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ABSTRACT: Brain-computer interfaces based on Elec-
troEncephaloGraphy (EEG) often represent efficiently
brain signals as covariance matrices and leverage Rie-
mannian geometry for classification of mental states.
However, current approaches typically require multiple
classes for training. In many applications such as in-
traoperative monitoring of consciousness during anesthe-
sia, only data from one class, such as the awake state,
may be available, requiring one-class classification meth-
ods. We propose a novel Riemannian one-class classifier
called the One-Class Wrapped Gaussian. Unlike exist-
ing methods that rely solely on the Riemannian mean,
our approach incorporates second-order statistical infor-
mation by using an anisotropic Gaussian-like distribution
on the manifold of covariance matrices. We validated our
method on EEG data from 19 patients undergoing gen-
eral anesthesia. Results show that our classifier signifi-
cantly outperforms state-of-the-art one-class methods for
distinguishing between awake and anesthetized states, for
clinically relevant electrode numbers. We further demon-
strate the robustness of our approach by testing configura-
tions with reduced electrode numbers, confirming its fea-
sibility for real-world surgical settings where electrode
placement is constrained.

INTRODUCTION

Current Brain-Computer Interfaces (BCIs) based on
ElectroEncephaloGraphy (EEG) typically rely on a
subject-specific calibration, due to the non-stationarity
nature of EEG signals and the large inter-subject variabil-
ity [1]]. Supervised training is generally required to dis-
criminate between mental states, which implies the avail-
ability of labeled data for each class. In many real world
applications, however, this requirement may be difficult
or even impossible to satisfy. In particular, clinical mon-
itoring scenarios often only allow access to data from a
single reference condition, while the alternative cannot
be labeled in advance. For instance, to monitor the tran-
sition between two states of general anesthesia, awake

One-Class MDM

One-Class WG

Figure 1: Illustration of the two compared algorithms: One-
Class MDM (left) and One-Class WG (right). While One-Class
MDM estimates only the Riemannian mean 3y of the training
covariance matrices X, Xo, X3,..., One-Class WG also estimates
a dispersion matrix in the tangent space Iy, Py.

or under anesthesia, a classifier would require data from
both states. However, before surgery, data can only be
obtained from an awake patient. This constraint moti-
vates the use of one-class classification strategies [2} 3],
in which a model is trained exclusively on examples from
a target class and detects deviations from this reference.
While Riemannian geometry-based methods, relying on
covariance matrices, have become a standard framework
for EEG decoding in BClIs [4]], existing approaches usu-
ally rely on two-class (or more) training.

Among Riemannian algorithms, the Minimum Distance
to the Riemannian Mean (MDM) classifier [5]] has been
adapted to a one-class framework as a baseline method
[6], where the target class is modeled by its geomet-
ric centroid. Although simple and efficient, this ap-
proach implicitly assumes that covariance matrices are
equally distributed in all directions, i.e., that they follow
an isotropic distribution [7]]. As a result, it cannot explic-
itly model any anisotropic dispersion of data on the Rie-
mannian manifold of symmetric positive definite (SPD)
matrices.

In this work, we introduce a novel one-class classifier
based on the Wrapped Gaussian distribution defined on
the Riemannian manifold of SPD matrices. The proposed
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Figure 2: Electrode layouts tested compared to the full 64 elec-
trodes montage.

method provides an explicit -and anisotropic- probabilis-
tic description of the target class preserving the intrinsic
geometry of covariance matrices. We evaluate the pro-
posed approach in an EEG-based BCI designed to detect
motor cortical activity [8]. Specifically, the motor pat-
tern elicited by median nerve stimulation (MNS) is ana-
lyzed, as discriminating between MNS alone and MNS
combined with motor intention (MI) has been shown to
be more effective than distinguishing MI from rest [9]].
The objective is to differentiate EEG responses recorded
in awake subjects from those observed under altered brain
dynamics induced by general anesthesia. Ultimately, this
framework aims to contribute to the detection of intraop-
erative awareness by identifying potential motor intention
from the anesthetized patient. This setting naturally de-
fines a one-class learning problem, as only the reference
condition can be collected before the surgery (here EEG
during the awake state) for subject-specific calibration,
while the alternative condition (here subject-specific EEG
during anesthesia) is not accessible beforehand. Beyond
this specific use case, the proposed method could be rel-
evant for a broader range of BCI applications involving
reference-only training, such as passive BClIs, vigilance
monitoring, or brain-state change detection [3].

