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Abstract. A Kernel-based Feature Representation (KFR) approach is proposed
to extract patterns from multi-channel time-series of measured brain activity. To
search for Inter-Channel Similarity (ICS), we introduce a kernel function to em-
bed input data through a sliding window. We use the ICS-based data representa-
tion to obtain relevant channel dependencies along time. Hence, the introduced
KFR that seeks for spatio-temporal relationships among channels facilitates brain
activity analysis relating to neural decoding tasks. We test the KFR on two neural
decoding collections of macaque Electrocorticographic signals. Obtained results
show that proposed KFR improves both data visual interpretability and stimulus
prediction.

1 Introduction

Nowadays, technological advances have allowed the development of applications based
on the brain-machine interfaces (BMI), especially, as a tool for assistance diagnosis in
the treatment of neurological diseases. In this regard, design of neural decoding sys-
tems becomes an important task requiring for quantifying the information contained in
neural activity, modeling the neural system, and decoding brain information provided
by movement intentions or stimulation.

On the other hand, BMI aims to assess brain activity patterns by analyzing
multi-channel time-series extracted from electrical recordings, as a result of neuron in-
teractions, e.g., Electroencephalography (EEG), Electrocorticographic (ECoG), Micro-
electrode arrays, and Local Field Potentials (LFP) [1]. Nevertheless, the neural system
that is highly distributed, dynamic, and complex creates challenges about the stability,
durability, and maintenance of BMI [2]. In particular, interpretation and feature extrac-
tion from the available multi-channel information poses a challenge due to input data
appraises several structures varying over space and time. Eventually, calculation of the
joint probability density function of multivariate data at hand may be a straightforward
way to solve this issue, but it is never done due to its high-dimensionality [3]. Other
neural decoding approaches focus their efforts finding suitable representations of input
data by invasive sensors as primarily single-unit activity (SUA) and LFP in order to ac-
quire the highest brain signal fidelity for fine-grained control [4]. However, this method
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suffers from poor long-term stability, where daily calibration is usually required to en-
sure reliable performance because of deterioration in signal quality and variability of
neuronal ensembles. Some works deal with suitable input data representation to better
decode neural activity. For instance, authors in [5] propose a spatio-spectral-temporal
representation of ECoG signals to estimate an alternative feature space revealing the
main neural state patterns. However, linear relationships between brain patterns and the
stimuli are assumed, which in practice may not hold. Besides, obtained inter-channel
variations are not directly considered neglecting intrinsic functional connectivity pat-
terns of the neurons [3].

Here, a Kernel-based Feature Representation (KFR) approach is proposed to develop
neural decoding systems from measured ECoG signals. We aim to encode brain func-
tional connectivity across multiple cortical areas by finding spatio-temporal similarity
among ECoG channels. Thus, we introduce a kernel function to embed input data into a
sliding window to find the Inter-Channel Similarity (ICS). Based on the estimated ICS,
a new data representation is built to decode a given stimulus from relevant ICS varia-
tions along time. Therefore, KFR facilitates the analysis of neural states by extracting
the main patterns of multi-channel time-series. KFR is tested on two neural decoding
databases related to food tracking and visual grating stimuli in macaques. Approach
performance is assessed in terms of data interpretability and system accuracy. Obtained
results show that proposed KFR provides an efficient way to extract relevant informa-
tion from ECoG signals.

2 Kernel-Based Functional Data Representation

2.1 Kernel-Based Pair-Wise Similarity

We will assume ϕ : Z→H as a nonlinear function mapping from the original feature
space, Z, to a Reproducing Kernel Hilbert Space (RKHS), H. Therefore, a pairwise
kernel-based similarity measure between two input samples {z, z′}∈Z is calculated
as κ (z, z′)=〈ϕ(z), ϕ(z′)〉, where κ (·, ·) is a positive definite kernel function, we the
so-called “kernel trick”avoids the need for computing directly ϕ(·). Due to universal
approximation ability, the well-known Gaussian kernel is employed commonly to esti-
mate the pair-wise sample relationship as follows:

g (δ (z, z′) ;σ) � exp
(
−δ (z, z′)2 /(2σ2)

)
, (1)

where σ∈R+ is the kernel band-width and δ (·, ·)∈R+ is a certain introduced distance
operator in Z. So, we make use of Eq. (1) as a kernel-based data representation to
encode nonlinear relationship between samples.

