then, several approaches have extended this idea using different architec-
tures. For example, [9] proposed a recurrent neural network with fully connected layers for
spatio-temporal prediction, while [13] introduced a graph neural network for similar tasks.
Other methods include learning linear combinations of basis functions [28], using neural mass
models [23], combining CNNs with finite element modeling [2], and applying LSTM-based
or autoencoder-based architectures [20, 11, 14]. A comprehensive overview of supervised
learning approaches is provided in [19].

Despite this progress, most prior work focuses on CNNs, RNNs, or related architectures,

5



and transformer-based models have not been widely explored for EEG source localization.
Transformers have shown strong performance in EEG classification tasks, with models such
as EEGFormer [27], EEG-VIiT [29], EEG-Conformer [22], and EEG-Deformer [3], but these
approaches have not been directly applied to the localization problem.

To the best of current knowledge, only one prior work [30] has proposed a transformer-
based approach for EEG source localization. However, that method relies on fixed input
representations and distribution-based outputs similar to earlier approaches, and does not
explore variations in network design. In contrast, the transformer model used in this work
uses learnable embedding tokens to separate single-source from multi-source localization
and includes spatial location directly in the input. It also can be extended to unconstrained
location prediction. In addition, different aspects of the model are explored, including the

effect of noise levels during training and variations in network configuration.



Chapter 3

Materials and Methods

For EEG source localization, brain activity must be inferred from electrical potentials mea-
sured at the scalp. These sources generate current that flows through the head tissues and
produces the observed EEG signals. This process can be modeled using a finite element
model, where the geometry and properties of the head tissues are obtained from magnetic
resonance imaging (MRI).

In this work, the Ernie head model [24] is used to generate simulated EEG data for source
localization. Both classical methods (e.g., eLORETA) and machine learning approaches are
evaluated using this setup. Applying machine learning to this inverse problem introduces
several design challenges. These challenges, along with the transformer model used in this

work, are described in the following subsections.

3.1 Region Clustering and Forward Simulation

Although source activity can occur anywhere on the brain surface, machine learning models
require a discrete set of outputs for training and evaluation. Previous approaches often
discretize the brain into a 3D voxel grid [8] or use icosahedral divisions, but these methods
do not fully capture the folded structure of the cortical surface.

In this work, region clusters are generated by placing points approximately equidistant
across the brain surface using a specified geodesic spacing (either 5mm or 10 mm). Cluster

centers are selected from the brain surface mesh nodes based on their geodesic distances,



which are computed using Dijkstra’s algorithm. Nodes that fall within the chosen geodesic
threshold of a selected center are removed from further consideration. This process is re-
peated in a manner similar to Poisson-disc sampling until all regions are defined.

Using a 10 mm spacing results in 1803 regions, each represented by a dipole oriented
perpendicular to the brain surface. A finer discretization with 5 mm spacing produces 6790

regions, as illustrated in Figure 3.1.

.ri{\“:(-‘ Y

£
o

B ot
-]
o

-

Figure 3.1: The modeled Ernie head is made up by many intricate tissues and folded brain
regions as smooth surface as tetrahedral volume element discretiized from tissue-label voxels.
We distributed source locations (shown as red dots) across the brain surfaces equally within
10mm (shown here) or 5mm geodesic distance between them using an in-hourse Possion
disc-like approach.

The Ernie head model (from the SimNIBS software [24]) is used, which includes electrode
positions based on the standard 10-10 placement system. This model contains approximately
662,000 nodes and 3.7 million tetrahedral elements. Using standard tissue conductivities [24],
the EIDORS-3D package [18] is used to compute the finite element stiffness matrix A, while
in-house software [6] is used to compute the right-hand side vector b. The linear system
A - x = b is then solved using SCIRun 4.7 [15].

The resulting potential values at the 76 electrode locations are used to form the leadfield
matrix, with each column corresponding to a dipole source. Two leadfield matrices are
generated: one for the 10 mm source space (dimensions 76 x 1803) and one for the 5mm

source space (76 x6790). These matrices are used for both classical methods (e.g., eELORETA
8



and LCMV) implemented in MATLAB, as well as for the machine learning models.

For the classical methods, the regularization parameters are selected from logarithmically
spaced values between 107° and 10" (MATLAB command: « = logspace(—5,15,10)). For
eLORETA, Tikhonov regularization is applied to the minimum norm estimate using these «
values [16]. For LCMV, both the solution and the noise covariance matrix are regularized,

resulting in 100 combinations of («, ) values, where o = (3.

