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a b s t r a c t

The question of how perception arises from neuronal activity in the visual cortex is of fundamental
importance in cognitive neuroscience. To address this question, we adopt a unique experimental
paradigm in which bistable structure-from-motion (SFM) stimuli are employed to dissociate the visual
input from perception while monitoring the cortical neural activity called local field potential (LFP).
Consequently, the stimulus-evoked activity of LFP is not related to perception but the oscillatory induced
activity of LFP may be percept-related. In this paper we focus on extracting the percept-related features
of the induced activity from LFP in a monkey’s visual cortex for decoding its bistable structure-from-
motion perception. We first estimate the stimulus-evoked activity via a wavelet-based method and
remove it from the single-trial LFP. We then use the common spatial patterns (CSP) approach to design
spatial filters to extract the percept-related features from the remaining induced activity. We exploit the
linear discriminant analysis (LDA) classifier on the extracted features to decode the reported perception
on a single-trial basis. We demonstrate that our approach has excellent performance in estimating the
stimulus-evoked activity, outperforming theWiener filter, leastmean square (LMS), and a local regression
method called the locally weighted scatterplot smoothing (LOWESS), and that our approach is effective
in extracting the discriminative features of the percept-related induced activity from LFP, which leads to
excellent decoding performance. We also discover that the enhanced gamma band synchronization and
reduced alpha band desynchronization may be the underpinnings of the induced activity.

© 2009 Elsevier Ltd. All rights reserved.

1. Introduction

The question of how perception arises from neural activity in
the visual cortex is of central importance in cognitive neuroscience.
To answer this question, one important experimental paradigm is
to dissociate percepts from the visual inputs using bistable stimuli.
Bistable perception refers to the phenomenon of spontaneously al-
ternating percepts while viewing the same stimulus continuously.
The study of bistable perception holds great promise for under-
standing the neural correlates of visual perception (Blake & Logo-
thetis, 2002). The local field potential (LFP) has recently received
increasing attention in the analysis of the neuronal population ac-
tivity (Kreiman, Hung, Quiroga, Kraskov, Poggio & DiCarlo, 2006;
Pesaran, Pezaris, Sahani, Mitra, & Andersen, 2002). LFP is thought
to predominantly reflect the synaptic activities of local popula-
tions of neurons (Mitzdorf, 1985). In addition, LFP is easier to

∗ Corresponding author. Tel.: +1 (215) 571 3706; fax: +1 (215) 895 4983.
E-mail address: hualou.liang@drexel.edu (H. Liang).

collect and canmaintain amore stable recording over very long pe-
riods of time. The investigation of correlations between perceptual
reports and LFP oscillations during physically identical but percep-
tually different conditions may provide new insights on the mech-
anism of neural information processing and the neural basis of
visual perception and perceptual decision-making.
Much evidence (Fries, Reynolds, Rorie, & Desimone, 2001;

Liang, Bressler, Buffalo, Desimone, & Fries, 2005; Pesaran et al.,
2002; Scherberger, Jarvis, & Andersen, 2005) 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. To reveal the temporal structure of LFP, the LFP
spectrumat a certain time and frequency is often analyzed. Perhaps
the most commonly used method for spectral analysis is the
Fourier transform,which provides a generalmethod for estimating
the global power-frequency distribution of a given random
process, assuming that it is stationary. As for neurobiological
time series, however, Fourier analysis may be insufficient because
the underlying processes are mostly nonstationary. The short-
time Fourier transform (STFT) provides a means of joint time-
frequency analysis by applying moving windows to a signal

0893-6080/$ – see front matter© 2009 Elsevier Ltd. All rights reserved.
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and Fourier transforming it within each window (Cohen, 1995).
The shortcoming of the short-time Fourier transform, however,
is that a single fixed analysis window is used. Consequently,
signals with different spectral components are treated with the
same frequency resolution. In comparison with Fourier transform
based techniques, wavelet transform (WT) (Mallat, 1999) based
methods offer new capacity and advantages. For example, the basis
functions in WT are not limited to sinusoidal waves, but rather are
chosen by the user to address various problems of time-frequency
resolution. In principleWT uses short windows at high frequencies
and long windows at low frequencies, which renders WT more
suitable for dealing with nonstationary time series.
Our goal is to extract the percept-related features from each LFP

