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ABSTRACT

Classification of spontaneously produced Electroencephalography (EEG) signals is a challenging prob-
lem with important applications in Brain-Computer Interfaces (BCIs). A successful classifier must be
able to capture spatiotemporal patterns while remaining time invariant and robust to noise and arti-
facts. The classifier should also be able to model the transient, nonstationary and nonlinear patterns
found in EEG signals, despite the fact that these patterns have not yet been fully characterized.

Current approaches have not yet reached a level of performance that is acceptable for use in many
practical applications and often involve extensive manual tuning and feature selection. These ap-
proaches also tend to rely heavily on prior assumptions and discard information that may be useful
for classification. The recent trend in machine learning has been to move away from manually engi-
neered solutions in favor of multilayer (deep) networks that rely on few prior assumptions.

Along these lines, we propose several variants of the Convolutional Neural Network (CNN) architecture
that we have designed for analyzing and classifying EEG signals. The convolutional layers in these net-
works are designed to capture nonlinear spatiotemporal patterns at multiple time scales while main-
taining time invariance. These convolutional layers can be viewed as nonlinear finite impulse response
filters that automatically learn to process the signals. Class labels can then be assigned using a fully
connected network or by accumulating evidence over a brief period of time.

Alternately, infinite impulse response can be attained by replacing the convolutional layers with re-
current layers. Since recurrent layers contain feedback connections, they are able to capture temporal
information without explicitly embedding a window of time. This may lead to better filtering charac-
teristics and increased memory capacity while requiring fewer free parameters.

This preliminary work highlights the limitations of current approaches and demonstrates the feasibil-
ity of using deep convolutional and recurrent networks to model EEG signals. Using an offline EEG
dataset, we show that a minimally tuned CNN using raw EEG signals performs comparably to a highly
tuned baseline classifier with extensive preprocessing. We also outline a number of methods and ex-
periments for interpreting the models learned by our networks.

Since these networks rely on few prior assumptions, we believe that they will learn to utilize patterns
in EEG signals that current approaches are unable to identify. This will lead to insights into the types of
patterns contained in EEG signals and how these patterns change during various mental tasks. In turn,
this may lead to a better understanding of human cognition and improved methods for use in the next
generation of noninvasive BCI systems.

ii



Contents

1 Introduction 1
1.1 Challenges . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.2 Problem Statement . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
1.3 Proposed Solution . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

2 Background 6
2.1 Frequency-Domain Representations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2.1.1 Power Spectral Densities . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
2.1.2 Continuous Wavelet Transforms . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

2.2 Time-Domain Representations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
2.2.1 Common Spatial Patterns . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
2.2.2 Time-Delay Embedding . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

2.3 Deep and Recurrent Networks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
2.3.1 Deep Learning Revolution . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
2.3.2 Convolutional Networks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
2.3.3 Recurrent Networks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

3 Proposed Methods and Research Questions 24
3.1 Convolutional Layers . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24
3.2 Recurrent Layers . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
3.3 Readout Layers . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28
3.4 Computational Performance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

4 Experimental Procedures 34
4.1 Colorado EEG and BCI Laboratory . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
4.2 Offline Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35
4.3 Real-Time Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36
4.4 Baseline Classifiers . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
4.5 Deep Networks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

5 Preliminary Results 40
5.1 Artificial Problems . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

5.1.1 The Staggered Impulse Problem with CNN-EA . . . . . . . . . . . . . . . . . . . . . . 41
5.1.2 The Staggered Impulse Problem with DRN-EA . . . . . . . . . . . . . . . . . . . . . . 43
5.1.3 The Three Frequencies Problem . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

5.2 Offline EEG Classification . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48
5.2.1 Baseline Classifiers . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48
5.2.2 Convolutional Networks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

6 Discussion 58

Acknowledgements 61

References 62

iii



1 Introduction

BRAIN-COMPUTER INTERFACES (BCIs) are systems for establishing a direct channel of communica-
tion between the human brain and a computerized device [1–3]. Although there are many poten-

tial applications for BCI systems, the development of assistive technologies for people with motor im-
pairments is a goal that appears to be attainable in the near future and one that could offer significant
benefits to individuals and society. For people with disabilities, assistive devices that are controlled us-
ing BCIs may have the potential to restore their ability to communicate or perform data-to-day tasks.
For people with severe impairments, even BCIs with slow communication rates may be an invaluable
tool. For those who have lost all or nearly all voluntary motor function, a condition known as locked-in
syndrome, BCI systems may be their only means of communication with the outside world [4–8].

A number of methods for observing changes in brain activity have been explored for use in BCI,
ranging from nuclear magnetic resonance to electrode microarrays implanted directly into brain tissue
[8–11]. Among these approaches, scalp-recorded Electroencephalography (EEG) is a popular choice.
EEG measures changes in electrical potentials at the surface of the scalp caused by the synchronized
firing of action potentials in neurons near the cortical surface of the brain [12]. Since EEG is nonin-
vasive, i.e., does not require surgical intervention, it can be safely and easily tested in people with or
without motor impairments. Modern EEG equipment is also small, portable and relatively inexpensive,
making it suitable for use in a variety of assistive devices. EEG also has a high temporal resolution, on
the order of microseconds, which makes it well suited for use in real-time applications. Figure 1 shows
an individual wearing an eight-channel EEG cap in the Colorado State University BCI Laboratory.

Figure 1: A participant wearing an eight-channel EEG cap while performing experiments in the Colorado State
University BCI Laboratory. A small amount of electrically conductive gel is placed under each electrode in order
to reduce the impedance between the sensors and the scalp.

There are also, however, a number of challenges that must be overcome when developing EEG-
based BCI systems. Since EEG signals travel through the various layers of meninges, skull and scalp, the
signals tend to be superficial and spatially blurred. This yields an imprecise picture of the underlying
neural activity. EEG potentials also have small magnitudes, on the order of microvolts, which results
in a low signal-to-noise ratio. It is typical for EEG signals to contain artifacts from biological sources,
such as ocular movements, muscle contractions and sinus rhythms, as well as noise originating from
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external sources, such as computer peripherals, household appliances and power mains. EEG signals
appear to be particularly affected by noise and artifacts in real-world environments [13]. Furthermore,
the complexity of the human brain suggests that EEG signals contain sophisticated spatiotemporal
patterns, a problem that is confounded by the fact that the brain is continually performing multiple
tasks in parallel.

Despite these challenges, a number of research groups have successfully demonstrated prototype
EEG-based BCI systems. Several software packages are now available for performing BCI experiments
[14–17] and several companies have begun to offer commercial BCI products [18, 19]. In recent years,
several people who are nearly locked-in due to advanced Amyotrophic Lateral Sclerosis (ALS) have
even begun using BCI systems for communication on a day-to-day basis [7, 20, 21]. Some research
groups and clinics have also begun using BCI technology for stroke rehabilitation [22] and assessment
of consciousness [19, 23].

Although current BCI systems have clearly achieved a level of success, they often depend on changes
in EEG signals that can be reliably evoked by external stimuli. The P300 speller paradigm is a notable
example of a BCI design that leverages external stimuli [24, 25]. In a P300 speller, the BCI user attends
to a letter that they wish to type among a grid of letters displayed on a computer monitor. The rows and
columns of the grid are then flashed in a random order. When the letter that the user is attending to is
flashed, a predictable waveform, known as an Event-Related Potential (ERP), is produced in the user’s
EEG signals. Although the ERP is difficult to detect using a single trial, multiple repetitions of flashing
can be used to deduce the row and column of the letter that the user wishes to type.

BCI systems that leverage ERPs tend to be reliable; however, they also have a number of disadvan-
tages that may hinder usability and performance. For instance, the use of external stimuli can limit the
user’s ability to attend to the task at hand and may result in fatigue after prolonged use. Additionally,
some potential BCI users may have an impaired ability to attend to external stimuli [26]. The commu-
nication rate of ERP-based paradigms is also inherently limited by the rate at which the stimuli can be
identified and by the time required for the progression of the ERP. Finally, these paradigms operate in
a synchronous, time-locked fashion that is not well suited for some types of control tasks. Moving a
mouse cursor, steering an electric wheelchair and operating a prosthetic limb are all examples of tasks
that are difficult to achieve in a fluid manner using ERP-based BCI paradigms.

Asynchronous paradigms that are not time-locked to external stimuli have also been proposed. For
instance, BCIs that follow the Motor Imagery (MI) paradigm associate two or more imagined motor
movements with commands that the BCI system might perform [27–30]. For example, a user might
imagine moving their left hand to move a mouse cursor to the left or imagine moving their right hand
to move the cursor to the right. These types of BCIs typically leverage a characteristic pattern in the EEG
signals known as Event-Related (De)Synchronization (ERD/S). During motor movements, whether real
or imagined, ERD/S generally appears as a decrease or increase in amplitude between the frequency
ranges of 8–14Hz or 16–32Hz, known as µ and β rhythms respectively. These changes typically occur
over the centro-parietal motor regions of the hemisphere of the brain that is contralateral to the mo-
tor movement. Although it has been shown that some people with motor impairments can control
MI-based BCIs [31, 32], these systems typically have a low communication rate and require extensive
training. Furthermore, the fact that these systems rely on lateralized changes in the EEG signals with
similar frequency ranges and over relatively small regions of the cortex, suggests that it may be difficult
to differentiate between more than a few imagined motor movements.

The Mental Task (MT) paradigm is an approach that generalizes MI to include various other cogni-
tive tasks [33–35]. For instance, a user might silently sing a song to move a mouse cursor up, perform
arithmetic to move the cursor down, imagine moving their left arm to move the cursor left and imagine
moving their right arm to move it to the right. Over time and with practice, it is hoped that perform-
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ing these tasks may become second-nature. The MT paradigm was inspired by a number of research
projects in cognitive psychology that observed various changes in the power spectra of EEG signals
that occur when a user performs different mental tasks [33, 34]. Similar to the MI paradigm, the MT
paradigm allows self-paced and stimulus-free control. MT-based approaches also allow the BCI system
to differentiate between many distinct mental states, provided that the mental tasks are selected in a
way that elicits a variety of responses in different regions of the brain [36]. In other words, the wide va-
riety of patterns produced by different mental tasks may allow the user to have more degrees of control.
Additionally, it has been suggested that performing tasks that are not related to motor movement may
be more appropriate for people who are paralyzed and unable to perform physical movements [37].

For these reasons, we believe that EEG-based BCIs that follow the MT communication paradigm
show considerable potential. Consequently, these types of BCIs will be the focus of the present work.
Developing these types of BCIs is a difficult task, however, because they lack the type of single, clearly
defined control signal found in other BCI systems. In fact, the types of changes in EEG signals that oc-
cur during various mental tasks appear to vary considerably across subjects and even across sessions
for the same subject. As a result, robust machine learning algorithms are required in order to identify
the relevant patterns in a user’s EEG signals and discriminate between their mental states. Although
several research groups have demonstrated methods for classifying EEG signals in MT-based BCIs, dis-
cussed further in Section 2, these approaches have not yet reached the levels of performance that are
necessary for use in most practical applications. We assert that improved machine learning methods
are required in order to achieve better classification performance and to further elucidate the types of
patterns found in EEG signals recorded during imagined mental tasks. These improved methods may
lead to better BCI systems as well as a better understanding of the nature of EEG signals and the human
brain.

1.1 Challenges

Designing machine learning methods for use in MT-based BCIs has proven to be a unique and chal-
lenging problem. In order to clarify this, we have identified six specific challenges that must be ad-
dressed in order to successfully classify EEG signals in this setting.

Challenge 1: Time invariance.

Since asynchronous BCI paradigms are self-paced, i.e., they are not time-locked to a stimulus, the
classifier must be able to identify the relevant patterns in the signal regardless of starting time. This
tolerance to arbitrary shifts in time is known as time invariance.

Challenge 2: Nonlinear and nonstationary spatiotemporal patterns.

A successful classifier should be capable of learning sophisticated spatiotemporal patterns. In this con-
text, a pattern is said to be spatial if it exists across multiple EEG electrodes and temporal if it unfolds
over the course of time. Although the exact types of patterns that are relevant for this classification task
are not yet well understood, EEG signals are known to have characteristics that are transient, nonsta-
tionary and nonlinear [38, 39].
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Challenge 3: Patterns at multiple time scales.

Patterns in EEG signals are known to occur at multiple time scales, e.g., slow cortical potentials at< 1Hz
versusα-rhythms at 8–16Hz . Although multiscale interactions are not yet fully understood, we suspect
that an effective classifier should be able to identify patterns that occur at multiple time scales.

Challenge 4: Noise and artifacts.

As discussed in Section 1, EEG signals are susceptible to various types of noise and artifacts. A success-
ful classifier should be robust to these types of interference. This is especially true if the BCI system is
to be usable outside of controlled laboratory environments.

Challenge 5: Undersampling and high dimensionality.

Only a relatively small amount of data can be reasonably collected during a BCI calibration phase. If
a long calibration procedure is required, the user may become fatigued or frustrated with the usability
of the BCI system. This problem is exasperated by the relatively high dimensionality of EEG data. For
instance, an eight-channel EEG signal sampled at 256Hz results in 2,048 observations per second. A
suitable classifier should be able to perform well given this relatively high dimensionality and while
using only about 10–15 minutes of sample EEG recordings.

Challenge 6: Interpretation.

Identifying the types of patterns that a classifier learns and interpreting their significance is important
for several reasons. First, the ability to interpret the results of a classifier can lead to improvements
in BCI configuration in general, as well as for individuals. For instance, if it is noted that two mental
tasks produce similar brain activity, it may be beneficial to replace one of the tasks with another that
produces a more distinct response. Similarly, interpretation may lead to improvements in electrode
placement or signal preprocessing methods. The ability to analyze the patterns learned by the classifier
may also lead to new insights into human cognition, neuroscience and electrophysiology. The process
of engineering BCIs is inextricably linked to the science of the human brain.

Challenge 7: Real-time performance.

In order for a classifier to be practical for use in BCI systems, it must be possible to use the classifier
interactively. The classifier should train in a matter of minutes and it should be possible to evaluate the
classifier in less than one second. Furthermore, any tuning or hyperparameter selection that may be
required on a session-to-session basis should be easily performed automatically or by a non-expert in
only a few minutes.

1.2 Problem Statement

Current approaches, which will be discussed in detail in Section 2, are inadequate for analysis and clas-
sification of asynchronous EEG signals because they fail to fully address one or more of the challenges
outline in Section 1.1. Many of these approaches focus heavily on being easily interpreted and cap-
turing patterns that are known to exist in EEG signals. For example, analyzing the amplitude or power
content of EEG signals across a range of frequencies bands is relatively straightforward to interpret and
many of these frequencies are known to vary across mental tasks. Although these approaches have
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performed relatively well in the past, we will show that they omit several types of patterns, including
spatial and nonlinear information, that may be important for classifying EEG signals.

Current approaches also rely heavily on filtering, feature selection and dimensionality reduction in
order to handle noise and undersampling. These procedures generally rely on strict prior assumptions
about the nature of the patterns found in the signals and, again, can lead to the loss of various types
of information that may be useful. Furthermore, establishing these procedures can be time consum-
ing, involve extensive manual intervention and it is often unclear how well they will generalize across
subjects, sessions and environments.

Many current approaches also perform best when combined with linear classification algorithms.
We concede that it is possible that purely linear models may be a good approximation of the underly-
ing processes, especially in the face of high dimensionality and undersampling. We suspect, however,
that the success of linear models may partially result from assumptions of linearity and from informa-
tion loss during preprocessing. In any case, the problem of characterizing the, potentially nonlinear,
dynamics of EEG signals recorded during imagined mental tasks has proven to be challenging and re-
mains the topic of ongoing research [39, 40].

Given the complexity of the human brain, we believe that EEG signals likely contain a number
different types of sophisticated patterns that have not yet been identified. Approaches that discard
information and rely on prior assumptions about the patterns contained in the data, may limit the
ability of algorithms to identify new types of patterns. As researchers, the use of algorithms that rely
on our prior knowledge may also limit our insights while serving to reinforce our previous conceptions
about the types of patterns contained in EEG signals.

There are many questions about the nature of EEG signals that remain to be answered and further
research is clearly required. In order to develop the next generation of EEG analysis and classification
algorithms, we believe that constraints and prior assumptions should be loosened. Instead, we should
explore general methods that are capable of automatically filtering, identifying and exploiting a wide
variety of patterns that may be found in EEG signals.

