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ABSTRACT: This work presents a curated, movement-
onset-aligned electroencephalography (EEG) dataset
comprising nine experiments with 188 able-bodied par-
ticipants performing hand and arm movement execution
tasks as well as rest conditions. Movement onsets were
aligned using auxiliary sensors. All recordings were uni-
formly processed using causal filtering to ensure com-
patibility with online brain-computer interface (BCI) ap-
plications. Further processing steps include resampling,
independent component analysis (ICA) for removal of
ocular and noise components, and strict epoch rejec-
tion. Across experiments, the datasets include recordings
with different channel configurations, covering 94 dis-
tinct EEG channels. In total, the dataset comprises over
95,000 annotated trials with detailed movement labels
and is provided in a standardized HDF5 structure to fa-
cilitate flexible data selection in machine learning work-
flows. Signal analyses confirm the presence of physiolog-
ically plausible movement-related patterns over sensori-
motor regions. This resource aims to support the devel-
opment of cross-participant and cross-experiment gener-
alizing movement decoders and transfer learning in EEG-
based BCIs. The data will be released in the near future.

INTRODUCTION

Electroencephalography (EEG)-based brain-computer
interfaces (BCls) provide a direct communication path-
way between the brain and external devices by translating
neural activity to control signals. In motor-related BClIs,
control signals are commonly derived from neural pro-
cesses associated with voluntary motor activity, includ-
ing movement execution [1], attempted movement [2],
and motor imagery [3]. Such systems have attracted sig-
nificant attention as assistive technologies for individuals
with severe motor impairments. For example, EEG-based
BClIs for persons with impairments of the upper limbs can
be used to control (neuro)prosthetic devices [4].

In recent years, deep learning approaches have increas-
ingly been explored for EEG decoding tasks due to their
ability to learn hierarchical representations from training
data. They have demonstrated promising results in a va-
riety of BCI applications [5] by modeling nonlinear re-
lationships and spatial-temporal dependencies within the
data. However, deep learning models typically require
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large amounts of training data to achieve robust perfor-
mance and to generalize well. In practical BCI appli-
cations, training data are usually collected during cali-
bration sessions with the intended user. These sessions
are often limited in duration, resulting in relatively small
subject-specific datasets, especially for motor-impaired
users where prolonged calibration sessions can be phys-
ically and mentally demanding. Consequently, insuffi-
cient training data remain a major challenge for develop-
ing reliable decoding models for EEG-based BCls.

One promising strategy to address this challenge is the
usage of generic deep learning classifiers pre-trained on
a larger population [6]. Such models may capture gener-
alizable neural patterns associated with motor processes
and can subsequently be adapted to individual users
through transfer learning and fine-tuning with a relatively
small amount of subject-specific data. Despite the grow-
ing interest in data-driven methods for EEG decoding,
the availability of large, well-curated datasets suitable
for developing and evaluating such approaches remains
limited. In particular, datasets that integrate recordings
across multiple experimental paradigms and participants
while maintaining consistent preprocessing and annota-
tion are still relatively scarce. To support research in this
direction, the present work introduces a curated large-
scale EEG dataset intended to facilitate the development
of machine learning and specifically deep learning meth-
ods for motor-related EEG decoding in BCI applications.

MATERIALS AND METHODS

Raw Data: Data from nine experiments were used for
the creation of the dataset. The experiments were con-
ducted at the Institute of Neural Engineering, Graz Uni-
versity of Technology, between 2017 and 2025. The in-
dividual raw datasets were assigned identifiers A to L.
All experiments comprise EEG recordings acquired dur-
ing right-hand and/or arm movement execution tasks per-
formed by able-bodied participants. The signals were ac-
quired using gel-based EEG systems. While some exper-
iments focused exclusively on either arm or hand move-
ments, others used combined motions. Movements were
executed in response to visual cues. Most experiments
additionally included resting state recordings, either ac-
tive rest or passive rest. Active rest denotes trial-based
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rest periods explicitly cued to remain at rest, whereas
passive rest refers to continuous resting periods without
trial-specific cues. The original recordings differ in the
number of EEG electrodes and the sampling frequency.
An overview of all experiments is provided in Table 1.

