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A B S T R A C T

Insufficient data is a long-standing challenge for Brain–Computer Interface (BCI) to build a high-performance
deep learning model. Though numerous research groups and institutes collect a multitude of EEG datasets for
the same BCI task, sharing EEG data from multiple sites is still challenging due to the heterogeneity of devices.
The significance of this challenge cannot be overstated, given the critical role of data diversity in fostering
model robustness. However, existing works rarely discuss this issue, predominantly centering their attention on
model training within a single dataset, often in the context of inter-subject or inter-session settings. In this work,
we propose a hierarchical personalized Federated Learning EEG decoding (FLEEG) framework to surmount
this challenge. This innovative framework heralds a new learning paradigm for BCI, enabling datasets with
disparate data formats to collaborate in the model training process. Each client is assigned a specific dataset and
trains a hierarchical personalized model to manage diverse data formats and facilitate information exchange.
Meanwhile, the server coordinates the training procedure to harness knowledge gleaned from all datasets,
thus elevating overall performance. The framework has been evaluated in Motor Imagery (MI) classification
with nine EEG datasets collected by different devices but implementing the same MI task. Results demonstrate
that the proposed framework can boost classification performance up to 8.4% by enabling knowledge sharing
between multiple datasets, especially for smaller datasets. Visualization results also indicate that the proposed
framework can empower the local models to put a stable focus on task-related areas, yielding better perfor-
mance. To the best of our knowledge, this is the first end-to-end solution to address this important challenge.
1. Introduction

Brain–computer interface (BCI) is a crucial technology that estab-
lishes a connection between the human brain and external devices,
which has clinical and non-clinical applications in many areas, such
as movement capability recovery and assistance (Mane, Chouhan, &
Guan, 2020), cognitive health (Lee et al., 2013), and entertainment (Ni-
jholt, Contreras-Vidal, Jeunet, & Väljamäe, 2022). Electroencephalo-
gram (EEG) is one of the most commonly used signals in BCI to decode
brain activities. In recent years, deep learning algorithms have been
employed in EEG decoding and classification tasks. Since the success of
deep learning algorithms is largely attributed to the availability of large
amounts of data, collecting enough data is important for EEG decoding.
However, EEG data collection from humans can be challenging and
costly. The physiological limitations of subjects limit the number of
samples collected from one person. And the significant cost and com-
plicated usage of the devices limit the number of participants in one
dataset. Thus, most datasets are of middle size, collected from dozens
of subjects with hundreds of samples per subject at most.
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Existing works enhance EEG decoding model performance mainly
by sharing knowledge between subjects or sessions within one single
dataset (Wan, Yang, Huang, Zeng, & Liu, 2021; Wei, Ortega, & Faisal,
2021). However, there are some datasets designed with the same task
and protocol. Drawing upon the widely acknowledged principle that
larger training datasets tend to yield enhanced classification outcomes
in deep learning approaches, it is anticipated that advancements in
model performance could be realized through the amalgamation of
knowledge from these datasets as a larger virtual training set. Unfor-
tunately, EEG data collected by various devices have heterogeneous
formats, in terms of the number and location of EEG channels, sam-
pling rates, and amplifiers. This device heterogeneity problem prevents
knowledge sharing among datasets. A few works made initial attempts
to solve this problem by dropping channels or padding with zeros,
which may lose information or add noises to the data (Bakas et al.,
2022; Gu et al., 2022; Saeed, Grangier, Pietquin, & Zeghidour, 2021).
This important issue remains unresolved.
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Federated learning (FL) is an emerging collaborative machine learn-
ing paradigm to train models across multiple data owners and enables
local models to benefit from each other while keeping local data
private (Goebel, Yu, Faltings, Fan, & Xiong, 2023; Kairouz et al., 2021;
Li, Zhang, Wang, Han, & Li, 2021; Yang, Liu, Cheng, Kang, Chen,
& Yu, 2020). FL has been applied in many medical and healthcare
applications, such as disease prediction (Peng, Wang, Dvornek, Zhu, &
Li, 2022), and brain template estimation (Bayram & Rekik, 2021), to
facilitate cross-silo cooperation with privacy protection. Personalized
Federated Learning (PFL) (Tan, Yu, Cui, & Yang, 2022) is a branch
of FL dealing with the heterogeneity issue across clients, including
the heterogeneity in data distributions, network structures, and data
formats. It inspires us to design the proposed framework to solve the
device heterogeneity issue in the EEG decoding application.

In this work, we provide a new solution to enlarge the training set
by including more related datasets. We design a hierarchical person-
alized Federated Learning EEG decoding (FLEEG) framework to solve
he device heterogeneity issue. The framework makes use of the PFL
rchitecture to facilitate cooperative training among multiple device-
eterogeneous EEG datasets. It consists of a server and several clients.
he server orchestrates local models’ training in clients to obtain the
ptimal personalized models for each dataset assigned to the clients.
he personalized model compromises a local module followed by a
lobal one. The local module is responsible for extracting features
ith the same formats from device-heterogeneous datasets, while the
lobal module transfers the knowledge between datasets to improve
odel performances. We evaluated the proposed framework with nine

eal Motor Imagery (MI) EEG datasets collected by multiple institutes.
t improves the model performances on most datasets compared to
ndependent training, especially for smaller datasets with an improve-
ent of up to 8.4%. This framework provides a new general learning
aradigm for the BCI community to train higher-performance models
ith multiple datasets, instead of one.

