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Abstract
Nowadays best Brain Computer Interface (BCI) methods are
based on invasive recording of electrical brain activity. Scalp
electrodes methods are not as accurate. This is partially due
to the filtering of the signal by the skull and to the distance
to the sources. Surprisingly methods for solving the EEG in-
verse problem have seldom been used to overcome these lim-
itations. Inverse problem methods estimate the brain activity
from the scalp potentials. In this paper we study the applica-
tion of inverse problem methods to the BCI. A minimum norm
method and four weighted minimum norm approches based on
four a priori informations were tested. Results were obtained by
first processing the data with an inverse solution method. Then
the data were classified by measuring the activation in prese-
lected brain areas. The results were compared among priors,
with scalp potential results and with best BCI methods. Scalp
potential results were improved by more than 10%. Moreover
results were equivalent to the one of the best BCI methods. The
best prior obtained 86% of good classification. Finally these
methods could be used in real time without increasing the com-
putation time.

1. Introduction
A BCI [1] is a communication system which enables the brain
to send messages to the external world without using traditional
pathways as nerve or muscle. A BCI can help paralysed hu-
mans to communicate or to execute basic tasks. Recent works
have shown the possibility to control a two dimensional move-
ment [2], to compose a phone number [3] or to spell words [4].
BCI are either invasive with direct neuronal recording or based
on functional imaging techniques. Among all such techniques,
Electroencephalography (EEG), the oldest one, has a unique
temporal resolution only equaled by magnetoencephalography.
Its temporal resolution joint to its usability and its noninvasive-
ness make of the EEG the first choice for BCI research. How-
ever EEG based methods are outperformed by methods based
on intracranial recording of neuronal activity. The latter meth-
ods do not suffer of the weak EEG spatial resolution. A weak-
ness due to the relatively small number of spatial measurements,
the distance to sources and the smearing of the signal by the
skull. Nevertheless intracranial methods suffer from their inva-
siveness. They have yet mostly been tested on animals [5, 6] for
evident ethical reasons. A solution to these problems could be
to use EEG inverse problem methods to process the data. It will
enable to approximate neural recording without the invasive-
ness. Indeed, the EEG inverse problem methods approximate
the brain activity from the scalp potentials.

In the present paper we propose to test the suitness of in-
verse problem methods for BCI application. First results with
methods like dipole tracing [7, 8], weighted minimum norm [7]

and Electra [9] have recently been presented. Electra [9] is
tested on two subjects and the results compared with scalp po-
tential results. Error rate decreases from 10.5 to 4.9% for one
subject and from 11.6 to 3.7% for the other. Both dipole tracing
and weighted minimum norm show a classification rate of about
80%. However they use a wide set of methods to pre-process
the data and do not compare obtained results to scalp potential
results. In the present paper minimum norm and weighted min-
imum norm approaches were tested with four kind of priors, i.e.
information added to the problem to get a unique solution. No
other technique were used to pre-process the data and results
of the inverse solution were classified based on their activated
brain area. The results were compared on one hand with scalp
potential results and on the other hand with other BCI methods
tested on the same data.

Results from the different inverse solutions were compared
to each other. The four priors tested were: identity, laplacian,
location and temporal prior. The location prior was based on the
brain area activated by the subject task. Laplacian and temporal
priors smoothed the resulting solution either spatially or tempo-
rally. Furthermore the influence of the accuracy of the activity
location on the classifier and the location prior was tested.

The proposed methods were tested on the dataset IV of the
BCI competition 2003 [10]. The best submission [11] to the
competition has a good classification rate of 84% on the test set
and 93% on the training set. The method is based on Fisher
discriminant analysis and common spatial subspace decompo-
sition. Extracted features are classified with a perceptron neu-
ral network. A separate study [12] including also this dataset
but with standard parameters established for a larger group of
subjects obtains a good classification rate of 83%. The method
uses spatio-temporal filter conjointly with a regularized Fisher
discriminant classifier. One of the proposed method based on a
location prior got similar results with 86% of good classification
in a 4-fold cross-validation study.

In the following, first the main framework of the EEG in-
verse problem is presented with the four priors. Second the
proposed applications of inverse solution methods to BCI are
presented. Third we present the classification rates of the pri-
ors for different time windows and different information on the
activity location. Finally we discuss the results and conclude.

