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ABSTRACT

Attempted Movement Classification of Spinal Cord Injured Patients
Combining CNN and LSTM Network

Electroencephalography (EEG) can be used to classify attempted hand movements

of Spinal Cord Injured (SCI) patients for improving their quality of life. EEG

classification with Brain-Computer Interface (BCI) allows individuals who are

suffering from the most severe motor disabilities to control and direct

electromechanical devices. Practical applications of BCI system require improved

classification performance for attempted hand movements of SCI patients. This

research aims to develop a hybrid CNN-LSTM architecture for multichannel EEG

signal classification, optimize its hyperparameters, and validate performance metrics

for improved classification performance. EEG data acquired from SCI patients go

through filtration, downsampling, and artifact removal, followed by the generation of

Time-Frequency Representation (TFR) of EEG data. Spatial encoding is done by

arranging TFR data in a 2D array corresponding to spatial layout of electrodes.

Spatial encoded TFR data is then fed to CNN-LSTM (Convolutional Neural

Network – Long Short Term Memory) Network to obtain the final classification

output. Spectral, spatial, and temporal information is vital in EEG classification.

Novelty in the design of Hybrid CNN-LSTM network architecture is that it can

learn to extract spectral, spatial, and temporal information and then use these

learned information to improve final classification performance. Hybrid CNN-LSTM

architecture achieved a classification accuracy of 92.36% using 10% of the dataset

for training and 90% of the dataset for testing. This result shows 47.363% increased

classification accuracy as compared to related study while also having improved

generalizability. Hybrid CNN-LSTM network for EEG classification is able: to deal

with artifacts in EEG data without significant loss in classification performance; to

extract spectral information, spatial information, and temporal information of

valuable neural impulses from EEG data. The steps of EEG classification used in

this research can be used not only for attempted movements of SCI patients but also

for other neurological diseases, neuroscience applications, mental workload,

neuromarketing, and biometrics.
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CHAPTER 1
INTRODUCTION

1.1 Introduction

Cervical Spinal Cord Injury (SCI) is damage to the cervical region of the spinal cord.

The cervical part of the spine includes the top portion of the spinal cord which consists

of seven vertebrae (C1 to C7) as indicated by Figure 1.1. Cervical SCI causes loss of

motor control and/or sensation throughout the arms, trunk, and legs as brain signals

cannot pass through damaged areas of the spinal cord. Motor functions along with

sensory functions can be affected below the site of injury. To improve the quality

of life of SCI patients, a system is required which can restore their motor functions

such as hand pronation, hand supination, hand open, palmar grasp, and lateral grasp.

This research deals with a classifier that can classify the neural response of attempted

hand movements obtained from EEG signals of SCI patients. Such classifier can be

used to provide control signals for active prostheses which can improve the quality of

life of SCI patients.

Figure 1.1: Location of cervical spinal cord and cervical vertebrae.

BCI find its application in patients who are suffering from most severe motor

disabilities including SCI, amyotrophic lateral sclerosis (ALS), stroke, muscular

dystrophies, chronic peripheral neuropathies, and other serious neuromuscular

diseases or injuries [1, 2, 3, 4, 5]. BCI allows individuals to control electromechanical
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devices by capturing neuronal impulses. These impulses are converted into

instruction for controlling the output devices such as prosthetic devices, computers,

and robotic systems [3].

Electroencephalography (EEG) is used to obtain neuronal impulses as it provides

neurological and physiological data [6]. EEG represents the macroscopic electrical

activity of the brain. This macroscopic electrical activity of the brain is recorded by

using electrodes which are attached to the scalp of subjects. The recording shows up

as wavy lines on an EEG recording referred to as an electroencephalogram [7]. EEG

is a powerful tool in the field of clinical neurophysiology and neurology as it provides

invaluable information about mental state, thoughts, imagination [8], and abnormal

electrical activity of the brain [9].

A robust classifier with sufficient classification performance is required to classify

EEG data. BCI generally operates in two phases: offline training phase and online

operational phase. During offline training phase, the system is calibrated. During

online operational phase, the system analyses brain signals and converts them into

control signals [10]. After EEG signals are acquired from the user, pre-processing is

done [11], features extraction is carried out [12], classification is performed [13], and

application specific control signals are generated [12]. User is provided with feedback

which informs them about recognition of mental command [14]. Figure 1.2 shows a

general BCI system for neurorehabilitation that uses general steps discussed above.

EEG Signal Acquisition
(Eg. Motor Imagery)

EEG Signal
Pre-processing

Feature
Extraction

Classi�cation Actuation
(Control)

Feedback

Goal : Improve Classi�cation Performance

Figure 1.2: General BCI system for neurorehabilitation.
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EEG classification requires an in-depth knowledge of EEG signals and their relation

with neurophysiology. Clean EEG data is required to generate useful conclusions

from EEG signals. Thus, limited applications of EEG classification have been seen

to be available in practical scenarios. There are challenges in signal acquisition and

processing, performance assessment, signal analysis, and commercialization of BCI

solutions.

One of the major challenging aspects of EEG classification is that EEG signals suffer

from a low Signal-to-Noise Ratio (SNR). Low SNR in EEG data is due to relatively

high noise level, signals are observed through the skull, high signal contamination

due to interference, and motion artifacts [13, 15]. Non-stationarity over time, within

users, or between users is a major concern in EEG signals. This means EEG signals

from the same user may vary among different trials [16, 17, 18, 19]. Non-stationarity

of EEG signals creates difficulties in generalization because of variation of EEG

signals according to the subject, time of the experiment, and state of mind [8]. This

inconsistency creates complications in the generalization of BCI systems.

Artifact removal, EEG feature extraction, followed by classification of EEG signals

are steps followed by EEG based BCI system. There are several considerations for

signal processing for EEG based systems. Artifact Removal is complicated by low

SNR. Artifacts which include motion artifacts and eye blink artifacts contribute to

the noisiness of EEG. In the case of attempted hand movements, signals originate

from a relatively small region of space in the head. This creates additional

interference in EEG signals significantly increasing the complexity of the

classification task. Furthermore, EEG signals obtained from SCI patients are more

susceptible to non-stationarity and inconsistencies.

Classification accuracies for imagined movement of limbs depend vastly on: the

number of output classes; the number of subjects and type of subjects; the number

and placement of electrodes; and the ratio of training set to testing set. The

complexity of EEG classification increases according to:
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(i) Increase in number of output class

(ii) Type of subjects (e.g. SCI patients, normal human beings)

(iii) Task (Left and right hand; Hand pronation, hand supination, hand open, lateral

grasp, palmar grasp)

(iv) Decrease in the ratio of training set to testing set

(v) Increase in number of electrodes

(vi) Decrease in the distance among electrodes (due to additional interference)

Study [20] has classified 5 classes of EEG data of attempted hand movements of SCI

patients with maximum accuracy of 45%.

1.2 Research Motivation

Attempts have been made to classify attempted hand movements of SCI patients,

but the classification performance is not adequate to be used in a real-world

application. Thus, a classifier with improved classification performance is necessary

for the classification of attempted hand movements (see 1.3) of SCI patients to

improve their quality of life. The classifier should be able to deal with

non-stationarity with less calibration time without a significant reduction in the

classification performance of the system.

Figure 1.3: Illustration of attempted hand movements.
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1.3 Research Objectives

In light of the identified issues in the area of attempted hand movement classification

of SCI patients, this research aims to classify the attempted movement of SCI patients

by combining Convolutional Neural Network (CNN) and Long Short Term Memory

(LSTM) networks. Specific objectives of this research are outlined as follows.

(a) To develop a hybrid CNN-LSTM model for multichannel EEG signal

classification.

(b) To optimize the hyper-parameters of the proposed CNN-LSTM network for EEG

data of movements attempted by SCI patients.

(c) To validate and measure the classification performance of the proposed network.

The expected outcome of this work is, therefore, a new hybrid CNN-LSTM model

architecture delivering improved EEG classification performance.

1.4 Contribution of this Research

This research works on achieving improved classification performance in the field of

classification of EEG data from attempted movement of single hand. A novel

approach is used in EEG pre-processing technique in combination with spectral,

spatial and temporal feature extraction using Deep Learning for improved

classification performance using fewer data for training purposes. Notable

contributions in the area of EEG classification include:

(i) Effects of artifact removal techniques in EEG data

(ii) Creating strategies for extraction of spectral informations, spatial informations,

and temporal informations of valuable neural impulses from EEG data

(iii) Optimization of Deep Neural Network for maximum classification performance
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The concepts of the research can be used not only for attempted movements of SCI

patients but also for other neurological diseases, neuroscience applications, mental

workload, neuromarketing, and biometrics.

1.5 Organization of the Thesis

The remainder of this thesis is organized as follows.

Chapter 2 In this chapter, studies relating to the field of EEG classification are

discussed. Topics related to this research, like EEG acquisition, EEG signal

pre-processing, feature extraction, post-processing, and EEG classification are

discussed with relevant literature.

Chapter 3 This chapter covers details of the steps followed for EEG classification.

The chapter elaborates on strategies used in EEG acquisition, EEG

pre-processing, EEG post-processing, and the use of Deep Neural Network

(DNN) for maximum classification performance.

Chapter 4 This chapter discusses the evaluation criteria, performance analysis of

various parameters in classification performance, CNN-LSTM network

optimization, computation complexity, and final results obtained from this

research. Obtained results are compared with relevant literature focusing on

the improved performance of hybrid CNN-LSTM network architecture.

