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Avenue Mounier 53, 1200 Woluwe-Saint-Lambert, Belgium

Abstract. Extracting relevant information from noisy multidimensional
signals has tremendous impacts in numerous applications, ranging from
audio separation to electrophysiological recording analysis. Linear fil-
ters are often considered to reconstruct and interpret the latent sources
generating the data. Known properties of the sources can be used to
guide their separation. In neuroscience, the cortical processes underlying
perception in different modalities (visual, auditory, ...) is often studied
using electroencephalography (EEG) during periodic stimulation, elicit-
ing periodic activity in neural sources, some of which being specific to the
considered modality. Whereas current approaches extract sources either
periodic or discriminative, none of them accounts for both aspects at
once. This paper proposes several methods extracting periodic sources
specific between two classes, hence termed as Linear Periodic Discrimi-
nant Analysis methods. They are validated on synthetic data and EEG
recordings of subjects to whom periodic stimulation from two modalities
is applied. The methods highlight modality-specific periodic responses.

Keywords: Linear filtering · Specific periodic components
Generalized Rayleigh Quotient · Source separation · Steady-states
EEG

1 Introduction

Multidimensional signals are encountered in a broad range of situations includ-
ing music editing, speech recognition or physiological monitoring. In many cases,
such observed signals result from the noisy mixing of several components or
sources of interest [6]. So-called source separation algorithms are therefore con-
sidered to recover the latent sources. The mixing is often linearly approximated,
allowing an easy interpretation of the sources in the original sensor space. Inde-
pendent Component Analysis (ICA) methods are probably the most well-known
approaches to this kind of problems, only relying on the minimal assumption of
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independence between the source signals [8]. ICA has proven to be very useful
in many contexts, including the extraction of single speech signal from mixed
recordings [7] or artifacts removal from electrophysiological signals [12]. In sev-
eral applications however, specific structures of the latent sources are expected,
which can be used to guide the definition of source separation algorithms. In
audio signal processing for instance, diverse forms of guidance have already been
considered, using either priors on the mixing processes or the temporal dynamics
of the sources [20]. Such temporal structures are also exploited in the study of
biological signals, for instance to enhance periodic components of a given mul-
tidimensional signal [14]. Other works have extended this kind of methods to
extract quasi-periodic signals such as the electrocardiogram [17].

In this line, structured, and in particular periodic, signals also often arise
in neuroscience. For instance, periodic stimulation is increasingly proposed to
probe sensory perception in humans [3]. This kind of stimulus elicit a peri-
odic activity at the stimulation frequency in some neural populations, known
as a steady-state response (SSR), which can be partly recorded with electroen-
cephalography (EEG). Each source contributing to the SSR associated to stimuli
from one modality (e.g. visual, auditory, tactile,...) can be common to several
studied modalities, or specific to a particular one. As an example, if cool and
warm periodic stimuli are applied to a subject, part of the SSR can be expected
to be common to the two classes, warm and cool, since both stimuli share some
characteristics (they both activate the spinothalamic system). To study the spe-
cific cortical processing of each class of stimulus however, one is more interested
in finding the most discriminant components of the SSR. Although linear fil-
tering methods aiming to extract either periodic or discriminant components
exist and are well-documented in the literature, the optimization of filters defin-
ing periodic components which are specific to one class of signals among two
has surprisingly not yet been studied. Such a method would better capture the
mechanisms governing specific sensory perception in humans, thereby helping
to understand and subsequently diagnose sensory disorders. In this context, this
paper presents methods to extract such sources. The approach is inspired, on the
one hand, by the source separation methods aiming to maximize periodicity of
the extracted components [14] and, on the other hand, by the Common Spatial
Pattern (CSP) algorithm largely studied and adapted in Brain-Computer Inter-
facing (BCI) researches [2,11]. The specific periodic components are obtained
by optimizing interpretable linear filters, hence the name of the presented app-
roach: Linear Periodic Discriminant Analysis (LPDA). Several objective func-
tions are proposed, compared and assessed on synthetic and real data. In par-
ticular, results on both simulated and real data are convincing, the presented
methods enabling the discovery of modality-specific periodic structures. Our
methodology, combining periodicity and discrimination maximization, outper-
forms state-of-the-art approaches accounting for one of both aspects at once.