3.2 Synthetic Noise, Training Setup, and Dropout

To reflect the challenges of the inverse problem, synthetic measurement noise is added to
the simulated EEG signals. Instead of using a single noise level, models are trained and
evaluated across a range of noise strengths. The noise level is defined as a percentage of the
signal amplitude, varying from 1% to 99%. For each sample and noise level, noise vectors are
randomly generated and added to the EEG measurements during both training and testing.

The standard deviation of the noise is defined as

o= nlmax (3.1)

where n represents the noise level and [,,,, is the maximum absolute value of the leadfield
for the given sample.

During training, new noise vectors are generated for each sample. For evaluation, perfor-
mance is computed using 50 noise vectors per sample for validation and 100 noise vectors per
sample for testing. These noise vectors are generated once and stored to ensure consistency
across all experiments.

In addition to synthetic noise, electrode dropout is considered to better reflect real EEG
recording conditions. In practice, some electrodes may produce unreliable measurements
due to poor contact, sensor faults, or noise artifacts. To simulate this, a small number

of electrode measurements are randomly removed during training and testing. This setup



allows evaluation of how well each method performs when parts of the input data are missing.

The simulation framework is further extended to include varying source strengths in
multi-source scenarios. Rather than assuming that both dipoles contribute equally, a weight-
ing parameter « is introduced to control the relative contribution of each source. For each
two-source example, the EEG signal is generated as a weighted combination of the corre-

sponding leadfield vectors with additive noise:

x=aLl(c)+ (1 —a)L(c)+e (3.2)

where L(c;) denotes the leadfield vector associated with source location ¢;, and e represents
additive noise.

To study the effect of source strength imbalance, experiments are conducted using dif-
ferent ranges of «, including relatively balanced and more imbalanced settings. This formu-
lation introduces variability in source dominance and allows evaluation under more realistic

multi-source EEG conditions.

3.3 Neural Network Architecture

A transformer-based architecture is used to solve the inverse problem. The model takes the
76 electrode measurements from the leadfield matrix, along with their spatial locations, as
input and predicts the index of the source region. To provide a clear comparison, a baseline
fully-connected network is also implemented following assumptions of other techniques. This

baseline is primarily used to evaluate the effectiveness of the transformer model.

3.3.1 Baseline: Multi-Layer Perceptron

For comparison, a simple fully-connected network, or Multi-Layer Perceptron (MLP), is
used as a baseline. The network consists of three fully-connected layers, similar to the setup

described in [9]. The hidden layer sizes are 100 and 1000, and each layer is followed by a
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ReLU activation function. The model assumes a fixed input size based on the training data.
For the dropout experiments, missing input values are handled by setting the corresponding

channels to zero.

3.3.2 Transformer Network

The transformer architecture follows the encoder structure introduced in [26]. Instead of
using a single fixed input vector, each electrode is treated as an individual token. Each
token consists of the electrode value concatenated with its spatial location. This allows the
model to learn spatial relationships between electrodes, which is important for EEG data.

Each token is projected into a 512-dimensional embedding space using a linear layer.
Following the design of Vision Transformers [4], a learned embedding token is added to the
input sequence, resulting in a total of 77 tokens. For multi-source prediction, additional em-
bedding tokens are included. These tokens are then processed through a stack of transformer
encoder layers with self-attention.

After the encoder, the embedding tokens are passed through a linear projection to produce
predictions over the set of region clusters. The region with the highest score is selected as
the predicted source location, and the output is trained using a cross-entropy loss. In the
multi-source setting, predictions are matched to the closest ground-truth sources, and the
corresponding losses are summed. A visualization of this architecture is shown in Figure 3.2.

In the final model, the embedding dimension is set to 512, with 8 attention heads and 3
transformer layers. A dropout rate of 0.1 is used within the network to reduce overfitting.
The use of self-attention enables the model to capture both local interactions between nearby
electrodes and broader relationships across the entire sensor layout.

A key advantage of this formula is its flexibility with respect to input size. Since each
electrode is treated as a separate token, the model can handle missing electrodes by simply
omitting those tokens during inference. In addition, the order of the input tokens does not

affect the output, which reduces the risk of errors due to input ordering.

11
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Figure 3.2: Network diagram for the Transformer model compared to other approaches.
In most other methods [8, 9, 30], the neural network has a single input vector for the N
electrodes and single output predictor vector for the M source regions, with multi source
prediction handled by taking the K top values from the output confidences. In comparison,
our approach can directly appends location information to the electrode values to treat each
as individual token, and can integrate K learned embedding tokens [4], so that each region
source is predicted directly. In our setup, N=76, K=1 for single-source or K=2 for multi-
source, and M=1803 for 10mm or M=6790 for 5mm.