MATERIALS AND METHODS

Data description: Protocol: This study was con-
ducted at the hospital of Brugmann in Belgium, approved
by its ethical committee (CE 2021/225), and registered
at EUDRACT (2021-006457-56) and ClinicalTrials.gov
(NCTO05272202) [8]]. A total of 28 subjects scheduled
for surgery under general anesthesia were initially en-
rolled. Four subjects (1, 2, 5 and 28) were excluded either
due to technical or logistical reasons beyond our control.
Five additional subjects (9, 10, 11, 15 and 25) were ex-
cluded to ensure dataset homogeneity in terms of stimu-
lation side and anesthesia protocol. The final cohort con-
sists of 19 subjects (10 females, 47.47 4 12.51 years old).
Loss of consciousness was induced using propofol, while
the rest of the anesthesia protocol was determined by the
attending anesthesiologist. Ketamine was not adminis-
tered. The target propofol concentrations were recorded
simultaneously with the EEG signals. Neuromuscular
blocking agents (Rocuronium) were administered when
clinically required (13 patients: 4, 6, 7, 8, 12, 13, 16, 17,
18, 22, 23, 24 and 26).

EEG acquisition and MNS: MNS consisted of 0.2 ms
square electrical pulses, generated by the Micromed SD
Ltm Stim Energy stimulator, and delivered to the left

wrist through a pair of grass gold cup electrodes. Stimu-
lation intensity was individually adjusted to elicit a visi-
ble thumb twitch [10]] and remained below 15 mA. EEG
signals were recorded with a 64-channel ANT Neuro cap,
and the eego mylab system at a sampling rate of 4096 Hz
to preserve high-frequency content for future somatosen-
sory evoked potential analyses. In this study, EEG sig-
nals were downsampled to 128 Hz and band-pass filtered
(8-30 Hz). Artifacts were then visually rejected using
EEGLABJ11] (28 4 37 rejected epochs), and the data
were epoched into 750 ms windows (250-1000 ms af-
ter MNS). Several electrode montages were selected (see
Fig. EI), as current anesthesia monitors use frontal elec-
trodes to detect changes in consciousness associated with
general anesthesia [12], whereas, given that this is a mo-
tor task evoked by stimulation of the median nerve, the
electrodes located in the motor cortex are also of interest.

Recording sessions and training setup: Each run had
150 MNS with a 3-4 s inter-stimulus interval across two
sessions. In the preoperative session, at least one run was
acquired with the awake patient, yielding 94-499 MNS
trials per subject. During the intraoperative session, sev-
eral EEG runs were recorded, the number of runs depend-
ing on the surgery duration, resulting in 415-2390 MNS
trials in the anesthetized condition. One-class classifiers
were trained on the first 65 preoperative trials, the awake
class, and evaluated on the remaining preoperative tri-
als (awake test class) and on the entire intraoperative set
(anesthetized test class), resulting in 444-2472 test tri-
als per subject. Classifications were performed using the
MNE [[13]], Scikit-learn [14] and pyRiemann [15] pack-
ages in Python 3.1

Riemannian tools used in BCI: In this paper, we rep-
resent an EEG trial X by its covariance matrix ¥ € R¢*¢
where d is the number of EEG electrodes used. This co-
variance matrix contains information on the link between
the different electrodes. Its underlying specific mathe-
matical structure is a SPD matrix. Using the Rieman-
nian geometry of the set &, of SPD matrices has lead to
state-of-the-art classifiers in EEG based BCIs [4]. Given
an EEG trial X, one can compute its covariance matrix
Y= %XX T, where ¢ is the number of sampled time
points in each trial. In this paper, we rely on the Affine-
Invariant Riemannian geometry |[16] on &;. This geom-
etry induces a distance between two covariance matrices
¥ and X, defined as follows:

S(Z1,%) = [[log(=; 2522, ) I,

where log denotes the matrix logarithm and || - || the
Frobenius norm. The tangent space Ty &?; is a linear
approximation of the curved space &2, at ¥ and can be
identified with the flat space of d x d symmetric matri-
ces .y, and thus, is of dimension d(d + 1)/2. To move
between &; and Ty &?;, we use the Riemannian expo-
nential Expy and its inverse, the logarithm map, defined

'Find the code at https://github.com/valeriemarissens/
one_class_wrapped_gaussian
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forX1,X € Zyand U € Ty, Py as:

1/2 —1/2,0—1/2\1/2
ExpEI(U):Zl/ exp(Z, /UZ‘,1 /)Zl/,

(1)
Logy, (£2) = £ *log(%; /75,5, /7)E)2.

Finally, the Riemannian mean of N covariance matrices

Y,...,Xy is the unique minimizer S of
. N
Ly =argmin )" 53(Z,%)). )
XeZ; i=1

It can be computed using a Riemannian gradient descent.

