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Abstract—Motor imagery (MI) is a widely used technique in
brain-computer interface (BCI) systems, which allows users to
control external devices using their brain signals. Electroen-
cephalogram (EEG) signals are commonly used to detect and
classify MI tasks. However, the lack of annotated data hampers
the performance of machine learning (ML) algorithms. Federated
learning (FL) is a promising approach to address these challenges,
as it allows models to be trained on decentralized datasets without
exchanging data. This study proposes an FL approach for MI-
EEG signal classification using a convolutional neural network
(CNN) on the PhysioNet dataset containing EEG recordings
of left and right-hand imagery movements. We evaluate the
performance of the FL approach using two different aggregation
methods, namely FedAvg and FedProx, and compare it to the
centralized ML approach. Furthermore, we explore the effect
of increasing the number of clients who participate in the
learning process on the performance of the model. Our findings
demonstrate that FL. maintains consistent classification accuracy
comparable to the centralized ML approach while reducing data
leakage risks. Thus, FL. shows great promise as an essential
instrument for MI-EEG signal classification and BCI systems,
enabling distributed training of a comprehensive model when
privacy-sensitive data is dispersed across multiple clients.

Index Terms—Motor Imagery (MI), Electroencephalography
(EEG), Convolutional Neural Network (CNN), Federated Learn-
ing (FL)

I. INTRODUCTION

A Brain-Computer Interface (BCI) is a technology that
enables the communication between the human brain and a
computer system [1]. BCIs typically use electroencephalogra-
phy (EEG) signals to detect brain activity and translate it into
commands for a computer system [2]. The EEG signals are
obtained by placing electrodes on the scalp and recording the
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brain’s electrical activity. The signals are then processed and
analyzed by a computer system, which translates them into
commands for a device or application [3], [4]. There are sev-
eral types of BCI systems, including invasive and non-invasive
systems. Invasive BCI systems involve the implantation of
electrodes directly into the brain tissue, while non-invasive
BCI systems use external electrodes placed on the scalp to
record EEG signals [5].

A common method for BCI is to use Motor Imagery (MI)
as a way for individuals to communicate their intentions to
the computer or device. The brain generates activity patterns
specific to the imagined movement during motor imagery.
BCI systems can use electroencephalography (EEG) or other
brain imaging techniques to detect these activity patterns and
translate them into commands for the computer or device [6].
For example, in a BCI system that uses motor imagery, an
individual may imagine moving their left or right hand to
select a particular item on a computer screen.

Several Machine Learning (ML) techniques have been ap-
plied to this task, but the lack of annotated data hinders
their performance. Federated learning (FL) is a relatively
new approach to ML that allows models to be trained on
decentralized datasets without exchanging data [7], [8], [9].
This technique can potentially address the challenges of MI-
EEG signal classification, including data privacy, security, and
scalability.

In 2016, Google researchers introduced the concept of
Federated Learning (FL) [10]. They proposed a framework
for training deep neural networks on mobile devices without
compromising user privacy. Instead of sending data to a central
server, FL involves training the model on local data and only
sending model updates to a central server for aggregation. This



means FL can enable researchers to train a machine-learning
model using data from multiple clients without requiring them
to share their sensitive health data with others. Another advan-
tage of using FL for motor imagery EEG signal classification
is that it can enable the model to be updated and improved
over time as more data becomes available. This can result in a
more accurate and robust model for classifying motor imagery
EEG signals.

In this paper, we applied FL as MI-EEG signal classification
on the PhysioNet dataset for left-hand and right-hand imagery
movement. This dataset contains EEG recordings of 109
healthy subjects performing MI tasks with their left and right
hands. Our contribution is that we evaluate the performance
of FL with two aggregation methods, FedAvg and FedProx,
in classifying MI-EEG signals for left and right-hand imagery
movements. The results showed that the performance of the
FL model improved as more clients and data were added to
the system. However, there was also a point of diminishing
returns, where adding more clients or data did not significantly
improve performance. This suggests that there may be a
practical limit to the number of clients that can effectively
contribute to the FL system.

The study includes five sections. First, we provide related
work on MI-EEG signal classification and FL in Section
II. Section IIT describes the PhysioNet dataset and the pre-
processing steps we applied to the data. Also, we present
our methodology for FL. In Section IV, we present our
experimental results, which demonstrate the effectiveness of
the proposed method. Section V discusses the implications of
our results and potential future research directions.