1.3 Proposed Solution

The recent trend in machine learning has been to move away from models that involve large amounts
of manual engineering in favor of multilayer artificial neural networks that are capable of automat-
ically learning hierarchical, multiscale representations. These approaches, known as deep networks,
have enjoyed considerable success on a number of challenging problems [41]. Of particular interest are
a class of deep networks known as Convolutional Neural Networks (CNNs) [42, 43]. CNNs have gained
considerable traction in the computer vision community and are able to learn multiscale representa-
tions of images that generalize well and are robust to shifts and other types of deformations.

One of the principal advantages of deep networks is their ability to identify patterns and learn ef-
fective representations without requiring hand-crafted solutions for preprocessing, filtering, feature
selection and dimensionality reduction, which can all lead to information loss. Following these prin-
cipals, we propose several network architectures that are designed to address all of the challenges de-
scribed in Section 1.1 while relying on few prior assumptions about the data and avoiding procedures
that discard potentially useful information.

We propose several variants of the CNN architecture, discussed in detail in Section 3, that appear
to be well suited for analysis and classification of EEG signals. These networks leverage convolution
across time in order to achieve time invariance without explicitly discarding information. Since weights
are shared across time, they may also have fewer parameters to tune than a fully connected network,
which may help address problems with noise and undersampling. Nonlinear spatiotemporal patterns
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can be learned by performing convolutions combined across all channels and through the use of non-
linear transfer functions. The layers of the network may also be stacked and the output of each layer
downsampled in order to encourage the network to learn patterns at multiple time scales and different
levels of abstraction. Each artificial neuron in our CNNs can be interpreted as a nonlinear, multivariate
filter. Since the parameters of these filters are found automatically, they rely on few prior assump-
tions and do not require manual tuning. The characteristics of these filters can be interpreted using
techniques from time and frequency domain analysis and by examination of the learned parameters.

We also propose an approach that we call Deep Recurrent Networks (DRNs) that utilizes recurrent
layers instead of convolutional layers. Since recurrent networks utilize feedback connections to cap-
ture temporal information, as opposed to convolution, we believe that they may require fewer free pa-
rameters than CNNs. Recurrent connections may also allow the network to learn longer-term patterns
and achieve better filtering characteristics.

In the standard approach, a series of convolutional or, in our case, recurrent layers layers is followed
by a fully connected network that assigns the final class label. Although this approach will be investi-
gated, we also propose the use of sliding linear softmax layers combined with an evidence accumula-
tion strategy. This may reduce the number of parameters to optimize while loosening the constraints
on the network to learn a high-level ordering of events. We believe that this may allow the network to
better handle transient and nonstationary patterns.

The principal hypothesis of our research, for which we will offer supporting evidence in this docu-
ment, is that our proposed network architectures are well suited for learning effective representations
of asynchronous EEG signals while relying on few prior assumptions. These networks are able to auto-
matically learn to identify which types of patterns are important without discarding information that
is typically lost in current approaches. As a result, we believe that our networks will lead to new in-
sights into the types of patterns that are contained in EEG signals and how these patterns vary across
different mental tasks. In addition to improving our understanding of EEG signals, we also believe that
our networks have the potential to improve the performance of MT-based BCIs while requiring little
manual intervention, which is an essential element for automated BCI systems.

In Section 2 of this manuscript, we begin by offering a brief review of current methods for classifying
EEG signals in MT-based BCIs. This review will focus on the limitations of state-of-the-art approaches
and the types of patterns that they are unable to capture. In Section 3, we give a more detailed dis-
cussion of our proposed methods, including our exact research questions, a detailed description of
the network architectures that we will explore and the methods that we will use to analyze the results.
In Section 4, we will describe the experimental procedures used for data collection and performance
evaluation, including baseline methods that we will use for comparison. In Section 5, we present pre-
liminary results. These results will first demonstrate that CNNs and DRNs are capable of identifying
several important types of patterns in artificially generated signals. We will then use an offline EEG
dataset to show that minimally tuned CNNs using raw EEG data can achieve a level of performance
that is comparable to a highly tuned baseline classifier that requires extensive preprocessing. Finally,
in Section 6, we will offer some concluding thoughts and a timeline for completing this research.

2 Background

In general, a BCI system consists of six components, depicted in Figure 2. First, the user alters their
mental state in a way that conveys their intent according to an established communication protocol.
In this case, the communication protocol follows the MT paradigm. Next, the EEG acquisition system
monitors changes in the user’s brain activity. This step typically includes analog-to-digital conversion
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along with some preprocessing, e.g., referencing and bandpass filtering. In Figure 3a we see an example
of a trace plot showing how the voltages of an EEG signal vary over time. For reference, Figure 3b shows
the layout and naming convention for EEG channels in the 10/20 standard. Next, the EEG signal is
transformed into a useful representation, typically as either a function of time (time-domain) or else
as a function of its frequency content (frequency-domain) or some combination of both. Some or all
of the representation is then passed along as features to a classification algorithm. The classification
algorithm identifies the mental state of the user so that the corresponding instruction can be sent to
the device that the user wishes to control. Finally, the loop is closed as the user receives feedback from
the controlled device. The focus of the present work is largely on the representation and classification
components of BCIs; although, other preprocessing steps will also be an important consideration.

EEG Signal Signal
Representation

Classification
Algorithm

Instruction

User
Device

Feedback

Features

Acquisition &
Preprocessing

Figure 2: The basic components and flow of information in a general BCI system. The signal is first acquired from
the user, converted to a digital signal and some preprocessing is typically performed. The signal is then converted
to a representation that is useful for capturing the desired types of patterns. Features are then extracted from the
representation and passed to a classification algorithms that attempts to identify the user’s mental state. The
label from the classifier can be used to send an appropriate command to the device being controlled. Finally, the
user receives feedback about the action that the system has performed. Portions of this image were taken from
http://www.openclipart.com

A number of representations and classification algorithms have been proposed for analyzing asyn-
chronous EEG signals. Common representations include Fourier transforms, wavelet transforms, com-
mon spatial patterns, autoregressive models and time embedding [33, 34, 36, 44–56] For each of these
representations, many classification algorithms have also been explored; however, simple linear clas-
sifiers often yield the best performance [57, 58]. Although the success of linear classifiers may be due
to noise, undersampling and high dimensionality or because the relevant patterns are primarily linear,
we suspect that assumptions of linearity and information loss during the representation and feature
extraction stages may also play and important role. Despite the fact aggressive preprocessing and di-
mensionality reduction often appear to help performance, these procedures may also lead to a limited
ability to capture some types of patterns.
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(a) A trace plot of a 10-second EEG segment.
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(b) Layout of EEG electrodes in the 10/20 standard.

Figure 3: A sample EEG segment. (a) time-domain trace plot of a 10-second EEG segment recorded while the
subject relaxes. The vertical axis shows signal voltage spread across the channels and the horizontal axis shows
time. High-frequency artifacts are visible between 0–2 seconds and eye movement artifacts around 3, 5 and 9
seconds. (b) The layout and naming convention for EEG channels in the 10/20 standard. The eight highlighted
channels are used in our preliminary experiments.
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In the remainder of this section, we will first briefly describe several state-of-the-art approaches
for representing and classifying asynchronous EEG signals. For each of these approachs, we will em-
phasize its limitations and identify the types of patterns that cannot be captured. Where appropriate,
we will highlight challenges from Section 1.1 that are not satisfied by a given approach. Our discus-
sion will begin with the frequency domain and conclude with time domain approaches. Although the
time domain is often more intuitive for those who are not familiar with signal classification, we have
chosen to begin with frequency-domain approaches because they suffer from a number of limitations
that can more easily be addressed in the time domain. Our discussion of time-domain approaches will
also transition naturally into our discussion of CNNs and DRNs. Note that our CNNs and DRNs utilize
time-domain signals.

2.1 Frequency-Domain Representations

Some of the most common methods for classifying asynchronous EEG signals utilize frequency-domain
representations. In the frequency domain, a signal is represented in terms of periodic components,
which makes it straightforward to describe amplitude, power, energy or phase across a spectrum of fre-
quencies. Time invariance can be attained by omitting phase information; although, as we will show,
this may limit the ability of these representations to capture some types of patterns.

Frequency-domain representations also have the advantage of being easy to interpret. Since os-
cillatory patterns appear to be important and commonplace in EEG signals, analysis in the frequency
domain can yield powerful insights. In fact, many of the seminal works on asynchronous BCI systems
cite inspiration in papers that examine how frequency-domain representations vary as a user performs
different mental tasks [33, 34].

2.1.1 Power Spectral Densities

Power Spectral Densities (PSDs) are a popular choice for representing signals in MT-based BCIs [33,34,
44,59,60]. PSDs represent a signal as power density (µV 2/H z)1 across a spectrum of frequencies. PSDs
are estimated over a segment of an EEG signal by first using the Discrete Fourier Transform (DFT) to
decompose the signal into a sum of sine waves in the complex domain. By taking the complex modulus
of the DFT, phase information is discarded and the representation becomes time invariant. The result
can then be scaled to obtain the PSD [61]. It is also common to use Welch’s method to split the segment
into windowed sub-segments, generate a DFT for each segment and then average the results. Welch’s
method can be thought of as a technique for reducing noise and dimensionality that results in fewer
frequency bins. In Figure 4, we see an example of a PSD of an eight-channel EEG segment recorded
while a subject rests for three minutes.

PSDs address most of the challenges stated in Section 1.1: they are able to achieve time invariance
by omitting phase information, mitigate noise and undersampling through Welch’s method, they can
be easily interpreted and they can be used in real time. There are, however, several types of patterns
that either cannot be captured using PSDs or for which the assumptions of the representation break
down [62]. For instance, PSDs are not able to capture differences in phase that occur across EEG chan-
nels. This is illustrated in Figure 5 using two sine waves with identical frequencies but with phase
offsets that differ by π radians. The fact that the resulting PSDs are identical demonstrates that PSDs
cannot capture differences in relative phase in a multivariate signal. Although the inclusion of phase
synchronization measures has been explored for use in MT-based BCI [63], estimating these metrics
across various channels and frequency bands leads to a combinatorial explosion of features.

1The Hz in the denominator is the sampling frequency.
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Figure 4: An example PSD of an EEG segment recorded while the subject is in a resting state. The inset axis
highlights the differences in power across channels in the 8–16Hz α-band, which often increases in amplitude
when a user relaxes.
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(a) Trace plots of two sinusoides with different phase offsets.
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(b) PSD plots of the same two signals.

Figure 5: A demonstration of the inability of PSDs to capture differences in phase across channels. (a) Time-
domain trace plots of two sinusoids with identical frequencies but different phase offsets. (b) Frequency-domain
PSDs plots of the same two signals. Although the signals have different phase offsets, their PSDs are identical.
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(a) Trace plots of two chirps sweeping from low-to-high and
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(b) PSD plots of the same two signals.

Figure 6: A demonstration of the limited ability of PSDs to capture the ordering of events. (a) Time-domain trace
plots of two chirps sweeping from 0–10Hz and 10–0Hz respectively. (b) Frequency-domain PSD plots of the same
two signals. Despite the fact that these signals contain different types of nonstationary patterns, the PSDs of both
signals are identical.
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(a) Trace plots of two nonlinear signals.
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(b) PSD plots of the same two signals.

Figure 7: A demonstration of the limited ability of PSDs to model nonlinear patterns. (a) Time-domain trace
plots of two nonlinear signals, esin(πt ) and square(πt ). (b) Frequency-domain PSD plots of the same two signals.
Although the DFT is able to fit the nonlinear signals, it does so using a linear combination of many sine waves.
This results in a number of peaks in the PSD that may lead to misleading results or violate our assumptions about
the frequency ranges involved.
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It can also be difficult for PSDs to represent patterns that are nonstationary, i.e., transient, drifting
or aperiodic. Despite the fact that the DFT can be used to form a precise and invertible representation
of any discrete signal segment, these representations are not well suited for modeling nonstationary
patterns. This is due to the fact that the DFT represents the signal as in terms of sinusoids, which os-
cillate periodically and indefinitely. In other words, any patterns that are represented within a given
signal segment are assumed to repeat indefinitely beyond the end of the segment. When this observa-
tion is combined with the loss of phase information, PSDs have a clearly limited ability to capture the
ordering of short-term patterns. In Figure 6 we see a simple example that illustrates this limitation us-
ing two sinusoidal chirps that sweep linearly from low to high and high to low frequencies respectively.
Although these two signal segments contain different types of nonstationary patterns, the correspond-
ing PSDs appear identical.

In addition to assumptions about stationarity, PSDs also rely on assumptions about linearity. The
DFT assumes that a signal can be appropriately described as a linear combination of sine waves. Fur-
thermore, discrete sine waves can themselves be described as linear autoregressive processes. If these
assumptions of linearity do not hold, then our interpretation of a PSD may be invalid. In Figure 7, we
illustrate this point using two nonlinear signals, esin(πt ) and a square wave. Despite the fact that both
of these signals are periodic with a frequency of 1

2 Hz, the resulting PSDs show a number of peaks at
various frequencies. This is because the DFT fits these nonlinear signals using a linear combination
of many sine waves with different frequencies and phases2. Although this sum of sine waves does fit
these signals, conclusions drawn solely from the PSD may be misleading.

BCI systems that utilize PSDs have enjoyed notable success. It is clear, however, that PSDs are not
appropriate for modeling phase differences, nonstationary patterns and nonlinear patterns. If these
types of patterns are present in EEG signals, then they may be overlooked by models that rely on PSDs.

2.1.2 Continuous Wavelet Transforms

Continuous Wavelet Transforms (CWTs) are a technique for generating a hybrid representation in both
the time and frequency domains that may be useful for EEG classification [45, 64]. A CWT processes a
signal using a function with a localized response, known as a wavelet. This wavelet is rescaled and then
convolved with the time-domain signal in order to construct a filter with well-defined characteristics.
The energy that is allowed to pass through this filter can then be determined at each time step for a
given frequency. By repeating this process for a range of scales and frequencies, the power or energy
spectrum of the signal can be estimated across both time and the frequency spectrum, known as a
time-frequency spectrogram. Wavelets with a larger scale tend to achieve better frequency resolution
while wavelets with a smaller scale tend achieve better time resolution. This trade-off can be exploited
to achieve higher time resolution for the high end of the frequency spectrum, where the signal changes
rapidly, and higher frequency resolution for low end of the frequency spectrum, where a large scale is is
required to identify slow changes. As a result, CWTs can often achieve better time-frequency resolution
than can be achieved with DFTs. In Figure 8 we see an example of a spectrogram of a resting-state EEG
segment generated using a CWT with the morlet wavelet. This figure shows how various frequencies
come and go over the course of time.

The high time-frequency resolution that can be achieved using CWTs makes them better suited
than PSDs for capturing nonstationary patterns. In Figure 9 we see spectrograms generated using
CWTs of the same two chirp signals shown in Figure 6. In this case, the CWT is able to identify how
the signals change over the course of time. It is important to note, however, that as the scale of the
wavelets is decreased, allowing more nonstationary patterns to be identified, the representation be-

2For a continuous signal, infinitely many sine waves are required to fit a nonlinear signal.
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Figure 8: A sample spectrogram of a resting-state EEG segment constructed using a CWT. The bright areas appear
at the times and frequencies where the power of the signal is high while darker areas indicate regions of low power
content.
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(a) CWT of a chirp from 0–10Hz.
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(b) CWT of a chirp from 10–0Hz.

Figure 9: Two time-frequency spectrograms, generated using a CWT, of the same chirp signals found in Figure 6.
These spectrograms are able to capture the differences between the low-to-high and high-to-low chirps. They
have, however, also lost time invariance by creating a separate feature for each time step.
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(a) CWT of esin(πt ).
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(b) CWT of square(πt ).

Figure 10: Two time-frequency spectrograms, generated using a CWT, of the same nonlinear signals found in
Figure 7. These spectrograms show a range of high frequency components and are unable to isolate the nonlinear
frequency of 1

2 Hz.

gins to lose time invariance. In other words, spectrograms with higher time resolution are sensitive to
shifts in time while spectrograms with lower time resolution fail to identify nonstationarities and the
short-term ordering of events, as is the case with PSDs.

CWTs also have a limited ability to represent nonlinear patterns. In Figure 10, we see spectrograms
of the same nonlinear signals shown in Figure 7. As was the case with PSDs, these spectrograms in-
dicate a range of high frequency components rather than identifying the true nonlinear frequency of
1
2 Hz. Again, this may result in confusion between various linear and nonlinear signal components and
may lead to ambiguous or inaccurate interpretations.