Wrapped Gaussian on &;: Let us now define a prob-
ability distribution on the manifold &?; of SPD matri-
ces. This distribution is a version of a multivariate Gaus-
sian defined directly on &?,. For this, we need to de-
fine the vectorization Vecty(U) at £ € £2; of a symmet-
ric matrix U, that is, taking the upper triangular portion
of £~12UL~1/2, with off-diagonal elements scaled by
/2, forming a vector in R4(¢*+1)/2_One can also consider
the inverse operation, Unvecty(¢), that takes a vector ¢ €
RAd+1)/ 2 and creates a symmetric matrix. Let X € &,
and S be a SPD matrix of size d(d +1)/2 x d(d+1)/2,
then we say that the random variable X on %, follows a
wrapped Gaussian, denoted WG(X, S) if

X = Expy(Unvects(t)), ¢~ A4(0,S).

The idea is to linearize the curved space &2, at the point
¥ using the tangent space Tz %, and to draw the Gaussian
distribution .#7(0,S) on this flat space. Then, to respect
the natural curvature of &2, the Expy wraps this flat dis-
tribution back onto the manifold. The parameter X is the
center of the distribution and S is the dispersion matrix in
the tangent space Ty %?;. This wrapped Gaussian distri-
bution has been studied in depth in [17]] and several learn-
ing algorithms were derived in [18]]. One can compute
the density of this distribution in a closed form, which
we omit here (see Theorem 4.2 of [17]). Given a sample
(X4,...,Zn) of SPD matrices following a wrapped Gaus-
sian WG(Z,S), one can estimate X using the Riemannian
mean Ly (see Equation [2) and estimate S as follows:

A -
Sy = ¥ ;VLog;:N (i) VLogg (%),

where VLogg (X;) = Vecty (Logs (X:)). These estima-
tors are the maximum likelihood estimators.

One-Class Riemannian classifiers: We consider two
types of one-class Riemannian classifiers. They are illus-
trated at Figure T]

One-Class MDM: The first one-class classifier that we
consider in this study is based on the Minimum Distance
to the Mean (MDM) classifier introduced in [5]]. We call
this one-class classifier the One-Class MDM [6]]. Given a
training dataset X1,...Xy of N covariance matrices of the
class awake, the One-Class MDM computes their Rie-
mannian mean 3y using equation [2| Then, given a new

covariance matrix ¥, it computes the Riemannian dis-
tance Sg(Z,Ly) between £ and £y and classifies £ as
awake if 8g(E,£y) < € and anesthetized otherwise,
where € is a threshold. In the experiments, the thresh-
old € was set to the median of the distances of the train-
ing data to Sy plus three times the standard deviation
(same threshold as the Riemannian potato outlier detec-
tion method [19]]).

One-Class WG (proposed): Now we introduce a novel
one-class classifier, called One-Class WG, based on
the Wrapped Gaussian distribution introduced in section
Wrapped Gaussian on &, which does not rely solely on
the Riemannian mean of the training data. Given train-
ing covariance matrices X1,...,Xy of N from the awake
class, our classifier estimates the parameters X and S
of the wrapped Gaussian WG(X,S) using the estimators
)iN and S’N. For a new covariance matrix ¥, the log-
likelihood of £ under WG(2y,Sy) is computed and the
trial is classified as awake if it exceeds a given threshold
€ and anesthetized otherwise. In the experiments, the
threshold € was set to 95% of the training log-likelihoods.
Notably, if the dispersion matrix is constrained to S = a,
the classification becomes equivalent to a distance-based
classifier. Thus, One-Class MDM is a particular isotropic
case of the proposed One-Class WG model [18]].

RESULTS

Main results: Let us start by comparing the mean bal-
anced accuracy across all subjects of both classifiers One-
Class MDM and One-Class WG on the data described
in section Materials and Methods. The choice of this
metric was driven by the highly asymmetric class im-
balance. One-Class MDM achieved 78.67% =+ 15.93,
whereas One-Class WG reached 83.88% =+ 11.69 (see
Fig. 3a). A two-sided paired t-test confirmed that One-
Class WG significantly outperformed One-Class MDM
(p =0.0118). Fig. [3b| shows the accuracy of both clas-
sifiers for each subject, and for 13 subjects out of the 19,
One-Class WG substantially improves the performances.
These results were obtained when considering only five
electrodes (Fig. @) and for the One-Class WG, the esti-
mated dispersion matrix Sy is only diagonal. We con-
ducted an ablation study on the number of electrodes,
on whether S’N should be diagonal, and on the choice of
the log-likelihood threshold. Although performance var-
ied only moderately across € € {0.85,0.90,0.95,0.99},
significant differences between One-Class WG and One-
Class MDM were obtained only at € = 0.95.

