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Relaxation-Based Feature Selection for Single-Trial
Decoding of Bistable Perception
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Abstract—Bistable perception refers to the phenomenon of spon-
taneously alternating percepts while viewing the same stimulus
continuously. Bistable stimuli allow dissociation between stimuli
and perception, and thus, provide a unique opportunity for un-
derstanding the neural basis of visual perception. In this paper,
we focus on a relaxation (RELAX) based algorithm to select fea-
tures from the multitaper spectral estimates of the multichannel
intracortical local field potential (LFP), simultaneously collected
from the middle temporal visual cortex of a macaque monkey, for
decoding its bistable structure-from-motion (SFM) perception. We
demonstrate that RELAX surpasses the conventional sequential
forward selection (SFS) by offering the flexibility of modifying se-
lected features. We propose a redundancy reduction preprocessing
technique to significantly reduce the computational load for both
SFS and RELAX. We exploit the support vector machines classifier
based on the selected features for single-trial decoding the reported
perception. Our results demonstrate the excellent performance of
the RELAX feature selection algorithm. Furthermore, we find that
the features in the gamma frequency band (30–100 Hz) of LFP are
most relevant to bistable SFM perception. This finding is novel in
awake monkey studies and suggests that gamma oscillations carry
the most discriminative information for bistable perception of SFM
stimuli.

Index Terms—Bistable stimuli, feature selection, local field po-
tential (LFP), middle temporal (MT), multitaper spectral analysis,
perception, redundancy, relaxation (RELAX), relevance, sequen-
tial forward selection (SFS), single-trial decoding, structure-from-
motion (SFM), support vector machines (SVMs).

I. INTRODUCTION

THE STUDY of the neuronal correlates of perceptual re-
ports elicited by ambiguous visual stimuli is promising

for understanding the neural basis of visual perception [1]. Re-
cently, such investigations have been conducted in humans using
single-trial EEG analysis [2], [3]. Considerable efforts have also
been made to link perception to neural activity in the middle
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temporal (MT) visual area of macaque monkeys using intra-
cortical recordings [4]–[8]. Although the neural signal used in
most monkey studies [4], [5], [8] was spiking activity, i.e., the
simultaneous activity of spiking neurons, recently local field
potentials (LFPs) have also been used to predict these percep-
tual judgments [6], [7]. Compared with spiking activity, LFPs,
which predominantly reflect the synaptic activities of local pop-
ulations of neurons [9], are easier to collect and can maintain
a more stable recording over very long periods of time, and
thus, hold the potential for the development of reliable neural
prostheses. In addition, much evidence [10]–[13] has shown
that the temporal structure of the LFP is modulated by various
cognitive processes and may therefore reflect neural processing
at a population level, suggesting that LFP provides additional
information to spiking activity. As such, the investigation of
correlations between perceptual reports and LFP during phys-
ically identical but perceptually different conditions may shed
new lights on the mechanism of neural information processing
and the neural basis of visual perception.

The temporal structure of the LFP can be characterized by
spectral analysis. Given the nonstationary and time-varying na-
ture of a typical single-trial LFP time series, it is generally
preferred to convert the LFP time series into a time–frequency
spectral representation (i.e., spectrogram). This, in turn, has
given rise to signal processing challenges. The availability of si-
multaneous multichannel recordings further complicates data
analysis and interpretation. To exploit the information from
the space, time and frequency domains, there is a need to
construct an LFP feature set that is of high dimensionality.
Yet, the number of instances for each feature is often small.
This can lead to the so-called curse of dimensionality [14].
In addition, there may be many irrelevant or redundant fea-
tures in a typical LFP feature set. The irrelevant features sel-
dom show the correlation between brain activity and a given
percept, and hence, give very little discriminative information,
while the redundant features give no additional information to
other features. By eliminating both irrelevant and redundant fea-
tures, more accurate classification and faster computation can be
attained [15], [16].