In summary, to the best of our knowledge, this is the first endeavor
o tackle the device heterogeneity issue among multiple EEG datasets
ith a federated-learning-based end-to-end solution for training deep

earning models. We briefly summarize the contributions of our work
s follows:

• To obtain a higher-performance model, we provide a new learn-
ing paradigm for the BCI community to train the EEG decod-
ing models with an enlarged training set consisting of multiple
datasets, instead of one dataset.

• To solve the device heterogeneity issue, we propose a hierar-
chical personalized federated-learning-based framework, named
FLEEG, enabling knowledge sharing between datasets during the
model training process. Each client is assigned a dataset and
trains a personalized model, consisting of a local module to align
data formats and a global module to transfer knowledge between
datasets.

• To validate the performance of the proposed framework, we eval-
uate the proposed framework on nine real EEG MI datasets. The
results demonstrate remarkable improvements in the performance
of local models across the majority of datasets, especially for
small datasets with an improvement of up to 8.4%. We further
analyze the factors for the improvements and provide visualized
interpretation.

The paper is structured in the following way: Section 2 covers
elated works, Section 3 explains the proposed framework in detail, and
ection 4 describes the experiment setups and reports the experiment
esults. Section 5 provides some analysis and discussions on the results.
he paper concludes in Section 6.
2

. Related works

.1. Device-heterogeneity issue in EEG

The issue of device-heterogeneity in EEG applications has received
imited attention in existing studies. Most of the research has primarily
ocused on transferring knowledge across subjects or sessions within
ne dataset (Ding, Robinson, Tong, Zeng, & Guan, 2023; Wan et al.,
021; Wei et al., 2021; Zhang et al., 2020). Only a few works have
ade attempts to address the heterogeneity across datasets in EEG

pplications. Some works (Bakas et al., 2022; Cui et al., 2023; Gu
t al., 2022; Kuang et al., 2021; Saeed et al., 2021; Xu et al., 2020)
ake the data formats consistent by either deleting channels or padding
ith zeros. However, these methods can introduce disturbances into

he EEG signal, either by losing valuable information or adding noises.
ther researchers have explored the channel mapping methods as
separate feature extractor during pre-processing on heterogeneous

atasets (Kostas, Aroca-Ouellette, & Rudzicz, 2021). Nevertheless, since
his feature extractor is not integrated into the end-to-end training pro-
ess, it lacks the flexibility to adapt to each dataset and may introduce
oises into the analysis.

.2. Federated learning

Federated learning (FL) is a collaborative machine learning paradigm
o train models across distributed data owners and enables local models
o benefit from each other. It allows privacy-preserving, especially for
pplications that use sensitive or personal data. In FL, data owners with
ocal data can be referred to as clients if they are coordinated by a
entral entity referred to as the server.

Since the data is isolated in the clients, PFL has been developed to
solve the heterogeneity issues across clients (Gao, Yao, & Yang, 2022;
Tan et al., 2022). Because of the heterogeneity of data distributions,
data formats, local model architectures, and computation abilities, var-
ious solutions have been proposed. For the data format heterogeneity
issue, some works (Bica & van der Schaar, 2022; Feng, Li, Yu, Liu, &
Yang, 2022; Liang et al., 2020) design local encoders to project the data
to a common space first and then transfer knowledge between clients
based on the aligned features.

FL algorithms have been applied to some BCI applications re-
cently. Hang et al. (2023) applies FL to EEG decoding with the cross-
subject task. Hu et al. (2021), Ju et al. (2020) borrow the manifold
learning methods in transfer learning and apply them in the feder-
ated setting on the cross-subject and cross-session tasks. These works
only focus on the data distribution heterogeneity issue limited to one
dataset. Besides, privacy protection between subjects in one dataset
is not a critical issue. EEG data is not as intuitive as images. People
can understand the information in the image when they see it, but
EEG information needs a professional device to collect and methods to
decode. Thus, the ability to interpret and protect EEG data privacy is
limited exclusively to research institutes rather than individuals. Thus,
EEG data privacy protection for research institutes is more practical
than the individuals.

3. Proposed methods

Leveraging multiple device-heterogeneous datasets presents a po-
tential solution for expanding the training set for high-performance
model training. However, effectively utilizing such datasets remains
an unsolved but critical problem. In this section, we first describe this

problem and then present our proposed solution.
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Fig. 1. The overview of the proposed hierarchical personalized federated learning framework. Each client is assigned one dataset with various formats defined by 𝐶𝑘, 𝑇𝑘, and
𝑁𝑘 , 𝑘 ∈ {1, 2,… , 𝐾}. Clients train their local personalized model, including a local module and a global module, for the classification task. The server manages the cooperation
between clients. Each dataset applies the LOSO strategy simultaneously.
3.1. Problem description