trial that consists of stimulus-evoked activity and induced activ-
ity. Because of the dissociation between the perception and the
stimulus in our experimental paradigm, the stimulus-evoked ac-
tivity in our data is not related to perception. Therefore, only the
induced activity is percept-related. To characterize different activ-
ity of LFP, one way is to use the phaselocked and nonphaselocked
spectrograms (Trautner et al., 2006). The phaselocked spectrogram
of LFP corresponds to the stimulus-evoked activity, while the non-
phaselocked spectrogram of LFP corresponds to the induced activ-
ity. However, the phaselocked and nonphaselocked spectrograms
are calculated based on the average of the time-frequency repre-
sentation of data across trials. For single-trial decoding, however,
features have to be extracted from each single trial.
To extract the single-trial percept-related features, we need

to first estimate the stimulus-evoked activity and then remove it
fromeach LFP trial. Onewidely-used approach for stimulus-evoked
activity estimation is ensemble averaging, which averages across
trials the raw data measured over repeated presentations of a
stimulus. However, ensemble averaging may take too much data
acquisition time and disturb the subjects because it generally re-
quires a large number of trials to achieve satisfactory performance.
Furthermore, averaging also assumes that there are no variations
at all in amplitude, latency or waveform of the stimulus-evoked
activity across many trials. This strong assumption is often not
valid in practice (Truccolo, Knuth, Shah, Bressler, Schroeder &Ding,
2003). Time-varying adaptive filters (Haykin, 2001) such as least
mean square (LMS), recursive least squares (RLS), and the Wiener
filter can also be used to estimate the stimulus-evoked activity.
However, these filters all require a reference signal for each trial,
which is generally calculated as the ensemble average of all trials
except the trial being considered. Therefore, their performances
may degrade due to the trial-by-trial variability of the stimulus-
evoked activity. Wavelet-based approaches, on the other hand, do
not require a reference signal. Since the stimulus-evoked activity
dominates the intracortical recordings, the stimulus-evoked activ-
ity will be wavelet decomposed with large wavelet coefficients,
whereas the induced activity will be decomposed with small coef-
ficients. Therefore, the singe-trial stimulus-evoked activity can be
estimated by thresholding thewavelet coefficients (Donoho, 1995;
Donoho & Johnstone, 1994).
After the estimation and removal of the stimulus-evoked activ-

ity fromeach LFP trial, the next thing to do is to extract the percept-
related features from the remaining induced activity. Since the
percept-related features are embedded in the data simultaneously
recorded from multiple channels, we can exploit the different but
complementary information from various channels for the ex-
traction of the percept-related features. We propose to use the
common spatial patterns (CSP) method to extract the percept-
related features from the remaining signals of multiple channels.
CSP finds spatial filters that maximize the variance for one class
and simultaneously minimize the variance for the other class
and has become a popular feature extraction approach in EEG-
based brain–computer interface (BCI) applications (Koles, 1991;

Müller-Gerking, Pfurtscheller, & Flyvbjerg, 1999; Ramoser, Müller-
Gerking, & Pfurtscheller, 2000).
In this paper we first focus on extracting the single-trial

percept-related cortical ongoing activity induced by the presen-
tation of bistable structure-from-motion (SFM) stimuli, based on
the ongoing research as a next step of our previous work (Wang,
Maier, Leopold, Logothetis, & Liang, 2007). To minimize the contri-
bution of the evoked components to the induced activity in LFP,
we employ wavelet transform on the nonstationary single trials
from each channel to estimate and remove the stimulus-evoked
activity (Wang, Logothetis, & Liang, 2009). We discover that the
enhanced gamma band synchronization and reduced alpha band
desynchronizationmay be the underpinnings of the induced activ-
ity. To better understand the dynamics of induced cortical activity,
we examine the extent to which induced activity can be used to
deduce a monkey’s reported perception of a bistable stimulus. We
apply CSP to design spatial filters for the induced cortical activity
frommultiple channels and extract percept-related features. Based
on the extracted features we decode the monkey’s perception for
each trial using the linear discriminant analysis (LDA) classifier.We
find that our proposed approach is effective in extracting the dis-
criminative features of the percept-related induced activity from
LFP and achieves excellent decoding performance.
The rest of the paper is organized as follows. In Section 2 we

first present thematerials and feature extraction approach consist-
ing of the analysis of induced cortical activity and common spatial
patterns based spatial filtering. We then introduce the linear dis-
criminant analysis (LDA) classifier. In Section 3 we explore the
application of the feature extraction approach for decoding the
bistable SFM perception. Finally, Section 4 contains the conclu-
sions.