There are two major dimensionality reduction processes,
namely feature selection and feature extraction. Feature selec-
tion is the process of selecting a subset of features from a given
feature set, whereas feature extraction is a process of generating
new features by transforming or combining features in a given
feature set. The difference between feature selection and feature
extraction is that the former does not create new features but
only eliminates features. Hence, its resulting features preserve
the physical meaning of the features in the given feature
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set. Consequently, feature selection has been widely used in
diverse fields ranging from bioinformatics, statistics, pattern
recognition, machine learning, data mining, text processing,
Web applications, speech processing to computer secu-
rity [17]–[22]. Feature selection algorithms are commonly
divided into three categories: wrappers, filters, and hybrid-
based methods [22]. The wrapper-based approaches use the
performance of a predetermined classifier to evaluate the
feature subset [23]. The filter-based approaches do not require
any classifiers but use independent measures to evaluate a
subset of features [16], [24]. The hybrid-based approaches
use both independent measures and classifiers for feature
subset evaluation [25], [26]. Compared with wrapper-based
and hybrid-based methods, the filter-based approaches have the
advantages of being not only computationally efficient but also
able to yield classifier-independent feature subsets.

In this paper, we focus on filter-based algorithms to select fea-
tures from the LFP collected in the MT visual area of a macaque
monkey for decoding its perception of bistable structure-from-
motion (SFM) on a single-trial basis. Because of the nonstation-
arity and variability of the LFP signals, we perform multitaper
spectral analysis to obtain the spectral estimates of LFP with a
moving window approach to achieve a good tradeoff between
spectral resolution (bias) and stability (variance). We propose
a relaxation (RELAX) based feature selection algorithm that
surpasses the conventional sequential forward selection (SFS)
algorithm by offering the flexibility of both adding new features
and altering already selected features. We also propose a redun-
dancy reduction preprocessing (RRP) technique to significantly
reduce the computational load of both the SFS and RELAX fea-
ture selection. We exploit the support vector machines (SVMs)
classifier based on the selected features to decode the reported
perception. Our results demonstrate the excellent performance
of the RELAX feature selection algorithm and suggest that the
features in the gamma frequency band (30–100 Hz) carry the
most discriminative information for bistable perception.

The major contributions of the paper are twofold. First, we
present a RELAX-based algorithm to select features from the
multitaper spectral estimate of LFPs. The novelty lies in the use
of RELAX to select the features from a high-dimensional feature
set, yet with significant reduced computational load. Second,
we find that the gamma oscillations are most relevant to bistable
perception of SFM. This is a novel finding that is previously un-
known in awake monkey studies, and has direct implications that
synchronized gamma oscillations carry the most discriminative
information for bistable perception of SFM stimulus.

The rest of the paper is organized as follows. In Section II,
we first present the experimental paradigm and then intro-
duce the multitaper spectral analysis, the filter-based feature
selection, and the SVM classifier. In Section III, we explore
the application of the feature selection algorithms for decod-
ing the bistable SFM perception. In Section IV, we present
the discussions on the contributions of the paper, the crite-
rion function and computational complexity of the RELAX
algorithm, and another well-known classifier: the linear pro-
gramming machine (LPM). Finally, Section V contains the
conclusions.

II. MATERIALS AND METHODS

A. Subjects and Neurophysiological Recordings

Electrophysiological recordings were performed in a healthy
adult male rhesus monkey. After behavioral training was com-
plete, an occipital recording chamber was implanted and a cran-
iotomy was made. Intracortical recordings were conducted with
a multielectrode array while the monkey was viewing SFM stim-
uli, which consisted of an orthographic projection of a transpar-
ent sphere that was covered with randomly distributed dots on its
entire surface. SFM is the perception of 3-D shape from motion
cues. When in motion, this stimulus gives the striking percept
of a 3-D sphere spinning in one of the two possible directions:
clockwise or counterclockwise.

Trials initiated with a short period of fixation (300–500 ms),
followed by the presentation of the SFM stimulus for 2000–
3000 ms with an average interstimulus interval of 2000 ms. The
stimulus rotated for the entire period of presentation, giving the
appearance of a 3-D structure. The monkey was well trained and
required to indicate the choice of rotation direction (clockwise
or counterclockwise) by pushing one of two levers. The stimuli
in the task were randomly intermixed with both the disparity-
biased trials and ambiguous (bistable) trials. Correct responses
for disparity-defined stimuli were acknowledged with applica-
tion of a fluid reward. In the case of fully ambiguous (bistable)
stimuli, where the stimuli can be perceived in one of two pos-
sible ways, the monkey was rewarded by chance. Only trials
corresponding to bistable stimuli are analyzed in the paper.