To further extend the model, an auxiliary regression head can be added to predict the
relative source strength parameter . This head operates on a pooled representation of the

learned embedding tokens and is trained using an L1 loss. The overall loss function is defined

as

L= 'Cclassiﬁcation +A 'Ca (33)

where ) is a weighting parameter that controls the contribution of the source strength pre-

diction task.
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Chapter 4

Results

After training, the proposed method is evaluated on the test set as described in section
3.2 for single-source, multi-source, and dropout tests. Two metrics are reported to assess
performance: the accuracy of predicting the correct source region (Acc.) and the average
Euclidean distance between the predicted region center and the true region center, which

corresponds to the mean localization error (MLE).

4.1 Single-Source Region Prediction

The ability of the transformer network to correctly predict the source region is evaluated and
compared with the baseline multilayer perceptron (MLP) described in Section 3.3.1. The
transformer network was trained using a learning rate of le—4 with the OneCycle learning
rate scheduler [21] for 250 steps on the 10 mm source space and 300 steps on the 5 mm source
space. The MLP network was trained with a learning rate of 1le—4 for 150 steps and with a
learning rate of le—5 for an additional 50 steps. Both networks were observed to converge
after these training durations.

Additionally, comparisons are performed with eLORETA [16] and the LCMV beamformer
[25], two classical source localization methods that rely on optimal spatial filter design. As
described in Section 3.2, 100 noise vectors for each brain region are saved for testing at each
noise level. These noise vectors are added to the data before being passed to the classical

approaches in order to ensure fair comparisons.
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Table 4.1: Comparison of the transformer network to the classical eLORETA method,
LCMV, ConvDip, and baseline MLP approach on the 10mm regions. Average Accuracy
(Acc.) and Euclidean Distance (MLE) in millimeters are reported for a test set of 100 dif-
ferent noise vectors per possible region. The transformer network performs better on every

metric compared to the other techniques.

Acc. 1 MLE |
Method \Noise | 1%  10% 25% 50% 7%5% 99% | 1% 10% 25% 50% 75%  99%
LCMV 1.000 0.999 0.965 0.594 0.345 0.238 |0.000 0.002 0.517 7.924 14.29 17.79
eLORETA 1.000 0.999 0.986 0.869 0.527 0.307 | 0.000 0.002 0.203 4.161 14.04 25.20
ConvDip 1.000 0.999 0.994 0.944 0.814 0.639 |0.000 0.003 0.089 1.278 5.837 14.35
MLP 1.000 0.999 0.992 0.940 0.819 0.651 |0.000 0.003 0.125 1.359 5.611 13.73
Transformer |1.000 1.000 0.998 0.960 0.848 0.686 | 0.000 0.000 0.034 0.877 4.647 12.40

Table 4.2: Comparison of the transformer network to other approaches on on the 5mm
regions. The transformer network performs better on both metrics in most cases, especially
at high noise levels.

Acc. 1 MLE |
Method \Noise | 1%  10% 25% 50% 7% 99% | 1% 10% 25% 50% 75% 99%
LCMV 1.000 0.999 0.856 0.336 0.173 0.114 |0.000 0.006 1.748 11.29 16.46 19.15
eLORETA 1.000 0.998 0.942 0.607 0.295 0.141 |0.000 0.013 0.685 7.478 18.04 28.03
ConvDip 1.000 0.999 0.983 0.851 0.623 0.424 |0.000 0.008 0.212 2.841 10.07 19.74
MLP 1.000 0.998 0.983 0.858 0.645 0.450 |0.000 0.013 0.209 2.674 9.319 18.57
Transformer | 1.000 0.999 0.986 0.878 0.669 0.471 |0.000 0.055 0.341 2.246 8.602 17.79

Average performance across all brain regions and 100 noise realizations per region is re-

ported. Results for the 10 mm source spacing are shown in Table 4.1 and the left side of

Figure 4.1, while results for the 5mm spacing are shown in Table 4.2 and the right side

of Figure 4.1. At low noise levels, all evaluated methods achieve comparable accuracy. As

noise levels increase, however, the learned models maintain substantially higher accuracy,

with the transformer consistently outperforming the MLP by approximately 2%-3%. Be-

yond improved localization accuracy, the proposed method also exhibits a significantly faster

forward-pass runtime compared to the classical approaches, indicating its potential suitabil-

ity for real-time or near-real-time analysis in future applications.
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Figure 4.1: A graph of the accuracy of each method on the 10mm (left) and 5mm (right)
regions. The transformer model does better than the classical methods and other deep
learned approaches.