Chapter 5 The research work is summarized with key findings in this chapter. The

limitations along with future perspectives are discussed in this chapter.
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CHAPTER 2
RELATED WORKS

2.1 Introduction

Literature shows five general steps for EEG classification: EEG signal acquisition, pre-

processing, feature extraction, post-processing, and classification. Various algorithms

and strategies have been used in each step of motor imagery EEG classification as

shown by Figure 2.1. This chapter includes: a discussion of related studies for each

step of the EEG classification; a comparison of performance across various related

studies; the issues in the existing literature; and the requirement for a new classifier

which solves these issues.

Figure 2.1: Algorithms used in different steps of EEG classification.

2.1.1 EEG Signal Acquisition

EEG signals are acquired according to the task to be classified based on concepts of

neurophysiology. According to the research work [21], authors linked low-level

mechanisms of EEG with more high-level explanations providing an in-depth

understanding of the EEG signal. It is essential to understand the

neurophysiological sources of EEG signals, propagation of generated EEG signals,
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various aspects of EEG measurement, and their implication on EEG data

interpretation. Usually, brain waves are measured using peak-to-peak voltage which

normally ranges from 0.5 to 100 µV in amplitude. This amplitude of EEG signal is

nearly 100 times lower than ECG signals. The firing of billion of neurons creates

complex patterns, which can be analyzed using a mixture of various base

frequencies. Researchers have classified these frequencies into frequency bands. The

frequency spectrum from raw EEG signals can be used to categorise EEG signals

into delta (less than 4 Hz), theta (4-8 Hz), alpha (8-13 Hz), beta (14-30 Hz), and

gamma (30-80Hz) waves [22]. Alpha and beta waves are commonly used in motor

imagery tasks where alpha waves correlate with eye movements and beta waves

correlate with other general types of movement [23]. Heart rate, eye movement, and

body temperature are used with EEG data to improve the EEG classification

performance.

2.1.1.1 Motor Imagery (MI) and Attempted Movement

Neurophysiological signals generated by certain tasks must be decoded to generate

control signals in BCI systems [24]. BCI systems translate brain signals into computer

commands creating interaction between user and external devices. Motor Imagery

(MI) signals are one of the most widely used EEG control signals. MI [25] is the

process of imagining the movement of body parts without actually moving the body

part. On the other hand, attempted movement is the cognitive process of attempting

to move body parts while the subject may not be able to move body parts. Motor

imagery is capable of creating neurological patterns related to the task in dominant

sensory motor regions of the brain. In MI and attempted movement tasks, EEG

signals are acquired during the imagining of a task or attempt of performing the

motor movement task. Motor imagery is similar to the actual execution of the motion

task. Alpha and beta frequencies of EEG signals are the most dominant in motor

imagery tasks. For example, an action performed by the motor imagery task of the

left-hand movement is generated from C3 region of the brain, and that of the right-
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hand movement is generated from C4 region of the brain. Thus, BCI systems can

regulate motor actions through imagination [26].

2.1.1.2 Electrode Placement

The number of EEG electrodes and their placement on the scalp depends on the

type of tasks to be classified. For a classification task of separating 4 classes (left

hand, right hand, both feet, and tongue), 22 EEG electrodes are used along with

3 Electroculogram (EOG) electrodes [27]. For subtle tasks (e.g. hand pronation)

EEG signals with a high spatial resolution are required to capture required neuronal

impulses. A five percent electrode placement system is used for high spatial resolution

EEG acquisition. The five percent electrode placement system standardizes electrode

placement in the scalp and their naming scheme [28]. Figure 2.2 shows the five percent

electrode placement system which is used for high resolution EEG acquisition. 345

electrode locations are available in the five percent electrode placement system. A

classification task of separating 5 classes (hand pronation, hand supination, hand

open, lateral grasp, and palmar grasp) used 61 EEG electrodes with 3 EOG electrodes

[20].

2.2 EEG Preprocessing

EEG signals are extremely weak signals whose amplitude ranges in microvolts. They

pick up unwanted electrical and electrophysiological signals and are very susceptible

to noise. There is a massive amount of interference among signals from neighbouring

EEG electrodes. They suffer from artifacts such as motion artifacts, eye artifacts,

muscle artifacts, and slow frequency drifts. The combined effect of all the unwanted

signals results in a low SNR [29, 30, 31]. The EEG preprocessing step includes filtering,

downsampling and artifact handling.
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Figure 2.2: Position of electrode in five percent system used for high resolution EEG.

2.2.1 Downsampling

Sampling rate of EEG signals depends on the type of EEG acquisition system used.

Sampling rate ranges according to the requirement of an application. Generally,

such EEG data is resampled or downsampled at lower sampling rates. Common

downsampling includes downsampling to 64 Hz [32], from 512 to 64 Hz [33], and 256

to 16 Hz [34] are proposed according to the requirement of the application.
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2.2.2 Artifact Handling

Artifacts are spurious signals not related to cortical activity. They occur due to

errors generated by the experimental setup, environmental noise, or biological

factors. Technical/Extrinsic artifacts, and Physiological/Intrinsic artifacts are two

broad categories of artifacts depending on their origin [35, 36]. Technical/extrinsic

artifacts occur due to technical faults or external factors in the EEG acquisition.

Technical/extrinsic artifacts include the misplacement of electrodes, powerline

Interference (50–60 Hz), electromagnetic interference in the cables, etc. On the other

hand, physiological/intrinsic artifacts are generated inside the human body and are

not related to attempted or imagined tasks. Eye blinks (Electrooculogram (EOG)

artifacts), muscle activities (Electromyogram (EMG) artifacts), cardiac activities

(Electrocardiogram (ECG) artifacts), etc. are physiological/intrinsic artifacts. All

these kinds of artifacts are generally handled by applying a variety of artifact

removal/reduction methods such as filters, Independent Component Analysis (ICA),

Principal Component Analysis (PCA), Wavelet transforms, Adaptive filters, etc.

Figure 2.3 shows different kinds of artifact removal strategies used in the

classification of motor imagery tasks [37]. Table 2.1 shows different artifact removal

techniques used in motor imagery classification tasks [38].

Figure 2.3: Distribution of artifact removal strategies for classification of MI tasks.
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Table 2.1: Artifact removal techniques used in motor imagery classification

Artifact Removal Technique Sources

Notch filter (50 Hz powerline interference

removed)

[39, 33, 34]

Chebyshev filter 8th order, 0.01– 200 Hz [39, 33]

Elliptic band pass filter 0.5 - 50Hz [40]

Butterworth filter 4th order, 1– 70 Hz [39]

4th order, 0.3–100 Hz [33]

4th order, 0.3–3 Hz [33]

4th order, 0.3–3 Hz [41]

8th order, 0.01–100 Hz, 4th order,

0.2–70 Hz, 2nd order, 0.4–0.6 Hz [34]

Manual removal by visual inspection [39, 42]

PCA [33]

ICA [39, 33, 34, 41]

Thresholding technique-Median absolute

deviation

[33, 41]

Regression based correction method [39, 41]

2.2.3 Feature Extraction

For effective classification of EEG signals, a certain set of features are required

which represent neurophysiological activation patterns corresponding to the

imagined/attempted task. These features should be distinguishable and

non-redundant. Feature extraction techniques include using time-domain or

frequency-domain features. Time-frequency representation is a feature extraction

technique which enables spectral information to be kept along with temporal

dynamics.
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2.2.3.1 Time Domain Techniques and Frequency Domain Techniques

Time domain techniques include digital filters, Auto Regressive (AR) modelling,

Adaptive autoregressive (AAR) modelling [43]. Frequency domain techniques have

been used to extract features from MI EEG data which uses Fast Fourier Transform

(FFT), Welch’s method, and Local Characteristic scale Decomposition (LCD) to

obtain the power spectrum. The shortcoming of spectral analysis is that it provides

no temporal information. Likewise, time domain analysis doesn’t use spectral

features which is prone to non-stationarity problems. Studies are found which have

used specific bandwidth of the EEG signal to increase SNR [37]. This method is

applicable only when the frequency range of interest is known. In a review done by

Craik et al. [37], approximately 50% of the studies used a low pass filter at or below

40 Hz for MI EEG classification.

Digital Filters Digital filters are used to filter frequency components from EEG

signals. They can be classified into low pass filter, high pass filter, band pass filter, and

band stop filter. Practically, in EEG signals, the frequency range of interest is difficult

to identify. Band pass filters and notch filters are commonly used to remove artifacts,

especially muscle artifacts. Notch filters are used to filter 50Hz powerline noise. FIR

and IIR filters cause certain phase delays. Since phase information is very important

in EEG signals phase relationship should be considered in EEG classification.

2.2.3.2 Time-Frequency Domain Techniques

Time-frequency analysis is a technique which contains both spectral and temporal

information of EEG signals useful for BCI systems [14]. Study [26] showed that the

utilization of correlation images of EEG channels with deep learning techniques can be

used as a promising tool for dimensionality reduction of EEG data, channel fusion, and

removal of artifacts. MI EEG analysis using Time-Frequency analysis include: Short

Time Fourier Transform (STFT); Wavelet Transform (WT); and Discrete Wavelet
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Transform (DWT). WT and DWT are very powerful techniques for feature extraction

from EEG signals because different frequency bands contain valuable information

about MI tasks [14, 44]. WT and DWT also give us flexibility as signals can be

decomposed in multiple resolutions and multiple scale [45, 46, 47].

2.2.3.3 Spatial Domain Techniques

Spatial domain techniques for feature extraction in EEG signals include: Common

Spatial Pattern (CSP), Surface Laplacian (SL), Common Average Reference (CAR),

etc.