The paper is organized as follows. Section 2 introduces and motivates the
definition of several LPDA objective functions. Experiments are conducted in
Sect. 3, both on synthetic and EEG data. Section 4 finally concludes the work.



478 D. Mulders et al.

2 Linear Periodic Discriminant Analysis Methods

This section defines and justifies the proposed approaches to extract periodic
components specific to one among two multidimensional signals, belonging to
two different classes. The zero-mean (over time) signals from the first and second
classes, respectively denoted by x1(t) and x2(t) ∈ R

C , are assumed to result from
the linear mixing of latent periodic sources. For instance, they can be C-channel
EEG signals recorded on one subject in two different conditions, e.g. exposed to
periodic warm vs. cool stimulation. The sources, of period T� and fundamental
frequency f� = 1/T� for both classes 1 and 2, can either be common to both
signals or specific to x1 or x2. This leads to the noiseless latent model

xi(t) = Auzu(t) + As,izs,i(t), (1)

where i ∈ {1, 2} and s (resp. u) indexes the specific (resp. unspecific) mixing
matrices As,i ∈ R

C×Ns,i (resp. Au ∈ R
C×Nu) and periodic sources zs,i(t) ∈

R
Ns,i (resp. zu(t) ∈ R

Nu), Ns,i (resp. Nu) being the number of specific (resp.
unspecific) sources. In practice, different sources of noise will also affect the
observed signals. Also, each specific source has a distinct level of specificity
expressed by its variance. For convenience, the sources in a vector are ordered in
decreasing order of specificity; for instance, z1s,1(t) is the most specific source for
class 1, where the exponent indicates the component of the vector zs,1(t). Each
column of a mixing matrix A is a spatial pattern of the associated source [16].
Under this framework, both the specific spatial patterns As,i and the specific
source time courses zs,i(t) should be recovered using x1 and x2. To this end,
spatial filters w ∈ R

C are optimized to obtain filtered signals si(t) := wTxi(t)
such that s1(t) ≈ z1s,1(t). Similarly, the filters can be optimized for class 2 to
obtain s2(t) ≈ z1s,2(t) instead. Once a first optimal filter w1 for class i is found
by optimizing a cost function F , a second optimal filter can be obtained, leading
to a component in the orthogonal subspace of the first one. A matrix W ∈ R

C×C

is hence recursively built, whose columns wk are the filters ranked according to
F . The first Ns,i columns of the pseudo-inverse of WT then estimate the spatial
patterns of the extracted components for class i:

[
(WT )−1

]
(:, 1 : Ns,i) = Âs,i.

In order to obtain optimized filters, one must first define relevant cost func-
tions characterizing the class-specific periodicity of the filtered signals. In the
following, we propose several such objective functions, based on generalized
Rayleigh quotients capturing periodicity differences, to obtain the filters for the
specific activity of class 1, without loss of generality; both classes can be swapped
to obtain the specific activity of class 2.

• Method 1 (M1). Periodic Component Analysis [14,19] aims to extract
periodic sources from a single data set based on the periodicity measure
(
∑

t(s(t + T�) − s(t))2/(
∑

t(s(t))2) of the signal s(t). In the studied two-classes
setting, a ratio of periodicity inspired by this measure can be optimized to find
components si(t) = wTxi(t), being periodic in class 1 and not necessarily in
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class 2:

w1 = arg min
w

{
F1(w) =

∑
t(s1(t + T�) − s1(t))2∑
t(s2(t + T�) − s2(t))2

=
wT R1(T�)w
wT R2(T�)w

}
, (2)

where Ri(T�) = Et{(xi(t + T�) − xi(t)) (xi(t + T�) − xi(t))
T }. It can be noted

that F1(w) ≥ 0 and that F1(w) = 0 for a perfectly periodic signal s1(t). How-
ever, F1(w) = 0 as well when s1(t) = 0 even though a flat signal may probably
not be related to the sources of interest. This objective should hence be used
with caution when some channels are correlated, in which case s1(t) could be 0.