4.2 Multi-Source Region Prediction

Multi-source localization highlights a key advantage of the transformer architecture over
traditional techniques. Whereas many existing methods rely on the assumption that the
highest-confidence outputs correspond directly to source locations, the transformer supports
explicit multi-source prediction by increasing the number of learned embedding tokens within
the attention mechanism.

In these experiments, two sources of comparable strength are generated using the for-
ward model, with the inter-source distance constrained to 10 cm. During both training and
evaluation, the model is required to predict the locations of both dipoles. A permutation-
invariant loss is used to account for the lack of ordering in the predicted source locations.
Predicted and ground-truth source locations are matched by minimizing the global pairwise
distance between them, which additionally prevents degenerate solutions in which the model
predicts the same location for both sources. Results for all evaluated methods are reported

in Table 4.3 and illustrated in Figure 4.2.
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Table 4.3: Comparison of the transformer network to other approaches on on the 10mm
regions when predicting two sources of similar strength. While the other methods break
down as noise level increases in a multi-source setup, the transformer maintains reasonable
performance up to 50% noise.

Acc. T MLE |
Method \Noise | 1% 10% 25% 50% 5%  99% 1% 10% 25% 50% 5%  99%
LCMV 0.215 0.220 0.220 0.199 0.165 0.155| 21.22 21.23 22.04 23.28 25.38 26.60
eLORETA 0.019 0.011 0.012 0.001 0.005 0.004 | 27.69 28.44 29.04 28.98 29.27 29.75
ConvDip 0.991 0.915 0.663 0.268 0.082 0.024 | 0.149 0.377 6.731 21.35 33.27 41.54
MLP 0.933 0.784 0.495 0.195 0.047 0.024 | 1.189 3.599 10.94 23.51 34.85 43.44
Transformer 0.995 0.986 0.863 0.564 0.297 0.138 | 0.128 0.203 2.100 9.955 20.57 30.87
1.0
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Figure 4.2: A graph of the accuracy (left) and mean localization error (right) of each method
on a two-source setup. The transformer model does better than the classical methods and
other deep learned approaches on multi-source prediction.

4.3 Localization under Varying Source Strengths

To evaluate how differences in source contribution affect localization performance, experi-

ments are conducted using two simultaneously active sources with unequal strengths. In

realistic EEG scenarios, multiple brain regions may be active at the same time, but their

contributions to the measured signal are rarely equal. This setup allows analysis of how well

the model can identify both dominant and weaker sources.

Performance is evaluated using three complementary metrics:

e Overall accuracy, measuring correct localization of both sources

« Strong source accuracy, measuring correct prediction of the dominant source
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Table 4.4: Localization performance under varying source strength ranges («) and noise
levels. Results are reported for overall accuracy, dominant source accuracy, and weak source
accuracy.

a € [0.4,0.6] a € [0.25,0.75] a € [0.1,0.9]
Acc  Strong Weak | Acc Strong Weak | Acc  Strong Weak
0.01 | 0.989 0.994 0.994 | 0.976 0.990 0.985 | 0.970 0.992 0.977
0.10 | 0.967 0.985 0.980 | 0.937 0.981 0.954 | 0.866 0.981 0.880
0.25 | 0.825 0.917 0.891 | 0.742 0.920 0.797 | 0.507 0.904 0.560
0.50 | 0.488 0.721 0.640 | 0.376 0.738 0.485 | 0.264 0.786  0.337

Noise

« Weak source accuracy, measuring correct prediction of the less dominant source

This evaluation separates the model’s ability to identify the most prominent signal from
its ability to recover weaker sources that contribute less to the overall EEG measurement.

The results in Table 4.4 show that the model consistently performs better on the dom-
inant source across all noise levels and strength ranges. As the imbalance between sources
increases, performance on the weaker source decreases, which is expected due to its reduced
contribution to the overall signal. This effect becomes more pronounced at higher noise
levels.

Despite this, the model maintains reasonable performance across all tested conditions,
indicating robustness to moderate variations in source strength. These results demonstrate
that the proposed approach can effectively handle multi-source EEG data where source
contributions are not equal, while also highlighting the inherent difficulty of detecting weaker

sources in noisy environments.

4.4 Handling Dropout of Electrodes

In real EEG data collection, it is common for a small number of electrodes to produce unre-
liable measurements. Electrodes may be faulty, poorly calibrated, or partially disconnected
from the scalp, resulting in inaccurate signals. When such “bad” electrodes are spatially clus-
tered, accurate source localization becomes especially challenging, since the dipolar structure

of the underlying brain activity may be disrupted. Many existing source localization methods
17



Table 4.5: Comparison of the transformer network to the classical eLORETA method,
LCMV, ConvDip, and baseline MLP approach on the 10mm regions when dropping 5 elec-
trodes randomly. The transformer network shows minimal performance drop off when pre-
sented with missing information.