In general, CWTs have are fast to compute, have a straightforward interpretation and are capable
of achieving a better trade-off between time and frequency resolution than PSDs. Nevertheless, tuning
a CWT to have a high time resolution leads to the loss of time invariance, which is one of the prin-
cipal advantages offered by frequency-domain representations. Higher time resolution also leads to
lower frequency resolution, which may lead to a poor estimate of power content, especially for slowly
changing patterns. On the other hand, tuning a CWT to have a higher frequency resolution leads to a
representation that fails to capture nonstationary and rapidly changing patterns. Since CWTs describe
the signal both across time and frequency, they also tend to produce a relatively high-dimensional rep-
resentation. Although various regions of the representation can easily be omitted, such a procedure
would require prior knowledge about important time or frequency ranges. As we have shown, CWTs
also suffer from the limited ability to capture nonlinear patterns that we identified in PSDs. Overall,
this analysis suggests that CWTs may be advantageous over PSDs with respect to interpretation and
capturing nonstationary patterns; however, harnessing the ability of CWTs to capture nonstationary
patterns may lead to higher-dimensional representations and an increased sensitivity to shifts in time.
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2.2 Time-Domain Representations

EEG signals can also be represented in the time domain, i.e., as a function of voltage versus time. If we
let N be the number of channels in our EEG acquisition system and T be the number of time steps in a
segment of an EEG signal, then we can concisely represent the segment as the matrix

S =


s0,0 s0,1 s0,2 . . . s0,N

s1,0 s1,1 s1,2 . . . s1,N

s2,0 s2,1 s2,2 . . . s2,N
...

...
...

. . .
...

sT,0 sT,1 sT,2 . . . sT,N

 (1)

where element st ,n is the signal voltage at time t for channel n. The previously shown Figure 3a is
simply a plot along the rows of such a matrix.

Although this representation is a natural and intuitive way to describe an EEG signal, time-domain
representations can be difficult to interpret. Even a trained expert cannot reliably identify changes in
EEG signals across mental tasks solely through visual inspection of EEG traces. It can also be chal-
lenging to derive features for a classifier that are time invariant while also capturing spatiotemporal
information. For example, if all of S is passed a classifier as a single feature vector, then a small shift
in time radically changes the representation. On the other hand, if each row of S is treated as feature
vector, then no temporal information is captured.

Despite the challenges of working with EEG signals in the time domain, several promising methods
have been proposed. These representations can be very general and do not necessarily assume that a
signal is linear, stationary or periodic. They also do not require that phase information be discarded
in order to achieve time invariance. Although these representations overcome many of the limitations
we found with frequency-domain approaches, we will again see that each approach does not meet all
of the criterion outlined in Section 1.1. We will use these observations as motivating arguments for
exploring new time-domain approaches, i.e., CNNs and DRNs.

2.2.1 Common Spatial Patterns

Common Spatial Patterns (CSP), is a popular method for classifying asynchronous EEG signals in both
MT [30] and MI [36, 46] communication paradigms. CSP applies a linear transform, P , to our time-
domain signal representation, yielding a new signal

Ŝ = SP. (2)

The transform P is found analytically by solving a generalized singular value decomposition problem
that maximizes the difference in variance among the components, i.e., columns of Ŝ, across two classes
subject to the constraint that the columns of P are orthogonal. Computing P requires sample EEG from
two classes and applying the transform to a novel EEG segment ideally leads to high variance in early
components for the first class and high variance in later components for the second class.

Figure 11 shows an example application of CSP to two classes of signals that each have two chan-
nels. Figure 11a shows trace plots of both signals as well as the variance across each channel. The first
class, Signal-1, consists of two noisy sine waves with identical frequency and a phase difference of π
radians. The second class, Signal-2, consists of two noisy sine waves with identical frequencies and
identical phase offsets. Figure 11b shows the trace plots and variances of the CSP components, i.e.,
columns of Ŝ, for both signals. In these plots, CSP-1 is the result of applying P to Signal-1 while CSP-2
is the result of applying P to Signal-2. Note that CSP-1 has higher variance in the first component while
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(a) Trace plots and channel variances of bandlimited signals.
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ŝ12

C
S

P
 1

0 20 40 60 80
Time
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(b) Trace plots and channel variances of resulting CSP components.
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(c) Parametric plots of the signals versus CSP components on a plane.

Figure 11: An illustration of how CSP can separate the signal variances for two classes of signals both consisting
of two-channel, noisy, bandlimited sinusoidal signals. (a) Signal-1 consists of two sine waves with a phase dif-
ference of π radians. Signal-2 consists of two sine waves with identical phase offsets. The variances are divided
roughly equally among both channels in both classes. (b) CSP components for both signals. CSP-1 shows that
most of the variance for Signal-1 is now in the first component. In CSP-2, most of the variance for Signal-2 is
now in the second component. (c) Parametric plots of the signal channels (left) and CSP components (right).
CSP performs a rotation to move most of the variance for Signal-1 to the first CSP component and most of the
variance for Signal-2 to the second CSP component.
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(b) Trace plots and channel variances of resulting CSP components.
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(c) Parametric plots of the signals and CSP components on a plane.

Figure 12: An illustration of how CSP can fail separate the signal variances for two classes of noisy, two-channel
sinusoidal signals that are not bandlimited. (a) Signal-1 and Signal-2 both consist of two sine waves with a phase
difference of π radians. Frequencies are the same within each signal but different across classes. The variances
are divided roughly equally across the two channels in both classes. (b) CSP components and variances for both
signals are largely unchanges from the original signals. (c) Parametric plots of the signal channels (left) and CSP
components (right). Since both signals lie on the unit circle, there is no linear transform that can separate the
variances and CSP yields the identity transform.
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CSP-2 has higher variance in the second component, indicating that CSP was able to achieve good sep-
aration of the class variances. Figure 11c illustrates how this separation is achieved using a parametric
plots of the signal channels and CSP components on the Cartesian plane. Before CSP is applied, the
variance for both signals is spread roughly equally across both channels. Applying the CSP transform
P then performs a rotation that places most of the variance for Signal-1 on the first CSP component
and most of the variance for Signal-2 on the second CSP component.

For a bandlimited signal, i.e., a signal that contains a narrow range of frequencies, measuring vari-
ance is equivalent to measuring the bandpower, or mean squared amplitude, of the signal. Following
this intuition, classification typically proceeds by passing the variances of the CSP components as fea-
tures to a subsequent classifier. This process reduces the dimensionality of the feature space to at most
the number of channels times the number of frequency bands, or less if some components are omit-
ted. CSP was originally designed for use in MI communication paradigms where there are changes
in spatially distributed but narrow frequency bands, i.e., µ and β rhythms. Although CSP is usually
formulated for binary classification, multiclass generalizations have been proposed [46, 65].

Although CSP addresses a number of the challenges listed in Section 1.1, it also suffers from several
important limitations. Time invariance is achieved by using only the variances of the CSP components
over a brief window. Using only the variances may discard important information, including the or-
dering of events within the window. Noise and undersampling are partially handled by using bandpass
filters to isolate relevant bandlimited signals and by dropping CSP components that are deemed un-
necessary. These procedures can, however, be time consuming to establish and may vary considerably
across subjects and sessions. CSP is fast to train and evaluate and the relative importance of each com-
ponent and frequency band can be evaluated by mapping the weights or variances of each component
back to the surface of the scalp. It can be challenging, however, to interpret temporal patterns precisely
characterize spatial relationships using this approach.

Although CSP is typically able to capture differences in frequency across channels for bandlimited
signals, it is not well suited for capturing these types of differences in broadband signals. Figure 12
presents an example of this limitation using a two-channel sinusoidal signal that CSP is unable to sep-
arate. Figure 12a shows trace plots and channel variances for both of these signal classes. In this case,
both Signal-1 and Signal-2 consist of two sine waves with phase a phase difference of π

2 . The frequen-
cies of the channels are the same within each signal but different across signals, i.e., they are not ban-
dlimited across classes. Figure 12b shows the CSP components for each signal. Note that CSP is unable
to separate the variances. Figure 12c illustrates why this is the case using parametric plots of the signal
channels and CSP components. All data points for both Signal-1 and Signal-2 lie on the unit circle. As
a result, there is no linear transform that can separate the channel variances.

Despite the fact that CSP is fast and straightforward to interpret, it clearly does not address the chal-
lenges of capturing spatiotemporal, nonlinear and multiscale patterns. In fact, CSP is a perfect example
of an approach that works well only under a set of strict prior assumptions, i.e., linear bandlimited sig-
nals and linear separability, and that requires extensive manual guidance and feature selection in order
to select appropriate frequency bands and CSP components.

2.2.2 Time-Delay Embedding

Time-Delay Embedding (TDE) is a general method for capturing spatiotemporal patterns in time-
domain EEG signals [53–56]. TDE incorporates a short window of adjacent time steps into each feature
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vector. For a signal segment S, as described in (1), the TDE representation is

Sd =


s0,0 s1,0 . . . sd ,0

s1,0 s2,0 . . . sd+1,0

s2,0 s3,0 . . . sd+2,0
...

...
. . .

...
sT−d ,0 sT−d+1,0 . . . sT,0︸ ︷︷ ︸

Time embedding for first channel

s0,1 s1,1 . . . sd ,1

s1,1 s2,1 . . . sd+1,1

s2,1 s3,1 . . . sd+2,1
...

...
. . .

...
sT−d ,1 sT−d+1,1 . . . sT,1︸ ︷︷ ︸

Time embedding for second channel

. . . sd ,N

. . . sd+1,N

. . . sd+2,N

. . .
...

. . . sT,N

 , (3)

where d is the number of adjacent signal values to include, known as the embedding dimension, T
is the number of time steps in the segment and N is the number of channels. The rows of Sd are
then considered feature vectors that are passed to a subsequent classification algorithm. Since each
row of Sd contains signal values from across channels as well as from a window of time, these feature
vectors are capable of capturing spatiotemporal patterns. It is important to note, however, that this
approach assigns a class label at each time step. Since this is likely much faster than a BCI user can
make decisions, some form of evidence accumulation, e.g., voting or averaging, is typically employed
to build confidence in the user’s intent before the BCI performs an action [56].

TDE representations are able to capture spatiotemporal patterns that are localized by the window of
observations captured by time embedding. TDE also encourages time invariance because all windows
of size d are considered. In other words, the classifier is trained to label each window regardless of its
starting time. TDE requires minimal processing and does not discard information, other than the signal
values beyond the embedding window. As a result, much of the burden of identifying relevant patterns
is placed on the classification stage. Handling noise and artifacts, for example, must be performed
by an additional filtering stage or by designing a classification algorithm that is sufficiently robust.
Similarly, limiting the embedding dimension, d , is the only method for dealing with undersampling
that is intrinsic to TDE. There is, however, a trade-off between the size of the embedding dimension
and the length and scale of temporal patterns that can be captured. Of course, undersampling and
overfitting may also be handled by the classifier using any number of regularization techniques. Since
TDE-based approaches can typically be implemented using matrix operations, they are generally fast
enough for real-time use; however, performance characteristics depend on the specific classification
algorithm. Interpretation and visualization are, again, not intrinsic to TDE. Instead, standard tools for
analyzing the relationships between the features or parameters of the classifier can be used to gain
insights into the relevant patterns.

The advantages and disadvantages associated with TDE generally stem from the same source: TDE
depends heavily on a classification algorithm for learning, regularization and interpretation. TDE does
not rely on prior assumptions about linearity, stationarity, phase relationships or the bandwidth of the
signals. These properties are compatible with the arguments we made in Section 1.2 and Section 1.3,
which suggest that general methods that rely on few prior assumptions may lead to the discovery of
new types of patterns in EEG signals and, subsequently, yield improved classification strategies for use
in BCI systems. It has been noted that TDE often performs well with nonlinear classification algorithms
[56], which may suggest that it is better suited for capturing nonlinear patterns in EEG signals.

On the other hand, TDE does little to address problems with noise and undersampling and ad-
justing the embedding dimension leads to a trade-off between high dimensionality and the ability to
capture long-term patterns. As a result, TDE may still require filtering and dimensionality reduction
techniques in combination with extensive model regularization. TDE also does not distinguish be-
tween different time scales and does not encourage the classifier to learn patterns at multiple levels of
abstraction. In Section 3 we will introduce several deep neural network architectures that are, in fact,
generalizations of TDE that are designed to address these limitations.
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2.3 Deep and Recurrent Networks

We have now explored a number of common methods for constructing features that may be useful for
classifying asynchronous EEG signals and demonstrated that each of these approaches has significant
limitations. The goal of this discussion has been two fold. First, we have motivated the need for inves-
tigating new methods. Second, we have illustrated how these manually engineered representations fail
to meet our stated goals and limit our ability to exploit unknown patterns that may exist in the signals.
In order to reinforce this second point, we will now offer a brief introduction to deep networks, espe-
cially convolutional and recurrent networks, and describe how these methods have begun to play an
increasingly important role in machine learning.

2.3.1 Deep Learning Revolution

For many years, machine learning methods have relied heavily on manually engineered features. In im-
age classification, for example, intensity histograms, distance metrics, edges, segments, Fourier trans-
forms and singular vectors have all been used extensively. Although many of these approaches have
been successful, they typically involve a laborious design phase and are specialized to a specific kind
of data. This has lead to machine learning systems that are able to fill only a narrow role. The ability of
the human brain to learn and generalize has made it clear, however, that it is possible to create fast and
general purpose pattern recognition systems. This has lead researchers to seek inspiration in biological
neural networks.

Artificial neural networks that are, at least partly, inspired by biological networks have been in use
for many years and have been successfully applied to many problems in machine learning [66, 67].
There have, however, been several more recent advances have allowed artificial neural networks to
achieve exciting performance improvements using only raw or minimally processed data. First of all,
researchers have observed that biological neural networks often have multilayer, localized, sparse and
recurrent connectivity patterns. Deep networks are artificial neural networks that mimic these con-
figurations, usually in a very simplified way. Second, improvements in optimization algorithms and
computer hardware, especially vector processors, have made it tractable to train these deep network
architectures. Finally, the availability of large and high-quality datasets have provided large and diverse
datasets from which deep networks can identify sophisticated patterns that generalize well. Currently,
deep networks hold record performance on a number of benchmark datasets and are generally con-
sidered to be state-of-the-art for many machine learning tasks [41].

2.3.2 Convolutional Networks

Convolutional Neural Networks (CNNs) are a type of deep network that has been successfully applied
to a number of machine learning problems, especially in computer vision [42, 43, 68, 69]. The CNN
architecture was partly inspired by observations about the biological neural networks related to the
animal vision system. In early stages of the vision system, it has been observed that individual neurons
often respond almost exclusively to a small region of the retina that is associated with a corresponding
region of the animal’s visual field. This localized region of response is referred to as the local receptive
field of the neuron. Similarly, in deeper regions of the vision system, it appears that neurons often
respond to small, localized regions neurons in the earlier stages of the vision system. This suggests
that biological neural networks in the animal vision system are, at least partly, composed of multiple
layers of neurons that are connected to previous layers via a localized connectivity pattern. As the eye
scans a scene, the result of light moving along the receptive field of the retina can be modeled as a
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Figure 13: Schematic of Convolutional network designed for image classification. This network consists of two
convolutional layers with two and four neurons followed by a fully connected layer with four neurons and, finally,
a softmax readout that outputs two class probabilities.
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convolution, i.e., a weighted sliding window of responses. The output of the neurons at the next layer
is then convolved with the local receptive field of the previous layer, and so on.

CNNs also typically incorporate downsampling between layers, which serves a two-fold purpose.
First, downsampling introduces sparsity into the network. Sparsity is also found in biological neural
networks and may help generalization performance by preventing the network weights from coadapt-
ing to multiple features. Second, downsampling effectively changes the scale of the model, encourag-
ing the network to learn a hierarchy of representations with multiple scales and levels of abstraction.
Again, different regions of animal vision system are believed to model visual input at different scales.

In Figure 13, we see a schematic diagram of typical CNN used for image classification. The initial
layers of the CNN, called convolutional layers, consist of several artificial neurons with small, localized
windows of connectivity. Each connection in this window has a separate weight and is applied to all
regions of the layer’s input via a convolution across both the horizontal and vertical axes. The output of
this convolution is then passed through a nonlinear transfer function, typically the hyperbolic tangent
or a rectified linear unit. The output is then downsampled in a process called pooling. A variety of
techniques for pooling have been explored including averaging, striding or selecting the maximum
response. At each convolutional layer, this process produces a new feature image for each neuron. The
general idea is that each neuron in a convolutional layer can learn to respond to a different type of
feature, regardless of its location in the image, i.e., the response is shift invariant. The convolutional
layers are then stacked in order to encourage the network to learn multiscale representations.