II. RELATED WORK

Numerous techniques have been employed to accomplish
the MI-EEG classification process across multiple phases.
During the preprocessing phase, the primary objective is to
eliminate noise and artifacts from the EEG signal to en-
sure precision and significance in subsequent analyses. This
stage involves diverse operations such as electrode selection,
referencing, filtering, artifact removal, epoching, downsam-
pling, and interpolation. Feature extraction can be performed
manually by domain specialists or implicitly managed within
succeeding machine learning stages. Three primary categories
of features- temporal, spectral, and spatial features- are typi-
cally observed in EEG studies, each requiring distinct feature
extraction approaches based on their unique characteristics.
Common Spatial Patterns (CSP) [11] is a popular manual
spatial feature extraction technique that has been used in
several studies. Some variations of CSP include Sparse CSP,
Stationary CSP, Divergence CSP, Probabilistic CSP, and Filter-
Bank CSP. Filter-Bank CSP (FBCSP) [12] has shown the best
performance on MI classification out of all the other methods
that rely on manual feature extraction.

Different algorithms have been used in the studies in the
model selection phase. Support vector machine (SVM) [13],
K-Nearest Neighbor (KNN) [14], and linear discriminant anal-
ysis (LDA) [15] as supervised machine learning algorithms

observed in studies that have been carried out further in the
past. With the widespread use of deep learning and artificial
neural networks in various fields, they were also used in the
field of MI-EEG signal classification. CNN (Convolutional
Neural Network) models are a deep learning architecture
with promising results in classifying MI-EEG (Motor Imagery
Electroencephalography). CNN models are well suited for
MI-EEG classification because they can automatically learn
both temporal and spatial features from the raw EEG data
without the need for manual feature extraction, and this can
be done automatically. This is achieved through the use of
convolutional layers, which apply filters to the EEG data to
extract relevant features. In MI-EEG classification, CNN mod-
els typically consist of several convolutional layers followed
by one or more fully connected layers. The convolutional
layers extract relevant features from the EEG data, while the
fully connected layers classify the input into different motor
imagery tasks. Some end-to-end models have been introduced
for classifying MI-EEG signals with CNN models. Dose et
al. [16] implemented an artificial neural network comprising
two convolutional layers, designed such that the first layer
extracts temporal features while the second focuses on spatial
features. For the final classification, they employed a fully
connected layer. Similarly, Lun et al. [17] suggested employing
a CNN structure with separate temporal and spatial filters. This
allows for feature extraction without the need for any manual
data processing or explicit feature extraction. However, they
have used a relatively deeper CNN with five convolutional
layers and a fully connected layer as a classifier. Hwaidi et
al. [18] combined deep autoencoder (DAE) and CNN in their
study. Since DAE can extract nonlinear features and eliminate
superfluous information from EEG signals, they utilized it
before importing data into CNN.

In recent years, with the introduction of transformer ar-
chitecture and its effective applications in fields such as
natural language processing, Xie et al. [19] studied using
this architecture in EEG signal classification. They used five
types of Transformer-based models, and the obtained results
demonstrate that they provided good performance for MI-EEG
classification, especially for the 3s data.

Regarding insufficient training data for EEG signal classi-
fication, Ju et al. [20] proposed a federated transfer learning
method for subject-adaptive MI-EEG signal classification. The
result of this study shows that for mitigating low-appropriate
data, covariance-based representation of EEG signals can help
achieve better deep learning architecture.

In this paper we employed two mainstream federated
learning techniques, FedAvg and FedProx and considered
the model’s performance changes concerning the number of
federated learning clients and the size of local data. Also we
investigate how the model’s performance and quality can be
improved as the number of clients and the amount of data
contributions increased.



TABLE I: CNN architecture used for classification.

neurons | kernel size | pool size | activation | padding | params | output shape
Conv2d 40 (30,1) - leaky relu same 1240 (497,64,40)
Conv2d 40 (1,64) - leaky relu valid 102440 (497,1,40)
AveragePooling2D - - (15,1) - valid 0 (33,1,40)

Flatten - - - - - 0 1320

FC 80 - - relu - 105680 80

FC 2 - - softmax - 162 2
III. METHODOLOGY C. CNN Model

The purpose of this study is to evaluate the efficacy of
federated learning in the classification of motor imagery (MI)
from EEG signals. Firstly, we will introduce the dataset used
and detail the preprocessing applied to it. We will then present
the architecture of our deep learning model, followed by an
explanation of the implementation process for the federated
learning methodology.