Acc. 1 MLE |

Method \Noise | 1%  10%  25%  50%  76% 99% | 1% 10% 25% 50%  75%  99%
LCMV 1.000 0.999 0.961 0581 0.326 0.223 [0.000 0.002 0.575 8.320 14.95 18.35
¢cLORETA 1.000 0.999 0.982 0.796 0.495 0.282 |0.000 0.003 0.255 4.837 15.44 26.91
ConvDip 1.000 0.999 0.991 0.929 0.780 0.600 | 0.00L 0.018 0.140 1.699 7.215 16.54
MLP 0.099 0.997 0.974 0.804 0.755 0.592 | 0.022 0.064 0511 2.775 8245 16.79
Transformer | 1.000 1.000 0.996 0.949 0.820 0.649 | 0.001 0.001 0.059 1.190 5.814 14.34

struggle under these conditions, whereas the transformer model can naturally accommodate
them due to its ability to operate on a variable number of input channels.

To evaluate the model’s ability to generalize in the presence of missing data, these con-
ditions are simulated by randomly dropping five electrode measurements from each training
and testing sample. This experiment is performed for both single-source and multi-source
settings, requiring the model to make predictions despite incomplete input data.

For single-source localization, the results are reported in Table 4.5. The transformer
maintains high accuracy and low localization error even when electrodes are missing. At a
noise level of 99%, the mean localization error increases from 12.40 mm to 14.34 mm when
dropout is introduced, indicating only a modest reduction in performance. Compared to
the classical and baseline neural network methods, the transformer remains the most robust
across all tested noise levels.

Multi-source localization under electrode dropout is summarized in Table 4.6. As ex-
pected, performance decreases as noise increases, but the model remains stable at low and
moderate noise levels. Accuracy remains above 0.96 at 10% noise and above 0.83 at 25%
noise, while the mean localization error stays below 3mm up to 25% noise. At 50% noise,
performance degrades more noticeably, reflecting the added difficulty of recovering multiple
active sources when both noise and missing channels are present.

Overall, these results show that the transformer is resilient to electrode dropout in both

single-source and multi-source settings. This is an important property for practical EEG
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Table 4.6: Multi-source localization performance under electrode dropout.

Noise | Accuracy MLE (mm)
0.01 0.987 0.293
0.10 0.966 0.548
0.25 0.831 2.863
0.50 0.490 11.752

applications, where imperfect sensor contact and missing channels are common during real

data collection.

4.5 Additional Ablations

Beyond the primary transformer model, several alternative network configurations and en-
coding strategies are explored. These experiments are intended to assess the impact of
architectural and training design choices. The model presented in the main results is found
to provide the most effective overall configuration. Details and results for the additional

ablation studies are provided here.

4.5.1 Ablation: Unconstrained Location Prediction

While the region-based clustering approach yields strong performance, it is informative to
examine whether discretizing the brain into predefined regions is strictly necessary. To this
end, an unconstrained location prediction model is evaluated. In this configuration, the
transformer network is modified to directly predict a continuous source location rather than
a region index.

Specifically, the final projection layer is adapted to output six values corresponding to
an (z,y,z) location and a surface normal direction (n,,n,,n,). For baseline comparison,
the linear network is modified in an identical manner. The (z,y, z) coordinates are passed
through a tanh activation to constrain predictions within normalized brain boundaries, while
the (n,, ny, n,) components are normalized using an L2 norm to enforce a unit surface normal.

This network configuration is illustrated in Figure 4.3. Unlike the region-based formulation,
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this approach does not require a predefined number of source regions.

For training, a loss function based on the mean squared error of the predicted location is
used, scaled by an approximation of the angular distance between two points on a spherical
surface. This formulation provides an approximation of the great-circle distance between the

predicted and true source locations:

S%||p2—p1|]((1—(n1-n2))7T;2+1> (4.1)

This linear approximation is chosen to avoid numerical instabilities that arise in the ex-
act great-circle distance formulation. A detailed discussion of these instabilities and the
derivation of the approximation is provided in the following section.