The output of the final convolutional layer is then passed through an artificial neural network with
full connectivity. In other words, a weighted sum of every pixel in all of the final feature images is
passed to the neurons in the fully connected layer, followed by another nonlinear transfer. Finally,
linear softmax units can be used to combine these outputs and ensure that the output of the network
sums to one, i.e., the probability that the image belongs to each class. It is important to note that
this fully connected network has many fewer parameters than a fully connected network applied to
the original image because the feature images are downsampled between each convolutional layer. In
fact, a CNN may have fewer parameters overall than a fully connected network. This reduction in the
number of parameters can make the network more robust to noise, undersampling and overfitting.
The parameters in all layers of a CNN can be optimized using gradient descent. In Section 3 we will
propose several alternate CNN architectures that are suitable for classification of EEG signals.

2.3.3 Recurrent Networks

Recurrent Neural Networks (RNNs) are artificial neural networks that contain feedback connections,
typically with a single time step delay. These feedback connections, also known as recurrent connec-
tions, allow the network to solve tasks that require memory and state. While networks that contain
only feedforward connections can be viewed as function approximators, recurrent networks are capa-
ble of approximating finite state machines and Turing machines [70, 71]. Recurrent connections are
also found in biological neural networks and contribute to its ability to perform temporal processing.

In Figure 14 we see a schematic diagram of an Elman type RNN, i.e., an RNN with full recurrent
connectivity in the hidden layer [72]. In this network, a three-dimensional input signal X(t ) is fed into
the hidden layer at time t along with the previous outputs of the hidden layer from time t − 1. The
weighted sum of these outputs is passed through a sigmoidal transfer function and, finally, passed
through a linear readout layer to produce the desired output Y(t ). Since the state of the hidden layer is
fed back recursively, the network is able to incorporate information from previous time steps.

RNNs can consist of a single or multiple hidden layers. In either case, they are intimately related
to other deep network architectures in the way that they are trained. In order to optimize the weights
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Figure 14: Schematic of Recurrent network for processing signals or time series. This network processes an
input signal, (X )(t ), with three channels and has three recurrent neurons in the hidden layer followed by a linear
readout layer that produces an output Y(t ) with three channels.
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Figure 15: BPTT unrolls the network through time to form a deep cascading network. The weights at each layer
are shared and the inputs consist of both the signal input at time t and the output of the previous layer. The
gradients of the unrolled network are summed to find the gradient of the RNN.
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of a recurrent network using backpropagation, the network must first be unrolled into a multilayer,
cascading feedforward network. Depicted in Figure 15, this unrolled network shares identical weights
at each layer and takes both the input of the signal at time t and the outputs of the previous layer as in-
puts. The gradient of the recurrent network can then be found by summing the gradients of the shared
weights at each layer. In order to improve computational performance, this unrolling procedure can
be truncated after a given number of time steps, yielding a short-term approximation of the gradient.
This procedure is known as Backpropagation Through Time (BPTT) [66].

3 Proposed Methods and Research Questions

Now that we have motivated the use of deep and recurrent networks for classifying asynchronous EEG
signals, we proceed by proposing a series of new deep network architectures that are specifically de-
signed for solving this type of problem. First, we will describe how convolutional layers can be con-
structed in a way that is appropriate for processing asynchronous EEG signals. At this point, we will
also lay down a foundation for analyzing and interpreting the types of patterns that these convolutional
layers learn. Next, we will explain how recurrent layers can be used instead of convolutional layers and
why this might be beneficial. We will then describe several approaches for combining convolutional
or recurrent layers with one or more readout layers in order to construct a deep network that is suit-
able for classification. Finally, we will discuss how we plan to train these networks in a way that is
computationally tractable for use in real-time BCIs. In each section, we will state a number of clearly
defined research questions and describe, in detail, our suppositions, motivating design decisions and
proposed experiments.

3.1 Convolutional Layers

One of the most fundamental questions that we seek to answer is whether or not the convolutional lay-
ers of a CNN can be constructed in a way that is appropriate for processing asynchronous EEG signals.
In image classification, convolutional layers can help a network attain a level of location invariance
across the horizontal and vertical axes of the image. In an image of a face, for example, the ears may
be located anywhere near the sides or center of the image. In EEG signals, however, it seems unlikely
that patterns are spatially invariant; rather, activity over one region of the cortex appears to be distinct
from similar activity located over a different region. Asynchronous EEG signals do, however, require
temporal invariance, as previously described in Section 1.1.

Research Question 1: Can convolutional layers be designed in a way that allows them to capture spa-
tiotemporal patterns while also achieving time invariance?

We propose a straightforward modification of the standard convolutional layer where convolution
is performed only along the time axis. In CNNs that are designed for image classification, it is com-
mon practice to incorporate information from different color channels by simply passing all channels
through the convolutional window. We follow a similar procedure for incorporating information across
multiple EEG channels where the output of the convolution at each time step is the weighted sum of
all channels and time steps within a brief window of the input signal, as depicted in Figure 16. Since
the connections across channels remain fixed while the convolution slides across time, this approach
encourages the network to achieve time invariance but not necessarily spatial invariance. In Section 5,
we will use simple artificial problems to explore the ability of this type of layer to identify spatially fixed
but temporally variable patterns.
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Figure 16: A single convolutional layer. Time invariance is achieved using convolution across time. Spatial
information is incorporated by combining channels into the convolutional window.

When considering this type of convolutional layer, it is useful to note that the convolution of a mul-
tivariate signal along the time axis is exactly equivalent to a time-delay embedding (TDE) followed by
a matrix multiplication. As a result, each convolutional layer in this type of network can be interpreted
as an instance of TDE, previously discussed in Section 2.2.2. As we will see, however, the additional
structure found in our CNNs may address the limitations that we identified in current TDE-based ap-
proaches.

A key limitation of TDE-based approaches is their inability to learn hierarchical representations of
multiscale patterns. We believe that stacking convolutional layers will provide a structure that is better
suited for forming hierarchical representations. We also believe that introducing a change in scale
between layers, in the form of downsampling, will further encourage the network to identify multiscale
patterns. Although these features are commonly found in CNNs, their effect on asynchronous EEG
signals has, to our knowledge, not yet been studied.

Research Question 2: Does stacking convolutional layers to form a deep architecture encourage the
network to learn hierarchical representations of multiscale patterns with varying levels of abstraction?

Characterizing the multiscale patterns learned by a CNN will likely be a challenging task because of
the nonlinearities in the network and because of the sophisticated and only partially understood nature
of EEG signals. There are, however, a number of experiments that can help us to explore the patterns
that convolutional layers learn to utilize. First of all, a performance comparison between single-layer
and multilayer networks may help us to determine the importance of using multiple convolutional
layers. If multilayer networks outperform single-layer networks, this would suggest that hierarchical
representations are important. The weights of the first layer can also be mapped directly to the surface
of the scalp, helping us to determine which artificial neurons respond to different EEG sites. The first
layer weights can also be viewed as matched filters, i.e., templates, highlighting the types of temporal
patterns that trigger a response for each artificial neuron. Beyond the first layer, standard methods for
visualizing the network weights and outputs may be revealing. For instance, trace plots may show how
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the signal is transformed, spatial correlations may show relationships between channels and autocor-
relations show temporal relationships.

Of course, frequency-domain approaches may also be used to analyze the outputs of each con-
volutional layer. This idea leads us to another important insight. In classical signal analysis, linear
bandpass3 filters can be implemented as a convolution with weights that are designed analytically ac-
cording to the desired specifications of the filter [73]. This type of linear filter is known as a Finite
Impulse Response (FIR) filter because the effects of a perturbation on the input signal, such as that
caused by an impulse, last for a finite period of time that is determined by the width of the convolu-
tional window. Similarly, we believe that the convolutional layers in our networks may be interpreted
as learned, multivariate, nonlinear FIR filters.

Research Question 3: Can convolutional layers be interpreted as learned FIR filters? If so, do these
filters separate frequencies that are thought to be useful and do they attenuate noise and artifacts?

The frequency response of a linear FIR filter, i.e., the attenuation of the signal across the frequency
spectrum, can be determined using the discrete Fourier transform (DFT) of the convolutional weights.
Similarly, the frequency response of a convolutional layer before the application of a nonlinear transfer
function can be determined precisely by taking the DFT of the weights. The frequency response of a
convolutional layer after the nonlinearity can be explored by feeding a chirp as the layer’s input while
examining the output using PSDs or CWTs. It is important to recognize, however, the limitations and
pitfalls of using these approaches to analyze nonlinear signals, as discussed in Section 2.1.1 and 2.1.2.

Research Question 4: Are nonlinear transfer functions strictly necessary in order for convolutional
layers to learn meaningful patterns? What might this suggest about the types of nonlinear patterns
found in EEG signals?

Since convolutional layers can be interpreted as FIR filters and given the success of linear meth-
ods in current BCI systems, we believe that it is important to establish the need for using a nonlinear
transfer function at all. Although our experience has demonstrated that at least one nonlinear layer
is usually necessary in order for CNNs to achieve acceptable performance, it is not entirely clear why
this is the case. An interesting compromise between strictly linear layers and the typical hyperbolic
tangent is the rectified linear transfer function. Rectified linear transfer functions, which have become
increasingly popular in recent years, are fast, piece-wise linear and may introduce additional sparsity
into the network [68, 74]. A direct comparison of the performance and patterns learned by linear, rec-
tified linear and hyperbolic tangent transfer functions may yield interesting insights into the types of
nonlinearities found in EEG signals.

3.2 Recurrent Layers

Recurrent Neural Networks (RNNs), introduced in Section 2.3.3, have been successfully applied to a
number of problems involving signals and time series. Several recent research projects, including work
by our group, has demonstrated that RNNs are well suited for modeling asynchronous EEG signals and
that these models can be used to construct generative classifiers [49–52, 75–78]. It has also recently
been suggested that recurrent layers may be a suitable alternative to convolutional layers for some
types of image classification problems [79]. We posit that recurrent layers are a viable, and perhaps

3We use the term “bandpass” generically in this context to include highpass, lowpass and stopband filters.
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better, alternative to convolutional layers when constructing deep networks for classification of asyn-
chronous EEG signals.

Research Question 5: Can recurrent layers be designed in a way that allows them to capture spa-
tiotemporal patterns while also achieving time invariance? Can recurrent layers be used as an alter-
native to convolutional layers?

Convolutional layers, as we have seen, can utilize a brief window of adjacent time steps to incor-
porate temporal information. Recurrent layers, on the other hand, are designed to utilize feedback
(recurrent) connections in order to capture temporal information. In Figure 17, we see an example of
a recurrent layer with full feedback connectivity that is applied recursively to each time step of the sig-
nal. A nonlinear transfer function and downsampling can also be applied in a fashion similar to that
used in our convolutional layers. These recurrent layers can also be stacked to form Deep Recurrent
Networks (DRNs). Since information from previous states is fed back to the network at each time step,
the need for explicitly embedding a window of adjacent time steps can be eliminated. Also note that
this process only depends on the order in which signal was presented to the network, rather than abso-
lute timing. This encourages the network to learn a time-invariant representation. In order to capture
spatial patterns, we feed the inputs from all channels to each artificial neuron at each time step, similar
to the approach taken with our convolutional layers.

Recurrence Through Time

Current Time-Step

Input Signal

Output Signal

Input Connections
Recurrent Connections

Transfer Function
Downsampling

Figure 17: A single recurrent layer with full recurrent connections applied recursively across time. Spatial infor-
mation is incorporated by connecting all channels at each time step.

There are several advantages and disadvantages to using recurrent layers instead of convolutional
layers. First of all, recurrent layers may, possibly, require fewer free parameters than a comparable
convolutional layer because recurrent layers do not require a connection to each time step within a
window. Recurrent layers may, however, require more artificial neurons than a convolutional layer in
order for the capacity of the network to reach a level that is suitable for retaining information that is fed
back through the recurrent connections. The characteristics of this trade-off will depend on the density
and duration of relevant temporal patterns and will be studied empirically. If recurrent layers require
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fewer free parameters than convolutional layers, they may be more robust to noise, undersampling
and overfitting, which may result in better generalization performance.

With convolutional layers, we also noted that the finite length of the convolutional window limited
the duration of the network’s response to a given input, yielding FIR. Recurrent layers, on the other
hand, continually incorporate information from previous states in a recursive fashion. As a result,
a perturbation of the input signal can, theoretically, affect a recurrent layer’s response infinitely far
into the future. This property is known as Infinite Impulse Response (IIR). In practice, however, the
useful duration of a recurrent layer’s response is limited by numerical precision and truncated gradient
approximations.

Research Question 6: Does the infinite impulse response found in recurrent layers improve the fil-
tering characteristics of the network? What impact does this have on performance and the patterns
learned by the network?

In classical signal processing, IIR filters are often preferable to FIR filters because they can achieve
better filtering characteristics, i.e., steeper attenuation of undesirable frequencies, using fewer param-
eters. On the other hand, IIR filters produce nonlinear phase distortion, may exhibit numerical insta-
bility and deriving appropriate filter parameters is considerably more involved.

Similarly, we suspect that recurrent layers may achieve better feature selection and filtering char-
acteristics with fewer parameters than convolutional networks. A direct comparison of convolutional
and recurrent layers using the analysis approaches outlined in the previous section may help to sup-
port or weaken this supposition. We also suspect, however, that recurrent layers will be more difficult
to train than convolutional layers. Since recurrent layers are typically unrolled during training, as de-
scribed in Section 2.3.3, these network can become very deep, especially if multiple recurrent layers are
stacked. This may lead to slow or limited convergence due to truncated or vanishing gradients and lo-
cal minima [80]. These problems may be mitigated through the use of carefully designed optimization
algorithms and transfer functions.

3.3 Readout Layers

In order to construct deep networks that are useful for classification, one or more convolutional or
recurrent layers are combined with one or more readout layers that are used to assign final class labels.
While the convolutional or recurrent layers may be viewed as learned filters or feature extractors, the
readout layers can be viewed as the final classification stage. In practice, however, the lines between
these roles may be blurred. Next, we will describe several approaches for constructing readout layers
that will be used to form deep networks that are capable of classifying EEG signals.

The first full architecture that we propose, depicted in Figure 18, closely follows the standard CNN
design. These networks begin with several stacked convolutional layers operating along time with non-
linear transfer functions and downsampling between layers. The output of the final convolutional
layer is then passed through a fully connected layer where each channel and time step for the en-
tire EEG segment is passed to each artificial neuron. This first readout layer also contains nonlinear
transfer functions. Finally, the output of the first readout layer is passed to a linear softmax layer that
outputs class membership probabilities for the entire segment. We refer to this CNN architecture as
CNN-Fully-Connected (CNN-FC) due to the fact that the readout layers contain full connectivity to the
entire output of the final convolutional layer.

Although CNN-FC is designed to address many of the challenges that we have laid out, we believe
that the use of fully connected readout layers leads to several significant problems. First, these net-
works require many free parameters because of the large number of connections from individual time
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Figure 18: Schematic of convolutional network with fully connected, nonlinear readout (CNN-FC). After one or
more convolutional layers, the network outputs proceed through a fully connected layer where all channels and
all time steps are passed to each nonlinear unit. The outputs of the first fully connected layer are then passed to
a linear softmax layer that outputs class probabilities for the entire EEG segment.
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steps leading into the fully connected readout layers. For example, a CNN-FC that operates over two-
second EEG segments sampled at 256Hz and that has two convolutional layers with 10 artificial neu-
rons, 2:1 downsampling and 10 hidden units in the first fully connected layer requires approximately
12,000 parameters in the readout layers alone. Given that our data is known to be noisy and undersam-
pled, we suspect that this large number of free parameters will lead to severe problems with overfitting
and lead to poor generalization performance.

It is also important to note that fully connected layers are especially well suited for capturing pat-
terns with large-scale relative structure. In order to illustrate this, again consider how CNNs that are
designed for image classification leverage the location invariant features learned by the convolutional
layers. In these problems, there is typically a high-level structure that dictates how these features fit to-
gether. In images of faces, for example, various features, such as eyes, ears and noses, may be found at
differing locations. These features should, however, have a relative structure with the eyes on the sides
of the nose and the ears on the sides of the eyes and, often, the entire face near the center of the frame.
Fully connected readout layers are capable of capturing this type of large-scale relative structure.

The signals that we are concerned with, on the other hand, appear to lack this type of structure in
several ways. First, asynchronous EEG signals are completely time invariant, i.e., the boundaries of the
signal segment are completely arbitrary. Second, our previous experience with this type of problem
leads us to believe that many of the patterns found in the EEG signals are transient and fleeting. This
phenomenon may be explained, at least in part, by the inconsistent and repetitive-but-variable nature
of the mental tasks that the subject is performing. For instance, if a subject is imagining raising and
lowering the arm, the regions of the brain responsible for controlling a particular muscle may be ac-
tivated repetitively but in a different order while the arm is being raised versus while the arm is being
lowered. The overall timing of these activations may also vary due to inconsistencies in the way that
the subject repeats the task. Given this variability and the undersampled nature of this data, we believe
that capturing this type of large-scale structure may be intractable. Instead, we posit that the presence
or absence of features with localized structure, e.g., imagined control of a specific muscle, may be more
useful than long-term relative structure.