A. Dataset Description

The Physionet EEG dataset is a publicly available collection
of electroencephalogram (EEG) recordings obtained from 109
volunteers, which the BCI2000 system developers recorded
[21]. Each subject has performed 14 runs, including two base-
line runs and three rounds of four motor imagery/movement
tasks. The eyes should be opened and closed in the first and
second baseline runs. Motor tasks consist of:

o left or right fist movement
o left or right fist imagery movement
« both fist or feet movement
« both fist or feet imagery movement

The EEG recordings were obtained using a standard 64-
electrode placement system, and the signals were amplified
and digitized. The task labels are provided for each recording,
indicating the subject’s task during the EEG recording. The
signals obtained from each electrode were sampled at 160 HZ
and stored in EDF+ format.

This study used the left or right fist imagery movement task
for binary classification.

B. Preprocessing

In this phase, we use the MNE [22], an open-source Python
package for exploring, visualizing, and analyzing human neu-
rophysiological data. The set of actions we performed on the
data before the model training process are:

« Subject selection: 105 subjects from the dataset were
selected (subjects with the id numbers 88, 89, 92 and
100 were not used because of the problems they had in
the data stored)

e Bad channels removal: bad channels were eliminated
using the functionality included in the MNE package

« Data epoching: 6s data were used for classification (this
included the entire motor imagery period as well as two
seconds after it)

o Data unit conversion: data were converted from volt to
microvolt

In this study, CNN architecture has been used for the base
model, and it is derived from the structure that was presented
in the paper of Dose et al. [16]. However, the activation
functions of convolutional layers were changed from relu
to leaky relu. In the first layer, a Conv2D layer with 40
filters and a kernel size of 30 x 1 was placed for temporal
feature extraction. In the second layer, a Conv2D layer with
40 filters and a kernel size of 1 x 64 was placed for spatial
feature extraction. After the these two convolutional layers, an
AveragePooling2D layer with a pool size of 15 x 1 is placed for
down-sampling. For the classification, data were flattened, and
after passing through a fully connected layer with 80 neurons,
they were classified into two classes. Table I shows details of
the CNN architecture that was chosen and its parameters.

D. Federated Learning Framework

In this study, we incorporate two distinct Federated Learning
(FL) techniques, namely FedAvg and FedProx. As shown in
Algorithm 1, FedAvg operates iteratively such that in each
round, The server randomly selects K clients from a pool of
N clients and distributes the generic model parameters to those
chosen individuals. Each client, in turn, trains a local model
by optimizing the loss function Fj using their private local
data for E epochs, then uploads the corresponding parameters
back to the server. These parameters are then averaged to
refine the model. The aggregated parameters thus define the
global model for the subsequent round [10]. FedProx is an
extension of FedAvg designed to handle the issues of non-
Independent and Identically Distributed (non-I1ID) data and
system heterogeneity by incorporating a proximity term to the
optimization objective (See Algorithm 2) [23]. The idea behind
the introduction of the new term is to penalize large deviations
from global model parameters during local training.

This paper examines two distinct scenarios to conduct a
thorough investigation of various aspects related to EEG-based
BCI systems in Federated Learning.

e Scenario 1: The fundamental concept behind scenario
1 is to evaluate the performance of FL in comparison
to centralized learning. In the FL setup, we distribute
the entire dataset across five clients. Nonetheless, the
cumulative data across all clients matches the size of the
data utilized in centralized learning.

o Scenario 2: The central concept of Scenario 2 is to assess
the impact of data size and the number of clients on
FL performance. In this scenario, we start by distributing



Algorithm 1 Federated Averaging (FedAvg)

1: Initialize wq > Initial global model parameters
2: for each round t =1,2,... do
3: for each client k£ € N in parallel do

4: wl « (Train a local model using w; 1, optimizing
the loss Fj, with local data on client k)
5: end for
Wy < Y ey Zwy > Update global model

7: end for

Note that w; represents the global model parameters at
round ¢. ny is the number of local data points at client k,
and n is the total number of data points across all clients.

Algorithm 2 Federated Proximal (FedProx)

1: Initialize w
2: for each round t =1,2,... do
3: for each client k£ € N in parallel do
4 w} <+ (Solve min,, Fi(w) + &||w—w;_1||* with
local data on client k) > wy are the local model
parameters of client & at round ¢
end for
w4 Ve Hwp
model parameters at round ¢
7: end for

> Initial global model parameters

> w, are the updated global

Note that p represents the regularization coefficient. Fe-
dAvg is a special case of FedProx where p = 0.

the entire data among five clients. The learning process
begins with a single client, and with each subsequent step,
we incrementally add another client until we reach a total
of five. It is crucial to note that with each added client, an
additional set of data is incorporated into the system. As
such, when we only have one client, the size of the data
in FL is one-fifth that of centralized learning. Conversely,
when all five clients are participating, the data size in FL
equals that of centralized learning.