2. Inverse Problem
Electrical neuronal activity results directly from the brain phys-
iological processes. It can be recorded either with invasive elec-
trodes or from distance through the skull with scalp electrodes.
In the latter case electrical neuronal activities can be estimated
by solving the EEG inverse problem. Then the activated neu-
rons are represented by equivalent current dipoles. When these
dipoles are activated the resulting scalp potentials are computed
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through the forward problem. Therefore the inverse problem is
solved by comparing the solution of the forward problem with
the recorded potential and finding the configuration that best
match the constraints.

2.1. Forward Problem

For a given set of dipoles of known location and orientation
and an electromagnetic model of the head, the forward prob-
lem computes the scalp potentials by solving the quasi-static
approximation of the Maxwell’s equations.

A dipole can either represent all firing neurons in one brain
area, or a column of neurons. In the first approach, few dipoles
are needed to represent the brain activity. Models based on this
approach are called parametric models as every dipole has 7 un-
known parameters: location, orientation and amplitude. In the
second approach, part of the brain or all the brain is filled with
dipoles. The dipole locations and orientations are fixed. The
resulting solution is a 3D image of the brain activity. Therefore,
methods based on this approach are called imaging methods. In
the following, we only present the imaging methods used in this
study.

The electromagnetic head model could either be a spherical
approximation or a realistic model. In the first case, the head
is approximated by nested concentric homogeneous shells of
given size and conductivity. Models use one to five shells each
shell representing either the full head, or the scalp, the skull,
the cerebro-spinal fluid (CSF), the brain and the gray and white
matters. Analytic solutions of the forward problem exist for
spherical models [13]. In the second case, realistic head models
derive from MR images. The forward problem is solved ei-
ther with boundary element methods [13] or with finite element
methods for anisotropic and inhomogeneous models. Realistic
models are more anatomically accurate but slower than spher-
ical models. The electromagnetic operator based on the head
model which links dipoles current to scalp potentials is called
the lead field matrix G.

2.2. Imaging methods

The inverse problem is an ill-posed problem. There are far more
unknowns than data. Therefore a priori information is often
injected in the problem to drive the solution. Different a priori
informations lead to different solutions.

If we assume that Y is a n x t matrix containing the
recorded scalp potentials with n the number of electrodes and
t the number of time samples, S is a m x t matrix of the true
dipole current with m the number of dipoles, m À n, and G,
the n x m lead field matrix. We can write our model as

Y = G S + η, (1)

where η is the noise of the data. It represents as well the
noise due to recording apparatus, the ambient electrical noise
- e.g. 50 or 60 Hz noise -, the muscle activity noise, or the
background brain activity.

A Bayesian inference or a likelihood framework can be
used to find the inverse solution:

p(S|Y ) =
p(Y |S)p(S)

p(Y )
, (2)

where p(x) stands for probability distribution of x and p(x|y)
for conditional probability of x knowing y. We look for the
maximum a posteriori, i.e. the dipoles with the maximum prob-
ability. Since p(Y ) is independent of S it can be considered as

a normalizing constant and can be omitted. p(S) is the prior
probability distribution of S and represents the prior knowledge
we have about the data. We assume that p(S) is Gaussian with
zero mean and covariance matrix CS . This is modified by the
data through the posterior probability distribution p(Y |S). This
probability is linked to the noise. We assume also that the noise
is Gaussian with zero mean and covariance matrix Cη . The
problem becomes

max
S

(ln p(S|Y )) = max
S

(ln p(Y |S) + ln p(S)) (3)

This problem is equivalent to a weighted minimum norm prob-
lem. CS can be decomposed in a product of an hyperparameter
λ which gives the importance of the prior, and the a priori infor-
mation H: C−1

S = λ2 H ′H . Therefore the problem becomes

Ŝ = min
S

‖Y − GS‖2

Cη
+ λ

2‖HS‖2 (4)

and its solution is

Ŝ = (G′

C
−1

η G + λ
2
H

′

H)−1
G

′

C
−1

η Y. (5)

A review of methods to solve the inverse problem can be
found in Baillet et al. [14].

2.3. Priors

Different a priori information can be injected in the matrix H to
determine the solution of the problem. H can be

• the null matrix. No a priori information is injected. It
is the minimum norm solution (MN) [15]. The solution
minimizes the overall dipole activity.