Research Question 7: Do EEG signals recorded during mental tasks contain discernible long-term rel-
ative structure that necessitates fully connected readout layers? Can this type of structure be captured
given the large number of parameters required by fully connected layers? If not, what alternatives may
be appropriate?

In our previous research, we have explored the use of TDE combined with various classifiers and ev-
idence accumulation strategies [53–56]. In these approaches, TDE is used to capture localized patterns
in the EEG signals. The classifier then uses this information to assign a class membership probability
at each time step. During training, this is achieved by repeating each segment’s class label for each
time step. Since this decision rate is faster than a user can control a BCI and because this short-term
information is often not enough to reliably assign class labels, an evidence accumulation strategy is
used to build confidence in the classifiers decision over the course of time.

In Figure 19, we present a network architecture that generalizes this procedure to deep CNNs. In
this case, the first readout layer consists of softmax transfer functions that output class membership
probabilities at each timestep using only the outputs of the final convolutional layer at each time step.
Note that this approach is somewhat similar to an architecture that has been proposed for semantic
segmentation in computer vision [81]. Omitting fully connected layers places the burden of capturing
temporal information solely on the convolutional layers and forces the network to identify localized
patterns that occur within a narrow window. It is important to note, however, that the stacked, mul-
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Figure 19: Schematic of convolutional network with log sum readout (CNN-EA). After one or more convolutional
layers, all channels are passed to a linear log-softmax layer that assigns a class label for each individual time step.
These log likelihoods are then summed, which is equivalent to multiplying the probabilities. The final label for
the entire segment corresponds to the maximum of these likelihoods.
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Figure 20: Schematic of deep recurrent network with log sum readout (DRN-EA). After one or more recurrent
layers, all channels are passed to a linear log-softmax layer that assigns a class label for each individual time step.
These log likelihoods are then summed, which is equivalent to multiplying the probabilities. The final label for
the entire segment corresponds to the maximum of these likelihoods.
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tiscale nature of the convolutional layers allows the network to identify patterns that are wider than
the width of the convolutional window at any given layer. The second, and final, readout layer does
not contain any learned weights. Instead, the final readout layer simply combines or accumulates the
probabilities from the first readout layer in a way that assigns a single class membership probability for
the entire EEG segment. We refer to this network architecture as CNN-Evidence-Accumulation (CNN-
EA) because it combines the probabilities from each time step instead of using fully connected layers.

Research Question 8: Is evidence accumulation sufficient to capture the relevant and necessary pat-
terns in our EEG signals? If so, what types evidence accumulation strategies are most appropriate?

There are many evidence accumulation strategies that can potentially be used in the second read-
out layer of CNN-EA. For instance, voting or averaging class probabilities are both straightforward
choices. In our preliminary results, we will accumulate evidence by summing the log-likelihoods. This
is equivalent to multiplying the probabilities and can be interpreted as the probability that all regions
of the signal belong to a class given that the regions are independent, an assumption that is almost
certainly violated. In our previous work related to TDE, we have also suggested the use of evidence
accumulation strategies that only make decisions after sufficient evidence has been gathered [56]. A
comparison of several evidence accumulation strategies may lead to insights into the overall structure
of patterns found in the EEG signals.

Table 1: Summary of network architectures to be explored.

Abbr. Convolutional/Recurrent Readout Layer

CNN-FC Convolutional Neural Network Fully Connected
CNN-EA Convolutional Neural Network Evidence Accumulation
DRN-FC Deep Recurrent Network Fully Connected
DRN-EA Deep Recurrent Network Evidence Accumulation

For both the CNN-FC and CNN-EA architectures, recurrent layers can directly replace the con-
volutional layers. This results in two new architectures: DRN-Fully-Connected (DRN-FC) and DRN-
Evidence-Accumulation (DRN-EA). Figure 20 depicts the DRN-EA architecture with a sum of log like-
lihoods readout layer. Our proposed analysis and experiments will involve an in-depth analysis of all
four of these network architectures, which are summarized in Table 1.

3.4 Computational Performance

Optimizing the weights of convolutional and recurrent networks is generally a very computationally
intensive process due to the size and multilayer architecture of these networks. Since our application
requires that these networks can be trained while a BCI user waits and subsequently used in real time,
we must pay special attention to computational performance.

Research Question 9: Is it possible to train CNNs and DRNs during a BCI calibration phase? Can they
be evaluated in real time?

The standard approach for training neural networks, and the approach that we will follow, is to
perform supervised learning using optimization algorithms that leverage first-order error gradients
computed using backpropagation. This can be particularly challenging when using deep networks
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because they often involve many parameters and because the error gradients can become extremely
small as they pass through multiple layers, a phenomenon known as vanishing gradients.

These problems are typically addressed using specialized vector processors, such as general-purpose
Graphics Processing Units (GPUs), combined with stochastic gradient descent optimization algorithms
that utilize momentum or other heuristics. We believe, however, that we will be able to train our CNNs
and DRNs in this setting without using specialized hardware. This will be achieved using several im-
plementation strategies and algorithms that are able to exploit several properties that are specific to
this type of problem. Although our implementation is written entirely in the interpreted Python pro-
gramming language, we are able to access highly tuned linear algebra libraries through the use of the
Numpy package. Specifically, we utilize Intel’s Math Kernel Library (MKL) in order to achieve fast ma-
trix multiplication performance on commodity CPU hardware. Since our convolutions are equivalent
to TDE, as previously noted, we are able to reduce the convolution operation into a fast matrix multi-
ply. Numpy also also permits flexible striding and manipulation of array indices, allowing us to avoid
costly memory copies of our data matrices.

Since the datasets involved in BCI applications are relatively small, at least when compared to im-
age datasets, we are also able to fit all of our data and gradients into volatile memory on commodity
hardware. This allows us to use batch optimization algorithms, rather than stochastic algorithms. In
particular, we have found that algorithms that approximate second-order gradient information, such
as Scaled Conjugate Gradients (SCG) [82], yield fast convergence, even on deep and recurrent networks.
Optimization algorithms that avoid using the magnitude of the gradient, such as Resilient Backpropa-
gation (RProp) [83], may also be successful at avoiding problems with vanishing gradients. We are con-
fident that a combination of these techniques will allow us to train and evaluate CNNs in a real-time
setting. It may still prove challenging, however, to train DRNs and to perform automatic hyperparam-
eter selection on a per-subject basis. A thorough analysis of the various hyperparameters involved in
these networks will be required in order to determine if each parameter can be set to a general value
for each potential BCI user.

4 Experimental Procedures

In order to evaluate and analyze the research questions outlined in the previous section, we will per-
form a number of offline experiments using prerecorded data as well as a series of online experiments
that will help us to evaluate the ability of these methods to be used in an actual real-time BCI system.

4.1 Colorado EEG and BCI Laboratory

All of our algorithms and experiments will be implemented within the Colorado EEG and BCI Labora-
tory version 3 (CEBL3) software platform, which is currently under development by our research group.
CEBL3 is written largely in the high-level Python programming language and is designed to support
rapid prototyping and end-to-end support for all phases of BCI research and development [84]. Re-
searchers can begin their work in CEBL3 by performing a number of tasks offline using built-in routines
for data manipulation, signal processing, visualization and machine learning. Successful methods can
then easily be promoted to a fully functional graphical user interface that provides real-time support
for a number of EEG acquisition devices as well as a number of BCI widgets and modules. Figure 21
shows a sample screenshot of the CEBL3 graphical user interface.
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Figure 21: A screen capture of the CEBL3 graphical user interface.

4.2 Offline Dataset

Our initial experiments and analysis will be performed using a publicly available4 dataset that was
recorded by our research group in 2012. This dataset includes EEG recorded from 13 participants. The
first nine participants were drawn from a sample of convenience, i.e., university graduate students.
These participants had no known medical conditions or impairments and data were recorded in the
well-vetted Brainwaves Research Laboratory in the College of Health and Human Sciences at Colorado
State University [85, 86]. The remaining four participants all had severe motor impairments due to
high-level spinal cord injury, traumatic brain injury or progressive multiple sclerosis. For these partic-
ipants, EEG recording took place in their home environments in order to replicate realistic operating
conditions. Note that two participants were excluded from the downloadable dataset, one because
mental task data were not recorded and the other because all trials were not completed.

All data were recorded using the g.MOBILab+ EEG acquisition system with g.GAMMASys active
electrodes, manufactured by Guger Technologies. The g.MOBILab+ EEG system is small, portable and
relatively affordable, making it well suited for practical BCI applications. This system provides eight
active EEG electrodes and a sampling rate of 256Hz per channel with a bandwidth of 0.5–100Hz at
−3db attenuation. We chose to place the eight channels at sites F3, F4, C3, C4, P3, P4, O1 and O2,
shown in Figure 3b, in order to cover a broad area of the cortex for each hemisphere of the brain.

Each participant was seated comfortably in front of 20-inch LCD computer screen and asked to re-
main relaxed and move as little as possible during the experiments. They were then given instructions
on how to perform four mental tasks following a cue on the monitor in the form of a single word. These
tasks, summarized in Table 2, consisted of: silently singing a favorite song, imagine repeatedly making

4Available for download at http://www.cs.colostate.edu/eeg/main/data/2011-12_BCI_at_CSU
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Table 2: Mental tasks used and cues shown to the participants.

Cue Task description

Song Silently sing a favorite song.
Fist Imagine repeatedly making a left-handed fist.
Rotate Visualize a cube rotating in three dimensions.
Count Silently count backward from 100 by threes.

a left-handed fist, visualizing a cube rotating in three dimensions and silently counting backward from
100 by increments of three. Although these tasks were chosen with the intent of utilizing different re-
gions of the brain, we concede that research regarding the most effective mental tasks is ongoing and
may vary considerably among individuals [36, 46]. Each participant then performed all four tasks in a
randomized order for 10 seconds per task. A blank screen was presented for two seconds between each
cue during which the subject was instructed to relax. This procedure, which we refer to as a trial, was
repeated five times. This yielded 50 seconds of EEG data per mental task and a total of 200 seconds
of data for each participant. The data were later split into two-second segments with a one-second
overlap, yielding 25 segments per mental task and a total of 100 EEG segments per participant.

In order to achieve a fair performance evaluation using this relatively small dataset, we use a strat-
ified and nested cross-validation procedure. In this scheme, each trial serves as the test partition for a
separate model trained over a training partition consisting of the remaining four trials. The final test
results that we present will be the average test performance across this five-fold cross-validation. Each
of our classifiers will use at least one hyperparameter for the purpose of regularization, i.e., to prevent
overfitting. In order to tune this parameter automatically, we perform a nested cross-validation over
the four trials in the training partition. This means that a cross-validation is performed for hyperpa-
rameter selection for each of the five possible test partitions. We believe that this procedure will give us
a good estimate of generalization performance because each trial will be included and excluded from
the training, validation and test partitions.

4.3 Real-Time Experiments

Since a BCI system is ultimately intended to be used interactively, we believe that it is important to
evaluate new methods in a real-time setting. To this end, we plan to perform a series of experiments
where participants will use our proposed classifiers interactively. These experiments will use a “pie-
menu” interface that was previously proposed by our research group [55]. In this interface, shown in
Figure 22, a circular menu is presented to the user with a separate section for each mental task. A single
section of this menu will then be highlighted in order to instruct the user which mental task to perform.
As the classifier assigns labels to EEG segments, a bar will grow toward the corresponding label. Once
the bar reaches the pie-menu, an instruction will be selected and the menu will reset. This procedure
will allow us to quantify interactive performance in the presence of real-time feedback. The presence
of feedback, which is present in usable BCI systems, may allow the user to adapt their mental strategies
in ways that cannot be analyzed in offline experiments using prerecorded data.

We plan to recruit 5–10 participants for our real-time experiments. Each participant will use both a
baseline classifier and one of our proposed classifiers. Since human resources for performing real-time
experiments are limited, we will explore only one CNN and one DRN architecture. These architectures
will be determined by our offline analyses and should achieve reasonable computational performance
in addition to high classification performance.
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Figure 22: The pie-menu interface in CEBL3 for evaluating real-time performance of mental task classification.
First, a section of the menu is highlighted, instructing the user which task to perform. In this case, the user
is performing the song task. While the user is performing the task, a bar grows toward the label assigned by the
classifier, providing real-time feedback. Once the bar reaches a menu section, the menu resets and the procedure
is repeated for a new task.

4.4 Baseline Classifiers

In order to compare our proposed methods to the state of the art, we will examine handful of classifiers
that utilize PSD representations. Approaches that use PSDs were among the first to be proposed for
classifying EEG in MT-based BCIs and, to date, have been some of the most successful [33, 34, 44, 59].

We employ Welch’s method for estimating the PSD of each EEG segment [61]. In this approach,
depicted in Figure 23, the segment is first subdivided into windows of width ω, called the span. As
is common practice, we use Hann windows with a 50% overlap. The DFTs of the windows are then
computed and the first half is discarded because the DFT of a real-valued signal is symmetric. The
magnitude of the DFTs are then computed, yielding a time-invariant periodogram of each window.
These periodograms are then scaled to µV 2/H z and averaged together. Finally, the PSD is normalized
using the base 10 logarithm.

The span, ω, in Welch’s method is a tunable parameter that controls smoothing, frequency reso-
lution and dimensionality reduction. Note that the DFT of a real-valued segment of length T has T

2
values. This means that small values of ω will yield a PSD with low frequency resolution, i.e., few fre-
quency bins, and more smoothing because a large number of small DFTs are averaged together. As ω
approaches the width of the segment, on the other hand, the frequency resolution increases and the
amount of smoothing due to averaging is reduced. The span parameter also controls the dimension-
ality of the representation because lower resolution PSDs result in fewer features. In Section 5.2.1, we
will explore how varying ω affects the performance of our classifiers.
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Figure 23: Welch’s method for estimating a PSD. First, the EEG segment is split into Hann windows with 50%
overlap. The magnitude of the DFT is then computed for window. Finally, the DFTs are scaled and averaged
together. This yields an estimate of the power of the signal across the frequency spectrum. The PSDs for all
channels are then concatenated together to form a single feature vector for the EEG segment.
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In addition to adjusting the span of Welch’s method, we have also found two preprocessing steps
that often improve classification performance in this setting. Once the PSD of a segment has been
computed, frequency ranges can be easily discarded. We have found that discarding frequencies be-
low 0.5Hz and above 40Hz generally improves performance. We suspect that this is due to the artifacts
found in these ranges. Artifacts related to movement of the EEG equipment are often found below
0.5Hz while artifacts related to muscle movement are very pronounced above 40Hz. It is important
to note, however, that important information related to EEG activity might also be found in these fre-
quency ranges, potentially making this a sub-optimal strategy for artifact removal. We have also found
that using a Common Average Reference (CAR) improves performance for some participants. CAR sub-
tracts the mean of all channels from each individual channel at each time step so that the mean across
channels is zero. CAR can be viewed as a simple decorrelation filter or spatial high-pass filter since it
attenuates activity that is common across all channels. Our experience with PSD-based classifiers has
demonstrated that removing these common signal components generally increases the separability of
the PSDs across mental tasks and increases classification accuracy. Further exploration is required,
however, in order to fully characterize the effects of this type of filter.

In order to construct feature vectors that are appropriate for classification, we simply concatenate
all channels of the PSD into a single vector, as shown in the bottom of Figure 23. Since PSDs, and there-
fore our feature vectors, are time invariant, any number of standard algorithms may be then be used to
perform classification. We will explore the use of five different classification algorithms, summarized
in Table 3. In previous studies, generative classifiers that model the PSDs using Gaussian distributions,
such as Linear Discriminant Analysis (LDA) and Quadratic Discriminant Analysis (QDA), have been
noted to be effective [33,34]. It has also been noted, however, that more sophisticated nonlinear meth-
ods may yield good performance [34]. As a result, we will also explore the use fully connected Feed-
forward Neural Networks (FNN) with a single layer containing 30 hidden units and a softmax readout
layer. For the sake of completeness, we will also examine two standard classifiers that should gen-
erally be tried for most machine learning problems: Linear Logistic Regression (LGR) and K-Nearest
Neighbors (KNN) with Euclidean distance. For each of these algorithms, we will tune a single regular-
ization parameter, listed in Table 3. Although there are typically a number of methods for regularizing
a given classifier, the methods that we have selected are quite common. A detailed analysis of each of
these algorithms remains to be performed and may provide valuable insights into the advantages and
disadvantages of each method.