The recording site was the MT area of the monkey’s vi-
sual cortex, which is commonly associated with visual motion
processing. Multielectrode multiunit and LFP recordings (nine
electrodes) were collected in MT. Only LFP was used in this
study to demonstrate the proposed RELAX feature selection
method. LFP was sampled at 200 Hz.

B. Multitaper Spectral Analysis

The multitaper method is employed to perform single-trial
spectral estimation due to its excellent performance [27]–[29].
In contrast to the unitaper method [30], in which a single taper
(window) such as boxcar or Hanning window is applied to the
data, the multitaper method involves the use of multiple data
windows for spectral estimation. The optimal family of win-
dows are the Slepian functions or discrete prolate spheroidal
sequences, which form a set of orthogonal functions [31]. The
Slepian functions are characterized by their half-bandwidth W
in frequency and their length L in time. For a given W and L,
there are 2LW − 1 tapers that are well concentrated within the
frequency band [−W,W ] and suitable for use in spectral estima-
tion. It is suggested to use M = 2LW − 3 to M = 2LW − 1
tapers in [27]. The procedure to compute the spectral estimate
is as follows.

1) Computing the Slepian functions

wm (t), t = 1, . . . , L, m = 1, . . . , M. (1)

Authorized licensed use limited to: Drexel University. Downloaded on February 16, 2009 at 09:02 from IEEE Xplore.  Restrictions apply.



WANG et al.: RELAXATION-BASED FEATURE SELECTION FOR SINGLE-TRIAL DECODING OF BISTABLE PERCEPTION 103

These are parameterized by their length in time L and
bandwidth in frequency W , and M tapers. The routine
called dpss is available in MATLAB.

2) Computing the tapered Fourier transforms of the length-L
data x(t) for each taper wm (t),m = 1, . . . ,M

x̃m (f) =
L∑

t=1

x(t)wm (t) e−j2πf t . (2)

3) Computing the multitaper spectral estimate Ŝx(f) that is
obtained as the average over individual windowed spectral
estimates

Ŝx(f) =
1
M

M∑

m=1

|x̃m (f)|2 . (3)

The power spectrum can be computed with a moving window
to obtain a spectrogram that provides a time–frequency repre-
sentation of the LFP data.

C. Feature Selection

In this section, we focus on both the efficiency and effec-
tiveness of feature selection. First, we choose the filter-based
method instead of the wrapper-based and hybrid-based meth-
ods due to the properties of computational efficiency and gen-
eralization (classifier-independence) of the filter-based method.
Second, we propose in this paper a RELAX-based approach to
improve the effectiveness of feature selection. Third, we propose
an RRP technique to significantly reduce the computational load
for the SFS and RELAX feature selection.

1) Criterion Function: We employ classifier-independent
measures called relevance and redundancy to construct the crite-
rion function for feature selection [16], [21]. For a given feature
subset, relevance measures correlations between instances of
features with class labels, whereas redundancy measures corre-
lations between instances of all feature pairs. An ideal feature
subset should have high relevance and low redundancy.

Assume there are K features in a feature subset. The relevance
of the feature subset is defined as

relevance =
1
K

K∑

k=1

rk (4)

where rk denotes the correlation coefficient between the kth
feature and the class label. And the redundancy of the feature
subset is defined as

redundancy =
1

K2

K∑

i=1

K∑

j=1

ri,j (5)

where ri,j denotes the correlation coefficient between the ith
feature and the jth feature.

For feature selection, we maximize the following criterion
function to strike a balance between relevance and redundancy

criterion function = relevance − redundancy. (6)

The optimal feature set can be found by employing an ex-
haustive search, but it is too computationally expensive for most

applications. In this paper, we consider more practically relevant
sequential suboptimal methods for feature selection.

2) SFS and RELAX-Based Feature Selection: The sequential
search can be done by forward selection or backward elimina-
tion [20]. In forward selection, features are progressively added
into the selected feature subset, while in backward elimination,
features are progressively eliminated from the original feature
set. A well-known and commonly used method for selecting fea-
tures from a high-dimensional feature set is SFS, which chooses
the features incrementally by adding one feature at each step as
follows. Assume the number of features to be selected is J . In
practice, J is often set by trials and errors if no assumptions of
the data distributions are used [21].