As illustrated in Section 2.1 that the device-heterogeneity issue in
EEG model training leads to the small amount of available data and the
low test accuracy of the trained model. There are two kinds of entities
involved: a server  and 𝐾 distributed clients (i.e., EEG data collection
devices). Each client possesses a dataset 𝐷𝑘 = {𝐱𝑘, 𝐲𝑘}, 𝑘 ∈ {1, 2,… , 𝐾},
where 𝐱𝑘 ∈ R𝐶𝑘×𝑇𝑘×𝑁𝑘 represents EEG recordings and 𝐲𝑘 ∈ {0, 1}𝑁𝑘

indicates the corresponding labels. 𝐶𝑘, 𝑇𝑘, and 𝑁𝑘 represent the number
of channels, the number of time steps, and the number of samples or
trials, respectively. Each dataset 𝐷𝑘 has 𝑆𝑘 subjects. The goal is to take
full advantage of data from various devices to train high-performance
models.

3.2. Overall framework

To utilize the device-heterogeneous datasets, we propose a person-
alized federated learning EEG decoding framework, named FLEEG.
Following the classical FL framework, the proposed framework consists
of one central server and several clients, as illustrated in Fig. 1. Each
client is assigned one dataset and processes the dataset with its local
personalized model for the classification task. The server manages the
cooperation between clients. Note that the ‘‘personalized model’’ in this
work indicates the specific network structures designed for the assigned
datasets, instead of models trained for different subjects.

The personalized model in the client consists of a local module
and a global module. The local module acts as a feature encoder to
extract the embedding features from EEG data and map them into a
unified format across clients. The global module is designed to transfer
knowledge between clients by communicating the model weights of
global modules in all clients via the FL aggregation in the server. The
proposed framework makes each client train its personalized model
not only using its own data but also employing knowledge transferred
from other datasets, which tremendously enlarges its training set to
get better performance. Next, we introduce the detailed designs of the
proposed framework.
3

3.3. Personalized model in the clients

Clients train personalized local models on their corresponding
datasets. As illustrated in Fig. 2, the input EEG is first processed by the
local module to extract embedding features. Then, the extracted fea-
tures are sent to the global module to get the prediction as the output.
Inspired by the DeepConvNets (DCN) (Schirrmeister et al., 2017), we
design the local module with a convolution-based temporal filter and a
convolution-based spatial filter followed by two standard convolution-
max-pooling layers to extract spatial–temporal information from EEG
data, refer to the ‘‘Local Module’’ part in Fig. 2. To match the dataset for-
mats, the network structure design of the local module is personalized
to its dataset. By setting a suitable kernel size based on the format of
input data, the extracted features from heterogeneous datasets can be
unified. The detailed settings will be introduced in Section 4.1.2. The
global module is designed with one standard convolution-max-pooling
layer for high-level feature extraction, followed by a convolution-
softmax layer for final classification, refer to the ‘‘Global Module’’ part
in Fig. 2.

Since we evaluate the proposed algorithm on a classification task,
the local model training is guided by the mean cross-entropy loss 𝑘
on dataset 𝐷𝑘, which is defined as follows:

𝑘(𝐷𝑘, 𝜃
𝑔
𝑘 , 𝜃

𝑙
𝑘) =

1
𝑁𝑘

∑

(𝐱𝑖𝑘 ,𝑦
𝑖
𝑘)∈𝐷𝑘

[

−𝑦𝑖𝑘 log
(

𝑔(𝑙𝑘(𝐱𝑖𝑘, 𝜃
𝑙
𝑘), 𝜃

𝑔
𝑘)
)

+ (1 − 𝑦𝑖𝑘) log
(

1 − 𝑔(𝑙𝑘(𝐱𝑖𝑘, 𝜃
𝑙
𝑘), 𝜃

𝑔
𝑘)
) ]

(1)

where 𝑙𝑘(⋅, 𝜃𝑙𝑘) and 𝑔(⋅, 𝜃𝑔𝑘) describe the local module with its model
weights 𝜃𝑙𝑘 and the global module with corresponding model weights
𝜃𝑔𝑘 , respectively. 𝐱𝑖𝑘 and 𝑦𝑖𝑘 represents the 𝑖th sample and its label in the
dataset 𝐷𝑘. 𝑁𝑘 indicates the number of samples in the dataset 𝐷𝑘.

3.4. FL aggregation in the server

Inspired by FedAvg (McMahan, Moore, Ramage, Hampson, & y Ar-
cas, 2017), the entire framework is trained with the following overall
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Fig. 2. A local personalized model with local and global modules in one client.
loss function:

(𝜃𝑔 , 𝜃𝑙) =
𝐾
∑

𝑘=1

𝑁𝑘
𝑁

⋅ 𝑘(𝐷𝑘, 𝜃
𝑔
𝑘 , 𝜃

𝑙
𝑘) (2)

where 𝑁𝑘 denotes the number of samples in client 𝑘 and 𝑁 represents
the total number of samples in all clients. 𝑘(𝐷𝑘, 𝜃

𝑔
𝑘 , 𝜃

𝑙
𝑘) is the local

loss function in client 𝑘 as illustrated in Section 3.3. Once the local
personalized model finishes local training for the current round, the
model weights in the global modules are uploaded to the server for
the FL aggregation to transfer knowledge between datasets. The server
updates the model weights of global modules in the server as below:

𝜃𝑔 =
𝐾
∑

𝑘=1

𝑁𝑘
𝑁

⋅ 𝜃𝑔𝑘 (3)

After the global module in the server is updated, the server distributes
the updated model parameters to the clients. Combined with their local
modules, clients continue to train the personalized model with their
datasets for the next round. The training process stops until the whole
system converges.