Common Spatial Pattern (CSP) CSP is a popular feature extraction method

for EEG classification [48, 49, 50]. It is a spatial filtering technique which transforms

EEG data into a new space by maximizing the variance of one class and minimizing

the variance among different classes. It is a powerful tool as it enables the extraction

of this spatial information from particular frequency bands. Generally, a frequency

range of 4 Hz and 40 Hz is used which leads to the inclusion of redundant information,

added noise sensitivity, and more computational time [48].

Common Average Reference (CAR) CAR is a referencing technique which

eliminates the common part of the EEG signal while retaining the characteristic

information related to the task for enhanced SNR [51]. This algorithm can be seen

as follows:

V CAR
i = V ER

i +
1

n

n∑
j

V ER
j (2.1)

Where V CAR
i is the Residual clean voltage value for a specific channel,

V ER
i is the original voltage value of a specific channel,

1
n

∑n
j V

ER
j is the Average voltage of all channels [52].
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Surface Laplacian (SL) SL is the second order spatial derivative of the electrode

potential [53]. SL aims to deal with the referencing problem. It is robust against

spatial artifacts and recovers signal generated at uncovered region of the scalp by

EEG electrodes.

2.2.3.4 Statistical/Wavelet Features

Different studies have used statistical features of EEG signals for their classification.

Statistical features such as mean, median, variance, standard deviation, RMS,

maximum, minimum, kurtosis, energy, skewness, etc. along with the combination of

features have been used [38]. Discrete Wavelet Transform and Wavelet Entropy have

been used to extract wavelet features for motor imagery classification [40, 54]. Behri

et. al [55] have used wavelet coefficient from Wavelet Packet Decomposition as

features for MI EEG classification.

2.2.3.5 Principal Component Analysis (PCA)

PCA is mainly used in the dimensionality reduction of EEG signals. It uses

statistical procedures combined with techniques from linear algebra which applies an

orthogonal transformation to create a series of linearly disrelated components called

principal components [56]. When applied to EEG data, PCA separates EEG signals

into disrelated components. These components can be analyzed and only necessary

principal components can be retained. Principal components with small variance

also might contain important information in EEG classification, and discarding

those components might affect classification performance [57].

2.2.3.6 Independent Component Analysis (ICA)

ICA is an approach of decomposing independent sources of a complex dataset using

blind source separation on the basis of statistical and linear algebra techniques [58].

It is assumed that eye artifacts, ECG, motion artifacts, and electrical noise are
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generated by independent signal sources, which are non-gaussian statistically

independent. These components can be separated using ICA to extract useful

information related to certain tasks. ICA can be used to remove artifacts resulting

in improved SNR for consecutive classification tasks [56, 58]. ICA and the Wavelet

Transform (WT) used in conjunction can be used to extract spatial and

time-frequency features along with various artifacts.

ICA estimates a linear transformation matrix of the input signals into source signals

which are as independent as possible [59, 60, 58]. The probability distribution of

independent sources is calculated using maximum likelihood solution of probability

distributions of the sources.

For the likelihood, the probability density function of the sources is required, which

is unknown in a blind context. Considering the source, Si(t) has density
fi

(
∗
σi

)
σi

with

known fi and σi unknown. Then S(t) has density Πk
i=1

fi

[
St(t)
σi

]
σi

. Since X(t) is related

to S(t) through X(t) = AS(t), the logarithm of the probability density of the data

can be written as (assuming A to be invertible):

LT = T

{
k∑

i=1

Ê ln

[
n

σi
f

(
eTi A

−1 X

σi

)]
− ln |det A|

}
(2.2)

Where Ê = time average operator

eTt = ith column of identity matrix (of order K); transposed

The objective here is to maximize LT to find unmixing matrix and original data.

PICARD is an algorithm that converges faster than FastICA and Infomax, to obtain

independent non-Gaussian sources. Details of PICARD algorithm can be found in

Appendix A.

Steps in ICA A unit variance scaling is done to the data. This is followed by a

pre-whitening step using PCA as follows:
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(i) Data of all channels are scaled by the standard deviation.

(ii) PCA is then used to decompose pre-whitened data.

Among the resulting principal components, the smallest number of components

required to explain the cumulative variance of the data is selected for ICA. Removal

of unwanted independent components (artifact components) is performed and the

sensor signal is reconstructed as shown in Figure 2.4 [61].

Figure 2.4: EEG data reconstruction after artifact removal using ICA.

For reconstruction of original signals excluding unwanted components:

(i) Unmix the data with unmixing matrix.

(ii) Select ICA components.

(iii) Remix the data with mixing matrix.

(iv) Restore any data which is not passed to the ICA algorithm.
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Table 2.2: Comparison of various EEG preprocessing and features extraction methods

S.N. Approach Advantages Disadvantages

1 ICA
� Highly efficient algorithm

� Handles for large dataset very well

� More computation requirement for
decomposition

2 PCA
� Reduction of dimension of features � Not as good as ICA

3 CAR
� Best reference method � Need sufficient head coverage

4 CSP
� Good effect on MI task

� No need to select specific frequency band

� Sensitive to noise

� Requires multiple electrodes

5 SL
� Robust against artifacts � Sensitive to spline pattern

� Sensitive to artifacts

6 Adaptive

Filtering

� Good for signal with overlapping spectra � Need reference signal

7 Digital Filters
� Easy removal of grounding noise � Need signal and noise in different

frequency band
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S.N. Approach Advantages Disadvantages

8 PCA
� Lossless dimensionality reduction � Need more calculation for decomposition

9 PSD
� Stable features � Not suitable for non stationary signals

� Unable to analyze time domain signals

10 AR
� Need small sequence of data

� Decrease spectra loss issue

� Good frequency resolution

� Not suitable for stationary signals

� Presents low performance once estimated
model mistakenly elected

11 FFT
� Suitable for stationary signals

� Suitable for narrowband signals

� Not suitable for non stationary signals

� Great noise sensitivity

12 WT
� Works well with non stationary signals

� Signal analysis in time and frequency
domain

� Deficient particular mode to apply to
prevalent noise
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2.2.4 Post-Processing

As the features are extracted, they are organized and further necessary processing is

done to extract information from these features for the classification of EEG. This

step is referred to as post-processing. Post-processing includes feeding the classifier

with calculated features, signal values, or images constructed from extracted features.

Distribution of usage of different types of input formulation for MI classification tasks

is given in Figure 2.5.

Figure 2.5: Input formulations across MI EEG classification studies. The outer
circle shows specific input formulation and inner circle shows general
input formulation techniques.

20



2.3 EEG Classification

Classification is a process in which one can group and classify different cases based

on learning and development by using the available data and knowledge experience.

Classifiers are used to recognize the EEG patterns generated by users based on

extracted EEG features. Figure 2.6 shows that Linear Discriminant Analysis (LDA)

and Support Vector Machine (SVM) classifiers are mostly used in MI EEG

classification tasks. Other classifiers include, Extreme learning machines, Logistic

regression, Decision Tree, Linear discriminant analysis, Neural networks,

Convolutional Neural Network (CNN), Deep Neural Network (DNN), Long

short-term memory, Näıve Bayes, Support vector machine, and Random forest have

been used [37]. Table 2.3 shows a comparison of the advantages and disadvantages

of different classification algorithms for motor imagery EEG classification [62].

Figure 2.6: Various algorithms used in MI EEG classification tasks.
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Table 2.3: Comparison of different EEG classification algorithms

S.N. Approach Advantage Disadvantage

1 ANN and DL
� High accuracy

� Flexible structure

� Performance depends on
architecture

2 K-NN
� Easy to understand

� Simple to implement

� Sensitive to redundant
and irrelevant features

� Requires large storage

3 LDA
� Easy to use

� Low computational
requirement

� Requires a linear system

4 SVM
� Performance is better
than other linear
classifiers

� Low computational
complexity

5 NB
� Easy to understand � Independent variables

Recent advancements in EEG classification have seen deployment in deep learning

architectures due to the availability of big EEG datasets. This led to improvement

in the performance of classification for Motor Imagery EEG signal and their analysis.

Deep learning has been used for the classification of various motor imagery tasks

[63, 64, 65].

2.3.1 Neural Networks and Deep Learning

Wang et al. [66] found that the CNN architecture significantly outperformed the pure

LSTM-RNN architecture. Thus, CNN or DBN is recommended for motor imagery

task classification. On the other hand, deep learning approach learns directly from

data. Multiple layers of trainable feature extractor modules are arranged in certain

layered architecture in DNN. Generally, learnt features are related to increasing levels

of concepts. The concept of DNN enables the interpretation of big datasets. Hybrid
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architectures of neural networks have outperformed architecture with a single type

of neural network. In Hybrid architectures, 90% of hybrid architectures combined

convolutional layers with another type of layer (eight out of those nine using one

or more RNN layers [37]. Although task specific hybrid designs are not common,

results show LSTM RNN modules outperformed standard and GRU-RNN modules

with consistent improvements.

