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Fig. 5 Backprojected sources and their spatial contribution. 

Black line: ensemble average. Grey area: 10-90% quantiles. 

CAJD shows a smaller variability at the single trial level 

compared to the linear and bilinear models alone.

• A Bilinear Model (BAJD)

(1)

• A Linear Model (AJD)

(2)

Future work 

-apply for BCI classification

-assess the quality of the estimated EEG sources

compared to others BSS methods (such as ICA).

Approximate Joint Diagonalization (AJD) of a matrix set can solve

the linear Blind Source Separation problem [1]. We show how the

linear and bilinear joint diagonalization can be applied for extracting

sources according to a composite model where some of the sources

have a linear structure and others a bilinear structure. This is the

case of Event Related Potentials (ERPs). To do so, we developed a

Jacobi-like method named Gauss Planar Transformation. It
simultaneously diagonalizes the observation matrices Xk and several

spatial statistics Rx of the observation (e.g. cospectra and covariance

matrices).

The proposed model achieves higher performance in term of shape

and robustness for the estimation of ERP sources in a Brain

Computer Interface experiment [2].
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With AJD, data such as EEG evoked potentials Xk can be modeled as

additive contribution of evoked sources and continuous (ongoing)

sources (Fig 2) that follow respectively:

Fig. 4  Moreau-Macchi criterion [4] on the matrix B. Average performance of 

GPT algorithms on 100 independent realizations (a) without noise (σ = 0) and 

(b) with noise (σ = 0.1)

TABLE 2 MOREAU-MACCHI CRITERION [4] AFTER CONVERGENCE. 100 

INDEPENDENT DRAWS OF MATRICES A AND E WITH σ = 0.1.

A / E Spatial/temporal mixing matrix

B / D Spatial/temporal unmixing matrix

x(t) / Xk
Observations

S(t) / Sk
Sources

Rx(l) Symmetric Definite Matrices 

containing the spatial statistics 

(covariances and/or cospectra) 

n(t) / Nk
Noise supposed zero-mean Gaussian

α linear/bilinear ponderation weight

In order to minimize fc, we use a novel Jacobi-like algorithm

inspired from eigenvector Jacobi method and from the

Gauss planar elimination method that we call Gauss Planar

Transformations (GPT). The transformation is defined such

as we want to minimize iteratively for all k, the (ij)-element
of B / D in (3) similarly to [3]

(7)

which has a closed form minimizers:

Linear

Bilinear

Fig.1 In a linear case , we want to retrieve the independent sources s(t). However using only the spatial statistics can fails to discriminate 

the transient sources such as Source 1, therefore we propose to use their temporal structure in a flexible manner.

(3)

TABLE 1 NOTATIONS

Fig. 3 By minimizing the cost function (4)/(5) we 

are jointly diagonalizing a set of matrices 

symmetric or asymmetric for the linear or bilinear 

model respectively.

Fig. 6 Left: columns of the estimated temporal mixing matrix. Right:

columns of the estimated spatial mixing matrix projected on a

topographic scalp map. Highlight : Source c06 corresponds to P3b,

source c11 corresponds to early visual complex [5].

Composite AJD

-the use of both models improve the extractions of sources by

exploiting the temporal structure while being flexible on the common

spatial unmixing matrix.

-compatible with the use of several diversity (non-stationarity/spectral

coloration) that can help the separation.

NxT NxN NxN TxN NxT NxN NxN

can be diagonalized by finding the

spatial and temporal unmixing
matrix B and D that minimize

Thus, for the Composite (CAJD) model, we jointly minimize the cost

functions (1) and (2)

can be diagonalized by finding
the spatial unmixing matrix B

that minimizes

Fig. 2 ERPs are modeled as an additive contribution of evoked and continuous EEG sources. 