2. Materials and methods

2.1. Subjects and neurophysiological recordings

Electrophysiological recordings were performed in a healthy
adultmale rhesusmonkey. After behavioral trainingwas complete,
an occipital recording chamber was implanted and a craniotomy
was made. Intracortical recordings were conducted with a
multielectrode array while the monkey was viewing structure-
from-motion (SFM) stimuli, which consisted of an orthographic
projection of a transparent sphere thatwas coveredwith randomly
distributed dots on its entire surface. Structure-from-motion is the
perception of three-dimensional shape from motion cues. When
in motion, this stimulus gives the striking percept of a three-
dimensional sphere spinning in one of the two possible directions:
clockwise or counterclockwise.
Trials initiatedwith a short period of fixation (300–500ms), fol-

lowed by the presentation of the SFM stimulus for 2000–3000 ms
with an average inter-stimulus-interval of 2000 ms. The stimulus
rotated for the entire period of presentation, giving the appearance
of a three-dimensional structure. Themonkeywaswell trained and
was required to indicate the choice of rotation direction (clock-
wise 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 re-
sponses for disparity-defined stimuli were acknowledgedwith ap-
plication of a fluid reward. In the case of fully ambiguous (bistable)
stimuli, where the stimuli can be perceived in one of two possi-
ble ways, the monkey was rewarded by chance. Only trials corre-
sponding to bistable stimuli are analyzed in the paper.
The recording site was the middle temporal (MT) area of the

monkey’s visual cortex, which is commonly associated with visual
motion processing. Multi-electrode multi-unit and LFP recordings
(9 electrodes)were collected inMT. Only LFPwas used in this study
to demonstrate the proposed feature extraction method. LFP was
sampled at 200 Hz.
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2.2. Feature extraction

Our goal is to extract the percept-related features from each
LFP trial that consists of stimulus-evoked activity and induced
activity. Since the stimulus-evoked activity is not percept-related,
the extracted features should derive from the induced activity.
Our feature extraction approach consists of two stages. First,
we employ a wavelet transform based method to estimate the
stimulus-evoked activity and remove it from the nonstationary
single-trial time series for each channel such that only the percept-
related induced activity remains. Second, we use the common
spatial patterns approach to design spatial filters to extract the
percept-related features from the remaining induced activity of
multiple channels. In what follows, we provide more details for
feature extraction.

2.2.1. Analysis of induced cortical activity
It is well known that the Fourier transform decomposes a signal

in bases of sines and cosines, which have infinite durations. The
wavelet transform, on the other hand, decomposes a signal in bases
of the scaled and shifted versions of a mother wavelet, which is a
specialwaveformwith finite duration. At the low scales themother
wavelet is contracted to match the high frequency components.
At the high scales the mother wavelet is stretched to match the
low frequency components. Therefore, the wavelet transform can
obtain simultaneous time and frequency localizations and is a
powerful complement to the Fourier transform.
The continuous wavelet transform (CWT) of a one-dimensional

signal x(t) with respect to a mother wavelet ψ(t) is defined
as (Chui, 1992)

Wx(a, b) =
1
√
|a|

∫
+∞

−∞

x(t)ψ
(
t − b
a

)
dt (1)

where a, b (a, b ∈ R and a 6= 0) are the scale and translation
parameters, respectively. As its name implies, CWT has continuous
scales and translations, which result in information redundancy
and high computational load. In practice, the scale and translation
parameters are discretized for fast implementation. In fact, the
scales on the powers of two {2l}l∈Z are sufficient and this will yield
the dyadic wavelet transform:

Wx(l, n) =
1
√
2l

∫
+∞

−∞

x(t)ψ
(
t − n
2l

)
dt. (2)