The SFS Feature Selection Algorithm
Step 1: Assume K = 1. Choose the feature that has highest

relevance among all features in the feature subset.
Since only one feature is chosen, no redundancy can
be computed.

Step 2: Assume K = 2. Choose the feature from the remain-
der of the feature pool so that its combination with
feature 1 yields the maximum criterion function.

Step 3: Assume K = 3. Choose the feature from the remain-
der of the feature pool so that its combination with
feature 1–2 yields the maximum criterion function.

[Remaining steps]: Continue similarly until K is equal to J .
The shortcoming of SFS is that there is no way to change the

previously selected features in the latter steps. In this paper, we
propose a RELAX-based feature selection algorithm that offers
the flexibility of both adding new features and correcting al-
ready selected features. In our previous paper [8], we employed
RELAX for weighted combination of signals from all the avail-
able channels to optimize the area under the receiver operating
characteristic (ROC) curve. To the best of our knowledge, the
method described here is the first time that RELAX has been
used for feature selection. The RELAX feature selection algo-
rithm consists of the following steps.

The RELAX Feature Selection Algorithm
Step 1: Assume K = 1. Choose the feature with the highest

relevance among all features in the feature subset.
Since only one feature is chosen, no redundancy can
be computed.

Step 2: Assume K = 2. Choose the feature from the remain-
der of the feature pool so that its combination with
feature 1 yields the maximum criterion function. Save
the maximum criterion function. Take the feature out
from the feature pool and name it as feature 2. Next,
we do the following K substeps. Choose the feature
from the remainder of the feature pool so that its com-
bination with feature 2 yields the maximum criterion
function. If the new maximum criterion function is
higher than the saved maximum criterion function,
update the maximum criterion function and swap fea-
ture 1 and the newly selected feature. Choose the fea-
ture from the remainder of the feature pool so that its
combination with feature 1 yields the maximum cri-
terion function. If the new maximum criterion func-
tion is higher than the updated maximum criterion
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function, update the maximum criterion function and
swap feature 2 and the newly selected feature. Then,
iterate the previous K substeps until the criterion
function stops increasing.

Step 3: Assume K = 3. Choose the feature from the remain-
der of the feature pool so that its combination with
feature 1–2 yields the maximum criterion function.
Save the maximum criterion function. Take the fea-
ture out from the feature pool and name it as feature
3. Next, we do the following K substeps. Choose the
feature from the remainder of the feature pool so that
its combination with features 2–3 yields the maxi-
mum criterion function. If the new maximum crite-
rion function is higher than the saved maximum crite-
rion function, update the maximum criterion function
and swap feature 1 and the newly selected feature.
Choose the feature from the remainder of the feature
pool so that its combination with features 1–3 yields
the maximum criterion function. If the new maxi-
mum criterion function is higher than the updated
maximum criterion function, update the maximum
criterion function and swap feature 2 and the newly
selected feature. Choose the feature from the remain-
der of the feature pool so that its combination with
features 1–2 yields the maximum criterion function.
If the new maximum criterion function is higher than
the updated maximum criterion function, update the
maximum criterion function and swap feature 3 and
the newly selected feature. Then, iterate the previous
K substeps until the criterion function stops increas-
ing.

[Remaining steps]: Continue similarly until K is equal to J .
3) Redundancy Reduction Preprocessing: The computa-

tional cost of RELAX and SFS can be high if the feature set is
large. To alleviate this problem, we propose an RRP technique
that reduces the feature set by eliminating some redundant fea-
tures. Our intuition stems from the observation that the features
from different moving windows and channels corresponding to
the same frequency bin are generally correlated with each other.
In other words, there are many redundant features at each fre-
quency bin that do not provide additional information. Hence,
we can choose representative features for all frequency bins,
i.e., features whose instances are most correlated with the class
labels. As such, we obtain a reduced feature set for subsequent
RELAX and SFS feature selection. Since RRP greatly reduce
the redundancy and the size of the feature set to be searched, it
becomes invulnerable to the curse of dimensionality problem.
Note that the features for different frequency bins in the reduced
feature set may be derived from distinct channels and moving
windows, and hence, the reduced feature set still contains di-
verse information for feature selection.

