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Abstract— Brain—computer interfaces (BCIs) provide a
hands-free control modality for mobile robotics, yet decoding
user intent during real-world navigation remains challenging.
This work presents a brain-robot control framework for offline
decoding of driving commands during robotic rover operation.
A 4WD Rover Pro platform was remotely operated by 12
participants who navigated a predefined route using a joystick,
executing the following commands: forward, reverse, left, right,
and stop. Electroencephalogram (EEG) signals were recorded
with a 16-channel OpenBCI cap and aligned with motor actions
at A = 0 ms and eight future prediction horizons (A > 0 ms).
After data preprocessing, eleven deep learning (DL) models
were benchmarked for the task of intent classification, across
the Convolutional Neural Network (CNN), Recurrent Neural
Network (RNN), and Transformer architectural families. Shal-
lowConvNet achieved the highest performance for both action
prediction (Fl-score 67% at A = 0 ms) and intent prediction
(F1-score 66% at A = 300 ms), maintaining robust perfor-
mance at future horizons. By combining real-world robotic
control with multi-horizon EEG intention decoding, this study
introduces a reproducible benchmark and reveals key design
insights for predictive, DL-based BCI systems.

I. INTRODUCTION

Brain—computer interfaces (BCIs) enable direct commu-
nication between the human brain and external systems,
with applications spanning assistive mobility, intelligent
vehicles, and human-robot interaction [1], among others.
Among these, brain-controlled vehicles (BCVs) have gained
significant traction as platforms where neural signals can
supplement or even replace manual control for navigation
and decision-making. BCVs are generally classified into
two categories: servo-level systems, which translate brain
activity into low-level actuator commands (e.g., throttle or
steering), and task-level systems, which decode higher-order
driving intentions such as braking, turning, or path selec-
tion [2]. Human adaptability and contextual awareness are
indispensable in dynamic traffic scenarios, underscoring the
importance of intention-aware BCIs in BCVs. By decoding
driver intentions, such systems can enable shared autonomy
and neuroadaptive control that combine human flexibility
with machine precision [3].

Although several electroencephalogram (EEG) paradigms
have been applied in BCI-based driving, including motor
imagery (MI), P300, and steady-state visual evoked poten-
tials (SSVEP) [4], [5], most prior work remains limited

to controlled laboratory settings, often relying on virtual
simulators and prototype platforms [6], [7]. Furthermore,
prior studies have primarily focused on discrete commands
or single maneuver types (e.g., braking), with limited ex-
ploration of multi-command decoding or predictive intention
recognition across future time horizons [8], [9]. While deep
learning (DL) has significantly advanced EEG decoding
performance [10], few studies have systematically compared
diverse DL architectures under consistent preprocessing and
evaluation protocols, and transformer-based models remain
largely unexplored in BCI-driven driving contexts [11].

To address these limitations, this study introduces a real-
world brain—robot control framework for offline intention
decoding. In our setup (Fig. 1), participants operated a
mobile robotic rover along a predefined outdoor path, while
executing five navigational commands: forward, reverse, left,
right, and stop. Neural activity was recorded using a 16-
channel gel-free EEG headset [12] and temporally aligned
with motor labels derived from joystick input for real-time
decoding (A = 0 ms) and anticipatory decoding at future
time horizons (A € [300,1000] ms). EEG recordings were
preprocessed through a standardised pipeline and segmented
into overlapping windows for model input. A comprehen-
sive DL benchmark was conducted across 11 architectures,
including convolutional, recurrent, and transformer-based
models. All evaluations employed temporally stratified splits
and training-only oversampling to ensure label integrity and
minimise data leakage to facilitate robust multi-command
classification under realistic conditions. Results show that
compact CNNs, especially ShallowConvNet, consistently
outperformed other architectures, achieving a robust F1-score
of 66% at the A = 300 ms prediction horizon.

The main contributions of this work are as follows:

e A realistic BCV experiment is designed and imple-
mented, combining outdoor rover remote navigation
with synchronised EEG-behaviour labelling of five
driving commands (forward, reverse, left, right, and
stop) under real-world conditions.

« A temporal-aware label-stratified evaluation pipeline is
introduced to mitigate temporal leakage and support
robust offline benchmarking of action and intention
prediction.
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Fig. 1: Experimental setup for EEG-based driver intention prediction. EEG signals were acquired from the subject and synchronised with
a first-person view of the route. Commands were sent via a controller and recorded for data labelling. The rover was equipped with a ZED
stereo camera, GNSS antenna, Lux, and IMU sensors to capture multimodal information during the experimental route. The recorded data
were processed through preparation and labelling pipelines before being used for driver intention decoding.

o A systematic comparison of 11 state-of-the-art DL mod-
els is conducted, including transformer-based models,
establishing rigorous performance baselines for multi-
session, multi-command EEG-based BCV decoding.

II. RELATED WORK

A number of studies have investigated BCIs for mobile
robot control using various EEG paradigms and machine
learning (ML) techniques. This section reviews relevant
literature across three key themes: intention decoding in
driving tasks (Section II-A), the contrast between real-world
and simulated experimental setups (Section II-B), and the use
of DL for EEG decoding (Section II-C). These thematic areas
help situate the contributions of the present study within the
broader context of BCI-driven navigation systems.