Table 3: Summary of PSD baseline classifiers.

Abbr. Name Regularization Parameter

LDA Linear Discriminant Analysis Covariance matrix shrinkage
QDA Quadratic Discriminant Analysis Covariance matrix averaging
KNN K-Nearest Neighbors Number of neighbors
LGR Linear Logistic Regression Early-stopping
FNN Feedforward Neural Network Early-stopping
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4.5 Deep Networks

In order to evaluate each of our deep network architectures, we will use the same datasets and eval-
uation procedures that we have described for our baseline classifiers. In order to conform with our
hypothesis that convolutional and recurrent layers can automatically learn feature extractors and fil-
ters, however, we will generally not perform any preprocessing on the data when using our CNNs or
DRNs. Unless otherwise stated, we will use raw and unfiltered EEG signals when evaluating our pro-
posed network architectures.

We will also regularize our CNNs and DRNs during our nested cross-validation using a single hyper-
parameter, similar to our baseline approach. Specifically, we believe that early-stopping will prevent
our networks from overfitting by preventing large weights from developing and, as a result, limiting
the amount of nonlinearity in our models. If this does not prove to be effective, however, we may also
consider using L2 or L1-norm weight decays or dropout techniques [67, 87].

Of course, the complexity of our models will also be partially determined by various other hyper-
parameters involved with these networks, i.e., convolutional widths, number of layers, number of neu-
rons in each layer, choice of transfer function and pooling method. We intend to explore the effect that
each of these parameters has on classification performance and the patterns learned by the networks.
In order to maintain a fair evaluation of test performance, these analyses will only use mean validation
performance, reserving test performance for our final results. Since there are a relatively large number
of hyperparameters to explore, we will begin by performing a broad random search in order to find
suitable initial values.

5 Preliminary Results

Now that we have described our research questions and laid the foundations for our experimental
methods, we will present a series of preliminary experiments that will demonstrate the feasibility of
our approach. First, we will use several contrived experiments to demonstrate that our networks are,
in fact, capable of capturing some of the most important types of patterns that we have discussed.
Specifically, we will show that CNNs and DRNs can form hierarchical representations of spatiotemporal
patterns while achieving time invariance. We will also examine the impulse response of these networks
and show that they can be interpreted as learned filters, at least in some circumstances.

We will then proceed by using our proposed network architectures to classify the EEG signals found
in our offline dataset. These experiments will show that minimally tuned CNNs using raw EEG signals
perform comparably to highly tuned baseline classifiers using extensively preprocessed EEG signals.
Overall, our preliminary results will provide a proof-of-concept and support our claims that CNNs and
DRNs can automatically learn to represent and filter asynchronous EEG signals in a way that is useful
for classification.

5.1 Artificial Problems

Our first set of experiments involve a series of artificially generated signal classification problems.
These problems are designed to provide minimal examples that demonstrate the ability of CNNs and
DRNs to classify asynchronous and multivariate signals. The simplicity of these problems will allow us
to perform an in-depth analysis of the network responses at each layer and to gain a number of insights
into the types of patterns that each network learns to identify.
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5.1.1 The Staggered Impulse Problem with CNN-EA

In order to demonstrate that our networks are able to achieve time invariance while also capturing spa-
tiotemporal patterns, we have devised a simple classification problem that we refer to as The Staggered
Impulse Problem (SIP). This classification task involves two signal classes, Class-A and Class-B, both
of which have two channels, s1 and s2. The data consist of 50 segments per class that each contain 60
time steps. The first 1

2 of the data, 25 segments per class, are used for training while the remainder are
reserved for testing and analyzing our models.

Each signal segment in Class-A is zero everywhere except for a single unit impulse in each channel.
The timing of the impulses in Class-A differs across channels by 10 time steps. Each signal segment is
then shifted in time by a constant that is drawn from the random uniform distribution of integers, Ū ,
between 10 and 50. Precisely, the first channel for each segment from Class-A can be written as

s A
1 (t ) =

{
1, if t = i

0, otherwise
(4)

and the second channel can be expressed as

s A
2 (t ) =

{
1, if t = i +10

0, otherwise
(5)

for t = 1, . . . ,60 and where i ∼ Ū (10,50).
The segments in Class-B are also zero everywhere except for a single impulse in each channel; how-

ever, the difference in timing across channels now differs by a single time step instead of ten. The first
channel for each segment in Class-B can be described as

sB
1 (t ) =

{
1, if t = i

0, otherwise
(6)

and the second channel can be expressed as

sB
2 (t ) =

{
1, if t = i +1

0, otherwise.
(7)

In order for a classifier to distinguish between segments belonging to these two classes, it must be
able to capture spatial patterns across channels as well as temporal patterns across a localized period
of time. In other words, it must be able to identify whether the impulses in the two channels differ by
a single time step or by 10 time steps, regardless of when the impulses begin. Note that this problem
is undersampled because there are two channels and 60 time steps per segment but only 25 training
segments per class. As a result, a standard classifier cannot typically solve this problem by simply flat-
tening each segment into a 2 ·60 = 120 dimensional feature vector. An effective classifier must instead
learn to ignore absolute timing and focus on localized patterns and relative timing.

CNN-EA can consistently solve this problem with 100% test classification accuracy. Although CNN-
EA is fairly robust to hyperparameter selection in this particular case, we have found that a network
with two convolutional layers consisting of two neurons in the first layer, four neurons in the second
layer, a convolutional width of four time steps in both layers and 2:1 downsampling after each layer
can reliably solve this classification problem.

In Figure 24, we see an example of the outputs at each layer of a network that is trained to solve
SIP. In Figure 24a we see a trace of signal that alternates between instances of Class-A and Class-B.
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Figure 24: Test outputs at each layer of a CNN-EA network that has been trained to solve SIP. (a) Two segments
from Class-A and two segments from Class-B concatenated together in an alternating fashion. For Class-A the
timing of the impulses across channels is offset by 10 time steps. For Class-B, the timing of the impulses across
channels is offset by a single time step. (b) The outputs for each neuron in the first layer. There are only subtle
differences across the neurons and Class-B evokes a larger excitation following the second impulse. (c) The
outputs for each neuron in the second layer. The network responses are now more smooth and vary considerably
between the two classes. (d) The estimated probability that the signal belongs to Class-A at each time step. The
network reliably assigns class probabilities around the time that the impulses occur.
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Although our network is trained over individual segments in practice, testing our network over this al-
ternating signal helps us to understand the differences between the network’s response for each class.
In Figure 24b, we see traces showing the output of each neuron in the first layer. Note that the output
generated by a given neuron is labeled as hl

n where n is the index of the neuron and l is the index of
the layer. Also, notice that the scale of the horizontal axis has changed as a result of our 2:1 down-
sampling. In this layer, there are only subtle differences in response across the two neurons. There
are notable differences, however, between instances of Class-A and Class-B with Class-A generating a
larger secondary excitation following the second impulse. In the second layer, shown in Figure 24c,
the responses become smoothed and drawn out while the differences across neurons becomes more
pronounced. This suggests that each layer learns features that are progressively more distinct for each
class. Finally, Figure 24d shows the probability estimated by the network that the class label, C , is equal
to the class label A, written compactly as P (C = A). Note that this network estimates a high probability
that the label is A surrounding the impulses found in instances of Class-A and a probability near zero
around the impulses in instances of Class-B. In regions that are outside the memory capacity of the
network, which is limited by the convolutional widths and downsampling, the network assigns a %50
probability for both classes.

The limited duration of the responses generated by each layer, which are most clearly visible in Fig-
ure 24d, are a direct result of the Finite Impulse Response (FIR) characteristics of convolutional layers,
previously discussed in Section 3.1. This property has the advantage of giving the network stability. In
other words, the network responses settle to a constant value when the network receives a long enough
sequence of constant inputs. On the other hand, FIR leads to an inherently limited memory capacity.
Even after our network has been presented with an input sequence that definitively designates the seg-
ment as belonging to one class or another, it is only capable of outputting the corresponding responses
and class labels for a limited period of time.

This experiment demonstrates that CNN-EA is capable of capturing localized spatiotemporal pat-
terns while also achieving time invariance. This network is able to achieve this feat using an under-
sampled training set and despite the fact that more traditional classifiers with flat feature vectors are
typically unable to solve this problem. Our observations about the responses generated at each layer
demonstrate the FIR characteristics of convolutional layers and support our claim that the use of mul-
tiple layers encourages the network to learn hierarchical representations.

5.1.2 The Staggered Impulse Problem with DRN-EA

Next, we will explore the use of DRN-EA to solve SIP. This experiment will demonstrate that multilayer
networks with recurrent layers are also capable of capturing spatiotemporal patterns and achieving
time invariance. To our knowledge, this is the first demonstration of a network like DRN-EA for signal
classification. This experiment will also highlight the difference in impulse response between convo-
lutional and recurrent layers.

We have found that DRN-EA can consistently solve SIP with 100% test accuracy when configured
with two recurrent layers where the first layer contains two artificial neurons, the second layer contains
four neurons and with 2:1 downsampling between layers. This level of performance is comparable to
the results that we obtained in the previous section with CNN-EA. It is important to note, however, that
DRN-EA has a considerably larger computational burden due to the recursive nature of the forward
pass and the gradient unrolling required by the backward pass. Nevertheless, our recurrent networks
have fewer free parameters because they do not have connections to all time steps across a convolu-
tional window. In these examples, CNN-EA has 59 free parameters while DRN-EA has only 43.
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Figure 25: Test outputs at each layer of a DRN-EA network that has been trained to solve SIP. (a) Two segments
from Class-A and two segments from Class-B concatenated together in an alternating fashion. For Class-A the
timing of the impulses across channels is offset by 10 time steps. For Class-B, the timing of the impulses across
channels is offset by a single time step. (b) The outputs for each neuron in the first layer. While this layer appears
to largely mimic instances of Class-A, a large excitation with opposite signs across neurons is elicited following
the second impulse in instances of Class-B. (c) The outputs for each neuron in the second layer. The network
responses are now more smooth and contain regions with slow drifts or changing offsets. Individual neurons
also appear to respond more strongly to instances of a single class. (d) The estimated probability that the signal
belongs to Class-A at each time step. The probability alternates between the class labels as soon as the corre-
sponding pattern of impulses is encountered.
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In Figure 25, we see an example of the outputs at each layer of a DRN-EA network trained to solve
SIP. In Figure 25a, we again see traces of the signal segments belonging to each class. In Figure 25b,
we see the output of both artificial neurons in the first recurrent layer. Note that the responses at this
layer are similar to the responses generated by our CNNs, with only subtle differences across the two
neurons and the primary difference between classes being a larger secondary excitement following
the second impulse in Class-A. Although the secondary excitation has opposite signs between the two
neurons in this case, this property is not consistent across different random weight initializations. In
Figure 25c, we see the network responses generated by the second recurrent layer. Note that the ex-
citations following the impulses are now smoothed together and that the second neuron appears to
respond only to the second impulse in segments belonging to Class-A while the other neurons have a
strong response to segments from Class-A and a more slight response to segment from Class-B. Also,
note that several regions of these outputs contain gradual drifts or constant offsets that change follow-
ing the input of an impulse. This is in contrast to the outputs of our CNNs, which tended to settle back
to a predictable constant offset. Finally, Figure 25d shows the estimated probability that the class label
is A. The network begins with a 50% probability for each class and then jumps near 100% following the
impulses from Class-A and near zero after encountering the impulses from Class-B. Unlike the proba-
bilities generated by our CNNs, this output changes when the next pattern of impulses is encountered,
rather than brief window surrounding the patterns.

These observations allow us to draw several conclusions. First of all, DRN-EA is able to reliably
solve SIP by learning a time-invariant model that captures localized spatiotemporal patterns. Second,
we believe that this experiment supports our assertion that multilayer recurrent networks are able to
learn hierarchical representations. In this case, it appears that the first layer largely mimics instances
of Class-B while producing a large and distinct excitation following the second impulse in instances of
Class-A. The second layer, on the other hand, appears to hold longer-term state information while also
producing increasingly distinct responses following the presentation of an instance of either class.

Perhaps the most notable difference between the outputs generated by our CNNs and DRNs is the
duration of the responses following a given pattern. Specifically, the outputs of the second recurrent
layer contain slow drifts and long-lasting offsets and the class probabilities produced by the final layer
persist until a new input pattern is presented. These observations highlight the Infinite Impulse Re-
sponse (IIR) characteristics of recurrent layers that we previously discussed in Section 3.2. From this
example, it is clear that IIR may be advantageous because the network can incorporate longer-term in-
formation and indefinitely output the appropriate class label once the network has become sufficiently
confident in its decision. While this effect even persists across segment boundaries in this example, it
is straightforward to reinitialize the state of the recurrent layer after each segment in order to clear
information encountered in previous segments. The primary disadvantages of IIR appear to involve
slower learning due to vanishing gradients and potential instabilities [80].

5.1.3 The Three Frequencies Problem

The next artificial experiment that we have constructed is somewhat more realistic in that it consists of
continually oscillating signals rather than a brief pattern of impulses. The primary goal of this experi-
ment is to demonstrate the ability of CNNs to isolate relevant frequencies and to validate our assertion
that convolutional layers can be interpreted as learned filters.

This experiment consists of three univariate sinusoids that are superimposed in different combi-
nations to form two classes, Class-A and Class-B. We refer to this classification task as The Three Fre-
quencies Problem (TFP). The first of these sinusoids,

f1(t ) = sin(πt ), (8)
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was chosen to have unit amplitude and a relatively slow frequency of 1
2 Hz. This signal component

will be common to both classes and is, therefore, not relevant for classification. The other two signal
components,

f2(t ) = 0.3sin(20πt ) (9)

and
f3(t ) = 0.3sin(10πt ), (10)

have a smaller amplitude of 0.3 and oscillate more rapidly, with frequencies of 10Hz and 5Hz respec-
tively. Segments belonging to Class-A are constructed by applying a constant phase shift to both f1

and f2 and then summing these components together. Each segment from Class-A can be precisely
expressed as

s A(t ) = f1(t +θ)+ f2(t +θ) (11)

where t = 1, . . . ,100 and θ ∼ U (0,2π), where U is the continuous random uniform distribution. Simi-
larly, each segment from Class-B is constructed from f1 and f3 and can be written as

sB (t ) = f1(t +θ)+ f3(t +θ). (12)

Note that the unique phase shift applied to each segment necessitates time invariance. Also, our classi-
fiers are trained using 25 example segments from each class, again yielding a somewhat undersampled
training set.

We have found that a two-layer CNN-EA network with two neurons and a convolutional width of
eight in the first layer, four neurons and a convolutional width of four in the second layer and 2:1 down-
sampling between layers can reliably solve this problem with 100% accuracy. Although not described
in detail here, our other network architectures are also able to solve this problem with similar configu-
rations. In Figure 26, we see sample test outputs at each layer for a CNN-EA network that was trained
to solve TFP. In Figure 26a, we see a trace of an example input signal. While both signals contain the
slower f1 component, only Class-A contains the faster f2 component and only Class-B contains the f3

component. Note that while each segment in our training set contained a random phase, here we allow
the signal to seamlessly transition from Class-A to Class-B in order to allow us to characterize how the
network responses change as the signal transitions between classes. In Figure 26b, we see the output
responses generated by each neuron in the first layer. Notice that both neurons completely remove the
f1 component. Neuron h1

1 appears to attenuate the f2 component and pass to the f3 component while
neuron h1

2 appears to attenuate the f3 component and pass the f2 component. Also notice that while
the frequencies passed by h1

1 appear to roughly match the f3 component, the frequencies passed by
h1

2 are slightly slower than the f2 component. This suggests that some frequency distortion is taking
place as the signal passes through h1

2, which is actually required because of our 2:1 downsampling. In
Figure 26c, we see the network responses generated by each neuron in the second layer of our net-
work. The responses in this layer largely remove the remaining oscillations and roughly capture either
the upper or lower envelope of the responses generated by a neuron in the previous layer. It is clear to
see how these responses could be combined in a linear way in order to produce a correct class label. In
Figure 26d, we see the estimated probability that the class label is A at each time step. These probability
estimates are almost perfectly correct.