3.5. Training process

The overall training process of our framework is presented in Algo-
rithm 1, which follows a classical FL system training process:

1. Each client trains its personalized local model with its individual
dataset separately for 𝐸 local epochs.

2. Each client uploads global module model weights to the server
for FL aggregation.

3. The server updates model weights of global modules from all
clients with FL aggregation, as described in function (3).

4. The server sends back the updated global module to all clients.
5. Each client updates their local model with the updated global

module and continues local training, following step 1, for the
next round.

The clients and the server repeat steps 1 to 5 for 𝑅 rounds. Each
client selects the model with the smallest validation loss as its final
model for testing with its dataset.

4. Evaluations

In this section, we begin by introducing the experimental setup.
Subsequently, we assess the efficacy of FLEEG through comparative
analysis with baseline models, utilizing diverse EEG datasets.

4.1. Experiment settings

We evaluate the proposed FL framework using nine EEG MI datasets.
We begin by introducing the experiment settings, including the selec-
tion of datasets, network structure settings, evaluation strategies, and
the baseline model used for comparison.
4

Algorithm 1: FLEEG
Input: local training data from 𝐾 clients, the number of round

𝑅, the number of local epochs 𝐸, and the learning rate 𝜂
Server executes :

1 initialize global modules with weights 𝜃𝑔 ;
2 initialize 𝐾 local modules with weights 𝜃𝑙𝑘;
3 for each round 𝑡 = 1,…𝑅 do
4 for each client 𝑘 in parallel do
5 𝜃𝑔

(𝑡+1)

𝑘 ← 𝐶𝑙𝑖𝑒𝑛𝑡𝑈𝑝𝑑𝑎𝑡𝑒(𝑘, 𝜃𝑔(𝑡) );

6 𝜃𝑔(𝑡+1) =
∑𝐾

𝑘=1
𝑁𝑘
𝑁 ⋅ 𝜃𝑔

(𝑡+1)

𝑘 ; // aggregate updates
ClientUpdate(𝑘, 𝜃𝑔):

7 for each local epoch e = 1,. . . ,E do
8 for each batch 𝐵 ⊂ 𝐷𝑘 do
9 𝜃𝑙𝑘 ← 𝜃𝑙𝑘 − 𝜂 ⋅ ∇𝜃𝑙𝑘

𝑘(𝐵, 𝜃
𝑔
𝑘 , 𝜃

𝑙
𝑘) ; // update local

module
10 𝜃𝑔𝑘 ← 𝜃𝑔𝑘 − 𝜂 ⋅ ∇𝜃𝑔𝑘

𝑘(𝐵, 𝜃
𝑔
𝑘 , 𝜃

𝑙
𝑘) ; // update global

module

4.1.1. Datasets
The objective of this work is to transfer knowledge across heteroge-

neous datasets with the same task but different data formats, including
the number of subjects, channels, and sampling frequencies. According
to this assumption, we select nine public EEG datasets for this study: the
Korea University (KU) MI dataset (Lee et al., 2019), the Shanghai Uni-
versity (SHU) MI dataset (Ma et al., 2022), the Shin2017A dataset (Shin
et al., 2016), the BCI-IV-2a dataset (Tangermann et al., 2012), the
Weibo2014 (Yi et al., 2014), the MunichMI (Grosse-Wentrup, Liefhold,
Gramann, & Buss, 2009), the High-Gamma Dataset (HGD) (Schirrmeis-
ter et al., 2017), the Cho2017 (Cho, Ahn, Ahn, Kwon, & Jun, 2017),
and the Murat2018 (Kaya, Binli, Ozbay, Yanar, & Mishchenko, 2018)
dataset. These datasets all focus on the hands’ motor imagery task to
classify subjects’ imagery movements of their hands. All of them con-
tain the left-hand and right-hand motor imagery classes. The statistical
information of these datasets is presented in Table 1 with the number of
subjects, the number of trials per subject, the total amount of trials, the
number of channels, and sampling frequencies. It should be noted that
some datasets have more than two classes (e.g. the BCI-IV-2a dataset
has four categories including left hand, right hand, feet, and tongue),
but this work only uses data related to the left and right hand.

The EEG data is band-pass filtered between 0.3 Hz and 40 Hz. To
save the usage of RAM, we downsample the KU dataset from 1000 Hz
to 250 Hz and the Shin2017A dataset from 1000 Hz to 200 Hz.