• M2. Alternatively, the periodicity of the filtered signals can be emphasized by a
simple averaging over the fundamental periods: sμi(t) := 1

K ·∑K−1
k=0 si(t+kT�) :=

wTxμi(t), with K the number of periods in the available signals. As in the CSP
algorithm [2], the variance ratio of these averaged signals can be optimized as

w1 = arg max
w

{
F2(w) =

∑
t(sμ1(t))2∑
t(sμ2(t))2

=
wT Cμ1w
wT Cμ2w

}
, (3)

where Cμi = Et{xμi(t)xμi(t)T }.

• M3. Another approach is based on Canonical Correlation Analysis (CCA),
which was already proposed to extract periodic components [15]. In the present
work however, the method maximizes the correlation between the differences of
the filtered signals in both classes and an arbitrary periodic signal wT

y y(t) of
the same length as si. This periodic signal is defined from the Fourier series
of a periodic signal of fundamental frequency f�: y(t) = (sin(2πf�t) cos(2πf�t)
sin(2π2f�t) . . . sin(2πNhf�t) cos(2πNhf�t))T , where Nh indicates the number of
accounted harmonics. Since the correlation Et{wT (x1(t)−x2(t))y(t)Twy} must
be maximized with scale invariance, the optimization problem is formulated as

(w1,w1,y) = arg max
w,wy

⎧
⎨

⎩
F3(w,wy) =

wT (C1;y − C2;y)wy√
wT C12w · wT

y Cywy

⎫
⎬

⎭
, (4)

where Ci;y = Et{xi(t)y(t)T }, C12 = Et{(x1(t) − x2(t))(x1(t) − x2(t))T } and
Cy = Et{y(t)y(t)T }. This method is only well suited when the common activity
is assumed to be highly similar (in terms of amplitude and phase) in both classes,
leading to its cancellation through the point-by-point difference x1(t) − x2(t).

• M4. Inspired by the Spectral Contrast Maximization (SCM) approach [18],
the ratio of spectral content at the fundamental frequency f� and its harmonics
in both classes can be optimized. With Si(f) := Ff{si(t)} = wT Ff{xi(t)} =
wT Xi(f) the Fourier transform of the filtered signals at frequency f , a fourth
objective can be formulated in the following way:

w1 = arg max
w

{
F4(w) =

Ef∈ν{|S1(f)|2}
Ef∈ν{|S2(f)|2} =

wT Sx1w
wT Sx2w

}
, (5)
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with ν := {±f�,±2f�, . . . ,±Nhf�} the set of frequencies of interest and Sxi
:=

Ef∈ν{Xi(f)Xi(f)∗}. This objective is expected to be maximized by concentrat-
ing the frequency content of s1(t) to these frequencies. It should however be
stressed that it can also be maximized if its denominator tends toward 0 while
keeping the numerator bounded.

• M5. The quantity
∑

t(si(t+T�)−si(t))2 is used in (2) to describe the periodic-
ity of the signal si(t). An alternative periodicity measure which can be considered
is

∑
t si(t + T�) · si(t) [17], leading to the optimization problem

w1 = arg max
w

F5(w), with (6)

F5(w) =
∑

t s1(t + T�) · s1(t) − s2(t + T�) · s2(t)∑
t(s1(t))2 + (s2(t))2

=
wT (C1(T�) − C2(T�))w
wT (C1(0) + C2(0))w

,

where Ci(τ) = Et{xi(t+τ)xi(t)T }. Note that a difference of periodicity between
the two classes is considered instead of a ratio similar to (2), because the matrices
Ci(T�) are not necessarily positive definite contrarily to Ri(T�).