2.3.2 Performance Evaluation of Related Motor Imagery Classifications

For the valid and accurate evaluation of various related studies done in the field

of MI/attempted movement classification, multiple aspects of the classification task

should be considered. These considerations include:

� Number of output classes

� Type of tasks to classify

� Number of subjects and their type (Normal or real-world patients)

� Training and testing set used

� Accuracy achieved

Table 2.4 shows details on output classes, tasks, subjects, training set, testing set, and

accuracy achieved on various classification studies for motor imagery task [37, 24].
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Table 2.4: Classification accuracy of various motor imagery classification studies

Output

Classes

Strategy Tasks Subjects Train Set Test Set Accuracy

(%)

Study

2 Sparse group

Representation

Left hand, Right hand 9 0.80 0.20 78.2 [67]

2 Capsule network Left hand, Right hand 9 0.57 0.43 78.44 [68]

2 CNN Left hand, Right hand 9 0.90 0.10 78.93 [69]

2 LDA, SVM Left hand, Right hand 9 0.60 0.40 79.33 [70]

2 Sparse Bayesian

Learning

Left hand, Right hand 9 0.90 0.10 81.7 [71]

2 SVM with PSO Right hand, Foot 5 0.60 0.40 91.6 [72]

2 CNN Left hand, Right hand 14 0.75 0.25 92.73 [42]

2 RLDA, LDA Left hand, Right hand 7 0.90 0.10 93.04 [73]

2 SVM Right hand, Foot 5 0.90 0.10 96.02 [74]

3 SLDA Attempted Hand Movement

– Hand open, Palmar grasp,

Lateral grasp

10 0.90 0.10 53 [20]
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Output

Classes

Strategy Tasks Subjects Train Set Test Set Accuracy

(%)

Study

3 Weighted Näıve Bayes Left hand, Right hand, Foot 5 0.50 0.50 86.38 [75]

3 Näıve Bayes Left hand, Right hand, Foot 5 0.90 0.10 96.36 [76]

3 CNN-LSTM Left hand, Right hand with

eye movement, None

4 0.90 0.10 96.5 [77]

3 CSP + LSTM

network

Left hand, Right hand, Foot 52 0.90 0.10 96.91 [78]

4 Recurrent CNN Left hand, Right hand,

Feet, Tongue

9 0.90 0.10 45 [79]

4 CNN Left hand, Right hand,

Feet, Tongue

9 0.80 0.20 61 [80]

4 Spiking Neural

Network

Left hand, Right hand,

Feet, Tongue

7 0.10 0.90 63.6 [81]

4 CNN Left hand, Right hand,

Feet, Tongue

9 0.50 0.50 70.6 [82]
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Output

Classes

Strategy Tasks Subjects Train Set Test Set Accuracy

(%)

Study

4 Deep RNN with

Spatial frequency

features

Left hand, Right hand,

Feet, Tongue

9 0.50 0.50 73.56 [83]

4 CNN Left hand, Right hand,

Feet, Tongue

9 0.90 0.10 74.46 [84]

4 Multi layer CNN

fusion

Left hand, Right hand,

Feet, Tongue

20 0.84 0.16 75.7 [85]

4 CNN-LSTM Left hand, Right hand,

Feet, Tongue

9 0.80 0.20 76.62 [86]

4 RNN-GRU Left hand, Right hand,

Feet, Tongue

9 0.60 0.40 77 [83]

4 SVM Left hand, Right hand,

Feet, Tongue

3 0.80 0.20 77.96 [87]

4 LDA Left hand, Right hand,

Feet, Tongue

9 0.88 0.12 78.82 [88]
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Output

Classes

Strategy Tasks Subjects Train Set Test Set Accuracy

(%)

Study

4 DBN Left hand, Right hand,

Feet, Tongue

9 0.90 0.10 80.4 [89]

4 SVM Left hand, Right hand,

Feet, Tongue

9 0.90 0.10 83.82 [90]

4 Extra-Trees algorithm Left hand, Right hand,

Feet, Tongue

9 0.90 0.10 84 [91]

4 Ensemble k-nearest

neighbor (k-NN)

Left hand, Right hand,

Feet, Tongue

9 0.90 0.10 90.32 [92]

4 CNN-LSTM with

Transfer learning

Left hand, Right hand,

Feet, Tongue

9 0.80 0.20 92 [93]

4 RLDA Left hand, Right hand,

Feet, Tongue

7 0.90 0.10 93.04 [73]

4 CNN-LSTM Left hand, Right hand,

Feet, Tongue

9 0.90 0.10 95.62 [94]
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Output

Classes

Strategy Tasks Subjects Train Set Test Set Accuracy

(%)

Study

4 CNN Left hand forward, Left

hand backward, Right

hand forward, Right hand

backward

1 0.36 0.64 100 [95]

5 SLDA Attempted Hand Movement

: Pronation, Supination,

Hand open, Palmar grasp,

Lateral grasp

10 0.90 0.10 45 [20]

5 RNN-LSTM Eye closed, Both fist, Both

feet, Left fist, Right fist

12 0.86 0.14 68 [96]
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2.4 Chapter Summary

According to recent related literature in the areas of classification of motor imagery

tasks, approximately 50% of the studies are seen to have classified 4 classes of motor

imagery tasks. Classification accuracy for four class classifications has reached a

maximum of 95.62% [94] for motor imagery tasks (left hand, right hand, tongue, and

feet) across multiple subjects. Only two studies are seen to have classified five motor

imagery or attempted movement tasks. For five class classifications, the maximum

classification is reduced to 68% [96]. Only two studies have classified attempted

movement of subtle movements (hand pronation, hand supination, hand open,

lateral grasp, and palmar grasp) [20, 97] as compared to motor imagery task of

bigger movements (left hand, right hand, tongue movements, and feet). For the

classification of attempted hand movements (hand pronation, hand supination, hand

open, lateral grasp, and palmar grasp) the classification accuracies are as follows:

� Maximum classification for two classes is 70.09% [97].

� Maximum classification for three classes is 53% [20].

� Maximum classification for five classes is 45% [20].

Drastic reduction is seen in maximum classification accuracy for subtle hand

movements as compared to whole limb movement. This reduction can be attributed

to the additional complexity in the classification of attempted movement tasks

invited by: interference among EEG electrodes; higher spatial resolution and higher

number of EEG electrodes; and real-world SCI patients. When it comes to

real-world SCI patients, there is a significant increase in non-stationarity problems

as compared to normal human beings. Thus, it is seen that a robust classifier is

required that can classify subtle hand movements of real-world SCI patients for the

improvement of the quality of life of SCI patients. Additionally, this classifier should

have:

(i) Good classification performance across non-stationarity of EEG data
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(ii) Have low calibration time (using less training data as compared to testing data).

(iii) Can extraction of frequency information, localization information, and time

information of valuable neural impulses from EEG data
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CHAPTER 3
MATERIALS AND METHODS

3.1 Introduction

This research aims to classify77he attempted movement of SCI patients by combining

CNN and LSTM networks. General steps of EEG classification are: EEG acquisition,

EEG preprocessing, Feature extraction, Post-processing, and Classification, as shown

by Figure 2.1. To overcome the issues seen in current literature as seen in Section 2.4,

following steps of EEG classification are performed:

(i) EEG Acquisition: Dataset is derived from research done by Ofner et al. [20].

It uses a 64 electrode high resolution EEG acquisition system according to five

percent electrode placement system for EEG [28] is used.

(ii) EEG Preprocessing: Filtering, downsampling, and artifact removal using

ICA is performed.

(iii) Post-Processing: A time-frequency representation of cleaned EEG signal is

generated which is sent to spatial encoding step. After spatial encoding, it is

forwarded to datagenerator for feeding input data and label data to CNN-LSTM

network.

(iv) Feature Extraction and Classification: Feature extraction and

Classification is performed by a DNN. The DNN is composed of CNN and

LSTM networks. Initial part of DNN is composed of convolutional layers

which extract spectral features, temporal features, and spatial features.

Following feature extraction layers, LSTM layers are used to learn temporal

dynamics of extracted features. Finally, outputs from LSTM networks are fed

to end classifier made up of convolutional layers and dense layer to classify

information obtained from LSTM into five different classes.

The approach of using ICA for artifact removal and Time-Frequency Representation of

EEG data is used for reducing loss of classification performance due to non-stationarity
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in EEG signals. Furthermore, the novelty of this research compared to related studies

lies in the use of 2D spatial encoding according to the physical layout of the EEG

sensors along with 3D Convolutional layer and 2D LSTM layer has led to efficient

learning of spectral, temporal, and spatial dynamics of EEG data. Likewise, spectral

features, spatial features, and temporal features are extracted and classified by DNN

itself. Figure 3.1 shows the proposed steps followed for the classification of attempted

movement of SCI patients. This chapter further elaborates, each step of the proposed

EEG classification in detail.

Figure 3.1: Block diagram of proposed steps of EEG classification.

Maximum classification accuracy is achieved by developing a hybrid CNN-LSTM

network architecture and optimization of its hyperparameters. EEG pre-processing

and post-processing are done with MNE-Python [61] while feature extraction and

classification is done using TensorFlow [98]. Figure 3.2 depicts the system flow

diagram of the proposed CNN-LSTM classifier for EEG classification.
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Figure 3.2: System flow diagram of hybrid CNN-LSTM network for EEG
classification.
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3.2 EEG Acquisition

The dataset of attempted hand movement of Spinal Cord Injured patients is collected

from the work done by Ofner et al. [20]. The dataset consists of EEG signals from 10

participants with cervical spinal cord injury (SCI). Patients are aged from 20 to 69

years. Details on age, dominant hand, time since lesion, sex, tested hand, American

Spinal Injury Association Impairment Scale (AIS), and Neurological Level of Injury

(NLI) is shown in Table 3.1. Five types of hand movement attempt (pronation,

supination, hand open, palmar grasp, and lateral grasp) were recorded as shown

in Figure 3.3. These five types of movements relate to 5 different classes for the

classification of EEG signals. The type of hand movement is referred to as a cue for

a trial.