For a wavelet centered at time zero and frequency f0, the wavelet
coefficients Wx(l, n) characterizes the signal x(t) around the
time n and frequency 2−lf0. Using dyadic wavelet transform and
multiresolution analysis, a signal can be decomposed into a coarse
approximation and several details at different scales (levels).
Intracortical LFP recordings contain a mixture of stimulus-

evoked activity and induced activity. Since the stimulus-evoked
activity dominates the LFP signal, it will be wavelet decomposed
with large wavelet coefficients, whereas the induced activity will
be decomposed with small coefficients. Therefore, the single-trial
stimulus-evoked activity can be estimated (Wang et al., 2007)
by thresholding the wavelet coefficients using the thresholds
proposed by Donoho et al. (Donoho, 1995; Donoho & Johnstone,
1994).
Wavelet-based stimulus-evoked activity estimation can be

summarized as a three-step procedure including wavelet decom-
position, nonlinear thresholding, and inverse wavelet reconstruc-
tion. Thresholding is a critical step for separating the signal from
noise and it is dependent on the noisemodel. Mostwavelet thresh-
oldingmethods in the literaturewere proposed for thewhite Gaus-
sian noise model. In Johnstone and Silverman (1997), temporally
correlated noise was studied and level-dependent thresholding

was proposed. Itwas shown that there tends to be little or no corre-
lation between the wavelet coefficients at different levels and the
wavelet coefficients at each level are approximately white noise.
Hence level-dependent thresholding follows naturally.
For the wavelet-based stimulus-evoked activity estimator, the

threshold at the jth level can be written as

λj = σj
√
2 loge(N) (3)

with

σj = MADj/0.6745 (4)

where MADj is median absolute value estimated on the wavelet
coefficients at the jth level.
Two kinds of thresholding methods are popular: hard thresh-

olding and soft thresholding. Hard thresholding sets all thewavelet
coefficients with the magnitudes less than the threshold to zero
andmaintains the otherwavelet coefficients. Soft thresholding also
sets the wavelet coefficients with the magnitudes less than the
threshold to zero. However, it reduces the remaining coefficients
inmagnitude by the threshold. Since the estimates by hard thresh-
olding may contain noisy spikes, we stick to soft thresholding in
the paper. Let wj,k be the kth wavelet coefficient at the jth level.
Soft thresholding is defined as

ŵj,k =

{0 |wj,k| ≤ λj
wj,k − λj wj,k > λj
wj,k + λj wj,k < −λj.

(5)

To characterize different activity of LFP, one way is to use the
phaselocked and nonphaselocked spectrograms (Trautner et al.,
2006). The phaselocked spectrogram of LFP corresponds to the
stimulus-evoked activity, while the nonphaselocked spectrogram
of LFP corresponds to the induced activity. The nonphaselocked
spectrogram is obtained by subtracting the phaselocked spectro-
gram from the original spectrogram. The phaselocked spectrogram
is obtained by by first averaging the complex-valued elements of
the time-frequency representation across trials and then take the
absolute square of each resulting complex-valued element.

2.2.2. Common spatial patterns
After the removal of the stimulus-evoked activity from each

LFP trial based on wavelet thresholding, the remaining signal
is the induced activity. We propose to use the common spatial
patterns (CSP) method to extract the percept-related features
from the remaining induced activity of multiple channels. The
CSP technique has become a popular feature extraction approach
in EEG-based brain–computer interface (BCI) applications (Koles,
1991; Müller-Gerking et al., 1999; Ramoser et al., 2000) and it
essentially finds spatial filters that maximize the variance for one
class and simultaneouslyminimize the variance for the other class.
Assume that we have M channels of signals and each trial has

T time samples. Let Xj(i) denote theM × T data matrix for the ith
trial from class j, where j ∈ {−1,+1} denotes a perceptual report
for the rotation direction with j = −1 for the clockwise direction
and j = +1 for the counterclockwise direction. Let Nj denote the
number of single trials for class j. Then the mean vector for each
class is

X̄j =
1
Nj

Nj∑
i=1

Xj(i). (6)

Let

Vj = Xj(i)− X̄j (7)

and

Rj =
1
Nj

Nj∑
i=1

VjV′j
tr(VjV′j)

(8)
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where Rj is the average normalized covariance matrix for class j,
tr(·) represents the sum of the diagonal elements, and (·)′ means
transpose.
The spatial filters of CSP can be determined by solving a

generalized eigenvalue problem:

R−1v = λR+1v. (9)

It requires that the correlation matrix R−1 be positive definite.
In general, the eigenvectors corresponding to the largest and

smallest few eigenvectors are used as spatial filters for CSP since
they are most suitable for the discrimination purpose.