Results for the unconstrained location prediction task are reported in Table 4.7. The
transformer consistently outperforms the MLP in this setting, although both approaches
perform worse than the region-based formulation and classical localization methods. At low
noise levels, both models achieve near-perfect accuracy. Performance degrades substantially
at higher noise levels, with accuracies at 50% noise dropping to 0.548 for the MLP and
0.771 for the transformer. These results indicate that, while the unconstrained approach
is capable of learning from electrode data, additional refinements are likely required for

robust performance under high-noise conditions. Future work may explore improvements

| a1 X1 y1 Z1 , T
a,X,Y,2, I_'_.y

Neural . | Z ]
Network n,

=

76 x4

Figure 4.3: Network configuration for unconstrained location prediction. Rather than gener-
ating a vector of prediction confidences over discrete regions, the network outputs six values.
Three values are passed through a tanh function to represent a location within the normal-
ized brain boundaries (—1, 1), while the remaining three are L2-normalized to represent the
surface normal direction at that location.
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Table 4.7: Comparison of unconstrained location prediction methods on the 10mm regions.
While neither method outperformed the region-prediction based approaches, the transformer
network showed significantly better performance over a standard MLP. Future developments
of this approach could lead to better generalization across brain models.

MLP Transformer
Noise Level | Acc. © MLE | | Ace. T MLE |
0.01 1.000  0.517 | 1.000 0.472
0.10 0.999 0.683 | 0.999 0.805
0.25 0.951 1.716 | 0.988  1.344
0.50 0.548 5378 | 0.771  3.730
0.75 0.213 1045 | 0.374  8.507
0.99 0.085 15.81 0.162  14.18

that enable reliable generalization without relying on a predefined set of brain regions.

4.5.2 Derivation of the Unconstrained Location Loss Function

The unconstrained location prediction loss introduced in Equation 4.1 is formulated as a
linear approximation of the great-circle distance. This section outlines the derivation of that
approximation and motivates its use during training.

A sphere can be uniquely defined by two points on its surface and the corresponding
surface normals at those points. The distance between the two points along the surface is

given by the arc length, which can be expressed as

s =10 (4.2)

where s denotes the arc length, r is the radius of the sphere, and # is the angle between the
two points. The radius r can be obtained using the Law of Cosines, yielding
d

e 4.3
" V2 —2cos0 (43)

where d represents the Euclidean distance between the two surface points. The angular

separation # can be computed from the surface normals using a dot product:
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0 = cos ' (n; - ny) (4.4)

where n; and n, are the unit normals at the two surface locations. Substituting these

expressions into Equation 4.2 gives

cos 1 (n; - ny)
2 — 2(111 . I12)

(4.5)

where d = ||p2 — p1]|-
The formulation in Equation 4.5 introduces numerical instability during training. As the
angle between the two points approaches zero, both the inverse cosine term and the square-

root denominator approach zero, leading to unstable gradients. While the overall range of

this expression spans from 1 to 7 as the dot product varies from 1 to —1, the presence of
near-zero divisions makes it unsuitable for optimization.
To address this issue, a linear function is introduced that preserves the same range and

domain while avoiding these instabilities:

4

fao)=1 -2 "% 4+1 (4.6)

This function maps values of = from 1 to —1 onto the interval [1, 7]. Substituting z = n; -ny
into this expression and replacing the angular component in Equation 4.5 yields the final

approximation used for training:

= lpa = pall (1= o)™ 4 1) (4.7)

This approximation provides a stable and computationally efficient estimate of the great-

circle distance while avoiding numerical issues during optimization.
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4.5.3 Ablation: Encoder—Decoder Transformer Architecture

An additional transformer configuration based on an encoder—decoder architecture is evalu-
ated. In the encoder-only formulation used in the main experiments, the number of output
regions must be known at training time, as predictions are produced through a final linear
classification layer. An encoder—decoder architecture offers an alternative formulation, in
which the network can explicitly cross-attend to individual region representations when de-
termining the most likely source location. This ablation explores the feasibility of such an
approach.

Like in the encoder-only architecture, the 76 electrode measurements are concatenated
with their spatial locations, projected into a 32-dimensional embedding space, and treated
as source tokens. Brain region centers are similarly projected into the same 32-dimensional
space and treated as target tokens. This reduced dimensionality is chosen to mitigate the
computational cost associated with extensive cross-attention. The electrode tokens are first
processed by a transformer encoder consisting of six layers with four attention heads. The
resulting representations are then passed to a decoder, which performs cross-attention over
the region tokens using a single layer with four attention heads. Each region token is sub-
sequently scored using a linear projection to a single scalar value, and the region with the
highest score is selected as the predicted source location. The resulting score vector is trained
using a cross-entropy loss. A schematic of the full encoder—decoder architecture is shown in
Figure 4.4.