Table 1: Overview of the datasets used with information on their
original publication, number of participants, number of used
EEG channels, and types of movements included

ID  Source # Parti- #EEG Movement
cipants Channels Types

A [1] 15 61 Arm, Hand, Rest
B [7] 15 58 Armé&Hand, Rest
C [8] 20 60 Arm, Rest

D [9] 20 60 Arm, Rest

E [10] 15 61 Arm&Hand, Rest
F [11] 34 61 Armé&Hand

G [12] 25 60 Hand, Rest

H [13] 22 60 Hand, Rest

I [14] 22 60 Hand, Rest

Movement Onset Detection: Due to differences in the
experimental paradigms, the time interval between cue
onset and actual movement execution varied substan-
tially across experiments. To ensure consistent alignment
of the trials to the true movement onset, precise onset
timings were extracted from auxiliary movement track-
ing systems. These systems include exoskeletons [1],
data gloves [1][10], camera-based motion capture sys-
tems [8][9][12][13][14], pressure buttons [10], and Myo
armbands [11]. Movement onsets were determined using
threshold-based detection applied to task-relevant met-
rics, such as hand velocity or acceleration. Trials in
which no movement could be reliably detected were ex-
cluded from further analysis. For the active rest condi-
tion, a virtual movement onset was defined to account for
the temporal influence of the visual cue. To this end, the
average delay djp between cue onset (CO) and move-
ment onset (MO) was calculated for each participant dur-
ing movement trials. The virtual onset for rest trials was
then defined as MO, rest = 1CO,rest + dyo +r- Std(dMo),
where r € [—1,1] is a uniformly sampled random fac-
tor and std(dy0) denotes the standard deviation of move-
ment onset delays. The random delay was introduced to
mimic the variability in participants’ reaction times ob-
served during movement trials.

EEG Preprocessing: The EEG data preprocessing
pipeline was designed with two main objectives: (i) to
transform data from heterogeneous experiments into a
uniform structure, and (ii) to remove strong artifacts and
noise while preserving task-relevant EEG information.
Processing was performed using MNE-Python [15]. All
filters were chosen as causal filters to allow the dataset
to be used for online BCI applications. First, line noise
was attenuated using notch filters at 50 Hz and 100 Hz.
Subsequently, a 0.5 Hz to 90 Hz bandpass filter was ap-
plied. The filters were implemented as 4/"-order causal
Butterworth filters. EEG channels identified as floating
(i.e., exhibiting strongly reduced band power across fre-
quencies) were interpolated using spherical spline inter-
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polation. The data were then resampled to 256 Hz using a
causal anti-aliasing finite impulse response lowpass filter
with Kaiser window [16]. Afterwards, independent com-
ponent analysis (ICA) with Picard algorithm [17] was
computed to identify and remove ocular artifacts. Further
noise components, such as muscle artifacts and channel
noise, were addressed using the MNE_ICALabel exten-
sion [18] for automated component classification. Com-
ponents with a predicted artifact probability greater than
95% were removed. Additionally, components with class
probability to represent noise or artifacts greater than
85% were removed if confirmed by visual inspection.
Next, the data were segmented into 8-s epochs around the
movement onsets, comprising 3 s pre-onset and 5 s post-
onset. An additional epoch rejection step was performed
to exclude residual noisy epochs. For each participant,
the standard deviation was computed per channel across
the entire recording. An epoch was rejected if any chan-
nel exhibited (i) a standard deviation exceeding five times
or (ii) an absolute amplitude exceeding eight times the
channel’s global standard deviation. Finally, epochs were
mapped to a uniform EEG channel layout comprising all
electrodes used across experiments. Channels not present
in the respective experiment were inserted and filled with
NaN values to preserve structural consistency.

Dataset Structure: The final curated dataset is struc-
tured as hierarchical data format (HDF), version 5, files.
To limit file size, each experiment is stored in a separate
HDF5 file. Each file contains the processed and epoched
EEG data, information on the timings of the movement
onsets, and additional metadata stored as group or file
attributes. Each experiment file experiment_X.hdf5 is or-
ganized hierarchically as follows:

* File-level attributes

— "Bandpass Filter Frequencies (Hz)" [Array of float]
— "Notch Filter Frequencies (Hz)" [Array of integer]
— "Channel Names (standard_1005)" [Array of string]
— "GND" [string]

— "Reference" [string]

— "Sampling Frequency (Hz)" [integer]

— "Event Codes" [Array of integer]

— "Event Codes Meanings" [Array of string]

— "Experiment ID" [string]

* Participant Group Participant_X00

* Session Group Session_0 (only present in dataset I)

* Movement Group, either Hand Movement, Arm

Movement, Arm and Hand Movement or Rest
— "Movement Group" [string]
— "Movement Details" [Array of string]
— "Participant ID" [string]
Within a movement group, two data objects are stored:
» "eeg_data" [Array of float]: Epoched EEG data, of
Shape (nepochs X Nechannels X ntimepoints)
* "events" [Array of integer]: Indicating timings of
movement onsets, of shape (1epochs X Mrimepoints)
For dataset I, data are subdivided into sessions for each
participant, reflecting the original experimental design,
where multiple sessions were recorded per participant.
The primary data objects are "eeg_data" and "events",
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Figure 1: Number of trials per movement group of the processed dataset with occurrence of the detailed movement descriptions.

with "eeg_data" containing the processed EEG epochs
and "events" array marking movement onsets (coded as 1
for movement onset, 0 otherwise). Note that although all
epochs are centered around movement onsets and span 3 s
pre-onset and 5 s post-onset, an epoch may contain mul-
tiple movement onset events. This occurs when inter-trial
intervals are smaller than the chosen epoch size of 8 s.