A. Intention Decoding in Driving Scenarios

Intention decoding from EEG has been a central topic
in BCI research for BCVs, especially for interpreting di-
rectional or braking-related commands. Mezzina et al. [6]
used a P300-based spatio-temporal interface to enable four-
wheel prototype robotic car control, demonstrating promising
accuracy for discrete commands in a structured indoor set-
ting. Hekmatmanesh et al. [13] demonstrated the feasibility
of Ml-based control for mobile vehicles using DL but their
experiments were conducted in a controlled laboratory envi-
ronment with restricted movement tasks and artificial visual
feedback. Several studies have attempted to extend BCI
control to multiple navigation intentions, though typically
within constrained setups. Gougeh et al. [14] proposed a
MlI-based framework to classify (left, right, and brake) inten-
tions, achieving high offline accuracy (94.6%) using spatial
filtering and Support Vector Machines (SVM), but limited

to symbolic cues and simulated tasks without real driving
integration. Gui et al. [15] developed an SSVEP-based brain-
controlled mobile robot system combining task-related com-
ponent analysis, deep neural networks, and model predictive
control, to enable three navigation commands (left, right, and
forward) on a TurtleBot4 with real-time validation in both
simulated and real environments. Liu et al. [16] introduced
a generative adversarial network (GAN)-based augmentation
framework to improve MI-based teleoperation (left and right)
of a construction Unmanned Ground Vehicle, reporting gains
of 4% in accuracy, yet evaluations remained offline using
a very small sample size. Recent work has also shifted
towards anticipatory decoding. For example, Lutes et al. [9]
employed convolutional spiking neural networks (CSNN)
to detect braking intention up to one second in advance,
offering a predictive framework based on pre-movement
brain potentials. However, the majority of prior studies
remain constrained to binary or three-class setups, with few
attempts at decoding richer command sets. Most studies
focus only on short-term prediction of a manoeuvre, while
continuous multi-command intention decoding under real-
world driving conditions remains largely unaddressed [17],
[18]. Motivated by these gaps, this study evaluates contin-
uous multi-command intention decoding from EEG under
realistic robotic navigation conditions.

B. Real-world vs. Simulated Driving Scenarios

Beyond the type of commands decoded, another key
limitation lies in the real-world relevance of experimental
setups. Most BCV studies are still performed in virtual
or indoor environments. Hoshino et al. [19] used CNNs
to classify control commands from EEG in a lab-based
setup, relying on visual attention tasks. Lian et al. [20]



developed a novel asynchronous driver—vehicle interface
in a CarSim simulator for left-right navigational control
through EEG, with continuous two-class decoding accuracy
surpassing 83%. Lutes et al. [9] further evaluated anticipatory
braking with CSNNs in a simulator, while Zou et al. [21]
tested hybrid paradigms indoors with controlled lighting and
displays. In contrast, only a few studies, such as Lucas
et al. [22], have implemented BCIs for robotic vehicle
control, where participants navigated obstacle courses using
SSVEP-based commands, though no quantitative accuracy
metrics were reported. Chang et al. [23] investigated steering
processes using multilayer dynamic brain network analysis
during driving, providing insight into EEG connectivity but
not into practical decoding accuracy. Although these studies
demonstrate the feasibility of mobile BCIs, most do not com-
bine real-world navigation, multi-command decoding, and
predictive labelling under realistic conditions. In contrast,
this study evaluates EEG-based decoding during outdoor
robotic rover operation, providing a reproducible benchmark
in real-world conditions.

C. Deep Learning for EEG Decoding

Earlier BCI studies have predominantly relied on tra-
ditional ML methods such as Common Spatial Pattern,
Linear Discriminant Analysis, and SVM [24], [25]. While
effective in some cases, these approaches struggle with the
high dimensionality and non-stationarity of EEG signals
and require extensive handcrafted feature engineering. DL
offers a solution by jointly learning spatial and temporal
representations directly from raw or minimally processed
EEG. Systematic reviews by Altaheri et al. [10] and Hossain
et al. [26] highlight the success of CNNs, RNNs, and Trans-
formers in MI and SSVEP decoding, though most evaluations
remain offline or simulator-based. Moreover, few studies
have compared diverse DL architectures under consistent
preprocessing and evaluation pipelines, leaving open ques-
tions about their robustness in real-world multi-command
navigation [3]. To address this gap, this study systemati-
cally benchmarks 11 state-of-the-art models, including CNNs
(EEGNet [27], ShallowConvNet [28], DeepConvNet [28],
CCNN [29], CNNID [30], TSCeption [31], STNet [32]),
RNNs (LSTM [33], GRU [33]), and transformers (EEG-
Conformer [34], ViT [35]) in a real-world driving intention
decoding context.

III. MATERIALS AND METHODS

This section outlines the experimental design, including
details of participant recruitment (Section III-A), the robotic
navigation framework (Section III-B), data labelling strategy
(Section III-C), EEG preprocessing pipeline (Section III-
D), model training and benchmarking (Section III-E), and
evaluation metrics (Section III-F).

A. Participants

Twelve healthy adults (6 males, 6 females; aged 20—40)
participated in the study by sitting in front of a screen and
remotely operating a mobile robotic rover along a predefined

outdoor path, while EEG was recorded. All participants
had normal or corrected-to-normal vision and no history
of neurological or psychiatric disorders. The study was ap-
proved by the Durham University Institutional Review Board
under approval reference COMP-2023-04-03T15-17_29. All
participants provided written informed consent prior to data
collection. Each participant completed 10 sessions across
multiple days, with each session lasting approximately 20
minutes, yielding a multi-session dataset for offline analysis.