Figure 3.3: Illustration of attempted hand movements.

Table 3.1: Details of SCI patients

Participants Sex Age Dominant

Hand

Tested

hand

Time Since

Lesion

(Months)

AIS NLI

P01 M 23 Right Right 11 B Sub C6

P02 M 42 Right Right 10 D Sub C1

P03 M 62 Right Right 7 B Sub C5

P04 F 20 Right Right 201 B C5

P05 M 57 Right Right 9 A Sub C4

P06 M 78 Right Right 7 D Sub C5

34



Participants Sex Age Dominant

Hand

Tested

hand

Time Since

Lesion

(Months)

AIS NLI

P07 M 27 Right Left 4 C Sub C4

P08 M 69 Right Right 24 B C7

P09 M 53 Right Right 74 A Sub C4

P10 M 55 Right Right 23 A Sub C6

3.2.1 Experimental Setup

Each of the SCI patients was put in front of a computer screen with their arm resting

on a pillow or their stage, or on a table. The SCI patients carried out the instructions

provided on the computer screen. When the trial started, a fixation cross and a

beeping sound were presented. SCI patients were asked to concentrate their attention

on the cross. Cross was displayed during the whole trial period of five seconds to avoid

eye movements as shown in Figure 3.4. At-2 second, a cross was presented together

with a beeping sound; the class cue was shown at 0 second; and the SCI patients

executed/attempted the movement. After the trial, a small break with an arbitrary

time duration of 1s to 3s followed. Likewise, SCI patients were instructed to avoid

swallowing and blinking during the trial period. The class cue was displayed from 0

to 3 seconds time frame( i.e. until the end of the trial).

Figure 3.4: Trial sequence.
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According to the residual motor capacities of subjects, subjects were informed to

execute the corresponding movement right after the class cue appeared. Also, they

were informed to avoid unrelated movements. Subjects went back to their original

beginning position after the trial period. A break with an arbitrary period of one

second to three seconds followed after each trial. There is a total of 9 runs with 40

trials per run, i.e. 72 trials per class for each case. Table 3.2 show the type of run

according to the run number for all cases.

Table 3.2: Description of different types of runs of EEG acquisition

Run Number Run Type

1 Eye movements

2 Rest

3 Attempted movement

4 Attempted movement

5 Attempted movement

6 Attempted movement

7 Attempted movement

8 Eye movement

9 Rest

10 Attempted movement

11 Attempted movement

12 Attempted movement

13 Attempted movement

14 Eye movement

15 Rest

3.2.2 Electrode Placement

EEG data is acquired using 61 EEG electrodes covering frontal, temporal, central,

and parietal areas using five percent electrode placement system. Additionally, an
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electrooculogram (EOG) is measured using 3 electrodes which are placed above the

nasion and below the outer canthi of the eyes. Signals were recorded using a

g.GAMMAsys/g.LADYbird active electrode system (g.tec medical engineering

GmbH, Austria) and a four 16-channel g.USBamps biosignal amplifiers. Signals were

sampled at 256 Hz and a band-pass filter was applied from 0.01 Hz to 100 Hz (8th

order Chebyshev filter). A notch filter at 50 Hz was applied to suppress power line

interference. Reference was placed on the left earlobe and ground was placed on

AFF2h. Table 3.3 shows the channel number and corresponding channel labels used

in the experimental setup. Obtained EEG data are stored in GDF (General Data

Format for Biosignals) format. Figure 3.5 shows the topographic plot of the location

of electrodes in the patient’s scalp.

Figure 3.5: Topographic plot of electrode location.
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Table 3.3: Channel number and corresponding channel labels

Channel Label Channel Label Channel Label Channel Label

1 AFz 17 FC2 33 CCP5h 49 CPP2h

2 F3 18 FC4 34 CCP3h 50 CPP4h

3 F1 19 FC6 35 CCP1h 51 CPP6h

4 Fz 20 FCC5h 36 CCP2h 52 P5

5 F2 21 FCC3h 37 CCP4h 53 P3

6 F4 22 FCC1h 38 CCP6h 54 P1

7 FFC5h 23 FCC2h 39 CP5 55 Pz

8 FFC3h 24 FCC4h 40 CP3 56 P2

9 FFC1h 25 FCC6h 41 CP1 57 P4

10 FFC2h 26 C5 42 CPz 58 P6

11 FFC4h 27 C3 43 CP2 59 PPO1h

12 FFC6h 28 C1 44 CP4 60 PPO2h

13 FC5 29 Cz 45 CP6 61 PPOz

14 FC3 30 C2 46 CPP5h 62 EOG left

15 FC1 31 C4 47 CPP3h 63 EOG mid

16 FCz 32 C6 48 CPP1h 64 EOG right

3.3 EEG Pre-processing

EEG pre-processing step consists of Filtering, artifact removal using ICA, and

Downsampling. This step is done to clean EEG signals and get rid of unnecessary

artifacts that pose a problem in the classification process.

3.3.1 Filtering

A filter is used to remove or attenuate unwanted frequencies of a signal to increase

the SNR of the EEG signal. Effects of filtering are cautiously considered to minimize
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filter artifacts. Distortion of EEG signals which causes artifacts are reduced. For

this purpose, one pass zero phase non-causal Finite Impulse Response (FIR) filter

is used. One pass filters are used so as to reduce computational complexity while

zero phase non-causal filters are used to reduce the risk of distortion of the EEG

data. Frequency dependent delays are introduced by a non linear phase, which causes

distortion in signals even for spectral components within the passband of the filter.

Thus, a single pass zero phase bandpass FIR filter is used, since phase information

is critical to EEG classification. This makes FIR filter non-causal, meaning output

not only depends on past inputs but also future inputs. Hamming window is used for

desired pass band ripple and stop band attenuation with minimum distortions and

filter artifacts created by the filter. A 0.3Hz low pass band edge and a 40 Hz high

pass band edge with -6dB transition cutoff bandwidth is used.

3.3.1.1 Finite Impulse Response (FIR) filters

The transfer function of digital filter in frequency domain is given by:

H(z) =
b0 + b1z

−1 + b2z
−2 + ...+ bMz

−M

a0 + a1z−1 + a2z−2 + ...+ aNz−N
(3.1)

H(z) =

∑M
k=0 bkz

−k

1 +
∑N

k=1 akz
−k

(3.2)

whereas in time domain, the numerator coefficients bk along with denominator

coefficients ak can be used to obtain filtered output data y(n) in terms of the input

data x(n) given as:

y(n) = b0x(n) + ...+ bmx(n−M)− a1y(n− 1)− ...− any(n−N) (3.3)

y(n) =
M∑
k=0

bkx(n− k)−
N∑
k=0

bkx(n− k) (3.4)
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The output of the filter at a particular time n is determined by the sum over:

� the numerator coefficients bk multiplied by previous input values x(n− k).

� the denominator coefficients ak multiplied by previous output values y(n− k).

FIR filters use a finite number of numerator coefficients bk (where ak = 0∀k), and

thus each output value y(n) depends only on the M previous input values.

Windowed sinc FIR filters are based on the sinc-function in time domain

approximating a rectangular magnitude response in frequency domain. For finite

filter orders, impulse response has been windowed by a window function for

reduction of passband and stopband ripple (equal for windowed sinc filters).

Filtering is implemented as convolution of the filter input with the impulse response.

The transition bandwidth, pass band ripple, and stop band ripple are used as a

function of filter order.

A one pass, zero phase, non causal bandpass FIR filter is used whose filter

characteristics are listed below:

(i) Windowed time domain design method

(ii) Hamming window with a 0.0194 passband ripple and 53 dB stopband

attenuation

(iii) Low passband edge: 0.30 Hz

(iv) Low transition bandwidth: 0.30 Hz (-6 dB cutoff frequency: 0.15 Hz)

(v) Upper passband edge: 40.00 Hz

(vi) Upper transition bandwidth: 10.00 Hz (-6 dB cutoff frequency: 45.00 Hz)

(vii) Filter length: 2817 samples

Figure 3.6 and 3.7 shows frequency response, Figure 3.8 shows impulse response, and

Figure 3.9 shows step response of FIR filter.
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Figure 3.6: Frequency response of FIR filter.

Figure 3.7: Frequency response (dB) of FIR filter.

Figure 3.8: Impulse response of FIR filter.

Figure 3.9: Step response of FIR filter.
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3.3.2 Downsampling

EEG signal is downsampled to 80Hz sampling rate from 256 Hz original sampling rate.

80 Hz is selected considering upper passband edge of 40 Hz as Nyquist frequency.

3.3.3 Artifact Removal using Independent Component Analysis (ICA)

There is a crucial requirement of an effective method for removing artifacts and

unwanted signals from EEG data of real-world SCI patients. ICA models data as a

linear mixture of non-gaussian independent sources. It is used to separate

statistically independent and non-gaussian components from the contaminated

observed signal. Each independent component separated by ICA is analyzed.

Unwanted components are rejected manually. Clean EEG signals are reconstructed

using the remaining components. The process of independent component separation

and reconstruction of a clean signal is depicted in Figure 2.4. ICA provides the

ability to extract and then remove artifacts and noise from EEG signals. Figure 3.10

shows independent components of an EEG acquisition run separated by ICA with

rejected components grayed out. Each component is analysed manually and marked

for rejection. To achieve desired results, following configuration of ICA is used:

(i) PCA Components = 0.99 (Retaining at least 99% of variance in data)

(ii) Iteration = 1000

(iii) Method = Picard

PICARD is used because it converges faster than Infomax and FastICA, and is more

robust than other algorithms when the sources are not completely independent similar

to real EEG data [59]. PCA components explaining 99% variance of the data are used

because missing valuable signal components is not desirable in cases like EEG where

SNR is very low.
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Figure 3.10: ICA components of a run (Bad components grayed out).

