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ABSTRACT

The major challenge in ECoG-based neuroprosthesis is isolating
features in a spectrally and spatially broad range of sources es-
sential for modeling motor behavior. In this study, motor-induced
spectral modulations are resolved using broadband ECoG record-
ings passed through a filterbank of constant-Q filters. Denoising
source separation is a semiblind source separation methodology
which extracts hidden structures of interest within the data by ex-
ploiting prior knowledge on the observations. Herein, the method-
ology is utilized to extract sources that modulate within the fre-
quency content of the hand trajectory. High signal acquisition rates
(12kHz) allow for analysis of frequencies beyond the fast gamma
oscillations which have been thus far discarded as background ac-
tivity. Exploratory analysis suggests the first components extracted
from envelopes of high spectral bands correlate with the hand tra-
jectory and their spatial distribution covers areas of premotor and
primary motor cortices.

1. INTRODUCTION

Extraction of features from neural activity that regulate mo-
tor intent and execution is the first most crucial element
in building neuroprosthesis for people who have lost mo-
tor function. Brain activity produces a variety of electri-
cal signals that can be measured via recording technolo-
gies ranging from single neuron action potentials to EEG
rhythms. Collected via subdural electrodes, electrocorticog-
raphy (ECoG) is spatio-temporally an intermediate level of
neural activity in the spectrum of invasive to noninvasive
recordings. The correlation or tuning of action potentials,
isolated via microelectrode arrays that penetrate the brain
tissue, to motor behavior can be easily analyzed via rate
codes [1]. The challenge with ECoG, on the other hand,
is to isolate sources that modulate behavior from 104 active
neurons in cortical areas of 1-1.5 cm2. The human ECoG
features from which continuous two-dimensional trajecto-
ries can be reconstructed are yet to be fully understood. Av-
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eraged event related potentials [2, 3] and event related spec-
tral changes (desynchronization in the mu and beta bands,
synchronization in the gamma and high bands) [4, 5, 6] have
been analyzed with short repetitive motor execution or im-
agery tasks and compared with the neural activity at rest.
Online one-dimensional cursor control has been achieved
by patients trained to modulate spectral amplitudes of these
rhythms [7, 8]. Still, the main challenge in these systems
were to not to decode kinematics, but rather to distinguish
or classify between motor-evoked and rest states in neural
activity.

Decoding continuous two-dimensional hand trajectories
using ECoG has only been recently explored. Schalk et al.
[9] computed spectral amplitudes of seven bands (8-12 Hz,
18-24 Hz, 35-42 Hz, 42-70 Hz, 70-100 Hz, 100-140 Hz,
140-190 Hz) along with the average amplitude of raw ECoG
signals in 333 msec windows and linearly mapped these fea-
tures to a cursor moving in a circle at 0.16 Hz via a joystick.
The high dimensionality of the feature vector was reduced
through a correlation-based feature selector which identi-
fies spectral bands/channels that have high mutual informa-
tion with the kinematics, while eliminating channels that
have high cross-channel correlations. Sensitivity analysis
showed that the important bands differed across horizontal
and vertical axes of the trajectory. Pistohl et al. [10] lowpass
filtered ECoG signals with 0.75 sec windows of Savitsky-
Golay filters to recover cursor trajectories recorded during
target selection tasks via a joystick. The smoothened sig-
nals from all channels formed the measurement vector and
six kinematics at time (horizontal and vertical positions, ve-
locities and acceleration) formed the state vector to be used
in a Kalman filter. Better performance was attained with pa-
tients whose electrodes covered the motor cortex. The low
frequencies, followed by the gamma band, yielded the best
performance, however, the gamma band did not increase
performance when combined with the low frequencies. Fi-
nally, Sanchez et al. [11] computed the power in four broad
spectral bands (1-60 Hz, 60-100 Hz, 100-300 Hz, 300 Hz-6
kHz) in 100 msec windows and mapped these features to



a cursor trajectory traced by the index fingers of patient on
a computer screen. Best reconstruction was achieved in the
vertical axes with the fast spectral bands and channels in the
motor and premotor areas.

