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ABSTRACT: Continuous cursor control for non-invasive
brain-computer interfaces (BCIs) has recently received
widespread attention. However, the usability of such
systems for patients with e.g., neuromuscular diseases
remains limited while a selection mechanism is not si-
multaneously provided. We therefore attempt to asyn-
chronously detect and discriminate between continuous
and discrete hand movements to enable intuitive cursor
control and click possibilities for cursor BCIs. Our re-
sults show that discrimination between discrete and con-
tinuous motions is possible with high accuracy and a low
rate of false positive detections. We propose that the in-
troduced method can be applied to non-invasive cursor
control BCIs to add a click functionality to the cursor
movement.

INTRODUCTION

An increasing share of everyday communication occurs
through digital platforms, where effective interaction de-
pends on the ability to move towards and select targets
on a screen. For people with neuromuscular conditions
such as amyotrophic lateral sclerosis (ALS), the ability
for voluntary movement declines, resulting in an incapa-
bility to execute such movements. Brain–computer inter-
faces (BCIs) offer a promising approach to restore com-
puter access under such circumstances. Using invasive
recordings, the control of a computer cursor has been
achieved recently [1, 2] and demonstrated the importance
of such systems for the patient. However, invasive BCIs
require surgery, which may not be feasible for all pa-
tients and requires an extensive preparation period prior
to the implantation. Non-invasive, EEG-based BCIs offer
an alternative for these patients and can be implemented
with substantially less preparation effort [3]. In the non-
invasive field, prior work has demonstrated the success-
ful typing of words using a simple hand-movement-based
click [4, 5] or paradigms such as code-modulated visual
evoked potentials [6].

The detection of discrete hand movements from EEG can
be achieved from low-frequency neural correlates of mo-
tion, so called movement-related cortical potentials (MR-
CPs). MRCPs are changes in the EEG especially over

central motor regions that emerge prior to and during a
movement. They show a gradual, negative shift begin-
ning up to two seconds prior to movement onset, fol-
lowed by a return to baseline [7]. Since the occurrence
of MRCPs is independent of visual cues, these signals
are well suited to detect self-paced motions. Prior work
has demonstrated the successful asynchronous detection
of MRCPs with the help of machine learning methods
such as shrinkage linear discriminant analysis (sLDA) [4,
8, 9] or random forest classifiers [10].

Recent studies have also focused on the continuous con-
trol of computer cursors from non-invasive neural signals.
These studies demonstrated that continuous motion and
direction can be decoded successfully from electroen-
cephalography (EEG) data [11–14]. While some studies
demonstrated successful decoding of continuous move-
ment from low-frequency components [14, 15], other
studies showed high frequencies to encode continuous
movement speed [16, 17].

Specifically, changes in oscillatory components relative
to (continuous) movement occur in mu and beta fre-
quency bands. Such changes in oscillatory components
relative to a specific event have been described as event-
related (de-)synchronization (ERD/S). During movement
planning and execution, oscillatory power in the mu and
beta bands shows event-related desynchronization (ERD)
that persists until the movement ends [18, 19]. At ter-
mination, this desynchronization is followed by a tran-
sient increase in beta synchronization before returning to
baseline, a phenomenon known as post-movement beta
synchronization. Prior studies have also identified this
pattern for continuous hand movements and utilized it to
decode continuous hand movement [20]

Besides recent advances for cursor control BCIs, the
practical use of continuous movement decoding for cur-
sor control remains limited when systems provide only
continuous cursor movement without a reliable selection
mechanism. While dwell-time selection is possible based
on cursor stopping, in everyday usage, dwell-time selec-
tion often slows communication. Based on prior work [4,
8, 16], we therefore investigate the discriminability be-
tween continuous and discrete hand motions to enable si-
multaneous cursor control and selection through clicks.
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Figure 1: Paradigms and hand motion for calibration data col-
lection. (A) Rotational cross used to collect discrete move-
ment data. The overlap of the rotational cross with the static
cross (cue) prompts the participant to execute the specified hand
movement. (B) The hand movement that is executed whenever
the two crosses overlap. (C) Continuous movement paradigm.
The green cursor is controlled by the movement of the index fin-
ger of the participant. The grey cursor prompts the movement
between the white dots (targets).