Neural response related to the experiment are considered a good component while

the rest are considered bad components of EEG data which are identified manually.

To identify good or bad components, various aspects of the components need to be

considered simultaneously. These aspects depicted by subplots (refer Figure 3.11 for

subplot) include: spatial information (described by topoplot); time series information

(described by Epochs image and ERP); frequency information (described by frequency

spectrum); and finally variance of the component with respect to Epochs.
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3.3.3.1 Good Components of ICA

Good ICA components can be identified by analyzing subplots according to:

(i) Spatial contour of the component (Clear depiction of origination of the

component from a single concentrated point as seen in top left topoplot of

Figure 3.11).

(ii) Clear indication of Event related potential seen in Epochs image and time

series graph (Epoch Image and time graph on top right corner of Figure 3.11).

(iii) Indication of strong Alpha frequencies (around 10Hz) seen in Frequency

spectrum (Bottom left graph of Figure 3.11)

(iv) Indication of variation of the component in different epochs (Bottom right

scatter plot of Figure 3.11). 8 different epochs (single cue experiment) show

greater than unit variance giving a clear indication that this change occurred

due to a particular cue. It is to be noted that there are 8 different epochs for

each cue in an experimental run, and the ICA is applied to separate each

experimental run.

Figure 3.11 shows ICA component related to neural response of attempted movement

from EEG data.
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Figure 3.11: ICA component related to neural response of attempted movement.

3.3.3.2 Unwanted Components of ICA

Unwanted components of ICA include:

� Eye blink

� Motion artifacts

� Unwanted signals according to the region of origin

� Noise

� Slow frequency drift

� Muscle artifacts

� Signals which occur before the cue is shown to the patient
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� Components whose variance distribution does not comply with the distribution

of experimental cues. If there is only one epoch having more than a unit variance

of the components, it is highly unlikely to be related to 8 epochs of the same

cue. For 8 epochs of the same cue, ideally, there should be 8 epochs having more

than unit variance as depicted by Figure 3.11.

These unwanted components can be separated by analyzing subplots (topoplot, epoch

image, time graph, frequency spectrum, and variance scatter plot) of the component.

Each unwanted component has its own characteristic feature that can be distinguished

using these subplots. Often all the subplots need to be considered to select unwanted

components.

Eye Blink Eye blinks can be distinguished by their spatial contour (originating from

nasion toward inion) and rapid change in component amplitude in Epochs image as

shown by Figure 3.12.

Figure 3.12: Eye blink component.
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Motion Artifacts Motion artifacts due to electrode wobbling are identified by

rapid changes in amplitude that are not part of cue signals. They can be identified

from Epochs image as shown in Figure 3.13. Other types of motion artifacts include

patient movement. Patient movement can be confirmed by a spike in variance in a

specific region of time which is not related to cue signals. Figure 3.14 shows a spike

in variance from 10 to 20 epochs showing patient movement.

Unwanted Signals According to Region of Origin Some components are

generated at the very edge of the topoplot and also have some characteristic

occurrences in variance scatterplot. These components have a very high variance for

a single epoch thus making these components undesirable. Figure 3.15 shows such a

component.

Figure 3.13: Motion artifact component separated by ICA.

47



Figure 3.14: Patient movement component separated by ICA.

Figure 3.15: Unwanted component according to the region of origin and frequency
of occurrence.
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Noise and Slow Frequency Drift Noise can be identified by the lack of event

related potential response and their random nature seen in the amplitude of the

component seen in the time graph (refer Figure 3.16). Slow frequency drifts can be

identified from a linear relationship seen in the variance of the component and Epoch

number as seen in Figure 3.16. Also, the time series plot of the component and Epoch

image can be used to find noise components and muscle artifacts.

Muscle Artifact Muscle artifacts can be distinguished by their frequency spectrum

(occurrence of signals from 7 Hz to 150 Hz) [99]. Also, their variance scatter plot is no

substantial relation with a specific cue, and there is a lack of event related potential

in the time graph. Muscle artifacts can also originate from any muscle in head as seen

in topoplot which include origination of signal from edges. Figure 3.17 shows muscle

artifacts.

Figure 3.16: Unwanted component according to noise and slow frequency drift.
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Figure 3.17: Muscle artifact component separated by ICA.

3.4 Post-Processing

Post-processing is the step of manipulating the pre-processed EEG data so that it can

be utilized for improved classification performance. This step is depicted by Figure

3.18 which includes:

(i) Generation of Time-Frequency Representation (TFR) of cleaned EEG

signal.

(ii) Conversion of TFR data to data for hybrid CNN-LSTM classifier. This step

includes the following sub-steps:

(a) Data loader: Arrangement of all EEG channels into two dimensional

array to encode spatial information of the channel.

(b) Sliding window: Generation of the sliding window to minimize the effect
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of non-stationarity of EEG signals.

(c) Stratified train-test split: Splitting dataset into training and testing

set. Splitting is done in such a way that training and testing data contain

equally distributed data of multiple cues.

(d) Data generator: It randomly selects training (containing input data

and corresponding labels) and testing data (containing input data) from

separated training and testing set and feeds it into hybrid CNN-LSTM

network.

Figure 3.18: Post-processing step of EEG classification.

3.4.1 Time-Frequency Representation

TFR provides a time-varying energy of the signal in each frequency band. The EEG

signal is convoluted by complex Morlet’s wavelets w(t, f0) [100] having a Gaussian

shape both in the time domain (having Standard Deviation σt) and in the frequency

domain (Standard Deviation σf ) around its central frequency

f0 : ω(t, f0) = A exp
(

−t2

2σ2
t

)
exp (2iπf0t) with σt =

1
2πσf

. Figure 3.19 shows Morlet

wavelet with its sine and cosine components. Wavelets are normalized so that their

total energy sums to 1, the normalization factor A being equal to (σt
√
π)

−1
2 .
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Figure 3.19: Morlet wavelet.

Here the time-varying energy E(t, f0) of the signal in a frequency domain is the square

normalization of the result of the convolution of a complex wavelet ω(t, f0) with the

signal s(t):

E(t, f0) = ∥ω(t, f0)× s(t)∥2 (3.5)

TFR of the signal is obtained by the convolution of the signal by a family of wavelets.

In morlet wavelet analysis, the oscillation that is defined by ’n cycles’ is tapered

by a Gaussian taper where the edges of the wavelet are attenuated according to the

Gaussian curve. The number of cycles used for gaussian taper is not necessarily helpful

for understanding the amount of temporal smoothing that has been applied [101].

In spectrotemporal analysis, the temporal and spectral resolution are interrelated.

Longer temporal windows allow more precise frequency estimates. On the other hand,

shorter temporal windows smear frequency values while providing more precise timing

information. In that case, the full width at half maximum (FWHM) of the wavelet

can be useful. The FWHM of the wavelet at a specific frequency is defined as:
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FWHM =
n cycles×

√
2 ln 2

π × freq
(3.6)

For a fixed FWHM value, n cycles is defined as a function of frequency which

implies temporal window decreases in length with an increase in frequency. For

simplicity n cycle = freq
2

is used with 40 frequency signals to generate 40 different

sliding temporal windows. Time-frequency representations are computed by

convoluting sliding temporal windows with original signals.

TFR image for each channel for each trial as shown by Figure 3.20. In the case of

this research, there are 72 trials for each cue for each patient. Each trial contains a

5 second time series data of 61 EEG channels simultaneously. Thus, for each trial,

there are 61 TFR images. The hybrid CNN-LSTM classifier should extract features

and classify them into 5 different cues by training from these 64 images of a single

trial. Settings used for Time-Frequency Representation are as follows:

(i) Linear frequency range = 0.3Hz to 40Hz @ 0.5Hz step.

(ii) n cycles for frequencies = (Linear frequency range) / 2.

(iii) Use fft based convolution.
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Figure 3.20: Time-Frequency Representation for Cz of single trial.

3.4.2 Conversion of TFR data to Data for CNN-LSTM Network

Data generation consists of multiple functional tasks. These functional tasks include

Data loader, Sliding Window, Stratified Train Test Split, and Data Generator for

CNN-LSTM Network.

3.4.2.1 DataLoader

This functional block loads TFR data of all channels and rearranges it into 2D array

according to spatial information of each channel as shown in Table 3.4. Empty cells

in the 2D array are filled with zeroes.
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Table 3.4: Rearrangement of TFR data of EEG channels according to spatial
information

Col 1 Col 2 Col 3 Col 4 Col 5 Col 6 Col 7

Row 1 AFz

Row 2 F3 F1 Fz F2 F4

Row 3 FFC5h FFC3h FFC1h FFC2h FFC4h FFC6h

Row 4 FC5 FC3 FC1 FCz FC2 FC4 FC6

Row 5 FCC5h FCC3h FCC1h FCC2h FCC4h FCC6h

Row 6 C5 C3 C1 Cz C2 C4 C6

Row 7 CCP5h CCP3h CCP1h CCP2h CCP4h CCP6h

Row 8 CP5 CP3 CP1 CPZ CP2 CP4 CP6

Row 9 CPP5h CPP3h CPP1h CPP2h CPP4h CPP6h

Row 10 P5 P3 P1 Pz P2 P4 P6

Row 11 PPO1h PPO2h

Row 12 POz

3.4.2.2 Sliding Window

Each localized TFR data is divided into windows by using sliding window technique

as shown in Figure 3.21. This step helps mitigate the lower classification accuracies

caused by the non-stationarity problem seen in EEG classification. Settings for sliding

windows generation are listed below:

(i) Start time = 2000ms from start of trial (When cue is shown)

(ii) Window size = 1000ms

(iii) Window step = 10ms

(iv) Number of consecutive windows = 20
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Figure 3.21: Parameters used in sliding window generation.