RESULTS

Dataset Size: The dataset includes data from 188 par-
ticipants and comprises 10 HDF5 files from 1.18 GB to
6.97 GB in size, resulting in a total volume of 38.5 GB.

Movement Groups: The EEG trials are organized into
four movement groups with detailed movement labels:

* Hand Movement: hand closing, hand opening, pin-

cer grasp, pistol gesture, y gesture

« Arm Movement: elbow extension, elbow flexion,

reaching, reaching inward, reaching outward, wrist
pronation, wrist supination

* Arm and Hand Movement: grasp reaching, lateral

grasp reaching, palmar grasp reaching, pincer grasp
reaching

* Rest: active rest, passive rest

Table 2: Number of trials per movement group of the processed
dataset.

Movement Group

Number of Trials

Arm Movement 28521
Hand Movement 43611
Arm and Hand Movement 12476
Rest 11176
Total 95784

Trials in the Arm and Hand Movement group represent
combinations of hand and arm actions (e.g., reaching
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combined with grasping). When a further differentiation
of grasping or reaching movements was not possible, tri-
als were labeled generically as grasp or reaching. During
preprocessing, 22.7% of trials were excluded, resulting
in a total of 84,608 movement trials and 11176 rest trials.
An overview of the number of trials per movement group
is provided in Table 2, while the distribution of detailed
movement labels is shown in Figure 1.

EEG Channels: Across experiments, the datasets in-
clude recordings with different EEG channel configu-
rations (58-64 channels), covering 94 distinct channels
overall, following the extended international 10-05 sys-
tem [19]. A subset of 31 channels is present in all trials.
The availability of individual channels relative to the total
number of trials is illustrated in Figure 2.

Data Quality: The effect of data preprocessing

Channel representation
over all trials
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Figure 2: Channel representation with respect to the overall
number of trials in the dataset. The channels in red are present in
all trials. No channels had availability between 20% and 70%.
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Figure 3: ERP of channel C1 per movement group for the fully and minimally processed data averaged over all trials of all participants
with 95% confidence interval. N indicates the number of participants per movement group. Time point O s marks the movement onset.
(A) ERP of the fully processed dataset. (B) ERP of the minimally processed data.
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Figure 4: Activity of channel C1 of the fully processed data for movement details active and passive rest for the processed data averaged
over all trials of all participants with 95% confidence interval. N indicates the number of participants per rest group. Time point Os

marks the virtual rest onset.

was evaluated by comparing the event-related potentials
(ERPs) derived from the fully processed dataset to those
obtained from minimally processed data high-pass fil-
tered at 0.5 Hz using a non-causal 4""-order Butterworth
filter, without further artifact correction or trial rejection.
For the minimally processed dataset a non-causal filter
was used for the purpose of offline analysis and to pre-
serve the temporal morphology of the ERPs by avoiding
phase distortions or latency shifts. In Figure 3, the ERPs
of channel C1 per movement group for the fully pro-
cessed dataset (causal filtering) and the minimally pro-
cessed data (non-causal filtering) are presented averaged
over all trials of all participants with 95% confidence in-
tervals. In both cases, characteristic movement-related
cortical potential (MRCP) patterns [20] are visible, be-
ginning prior to movement onset. In the fully processed
dataset, the waveform exhibits a phase shift. Figure 4
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presents the averaged activity of channel C1 of the fully
processed dataset for the rest condition, separated into
active and passive rest. The averaged passive rest ERP
shows lower amplitudes and overall reduced low fre-
quency oscillations. In Figure 5, for channel C1, the EEG
signals were band-pass filtered in the alpha band (8 Hz to
12 Hz) and the beta band (13 Hz to 30 Hz), squared to es-
timate instantaneous power and smoothed over time. The
resulting power time series were z-scored within each
subject and then averaged across subjects separately for
movement and rest trials. Around movement onset, the
movement trials exhibit a decrease in band power, fol-
lowed by an increase approximately 2.5 s after movement
onset. This pattern reflects the classical event-related
desynchronization (ERD) followed by event-related syn-
chronization (ERS). In contrast, the rest trials do not show
such patterns. Topographic maps of EEG amplitudes be-
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Figure 5: Time-varying bandpower of channel C1 for the alpha
band (8 Hz to 12 Hz) and beta band (13 Hz to 30 Hz) averaged
over movement trials (gray) and rest trials (purple). Time point
0's marks the movement onset or virtual rest onset.