4.1.2. Local models
As illustrated in Section 3.3, we employed the DCN model as the

backbone in the clients of the proposed framework. The network struc-
tures of the local modules were designed to accommodate different data
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Table 1
Statistic information of the nine MI EEG datasets.
No. Dataset #Subjects #Trials/sub #Trials #Channels 𝑓 (Hz)

1 KU 54 400 21 600 62 1000
2 SHU 25 500 12 500 32 250
3 Shin2017A 29 60 1740 30 1000
4 BCI-IV-2a 9 288 2592 22 250
5 Weibo2014 10 158 1580 60 200
6 MunichMI 10 300 3000 128 250
7 High-Gamma Dataset (HGD) 14 482 6742 128 500
8 Cho2017 52 190 9880 64 512
9 Murat2018 11 1593 17 515 22 200
formats, as outlined in Table 6. On the other hand, the model designs
of the global modules remained consistent across all clients and the
server, referring to Table 7.

4.1.3. Evaluation settings
We adopt a subject-independent setting for the cross-dataset train-

ing task and utilize the leave-one-subject-out (LOSO) strategy for eval-
uation. LOSO leaves one subject as the test set. The rest subjects are
partitioned into a training set and a validation set to train one model.
Once the model is well-trained, it is tested on the left subject to
obtain classification accuracy. The overall performance is determined
by averaging these accuracy values across all subjects.

Since our evaluation involves nine datasets comprising a total of
214 subjects, strictly following the LOSO approach would be extremely
time-consuming. Consequently, we propose an approximate version
of the LOSO evaluation strategy for the federated learning frame-
work to enhance training efficiency. Each dataset applies the LOSO
methodology independently but simultaneously, as illustrated in Fig. 1.
Compared to the strict LOSO approach, the modified version leaves
out the data of nine subjects – one from each dataset – as nine test
sets for nine datasets correspondingly. However, due to variations in
the number of subjects across datasets, subjects from datasets with
fewer individuals will undergo the LOSO multiple times. This repetition
is aimed at facilitating the training for datasets with more subjects.
Ultimately, the final classification results for these repeated subjects
are obtained by averaging the values.

In the experiment, the partition of the training set and the validation
set follows a trial-wise way with a ratio of 9:1. We set the maximum
training round 𝑅 to 250 and local epoch 𝐸 to 1. Adam optimizer is
applied in the training process. Once the model training finishes, the
model with the smallest validation loss is selected as the best model and
applied to the test set to get classification accuracy for the subject. The
final result for the target client is the averaged classification accuracy
of all subjects. Batch sizes 𝐵 and learning rates 𝜂 for different datasets
are set differently, as shown in Table 2.

4.1.4. Comparison baselines
Given that no prior research has addressed this issue in BCI field,

we compare the proposed algorithm with two baseline approaches that
train the models independently using a single dataset with a subject-
independent setting and a subject-dependent setting. To ensure a fair
comparison, we maintain consistency between the network structures,
maximum training rounds, learning rates, and batch sizes for both the
proposed algorithm and the baseline approaches. Regarding the train-
ing strategy, we employ a LOSO approach in the subject-independent
setting. In the subject-dependent scenario, when the datasets encom-
pass multiple sessions, we adopt a Leave-One-Session-Out strategy to
partition the data into training (including the validation set) and test
sets. In cases where the datasets consist of only one session, we perform
trial-wise partitioning of the training and test data using a 5-fold cross-
validation strategy. The network structures in the baseline setting are
the same as the local personalized model structures (including the local
module and the global module) in the clients for the corresponding
datasets in the proposed framework.
5

Table 2
The learning rates and batch sizes used in the training of each dataset.
Dataset Learning rate Batch size

KU 0.01 512
SHU 0.01 512
Shin2017A 0.001 512
BCI-IV-2a 0.005 512
Weibo2014 0.05 512
MunichMI 0.01 128
HGD 0.01 128
Cho2017 0.05 512
Murat2018 0.01 512

4.2. Experiment results

In this section, we present the results of the proposed framework on
nine distinct datasets, compared with two baseline approaches: one for
subject-dependent settings, denoted as ‘‘Sub-dep. DCN’’, and the other
for subject-independent settings, denoted as ‘‘Sub-ind. DCN’’.

Table 3 presents the average classification accuracies along with
their corresponding standard deviation values for our method and
the baseline models on each dataset. The datasets are arranged in
ascending order based on the improvements FLEEG exhibits over the
subject-independent baseline results. The enhancement values in com-
parison to the two baseline methods are listed in the ‘‘𝛥𝑠𝑑 ’’ and ‘‘𝛥𝑠𝑖’’
columns.

According to Table 3, it is evident that the proposed framework
has led to substantial enhancements in the classification accuracy of
multiple datasets. In comparison to the subject-dependent setting base-
line, FLEEG consistently improves accuracy across all datasets. In the
subject-independent setting, most datasets exhibit notable improve-
ments. Specifically, the Shin2017A, Weibo2014, BCI-IV-2a, MunichMI,
Murat2018, KU, and Cho2017 datasets have shown increases of 5.35,
4.29, 2.63, 1.63, 1.18, 0.60, and 0.01 in their classification accura-
cies respectively. On the other hand, the SHU and HGD datasets did
not exhibit noticeable improvements but rather maintained similar
performance levels.

To present the results in a more visually intuitive manner, we
have graphed the data from Table 3 in Fig. 3. It also includes a
plot illustrating the number of trials for each dataset. By examining
the classification accuracy plot in conjunction with the number of
trials plot, we can observe that as the number of trials increases, the
improvement achieved by the FLEEG becomes less pronounced. This
observation suggests that the proposed framework effectively assists
datasets, particularly smaller ones, in leveraging information from
datasets with different data formats to enhance their model training
and achieve better performance.