We aim to achieve a similar rate of true positives and
false positives for the click detection as well as a simi-
lar continuous movement detection accuracy for the com-
bined decoding as for individual tasks. We hypothesize
that a differentiation between discrete, short and continu-
ous motions can be achieved by leveraging different fre-
quency components of the EEG based on the prolonged
ERD/S patterns during continuous movement compared
to the occurrence of low-frequency MRCPs at the move-
ment onset of discrete motions.

MATERIALS AND METHODS

Experimental Paradigm: Five participants (3 male, 2 fe-
male) with a mean age of 29.2± 3.4 years took part in
two consecutive EEG measurements. At the beginning
of each measurement, participants positioned their right
hand on a table with the palm facing downwards.
The first paradigm (adopted from [8, 21]) consisted of a
static fixation cross overlayed by a rotating cross (Fig-
ure 1 A). The rotating cross rotated at different speeds.
Participants were instructed to execute a short hand mo-
tion whenever two crosses overlapped (cue). This mo-
tion consisted of a flexion of the fingers and the thumb
of the right hand as well as the wrist, followed by a re-
turn to the initial resting position (Figure 1 B). The first
paradigm comprised three runs, each of which had a du-
ration of 334s. During each run, participants executed
100 discrete hand motions. The inter-trial interval ranged
between 2.5 and 4.75s.
The second paradigm comprised six runs of ten contin-
uous start-and-stop movements each. A start-and-stop

movement (Figure 1 C) was designed around a fixed
number of targets with black lines between the targets
showing the intended movement pattern. Targets and tra-
jectories together formed the target-trajectory. The tim-
ing of the movement was cued by a grey cursor, while
participants controlled a green cursor that was mapped to
the screen based on a tracked marker on the participants
index finger. Both the grey and the green cursor started
in the middle of the screen. When the grey cursor moved
towards the first target position, participants waited un-
til the grey cursor had reached the first target. The grey
cursor paused its movement at the target and the partici-
pant moved the green cursor along the black line towards
the first target. The grey cursor then continued towards
the next target, during which the participants waited at
the previous position. This procedure was repeated un-
til the grey and green cursor reached the last target, after
which a different target-trajectory was displayed. Partici-
pants started each trial at a fixed starting position and re-
turned to that position as soon as a new target-trajectory
was displayed. The number of targets (three to seven) as
well as their position on the screen was pseudo-randomly
selected, resulting in differing trial durations. However,
the target-trajectories were similar for each participant.
On average, trials had a duration of 30.6± 5.8s. Out of
the duration of one trial, on average 18% were spent ex-
ecuting a continuous movement while the rest was spent
waiting for the next motion.
Prior to the two paradigms, participants executed an eye-
movement paradigm [22] during which they performed
left/right and up/down eye movements. The data col-
lected during this paradigm was used to eliminate eye ar-
tifacts from the EEG.
Data Acquisition and Feature Extraction: We measured
the EEG of participants from 60 electrodes positioned ac-
cording to a standard 10-10 montage. Electrooculogra-
phy (EOG) was recorded from four electrodes positioned
on the outer canthi of the eyes as well as above and below
the left eye. EOG and EEG was recorded using a biosig-
nal amplifier (BrainAmp, Brain Products GmbH, Gilch-
ing, Germany) at a sampling rate of 500 Hz. Participants
were further equipped with a motion capture marker posi-
tioned on the index finger of the right hand. Movements
of the marker were recorded at a rate of 30 Hz using a
custom motion capture system.
EEG and EOG data was first bandpass filtered between
0.3 and 70Hz (Butterworth filter, 4th order). Eye-artifacts
were eliminated using the SGEYESUB algorithm [22]
and EOG channels were subsequently removed from the
data. To extract the movement onset of discrete hand mo-
tions and the start and stop of continuous movements, we
extracted the movement speed of the index finger from
the positions of the motion capture marker. We then ap-
plied a threshold to the speed and aligned the movement
data to the neural data.
Two sets of features were extracted: low-frequency fea-
tures were obtained by lowpass-filtering the EEG to
3.5Hz (Butterworth filter, 4th order) and downsampling
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the data to 10Hz. Broadband-frequency features were
obtained by lowpass-filtering the EEG to 40Hz (But-
terworth filter, 4th order) and downsampling the data to
125Hz.