• M6. Another variant of (2) can be defined using a difference instead of a ratio
of periodicity. A distinct normalization ensures the scale-invariance of the filters:

w1 = arg min
w

{
F6(w) =

wT (R1(T�) − R2(T�))w
wT (C1(0) + C2(0))w

}
. (7)

• M7. A similar change can be applied to (5), leading to a last formulation:

w1 = arg max
w

{
F7(w) =

wT (Sx1 − Sx2)w
wT (C1(0) + C2(0))w

}
. (8)

All the objective functions above, except the third one, are expressed as
generalized Rayleigh quotients of the form (wT Aw)/(wT Bw) and can be solved
by the generalized eigenvalue decomposition (GEVD) of the matrix pair (A,B),
yielding a set of filters {wk}C

k=1 corresponding to the generalized eigenvectors
ranked in decreasing or increasing order of cost function values, depending on
whether the objective function is maximized or minimized. When A is symmetric
and B positive-definite, the decomposition is real and hence interpretable [5].
The formulation (4) is also solved analytically, as for classical CCA [9].

It is here assumed that the filters are ranked in decreasing order of specificity
for class 1, hence with w1 being the most specific filter for class 1. The successive
extracted sources are denoted by sk

i (t) := wT
k xi(t).

3 Experimental Results

This section assesses the methods introduced in Sect. 2. Their behavior and
performances are first studied and compared in Sect. 3.1 on synthetic data, for
which the latent sources are known. Then, preliminary results on a real EEG
data set are presented in Sect. 3.2, for which the specific patterns are obtained.
As to the quality assessment, different criteria are proposed in Sect. 3.1.
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3.1 Synthetic Data

As stated in Sect. 1, the studied methods aim to extract class-specific peri-
odic components from two multidimensional signals. Therefore, synthetic data
are generated by linearly mixing specific and common components for the two
classes, with additional noise. Denoting by Xi(t) ∈ R

C the simulated data from
class i at time sample t, Zu,i(t) ∈ R

Nu and Zs,i(t) ∈ R
Ns the common (i.e.

unspecific to the class) and specific periodic factors respectively, for i ∈ {1, 2},
data are simulated according to the model

Xi(t) = Au · Zu,i(t)︸ ︷︷ ︸
periodic interference

+As · Zs,i(t)︸ ︷︷ ︸
signal

+Ni(t)︸ ︷︷ ︸
noise

, (9)

with the common and specific mixing matrices Au ∈ R
C×Nu and As ∈ R

C×Ns ,
Ni(t) ∈ R

C being additive random noise. The common activity can be seen as
interferences in this problem. Although the mixing matrices are common to both
classes, the factor (or source) time courses are not. In particular:

• the specific factors Zs,1 and Zs,2 are mutually independent, with distinct speci-
ficity levels expressed by their variances which are proportional to (Ns −1, Ns −
2, . . . , 1, 0) and (0, 1, . . . , Ns − 2, Ns − 1) [21]. These sources are ordered in
decreasing order of specificity for class 1, the first (resp. last) �Ns

2 � being specific
to class 1 (resp. 2). If Ns = 1, there is no specific factor for class 2.

• The common factors Zu,i are equal in both classes, up to an arbitrary time
lag, as the common activity can have distinct latencies, e.g. due to differences
in fiber conduction velocities in the case of EEG signals.
For each simulation, the entries of the mixing matrices are uniformly distributed
in [0, 1] and the factors are random periodic signals of period T�. However, since
the performances of the optimized filters highly depend on the relative position
in R

C of the columns of Au with respect to the ones of As, the columns of As

can be altered to reach some pre-defined angles with respect to the ones of Au.
Regarding the assessment, different types of metrics can be considered.

• The reconstruction quality of the mixing matrix is evaluated using the canon-
ical angle (CA) between the subspace spanned by the columns of As and its
estimate Âs computed from the optimized filters. The CA is the maximum
angle found between orthogonal bases of these subspaces [5], and is therefore
invariant to permutation and scaling of the columns of each matrix. Focusing
on the most discriminant periodic source, the angle between the first true and
estimated spatial patterns (A1

s := As(:, 1) and Â1
s := Âs(:, 1)) is also evaluated.