B. Experimental Setup

The experimental framework was originally designed as
an indoor visual stimulation and EEG acquisition system
synchronised with an outdoor robotic navigation task. Data
collection followed an SSVEP-style setup, where participants
were seated 90 cm from a primary display showing a real-
time first-person view (FPV) from the rover. Five flickering
red circular stimuli (Fig. 1) were overlaid in a cross (“+7)
layout, each mapped to a driving command: stop (5 Hz, top
circle), left (10 Hz, left circle), reverse (15 Hz, middle circle),
right (20 Hz, right circle), and forward (30 Hz, bottom
circle). Stimuli were rendered in PsychoPy [36] on a 60
Hz LCD screen with equal luminance, spacing, and size,
and the colour red was chosen given evidence that long-
wavelength warm hues enhance SSVEP amplitudes and im-
prove classification [37]. A secondary monitor allowed the
supervising researcher to monitor impedance levels and EEG
quality in real time. Although these ancillary SSVEP signals
were recorded, they were not analysed in this study. Instead,
continuous EEG collected during outdoor rover driving was
used directly for multi-command intention decoding. Partic-
ipants navigated the robot along a predetermined route using
an Xbox controller. The experimental route was manually
designed to include straight segments, left/right turns, stops,
and reverse manoeuvres. The same fixed route was used for
all participants to ensure consistency across sessions. The
platform was a 4WD Rover Pro (Rover Robotics), equipped
with the following sensors mounted on a custom payload
to enable reliable multimodal data acquisition in outdoor
environments (see Fig. 1):

o Stereo Camera: StereoLabs ZED stereo vision camera
providing real-time RGB and depth sensing, operating
at 15 Hz, with a maximum field of view of 90° (H) x
60° (V) x 100° (D) and depth range of 0.5 m to 25 m.

¢ GNSS: Yoctopuce Yocto-GPS-V2 module based on
the u-blox NEO-MS8Q chipset with 72-channel multi-
constellation support. It provides positioning updates at
10 Hz with a resolution of 1076 degrees (~10 cm).

o IMU: Yoctopuce Yocto-3D-V2, integrating a 3D ac-
celerometer (16 g, 0.001 g resolution), 3D gyroscope
(£2000°/s, 0.1°/s resolution), and 3D magnetometer
(%13 gauss, 0.01 gauss resolution). It also offers 100 Hz
gyroscopic attitude estimation and outputs orientation in
quaternion or Tait-Bryan angles.

o Lux Meter: Yoctopuce Yocto-Light-V4 ambient light
sensor, providing 0.01 lux sensitivity and measuring up
to 83,000 lux at 10 Hz.



¢ Onboard Computer: An NVIDIA Jetson AGX Orin
Developer Kit (64 GB) served as the onboard computer,
chosen for its high computational performance and
integrated CUDA cores for real-time sensor processing
and DL inference.

These sensors were acquired to support monitoring, temporal
alignment, and dataset enrichment. However, only EEG data
were used for model training and evaluation. EEG signals
were recorded during the experiments using a wireless 16-
channel OpenBCI Cyton and Daisy system with a gel-free
electrode cap [12], configured according to the international
10-20 system [38]. EEG signals were acquired at 125 Hz,
and electrodes were positioned at Fpl, Fp2, F3, F4, F7, F8,
C3, C4, T3, T4, T5, T6, P3, P4, O1, and O2 [12]. These
covered frontal, central, parietal, occipital, and temporal
regions of the scalp.

All robot sensors, along with the EEG headset and Xbox
controller, interfaced as Robot Operating System (ROS-
Noetic) nodes operating as followers, with the Jetson AGX
Orin acting as the leader to manage time-stamped data
publishing, subscription, and synchronisation within a ROS
environment. Each modality published time-stamped mes-
sages on dedicated ROS topics aligned to a unified ROS time
base, ensuring sub-millisecond synchronisation. No external
synchronisation hardware was required. This architecture
enabled real-time data acquisition, wireless communication,
and autonomous logging during experiments.

C. Data Labelling

The joystick’s input from the Xbox controller was
recorded by publishing messages to the relevant ROS topic
at a rate of 10 Hz. Each message contained linear and
angular velocity components, which were processed using
a rule-based thresholding strategy to assign a discrete di-
rectional label (forward, reverse, left, right, stop), reflecting
the participant’s intended movement. A small threshold 7
was introduced to suppress noise around zero and ensure
robust command detection. Let v,, denote the linear velocity
(forward/backward) and w, the angular velocity (turning):

forward, v, >7 A |w,| <7
reverse, Uy < —7T A |wy| <T
label = < left, w,>T A |ug| <7
right, w, < =T A |ug| <7
stop, [vg] < T A Jwy| <7

Samples with |vy| > 7 A |w,] > 7T were dis-
carded due to inconsistency. Subsequently, each EEG
sample at time t was assigned the joystick label cor-
responding to the timestamp ¢t + A, where A €
{0, 300, 400, 500, 600, 700, 800, 900, 1000} ms. This formu-
lation supports both real-time (A = 0) and anticipatory
decoding tasks for a predictive time horizon of A. The
labelling strategy is defined as Label(t) = Joystick(t + A).
This method generated one label for immediate action (A =
0) and eight additional labels for future prediction (A > 0).
All labels were assigned using nearest-neighbour matching

Algorithm 1 Temporal-stratified EEG splitting and windowing.
Input: Preprocessed EEG data X (t) € RY*” labels y(t),

window size S = 125, overlap 50%
where C': number of EEG channels, 7": number of time samples.