2.3. Linear discriminant analysis classifier

Linear discriminant analysis (LDA) is a widely used classifier
that provides a linear projection of the data into a low dimensional
subspace with the objective of maximizing the between-class
variance and minimizing the within-class variances (Duda, Hart,
& Stork, 2001).
Let D ∈ {−1,+1} denote a perceptual report for the rotation

direction with D = −1 for the clockwise direction and D = +1
for the counterclockwise direction. For LDA, we assume that the
I × 1 dimensional feature vector xk is Gaussian distributed with
the same covariance matrix Σ for either class, but a different
mean vector m−1 and m+1 for the clockwise direction and
counterclockwise direction, respectively, i.e.,

P(xk|D = +1) =
1

(2π)I/2|Σ |1/2

· exp
(
−
1
2
(xk −m+1)′Σ−1 · (xk −m+1)

)
(10)

and

P(xk|D = −1) =
1

(2π)I/2|Σ |1/2

· exp
(
−
1
2
(xk −m−1)′Σ−1 · (xk −m−1)

)
. (11)

The posterior probability is given by the Bayes theorem as

P(D = −1|xk) =
P(xk|D = −1)P(D = −1)

P(xk)
(12)

where

P(xk) = P(xk|D = +1)P(D = +1)
+ P(xk|D = −1)P(D = −1). (13)

Substituting (10) and (11) into (12), it can be proved that P(D =
−1|xk) satisfies the generalized linear model

P(D = −1|xk) =
1

1+ exp (w′xk + b)
(14)

with

w = Σ−1(m+1 −m−1) (15)

and

b = −
1
2
w′ (m+1 +m−1)+ ln

P(D = 1)
P(D = −1)

. (16)

Assume that t is the testing feature vector. Then ifw′t+ b ≥ 0, the
label of t is classified as+1, otherwise the label is classified as−1.

3. Results

In this section, we first provide simulation results to demon-
strate the excellent performance of wavelet for the estimation of
the stimulus-evoked activity. We then explore the application of
the proposed feature extraction approach for decoding the bistable
SFM perception.

3.1. Simulation results

In the simulation, we use a specific waveform for the stimulus-
evoked activity as shown in Fig. 1(a). The remaining activity is
simulated as a mixture of a Gabor atom and white Gaussian noise.
The Gabor atom is used to simulate the induced percept-related
activity. It is a cosine modulated Gaussian window function and
has this form:

gγ (t) =
1
√
s
g
(
t − u
s

)
cos(2π ft + φ) (17)

where g(t) = e−t
2
. The Gabor atom gγ (t) is centered at u

and its energy is mostly concentrated in a neighborhood of u
with a size proportional to s. The white Gaussian noise was
generated using the internal MATLAB function randn and is
realized differently in different trials. The ratio of the power of
the stimulus-evoked activity to that of the Gabor atom and to
that of the white Gaussian noise is 5 and 1, respectively. We
generate 50 trials of simulated data. Each trial contains 1500 data
samples. Fig. 1(b) shows a single trial containing the stimulus-
evoked activity, Gabor atom andwhite Gaussian noise. A reference
signal needs to be chosen for the Wiener filter, LMS and RLS
and it is calculated as the ensemble average of all trials except
the trial being considered. The filter order for the Wiener filter,
LMS and RLS is chosen to be 100. For the wavelet-based method,
mother wavelets are chosen from the Daubechies wavelet family
due to its properties such as compact support, high vanishing
moments for a given support width, and minimum-phase scaling
functions (Daubechies, 1998). We also consider a local regression
method called locally weighted scatterplot smoothing (LOWESS)
(Cleveland & Devlin, 1979; Loader, 1999) to estimate the stimulus-
evoked activity from each single LFP trial. Like the wavelet-based
method, the LOWESS-based approach does not require a reference
signal. In addition, LOWESS does not require the specification
of a global function to fit all the data samples, but sets several
parameters to fit the data locally.
To assess the performances of different approaches, we employ

the root mean square error (RMSE) between the true stimulus-
evoked activity s(t) and the estimated evoked potential ŝ(t) as the
merit measure. The RMSE is computed as