• The time-correlation corr(s11(t), z
1
s,1(t)) between the first true and estimated

sources, z1s,1(t) being the first component of zs,1(t), is insensitive to the pseudo-
inversion required to obtain the spatial patterns from the optimized filters.

• The periodicity difference between s11(t) and s12(t) assesses the relevance of the
first filter w1 in terms of periodicity and discrimination. The following measure
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is employed to quantify the periodicity of a signal y(t) ∈ R at a frequency f�:

Mπ(y) = 100 ·
∑�fs/(2·f�)�

k=1 YNS(k · f�)∑
f |Y (f)| , (10)

where fs is the sampling frequency, Y (f) = Ff {y(t)} and YNS is the noise-
subtracted spectrum. At frequency f , YNS(f) ∈ R is obtained by subtracting the
average amplitude at 10 neighboring frequencies (5 higher and 5 lower) from
the frequency amplitude |Y (f)|. Additional details are provided in [13,14]. The
components extracted using the methods from Sect. 2 should maximize Mπ(s11)−
Mπ(s12), while providing topographical patterns of the extracted components
which can be interpreted thanks to the linear filtering. Only this criterion can
be used on real data as it does not rely on the ‘true’ sources.

In the following, each signal is generated with C = 20 channels, a sampling
rate of 500 Hz, f� = 0.5 Hz and a duration of 20 seconds. The signal variances are
defined over the channels and time samples [18]. Denoting σ2

u := var(Au ·zu,i(t)),
σ2

s := var(As · zs,i(t)) and σ2
N := var(ni(t)), the two first quantities control

the signal-to-interference ratio (SIR), while the signal-to-noise ratio (in dB) is
defined as SNR = 10 · log10(σ2

s/σ2
N ). In order to simulate realistic EEG data,

which are studied in Sect. 3.2, pink additive noise is chosen for Ni(t), i.e. with a
frequency power spectrum proportional to 1/f [1]. Unless stated otherwise, there
are Nu = 10 unspecific factors and the SIR is fixed with σu = 1 and σs = 1.
The canonical angles between Au and As are ≥ 70◦ and there is a time lag of
0.3 seconds between Zu,1(t) and Zu,2(t). The performances of the methods are
commented with either 1 or 4 specific pattern(s) and then with varying unspecific
activity according to Nu and σu.

• The performances of the methods with Ns = 1 specific factor are depicted
in Figs. 1a to d. The angular position of the first specific pattern A1

s is also
compared to the C-length vector of the Fourier frequency coefficients of the
mixed signals at f� in Fig. 1a (curve labeled ‘FFT’). Although this pattern is
usually employed in neuroscience studies to describe the periodic cortical activity
elicited by periodic stimuli, it can be highly different from the spatial pattern of
the source of interest. All the quality measures considered indicate the superiority
of M7 to recover the specific pattern, followed by M2 and M5. Comparing Figs. 1b
and c indicates that M3 probably amplifies common instead of specific activity,
leading to both high Mπ(s11) and Mπ(s12). As this method uses a point-by-point
difference between the two classes of signals, it is sensitive to a non-zero time
lag between the common activity in both data sets.

• When Ns = 4, the results in Figs. 1e to h confirm the overall previous conclu-
sions. The canonical angles between all the true and estimated specific patterns
shown in Fig. 1f are larger than the angles computed only using the most spe-
cific pattern (Fig. 1e), indicating that the methods indeed recover more easily
the first specific pattern. All methods are affected by the increased number of
specific sources, and this effect is more pronounced for M1.