IV. EXPERIMENTAL RESULTS

We conduct our experiments on the Physionet dataset de-
scribed in the previous section. In the experiments, only the
imagery movement part of the dataset corresponding to the
right or left fist was employed for the binary classification
task.

As mentioned earlier, we designed two scenarios to explore
the proposed method. In the experiments, we report our results
in two paradigms for data distribution.

1) IID paradigm: To simulate IID (independent and iden-
tically distributed) environment, the preservation of an equal
number of samples from each class is manually maintained.

2) Random paradigm: In this paradigm, samples were as-
signed to the clients accidentally. So, the number of instances
may vary in each class and client. This paradigm was designed
to simulate more closely to real-world behavior.

It should be noted that the sample size in all clients was
considered equal in both scenarios. For model evaluation, the
data was divided into 80% for training and 20% for testing. We
used Adam as the optimizer with an initial learning rate of le-
4 and the presumed values for the number of local epochs and
aggregation rounds are equal to 2 and 10, respectively. A batch
size of 60 was utilized in all experiments. In the following, the
results of the two scenarios are given in separate subsections.

A. First Scenario

In the first scenario, we examine the centralized training
across decentralized ones aggregated with FL. So, FL can
manifest itself in this scenario. In this experiment, we carefully
examined the FL approach using two aggregation methods
with varying numbers of clients. To aggregate the clients’
model weights, the investigation process utilized FedAvg and
FedProx, with the number of clients ranging from one to five.
Also, data were distributed among clients in both IID and
random paradigms. The evaluation results were summarized
in TABLE II and III.

TABLE II: FL classification evaluation metrics of FedAvg in
the first scenario.

Data Method | Accuracy | Precision | Recall | FI score
1 client 0.8696 0.8622 0.8798 0.8709

2 clients 0.8707 0.8547 0.8934 0.8736

1D 3 clients 0.8741 0.8784 0.8685 0.8734
4 clients 0.8810 0.8485 0.9274 0.8862

5 clients 0.8764 0.8593 0.9002 0.8793

1 client 0.8707 0.8595 0.8717 0.8656

2 clients 0.8753 0.8659 0.8741 0.8700

Random | 3 clients 0.8719 0.8812 0.8456 0.8630
4 clients 0.8787 0.8668 0.8812 0.8740

5 clients 0.8764 0.8645 0.8789 0.8716

TABLE III: FL classification evaluation metrics of FedProx in
the first scenario.

Data Method | Accuracy | Precision | Recall | F1 score
1 client 0.8912 0.8984 0.8821 0.8902

2 clients 0.8651 0.9259 0.7937 0.8547

11D 3 clients 0.8844 0.8452 0.9410 0.8906
4 clients 0.9036 0.8921 0.9184 0.9050

5 clients 0.8934 0.8764 0.9161 0.8958

1 client 0.8685 0.8119 0.9430 0.8725

2 clients 0.8707 0.8717 0.8551 0.8633

Random | 3 clients 0.8798 0.8508 0.9074 0.8782
4 clients 0.8560 0.8657 0.8266 0.8457

5 clients 0.8957 0.8834 0.9002 0.8918

1) Aggregation using FedAvg: During our experimentation
with FedAvg, we observed that in the IID paradigm, when
the number of clients was four, we achieved superior results
compared to other scenarios in terms of most evaluation
metrics. In this particular case, the accuracy of the global
model at the end of the tenth round was 88.10%. However, if
we consider the highest accuracy achieved across all rounds,
we found that with three clients, the accuracy of the global
model reached 89.80% at the end of the ninth round. When we
compared the accuracy figure of the global model in the IID
paradigm, the global model reached convergence earlier, and
the convergence processes in different states of the number



0.95

0.85

2
G

Accuracy

=] client == 2clients == 3 clients

..m- 4 clients —e—5 clients

0.65

0.55
1 2 3 4 5 6 7 8 9 10

Rounds

(a) The trend of accuracy changes in FedAvg
0.8

1 client == 2 clients =4= 3 clients

0.7 +m- <4 clients —e—5 clients

Rounds

(c) The trend of loss changes in FedAvg

0.9

Accuracy

=4= 3 clients

== 2 clients

1 client

«ome+4 clients —e— 5 clients

0.6

0.5

Rounds

(b) The trend of accuracy changes in FedProx

= | client == 2 clients =4= 3 clients

0.9

«.m-+4 clients —e— 35 clients

Rounds

(d) The trend of loss changes in FedProx

Fig. 1: The accuracy and loss of the global model in IID labels distribution.

of clients were more consistent. We calculated classification
evaluation metrics such as precision, recall, and F1 score for
all cases of participating clients, provided in TABLE II.