SHU and HGD datasets exhibit similar performance levels between
FLEEG and baselines. One possible reason for the similar performance
is that the number of trials of these datasets is large enough. Besides,
for HGD datasets, the similar performances may also be due to its
high baseline performance, which already exceed 80%. Thus, it cannot
benefit significantly from other lower-quality datasets. As for the SHU
dataset, it may be attributed to the significant disparity between the
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Table 3
The accuracy (%) results of the proposed framework and baselines.
Dataset Sub-dep. DCN Sub-ind. DCN FLEEG 𝛥𝑠𝑑 𝛥𝑠𝑖

Shin2017A 51.95 ± 0.06 63.79 ± 10.27 69.14 ± 12.66 +17.19 +5.35
Weibo2014 53.00 ± 0.04 63.03 ± 8.14 67.32 ± 9.44 +14.32 +4.29
BCI-IV-2a 58.95 ± 0.10 80.63 ± 7.27 83.26 ± 7.84 +24.31 +2.63
MunichMI 60.07 ± 0.07 73.43 ± 12.04 75.06 ± 11.78 +14.99 +1.63
Murat2018 79.61 ± 0.12 81.19 ± 8.37 82.37 ± 6.89 +2.76 +1.18
KU 59.79 ± 0.11 84.82 ± 9.25 85.42 ± 9.50 +25.63 +0.60
Cho2017 64.84 ± 0.14 76.98 ± 12.06 76.99 ± 11.8 +12.15 +0.01
SHU 53.86 ± 0.05 60.60 ± 9.33 60.37 ± 8.17 +6.51 −0.23
HGD 83.38 ± 0.11 87.59 ± 7.67 87.21 ± 7.44 +3.83 −0.38
Fig. 3. The proposed algorithm and the baselines were compared on nine MI EEG datasets, with the classification accuracy results presented in ascending order based on their
respective improvements. The number of trials for each dataset is also shown. The proposed framework effectively supports datasets, especially those that are smaller.
s
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t
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data distribution of the SHU dataset and the others, as evidenced by
its lowest baseline performance among the nine datasets, indicating a
large disparity.

5. Discussions

In this section, we proceed to examine the factors influencing the
performance of FLEEG, followed by a visual representation illustrating
the improvements achieved by the proposed framework.

5.1. Sensitivity analysis

In this section, we delve into an examination of the factors that im-
pact the performance of FLEEG. Specifically, we explore the influence
of dataset sizes and model training hyperparameters.

5.1.1. Number of trails per subject matters
Based on the results shown in Fig. 3, it indicates that the perfor-

mance of FLEEG is significantly affected by the number of trials. The
number of trials is determined by two factors — the number of subjects
and the number of trials collected from each subject. To gain a better
understanding of how these factors impact the proposed framework,
we plot a bubble chart for all datasets in Fig. 4. The 𝑥-axis represents
the number of trials per subject, while the 𝑦-axis shows the number of
subjects in the datasets. The size of each bubble reflects the absolute
value of the ‘‘Improvement ’’ metric, which is defined as (𝐴𝑐𝑐𝐹𝐿𝐸𝐸𝐺 −
𝐴𝑐𝑐𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒)∕𝐴𝑐𝑐𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒. It indicates the performance of FLEEG: the
larger the better for blue bubbles representing positive changes, and
the smaller the better for red bubbles representing negative changes.
6

n

The numerical values corresponding to Fig. 4 are provided in Table 4a
and Table 4b. Table 4a lists the ‘‘Improvement ’’ values of all datasets in
ascending order of their corresponding numbers of trials per subject.
Similarly, Table 4b lists the total number of subjects in all datasets in
ascending order.

In Fig. 4, blue bubbles are mainly located on the left side of the
𝑥-axis while red bubbles are located on the right side. It indicates that
datasets with fewer trials per subject can benefit more from the pro-
posed framework. For instance, the Shin2017A dataset, with 60 trials
collected for each subject, shows an 8.4% improvement with FLEEG.
Meanwhile, the HGD and SHU dataset, with more than 400 trials per
subject, rarely gains any improvement from the system. Similarly, for
a fixed value on the 𝑥-axis, the bubbles at the bottom of the 𝑦-axis are
larger than the ones at the top. This suggests that datasets with fewer
subjects can benefit more from the proposed framework, given a similar
number of trials per subject. For example, the Weibo2014 and Cho2017
datasets have around 150–200 trials per subject. But the improvement
on the Weibo2014 dataset, with 10 subjects, reaches 6.81%, compared
to only 0.01% on the Cho2017 dataset, which has 52 subjects.

Comparing these two factors, the number of trials per subject is
more important. Even if a dataset involves many subjects, FLEEG can
till improve the performance if the number of trials collected from one
ubject is small, such as Shin2017A dataset. Therefore, the number of
rials per subject is the primary factor, while the number of subjects
s a secondary factor in determining the FLEEG performance. Thus,
he proposed framework can be applied to small datasets to train
igh-performance models. Additionally, with the help of the FLEEG
ramework, the model can achieve good results trained with a small

umber of trials collected from one subject.
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Table 4
Improvements of the FLEEG with each MI dataset.