• the identity matrix which produces the regularized min-
imum norm solution (RMN) [16]. This prior supposes
that all the sources are uncorrelated.

• a laplacian to smooth the solution and avoid sparse ac-
tivity. It assumes that activities of neighbouring dipoles
are correlated.

• depth weights to take into account deep sources with
weak contributions to the signal.

• a diagonal matrix with location weights. Dipole loca-
tions with supposed weak contribution to the solution
get a bigger weight. Therefore their variance is small
and their activity close to zero.

• a temporal constraint to smooth the data from one time
sample to the next. It assumes that dipole magnitudes are
slowly evolving in regard to the time frequency. A pro-
jector is used as constraint in [17]. As S(t) and S(t− 1)
should be very close to each other, the orthogonal projec-
tion of S(t) on the hyperplane perpendicular to S(t− 1)
should be small. Thus H is the projector P :

Pt = I −
S(t − 1)S′(t − 1)

‖S(t − 1)‖2
(6)

The conjoint use of weights and laplacian leads to the
well-known low resolution brain electromagnetic tomography
(LORETA [18]). Other form of H can be found in [14].
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3. Methods
3.1. Data

The data [19] were provided by Fraunhofer-FIRST, Intelligent
Data Analysis Group, and Freie Universität Berlin, Department
of Neurology, Neurophysics Group. They were part of the BCI
competition 2003 [10].

The data recording was made using a NeuroScan amplifier
and a Ag/AgCl electrode cap from ECI. 28 EEG channels were
measured at positions of the international 10/20-system (F, FC,
C, and CP rows and O1, O2). Signals were recorded at 1000 Hz
with a band-pass filter between 0.05 and 200 Hz. The dataset
was recorded from a normal subject during a no-feedback ses-
sion. The subject sat in a normal chair, relaxed arms resting on
the table, fingers in the standard typing position at the computer
keyboard. The task was to press with the index and little fin-
gers the corresponding keys in a self-chosen order and timing
’self-paced key typing’. The experiment consisted of 3 sessions
of 6 minutes each. All sessions were conducted on the same
day with some minutes break in between. Typing was done
at an average speed of 1 key per second. 416 epochs of 500
ms length each ending 130 ms before a keypress form the final
dataset. There are 208 trials of each class (left and right hand
movement).

The data are rereferenced to a common average reference.
Baseline noise is removed for every trial and electrode by sub-
tracting the averaged potential of the first 200 ms to all the trial
samples.

3.2. Imaging methods

The head electromagnetic properties were approximated by a
four-shell head model [13]. Shells represented respectively the
brain, the CSF, the skull and the scalp. This model was chosen
because it is not subject dependent and less computationally ex-
pensive.

The brain source space was limited to 400 dipoles located
on an half-sphere just below the cortex (Fig. 1-left). Dipoles
were located on an equiangular grid and oriented perpendicular
to the cortex. This configuration was based on two assump-
tions. First the EEG records mainly cortical activity. Second
the activity of interest is concentrated on the cortex. Further-
more reducing the number of dipoles considerably decreases
the computation time.

The noise covariance in Eq. (5) was either estimated from
the data or replaced by the identity matrix. When estimated
from the data Cη was computed from the first 200 ms of every
trial in the training set.

For all methods λ was estimated with a restricted maxi-
mum likelihood method [20]. This approach is a variation of
the “maximum likelihood” approach which uses an iterative
scheme to estimate the hyperparameter conjointly with the pa-
rameters of the solution.

The inverse solution was computed for the minimum norm
and four priors: identity, laplacian, location and temporal pro-
jector. Depth weight prior was not used as all the dipoles were
located on the surface. The temporal prior was initialized by
computing the solution of the first time sample with an identity
prior.

The right-hand side of Eq. (5) was precomputed. Therefore
new data only had to be multiplied by the data matrix Y to get
the inverse solution. The multiplication took less than 0.0005 s
on a standard computer.