These experimental approaches suggests the selection of
optimal ECoG feature sets in space, frequency and time re-
quires more in depth analysis. In this study, we aim to ex-
plore spatio-temporal ECoG patterns across channels through
decomposition and localization of motor-evoked features.
ECoG potentials are the cumulative sum of dendritic ac-
tivity and postsynaptic potentials from many synchronized
sources. Within these synchronized sources, our goal is
to identify the ones that modulate the motor behavior exe-
cuted by the subjects. We initially perform spectral decom-
position of the broadband recordings into non-overlapping
bands uniformly spaced in the log warped frequency do-
main as means of extracting motor-induced rhythms. The
feature extraction methodologies herein focus on denoising
source separation (DSS), a recently introduced decomposi-
tion framework which extracts hidden structures of interest
within data by filtering the source estimates based on accu-
mulated knowledge, presumed signal characteristics, or ex-
perimental setups [12]. With DSS each source is extracted
separately and different patterns of interest can be isolated
for each source. Hence, the algorithm is computationally
more efficient and exploitative compared to other source
separation methods such as principal or independent com-
ponent analyses [12]. We incorporate the spectral character-
istics of the hand trajectories to the source separation which
suggests that a slowly varying modulation in the ECoG rhythms
should be sought.

2. DATA COLLECTION AND EXPERIMENTAL
SETUP

The patient volunteering in this study was undergoing extra-
operative subdural grid electroencephalographicmonitoring
for the treatment of intractable complex partial epilepsy at
Shands Hospital, University of Florida1. The patient was
implanted with subdural grid electrodes which consisted of
a 1.5mm thick silastic sheet embedded with 6x6 platinum-
iridium electrodes (4mm diameter with 2.3mm diameter ex-
posed surface) spaced at 1-cm center-to-center distances.
The anatomical location of the grids was based upon the
medical team’s recommendation for epilepsy evaluation. The
approximate electrode position and numbering as indicated
by the surgeon at the time of surgery is presented in Fig-
ure 1. The primary motor cortex was determined by evoked
potentials and direct electrical stimulation of the subdural
grids and was found to be far from the seizure focus. The
36-channel electrode grid was covering premotor (PMA),

1The experimental paradigms were approved by the University of
Florida Institutional Review Boards.

Fig. 1. A. In vivo placement of the electrode grid in a 3x3cm
area of cortex and the relative electrode, gyri, sulci, and vas-
culature relationships. B. Electrode placement

primary motor (M1), and somatosensory (S1) cortices based
on the patient’s cytoarchitecture [11]. Subdural potentials
from 32 channels were recorded using a Tucker-Davis (Alachua,
FL) Pentusa neural recording system at a sampling frequency
of 12,207 Hz whilst the patient was engaged in the behav-
ioral task. The recordings were collected from electrodes
#1-#32 as eumerated in Figure 1. The potentials were band-
pass filtered from 1Hz to 6kHz.

The behavioral tasks used in this neuroprosthetic design
focus on arm reaching and pointing toward a visual input
[11]. The patient was cued to continuously follow with
her index finger a predefined cursor trajectory presented on
an LCD screen with an active area of (20 x 30cm) while
neuronal modulations from the implanted ECoG electrodes
were simultaneously being recorded [11]. The trajectory
consisted of a center-out task followed by a target selection
task. In a single session, the patient repeated the entire task
without intermission six times for each trial [11]. The be-
havioral trajectory recordings, originally sampled at 381.5
Hz, were downsampled to 10 Hz. The experimental task is
designed to be slow enough for the patients to easily track
the cursor. Figure 2 shows the power spectral densities of
the horizontal and vertical trajectories computed over the
entire recording session (4 mins).

3. SPECTRAL DECOMPOSITION

The rhythmicity of mesoscopic and macroscopic signals pro-
vides a means of quantitatively describing the recordings.
The correlations between rhythms and actions, events or
stimuli can be measured through the modulations of the
rhythms. Throughout the history of EEG technology, EEG
frequencies have been conveniently classified into bands [13].
ECoG allows for higher spectal resolution than EEG and
fast gamma bands have shown synchronization with a vari-
ety of visual, auditory, motor and imagery tasks [14]. This
motivates us to study the possibilities of capturing neural
ensemble activities with ECoG synchronizing at even higher
frequencies. Recent work has been published on the ultra-
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Fig. 2. Power spectral density of the horizontal and vertical
hand trajectories during the experimental session.

fast frequencies and full-band EEG, claiming that the the
range of EEG is much broader than it has been assumed
[15], which suggests an even broader spectral range for ECoG.
Since our signal acquisition systems is capable of sampling
at 12,207 Hz, we opt to analyze all frequency ranges upto
6 kHz ( Nyquist frequency). These very high frequencies
have mainly been discarded as background activity or noise
[16] and never have been incorporated in neuroprosthesis
technologies.