In practice, this encoder—decoder configuration does not reliably converge, even with
the reduced embedding dimensionality. When convergence does occur, training is substan-
tially slower and performance remains inferior to the encoder-only architecture. The large
number of region tokens involved in cross-attention limits overall accuracy, which peaks at
approximately 78% even at a noise level of 1%. While it is possible that pretraining strate-
gies, higher-dimensional embeddings, or additional computational resources could improve
performance, this architecture is not competitive under the current experimental setup.
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Figure 4.4: Encoder—decoder transformer architecture. In this configuration, brain region lo-
cations are projected into the same embedding space as the EEG measurements and electrode
locations. The encoder processes the EEG tokens, while the decoder performs cross-attention
over the region tokens. Each region token is scored via a linear projection. Due to the large
number of regions, the embedding dimensionality is reduced to 32 to improve training effi-
ciency; however, this configuration generally fails to converge.

4.5.4 Ablation: Iterative Training Approach

The results shown in Tables 4.1 and 4.2 are obtained by training separate models at fixed
noise levels. While each model addresses the same source localization task, training is re-
peated independently for each noise condition. This setup motivates an investigation into
whether information learned at lower noise levels can be reused when training models at
higher noise levels.

To explore this idea, an iterative training strategy is considered in which a model trained
at a given noise level is used to initialize training at the next, higher noise level. The goal of
this approach is to reduce overall training cost by avoiding repeated training from scratch
for each noise setting.

Under this strategy, models are trained sequentially from low to high noise levels, ranging
from 0.01 to 0.99. Each noise level is trained for 50 epochs before advancing to the next
stage, and model weights are saved after each step to support stable learning transitions.

Both the MLP and transformer models are evaluated at the current noise level throughout
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Table 4.8: Comparison of average accuracy of iterative models on each noise level on the
S5mm regions. Both the iterative MLP and Transformer network were trained for 50 epochs
per noise level using le-4 oneCycle learning rate schedule. The iterative approach does not
outperform the standard approach, but does train for all noise levels in a much shorter time.

Noise Level | Standard MLP | Standard Transformer | Iterative MLP | Iterative Transformer
0.01 1.000 1.000 1.000 1.000
0.10 0.998 0.999 0.998 0.999
0.25 0.983 0.986 0.954 0.984
0.50 0.858 0.878 0.800 0.865
0.75 0.645 0.669 0.593 0.653
0.99 0.450 0.471 0.417 0.458

the iterative process. The resulting performance is summarized in Table 4.8.

Across noise levels, the iteratively trained transformer outperforms both the standard-
trained and iteratively trained MLP, with the largest gains observed at higher noise levels.
However, iterative training does not surpass the performance of standard single-noise-level
training for the transformer when longer training schedules are used, such as 250 epochs at
99% noise. Moreover, increasing the number of epochs per noise level reduces the computa-
tional benefit of the iterative approach. Consequently, the standard training pipeline remains
the most effective overall, while the iterative strategy may serve as a practical alternative

for quickly training reasonably strong models across multiple noise conditions.

4.5.5 Ablation: Network Architecture

To validate the architectural choices used in the proposed model, an ablation study is con-

ducted comparing multiple network designs and training configurations.

4.5.6 Positional Encodings

In many transformer-based architectures for computer vision and natural language process-
ing, positional encodings are added after the projection layers to provide information about
spatial or sequential structure. In this work, an alternative strategy is considered by incorpo-

rating electrode location information through a positional encoding rather than appending
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Table 4.9: Comparison of average accuracy for the transformer model with and without po-
sitional encoding on the 10 mm region prediction task. The model using positional encoding
underperforms across all noise levels. This behavior is likely related to the sparse nature of
EEG measurements and the direct inclusion of electrode locations in the input representa-
tion.

No Pos. Enc. With Pos. Enc.
Noise Level Acc. 1 Acc. 1
0.01 1.000 1.000
0.10 1.000 0.987
0.25 0.998 0.981
0.50 0.960 0.879
0.75 0.848 0.810
0.99 0.686 0.175

locations directly to the input vectors. Results for this comparison are reported in Table 4.9.

Across all noise levels, the inclusion of positional encoding results in lower accuracy
compared to directly concatenating electrode locations with the input features. This suggests
that explicitly providing spatial information through the linear projection is more effective for
this task. The sparse nature of EEG measurements, combined with the direct incorporation

of spatial coordinates, may reduce the need for an additional positional encoding mechanism.

4.5.7 Hyperparameters

A hyperparameter study is performed to assess the sensitivity of both the MLP and trans-
former models to training configuration choices. The results are summarized in the following
tables. Table 4.10 examines the impact of different learning rates on model performance.
Table 4.11 evaluates the effect of step and OneCycle learning rate schedulers. Tables 4.12
and 4.13 explore variations in transformer embedding dimensions and the number of atten-
tion layers.