In this experiment, we have demonstrated that each artificial neuron in a convolutional layer can
learn to isolate different frequencies that are relevant for classification. These neurons can be viewed as
learned bandpass filters. Care must be taken when analyzing these filters, however, because they may
produce and rely upon various kinds of linear and nonlinear distortion. We have also shown that sub-
sequent layers can learn to respond to the presence or absence of these filtered signals by capturing the
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Figure 26: Test outputs at each layer of a CNN-EA network that has been trained to solve our first artificial clas-
sification problem. (a) Two segments from Class-A and two segments from Class-B. The segments are concate-
nated in an alternating fashion and the networks is applied to the entire signal continually in order to highlight
the difference in outputs between classes. (b) The outputs for each neuron in the first layer. There are only subtle
differences across the neurons and Class-B invokes a longer-lasting excitation. (c) The outputs for each neuron
in the second layer. There are now considerable differences across time and channels. (d) The estimated proba-
bility that the signal belongs to Class-A at each time step. The network reliably assigns class probabilities around
the time that the impulses occur.
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envelope of the responses generated by the previously layer. A softmax layer can then combine these
responses in a straightforward way to generate the corresponding class membership probabilities. Al-
though not described in detail here, we have also observed similar results using our fully connected
and recurrent network architectures.

5.2 Offline EEG Classification

Now that we have performed several basic experiments using artificially generated signals, we will pro-
ceed by performing a series of preliminary experiments using actual EEG signals. These experiments
will using our offline mental-task dataset that was previously described in Section 4.2. The goal of these
experiments is three-fold. First, we will establish a solid baseline level of performance using our PSD-
based classifiers. These methods are similar to approaches that have performed well in the current
literature and are intended to represent the state of the art. Second, we will demonstrate a proof-of-
concept by showing that a CNN with minimally tuned hyperparameters and using raw EEG signals
performs comparably to our highly tuned baseline classifiers. Finally, we will show the network re-
sponses at each layer of a trained CNN and posit that these responses can be used to gain new insights
into the patterns found in EEG signals recorded during imagined mental tasks.

5.2.1 Baseline Classifiers

Previously, in Section 2.1.1, we described how PSDs can be used to construct time-invariant signal
representations. In Section 4.4, we then described how these representations can be used to construct
classifiers for EEG signals. Next, we will apply these methods to our offline dataset with the intent
of establishing a benchmark level of performance. We will also explore the effects and importance of
varying the different preprocessing and hyperparameters involved. Finally, we will also examine some
of the patterns learned by these classifiers and discuss how they tend to vary across subjects.

Of central importance to PSD-based methods is the width of the span parameter,ω, used by Welch’s
method. Recall that larger values of ω result in higher dimensionality and frequency resolution while
smaller values of ω result in reduced dimensionality and increased smoothing in the frequency do-
main. In Figure 27a, we see how our mean validation accuracy, averaged across all participants, changes
for each of our baseline classifiers as ω is varied from 0.1–2 seconds. Since the segment length is
two-seconds, ω= 2 yields the raw periodogram produced without Welch’s method. Also, note that our
regularization parameters, which will be discussed shortly, are individually tuned or each data point. In
this experiment, smaller values of ω, between 0.1–0.25 seconds, typically yield the best performance.
This suggests that that Welch’s method improves generalization performance by reducing noise and
the dimensionality of the PSD. We also see that our linear models, LDA and LGR, typically achieve
slightly better classification accuracies than the other methods. This may suggest that noise and un-
dersampling continue to be problematic, even after applying Welch’s method, and that the additional
simplicity provided by linear models helps to prevent overfitting.

In Section 4.4, we described the use of a Common Average Reference (CAR), which may reduce
noise and artifacts by attenuating signal components that are common to all channels. In Figure 27b,
we see how our mean validation accuracy varies with ω when CAR is applied as a preprocessing step.
Incorporating CAR increases our peak classification accuracies by approximately 4%. We also see that
our best-performing value of ω has now increased to about 1

2 -second and that our nonlinear FNS
model now slightly out-performs LGR at this value of ω; although LDA still yields the best classifica-
tion accuracies overall. Together, these observations suggest that CAR is effective at reducing the noise
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(a) Mean validation accuracy versus ω without CAR.
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(b) Mean validation accuracy versus ω with CAR.

Figure 27: Mean validation accuracy averaged across all participants for all baseline classifiers as Welch’s span,
ω is varied. (a) Without CAR preprocessing, the peak value of ω is typically between 0.1–0.25s. Across classifiers,
peak performance ranges from 40% with QDA to 49% with LDA. (b) With CAR preprocessing, the peak value of
ω is increases to about 0.5s. Across classifiers, peak performance improves to a range of about 46% with QDA to
52% with LDA.

49



in the signal and improves the situation with respect to overfitting by reducing our reliance on Welch’s
method and purely linear models.

In Sections 4.2 and 4.4, we also described the use of a nested cross-validation procedure to select
a single regularization hyperparameter for each of our baseline classifiers. These parameters further
control the complexity of our models in a finely tuned and user-specific way and may help prevent
them from fitting noise and irrelevant patterns in the training data. In Figure 28, we see two examples
of how our regularization parameters affect training and validation accuracy for Subject-6 withω= 0.5.
In Figure 28a, we see how shrinkage affects the generalization performance of our LDA classifier. Note
that each thin line represents a single fold in our cross-validation while the thick line is the average
across all folds. LDA is a linear statistical classifier that utilizes the average class covariance matrix, i.e.,
the variance between each pair of values in the PSD, as well as the class means for each dimension of
the PSD. For shrinkage values near zero, the covariance matrix is unaltered and the variance of each di-
mension is taken into account. For shrinkage values near one, on the other hand, the covariance matrix
becomes a scalar multiple of the identity matrix and only the class means are utilized. The introduc-
tion of a small shrinkage value, between 0–0.1, appears to increase validation accuracy sharply. This
is likely because shrinkage helps condition the covariance matrix of our undersampled problem to be
invertible, a necessary step for computing the LDA weight matrix. Validation accuracy then continues
to improve gradually until a shrinkage value of about 0.5 is reached. Training accuracy remains near
100% for shrinkage values less than 0.5 and then gradually begins to decrease. These observations sug-
gest that even our linear classifiers are somewhat prone to overfitting and that a moderate amount of
regularization can help improve generalization performance by increasing the classifiers dependence
on the means of the PSD.

In Figure 28b, we see a similar plot that shows how our training and validation accuracies vary with
the number of training epochs for our nonlinear FNN classifier. Since the initial weights are chosen
to be small and uniformly distributed, the network outputs tend to be relatively linear and homoge-
neous early in the training procedure. As training progresses, some weights may grow to increase the
network’s dependence on individual features and the outputs in the hidden layer may also reach the
nonlinear regions of our hyperbolic tangent transfer function. By terminating the training procedure
before this occurs, we can effectively limit the complexity of our models and prevent overfitting. In this
instance, we see that training accuracy quickly reaches 100% in less than 10 training epochs. Mean-
while, the validation accuracy sharply increases between 0–10 epochs and then gradually increases
until about 45 epochs, after which it typically converges. This suggests that early-stopping is not a par-
ticularly effective method for regularizing these models. Given that even a linear model is capable of
overfitting our PSD representations, we suspect that FNNs are able to quickly learn an essentially linear
class boundary that separates the training set.

Now that we have explored the various hyperparameters that are involved in our baseline classifiers,
we present the final test classification accuracies for each method and each participant in our offline
dataset. Table 4 summarizes these results with best performing model for each participant shown in
bold and with separate sections for the participants with no impairments in the laboratory and for the
participants with motor impairments in their homes. Across all subjects, the mean test accuracies for
our baseline methods vary from about 46–52% correct. Individual accuracies range from about 28–69%
correct. It is important to note that, for a four-task problem, the expected classification accuracy for a
random classifier would be 25%, suggesting that our classifiers are correctly assigning labels to many of
the EEG segments. Although this level of performance is less than ideal, we believe that many of these
users would be able to successfully control a BCI system. Since our approach assigns a class label every
second, a user should be able to control a slowly moving actuator or cursor with 50% classification
accuracy.
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(a) Classification accuracy vs. shrinkage for LDA.
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(b) Classification accuracy vs. training epochs for FNN.

Figure 28: Training and validation accuracies during our nested cross-validation procedure for Subject-11. The
results from individual folds are shown with thin lines while the mean across all folds in shown in bold. (a) For
LDA, validation accuracy peaks at about 0.5, around which time the training accuracy also begins to fall. (b)
For FNN, training and validation accuracy quickly increase during the first 10 epochs. Validation accuracy then
gradually increases until around 45 epochs, after which there is little change.
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Table 4: Test classification accuracies for each participant and baseline classifier. Results are averaged over all
test folds in the nested cross-validation. The best performance for each participant is shown in bold.

Participant LDA QDA KNN LGR FNN

N
o

Im
p

ai
rm

en
t

1 66.67 55.56 58.33 56.11 60.00
2 43.33 43.89 43.89 40.00 43.33
3 42.22 37.22 40.00 37.78 37.78
4 63.89 59.44 56.11 61.67 67.78
5 47.78 51.67 44.44 51.67 40.56
6 68.89 62.22 58.89 60.00 63.33
7 47.78 47.78 44.44 40.56 46.67
8 60.00 49.44 53.33 56.67 59.44
9 56.11 25.56 53.89 50.00 50.00

Im
p

ai
rm

en
t 10 42.78 40.56 41.11 37.78 39.44

11 68.89 66.11 64.44 65.00 69.44
12 28.33 25.00 32.22 42.78 36.11
13 43.89 35.56 34.44 43.89 45.56

Mean 52.35 46.15 48.12 49.53 50.73
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Figure 29: PSD features and trained LDA weights for Subject-6. (top) The log PSD with ω = 0.5 averaged across
all segments within each class. The features are concatenated into a single vector and passed to the subsequent
classifier. (bottom) The weight magnitudes for a trained LDA classifier indicate the relative important for each
feature and class.
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Visualizing the PSDs along with the weights learned by the classifier may also lead to valuable in-
sights. The top of Figure 29 shows the class means of our PSD features for Subject-6. This can help us to
visualize the differences in power across mental tasks. For example, note that the Song task yields high
average power in the α range (8–16Hz) at sites F3, F4, C4, P3, O1 and O2 while the Count task yields
high average power in the α range only at sites F4, C3, C4 and P3. The bottom of Figure 29 shows the
weight magnitudes of a trained LDA classifier. A large weight magnitude below a given feature indi-
cates that the feature is important for labeling the corresponding class, show to the left. For instance,
the large weight magnitudes for the Count and Fist tasks near theα range at site P3, indicate that these
features are important for separating these tasks from the remaining two.

The mean PSDs and the weights learned by our classifiers vary considerably among subjects, mean-
ing that the plot shown in Figure 29 looks quite different for each participant. Also, the differences
across classes can not always be easily visualized from the averaged PSDs, even for subjects and tasks
that achieve relatively high classification accuracies. These observations support the use of user-specific
models and reinforce the notion that machine learning algorithms are able to identify patterns that are
not easily identified by visual inspection.

A number of conclusions can be drawn from the experiments we have conducted with our baseline
classifiers. First of all, there appears to be considerable variability across subjects, both with respect to
the levels of performance attained as well as with respect to the patterns in the PSDs that are elicited by
each mental task. There also appears to be some variability across classification algorithms, with LDA
outperforming the other classifiers by 1–6% on average; however, a larger dataset and thorough statis-
tical analysis would likely be required to draw firm conclusions about the differences in performance
across all of these classifiers. In any case, it does appear that careful tuning of the various preprocessing
steps and hyperparameters involved is extremely important, perhaps even more so than the choice of
classifier. This observation supports our claim that these approaches require involved preprocessing
and tuning procedures. Finally, we have established a benchmark level of performance that we believe
is representative of the state of the art.

5.2.2 Convolutional Networks

Now that we have established and analyzed our baseline classifiers, we continue by exploring the ap-
plication of our CNN architectures to our offline dataset. The primary goal of these experiments is to
demonstrate that CNNs are capable of forming representations of raw EEG signals that are useful for
classification. Although we will perform a brief analysis of the outputs of a trained network at each
layer, we will reserve a more sophisticated analysis of the patterns that are learned by these networks
for a later date. A thorough examination of the network hyperparameters and experiments using our
DRN architectures have also not yet been completed.

In order to roughly establish network hyperparameters that are suitable for use in our preliminary
experiments, we performed a series of pilot experiments that evaluated the average validation accuracy
across all subjects for 100 different CNN-EA configurations. These experiments included a variety of
configurations that seemed reasonable, including networks with 1–3 convolutional layers, 1:1 and 2:1
downsampling and various numbers of neurons and convolutional widths in each layer. From these ex-
periments, we have found that networks with two convolutional layers and 2:1 downsampling between
layers typically produce the best validation accuracies. In particular, we have found that networks with
a first layer consisting of 16 neurons with a width of 11 and a second layer consisting of 8 neurons with
a width of 9 generally perform well. For the experiments conducted here, we use CNN-EA networks
with this configuration and CNN-FC networks with the same configuration except that they include an
additional five hidden neurons in the fully connected readout layers.
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(a) Classification accuracy vs. training epochs for CNN-FC.
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(b) Classification accuracy vs. training epochs for CNN-EA.

Figure 30: Training and test Classification accuracies during CNN training for Subject-11. (a) For CNN-FC, train-
ing accuracy quickly reaches 100% around 25 epochs. Validation accuracy also rises for about 45 epochs before
leveling off near 33%. In this case, overfitting appears to be problematic and early-stopping is unable to suffi-
ciently regularize the model. (b) For CNN-EA, training accuracy rises much more slowly and does not achieve
100% until beyond 1,500 epochs. Validation accuracy rises until about 500 epochs before leveling off at about
70%. Overfitting is better controlled when using CNN-EA with early-stopping
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In order to regularize our individual CNN networks, we will use an early-stopping procedure that
is similar to what we previously used with our FNN baseline classifier. In addition to being a relatively
standard method for regularizing neural networks, early-stopping also has a computational advantage
over other methods because the network only needs to be trained once per fold. Regularization tech-
niques that require a separate parameter to be tuned typically must be retrained for each possible value
of the parameter. This computational advantage becomes important with our CNN architectures be-
cause they can take several minutes to train for each fold and, of course, interactive BCIs must maintain
a reasonable training time.

In Figure 30, we see examples of how the training and validation accuracies progress during the
training procedure for Subject-11. For CNN-FC, shown in Figure 30a, training accuracy rapidly in-
creases to 100% within the first 25 training epochs. Similarly, the validation accuracy increases during
the beginning of training and peaks around 45 epochs, at which point it levels off at about 33%. The
fact that the network quickly reaches 100% training accuracy while the validation accuracy has risen
only a small amount suggests that this network rapidly over-fits the training data. Unfortunately, early-
stopping is largely unable to prevent this. As discussed in Section 3.3, we believe that this rapid overfit-
ting is primarily the result of the large number of parameters found in the fully connected readout layer
of these networks. Note that this CNN-FC configuration contains a total of 7,447 free parameters with
4,863 of these parameters in the readout layers alone. We believe that this results in the readout layers
of the network learning to separate the training data using large-scale patterns in the EEG segments
before the convolutional layers are able to learn localized patterns and a suitable time-invariant rep-
resentation. In other words, our CNN-FC architecture roughly achieves the same result that we would
expect from flattening the EEG segments into a single feature vector and passing them to an FNN clas-
sifier. It is possible that a much larger training set, such as those found in other applications for CNNs,
might slow the process of overfitting and allow the convolutional layers to learn effective representa-
tions. It is not feasible, however, to collect such large training sets during a BCI calibration phase of
reasonable duration.

In Figure 30b, we see how the training and validation accuracy progresses for CNN-EA. In this case,
the training accuracy requires approximately 250 epochs to reach 90% accuracy and does not reliably
achieve 100% accuracy until after 1,500 training epochs. The validation accuracy rises until achieving
over 70% accuracy at about 500 epochs, after which the validation accuracy falls very gradually. The
training procedure for CNN-EA clearly progress much more slowly than CNN-FC and the peak vali-
dation accuracy reaches a much higher peak. In this case, early-stopping also terminates the training
procedure around 500 epochs, which yields a slight improvement in accuracy as opposed to allowing
the network to run until convergence. These observations suggest that CNN-EA is more robust to over-
fitting than CNN-FC. Note that our CNN-EA networks contain a total of 2,611 free parameters with only
24 of those parameters in the readout layer. This reduction in free parameters in the readout layers in-
creases dependence on the convolutional layers and, in turn, encourages the network to emphasize
localized patterns and time-invariant representations.

Now that we have established a suitable network configuration and explored the effects of our regu-
larization procedure, we are prepared to present our preliminary test classification accuracies. Table 5
shows our mean test classification accuracies for each participant, separated between those with and
without impairments, for our LDA baseline classifier along side our CNN-FC and CNN-EA networks.
The final row shows mean performance across all subjects for each method. These results demonstrate
that CNN-FC performs quite poorly, achieving a mean accuracy across subjects near the 25% level that
we would expect from a classifier that assigns random class labels. CNN-EA, on the other hand, per-
forms comparably to our LDA baseline classifier, achieving a mean accuracy of 50% across subjects
while LDA achieves 52% accuracy. Although our CNN-EA networks do not achieve a higher mean test
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Table 5: Test classification accuracies for our CNN-FC and CNN-EA networks along with our LDA baseline clas-
sifier. Results are averaged over all test folds. The best performance for each participant is shown in bold.