Output: Train/Test datasets D™ D',

1: Do ={(ze,ye) |ye =4}, YLEL > group by label
: D¢ = sorty(Dy) > chronological order
: Dy = Uf\;l Cei, N =100 > temporal chunks

2

3

4: Cy4™ = first 0.7|Ce,q

5: Cpy = last 0.3|Ceq

6 D™ — sorty (UC}”;")
P

7. D = sorty (UC@C‘;)
i
8: WjZX[tj:tj-i-S—l], tj+1=tj—|—S/2
> sliding windows
9: y; = arg maxees count{y: = ¢, t € [tj,t; + S — 1]}
> majority label

10: D 4 = OVRS(D"™n) > oversampling

between EEG and joystick timestamps, preserving alignment
accuracy within ROS time constraints.

D. EEG Data Preparation Pipeline

EEG data is inherently non-stationary and varies over
time, especially in real-world mobile navigation tasks. Key
challenges include EEG drift (context- or fatigue-related
signal changes) [39] and BCI illiteracy (when some users
cannot generate clear, classifiable neural patterns) [40]. These
effects may introduce class imbalance and temporal incon-
sistencies. To address them, we designed a temporal-aware,
label-stratified data preparation pipeline that preserves class
balance and chronological order during training and evalua-
tion, reducing temporal leakage and ensuring that evaluation
metrics better reflect real-world conditions:

1) Preprocessing: EEG preprocessing was performed us-
ing the PyPREP pipeline [41] (MNE-Python implementation
[42]) to provide robust and reproducible cleaning. The fol-
lowing steps were applied:

o High-pass filtering at 1 Hz: Eliminates slow drifts
and low-frequency trends caused by sweating, electrode
shifts or baseline fluctuations to provide a stable signal
for subsequent analysis.

« Adaptive notch filtering at 50 Hz: Suppresses power-
line interference while preserving neural oscillations.

« Robust average referencing: Iteratively computed
while excluding noisy channels, to reduce reference bias
and improve spatial resolution.

o Noisy channel detection and interpolation: Channels
with abnormal variance, low correlation, or RANSAC-
detected artefacts were replaced using interpolation.

e Z-score normalisation: Each channel was normalised
to zero mean and unit variance, minimising bias intro-
duced by amplitude differences.



TABLE I: Deep learning models evaluated for EEG classification, grouped by architecture family.

Family Model Purpose Focus Strengths
EEGNet [27] Compact EEG decoding Spatial-temporal features Robust to noise; lightweight
DeepConvNet [28] Deep feature extraction Spatial-temporal features Strong representation learning
ShallowConvNet [28] Short-window EEG decoding Temporal patterns Interpretable filters; effective for MI

CNN STNet [32] Multi-channel EEG modelling Spatial-temporal dependencies Captures electrode interactions
TSCeption [31] Frequency-aware EEG decoding Temporal-spectral features Multi-scale kernels
CCNN [29] Real-time EEG classification Low-latency processing Lightweight; portable BCI suitability
CNNID [30] Time-series EEG decoding Temporal structure Efficient temporal extraction

RNN LSTM [33] Sequential EEG modelling Long-term dependencies Strong temporal memory
GRU [33] Efficient temporal modelling Short/mid-term dependencies Fewer parameters

Transformer ViT [35] Global EEG representation Long-range dependencies Attention-based global context

EEGConformer [34] Hierarchical EEG decoding

Local-global features Combines CNN locality with attention

This pipeline reduces non-stationary noise, line interference,
and channel-level artefacts, thereby reducing the influence of
physiological and motion-related contamination.

2) Temporal-stratified splitting: After preprocessing, we
implemented a temporal-aware label-stratified splitting pro-
cedure to prepare data for model training and evaluation. The
procedure is outlined in Algorithm 1. Samples were grouped
by label, sorted chronologically, and partitioned into 100
temporally contiguous chunks per label class. Within each
chunk, a 70/30 split was applied to form training and testing
sets. All chunk-wise partitions were aggregated and sorted
globally by timestamp to maintain chronological integrity.
After aggregation, samples were reordered according to their
timestamps. While the train/test split introduces natural gaps
in the sequence, the temporal order within each partition was
preserved, avoiding artificial discontinuities and minimising
distortion of EEG temporal dependencies. A sliding window
of 125 samples (1 second) with 50% overlap was applied, and
each window was assigned the majority label of the samples
it contained. Sliding windows were generated independently
within the training and testing partitions to preserve temporal
continuity, prevent leakage and minimise effects on EEG
temporal and spectral characteristics. Random oversampling
was applied only to the training set to mitigate class im-
balance, while the testing set remained untouched to ensure
unbiased evaluation. This strategy minimised temporal leak-
age while maintaining a realistic evaluation protocol.

E. Model Training and Benchmarking

A diverse set of DL architectures, tailored for EEG
decoding, was benchmarked to evaluate end-to-end clas-
sification performance without relying on manual feature
extraction. The models spanned convolutional, recurrent, and
transformer-based families, each selected for their demon-
strated strengths in capturing spatial, temporal, and spectral
characteristics of EEG signals. Table I summarises the core
purpose and advantages of each model. Deep convolutional
networks such as EEGNet and STNet are known for their
robustness to EEG noise and ability to generalise across
subjects. Sequential models, including LSTM and GRU, are
well-suited for capturing temporal dependencies in EEG time
series, while architectures like ShallowConvNet and CCNN
offer a favourable balance between classification perfor-
mance and interpretability, which makes them applicable to
medical and real-time systems. Lightweight models such as
EEGNet and CCNN are particularly optimised for embedded

applications, whereas transformer-based models like ViT and
EEGConformer leverage attention mechanisms to enhance
feature representation and classification accuracy.