Linear Periodic Discriminant Analysis 483

-30 -25 -20 -15 -10 -5 0
0

20

40

60

80

M1
M2
M3
M4
M5
M6
M7
FFT

(a) Ns = 1

-30 -25 -20 -15 -10 -5 0
0

5

10

15 M1
M2
M3
M4
M5
M6
M7

(b) Ns = 1

-30 -25 -20 -15 -10 -5 0
0

5

10

15 M1
M2
M3
M4
M5
M6
M7

(c) Ns = 1

-30 -25 -20 -15 -10 -5 0
0

0.2

0.4

0.6

0.8

1
M1
M2
M3
M4
M5
M6
M7

(d) Ns = 1

-30 -25 -20 -15 -10 -5 0
0

20

40

60

80

M1
M2
M3
M4
M5
M6
M7
FFT

(e) Ns = 4

-30 -25 -20 -15 -10 -5 0
0

20

40

60

80

M1
M2
M3
M4
M5
M6
M7

(f) Ns = 4

-30 -25 -20 -15 -10 -5 0

-2

0

2

4

6

8

10
M1
M2
M3
M4
M5
M6
M7

(g) Ns = 4

-30 -25 -20 -15 -10 -5 0
0

0.2

0.4

0.6

0.8

1
M1
M2
M3
M4
M5
M6
M7

(h) Ns = 4

Fig. 1. Methods performances (mean ± std of 500 runs) on synthetic data as a function
of the SNR. The two rows of markers below each figure indicate (1) the best method
on average for each SNR and (2) the best method which is significantly outperformed
by the best one (t-tests, Holm-Bonferroni corrected).
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Fig. 2. Angle between the first specific true and estimated patterns, for M7 on synthetic
data as a function of the SNR and either Nu (a, b) or σu (c, d). Results are averaged
over 500 signal generations and σs = 1.

• The effects of σu and Nu on the M7 performances (the seemingly most efficient
method) are shown in Fig. 2. For a fixed SIR, the number of common factors Nu

only affects the performances when the SNR gets closer to 0, leading to improved
results as Nu increases. On the other hand, increasing σu deteriorates the recov-
ery of the most specific pattern, especially when Ns = 4. Let us note that, unlike
the angle, the correlation between the first true and estimated sources is almost
independent of σu (not shown due to a lack of space), suggesting that increasing
σu does not affect the first optimal filter but rather the following ones, which in
turn influences the first pattern after inverting the filter matrix.

The results presented in this section are obtained on data with 20 channels.
Similar conclusions can be drawn with different dimensions, although on average
all the angles tend to increase with the dimension, as a consequence of the curse
of dimensionality [10]. Results are also similar with different canonical angles
between Au and As, with overall decreasing performances when they tend to be
small as it becomes impossible for a filter to be orthogonal to the interference
patterns Au. M2 is especially affected by the reduction of these angles, while M5
and M7 are more robust (results not shown due to a lack of space).

3.2 Electroencephalogram (EEG) Data

This section shows brief results of the LPDA methods and of state-of-the-art
filters on a real EEG data set, with 64 channels and sampled at 1000 Hz, which
was recorded on 15 healthy subjects to whom periodic stimulation from four
classes was applied: painful warm or non-painful cool, each applied on a variable
or fixed skin surface (denoted resp. by w1, w2, c1 and c2). Each subject received
each kind of stimulus with a frequency f� = 0.2 Hz and a duration T = 75 s
(15 cycles). From a neuroscientific point of view, interest lies in finding the
specific components of the condition w1 compared to c1 and w2 compared to
c2. It would allow to disentangle the neural processing of warm and cool stimuli,
thereby providing cues on the specific brain responses to painful stimuli.

As to the compared methods, to the best of our knowledge, there is no exist-
ing approach optimizing both the periodicity and the specificity of an extracted
component at once. The results of our methods are hence compared to one
method maximizing the periodicity (SCM [14]), another one optimizing the dis-
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crimination (CSP [11]) and Principal Component Analysis (PCA), a widely used
non-guided filtering method.