Influence of the number of electrodes: We studied five
different setups with an increasing number of electrodes
(see Fig. [2). The results for the different setups, as well as
the significance level of the two-sided paired t-test, with a
Benjamini-Hochberg correction, between One-Class WG
and One-Class MDM are given in Figure 4l One can see
that, for the proposed One-Class WG, the best number of
electrodes is 5, while for the One-Class MDM, the best
number of electrodes is 11. With more electrodes, One-
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shows that One-Class WG significantly outperforms
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Figure 3: Balanced test accuracy of the two one-class classifiers (One-Class WG vs One-Class MDM) on the dataset. This is done on
five electrodes (C3, C4, Cz, FC4 and FC3) and for the One-Class WG, the estimated X is only diagonal.
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Figure 4: Mean test balanced accuracy of One-Class (OC)
classifiers across different electrode setups. Statistical signifi-
cance was assessed using a two-sided paired t-test (*p < 0.05,
**p < 0.01, #*p < 0.001).

Class MDM outperforms our proposed method.
Influence of the type of the estimated Sy: We also

studied whether or not we should constrain the es-

timated dispersion matrix Sy to be diagonal: Sy =

. 2 2 . ..
diag (SN71,...,SN7d(d+1)/2). This parameterization re-

duces the number of parameters to estimate from d(d +
1)/2 xd(d+1)/2 to simply d(d + 1)/2. The co-
efficients §12v ; are then simply the variances of the
(Vectg, (Logg (X)) This leads to two variants of the
proposed One-Class WG: with a full dispersion matrix
Sy and with a diagonal one. The results of these two
classifiers using the different montages are also in figure
One can see that, as soon as the number of electrodes
is at least 5, the performances of the One-Class WG with

a diagonal S'N are much better than the one with a full S’N.

DISCUSSION

Overall, the proposed One-Class WG improved discrim-
ination between awake and anesthetized conditions
compared to the One-Class MDM, with reduced electrode
montages, despite the variability of a real clinical setting.
The following discussion examines these results in terms
of continuous behavior of model scores across anesthetic
depth, robustness to clinical variability, influence of mon-
tage, and the role of anisotropic dispersion modeling.
Continuous validation of one-class model scores
through different levels of anesthetic depth:
To further understand model behaviors, we analyze the
temporal evolution of their respective decision scores in
relation to propofol concentration (see Fig. [5). Rather
than focusing only on binary classification accuracy, this
analysis allows us to evaluate how each model responds
continuously to changes in anesthetic depth. One-Class
WG score corresponds to the log-likelihood of each me-
dian nerve stimulation-evoked covariance matrix under
the Wrapped Gaussian distribution. One-Class MDM
score is the Riemannian distance to the awake centroid.
Propofol concentration is displayed in the background to
assess consistency with anesthetic depth. Both training
(first 65 awake trials) and test data are displayed.
For subject 4 (94% One-Class WG, 99% One-Class
MDM), both models clearly separate awake and
anesthetized trials, with scores progressively diverg-
ing from the awake reference as propofol increases. The
slightly lower One-Class WG accuracy may reflect a con-
servative decision threshold, rather than a failure of the
underlying distributional modeling.
In contrast, subject 24 exhibits the largest discrepancy
(74% One-Class WG vs. 51% One-Class MDM). While
both models deviate from the awake reference beyond
4-5 pug/mL, One-Class WG yields a more consistent sep-
aration. One possible explanation lies in the EEG dy-
namics at high propofol concentrations, often associated
with burst suppression patterns which are composed of
periods of isoelectric activity and high-amplitude bursts
[20]. Such dynamics induce strong variability in covari-
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Figure 5: Evolution of one-class model scores over time, for two representative subjects: subject 4 (One-Class WG: 94%, One-Class
MDM: 99%) and subject 24 (One-Class WG: 74%, One-Class MDM: 51%). These examples illustrate the inter-subject variability

observed across the dataset.

ance structures. Because One-Class MDM relies solely
on distance to a centroid, it does not explicitly model
dispersion, whereas One-Class WG models not only the
centroid but also the variability of the awake distribu-
tion through the dispersion matrix, yet covariance ma-
trices corresponding to burst activity may not be uni-
formly distant from the awake centroid. Future analy-
ses could quantify burst suppression via burst suppres-
sion ratio [[12] and relate it to one-class model scores, or
use Riemannian visualization techniques [21]] to enable
a geometric interpretation of how deep anesthesia shifts
the data distribution relative to the awake reference. Fur-
ther work will improve robustness in subjects exhibiting
lower classification performance.