We decompose the broadband spectrum into non-overlapping
intervals of equal bandwidth in the logarithmic frequency
domain through a bank of constant-Q filters. The param-
eter Q is defined as the quality of a signal and is related
to the ratio of the center frequency to the bandwidth of the
bandpass filter. Constant Q-filters refer to a family of filters
for which this ratio is held constant. For lower center fre-
quencies the spectral band is narrow, whereas the passband
around high center frequencies are wider. We start out with
a large number of filters in case the bands require further
merging or spliting throughout the analysis. The logarit-
mic spectral range from f1 = 8 Hz to fn+1 = 6 kHz is
uniformly divided into n = 32 segments with cut-off fre-
quencies:

fk = exp(ln(fn+1/f1)/n)fk−1, k = 2, ..., n (1)

which yields a central frequency to bandwidth ratio of f c/B =
4.85 for each [fk−1, fk] band. The very narrow bandwidth
allocated to slow potentials suggest that for the Q-filter de-
sign the number of filters need not be higher than n = 32.
For each of the frequency bands, we designed linear-phase
FIR filters and compensated for the group-delay.

4. DENOISING SOURCE SEPARATION

Linear source separation methodologies can be applied to
the filtered datasets to explore any causal relationship be-

tween the decomposed sources and the motor behavior. Any
source separation algorithm based on the linear mixing as-
sumption of hidden sources is formulated as:

X = AS + ν,

Ŝ = WX,
(2)

where the observation matrix, X, consists of M measure-
ments recorded over the observation time t = 1, ..., T . These
measurements are assumed to be linear combinations of N
sources, denoted by the source matrix S, collected under
Gaussian noise, ν. If the measurements are collected through
spatial sensors, the mixing matrix A yields the spatial pat-
terns of the sources [12]. The demixing matrix W yields the
source estimates, Ŝ.

Unlike blind source separation methodologies, DSS ex-
ploits prior knowledge about the sources to extract desired
structures within the data (e.g. non-Gaussianity, spectral
content, general shape patterns etc.) [12]. This is achieved
by iteratively filtering the current source estimates through
denoising functions chosen to emphasize and maximize the
desired properties in current source estimates. Each source
is extracted separately (one component at a time) and thus
different patterns of interest can be isolated for each source.

The DSS algorithm consists of four successive steps [17]:

1. Centering and whitening the data through eigenvalue
decomposition.

Y = D−1/2VX (3)

where D is the diagonal matrix of eigenvalues of the
covariance matrix of X, and the matrix V is made
up of the corresponding eigenvectors. The whiten-
ing transform makes the covariance structure of the
data uniform (i.e. YYT = I) and any orthogonal
projection in the whitened space yields uncorrelated
components [17]. Thereby, the advantage of whiten-
ing is that an orthogonal demixing matrix, W, would
decompose the whitened data, Y, into uncorrelated
sources, Ŝ.

2. Source estimation by demixing the data:

ŝi = wT
i X, (4)

where wi is a column of the demixing matrix. This
linear projection of whitened data also yields sources
with unit covariance.

3. Denoising the source estimates:

s+i = f(̂si) (5)

f(·) is the denoising function which is chosen to max-
imize the desired properties on the source estimate.
Denoising functions can be linear or nonlinear to uti-
lize the prior information on the data.
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Fig. 3. Correlation coefficients between the first extracted
components from the 32 spectral bands and the hand trajec-
tory.

4. Reestimation and orthogonalization of the demixing
matrix:

wi = Xs+T
i (6)

The reestimated demixing vector is orthogonalized to
the previously found columns of W through Gram-
Schmidt orthogonalization [17] in order to yield un-
correlated source estimates in the next iteration.

Steps 2-4 are iterated for each source estimate until the
angle between the previous and current demixing estimates
is less than a threshold (ε=0.1o). The whole process is re-
peated for as many components and denoising functions as
necessary limited only by the number of observed variables.
In the case of linear denoising, the algorithm is equal to
the power-method implementation of principal component
analysis (PCA) applied to the covariance matrix of the de-
noised signal [12]. The components in this case are ranked
by the prominence of the desired characteristics (rather than
the amount of variance they explain)[17].

In Figure 2, we observe that the most prominent oscil-
lations for the target tracking task are below 1 Hz and thus
choose to perform denoising based on frequency content in
this band. The denoising function employed in this analysis
is a low-pass filter with a cutoff frequency at 1 Hz. Hence
in the source separation, we are seeking neural rhythmic
sources which exhibit amplitude modulations in this band.