RMSE =

{
1
T

T∑
t=1

(
s(t)− ŝ(t)

)2} 12 (18)

where T is the number of data samples in each trial.
In the first example, we have a single channel with 50 trials,

all of which contain the same stimulus-evoked activity. Table 1
compares the LMS, RLS,Wiener filter, LOWESS-based andwavelet-
based approaches in terms of the mean and standard deviation
(SD) of the RMSE’s of the stimulus-evoked activity estimates of all
trials. It is obvious that thewavelet-basedmethod obtains themost
accurate estimates among all approaches. Fig. 1(c) and (d) shows
the the average across 50 trials of the LOWESS-based estimates
of the stimulus-evoked activity and the average across 50 trials
of the wavelet-based estimates of the stimulus-evoked activity,
respectively. Note that wavelet has an excellent performance in
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Fig. 1. Simulated results for a single trial. (a) Stimulus-evoked activity, (b) raw signal containing the stimulus-evoked activity, Gabor atom and white Gaussian noise, (c)
average across 50 trials of the LOWESS-based estimates of the stimulus-evoked activity, and (d) average across 50 trials of thewavelet-based estimates of the stimulus-evoked
activity. Note that wavelet has excellent performance in estimating the stimulus-evoked activity.

Table 1
Comparison of the different approaches for 50 trials from a single channel in the
absence of stimulus-evoked activity variation.

Approach LMS RLS Wiener filter LOWESS Wavelet

Mean of RMSE’s 0.4846 0.5208 0.4920 0.2257 0.1905
SD of RMSE’s 0.0144 0.0170 0.0094 0.0190 0.0191

Table 2
Comparison of the different approaches for 50 trials from a single channel in the
presence of stimulus-evoked activity variation.

Approach LMS RLS Wiener filter LOWESS Wavelet

Mean of RMSE’s 0.5919 0.6750 0.6142 0.2246 0.1905
SD of RMSE’s 0.1222 0.1978 0.1513 0.0184 0.0191

estimating the stimulus-evoked activity and clearly outperforms
LOWESS.
Next, we consider a more realistic situation where there is a

random latency jitter in the stimulus-evoked activity across the 50
trials. The jitter has a Gaussian distribution with zero mean and
standard deviation equal to the duration of 30 samples. The noise
and Gabor atom for each trial is the same as in the corresponding
trial of the first example. The latency jitter may occur when the
monkey judges the onset times of the same external stimulus
differently at different trials. Table 2 compares the LMS, RLS,
Wiener filter, LOWESS-based and wavelet-based approaches in
terms of the mean and SD of the RMSE’s of the stimulus-evoked
activity estimates of all trials. The LOWESS-based and wavelet-
based methods maintain similar RMSE to that in the first example.
On the other hand, significant performance degradations arise in
the Wiener filter, LMS and RLS due to the poor reference signal.
The still wavelet performs the best among all the methods in
estimating the stimulus-evoked activity.

Our statistical analysis shows that the RMSE of the wavelet-
based estimates of the stimulus-evoked activity is significantly
lower than that of the LOWESS-based estimates of the stimulus-
evoked activity (p < 0.0001, t-test) for both the case in the
absence of stimulus-evoked activity variation and the case in the
presence of stimulus-evoked activity variation. In addition, we
have tried values other 5 (such as 2, 10) for the ratio of the
stimulus-evoked activity to induced activity. We still find that the
RMSE of the wavelet-based estimates of stimulus-evoked activity
is the lowest among those obtained via all the methods and is
significantly lower than that of the LOWESS-based estimates of
stimulus-evoked activity (p < 0.0001, t-test).

3.2. Experimental results

In this section, we provide experimental examples to demon-
strate the performance of the proposed feature extraction ap-
proach for predicting perceptual decisions from the neuronal data.
Simultaneously collected nine-channel LFP data were used for
demonstration. In the paper we employ the LDA classifier. We use
decoding accuracy as a performance measure and calculate it via
leave-one-out cross-validation (LOOCV). In particular, for a data set
withN trials,we chooseN−1 trials for feature extraction and train-
ing 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 .
To have a closer look at the different signals, we construct