fore and after movement onset for the fully processed
dataset, depicted in Figure 6, demonstrate increased cen-
tral activation around movement onset and 0.5s post-
onset for movement conditions, whereas no comparable
pattern is observed for rest. For visualization of the topo-
graphic maps, a Common Average Re-referencing (CAR)
filter was applied, and only the subset of 31 channels
present in all trials was used.

DISCUSSION

Dataset Structure: Aggregating nine experiments with
188 participants results in a large and diverse EEG dataset
for hand/arm movement decoding. The unified HDF5 or-
ganization, structured by experiments, participants, and
movement groups along with metadata such as detailed
movement descriptions, enables flexible extraction of
subsets tailored to specific research questions. Despite
heterogeneous EEG channel montages, the 31-channel
common subset available across all trials covers central
motor areas. Moreover, domain-adaptation techniques
[21] may allow the exploitation of the full channel infor-
mation despite montage differences. The selected epoch
length of 8 s, provides sufficient temporal context for sub-
sequent processing steps while minimizing the risk of
edge artifacts within the time window of interest.

Data Quality and Analysis: The averaged ERPs shown
in Figure 3 demonstrate that the preprocessing pipeline
effectively attenuated noise components, while preserv-
ing relevant signal characteristics. A clear difference in
amplitudes around movement onset between the move-
ment groups and the rest group indicate that MRCP pat-
terns are captured in the dataset. The observed phase
shift compared to the minimally processed data and the
classical MRCP description [20] stems from the usage of
purely causal filtering. This design choice was made to
ensure compatibility with online BCI applications, where
non-causal filtering is not feasible. Another aspect con-
firming the data quality is the difference between active
and passive rest trials in Figure 4. As expected, the ac-
tive rest condition exhibits increased activity, which indi-
cates the occurrence of visual evoked potentials (VEPs)
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Figure 6: Topographic plots of the grand-average sensor-level
EEG amplitude spatially interpolated across a 2D scalp repre-
sentation of the fully processed dataset 1 s pre movement onset,
during onset and 0.5 s post movement onset shown by move-
ment group. For the plots, a CAR filter was applied. Only the
subset of channels present in all trials were used.

caused by the visual cue or of contingent negative varia-
tion (CNV) signals caused by the expectancy of a motor-
related task [22]. In contrast, the passive rest condition,
where no cue was used, does not display such patterns.
Similar components are visible in the movement condi-
tions of Figure 3, suggesting that the observed signals re-
flect a combination of movement-related and cue-related
activity. The bandpower differences, shown in Figure 5,
further confirm the plausibility of the data. Alpha and
beta band frequencies play a crucial role in movement-
related tasks. ERD around movement onset, followed by
ERS, are typically observed in the sensorimotor alpha and
beta bands during voluntary movement [23] [24]. The to-
pographic maps in Figure 6 further support the physiolog-
ical plausibility of the data, revealing increased activation
over central regions during and shortly after movement
onset in movement conditions but not in rest trials.

Limitations: Despite its size and diversity, the pre-
sented dataset has certain limitations. The recordings
stem from different experimental paradigms and hard-
ware configurations, which introduces inter-experiment
variability that may both be useful but also challenging
for downstream tasks. Additional challenges for further
machine-learning based usage of the data are the different
channel montages and reference electrodes, which may
be overcome by re-referencing techniques. Furthermore
the dataset consists exclusively of movement execution
tasks performed by able-bodied participants. While this
supports transfer learning research, the generalization to
movement attempts in clinical populations requires fur-
ther investigation.

CONCLUSION

This work presents a curated, large-scale EEG dataset
comprising nine experiments and 188 participants per-
forming hand and arm movement execution tasks. The
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data were uniformly processed, structured in a standard-
ized HDF5 format, and extended with detailed metadata
to support flexible data selection and transfer learning ap-
plications. Signal analyses confirm the presence of physi-
ologically plausible movement-related patterns, while the
preprocessing pipeline ensures compatibility with online
BClI scenarios. The dataset is intended to facilitate the de-
velopment and evaluation of generalizable deep learning
models for transfer learning in EEG-based movement de-
coding and to support future research toward clinically
applicable BCI systems. The dataset presented in this
work will be publicly released in an online repository in
the near future.
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