2.2 Functional Representation Using Inter-Channel Similarity

We represent brain neural activity through a multi-channel input matrix X∈Rp×T ,
where p∈N is the number of channels and T∈N is the number of time samples last-
ing each i-th ECoG channel recording, xi∈RT with i∈{1, . . . , p}. To discover both
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spatial and temporal relationships between channels, we propose to embed each row
vector xi∈X by using a sliding window lasting L∈N samples. Therefore, we get a
newly embedded data representation set Ψ={Dn : n=1, . . . , N}, holding each matrix
Dn∈Rp×L where each row vector di

n∈RL is calculated as follows:

di
n =

[
xi,L(n−1)+1, . . . , xi,L(n−1)+L

]
,

where xi,L(n−1)+1∈R is the amplitude value of the i-th channel at the time instant
L(n− 1) + 1.

To measure spatial relationships among channels, we propose the use of pairwise
Inter-Channel Similarity (ICS) based on the above introduced Gaussian kernel func-
tion. Thus, provided Dn, we estimate the ICS set Λ={Sn :n=1, . . . , N} within every
n-th sliding window, where elements of each matrix Sn∈Rp×p are computed as the
following pairwise row evaluation:

sijn = g
(||di

n − dj
n||2;σS

)
, (2)

where notation ‖ · ‖2 stands for the 2−norm.
Further, functional representation of input data X is accomplished by encoding

along the time all estimated ICS values in (2), using once again the introduced RKHS
mapping. As a result, we obtain the Kernel-based Functional Representation matrix
K∈RN×N with elements calculated as follows:

knm = g (||Sn,Sm||F ;σK) , (3)

where notation ‖ · ‖F stands for the Frobenious norm.

3 Experimental Set-Up and Results

We test the proposed KFR training as a suitable feature extraction approach to support
neural decoding systems from Electrocorticographic (ECoG) signals. So, the consid-
ered neural decoding system based on KFR can be summarized in following three main
stages: i) the preprocessing of brain activity signals aiming to avoid the influence of
artifacts and to highlight frequency bands of interest, ii) the KFR-based feature extrac-
tion stage facilitating the analysis of neural states, and iii) the learning stage allowing to
find neural patterns that are related to a given stimulation, e.g., intention of movement
and visual stimuli. For the concrete testing, system performance is validated in terms of
data interpretability as well as the prediction accuracy. Fig. 1 shows the general scheme
of the neural decoding system based on the proposed KFR.

3.1 Neural Decoding Databases

Two publicly available databases from Brain Science Institute are used1. The first one is
called Food Tracking Task (FTT), where some monkeys were trained to reach for food
offered by an experimenter using the hand contralateral to the implanted hemisphere

1 http://www.neurotycho.org/
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Fig. 1. Neural decoding system scheme where the proposed KFR stage (plotted with dashed lines)
is the object of the present analysis

while the monkey movement was captured by an optical motion acquisition system.
So, FTT holds ECoG signals from two Japanese macaques (conditionally designated as
Monkey A and Monkey K). Both monkeys were chronically implanted with electrodes in
the subdural space. Particularly, 32 electrodes were implanted in the right hemisphere
of Monkey A, and 64 electrodes were used in the left hemisphere of Monkey K. Brain
signals were recorded at 1 kHz while motion signals were captured at 120Hz.

In the second used database, Visual Grating Task (VGT), the ECoG signals of a
Japanese macaque (designated as Monkey K2) were recorded at 1 kHz using 128 chan-
nels while he was sitting in front of a screen with restrained motion in both arms. A
grating pattern moving in eight directions was presented to the monkey who was at
490mm distance to the screen. The grating pattern stepwise changed starting from 45◦

to 360◦ with an increment of 45◦. The blank and grating patterns were alternatively
switched every two seconds.

3.2 KFR-Based Extraction of Relevant Brain Activity Patterns

In the first case of application, the KFR approach is used to extract a set of relevant
brain activity patterns in accordance with the following training stages:

Preprocessing stage: This procedure is carried out on both considered data collections.
For the FTT database, all ECoG signals are filtered using a low-pass filter with cutoff
frequency of 250Hz and statistically normalized using a common average reference
(CAR). Besides, the motion channels are interpolated to get every ECoG signal last-
ing the same length. We explicitly consider the experiment carried out with Monkey
A on November 27th, 2008 that is set up with 56 channels, namely, 32 ECoG sig-
nals plus 8 XYZ-dimensional motion channels, i.e., 24 motion signals. Thus, we get
the preprocessed ECoG signal matrix X∈R32×T for the FTT database. For the VGT
database (Monkey K2), since a label set is provided identifying one visual stimulus at
each time instant, we only center input ECoG data at CAR to get the preprocessed
matrix X∈R128×T .