their time-frequency representation. Fig. 2(a)–(d) shows the spec-
trogram for the raw signal, ensemble average removed signal,
stimulus-evoked activity, and the induced activity, respectively,
from a single channel. Red and blue in the figure represent strong
and weak activity, respectively. To calculate the spectrogram, we
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Fig. 2. Comparison of the spectrogram for the (a) raw signal, (b) ensemble average removed signal, (c) stimulus-evoked activity, and (d) the induced activity, respectively,
from a single channel. Time 0 indicates the stimulus onset. Red and blue in the figure represent strong and weak activity, respectively. Note that the time-frequency
representation of both the raw signal and stimulus-evoked activity is dominated by strong low frequency activity below 10 Hz within 500 ms after stimulus onset, while
the spectrogram of the ensemble average removed signal is dominated by strong low frequency activity in a larger band (below 20 Hz) within a much longer window after
stimulus onset. The spectrogram of the induced activity shows clear event-related synchronization and desynchronization, i.e., enhanced activity in the high gamma band
(50–60 Hz) and reduced activity in the alpha band (10–20 Hz) after stimulus onset. (For interpretation of the references to colour in this figure legend, the reader is referred
to the web version of this article.)

first take the absolute square of each complex-valued element of
the time-frequency representation for each trial and then aver-
age the absolute squares across trials. Note from Fig. 2(a) and (c)
that the time-frequency representation of both the raw signal and
stimulus-evoked activity is dominated by strong low frequency ac-
tivity below10Hzwithin 500ms after stimulus onset. The spectro-
gramof the ensemble average removed signal as shown in Fig. 1(b),
on the other hand, is dominated by strong low frequency activity
in a larger band (below 20 Hz) within a much longer window af-
ter stimulus onset. Interestingly, the spectrogram of the induced
activity as shown in Fig. 2(d) reveals clearly the event-related syn-
chronization and desynchronization, i.e., enhanced activity in the
high gamma band (50–60 Hz) and reduced activity in the alpha
band (10–20 Hz) after stimulus onset. Our nonphaselocked spec-
trogram results inWang et al. (2009) also demonstrates the event-
related enhanced gamma band synchronization and reduced
alpha band desynchronization. This shows that the synchroniza-
tion and desynchronization probably underlie the induced activity.
We found the increased gammaband synchronization and reduced
alpha band desynchronization in most channels with some varia-
tions, which may be due to the different locations and depths of
the different electrodes.
Next, we compare the decoding accuracy based on different

features obtained from the nine channels. Fig. 3(a)–(d) shows the
decoding accuracy based on theCSP features obtained from the raw
signal, ensemble average removed signal, wavelet estimate of the
stimulus-evoked activity, and the wavelet residue, respectively,
when the CSP component number is equal to 2, 4, 6 and 8, within
9 temporal windows all starting from 200 ms after stimulus onset

butwith different ending times. Thewavelet residue is obtained by
subtracting the wavelet estimate of the stimulus-evoked activity
from the raw signal of the single trial. We ignore the first 200
ms after the stimulus onset to reduce the possible side effects
not related to percepts. For CSP we use the pairs of eigenvectors
corresponding to the largest and smallest few eigenvectors as
spatial filters. The range of the decoding accuracy of each figure can
be seen from the colorbar on the right. Note the general trend that
the decoding accuracy increases as the temporal window becomes
longer. This indicates that the temporal integration of the neuronal
population activity could enhance the perceptual discriminability.
Note that the wavelet residue outperforms all the other signals in
terms of decoding accuracy.
To have a closer look at the decoding accuracy values in