Model training was conducted following a within-subject
within-session approach, i.e., each model was trained and
tested on data from a single participant, as well as from
a single session, to ensure temporal consistency and avoid
cross-session leakage. Training and testing were repeated
across all participants and sessions in the dataset, as well
as for all label types (A). Performance results for each label
type were aggregated across all participants and sessions for
reporting.

All models were trained using standardised hyperparam-
eters to ensure fair comparison. The batch size was 128,
with 2,000 training epochs and a weighted cross-entropy loss
function to address class imbalance. The Adam optimiser
with a fixed learning rate of 0.001 was used. Training and
inference were conducted on an NVIDIA RTX A6000 GPU
to accelerate high-capacity training workloads.

FE. Evaluation Metrics

Model performance was evaluated using accuracy, preci-
sion, recall, and Fl-score. Accuracy quantified overall cor-
rectness, while precision and recall measured class-specific
predictive quality. The Fl-score provided a balanced sum-
mary of precision and recall, which is particularly useful
under class imbalance scenarios and was thus used as our
main benchmark metric, reflecting both correctness and con-
fidence of probabilistic predictions. All metrics were com-
puted per subject and per session and were then averaged,
with standard deviation reported to capture model stability.
Performance was evaluated independently for each prediction
horizon (A € [0,1000] ms) to assess temporal robustness.

IV. RESULTS AND DISCUSSION

The average performance of the 11 examined DL models
across all subjects and sessions was evaluated across nine
labelling conditions corresponding to the executed action
(A = 0 ms) and predictive horizons up to 1000 ms, as
explained in Section III-C. Table II shows detailed results
for all models at A = 0 ms and A = 300 ms, whereas
Fig. 4 illustrates the performance of all examined models
across all labelling horizons. (A = 300 ms) was selected
as a representative anticipatory horizon, reflecting a balance
between early intention prediction and classification stability.
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Fig. 2: Aggregated confusion matrices for (a) ShallowConvNet, (b) GRU, and (c) EEGConformer, at A = 0 ms.
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Fig. 3: Aggregated confusion matrices for (a) ShallowConvNet, (b) GRU, and (¢) EEGConformer, at A = 300 ms.

TABLE II: Model performance comparison at A = 0 ms (action) and A = 300 ms (intention).

Action (A = 0 ms) Intention (A = 300 ms)
Family Model Accuracy Precision Recall F1 Accuracy Precision Recall F1
EEGNet 0.78 £ 0.13 0.63 £ 0.11 0.70 £0.13 0.64 +£0.12 | 0.77 £ 0.13 0.62 & 0.10 0.68 £ 0.13 0.62 + 0.12
DeepConvNet 033 +0.17 035+ 0.14 035+£010 024 +0.12 | 032 +£0.16 035+ 0.14 0.35+0.10 024 +0.12
ShallowConvNet | 0.83 + 0.11 0.67 = 0.10 0.72 + 0.12 0.67 + 0.11 | 0.82 + 0.11 0.65 + 0.09 0.71 £ 0.12 0.66 + 0.11
CNN STNet 0.61 = 0.15 046 +0.13 047 £0.14 046 +0.13 | 0.61 £ 0.15 046 +0.13 047 +0.14 045 £ 0.13
TSCeption 0.81 +£0.11 0.62 +£0.11 0.63 £0.12 0.62 +0.11 | 0.81 £ 0.10 0.63 + 0.11 0.62 £ 0.11 0.62 + 0.11
CCNN 0.61 £ 033 045+ 030 053 +£027 046+ 030 | 0.60 £0.32 044 +0.29 052+ 026 045+ 0.29
CNNID 0.79 £ 0.11 0.61 +£0.11 0.62 +£0.12 0.61 £0.11 | 0.79 £ 0.11 0.60 + 0.11 0.61 + 0.12 0.60 £+ 0.11
RNN GRU 0.78 £ 0.13 0.63 + 0.11 0.67 + 0.13 0.63 + 0.13 | 0.77 £ 0.15 0.62 + 0.12 0.66 + 0.14 0.62 + 0.13
LSTM 0.71 £ 022 057 +£0.19 0.62 £0.19 0.57 £0.20 | 0.71 £0.21 0.57 £ 0.18 0.62 + 0.18 0.57 £ 0.19
Transformer ViT 0.70 £ 0.12 053 £ 0.11 053 £0.11 052 +0.11 | 0.69 £0.12 0.52 £ 0.10 0.53 £0.11 0.52 £0.10
EEGConformer | 0.75 + 0.13 0.61 + 0.10 0.69 + 0.13 0.61 + 0.12 | 0.74 + 0.13 0.60 = 0.10 0.68 + 0.13 0.60 + 0.11

“Results in bold indicate best performance per model family.

A. Main findings

1) CNN-based architectures emerged as the most robust
and accurate models: At A 0 ms, ShallowConvNet
achieved the best results, with a mean accuracy of 83%
and Fl-score of 67%, outperforming both recurrent and
transformer-based approaches. EEGNet (accuracy = 78% /
F1 = 64%) and CNNI1D (accuracy = 79% / F1 = 61%) also
achieved competitive results, further validating the strength
of compact convolutional filters for extracting discriminative
spatio-temporal patterns in EEG. Importantly, ShallowCon-
vNet remained the top performer across the examined predic-
tive horizons, achieving an F1-score of 66% at A = 300 ms,

followed closely by EEGNet (62%), TSCeption (62%) and
GRU (62%). The confusion matrices for ShallowConvNet
at A = 0 ms (Fig. 2a) and A = 300 ms (Fig. 3a) clearly
illustrate its stability across classes.