It is noteworthy that RRP can be done rather quickly even
for a high-dimensional feature set due to the fact that at each
frequency bin, only the calculation of the correlation coefficient
between each feature and the class label as well as the search
for the feature with the maximum correlation coefficient are
performed. In addition, the reduced feature set generally has a

much smaller number of features than the original feature set
and hence leads to significant reduction in computational cost
for feature selection as shown in the experimental results later
on.

D. SVMs Classifier

SVM is a popular classifier that distinguishes different classes
of data by minimizing the empirical classification error and max-
imizing the margin [32], [33]. Since SVM is robust to outliers
and has a good generalization capability, it has been used in a
wide range of applications [34].

Assume that xi , i = 1, . . . , I are the I training feature vectors
for decoding and the class labels are yi ∈ {−1,+1}, then SVM
solves the following optimization problem:

min‖w‖2 + C

I∑

i=1

ξi

subject to yi(w′xi + b) ≥ 1 − ξi

ξi ≥ 0 (7)

where w is the weight vector, C > 0 is the penalty (or regular-
ization) parameter of the error term chosen by cross-validation,
ξi is the slack variable, and b is the bias term. It turns out that
the margin of the two classes is inversely proportional to ‖w‖2 .
Therefore, the first term in the objective function of SVM is
used to maximize the margin. The second term in the objective
function is the regularization term that allows for training errors
for the inseparable case.

The Lagrange multiplier method can be used to find the op-
timal solution for w and b in the earlier optimization problem.
Assume that t is the testing feature vector. Testing is done as
follows. If w′t + b ≥ 0, the label of t is classified as +1, oth-
erwise the label is classified as −1. SVM can also be used as a
kernel-based method when the feature vectors are mapped into
a higher dimensional space [32], [34].

III. EXPERIMENTAL RESULTS

In this section, we provide experimental examples to demon-
strate the performances of the proposed feature selection ap-
proaches for predicting perceptual decisions from the neuronal
data. In total, 96 trials and nine channels of LFP were used in this
study. For each trial, multitaper spectral analysis is performed on
a 500-ms-long nonoverlapping sliding analysis window during
the initial time period of 1500 ms after stimulus onset. In each
window, the power spectrum was estimated with 50 frequency
bins. We choose the bandwidth LW = 3 and use the first three
Slepian sequences as tapers. This yields a large feature set of
1350 features (9 channels × 3 time windows × 50 frequency
bins), from which we select discriminative features.

We employ the linear SVM classifier from the LIBSVM pack-
age and linearly scale each feature to the range of [0, 1] [35].
The regularization parameter in SVM is chosen by cross-
validation [35]. After feature selection, we employ fivefold
cross-validation based on the selected features of the training
data using a number of regularization parameters, and choose the
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Fig. 1. Comparison of decoding accuracy based on SFS and RELAX feature selection from the multitaper spectral estimates. (a) No RRP is used. (b) RRP is
used. The horizontal dotted lines in the figure denote the decoding accuracies obtained without feature selection.

regularization parameter with the best cross-validation perfor-
mance. We use decoding accuracy as the performance measure,
calculated via leave-one-out cross-validation (LOOCV). In par-
ticular, for a dataset with N trials, we choose N − 1 trials for
feature selection and training and use the remaining 1 trial for
testing. This is repeated for N times with each trial used for
testing once. The decoding accuracy is obtained as the ratio of
the number of correctly decoded trials over N .

Fig. 1 shows the decoding accuracy based on the SFS and
RELAX feature selection from the multitaper spectral estimates
as the number of selected features K increases from 2 to 10. In
Fig. 1(a), the RRP technique is not used and SFS and RELAX
are applied to the original feature set. In Fig. 1(b), RRP is used
and SFS and RELAX are applied to the reduced feature set. The
horizontal dotted lines in Fig. 1 denote the decoding accuracies
obtained without feature selection. Note that feature selection
can improve the decoding performance and that RELAX out-
performs SFS. In fact, we find that in both Fig. 1(a) and (b), the
decoding accuracy obtained via RELAX is significantly better
than that obtained via SFS (p < 0.05, t-test).