(a) Improvements on nine datasets in ascending order
of the number of trials per subject.

Dataset #trials/sub Improvement

Shin2017A 60 8.39%
Weibo2014 158 6.81%
Cho2017 190 0.01%
BCI-IV-2a 288 3.26%
MunichMI 300 2.22%
KU 400 0.71%
HGD 482 −0.43%
SHU 500 −0.38%
Murat2018 1593 1.45%

(b) Improvements on nine datasets in ascending order
of the number of subjects.

Dataset #sub Improvement

BCI-IV-2a 9 3.26%
Weibo2014 10 6.81%
MunichMI 10 2.22%
Murat2018 11 1.45%
HGD 14 −0.43%
SHU 25 −0.38%
Shin2017A 29 8.39%
Cho2017 52 0.01%
KU 54 0.71%
Fig. 4. The impact of the framework on the datasets with various numbers of subjects
and numbers of trials per subject. The bubble color indicates the performance of FLEEG
with the blue bubbles illustrating an increase and the red bubbles representing a
decrease. The bubble size reflects the absolute values of changes. The number of trials
per subject is the primary factor that affects FLEEG performance, with the number of
subjects being a secondary factor.

5.1.2. Hyperparameter sensitivity analysis
In this section, we evaluate hyperparameter sensitivity, specifically

focusing on the learning rate for each dataset. The proposed framework
operates under the assumption of client isolation, meaning clients do
not need to consider other clients’ circumstances. During the training
process, they solely focus on their local training procedure and share
model weights with the server. Consequently, adjusting hyperparame-
ters for FLEEG system is not necessary. Instead, we tune learning rates
independently for each dataset. We experiment with learning rates of
0.05, 0.01, 0.005, and 0.001 for the subject-independent baseline setting

ith local personalized models, as stated in Section 4.1.2, presenting
he resulting accuracies in Table 5 for each dataset.

According to the results in Table 5, we select 0.05 as the learning
ate for Weibo2014 and Cho2017 dataset, 0.01 as learning rate for
U, SHU, MunichMI, HGD, and Murat2018 dataset, 0.005 as learning
ate for BCI-IV-2a dataset, and 0.001 as learning rate for Shin2017A
ataset. These learning rates are applied to the corresponding local
odel training in FLEEG and the subject-dependent setting as well.

5.2. Interpretability and visualization

In this section, we employ saliency maps (Simonyan, Vedaldi, &
Zisserman, 2014) to visualize the informative regions within the data.
7

Table 5
The accuracy (%) results of subject-independent baseline with different learning rates.

Dataset Learning rate

0.05 0.01 0.005 0.001

KU 83.37 84.82 84.63 84.75
SHU 59.14 60.60 59.75 59.67
Shin2017A 62.70 60.11 61.09 63.79
BCI-IV-2a 60.60 80.32 80.63 80.32
Weibo2014 63.03 61.29 59.96 59.54
MunichMI 73.03 73.43 73.17 72.33
HGD 87.32 87.59 87.30 85.36
Cho2017 76.98 76.48 76.29 76.84
Murat2018 80.85 81.19 80.85 80.35

For enhanced visualization, the original saliency map is averaged across
the time dimension, resulting in each subject’s topological map of the
EEG channels.

We plot the saliency maps of the Shin2017A and HGD datasets.
Shin2017A gains the largest improvement from the framework, mean-
while, HGD has the largest decrease. We also plot the individual ac-
curacy comparison between FLEEG and the subject-independent base-
lines for each subject in these two datasets. For Shin2017A dataset,
the accuracy comparison for each subject is presented in Fig. 5 with
a descending sequence of accuracy improvement. Due to the space
limitation, we only plot the saliency map of subjects with the top 5
improvements and bottom 5 improvements in Figs. 6 and 7, corre-
spondingly. For HGD dataset, the accuracy comparison for each subject
is presented in Fig. 8, sorted with a descending sequence of accuracy
improvement. Due to the space limitation, we also plot the saliency
map of the top 5 and bottom 5 subjects in Figs. 9 and 10, correspond-
ingly. The detailed classification accuracy comparison results for the
rest of the datasets are presented in Fig. 11.

Compared with the baseline, the proposed framework can stably
catch the features from the most informative areas related to the motor
cortex regions in the brain, even for small datasets. According to Fig. 6,
F8, and P7 contribute more to the predictions of the baseline method,
whereas, CCP5h, CCP3h, Cz, CCP4h, and CCP6h provide more informa-
tion to FLEEG. This indicates that FLEEG learns neurophysiologically
meaningful features from the EEG signals originating from motor cortex
regions (Pfurtscheller & Neuper, 1997). Although the improvements are
relatively lower for the bottom 5 subjects shown in Fig. 7, FLEEG stably
learns from motor cortex regions (CCP5h and CCP3h) compared to the
baseline method that focuses on non-motor areas for some subjects,
i.e., subject 2 and subject 26. As the number of samples increases, both
FLEEG and the baseline method concentrate more on EEG from the
motor-related areas. As shown in Figs. 9 and 10, both methods focus
on CCP3h, CCP4h, and C2 which are located in the motor area of the
brain when they are trained on the HGD dataset which has more data

samples than Shin2017A.
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Fig. 5. The accuracy comparison of each subject with the subject-independent baseline method and FLEEG on the Shin2017A MI EEG datasets.