2) Other examined CNNs highlighted trade-offs: Deep-
ConvNet showed the lowest performance (accuracy = 32% /
F1 =24% at A = 300 ms), suggesting over-parameterisation
and overfitting in this application. Meanwhile, tempo-
ral-spectral hybrids such as TSCeption (accuracy = 81% / F1
= 62%) and STNet (accuracy = 61% / F1 = 45%) benefited
from multi-scale filtering, achieving competitive mid-range
results but not surpassing the CNN baselines.
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Fig. 4: Fl-scores across all labelling horizons (A € [0,1000] ms)
for all examined models.

3) Recurrent models demonstrated complementary
strengths: GRU, in particular, achieved results close to the
best CNN at shorter horizons (accuracy = 78% / F1 = 63%
at A = 0 ms; accuracy = 77% / F1 = 62% at A = 300
ms), suggesting that its gating mechanisms effectively
capture short-term temporal dependencies in EEG. However,
recurrent models exhibited greater variability across subjects
and horizons compared to CNNs, likely due to their
sensitivity to temporal noise and subject-specific EEG
dynamics. The GRU’s confusion matrices for A = 0 ms and
for A = 300 ms appear in Fig. 2b and Fig. 3b, respectively.

4) Transformer-based approaches revealed mixed out-
comes: EEGConformer maintained stable performance
across horizons (accuracy = 75% / F1 = 61% at A = 0;
accuracy = 74% / F1 = 60% at A = 300 ms), reflecting the
benefit of combining convolution for local feature extraction
with attention for refinement. In contrast, ViT’s performance
dropped more noticeably at A = 300 ms (accuracy = 69% /
F1 =52%), as it relies only on attention, and attention models
typically require large amounts of data to train well. Fig. 2¢
and Fig. 3c illustrate EEGConformer’s confusion matrices
for A =0 ms and for A = 300 ms, respectively.

5) Across all models, the FI1-vs-prediction-horizon curves
(Fig. 4) confirmed a gradual decline as the prediction
horizon increased: Despite this decrease, ShallowConvNet,
EEGNet, and GRU consistently retained Fl-scores above
60% up to A = 900 ms, indicating their robustness for
anticipatory decoding. This plateau suggests that brain—robot
interfaces can reliably anticipate user actions within a 0.9-
second window, a timescale well aligned with real-time
navigation and control requirements.

B. Further Discussion

Table II summarises performance at A = 0 ms and
A = 300 ms across all 11 models and concisely captures
the aforementioned trends. In particular, CNN-based models
dominate overall accuracy, while the GRU demonstrates rela-
tively stable performance across prediction horizons (Fig. 4),
likely due to its recurrent memory. The transformer baseline
remains consistent yet moderate, as attention models are
data-hungry and better suited to larger datasets. Overall,
the results demonstrate that compact CNNs provide the
best trade-off between performance, robustness and effi-
ciency, outperforming recurrent and transformer models in
anticipatory EEG decoding. The GRU remains a recurrent
benchmark, while EEGConformer highlights the potential
of transformer-based hybrids with larger datasets. Underper-
forming models, such as DeepConvNet and ViT, highlight the
risks of over-complexity and data hunger in limited-sample
EEG contexts. Collectively, these findings establish baselines
and confirm the viability of convolutional EEG decoders for
real-time brain—robot control.

V. CONCLUSIONS

This study presented a real-world benchmark for EEG-
driven intention decoding in brain—robot interfaces, combin-
ing multi-command control on a robotic rover with eval-
uation of 11 DL models. By introducing action-aligned
(A = 0 ms) and predictive labelling horizons (A € [0, 1000]
ms), we showed that compact CNNs, particularly Shal-
lowConvNet, achieved the best performance, while GRU
provided a strong recurrent baseline. The transformer-based
EEGConformer offered consistent performance, whereas ViT
and DeepConvNet underperformed due to data demands
or over-parameterisation. Several models retained F1-scores
above 60% up to A = 900 ms, which confirms anticipatory
EEG decoding’s feasibility. These findings were derived
from multi-session experiments spanning 120 sessions, with
results reflecting session variability and robustness.

Future work will extend this framework to online exper-
iments, cross-session robustness investigation, cross-subject
generalisation, and multimodal fusion. Pre-training and data-
efficient transformer variants may further enhance attention-
based models. Overall, the proposed benchmark establishes
reproducible baselines, clarifies architectural trade-offs, and
provides groundwork for predictive BCI/BCV navigation.

REFERENCES

[1] B. Maiseli, A. T. Abdalla, L. V. Massawe, M. Mbise, K. Mkocha, N. A.
Nassor, M. Ismail, J. Michael, and S. Kimambo, “Brain—computer
interface: trend, challenges, and threats,” Brain informatics, vol. 10,
no. 1, p. 20, 2023.

[2] Y. Lu and L. Bi, “EEG signals-based longitudinal control system for
a brain-controlled vehicle,” IEEE Transactions on Neural Systems and
Rehabilitation Engineering, vol. 27, no. 2, pp. 323-332, 2018.