Discrete Movement Detection (First Paradigm): The de-
tection of discrete movements from the first paradigm
focused on the detection of the movement onset of the
discrete motion as obtained with the motion capture sys-
tem. We attempted to detect movement onsets from win-
dows of low-frequency features using an sLDA. To im-
prove detection performance, we applied a hyperparam-
eter search over the windowlength wl and the additional
detection delay d as described in [4]. For each partici-
pant, we calibrated a model for the detection of move-
ment onsets on the data from the first paradigm. We
selected the optimal windowlength and detection delay
from wl ∈ [0.1;2.0], d ∈ [−min(1.1,wl);0.0] based on
the maximum Matthews correlation coefficient (MCC)
[23] of the validation set. The MCC is a metric for the
evaluation of binary classification and is robust to class-
imbalance, as is often the case in asynchronous BCIs.
Movement onset predictions were regarded as true pos-
itives if they occurred up to −0.2s prior or up to 0.8s
after the actual movement onset. We further applied a
refractory period of 1.0s after each movement onset de-
tection to eliminate accidental multiple detections. For
each model calibrated during the hyperparameter search,
the detection probability threshold p was tuned to allow
for not more than 2.0 false positives per minute (FP/min)
based on the validation set. We selected the highest p for
which this condition was true. The final detection per-
formance was evaluated on the test set by calculating the
MCC, the true positive rate (TPR) and FP/min. To ob-
tain a higher confidence on the test set performance, we
applied a three fold cross-validation procedure. Specif-
ically, we generated three folds of the same size where
each fold was treated as training, validation or test set
exactly once. The same three-fold cross-validation pro-
cedure was also applied to all subsequent models.

Continuous Movement Decoding (Second Paradigm):
We decoded continuous movement from windows of the
broadband-frequency features of the data from the second
paradigm. The ground truth of the continuous movement
was obtained from the movement speed of the right hand
measured with the motion capture system. For this, we
employed a CNN-LSTM neural network. The architec-
ture of the CNN was based on the EEGNet architecture
[24], which has been designed to extract relevant fre-
quency bands and has been shown to enable speed de-
coding for continuous movements [16]. The inclusion
of an LSTM has been shown to increase performance
in EEG-based continuous movement tasks [25]. Sim-
ilar to the discrete movement detection, we applied a
three-fold cross validation procedure and hyperparame-
ter search over the windowlength wl , the additional de-
tection delay d and the detection threshold p. We cali-
brated a model for each participant on the data from the
second paradigm and selected the optimal hperaparame-

ters based on the MCC of the validation set. The final
performance was evaluated on the test set by calculating
the MCC, the TPR and the false positive rate (FPR). In
contrast to the discrete movement detection, we did not
apply a refractory period.
Combined Discrete and Continuous Movement Decod-
ing: The detection of discrete and the decoding of contin-
uous movements was achieved by applying the described
procedures for both models to the data of both paradigms.
Specifically, we applied each the discrete detection and
continuous decoding on the separate datasets from the
first and second paradigm. For the discrete movement
detection, the labels of the continuous movement in the
dataset from the second paradigm were eliminated. For
the continuous movement decoding, the labels of the dis-
crete motions in the dataset from the first paradigm were
eliminated. For the combined continuous and discrete
models, the complete three-fold cross-validation proce-
dure and hyperparameter search was repeated for both
models on the combined datasets and each participant.
We finally applied the optimal models to the same test
sets and evaluated the performance of the combined pre-
dictions. In addition to the refractory period of the dis-
crete detection, we also applied a refractory period to the
continuous movement decoding after each discrete move-
ment onset detection. Specifically, we inhibited any con-
tinuous movement detection through a refractory period
of 3.0s after the detection of a discrete movement onset.
We compared the performance of the discrete movement
detection on the data from the first paradigm with the per-
formance on the combined data and similar for the con-
tinuous movement decoding. Additionally, we evaluated
the rate of FP/min and the MCC, TPR and FPR of the
combined decoding approach solely on the parts of the
data corresponding to the first and second paradigm, so
that we were able to directly compare the performance.