In order to have a closer look at which features are selected
by the feature selection methods, we examined the frequency
features chosen by our methods by plotting the histograms of the
selected frequency features across all LOOCVs. For example,
when K = 3, each LOOCV selects three features corresponding
to three frequency bins, and a histogram can be plotted given the
3N frequency bins selected in N LOOCVs. Fig. 2 shows the his-
tograms of the frequency features selected across all LOOCVs
based on the SFS and RELAX feature selection from the multi-
taper spectral estimates. The five subgraphs from top to bottom
correspond to the selection of two to six features, respectively.
Note that when K = 2, the selected features are located near 56
and 96 Hz. As the number of selected features increases, more
features at other frequencies are selected and the histograms be-
come more spread across the frequency range. Still, almost all
the selected features are in the gamma frequency band. Further-
more, the histograms of SFS and RELAX have no pronounced
differences when K is no more than 3. As K increases beyond
3, the selected features by RELAX become more scattered than
those by SFS. This shows that the features selected by RELAX
are less redundant than those by SFS, which is probably the

reason why RELAX outperforms SFS in terms of decoding ac-
curacy. Fig. 3 shows the histograms of the frequency features
selected across all LOOCVs based on the RELAX feature selec-
tion from the multitaper spectral estimates. The five subgraphs
from top to bottom correspond to the selection of seven to ten
features, respectively. Note from Fig. 3(b) that when K increases
beyond 6, besides the features in the gamma frequency band,
the feature corresponding to 22 Hz within the beta frequency
band (15–30 Hz) are selected by RRP+RELAX across most
of LOOCVs. This may lead to the degradation of the decoding
accuracy obtained via RRP+RELAX at K = 7, as seen in Fig.
1(b). On the other hand, as can be seen from Fig. 3(a), still
almost all the features selected by RELAX are in the gamma
frequency band when K increases beyond 6. Taken together,
our results suggest that the gamma band features carry the most
discriminative information for bistable perception.

Table I shows the decoding accuracy and average computa-
tional time over all LOOCVs [elapsed time in seconds using
MATLAB in a PC (Pentium (R), 3.20 GHz)] based on the SFS
and RELAX feature selection from the multitaper spectral esti-
mates when the number of selected features K is 6. Note that
RELAX has better decoding accuracy than SFS at the expense
of more computation. In addition, the SFS and RELAX fea-
ture selection with RRP is much more computationally efficient
than their counterparts without RRP. The former has less than
one-twentieth elapsed time of that of the latter. Hence, RRP can
significantly reduce the computational burden for both SFS and
RELAX feature selection.

Table II shows the average and best decoding accuracy based
on the SFS and RELAX feature selection from the multitaper
spectral estimates with the number of features ranging from 2
to 6. Here, the average decoding accuracy is defined as the aver-
age of the decoding accuracies computed based on the selected
feature sets with the number of features ranging from 2 to 6,
and the best decoding accuracy is defined as the best of the de-
coding accuracies computed based on the selected feature sets
with the number of features ranging from 2 to 6. Table III shows
the average and best decoding accuracy based on the SFS and
RELAX feature selection from the multitaper spectral estimates
with the number of features ranging from 2 to 10. It is clear
from Tables II and III that RELAX outperforms SFS in terms of
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Fig. 2. Comparison of histograms of frequency features selected across all LOOCVs based on the (a) SFS, (b) RELAX, (c) RRP+SFS, and (d) RRP+RELAX
feature selection from the multitaper spectral estimates. Subgraphs from top to bottom correspond to the selection of two to six features, respectively. Note that
when K = 2, the selected features are located near 56 and 96 Hz. As the number of selected features increases, more features at other frequencies are selected and
the histograms become more spread out across frequencies. Still, almost all selected features are in the gamma frequency range (30–100 Hz). Furthermore, the
histograms of SFS and RELAX have no pronounced differences when K is no more than 3. As K increases beyond 3, the selected features by RELAX become
more scattered than those by SFS.

decoding accuracy and can select more discriminative features
for bistable perception. Given its good decoding accuracy and
modest computational load, RRP+RELAX might be a good
choice in practice. We have tried the unitaper spectral estimates
with different tapers as well and found that the decoding accura-
cies calculated based on the selected features from the multitaper
spectral estimates outperform the decoding accuracies calcu-
lated based on the selected features from the unitaper spectral
estimates. This is likely due to the fact that the multitaper spec-
tral estimates have a better tradeoff between spectral resolution
and stability than the unitaper spectral estimates.