[3] A. Hekmatmanesh, P. H. J. Nardelli, and H. Handroos, “Review of
the state-of-the-art of brain-controlled vehicles,” IEEE Access, vol. 9,
pp. 110173110 193, 2021.

[4] A. Cruz, G. Pires, A. Lopes, C. Carona, and U. J. Nunes, “A self-paced
BCI with a collaborative controller for highly reliable wheelchair
driving: Experimental tests with physically disabled individuals,” IEEE
Transactions on Human-Machine Systems, vol. 51, no. 2, pp. 109-119,
2021.



[5]

[6]

[7

—

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

Y. Lu, L. Bi, and H. Li, “Model predictive-based shared control
for brain-controlled driving,” IEEE Transactions on Intelligent Trans-
portation Systems, vol. 21, no. 2, pp. 630-640, 2019.

G. Mezzina and D. De Venuto, “Four-wheel vehicle driving by using
a spatio-temporal characterization of the P300 brain potential,” in
2020 AEIT International Conference of Electrical and Electronic
Technologies for Automotive (AEIT AUTOMOTIVE), 2020, pp. 1-6.
X. Liang, Y. Yu, Y. Liu, K. Liu, Y. Liu, and Z. Zhou, “EEG-based
detection of braking intention during simulated driving,” in 2022 China
Automation Congress (CAC), 2022, pp. 4356-4361.

Z. Yao, L. Ding, Y. Liu, and J. Li, “Enhancing emergency braking
intention recognition accuracy based on EEG spatiotemporal activation
mapping,” in 2024 International Symposium on Intelligent Robotics
and Systems (ISoIRS). 1EEE, 2024, pp. 93-97.

N. A. Lutes, V. S. S. Nadendla, and K. Krishnamurthy, “Few-shot
transfer learning for individualized braking intent detection on neuro-
morphic hardware,” Journal of Neural Engineering, vol. 22, no. 1, p.
016041, 2025.

H. Altaheri, G. Muhammad, M. Alsulaiman, S. U. Amin, G. A.
Altuwaijri, W. Abdul, M. A. Bencherif, and M. Faisal, “Deep learning
techniques for classification of electroencephalogram (EEG) motor
imagery (MI) signals: A review,” Neural Computing and Applications,
vol. 35, no. 20, pp. 14681-14722, 2023.

E. Vafaei and M. Hosseini, “Transformers in EEG analysis: A review
of architectures and applications in motor imagery, seizure, and
emotion classification,” Sensors, vol. 25, no. 5, p. 1293, 2025.
OpenBCl, “Gelfree electrode cap guide,”
https://docs.openbci.com/AddOns/Headwear/GelfreeElectrodeCap/
(Accessed 15/9/2025), 2025.

A. Hekmatmanesh, H. M. Azni, H. Wu, M. Afsharchi, M. Li, and
H. Handroos, “Imaginary control of a mobile vehicle using deep
learning algorithm: A brain computer interface study,” IEEE Access,
vol. 10, pp. 20043-20052, 2021.

R. A. Gougeh, T. Y. Rezaii, and A. Farzamnia, “An automatic driver
assistant based on intention detecting using EEG signal,” in National
Technical Seminar on Unmanned System Technology. Springer, 2019,
pp. 617-627.

M. Gui, H. Zhou, Q. Na, O. A. H. Al-Radhi, A. Frisoli, and L. Yang,
“A brain-controlled mobile robot system integrating deep neural
networks and model predictive control,” in 2024 IEEE International
Conference on Robotics and Biomimetics (ROBIO). 1EEE, 2024, pp.
1293-1298.

Y. Liu and H. Jebelli, “Enhanced robotic teleoperation in construction
using a GAN-based physiological signal augmentation framework,” in
Canadian Society of Civil Engineering Annual Conference. Springer,
2021, pp. 295-307.

G. Di Liberto, M. Barsotti, G. Vecchiato, J. Ambeck-Madsen,
M. Del Vecchio, P. Avanzini, and L. Ascari, “Robust anticipation of
continuous steering actions from electroencephalographic data during
simulated driving. sci rep 11: 23383,” 2021.

T.-H. Nguyen and W.-Y. Chung, “Detection of driver braking intention
using EEG signals during simulated driving,” Sensors, vol. 19, no. 13,
p. 2863, 2019.

S. Hoshino, T. Tagami, H. Yagi, and K. Kanda, “Brain-mobility-
interface based on deep learning techniques for classifying EEG
signals into control commands,” in 2021 IEEE/SICE International
Symposium on System Integration (SII). 1EEE, 2021, pp. 150-156.
J. Lian, Y. Guo, X. Qiao, C. Wang, and L. Bi, “A novel asynchronous
brain signals-based driver—vehicle interface for brain-controlled vehi-
cles,” Bioengineering, vol. 10, no. 9, p. 1105, 2023.

L. Zou, H. Zhou, X. Qian, Y. Guo, and J. Guo, “A MI-SSVEP hybrid
brain computer interface system for online control of a mobile vehi-
cle,” in International Conference on Autonomous Unmanned Systems.
Springer, 2023, pp. 140-149.

B. Lucas, “First uruguayan robotic vehicle hackathon controlled by
brain computer interfaces,” in Congreso Argentino de Bioingenieria.
Springer, 2022, pp. 493-499.

W. Chang, W. Meng, G. Yan, B. Zhang, H. Luo, R. Gao, and Z. Yang,
“Driving EEG based multilayer dynamic brain network analysis for
steering process,” Expert Systems with Applications, vol. 207, p.
118121, 2022.