Robustness in the clinical anesthesia setting: An im-
portant aspect of the proposed approach is its robustness
to variability. Unlike controlled laboratory BCI datasets,
these data were acquired in a real surgical environment,
introducing multiple sources of variability, including op-
erating room noise, patient positioning affecting EEG
stability, heterogeneous anesthesia protocols, and inter-
subject differences. Despite this variability, One-Class
WG outperformed One-Class MDM, suggesting that ex-
plicitly modeling dispersion of the reference class may
improve robustness compared to centroid-based methods.

Effect of the montage: EEG was recorded with 64
channels, which leads to 64 x 64 covariance matrices.
With One-Class WG, the estimated dispersion matrix §N
will be of dimension 2,080 x 2,080 (indeed, 64 x (64 +
1)/2 = 2,080). The small number of training data (65
trials) and their short duration of 750 ms is not sufficient
to correctly estimate SN (see Section 5 of ). This is
why we tried different montages with a lower number of
electrodes. Moreover, in a real-life surgical setting, sim-
pler setups are preferred. As shown in our results, the

proposed method works best with 3-5 electrodes, improv-
ing mean accuracy across all subjects by up to 5% over
One-Class MDM. The best results are achieved with One-
Class WG using only 5 electrodes and a diagonal Sy.
Isotropy vs anisotropy: Let us now make an hypoth-
esis to explain why the proposed One-Class WG per-
forms better than One-Class MDM. One-Class MDM es-
timates only the mean of the training covariance ma-
trices and therefore relies only on first order informa-
tion. One-Class WG, estimates also a dispersion ma-
trix, gathering second order information. The estimated
dispersion matrix Sy captures the spread of the point
cloud and may exhibit preferred directions, reflecting the
anisotropic structure of the data rather than an isotropic
one. This anisotropic behavior of the point cloud cannot
be captured by the One-Class MDM, as it focuses only on
first order information. To quantify this effect, we looked
at the variance of the diagonal elements of Sy in the 5-
electrodes setup and when Sy is only diagonal (where
One-Class WG performs the best). Large variance across
diagonal coefficients suggest an anisotropic point cloud,
whereas similar diagonal coefficients indicate isotropy.
Let us write the matrix Sy = diag(sA}va,...,§12v~d(d+1)/2),
then, we compute the variance of the diagonal coeffi-
cients (Sy has d(d + 1)/2 diagonal coefficients), yield-
ing one variance per subject. Subjects are then parti-
tioned according to whether One-Class WG or One-Class
MDM achieved higher accuracy, and we compute the
mean variance within each group. Across all subjects,
the group in which One-Class WG performs best has a
mean variance of 3.021 x 1072, about 16 times larger
than that of the group in which One-Class MDM per-
forms best (1.891 x 1073). This suggests that One-Class
WG tends to perform better when the point cloud is more
anisotropic. Although this difference is partly driven by



a single outlier with unusually high variance, removing it
still leaves the mean variance of the One-Class WG group
2.8 times larger. Statistical tests were not conducted due
to the small number of subjects (6) in the latter group.

Perspectives: Several directions may extend this work.
First, the clear separation between awake and anes-
thetized scores observed in Fig. [5] suggests that Rieman-
nian change-point detection algorithms [22] could exploit
the temporal structure of the data instead of treating trials
independently. Second, the interpretability of Rieman-
nian models could be assessed [23] as it remains a key
aspect for clinical adoption. Future work will also in-
clude validation on additional EEG datasets, and exten-
sion to multimodal one-class models. Although no com-
parison with standard depth-of-anesthesia monitors was
performed in the present study, such analyses are cur-
rently underway using a newly acquired dataset.

CONCLUSION

A new probabilistic one-class Riemannian classifier
based on Wrapped Gaussians, One-Class WG, was intro-
duced and evaluated in a BCI to detect anesthetic states.
The proposed approach significantly outperformed the
baseline One-Class MDM with a clinically-relevant num-
ber of EEG sensors, with a lower inter-subject variability,
highlighting the importance of modeling the dispersion
on the Riemannian manifold rather than relying solely on
distance to a centroid. Notably, an optimal performance
was achieved with fewer electrodes, making the approach
particularly suitable for a practical BCI deployment in
surgical environments. In summary, the proposed model
offers a solution for one-class Riemannian BCI applica-
tions beyond the present anesthetic setting.
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