IV. DISCUSSIONS

In this paper, we focus on a RELAX-based algorithm to se-
lect features from the moving window multitaper spectral esti-
mates of the multichannel intracortical LFP signals for decoding
bistable SFM perception. We further propose an RRP technique
to significantly reduce the computational load. Our results sug-

gest that the features in the gamma frequency band (30–100 Hz)
of LFP carry the most discriminative information for decoding
bistable perception.

The use of bistable stimuli is a major strength of the study
since it allows dissociation between stimuli and perception, and
thus, provides a unique opportunity for studying the neural cor-
relate of perception. The major contributions of this paper in-
clude the following. First, we present a RELAX-based algo-
rithm to select features from the multitaper spectral estimate of
LFPs. The novelty lies in the use of RELAX to select the fea-
tures from a high-dimensional feature set, yet with significant
reduced computational load. Second, we find that the gamma
oscillations are most relevant to bistable perception of SFM.
This is a novel finding that is previously unknown in awake
monkey studies, and has direct implications that synchronized
gamma oscillations carry the most discriminative information
for bistable perception of SFM stimulus. Our findings are thus
different, yet complementary, to previous human EEG studies
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Fig. 3. Comparison of histograms of frequency features selected across all LOOCVs based on the (a) RELAX and (b) RRP+RELAX feature selection from the
multitaper spectral estimates. Subgraphs from top to bottom correspond to the selection of seven to ten features, respectively. Note that when K increases beyond
6, besides the features in the gamma frequency band, the feature corresponding to 22 Hz within the beta frequency band (15–30 Hz) are selected by RRP+RELAX
across most of LOOCVs. This may contribute to the degradation of the decoding accuracy obtained via RRP+RELAX at K = 7, as seen in Fig. 1(b). On the other
hand, still almost all the features selected by RELAX are in the gamma frequency band when K increases beyond 6.

in perception [36]–[38], as well as to the recent monkey studies
in attention [10] and working memory [11].

The LFP, a focus of this study, has recently become of increas-
ing interest. Compared with single-unit spiking activity, LFP has
several different characteristics: 1) LFP is a continuous process
while spiking activity is a point process; 2) LFP arises largely
from dendritic activity of a large number of neurons while spik-
ing activity arises mainly from the axon and soma [39]; 3) LFP
is dominated by the synaptic inputs to a larger cortical area as
well as local processing while spiking activity represents the
output of a small number of neurons in a brain area [39]; and
4) LFPs appear to be more correlated with the fMRI BOLD
signal that spikes [40]. Finally, the LFP is easier to record and
maintains a steadier flow of information over time, thus has
the potential of practical use for the development of reliable
brain–machine interfaces. However, LFPs collected by nearby
electrodes are highly correlated, and therefore, the number of
independent measurements from a given brain area is relatively
low.

In terms of the usage and implementation of the RELAX al-
gorithm, this contribution has a number of distinct differences
compared with our previous work [8]. First, we focus on LFP
in this paper instead of spikes in [8], where the average firing
rate was used as a feature. For the LFP analysis, we perform
multitaper spectral analysis to obtain the spectral estimates with
a moving window approach to obtain the spectral features with
a good tradeoff between spectral resolution (bias) and stabil-
ity (variance). As a result, the dimensionality of the spectral
features is much higher than that of neural-firing-rate-based
features. Second, we used RELAX in our previous paper [8]
to find the weights for all the available channels to maximize
the choice probability, whereas in this paper, we use RELAX
to select discriminative features from a high-dimensional fea-
ture set with more than 1000 features. Third, in our previous
paper [8], a 1-D grid search is required for every pairwise linear

TABLE I
COMPARISON OF DECODING ACCURACY AND AVERAGE COMPUTATIONAL TIME

OVER ALL LOOCVS [ELAPSED TIME IN SECONDS USING MATLAB IN A PC
(PENTIUM (R), 3.20 GHZ)] BASED ON THE SFS AND RELAX FEATURE

SELECTION FROM THE MULTITAPER SPECTRAL ESTIMATES WHEN THE

NUMBER OF SELECTED FEATURES K IS 6

combination when combining two channels. The computational
load is extremely high with a large number of channels. It is,
therefore, computationally prohibitive and unrealistic to use the
algorithm in [8] to find the weights for all features in the high-
dimensional feature set, and then, do the feature selection based
on the weights. In this paper, no such 1-D grid search is re-
quired. Instead, we directly tradeoff relevance and redundancy
to select the features. As a result, the computational load is
greatly reduced. Fourth, we proposed an RRP technique to miti-
gate feature redundancy while further significantly reducing the
computational load.