5. RESULTS

The modulation of the rhythms can be captured by the en-
velopes of bandpass filtered signals. The upper envelopes
are extracted by interpolating the local maxima of the rhythms.
Denoising source separation is applied to the downsampled
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Fig. 4. Highly correlated components extracted from three
spectral bands superimposed on the vertical hand trajectory.
The components and the trajectory have been normalized to
unit variance.

envelopes from each spectral band to extract only the first
components which show the most prominent desired char-
acteristics2. The correlation coefficients between the first
extracted components in each of the 32 spectral bands and
the hand trajectory dimensions are plotted in Figure 3 as a
function of the central frequency of the spectral bands. Sev-
eral frequency bands show high modulation with the ver-
tical hand position centered around 160 Hz, 1 kHz and 5
kHz. The extracted components (denoised sources) in these
frequency bands are superimposed on the vertical hand po-
sitions in Figure 4. The components and the trajectories in
the figure are normalized to unit variance. The components
in each band alone are able to track the trajectories through-
out the target selection task (timestaps in Figure 4: 20-40
secs), whereas the center-out task would have a better re-
construction as a combination of the bands (timestamps in
Figure 4: 5-20 secs and 40-60 secs).

The mixing vectors of the denoised sources in Figure
4 are superimposed on the electrode grid in Figure 5. The
contour plots are the interpolations of the spatial mixing co-
efficients that make up the first column3 of the mixing ma-
trix A in Eqn (2). These contour maps indicate the contri-
butions of the extracted components in the recordings. For
instance, a high mixing coefficient over an electrode in Fig-
ure 5 indicates that the source is an important component of
the signal recorded from that electrode. In Figure 5, we ob-
serve that the contributions of the highly correlated sources
extracted in high frequency bands are spread across most of
the electrode grid, suggesting that a large cortical area, in-

2The desired characteristics fade out in the following components.
3The first column corresponds to the first extracted source which shows

the most prominent desired characteristics.
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Fig. 5. Mixing vectors of the extracted components in Figure 4 are spatially superimposed over the subdural electrodes. The
color coded coefficients indicate the contributions of the denoised sources over the electrode recordings.

cluding Brodmann areas 4 and 6, is synchronized at very
fast frequencies. This result is not intuitive as high fre-
quencies synchronize more locally and propagate smaller
distances [14]. It is possible that the high correlations are
due to the sinusoid-like nature of the desired trajectory, i.e.,
the results may be overfits. Characterization of overfitted
results is possible through surrogate datasets which have
the same Fourier amplitudes (power spectra) as the data but
have random phases [18]. Surrogates generated this way
mimic the autocorrelation function of the original time se-
ries, but any other structure in the data is lost. Figure 6
depicts the first DSS components extracted by creating one
surrogate for each channel of the raw recordings and fil-
tering them in the same spectral bands. The correlation
coefficients between the vertical trajectories have signifi-
cantly reduced to {0.06, 0.07, 0.15}. This surrogate anal-
ysis weakens the possibility of overfitted results with the
original recordings.

6. DISCUSSION

With denoising source separation we were able to extract
components from the channels that were highly correlated
with the hand trajectories. This was achieved by spectrally
inspecting the desired trajectories and denoising the source
estimates based on frequency content. The results suggest
that a spectral and spatial subset of channels can be selected
to model the hand trajectories. The correlation coefficients
between the trajectories and the denoised sources extracted
from the constant-Q filterbank outputs hint at which fre-
quency bands should be selected. From Figure 3 it is obvi-
ous that for the vertical hand position the bands with central
frequencies of 160 Hz, 1 kHz and 5 kHz can be selected for
modeling the trajectories with high reconstruction perfor-
mance. The number of model parameters for these bands
can be further decreased by selecting channels that have
high mixing coefficients across the three bands (as indicated
in Figure 5).
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Fig. 6. Components extracted from surrogate data in the
same spectral bands as Figure 4 are superimposed on the
vertical hand trajectory.

In the results, we have mostly focused on the features
modulating the vertical hand trajectory as the correlations
of the extracted components with the horizontal hand tra-
jectories are much lower (recall Figure 3). This may be re-
lated to the lower spatial span in this axis (i.e. low deviation
of activity from the origin), as well as the vertical orienta-
tion of the experimental screen or the electrode coverage of
the motor cortex (low tuning for the horizontal directions).
Nevertheless, this exploratory analysis indicates feasibility
of cursor control using amplitude modulations from a broad
spectrum of ECoG frequency bands.
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