KFR-based feature extraction: We estimate the KFR measure as spatio-temporal sim-
ilarity. Particularly, the time sequence ranges from 301 s to 400 s for the Monkey A,
where the needed sliding window size value is empirically fixed as L=100 with 90%
of overlapping, while the corresponding time sequence goes from 25, 933 s to 41, 981s
with L=700 and overlapping 50%, for the Monkey K2. In this case, there are 8 patterns:
4 grating and 4 blank (resting); each one lasting 2 s, resulting in selected sequences of
about 16 s-length. In addition, as proposed in [6], both required kernel width values, σS
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and σK in (2) and (3), are automatically computed by maximizing the variance of the
considered Gaussian kernel matrix as:

σ∗ = argmax
σ

{var (g(·;σ))} . (4)

being var(·) the variance operator.
Fig. 2 shows all estimated KFR-based features: a couple of examples of ICS values

are in the top row while the KFR spatio-temporal similarity values are in the bottom
row, which clearly indicate that cortical activity is activated by the input stimuli. As
evidenced by the obtained results, ICS reaches higher and more gathered values in the
VGT database (See Fig. 2(b)), suggesting that all channels are influenced by the same
stimulus, unlike the FTT case (See Fig. 2(a)) achieving more scattered values. Now,
KFR-based features presented in Fig. 2(c) and Fig. 2(d) allow to highlight functional
brain connectivity along time according to the input stimulus. For instance, regarding
to Monkey A, attained spatio-temporal relationships among neural states (ICS) decode
the repetitive motion pattern of the monkey. Likewise, KFR for Monkey K2 reveals how
some neural states share similar variations, which can be related to transitions between
blank and grating patterns in VGT. Nonetheless, computed ICS similarities in VGT
exhibits lower dependencies values in comparison to FTT, which are explained by the
fact that VGT deals with five different stimuli, blank and four different grating patterns,
inducing more complex neural responses.

Learning stage: To test the proposed neural decoding system in terms of data in-
terpretability, we try, from extracted KFR ECoG features, to infer the already known
activity labels that further are interrelated to the input stimuli applied on either sub-
ject (Monkey A or Monkey K2). To this end, we carry out spectral clustering of the
obtained KFR spatio-temporal similarity values using the weighted kernel principal
component analysis approach that is based on primal-dual least-squares support vector
machines formulations [7]. The considered experiment for the Monkey A is an asyn-
chronous food-reaching task with ECoG recordings lasting 15 minutes. Although there
are some motion activities that may be stated from the provided data collection, for the
sake of simplicity, we only consider the visual interpretability of two arm motion activ-
ities: hand-to-food and hand-to-mouth. In the same way, we aim at distinguishing both
changes in brain activity when grating and blank patterns appear on the screen (every
two seconds), for Monkey K2. Hence, we fix the number of clusters as two for both
databases.

Fig. 3(a) shows the 24 motion channels along the considered time sequence with
the labels obtained from using spectral clustering on ECoG KFR matrix presented
in Fig. 2(c) (Monkey A). As seen, there are mainly two stages: peaks and steady state;
each one relating to strong and smooth changes, respectively. Therefore, we can infer
that one cluster is associated to the hand-to-food activity while another to the hand-to-
mouth. Similarly for the Monkey K2 data, correlation between ECoG signals and the
visual stimuli are computed by applying spectral clustering on KFR matrix in Fig. 2(d).
Attained results are shown in Fig. 3(b), where the red and blue line represents the
actual visual stimulus and the corresponding predicted stimulus, respectively. The la-
bel 1 stands for the grating patterns while the label 2 for the blank patterns. As seen
in Fig. 3(b), the predicted decoding signal for Monkey K2 matches roughly the input
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(a) Monkey A (b) Monkey K2

(c) Monkey A (d) Monkey K2

Fig. 2. KFR-based features for FTT and VGT datasets. top row: Inter-Channel Similarities for a
given window. bottom row: Kernel-based Functional Representation.