RESULTS

When calibrating models for the discrete movement de-
tection on the data from the first paradigm and evaluating
the model on data from the first paradigm (discrete move-
ment - single decoding), we achieved an average TPR
of the discrete movement detection of 49.09± 20.55%
(mean ± standard deviation) with an average rate of
FP/min of 2.83±0.48. The mean MCC was 0.58±0.18.
For the continuous movement decoding calibrated and
evaluated only on data from the second paradigm (con-
tinuous movement - single decoding), the average MCC
was 0.59 ± 0.10. With the combined approach, mod-
els for the discrete movement detection that were cali-
brated and evaluated on the data from both paradigms
(discrete movement - combined decoding) achieved an
average TPR of 48.03± 21.32% (−1.06% compared to
discrete movement - single decoding) with an average rate
of FP/min of 1.92 ± 0.63 (−0.91 compared to discrete
movement - single decoding) and an MCC of 0.53±0.21
(−0.05 compared to discrete movement - single decod-
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Figure 2: (A) Executed (black) and decoded (blue: discrete, green: continuous) discrete and continuous movement patterns. The upper
graph shows parts of the data from the first paradigm with movement detections based on the optimal model calibrated only on the data
from the first paradigm (discrete movement - single decoding). The second graph shows parts of the data from the second paradigm
with continuous movements decoded based on the optimal model calibrated only on the data from the second paradigm (continuous
movement - single decoding). The third and fourth graphs show the combined decoding output from the discrete and continuous models.
Output from the discrete movement detection model is shown in the upper graph together with the executed motions while output from
the continuous model is shown in the lower graph together with the executed movements. False positives (red), true positives (green)
and false negatives (yellow) are shown for the discrete movement detection as dots. (B) MCCs for the different models (discrete
and continuous) calibrated on the single or combined data and evaluated on the different paradigms. Black dots indicate values for
individual participants. (C) Rate of FP/min for the discrete model calibrated and evaluated on the different paradigms. (D) TPR of the
discrete and continuous model calibrated and evaluated on the different paradigms. (E) FPR of the continuous model calibrated and
evaluated on the different paradigms.

ing). When evaluating these models only on the data from
the first paradigm (discrete movement - combined decod-
ing - paradigm I), we achieved an average rate of FP/min
of 2.68 ± 0.65 (−0.15 compared to discrete movement
- single decoding) and an MCC of 0.57± 0.19 (−0.01
compared to discrete movement - single decoding). The
rate of FP/min of the discrete movement - combined de-
coding - paradigm II was on average 1.43±0.66.

For the continuous movement decoding, models that
were calibrated and evaluated on the data from both
paradigms (continuous movement - combined decoding)

achieved an average MCC of 0.53± 0.11. When evalu-
ating these models only on the data from paradigm two
(continuous movement - combined decoding - paradigm
II), we achieved an average MCC of 0.53±0.10 (−0.06
compared to continuous movement - single decoding).