M. Aljalal, S. Ibrahim, R. Djemal, and W. Ko, “Comprehensive
review on brain-controlled mobile robots and robotic arms based on
electroencephalography signals,” Intelligent service robotics, vol. 13,
no. 4, pp. 539-563, 2020.

[25]

[26]

[27]

(28]

[29]

(30]

[31]

[32]

(33]

[34]

[35]

[36]

[37]

(38]

[39]

[40]

[41]

[42]

M. Rashid, N. Sulaiman, M. Mustafa, S. Khatun, B. S. Bari, and
M. J. Hasan, “Recent trends and open challenges in EEG based
brain-computer interface systems,” in InECCE2019: Proceedings of
the 5th International Conference on Electrical, Control & Computer
Engineering. Springer, 2020, pp. 367-378.

K. M. Hossain, M. A. Islam, S. Hossain, A. Nijholt, and M. A. R.
Ahad, “Status of deep learning for EEG-based brain—computer inter-
face applications,” Frontiers in computational neuroscience, vol. 16,
p- 1006763, 2023.

V. J. Lawhern, A. J. Solon, N. R. Waytowich, S. M. Gordon, C. P.
Hung, and B. J. Lance, “EEGNet: a compact convolutional neural
network for EEG-based brain—computer interfaces,” Journal of neural
engineering, vol. 15, no. 5, p. 056013, 2018.

R. T. Schirrmeister, J. T. Springenberg, L. D. J. Fiederer, M. Glasstet-
ter, K. Eggensperger, M. Tangermann, F. Hutter, W. Burgard, and
T. Ball, “Deep learning with convolutional neural networks for EEG
decoding and visualization,” Human brain mapping, vol. 38, no. 11,
pp. 5391-5420, 2017.

Y. Yang, Q. Wu, Y. Fu, and X. Chen, “Continuous convolutional
neural network with 3d input for EEG-based emotion recognition,” in
International conference on neural information processing. Springer,
2018, pp. 433-443.

M. Taghizadeh, F. Vaez, and M. Faezipour, “EEG motor imagery
classification by feature extracted deep 1D-CNN and semi-deep fine-
tuning,” IEEE Access, 2024.

Y. Ding, N. Robinson, S. Zhang, Q. Zeng, and C. Guan, “TSception:
Capturing temporal dynamics and spatial asymmetry from EEG for
emotion recognition,” IEEE Transactions on Affective Computing,
vol. 14, no. 3, pp. 2238-2250, 2022.

Z. Zhang, Y. Liu, and S.-h. Zhong, “GANSER: A self-supervised data
augmentation framework for EEG-based emotion recognition,” /IEEE
Transactions on Affective Computing, vol. 14, no. 3, pp. 2048-2063,
2022.

X. Zhang and L. Yao, Deep learning for EEG-based brain—computer
interfaces: representations, algorithms and applications. World
Scientific, 2021.

Y. Song, Q. Zheng, B. Liu, and X. Gao, “EEG Conformer: Convolu-
tional transformer for EEG decoding and visualization,” IEEE Trans-
actions on Neural Systems and Rehabilitation Engineering, vol. 31,
pp. 710-719, 2022.

A. Dosovitskiy, L. Beyer, A. Kolesnikov, D. Weissenborn, X. Zhai,
T. Unterthiner, M. Dehghani, M. Minderer, G. Heigold, S. Gelly, et al.,
“An image is worth 16x16 words: Transformers for image recognition
at scale,” arXiv preprint arXiv:2010.11929, 2020.

J. Peirce, J. R. Gray, S. Simpson, M. MacAskill, R. Hochenberger,
H. Sogo, E. Kastman, and J. K. Lindelgv, “PsychoPy2: Experiments
in behavior made easy,” Behavior research methods, vol. 51, no. 1,
pp. 195-203, 2019.

L. Chu, J. Fernandez-Vargas, K. Kita, and W. Yu, “Influence of stim-
ulus color on steady state visual evoked potentials,” in International
Conference on Intelligent Autonomous Systems. Springer, 2016, pp.
499-509.

Y. Iyama, J. Hori, and K. Baba, “High-resolution cortical dipole
imaging using EEG data measured with a small number of electrodes
based on the international 10-20 system,” IEEJ Transactions on
Electrical and Electronic Engineering, vol. 20, no. 3, pp. 422-430,
2025.

C. Zeng, Z. Mu, and Q. Wang, “Classifying driving fatigue by using
EEG signals,” Computational intelligence and neuroscience, vol. 2022,
no. 1, p. 1885677, 2022.

M.-H. Lee, O.-Y. Kwon, Y.-J. Kim, H.-K. Kim, Y.-E. Lee,
J. Williamson, S. Fazli, and S.-W. Lee, “EEG dataset and OpenBMI
toolbox for three BCI paradigms: An investigation into BCI illiteracy,”
GigaScience, vol. 8, no. 5, p. giz002, 2019.

N. Bigdely-Shamlo, T. Mullen, C. Kothe, K.-M. Su, and K. A.
Robbins, “The PREP pipeline: standardized preprocessing for large-
scale EEG analysis,” Frontiers in neuroinformatics, vol. 9, p. 16, 2015.
A. Gramfort, M. Luessi, E. Larson, D. A. Engemann, D. Strohmeier,
C. Brodbeck, R. Goj, M. Jas, T. Brooks, L. Parkkonen, et al., “MEG
and EEG data analysis with MNE-Python,” Frontiers in Neuroinfor-
matics, vol. 7, p. 267, 2013.