(a) Monkey A. — hand-to-food. — hand-
to-mouth.

(b) Monkey K2. — Visual stimuli. - - -
Predicted visual stimuli.

Fig. 3. Neural decoding results from ECoG by applying spectral clustering on KFR-based features

stimulus, indeed, there are some delay in detecting changes due to neural state tran-
sitions. Hence, KFR-based features shown in Fig. 2 can be validated visually by the
estimated clusters in FTT and VGT databases.
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3.3 Stimuli Prediction Using KFR-Based Features

To test the proposed KFR on neural decoding tasks, we predict hand position based on
the eight baseline experiments that are widely carried out for the FTT database [5]: five
for Monkey A and three for Monkey K.

Preprocessing stage: ECoG signals are low-pass filtered with the 500Hz cutoff fre-
quency. All recordings holding motion marker locations are down-sampled to 20Hz.
Both ECoG and motion channels are centered at CAR.

KFR-based feature extraction: To compute the KFR-based features from prepro-
cessed ECoG signals within the time sequence ranging from 0 s to 900 s (i.e., 15 min-
utes), we empirically fix the needed sliding window size as L=500 with 95%
overlapping in all experiments. The values σS and σK are computed as in Eq. (4).

Learning stage: Provided the KFR-based features, we try to predict each hand tra-
jectory accomplished by the primate. For this, we employ the kernel adaptive filter-
ing approach proposed in [8] (termed Quantized Kernel Least Mean Square- QKLMS)
where the step and the quantization sizes are empirically adjusted as 0.81 and 0.9,
respectively. To perform prediction accuracy, we calculate the correlation coefficients
between observed and predicted trajectories for X-Y-Z positions, but only for one part
of the recordings within the last 5 min. Table 1 shows the mean and standard deviation
of the estimated correlation coefficients that are contrasted against a baseline approach
that computes spatio-spectra-temporal features over ECoG and employs Partial Last
Square regression for neural decoding purposes [5]. It must be noted that in case of the
KFR approach, 8 experiments are carried out while obtained results for the PLS are for
35 experiments. The latter due to only eight experiments are publicly available.

Table 1. Stimuli prediction results

Coordinate Baseline [5] KFR
X 0.71± 0.11 0.9327 ± 0.1024
Y 0.71± 0.13 0.8742 ± 0.2591
Z 0.75± 0.08 0.8801 ± 0.1861

The results shown how our algorithm improves the prediction task for all hand po-
sitions in comparison to the baseline. This fact can be attributed to the proposed KFR
feature extraction, since, relevant relationships among cortical regions are encoded by
ICS variations along time. Thereby, QKLMS allows to suitable predict hand trajectories
by adapting a filtering model given a new neural state representation (ICS).

4 Concluding Remarks

In this work, a KFR is proposed to infer relevant features from multi-channel time-
series. Particularly, each channel is embed by using a sliding window to extract relevant
Inter-Channel Similarity (ICS) in RKHS. Afterwards, data functional connectivity is en-
coded from ICS by calculating similar ICS patterns using another kernel function. Our
approach is tested as a feature extraction stage in neural decoding tasks from ECoG
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recordings of macaques. Thus, we decode both hand trajectory movement in FTT and
visual stimuli in VGT. The obtained results in terms of data interpretability and stimuli
prediction show how KFR is able to infer the main neural state relationships, which are
related to motion cyclic patterns and visual stimuli transitions. Particularly, attained
FTT results exhibits how KFR decodes two main motion stages: hand-to-food and
hand-to-mouth activities. Similarly for VGT data, KFR-based approach decodes visual
stimuli transitions between the blank and grating patterns. In addition, KFR features
are used to estimate hand trajectories in FTT by using a QKLMS-based prediction. Our
approach outperforms a baseline algorithm in terms of a correlation measure between
the original and the predicted time-series.

As a future work, the proposed KFR should be tested for different neural decoding
tasks to validate its accuracy and stability for finding the central neural state relation-
ships in complex stimuli. Moreover, other algorithms for multi-channel prediction can
be assessed by using KFR-based features. Finally, developing a methodology to se-
lect the single cortical areas responding mainly to a given stimulus in neural decoding
systems could be of benefit.
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