For the continuous movement - single decoding model,
the TPR, ie. the rate of actual movement that was iden-
tified as movement, was 69.43± 8.88%, while the FPR,
i.e. the rate of rest that was falsely identified as move-
ment, was 8.77 ± 2.75%. For the continuous move-
ment - combined decoding - paradigm I, the FPR was
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3.13±2.05%. For the continuous movement - combined
decoding - paradigm II, the TPR was 55.45 ± 8.11%
(−13.98% compared to continuous movement - single
decoding) while the FPR was 6.28 ± 2.18% (−2.49%
compared to continuous movement - single decoding).
Figure 2 A shows parts of the paradigms and decoding
results for one participant. The first two graphs show the
detected discrete motions (blue) and the executed move-
ments (black) for the first paradigm (discrete movement -
single decoding) and the detected continuous movements
(green) and executed movements (black) for the second
paradigm (continuous movement - single decoding). The
lower graphs show the decoding results of the combined
decoding approach split into the detected discrete move-
ments during both paradigms (discrete movement - com-
bined decoding) and the detected continuous movements
during both paradigms (continuous movement - combined
decoding). The reported results for the different models
and evaluation modes are shown in Figure 2 B for the
MCC, Figure 2 C for the rate of FP/min, Figure 2 D for
the TPR and Figure 2 E for the FPR.

DISCUSSION

The simultaneous detection of discrete and continuous
hand movements for the utilization in cursor BCIs is of
great relevance for the usability of cursor BCIs in motor-
impaired patients. The current study shows that the asyn-
chronous detection and differentiation of continuous and
discrete movement is possible with only slight decreases
of the performance compared to detecting only discrete
or continuous movement.
Specifically, the TPR of the discrete movement onset de-
tection was reduced minimally in the combined decoding
approach. Similarly, the MCC was reduced only slightly
for the discrete detection of movement. However, there
was a substantial decrease in detected false positives per
minute when evaluating both paradigms together, which
was largely driven by a low rate of false positives during
the second paradigm. This indicates that the model rarely
detected any discrete motions during continuous move-
ments.
The decoding of continuous movement demonstrated
a higher reduction in the MCC. Specifically, the TPR
dropped by nearly 14% when training the model on data
from both paradigms. Simultaneously, the FPR also de-
creased. The occurrence of falsely decoded continuous
movement was especially low during the first paradigm,
indicating that discrete motions were rarely mistaken as
continuous movements.
Overall, the detection performances of both the discrete
and continuous model were only slightly reduced when
trained and evaluated on data from both paradigms com-
pared to the single paradigms. False detection rates
remained sufficiently low in the corresponding origi-
nal paradigms and were even reduced during the other
paradigm, i.e., the rate of false positive detections of dis-
crete motions in the second paradigm was even lower

than that in the first paradigm and similar for the con-
tinuous decoding.
Prior studies have shown that the rate of false positives
that was achieved during the discrete motion detection
is suitable for spelling five-letter words in a row-column
scanner [4]. Thus, we assume that the false positive rates
would not hinder the participant during the application of
the cursor BCI. Further, the introduced refractory periods
of 1s for discrete movements and 3s of inhibited contin-
uous movement after a detected discrete movement are
sufficiently low to allow for high-performance control of
computers.

CONCLUSION

The presented results demonstrate that the asynchronous
detection of continuous hand movement and discrete
hand motions can be achieved simultaneously with suffi-
cient differentiation between the actions. The low rates
of false positive detections of discrete motions during
continuous movement and vice versa demonstrates the
feasibility of the proposed method. Thus, the proposed
method could be utilized in a cursor control BCI to move
the cursor and make selections on a screen without need-
ing to hover over the target. We believe that these results
are an important step towards a fully functional cursor
control BCI that can be applied in patients with neuro-
muscular conditions.
Limitations of the current study mainly concern the sam-
ple size of participants and the separated data collection.
Since data for the discrete movements was collected sep-
arately from the continuous movements, it is not certain
that the decoder performances can be transferred to real-
world scenarios. Future work should therefore focus on
a paradigm which combines continuous movement and
clicks. Further, the online application of the method was
not evaluated. This is an important step to identify further
issues and test whether the method is suited for an online
BCI for patients and will be pursued in future work.
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