Fig. 6. The saliency maps for the subjects with the top 5 improvements in the Shin2017A dataset. The first row presents the plots for the subject-independent baseline method
and the second row lists the maps for FLEEG.

Fig. 7. The saliency maps for the subjects with the bottom 5 improvements in the Shin2017A dataset. The first row presents the plots for the subject-independent baseline method
and the second row lists the maps for FLEEG.
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Fig. 8. The accuracy comparison of each subject with the subject-independent baseline method and FLEEG on the HGD MI EEG datasets.

Fig. 9. The saliency maps for the subjects with the top 5 improvements in the HGD dataset. The first row presents the plots for the subject-independent baseline method and the
second row lists the maps for FLEEG.

Fig. 10. The saliency maps for the subjects with the bottom 5 improvements in the HGD dataset. The first row presents the plots for the subject-independent baseline method
and the second row lists the maps for FLEEG.
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Fig. 11. The accuracy results of each subject with subject-independent baseline method and FLEEG for the KU, SHU, BCI-IV-2a, Weibo2014, MunichMI, Cho2017, and Murat2018
datasets.
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Fig. 11. (continued).
Table 6
The network structure of the local modules for each dataset.

Dataset Input size Conv-temp Conv-spatial Conv-pool Conv-pool Output size

num.
of
ker.

ker.
size

num.
of
ker.

ker.
size

pool.
ker.
size

num.
of
ker.

ker.
size

pool.
ker.
size

num.
of
ker.

ker.
size

pool.
ker.
size

KU [1, 62, 1000] 25 (1, 10) 25 (62, 1) (1, 3) 50 (1, 10) (1, 3) 100 (1, 10) (1, 3) [100, 1, 32]
SHU [1, 32, 1000] 25 (1, 10) 25 (32, 1) (1, 3) 50 (1, 10) (1, 3) 100 (1, 10) (1, 3) [100, 1, 32]
Shin2017A [1, 30, 2000] 25 (1, 8) 25 (30, 1) (1, 5) 50 (1, 8) (1, 4) 100 (1, 8) (1, 3) [100, 1, 30]
BCI-IV-2a [1, 22, 1000] 25 (1, 10) 25 (22, 1) (1, 3) 50 (1, 10) (1, 3) 100 (1, 10) (1, 3) [100, 1, 32]
Weibo2014 [1, 60, 800] 25 (1, 8) 25 (60, 1) (1, 2) 50 (1, 8) (1, 3) 100 (1, 8) (1, 3) [100, 1, 30]
MunichMI [1, 128, 3500] 25 (1, 10) 25 (128, 1) (1, 4) 50 (1, 10) (1, 4) 100 (1, 10) (1, 3) [100, 1, 32]
HGD [1, 128, 2000] 25 (1, 20) 25 (128, 1) (1, 6) 50 (1, 20) (1, 3) 100 (1, 10) (1, 3) [100, 1, 31]
Cho2017 [1, 64, 1536] 25 (1, 22) 25 (64, 1) (1, 4) 50 (1, 22) (1, 3) 100 (1, 22) (1, 3) [100, 1, 32]
Murat2018 [1, 22, 200] 25 (1, 6) 25 (22, 1) (1, 1) 50 (1, 6) (1, 2) 100 (1, 6) (1, 3) [100, 1, 30]
11
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Table 7
The network structure of the global module in the proposed algorithm.
Dataset Input size Conv-pool Conv-pool Softmax Output size

num. of ker. ker. size pool. ker. size num. of ker. num. of ker.

KU [100, 1, 32]

200 (1, 10) (1, 3) 2 (1, 7) [2, 1, 1]

SHU [100, 1, 32]
Shin2017A [100, 1, 30]
BCI-IV-2a [100, 1, 32]
Weibo2014 [100, 1, 30]
MunichMI [100, 1, 32]
HGD [100, 1, 31]
Cho2017 [100, 1, 32]
Murat2018 [100, 1, 30]
F

G

G

G

G

H

H

J

K

K

K

K

L

L

L

L

M

M

6. Conclusions and future work

In this work, we proposed a new learning paradigm for BCI to train
the high-performance EEG decoding model with multiple datasets. We
designed a hierarchical personalized federated-learning-based frame-
work FLEEG to solve the device-heterogeneity issue among multiple
EG datasets, enabling knowledge sharing between datasets. The pro-
osed framework has been evaluated with nine real MI datasets and
btained promising results with reasonable interpretations. This frame-
ork overcomes the challenge of insufficient data for model training in
CI. Thus, small datasets can train better models by making use of the
nowledge from other datasets with the help of FLEEG.

In the future, it is interesting to apply the proposed framework to
ore complex situations where the datasets have various protocols and

asks or improve the local module with more powerful feature encoders.
urthermore, how to measure the quality of datasets in each client and
ontrol their effects on the overall performance also deserves further
nvestigation.
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