LPDA methods are applied on the EEG data of each subject to obtain, for
each ordered pair of conditions among w1–c1, w2–c2, c1–w1, c2–w2, the most
specific source for the first condition of the pair and its associated spatial pat-
tern and filter. Each optimal filter w1 can be applied to both signals of the pair
to obtain s11(t) and s12(t). Table 1 confirms the superiority of method M7, fol-
lowed by M5, in terms of difference of periodicity in any two compared classes,
as it was observed on synthetic data, with the periodicity measure (10). M2,
M3 and M6 results are of the same order of magnitude as the ones of M4 and
are not shown due to a lack of space. Except for M7, the standard deviations
are roughly of the same order as the mean results, indicating a high variability
across subjects. It should be stressed that the performances of all methods vary
coherently with respect to the subjects since M7 always statistically significantly
outperforms the other schemes. These results are encouraging as they show that
periodic components specific to one class can be extracted, M7 overcoming the
three baselines. Further validations should be undertaken to disentangle physi-
ologically interpretable patterns from potentially slightly overfitted results.

Table 1. For each pair of conditions (in row), mean(std) for the 15 subjects of the
difference of periodicity Mπ (10) between the filtered signals in both conditions using
the most specific filter for the first condition of the pair. The best performances per row
are in bold. Non-italic characters indicate that the corresponding signal is significantly
less periodic than the best one of the same row (paired t-tests with Holm-Bonferroni
correction). For M4 and M7, Nh = 10.

LPDA methods Baseline methods

M1 M4 M5 M7 SCM CSP SVD

w1–c1 0.55(0.42) 0.35(0.43) 0.55(0.94) 3.25(1.04) 2.84(1.08) 0.25(0.56) 0.22(0.32)

w2–c2 0.31(0.46) 0.09(0.15) 0.68(1.23) 3.25(1.05) 2.98(0.98) 0.15(0.29) 0.17(0.37)

c1–w1 0.10(0.53) 0.30(0.27) 0.31(0.39) 2.43(0.67) 1.59(0.86) −0.12(0.28) −0.19(0.28)

c2–w2 0.11(0.46) 0.19(0.14) 0.42(0.47) 2.44(0.55) 1.78(0.69) −0.01(0.36) −0.12(0.43)

-.050.05
.1

(a) FFT topographies

-.1
0
.1

(b) Specific spatial patterns (M7)

Fig. 3. Group-level average spatial patterns of (a) the frequency amplitudes at f� = 0.2
Hz and (b) the most specific components extracted by M7 (Nh = 10) for the first class
in each pair.

Finally, Fig. 3 shows the spatial pattern of the frequency spectrum at f�,
usually analyzed in neuroscience, and the most specific spatial pattern extracted



486 D. Mulders et al.

for each class of signals. The specific patterns of the two warm conditions are
relatively similar but different form those of the cool conditions. The specific
warm patterns have a larger central positive cluster than the corresponding
FFT topographies, while the specific cool patterns are more diffuse, reflecting a
larger inter-subjects variability. Cold receptors being known to habituate rapidly
to repeated stimuli [4], this could affect the stability of the SSR.

4 Conclusions and Perspectives

This paper proposes several linear filtering methods for multidimensional signals
aiming to extract periodic components which are specific to one class among two.
Seven objective functions are defined, combining discrimination and periodic-
ity maximization in simple formulations. The methods are discussed and their
results compared on synthetic data sets, allowing to study their behavior and
reliability in a controlled context. They are also applied on real EEG recordings
to highlight modality-specific spatial patterns of brain activity elicited by peri-
odic cool and warm stimulation. The results are encouraging, as the extracted
patterns are consistent with the nature of the considered stimuli and indeed
exhibit a markedly increased periodicity for the considered class.

Further investigations will be carried regarding the proper validation of the
extracted specific patterns to enable their fair interpretation in the neuroscience
context. This validation is however not trivial due to the very limited number
of trials available for each subject and condition. While the current results are
assessed by quantifying the difference of periodicity between each compared pair
of modalities, the discriminative power of the filters could also be analyzed.
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