Participant LDA CNN-FC CNN-EA

N
o

Im
p

ai
rm

en
t

1 66.67 19.44 55.00
2 43.33 24.44 73.89
3 42.22 20.56 28.33
4 63.89 32.22 66.67
5 47.78 21.11 35.56
6 68.89 30.56 54.44
7 47.78 20.56 43.89
8 60.00 20.00 63.33
9 56.11 24.44 33.33

Im
p

ai
rm

en
t 10 42.78 24.44 50.00

11 68.89 31.11 75.56
12 28.33 31.11 34.44
13 43.89 22.78 37.22

Mean 52.35 24.83 50.13

accuracy than LDA when averaged across subjects, we are unable to conclude a statistically significant
difference in means when using a paired t-test (p = 0.57). It may be important to note, however, that
some individual subjects achieve considerably higher test accuracy with CNN-EA than with LDA. For
instance, Subject-2 achieves 74% accuracy with CNN-EA but only 43% with LDA, which is a 34% im-
provement. Furthermore, the highest two individual test accuracies, for Subject-2 and Subject-11, were
both achieved with CNN-EA. These are also the only test accuracies that were above 70% for any of the
classifiers that we have examined thus far. It is also important to reiterate that our CNN networks use
the raw EEG data without any preprocessing or filtering. This supports our claim that CNNs are able to
automatically learn effective representations without relying on manually engineered solutions.

Determining the types of patterns that our networks learn to identify is central to our hypothesis
that CNNs and DRNs are able to automatically learn to filter and process EEG signals and, potentially,
leverage information that may be discarded by other methods. As a first step toward this goal, Figure 31
shows trace plots of a single EEG segment along with the corresponding network responses at each
layer. These plots were generated using a CNN-EA network that was trained to classify our offline EEG
data for Subject-11. In Figure 31a, we see a trace plot of a five-second test EEG segment recorded during
the Count task. Note that there is a brief artifact that is likely caused by muscle movement near zero
seconds and an artifact that is likely caused by ocular movement near the 3.5-second mark. There also
appears to be some 60Hz interference caused by power mains in channels F3 and F4. This segment
also appears to contain a relatively large amount of activity in the α (8–16Hz) frequency range, which
has especially high amplitude during the intervals from 0–2.5 and 4–5 seconds.

In Figure 31b, we see trace plots of the network responses generated by each artificial neuron in the
first convolutional layer. Notice that neurons h1

1 and h1
8 appear to contain a large amount of high-

frequency information relative to the other responses. This may indicate that these neurons have
learned to isolate some of the 60Hz interference or other high-frequency information. Also, note that
none of the responses in the first layer appear to respond strongly to the muscle or ocular artifacts
in the EEG signals, suggesting that the network has learned to reject these artifacts. Neurons h1

6 and
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(a) Sample EEG segment recorded during the Count task.
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(b) Network responses produced by the first layer.
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(c) Network responses produced by the second layer.
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(d) Class probabilities produced by the readout layer.

Figure 31: Trace plots of network outputs at each layer for a CNN-EA network trained to classify EEG data for
Subject-11. (a) A five-second test EEG segment recorded during the Count task. Note the muscle movement
artifact near zero seconds, the ocular artifact near 3.5 seconds and the strong α (8–16Hz) waves between 0–2.5
and 4–5 seconds. (b) Network responses generated by the first layer. Note that h1

1 and h1
8 contain large amounts of

high-frequency information. Also, h1
6 and h121 appear to have very nonlinear responses. Other outputs appear

to oscillate near the α frequency range. (c) Network responses generated by the second layer. Note that h2
2

appears to have a very nonlinear response and h2
6 and h2

7 appear to oscillate near the α frequency range. (d)
Class probabilities generated by the readout layer. Count task is generally the highest; although there is some
notable confusion with the Fist and Song tasks near the muscle and ocular artifacts.
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h2
12 tend to switch between positive and negative values in an almost binary fashion. This suggests

that these neurons have very nonlinear responses that tend to fall near the saturated regions of our
hyperbolic tangent transfer function. Neuron h1

6 also appears to respond most frequently during the
time when α activity is highest in the EEG segment. This might suggest that nonlinear patterns occur
during these time periods. Many of the other channels also appear to oscillate near the α frequency
range; although they do not appear to respond much differently during the times when the α activity
is highest in the EEG segment. Combined, these observations seem to suggest that activity near the α
range may be especially important for classifying segments belonging to this task.

In Figure 31c, we see trace plots of the network responses generated by each neuron in the second
convolutional layer. Notice that much of the high-frequency information found in the first layer is no
longer present. This may partially be caused by the change in scale following downsampling or it may
also be due to the network learning to reject 60Hz noise and other high-frequency noise. Neuron h2

2
appears to have a very nonlinear response that is strongest during the periods when α activity is high,
similar to the response in the first layer for neuron h1

6. Neurons h2
6 and h2

7 also appear to respond
strongly to α activity.

In Figure 31d, we see the class probabilities that are produced at each time step by our readout
layer. Recall that our final class labels are assigned by summing the log of these probabilities across the
segment and selecting the class label associated with the highest sum of these likelihoods. Note that
the network is generally correct in assigning the Count label for most time steps. The Count and Song
tasks appear to be confused, however, during the muscle-movement artifact near zero seconds. There
is also some occasional confusion between the other tasks, especially during the ocular artifact near
3.5 seconds. Also, notice that the class probabilities for the Rotate and Song tasks appear to be highly
correlated with the output of neuron h2

8 in the second layer responses. This suggests that any patterns
isolated by this neuron are of particular importance for these tasks.

Examining our network outputs at each layer clearly allows us to make a number of interesting
observations and conjectures; however, this process is also somewhat laborious and subjective. In
Section 3, we proposed a number of other approaches for examining the types of patterns that are
learned by these networks. For example, examining the network weights and attempting to map them
between layers and back to the segments or the surface of the scalp may be revealing. Determining the
frequency response and other filtering characteristics of our convolutional layers may also clarify the
types of patterns that they learn to identify. Examining the distribution of the network responses along
with various transfer functions may help to quantify the important of nonlinearities. Despite the wide
variety of tools we have at hand, one of the most challenging and important tasks that remains to be ac-
complished is to draw firm conclusions about the types of patterns that our networks learn to identify
and to generalize those conclusions across segments, subjects, tasks and network architectures.

6 Discussion

Designing classification algorithms for asynchronous EEG signals is clearly a challenging task, espe-
cially within the context of BCI systems. An effective classifier must act in real time to handle noise,
artifacts, undersampling and high dimensionality while also achieving time invariance and capturing
sophisticated spatiotemporal patterns. The human brain is an extremely complex and dynamic system
and a collection of evidence suggests that EEG signals contain nonlinear and nonstationary patterns at
multiple time scales [38,39]. We believe that an effective classifier should be as general as possible and
capable of modeling a wide variety of patterns that may be present in EEG signals, even if these types
of patterns have not yet been fully characterized. Furthermore, we maintain that it is extremely impor-
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tant to be able to interpret the models learned by these classifiers. Engineering and neuroscience are
inextricably linked in the field of BCIs and interpretation is important for furthering our understanding
of EEG signals and their underlying neurological correlates as well as for guiding the construction of
next-generation BCI systems.

Historically, BCIs have addressed these challenges by leveraging clearly defined control signals,
e.g, P300 ERPs or µ and β rhythms associated with motor-imagery. For the more general mental-task
paradigms, however, there are no known control signals that are consistent across tasks, subjects, par-
ticipants and sessions. As a result, mental-task paradigms rely more heavily on signal representations
and machine learning methods to identify relevant patterns on a per-subject and per-session basis.

We have demonstrated, however, that current approaches often rely on strict prior assumptions
and, as a result, may have a limited ability to capture some types of patterns. For instance, signal rep-
resentations based on PSDs and CWTs rely on assumptions about linearity and stationarity and achieve
time invariance by discarding phase information. Similarly, the commonplace CSP-based approaches
rely on assumptions about linearity, require the signal to be separated into narrowband components
and assume that the component variances contain adequate information. TDE-based approaches,
on the other hand, appear to be promising because they are extremely general and rely on few prior
assumptions; however, TDE has a limited ability to model longer-term and multiscale patterns.

We have also noted in the literature and demonstrated with our baseline classifiers that current
approaches often involve extensive manual engineering in the form of filtering, preprocessing and fea-
ture selection. Although these approaches often appear to boost performance, they also rely on prior
assumptions or empirical observations and discard information that may, potentially, be useful for
classification. For example, noise reduction techniques like linear bandpass filters and CAR eliminate
signals that originate from within the brain along with noise and artifacts.

We assert that improved methods for analyzing and classifying EEG signals should rely on few prior
assumptions and, instead, automatically learn to represent and identify appropriate patterns. Fol-
lowing recent successes in other areas of machine learning, we posit that multilayer artificial neural
networks, known as deep networks, are well suited for this role [41, 42]. Specifically, we believe that
variants of the deep convolutional and recurrent network architectures, which have biologically in-
spired connectivity, may be able to automatically learn hierarchical representations that can be viewed
as learned filters and feature extractors.

Along these lines, we have proposed several novel deep network architectures that have convolu-
tional and recurrent connectivity. Unlike the CNNs that are commonly used for image classification,
we apply convolution (or recurrence) only across the time axis. This encourages our networks to learn
time invariant representations while keeping spatial patterns fixed across the different regions of the
brain. Our convolutional layers are otherwise similar to the standard approach and consist of a number
convolutional neurons with learned weights followed by downsampling and a transfer function. As we
have demonstrated in our analytical assessment and using artificially generated signal classification
problems, these convolutional layers are capable of capturing localized spatiotemporal patterns while
maintaining time invariance. We have also shown that these convolutional layers can be viewed as
learned nonlinear filters and we have offered evidence that stacking multiple layers encourages these
networks to learn hierarchical representations.

In CNN-FC, these layers are then followed by fully connected layers that combine information
across time steps to assign a final class label for each EEG segment, which is consistent with the stan-
dard approach. In CNN-EA, on the other hand, we omit the fully connected layers and, instead, output
class membership probabilities for each time step. This information can then be accumulated over a
period of time in order to assign a final class label. Omitting the fully connected layers is a relatively
novel idea; although it is similar to our previous work with TDE-based approaches and is related to an

59



architecture that has been proposed for semantic segmentation of images [56,81]. Since CNN-EA does
not contain fully connected layers, it has far fewer model parameters and is encouraged to learn lo-
calized patterns in the convolutional layers rather than focusing on any longer-term relative structure
that may exist at the scale of the EEG segment. Although further analysis is called for, our prelimi-
nary results have shown strong evidence supporting the use of CNN-EA over CNN-FC and suggest that
CNN-FC suffers from severe problems with overfitting.

A number of parallels can be drawn between our proposed CNN architectures and methods that are
commonly used for filtering, analyzing and classifying EEG signals. FIR bandpass filters utilize convo-
lution across time with a kernel that is determined analytically in order to attenuate a given range of
frequencies. This filtering procedure has a variety of uses, including noise removal, preventing alias-
ing before downsampling and feature selection. Similarly, each artificial neuron in our convolutional
layers utilizes convolution of its inputs with a kernel consisting of learned weights before downsam-
pling the result and passing it to the transfer function. As a result, we believe that it is appropriate
to view each convolutional layer as a bank of learned, nonlinear FIR filters. CWTs utilize convolution
with wavelets at varying scales in order to estimate the energy content of the signal across time and fre-
quency. This similarity supports the notion that convolutional layers may be well suited for isolating
spatiotemporal patterns at multiple time and frequency scales. We have also noted that convolution of
a signal across time is exactly equivalent to TDE followed by a matrix multiplication. In fact, our imple-
mentation utilizes this property to achieve a computational performance improvement by replacing
the convolution operation with a fast matrix multiply. This means that TDE is a special case of CNN-
EA where the network consists of a single layer without downsampling. Conversely, CNN-EA can be
viewed as a multilayer and multiscale generalization of TDE. As such, we believe that CNN-EA is well
positioned to address the shortcomings of TDE.

We have also proposed that recurrent layers may be a suitable alternative to convolution in our
deep network architectures. To our knowledge, this approach is a novel use of recurrent layers for
signal classification. It is, however, somewhat related to a recent work that uses recurrent layers for
image classification [79]. Since recurrent layers contain feedback connections, they are able to pro-
cess temporal information while only requiring direct input connections to the current time step of
the signal, as opposed to a separate connection to each signal value within a window of time. Provided
that these recurrent layers are able to achieve sufficient memory capacity with relatively few artifi-
cial neurons, this reduced connectivity may lead to fewer model parameters and, therefore, improved
generalization performance. Recurrent layers also have infinite impulse response. When working with
linear bandpass filters, it is generally accepted that IIR filters achieve better filtering characteristics, i.e.,
faster rolloff with fewer parameters. This can, however, come at the expense of complexity and pos-
sible challenges with stability and nonlinear phase distortion. Although achieving long-term memory
with recurrent networks can be challenging in practice, we have demonstrated using our artificially
generated signal classification problems that our DRNs can, in some cases, recall an input pattern for a
longer period of time and with fewer parameters than a similar CNN. Regardless of any benefits that are
achieved by using recurrent layers, we believe that the introduction of these networks and our analysis
of their capabilities will be a significant contribution.

The central hypothesis of this research is that our proposed network architectures will be able to
automatically learn to represent and classify EEG signals while relying on few prior assumptions and
requiring little, if any, preprocessing or manual intervention. To this end, we have outlined a series
of research questions that will be explored in order to thoroughly probe the ability of our networks to
capture various types of patterns that may be found in EEG signals. In our preliminary results using
offline EEG data, we have provided supporting evidence for this claim by demonstrating that CNNs
using raw, unfiltered EEG signals perform comparably to highly tuned PSD-based classifiers that utilize
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extensive filtering and preprocessing.
Due to the fact that these networks are very general, we are also confident that they will learn to

identify patterns in EEG signals that are currently unknown or not well characterized. As a result, we
believe that these network may be a valuable tool for analyzing EEG signals and gaining new insights
into how the human brain performs various mental tasks. In order to explore this possibility, we have
outlined a number of methods and experiments for analyzing our networks and interpreting the pat-
terns that they learn to identify. For instance, DFTs, PSDs and CWTs can all be used to examine the
filtering characteristics of each convolutional and recurrent neuron. Exploration of various types of
transfer functions, e.g., linear, linear rectified and hyperbolic tangent, may lead to insights regarding
the importance of nonlinear patterns in the signals. Carefully examining the weights and outputs of
each artificial neuron and attempting to map these patterns back to the scalp may also lead to in-
sights about the types of patterns identified by our networks. In our preliminary results, we have given
several simple examples of how these types of analyses may be revealing; however, generalizing these
approaches across tasks, subjects and sessions will be considerably more involved.

Certainly, developing improved BCI systems is an important and overarching goal of this research.
In our preliminary results using offline data, we have not yet been able to show a statistically signif-
icant difference in mean classification accuracy between our CNNs and baseline classifiers when the
results are averaged across subjects. We have, however, noted a considerable performance benefit with
CNNs for some participants. In fact, the best individual results within both the group of participants
with impairments and the group without impairments were achieved using CNN-EA. It is important to
note, however, that we have not yet systematically explored our network hyperparameters and config-
urations. We have also not yet examined the performance of our recurrent architectures and a number
of additional possibilities exist for regularizing our networks. In any case, a realistic measure of perfor-
mance for a BCI system can only be determined in real-time because the users of the system tend to
adapt their mental strategies based on the feedback they receive. In order to provide realistic perfor-
mance comparisons, we plan to evaluate our classifiers in a real-time setting.

We are confident that this line of research will lead to significant contributions to a variety of ar-
eas, including machine learning, signal and time series analysis, neuroscience and BCIs. At the very
least, we have proposed several network architectures that follow a very general approach to modeling
and classifying signals and time series. Since these networks require little manual intervention, they
are likely advantageous over other approaches, regardless of any performance benefits. Since these
networks rely on few prior assumptions they may be able to harness new types of patterns that have
not yet been discovered or fully appreciated. Through an analysis of these models, we may also learn
new things about EEG signals and the human brain. In the end, we believe that this work will lead to
improved BCI technologies that will, in turn, be used to build assistive technologies that will help to
improve the lives of people with disabilities.
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