3.3. Activity location

Hand movements are related to the activity of specific brain ar-
eas [21]. Left (respectively right) hand movement is linked to
activity in the right (left) motor cortex (Fig. 2-top,right). The
typing task used in the study enhanced such localized activity.
When averaging scalp potentials of the first 159 left hand move-
ments (Fig. 2-top,left), an activity with negative amplitude is
visible on the right of the scalp but not precisely located. Ap-
plying the inverse solution leads to a much more localized activ-
ity with negative amplitude on the right cortex surface (Fig. 2-
bottom,left). The averaged inverse solution of the first 157 right
hand movements showed also a contra-lateral activity in the mo-
tor cortex (Fig. 2-bottom,right). From both left and right aver-
aged inverse solutions two sets of dipoles were extracted, one
for each task. Dipoles located on the contra-lateral motor cortex
and showing strong response to movement were selected. The
set linked to the left (respectively right) hand movement and
therefore to the right (left) motor cortex is called RMC (LMC)
(Fig. 1-middle). Two extended sets of dipoles including one
of the previous set and the neighbourhood of the set were also
extracted (exRMC and exLMC) (Fig. 1-right).

3.4. Classification

Classification was based on the mean value of dipoles from two
sets. The set with the smaller mean was selected as the location
of the activity. Sets were either RMC and LMC (Fig. 1-center),
or exRMC and exLMC (Fig. 1-right), or right hemisphere and
left hemisphere.

Results were evaluated with a four-fold cross-validation
method. λ was computed from the training set. The time win-
dow was either fixed or selected from the training set as the one
giving the better results. The classification rates were evaluated
from test sets.

The location prior was always built on the same sets than
the classifier. Dipoles from both sets got smaller precision or
equivalently a bigger variance.

3.5. Scalp electrodes data

For comparison, the classification of electrode potentials was
also based on the activity location (Fig. 2-top,left). The mean
potentials of two electrodes sets were computed. Then the set
with the smallest average was selected. Electrodes C2, C4, CP2
and CP4 from the right hemisphere formed the set for left hand
movement and electrodes C3, C1, CP3 and CP1 from the left
hemisphere formed the set for right hand movement.

4. Results
4.1. Time window and hyperparameter

We tested the influence of the time window on the classification
rate. Both RMC and LMC sets were chosen for classification
and location prior. The hyperparameter was always selected
from the training set. The time window was first selected from
the training set as well, then fixed. Temporal prior was only
used with fixed time window because of its computation time.
Results presented here are with an identity noise covariance ma-
trix. Results from the estimated noise covariance matrix were
always 1 to 2% lower than the presented results.

First results were obtained with three prior methods - iden-
tity, laplacian and location -, minimum norm method, and the
electrode potentials (Tab. 1). The time window and the hy-
perparameter were evaluated from the training set. Electrode
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Figure 1: Left: 400 dipoles located on an equiangular grid on half-sphere on the cortex. Dipoles are oriented perpendicularly to the
cortex. Center: Left and right motor cortex dipoles as estimated from the data. Right: Extended dipoles sets around the motor cortex.

potentials showed already a good classification rate better than
the minimum norm method one. However regularized solution
methods improved the results of at least 9% for the location
prior and a glimpse less for identity and laplacian prior.

Table 1: Classification rate of the different methods as com-
puted with a 4-fold cross-validation. Two tasks are classified:
left against right hand movement. Parameters and time window
are estimated from the training set.

Method Classification rate (%)

Electrode potentials 73.96 ± 0.48

Minimum norm 72.04 ± 1.77

Regularized minimum norm 83.09 ± 1.15

Laplacian prior 83.01 ± 2.58

Location prior 85.5 ± 3.14

Second the three prior methods were tested with fixed time
window of 200, 100, 50 and 10 ms. The window were taken
from the last 200 ms. First window starting at 301 ms, second
starting at the end of the first, etc. Except for the 100 ms win-
dows that started at 301, 351 and 401 ms. The decrease of the
classification rate due to the decrease of the window size was
small (Tab. 2). Even a 10 ms window gave more than 80 % of
good classification for all priors. Best results were obtained for
the 100 ms window starting at 401 ms (Tab. 3) except for the
minimum norm method. Location prior still gave best results,
before laplacian and identity. Temporal prior took more time to
compute and gave the worst result. The better results obtained
with fixed time windows than with selected ones illustrated the
overfitting of the data when selecting all parameters from the
training set.