2) Aggregation using FedProx: When FedProx was used
with a value of p = 0.3, the highest accuracy was achieved
with four clients with the IID paradigm. In this scenario,
the clients were able to increase the accuracy of the global
model to 90.36%, which was the highest accuracy value
obtained across both paradigms, the number of clients, and the
aggregation algorithms used. When comparing the accuracy
values obtained in the IID paradigm, FedAvg showed a higher
convergence speed than FedProx, but FedProx resulted in
higher final accuracy values. Additionally, the changes in the
loss were much smoother with FedProx compared to FedAvg
in the IID paradigm.

In the case of random paradigm, the highest accuracy value
for the global model was achieved with five clients in the
learning process with FedProx, reaching a value of 89.57%.
When analyzing the highest values obtained in different evalu-
ation metrics, it was found that the values obtained in FedProx
were larger than those obtained in FedAvg. Also, random
paradigm with five clients, FedProx outperformed FedAvg in
all evaluation metrics under similar conditions. The trends
of the global model accuracy and loss in the IID paradigm
with FedAvg and FedProx are illustrated in Fig. 1, while the
classification evaluation metrics, such as precision, recall, and
F1 score for all cases of client counts, are provided in TABLE
1.

B. Second Scenario

As previously discussed, federated learning can be applied
when data scarcity arises due to privacy concerns. In such
instances, the learning process can be executed using federated
learning without transferring data from its original source. We
introduced an additional scenario to explore the impact of the
number of clients participating in the learning process.

In this second scenario, we assumed that the data were
evenly distributed among the clients, with each client holding
one-fifth of the total data volume. The learning process was
then conducted using two aggregation algorithms, FedAvg and
FedProx, each featuring five distinct conditions based on the
number of participating clients.

At first, we assume that only one client has participated.
Then after checking its performance, we assume two clients
were present in the learning process. After that, the number of
participating clients increases one by one until their number
reaches five. In this scenario, the learning process in all
conditions continued up to 10 rounds. By observing the results
obtained at the end of the 10th round, it can be seen that more
accuracy has been obtained for the model with the increase
in the number of participating clients. However, in FedProx,
when there were three clients compared to two clients, we
saw a tiny drop in accuracy. We can also see that the highest
accuracy obtained among all rounds and all scenarios is related
to the sixth round of FedProx when there were five clients,
where the global model reached an accuracy of 88.32%.



The classification evaluation metrics of the second scenario
are summarized in TABLE IV. According to this table, in
FedAvg, we see superiority in most metrics when five clients
participated. Also, in most cases in both aggregation methods,
the trend of recall and F1 score values have been ascending
with the increase in the number of clients, and the accuracy
always has an upward trend across the number of clients.

TABLE 1V: FL classification evaluation metrics of FedAvg
and FedProx in the second experiment

Aggregation | Method | Accuracy | Precision | Recall | F1 score
1 client 0.8084 0.7647 0.8646 0.8116

2 clients 0.8265 0.7769 0.8931 0.8309

FedAvg 3 clients 0.8265 0.8622 0.7577 0.8066
4 clients 0.8639 0.8322 0.8955 0.8627

5 clients 0.8741 0.8399 0.9097 0.8734

1 client 0.8254 0.8468 0.7743 0.8089

2 clients 0.8435 0.8529 0.8124 0.8321

FedProx 3 clients 0.8277 0.8606 0.7625 0.8086
4 clients 0.8469 0.8280 0.8575 0.8425

5 clients 0.8753 0.8591 0.8836 0.8712

V. CONCLUSION

EEG-based BCIs allow users to interact with devices using
brain signals directly. Despite advancements in Motor Im-
agery signal classification, data privacy presents a significant
challenge. To tackle this, our study suggests the application
of a federated learning approach, demonstrated through two
specific scenarios. The first scenario aimed to compare the
functional differences between the model in a centralized
context and two mainstream federated learning techniques,
FedAvg and FedProx. Notably, the data size between the
centralized model and clients kept consistent. The second
scenario’s key objective was to investigate how the model’s
performance changes concerning the number of federated
learning clients and the size of local data. The results indicated
a comparable performance between the models trained in a
federated manner and those trained in centralized conditions.
Notably, the use of the FedProx algorithm outperformed
FedAvg, especially with increased client participation. The
second scenario demonstrated that the model’s performance
and quality improved as the number of clients and the amount
of data contributions increased. One crucial finding was the
significant impact of data distribution among clients on the
model’s learning process. For future research directions, we
anticipate focusing on the impact of heterogeneous data dis-
tribution and the non-independently and identically distributed
(non-IID) problem among clients on the performance of fed-
erated learning models.
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