Fig. 3, We present some quantitative results in Tables 3 and 4.
In Table 3 we compare the maximum of the decoding accuracy
across different CSP components with the component number
equal to 2, 4, 6 and 8, for 9 temporal windows with the window
ending time changes from 555 ms to 1995 ms. All the temporal
windows start from 200 ms after stimulus onset. The CSP features
are obtained from the raw signal, ensemble average removed
signal, wavelet estimate of the stimulus-evoked activity, and the
wavelet residue after removing the estimate of the stimulus-
evoked activity, respectively. Table 4 is the same as Table 3
except that the mean of the decoding accuracy across different
CSP components is presented. As can be seen, the wavelet residue
quite consistently yields the highest decoding accuracy among all
signals. In particular, its CSP feature with 6 components in the
temporal window between 200 ms and 1995 ms stands out with
the best decoding performance of 0.83.
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Fig. 3. Comparison of the decoding accuracy based on the CSP features obtained from the (a) raw signal, (b) ensemble average removed signal, (c) wavelet estimate of
stimulus-evoked activity, and (d) wavelet residue, respectively, when the CSP component number is equal to 2, 4, 6 and 8, within 9 temporal windows all starting from
200 ms after stimulus onset but with different ending times. We ignore the first 200 ms after stimulus onset to reduce the possible side effects not related to percepts. For
CSP we use the pairs of eigenvectors corresponding to the largest and smallest few eigenvectors as spatial filters. The range of the decoding accuracy of each figure can be
seen from the colorbar on the right. Note the general trend that the decoding accuracy increases as the temporal window becomes longer. This indicates that the temporal
integration of the neuronal population activity could enhance the perceptual discriminability. Note that the wavelet residue outperforms all the other signals in terms of
decoding accuracy.

Table 3
Comparison of the maximum of the decoding accuracy across different CSP
components with the component number equal to 2, 4, 6 and 8, for 9 temporal
windows with the window ending time changes from 555 ms to 1995 ms. All
the temporal windows start from 200 ms after stimulus onset. The CSP features
are obtained from the raw signal, ensemble average removed signal, wavelet
estimate of the stimulus-evoked activity, and the wavelet residue after removing
the estimate of the stimulus-evoked activity, respectively.

Window ending time (ms) 555 735 915 1095 1275 1455 1635 1815 1995

Raw 0.52 0.50 0.65 0.65 0.65 0.74 0.70 0.60 0.63
Ensemble average removed 0.58 0.60 0.71 0.65 0.74 0.68 0.72 0.69 0.71
Wavelet stimulus-evoked 0.49 0.56 0.58 0.55 0.64 0.66 0.65 0.66 0.66
Wavelet residue 0.57 0.58 0.73 0.77 0.73 0.80 0.76 0.75 0.83

Table 4
Comparison of the mean of the decoding accuracy across different CSP components
with the component number equal to 2, 4, 6 and 8, for 9 temporal windows
with the window ending time changes from 555 ms to 1995 ms. All the temporal
windows start from 200 ms after the stimulus onset. The CSP features are obtained
from the raw signal, ensemble average removed signal, wavelet estimate of the
stimulus-evoked activity, and the wavelet residue after removing the estimate of
the stimulus-evoked activity, respectively.

Window ending time (ms) 555 735 915 1095 1275 1455 1635 1815 1995

Raw 0.48 0.48 0.62 0.62 0.60 0.69 0.65 0.59 0.59
Ensemble average removed 0.57 0.60 0.68 0.61 0.69 0.66 0.69 0.65 0.67
Wavelet stimulus-evoked 0.45 0.52 0.54 0.54 0.62 0.65 0.63 0.61 0.63
Wavelet residue 0.51 0.55 0.67 0.72 0.72 0.72 0.72 0.72 0.77

Taken together, our results demonstrate that our proposed
approach is effective in extracting the discriminative features
of the percept-related induced activity from LFP, which leads

to excellent decoding performance. We also discover that the
enhanced gamma band synchronization and reduced alpha band
desynchronization may be the underpinnings of the induced
activity.

4. Conclusions

In this paper we have shown how to extract the percept-
related features of the induced activity from the local field
potential (LFP) in amonkey’s visual cortex for decoding its bistable
structure-from-motion (SFM) perception. We have employed a
wavelet transform based method to estimate and remove the
single-trial stimulus-evoked activity for each channel such that
only the percept-related induced activity remains. We have used
the common spatial patterns (CSP) approach to design spatial
filters to extract the percept-related features from the remaining
induced activity of multiple channels. We have exploited the
the linear discriminant analysis (LDA) classifier on the extracted
features of LFP to decode the reported perception on a single-
trial basis. We have applied the feature extraction approach to
the multichannel intracortical LFP data collected from the middle
temporal (MT) visual area in a macaque monkey performing a
SFM task. Using these techniques, we have demonstrated that our
proposed approach is effective in extracting the discriminative
features of the percept-related induced activity from LFP and
achieves excellent decoding performance. We also discover that
the enhanced gamma band synchronization and reduced alpha
band desynchronization may be the underpinnings of the induced
activity.
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