3.4.2.3 Stratified Train Test Split

Each window of localized TFR data is a sample data that can be fed to hybrid CNN-

LSTM network. But before feeding the data, all the samples are split into training

and testing datasets. A single training data consists of (X,y), where X= input data

(window of Localized TFR), and Y = One hot encoding of the corresponding cue for

input data. For the test set, a single test data consists of (X), where X = input data

(window of Localized TFR). Each split is shuffled and stratified using attempted cues

of the data. Training and testing sets contain samples of all classes according to split

ratio. The split ratio for testing is set to 0.9, which implies each test set contains 90%

of the data of all classes while the training set contains 10% data of all classes.

56



3.4.2.4 Datagenerator for CNN-LSTM Network

The main function of the Datagenerator function is to provide CNN-LSTM with a

random sample of training data and test data. This bundles sample data in batches

which are then fed to the CNN-LSTM network.

3.5 Classification

Classification is done using Deep Neural Network comprising of CNN and LSTM

networks. Hybrid CNN-LSTM is used to extract spectral, temporal, and spatial

features, and then classify them into five different classes. Initial layers of DNN are

designed to extract useful feature informations. Later layers of DNN are used to

classify features into one of five output classes. During the training phase, DNN

learns relevant information about features to change the values of the parameters of

the network. During the testing phase, the output is acquired for the test set using

the learnt values of these parameters.

3.5.1 Deep Neural Network (DNN)

DNN makes use of a certain architectural arrangement of simple nodes that perform

simple mathematical calculations. As a result, DNN performs complex tasks when

considered as a black box. The parameters of each node are adjusted iteratively using

Back Propagation Algorithm. Creating DNN architecture by arranging nodes into

multi-layered architecture enables feature extraction and classification.

3.5.1.1 Conv3D

3 Dimensional Convolutional layer creates a convolution kernel that is convolved with

the layer input to produce a tensor of outputs. A bias vector is created and added to

the outputs. The values of 3D kernel are adjusted such as to minimize error at the

output of the layer during backpropagation.
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Figure 3.22: Three dimentional convolution operation.

Arguments of 3D Convolution layer are as follows:

(i) Filters: Defines the dimension of the output space (number of output filters

created).

(ii) Kernel size: Defines the dimension of Kernel i.e. 3D convolution window.

(iii) Strides: Defines the strides of the convolution along all three dimension.

(iv) Activation: Activation function of ‘tanh’ is used

Input shape Input shape is a 5D tensor with shape: (batch, time steps,

localized row, localized col, freq components)

Output shape A tensor of rank 5 representing activation(conv3d(inputs, kernel) +

bias). Output is 5D tensor with shape: (batch, time steps, localized row, localized col,

no of filters)

3.5.1.2 Batch Normalization

Batch normalization layer returns normalized inputs. A transformation is applied

where the output mean is nearly 0 and the standard deviation is nearly 1. Batch

normalization runs differently during training and inference phase [102]. In training

phase, the mean and standard deviation of the current batch is used to normalize

the inputs. For each EEG channel, this layer returns the normalized values given by

following Equation (3.7),
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(x− µ)√
σ2

× γ + β (3.7)

where,

� x is individual input values of each batch

� µ is mean of each batch

� σ is a variance across each batch

� γ is a learned scaling factor (initialized as 1)

� β is a learned offset factor (initialized as 0)

In inference phase, the layer uses moving average of mean and standard deviation to

normalize the batches shown by Equation (3.8).

(x− µi)√
σ2
i

× γ + β (3.8)

where,

� x is individual input values of each batch

� µi is moving mean in consecutive batches

� σi is a moving variance in consecutive batches

� γ is a learned scaling factor

� β is a learned offset factor

Moving mean and moving variance are updated each time the layer in called in

inference mode as shown by Equation (3.9). Moving mean and moving variance are

non-trainable parameters.

µi = µi−1 ×momentum+ µ× (1−momentum)

σi = σi−1 ×momentum+ σ × (1−momentum)
(3.9)
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� µi is moving mean in current batch

� µi−1 is moving mean in previous batch

� σi is moving variance in current batch

� σi−1 is moving variance in previous batch

3.5.1.3 Average Pooling 3D

Average pooling 3D downsamples the input along 3 dimensions by taking the average

value. An average value is returned for a 3 dimensional window over input data defined

by its pool size. The window is shifted by strides along each dimension. Argument

used for Average Pooling 3D is:

� Pool size: Defines factors by which downscale is performed in 3 dimensions

(dim1, dim2, dim3)

3.5.1.4 ConvLSTM2D

Long Short-Term Memory (LSTM) To learn sequential features of time series

data, LSTM is used. LSTM is a special Recurrent Neural Network (RNN) which is

more stable for modeling long term sequence dependencies. LSTM uses memory cell

ct which acts as an accumulator of state information of the sequence. Different self

parameterized controlling gates access, write, and clear the cell state. Information is

accumulated in the cell state only if the input gate is activated. Also, there is a forget

gate which clears past cell status ct−1 if the forget gate ft is activated. The output gate

ot controls whether the output of cell state ct will be forwarded to the final hidden state

ht. Figure 3.23 shows LSTM architecture. The advantage of the memory cell states

and the control gates is to control information flow so that the gradient is confined

in the cell. This prevents from vanishing gradient problem. The key equations of

LSTM are shown in Equation (3.10), where ’◦’ denotes the Hadamard product. In

practice, multiple LSTM layers can be stacked in solving complex sequence modelling
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applications.

it = σ(Wxi xt +Whi ht−1 +Wci ct−1 + bi)

ft = σ(Wxf xt +Whf ht−1 +Wcf ct−1 + bi)

ct = ft ◦ ct−1 + it ◦ tanh(Wxc xt +Whc ht−1 + bc)

ot = σ(Wxo xt +Who ht−1 +Wco ◦ ct + bo)

(3.10)
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Units

concatenate

Figure 3.23: Architecture of LSTM network.

2D Convolutional LSTM Fully Connected LSTM performs very well in handling

temporal correlation. In the case of spatial data, it contains too much redundancy.

A convolutional structure is used in input-to-state and state-to-state transition to

address this problem coined as 2D convolutional LSTM [103] as shown in Figure 3.24.
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Figure 3.24: Architecture of 2D convolutional LSTM network.

The most important drawback of fully connected LSTM is that inputs should be

reshaped to a single dimension. During reshaping, all spatiotemporal information

is lost. To overcome this problem, all the inputs X1, ..., Xt, cell outputs C1, ..., Ct,

hidden states H1, ..., Ht, and gates it, ft, and ot of the ConvLSTM are converted

to 3D tensors. The first dimension is the temporal dimension while the last two

dimensions are spatial dimensions (i.e. row and column). The inputs and past states

are used to determine the future state of a certain cell. For each value in a state, the

past state of its local neighbours is used. This can be achieved by using a convolution

operation in the state-to-state and input-to-state transitions as shown in Figure 3.24

(Figure 2). The key equations of ConvLSTM are shown in Equation (3.10) where

gates are 2 dimensional for a specific time frame. Arguments for ConvLSTM2D:

� Filters: Number of output filters in the convolution

� Kernel size: The dimension of the 2 dimensional convolution window.

� Return sequences: If true full sequence is returned.

3.5.1.5 Dropout

A random set of input units are set to 0 by the dropout layer. The inputs are set to

0 according to frequency of the dropout rate during the training phase. This helps

prevent the overfitting problem. Input values which are not set to 0 are then scaled

up by 1
1−dropoutrate

. Scaling is done so that sum over all inputs is unchanged. It is
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to be noted that the Dropout layer is active only in training mode. Arguments of

dropout:

� Rate: Defines fraction of the input units to be dropped.

The dropout rate is set to 0.25 for the ConvLSTM2D regularization.

3.5.1.6 Dense Layer

Dense layer is a layer where every input node is connected to every output node. At

every output node, it implements a simple operation of input multiplied by a certain

weight and added with a bias term. The operation of dense layer can be shown by

the equation below:

output = activation(dot(input, kernel) + bias)

where activation is the element-wise activation function

kernel is the weights matrix

bias is a bias vector

Arguments:

� Units: Defines the number of dense layer nodes and dimension of the output

tensor.

� Activation: Activation function of to be used. Function ’tanh’ is used in the

dense layer.

3.5.1.7 Softmax Activation Function

Softmax function is a function which converts a vector of values to equivalent

probability distribution. The feature of the softmax function is that its output

ranges from 0 to 1 for any input values of input and the sum of all the output equals

unity. Softmax is used as the activation for the last layer of a classification network.

σ(z)i =
ezi∑k
j=1 e

zj
(3.11)
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Where, i = 1, . . . , K and z = (z1, . . . , zk)

3.5.1.8 Binary Cross Entropy Functions

Binary Cross Entropy function is the negative average of the log of corrected

predicted probabilities. It compares predicted probabilities to actual class output

hence corrected probabilities. Binary cross entropy uses the corrected predicted

probabilities to calculate a loss score based on penalizing according to the deviation

from the expected value. This function is used as a loss function in the DNN.

logloss = − 1

N

N∑
i

M∑
j

yij log(pij) (3.12)

Where, N = number of rows M = number of classes

3.5.1.9 Adaptive Momentum Optimization (ADAM)

ADAM is a stochastic gradient descent algorithm which is based on adaptive

estimation of first-order and second-order moments. ADAM optimizer is

computationally efficient, requires less memory, is not affected by diagonal rescaling

of gradients, and is well suited for big data and a huge number of parameters [104].