4.2. Activity location

To test the importance of accuracy of the activity location either
for classification or for the location prior, we tested the three
pairs of set presented in Sec. 3.3 with the identity, laplacian
and location priors. The time window was fixed from 301 to
500 ms. When computing the solution with the location prior,
the favoured dipoles were the ones from the classification sets.
Therefore no results were computed for the location prior when
the classifier was based on both full hemispheres as the results

Table 2: Classification rate for inverse solution with location
prior. The time window is fixed and sliding on the data from
301 to 500 ms. λ is evaluated from the training set. The classi-
fication rate is the averaged of the rate of all the windows with
the same size.

time window Classification rate (%)

200 ms 86.38 ± 1.58

100 ms 85.15 ± 2.38

50 ms 84.09 ± 2.17

10 ms 83.93 ± 1.56

Table 3: Classification rate for inverse solution with different
priors. The time window is fixed and goes from 401 to 500 ms.

Method Classification rate (%)

Electrode potentials 74.79 ± 1.70

Minimum norm 69.72 ± 1.82

Regularized minimum norm 83.73 ± 1.64

Laplacian prior 84.78 ± 1.77

Location prior 86.62 ± 1.39

Temporal prior 73.38 ± 2.07

should have been equivalent to ones of the identity prior.

When the activity location was less accurate, results (Tab. 4)
showed a decrease in the classification rate. Furthermore the
classification rate of the location prior was the most influenced.
That prior gave the worst result. These results demonstrated that
the location prior was strongly dependent of the good estimation
of the activated area. At the opposite the laplacian prior still
performed well and better than the identity prior.

An accurate location prior improved the results from more
than 7%.
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Figure 2: Brain area activated by hand movement. Top-Left: top view of the averaged scalp activity during left hand movements.
Black points represent the electrode locations (F, FC, C, and CP rows and O1, O2). Top-Right: Motor cortex (red) and spherical
brain approximation. Bottom-left: top view of the averaged brain activity during left hand movements. Bottom-right: top view of the
averaged brain activity during right hand movements. Scalp and brain are represented by a semi-sphere with front up. Brain activity
due to hand movement is visible on contra-lateral motor cortex.

Table 4: Classification rate (%) for inverse solution with three
different priors - identity prior (RMN), laplacian prior (LAP)
and location prior (LOP). The time window is fixed: 301 to 500
ms. The classification is based on three sets of dipoles: RMC
and LMC, exRMC and exLMC and right hemisphere and left
hemisphere.

Method RMC-LMC extended hemispheres

RMN 83.73 ± 1.66 82.61 ± 1.42 75.80 ± 1.09

LAP 84.13 ± 1.71 83.41 ± 1.58 79.01 ± 1.00

LOP 86.38 ± 1.58 79.65 ± 0.61 /

5. Conclusion
In this paper the EEG inverse problem was successfully inte-
grated to a BCI application. The results obtained with the in-
verse solution on one hand improved the electrode potential re-
sults of more than 10%. On the other hand they were as good

as the ones of the best BCI methods [11, 12] tested on the same
data. Furthermore, results were obtained without strong prepro-
cessing and with a simple classifier based on the activity loca-
tion. Moreover most of the computation load of the inverse so-
lution could be done in advance. Therefore the inverse solution
methods needed only one matrix multiplication and could be in-
tegrated in a real time application. Inverse solution approaches
can be used either alone as presented here or as a preprocess-
ing step to enhance location information. These results rein-
force the idea that conjoint use of imaging approach with best
up-to-date BCI methods will give results similar to the ones of
invasive BCI.

In addition, the influence of four kind of a priori informa-
tion on the classification rate was tested. The temporal prior as
used in this paper failed our expectation and its results should
be discarded. A better implementation, more accurate and less
time consuming will be part of a future work. At the opposite,
the location prior gave the best results as long as a the a priori
activity location was accurate. It improved best result without
location information of more than 7%. However when the ac-
curacy of the activity location decreased the classification rate
of this prior decreased dramatically. Unlike the location prior,
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the laplacian prior was not influenced by the miss of accuracy in
the activity location. The decrease in its classification rate were
smaller and probably only due to the lack of classifier accuracy.

Results from the minimum norm solution were similar to
the electrode potentials ones.

The presented results should be tested on extended data and
on data from more subjects. Then we could test if an accurate
a priori location prior will reduce the size of the training set. It
could enable fast set up of BCI and therefore reduce user dis-
comfort.

Future work will be on using conjointly the presented priors
and on improving the computation of the true noise covariance
matrix. Progress in the latter should reduce the misclassification
due to noise.
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