In the criterion function (6) for the RELAX algorithm, we
tradeoff relevance and redundancy equally. It is possible to ap-
ply different weights to the relevance and redundancy in the
criterion function. In this case, however, cross-validation is re-
quired to choose the weights and the feature selection then
becomes wrapper based. In this paper, we prefer to use a filter-
based method to reduce the computational burden. It is also
possible to use relevance/redundancy as the criterion function
as suggested in [21].

In practice, we find that RELAX-based feature selection often
converges within several iterations. However, it is hard to esti-
mate the computational complexity of the RELAX algorithm if
the iterations of substeps of RELAX continue until the criterion
function stops increasing. On the other hand, we can use “prac-
tical convergence” in the iterations of the algorithm by checking
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TABLE II
COMPARISON OF AVERAGE AND BEST DECODING ACCURACY BASED ON SFS AND RELAX FEATURE SELECTION

FROM THE MULTITAPER SPECTRAL ESTIMATES WITH NUMBER OF FEATURES RANGING FROM 2 TO 6

TABLE III
COMPARISON OF AVERAGE AND BEST DECODING ACCURACY BASED ON SFS AND RELAX FEATURE SELECTION

FROM THE MULTITAPER SPECTRAL ESTIMATES WITH NUMBER OF FEATURES RANGING FROM 2 TO 10

if the relative changes of the criterion function are sufficiently
small or if a preset maximum number of iterations is reached.
By checking whether the preset maximum number of iterations
is reached, it can be shown that the computational complexity
of RELAX is O(k2n) if k features are to be selected from a total
of n features.

In this study, we employ the SVM for decoding bistable per-
ception due to its popularity and its excellent performance.
LPM [41]–[43] is yet another well-known classifier that can
also be used for our purpose. The formulation of LPM is the
same as that of SVM except that LPM uses the L1-norm of
the weight vector in the objective function. As a result, LPM
yields a sparse weight vector. It is worth noting that the sparse-
ness of the weight vector for LPM can be exploited for feature
selection. However, LPM requires cross-validation to choose
the regularization parameter. Therefore, LPM for feature selec-
tion is essentially a wrapper-based method, and consequently,
the computational load may be high. The proposed RELAX
method, on the other hand, is filter based and can directly select
a number of features without cross-validation.

V. CONCLUSION

In this paper, we have shown how to use a RELAX-based
algorithm to select features from the LFP in the MT area of
a macaque monkey performing a bistable SFM task. We have
shown that unlike the conventional SFS algorithm, RELAX of-
fers the flexibility of modifying already selected features and
that it can effectively select features without prior knowledge of
the discriminative frequency bins, temporal moving windows,
and channels. We have presented an RRP technique to reduce
the computational load for both the SFS and RELAX feature se-
lection and exploited the SVMs classifier based on the selected
features to decode the reported perception on a single-trial ba-
sis. Experimental results have shown the excellent performance
of the RELAX feature selection algorithm. Using these tech-
niques, we have demonstrated that the features in the gamma

frequency band carry the most discriminative information for
bistable perception.

Our results confirm that MT area is associated with visual
motion processing. The good decoding performances obtained
based on only several selected features suggest that it may not
always be necessary to use a multielectrode array with a large
number of elements for neurophysiological recordings when it
comes to decoding population activity. The excellent perfor-
mance of the RELAX-based feature selection algorithm may be
due to the following reasons. First, the multitaper spectral es-
timates have a good tradeoff between spectral resolution (bias)
and stability (variance). Second, both the spatiotemporal cor-
relations and the nonstationary nature of the single-trial time
series have been taken advantage of by using a comprehensive
feature set for feature selection. Third, the chosen criterion func-
tion strikes a good balance between relevance and redundancy.
Finally, RELAX offers the flexibility of modifying already se-
lected features. In addition, for both the SFS and RELAX feature
selection, the RRP technique can be incorporated to not only
mitigate feature redundancy, but also significantly reduce the
computational load. The proposed feature selection approaches
in this paper may have potential for a plethora of applications
involving nonstationary multivariable time series such as brain–
computer interfaces (BCIs).
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