Overall, these ablations indicate that the model parameters and training configurations
used in the main results provide strong and consistent performance. Two notable exceptions
are observed. First, for the 10 mm source space, the MLP model trained with a learning

rate of le—3 using the OneCycle scheduler outperforms the baseline MLP trained with a
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Table 4.10: Ablation study on the learning rate for the 10mm regions. The accuracy is
reported.

MLP Transformer

Noise Level | 1le-5 | le-4 | 1e-3 | 1le-b | le-4 | 1le-3
0.01 1.000 | 1.000 | 1.000 | 1.000 | 1.000 | 0.999
0.10 1.000 | 0.999 | 1.000 | 1.000 | 1.000 | 0.996
0.25 0.986 | 0.992 | 0.996 | 0.997 | 0.998 | 0.980
0.50 0.860 | 0.940 | 0.950 | 0.956 | 0.960 | 0.902
0.75 0.617 | 0.819 | 0.827 | 0.836 | 0.848 | 0.745
0.99 0.400 | 0.651 | 0.661 | 0.672 | 0.686 | 0.579

step scheduler. However, the same configuration performs worse for the 5 mm source space,
highlighting the MLLP’s sensitivity to training hyperparameters. Second, modest performance
improvements are observed for the transformer when increasing the embedding dimension
and number of layers. These gains come at the cost of substantially increased computational
requirements and longer training times, making the baseline transformer configuration a
more practical choice.

Table 4.11: Ablation study on the learning rate scheduler for the 10mm regions. The accu-
racy is reported.

MLP Transformer
Noise Level | Step | Onecycle (1e-3) | Onecycle (1le-4) | Step | Onecycle

0.01 1.000 1.000 1.000 1.000 1.000
0.10 0.999 1.000 1.000 1.000 1.000
0.25 0.992 0.996 0.991 0.997 0.998
0.50 0.940 0.952 0.924 0.958 0.960
0.75 0.819 0.836 0.797 0.847 0.848
0.99 0.651 0.675 0.633 0.686 0.686
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Table 4.12: The accuracy of the transformer model on 10mm regions with various sizes for
the projection dimension. While the 768 dimensional transformer performs slightly better
than the presented 512 method, it requires significantly more computational resources.

Noise Level | 64 Transformer | 512 Transformer | 768 Transformer
0.50 0.958 0.960 0.960
0.75 0.839 0.848 0.850
0.99 0.676 0.686 0.690

Table 4.13: An ablation study on the accuracy of the transformer model on 10mm regions
when varying number of layers. While the 4 dimensional transformer performs slightly better
than the presented 3 layer method, it requires significantly more computational resources

and training time.

Noise Level | 2 Layer Transformer | 3 Layer Transformer | 4 Layer Transformer
0.50 0.957 0.960 0.962
0.75 0.839 0.848 0.850
0.99 0.675 0.686 0.691
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Chapter 5

Conclusion and Future Work

A transformer-based model for EEG source localization is presented and evaluated for both
single-source and multi-source settings. The results show improved performance compared to
classical methods and baseline neural networks, particularly in more challenging conditions
such as high noise levels and electrode dropout. In single-source experiments, the transformer
consistently achieves highest accuracy and lowest mean localization error across most noise
levels.

The model also extends naturally to multi-source prediction by increasing the number of
learned embedding tokens and using a permutation-invariant loss. In experiments with two
sources separated by 10 cm, the transformer maintains reasonable performance at moderate
noise levels, while other methods degrade more quickly. In addition, the model shows robust-
ness to missing data. When five electrodes are randomly removed, performance decreases
only slightly compared to the no-dropout case. For example, at 99% noise on the 10 mm
regions, accuracy decreases by 3.7% and mean localization error increases by 1.96 mm. These
results suggest that the transformer can better handle noisy inputs, multiple sources, and
incomplete measurements, which are common challenges in real EEG data.

One limitation of this work is the reliance on synthetically generated data for both train-
ing and evaluation. For practical use, the model should be validated on real EEG recordings,
including both evoked and resting-state data, to assess its generalization across different sub-
jects, head models, and preprocessing pipelines. Additional considerations include evaluating

performance across different electrode layouts and incorporating uncertainty estimates into
29



the predictions.

Future work could extend this approach to include temporal information. By incorpo-
rating recurrent structures or additional attention mechanisms, time-dependent EEG signals
could be modeled within a similar framework. Integration with existing EEG analysis tool-
boxes, such as MNE [7], would also improve usability. Further evaluation across different
head models and datasets would help better understand the generalization capabilities of
the transformer approach.

Finally, EEG source localization is still an area with many different methods and eval-
uation setups. By making the code and data from this work publicly available, the goal is
to provide a consistent benchmark for future research and support further development of

machine learning approaches for EEG source localization.
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