The mathematical representation for first order moment and second order moment is

given in Equation (3.13).

Vdw = β1 × Vdw + (1− β1) dW

Vdb = β1 × Vdb + (1− β1) db

Sdw = β2 × Sdw + (1− β2) dW
2

Sdb = β2 × Sdb + (1− β1) db
2

(3.13)

Where, Vdw is first order moment or moving average of gradient of weight parameter

β1 is first order moment constant (default value = 0.9)

dw is gradient of loss function with respect to weight

Vdb is first order moment or moving average of gradient of bias parameter
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db is gradient of loss function with respect to bias

Sdw is second order moment or moving average of square of gradient of weight

parameter

β2 is second order moment constant (default value = 0.999)

Sdb is second order moment or moving average of square of gradient of bias

parameter

Then, the correction in network parameters (weights and bias) in each iteration during

the training process is represented in Equation (3.14). This will in turn gradually

improve the performance of the model in successive iterations.

weightnew = weightold − α× Vdw√
Sdw + ϵ

biasnew = weightold − α× Vdb√
Sdb + ϵ

(3.14)

3.5.1.10 Metrics

Various metrics are used to measure the classification performance of EEG

classification using hybrid CNN-LSTM network. The metrics used in this research

include: categorical accuracy, confusion matrix, precision, recall, F1 score, and

Cohen’s Kappa.

Categorical Accuracy Categorical Accuracy is the ratio of the total number of

correctly classified predicted values to the total number of predicted values. The total

number of predicted values includes correctly classified values along with incorrectly

classified values.

Confusion Matrix Confusion matrix is a table layout for the visualization of errors

in the classification task. One dimension of the matrix represents the actual class

while the other represents the predicted class. The total number of classified samples

is written in cells corresponding to their original class and predicted class. Confusion
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matrix is made up of four metrics:

(i) True Positive: It is an instance when positive samples are correctly classified

as positive.

(ii) True Negative: It is an instance when negative samples are correctly classified

as negative.

(iii) False Positive: It is an instance when negative samples are incorrectly classified

as positive.

(iv) False Negative: It is an instance when positive samples are incorrectly

classified as negative.

Figure 3.25 shows the distribution of true positive, true negative, false positive, and

false negative in the confusion matrix.

Figure 3.25: Confusion matrix.

Precision Precision is defined as the ratio of True Positive to the total number of

samples classified as positive.

Precision =
TruePositive

TruePositive+ FalsePositive
(3.15)
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Recall Recall is defined as the ratio of True Positive to the total number of samples

which are originally true. Recall measures the ability to detect positive samples.

Recall =
TruePositive

TruePositive+ FalseNegative
(3.16)

F1 score The accuracy metric might be misleading if the dataset is imbalanced

(each class of the dataset does not have the same number of samples). F1 score

combines precision and recall using harmonic mean. Maximum value of F1 score is

achieved if both precision and recall are high.

F1 score =
2× Precision×Recall

Precision+Recall
(3.17)

Cohen’s Kappa Cohen’s kappa coefficient (κ) is a statistical tool used to measure

inter-rater and intra-rater reliability for categorical classification [105]. It takes into

account the possibility of the agreement occurring by chance given by

1
Number of output classes

. This metric measures the agreement between two raters who

each classify the same number of items into the same number of mutually exclusive

categories.

κ =
po − pe
1− pe

(3.18)

where po is the relative observed agreement among raters,

pe is the hypothetical probability of chance agreement, using the observed data to

calculate the probabilities of each observer randomly seeing each category.
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3.5.2 CNN-LSTM Network Architecture

To achieve the objective of classifying EEG signals, three main features of EEG signals

are to be considered. These features include:

� Frequency component of each channel.

� Spatial information of each frequency component.

� Time series variation of spatial information.

Thus, a CNN-LSTM architecture is constructed as shown by Figure 3.26.

CNN-LSTM architecture consists of Frequency learning Convolutional Layer, Time

series reduction Convolutional Layer, Spatial information learning Convolutional

layer, Time series information learning Convolutional LSTM, and finally end

classifier CNN. A combination of Conv3D layer, Batch normalization layer,

AveragePooling3D layer, ConvLSTM2D layer, Dropout layer, Dense layer, and

Softmax activation function is used to construct detailed Deep Neural Network

hybrid CNN-LSTM classifier.

Figure 3.26: Hybrid CNN-LSTM architecture.
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3.5.2.1 Frequency Learning Convolutional Layer

CNN-LSTM network Data generator provides CNN-LSTM network with batches of

data of shape (batch, time steps, localized row, localized col, number of frequencies).

Thus, the actual shape of input data becomes (32, 80, 12, 7, 40). There are 40

frequency components from TFR data. Localized rows and localized columns carry

the spatial information of EEG data. To learn those frequency components Conv3D is

used with 16 filters. This means that 40 frequency nodes are reduced to 16 nodes. It

is to be noticed that Kernel (1,1,1) is used which only affects frequency information.

Batch normalization is used to normalize the inputs to the next layer.

3.5.2.2 Time Series Reduction Convolutional Layer

Time series reduction is done to reduce time series information while concurrently

learning the most effective values of the kernel to be used for the reduction. This layer

is equivalent to the weighted sum of frequency information and time series information

obtained from the previous layer. The weights of the weighted sum are kernel values.

Conv3D layer concurrently reduces 16 frequency information nodes from the previous

layer and 5 time series information to the same 8 nodes. These 8 nodes contain

frequency information in reduced time steps. Also, this layer reduces the number

of time series data for efficient learning by ConvLSTM2D layer used later in CNN-

LSTM network. Conv3D with kernel (5,1,1) is used along with AveragePooling3D

layer. AveragePooling3D again reduces obtained time series values by a factor of two.

3.5.2.3 Spatial Information Learning Convolutional Layer

After time series information is reduced, localization information is learnt by Conv3D

with kernel (1,3,3). This shows that convolution kernel (1,3,3) is applied to (time

steps, localized row, localized col) while also connecting 8 time series reduction nodes

to 8 spatial information nodes. This in turn learns the combined effect of spatial
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information along with features learnt in previous layers.

3.5.2.4 Time Series Information Learning Convolutional LSTM Layers

All the learnt information contain time series variation, which is learnt by two

stacked ConvLSTM2D layer. Each ConvLSTM2D performs convolution operation

before learning time series information using LSTM modified to work with 2D

filters. 64 filters are used for each ConvLSTM2D to learn time series information.

Dropout is required for regularization purpose. All sequence is returned from

ConvLSTM2D to use this information for the final classification process.

3.5.2.5 End Classifier CNN

The generated sequence which is provided by ConvLSTM2D layer is then passed to

End Classifier CNN to finally get classification results. For this purpose, two layers

of Conv3D for the reduction of nodes are used before flattening and performing the

final classification by Dense layer. Softmax function is used in the last layer to give

us probabilities of classification. Detailed architecture of the proposed hybrid CNN-

LSTM architecture is shown in Figure 3.27. Optimizer, Loss function, metrics, and

other parameters are as follows:

(i) Optimizer: ADAM (Learning rate = 0.001)

(ii) Loss function: Binary cross entropy

(iii) Metric: Categorical accuracy

(iv) Maximum epochs: 100

(v) Early stopping: Monitor Validation Loss (Patience = 10)
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Figure 3.27: Hybrid CNN-LSTM network architecture.
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3.6 Chapter Summary

EEG pre-processing, Post-processing, and Classification steps are used for five class

classification of attempted hand movements of SCI patients. Filtering, downsampling,

and artifact removal using ICA are done for EEG pre-processing. Time-Frequency

Representation of EEG data along with Datagenerator is used for post processing

step. Datagenerator applies spatial encoding, windowing technique, splits train and

test sets and randomly selects data to feed hybrid CNN-LSTM network. CNN-LSTM

network learns spectral features, spatial features, and temporal features from the

training set. Learnt values of CNN-LSTM are finally used for inference which results

in classification into 5 different classes.
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CHAPTER 4
RESULTS AND DISCUSSIONS

4.1 Introduction

Proposed CNN-LSTM network architecture is used to classify five different classes of

attempted hand movements of 10 SCI patients. In this chapter: evaluation criteria

for EEG classification; analysis of the effect of various factors on performance of the

classifier; obtained classification performance; and comparison of obtained results with

literature is done.

4.2 Evaluation Criteria

For the evaluation of EEG classifier, following evaluation metrics are used:

(i) Categorical accuracy (Testing set categorical accuracy)

(ii) Loss value (Binary Cross Entropy loss function)

(iii) Confusion matrix

(iv) Precision

(v) Recall

(vi) F1 score

(vii) Cohen’s Kappa value

Each window of EEG TFR data generated by Post-processing step is used to

calculate the categorical accuracy. Testing set categorical accuracy shall be referred

to as accuracy here forth for ease of understanding. The training set categorical

accuracy is 99.5%±0.4% for all experiments unless specified. Two graphs are

considered simultaneously for the evaluation of accuracy and generalizability of the

classifier: the response of categorical accuracy with respect to the number of epochs;

the response of loss value with respect to the number of epochs. Also, the response
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of training data is seen along with the response of test data for accuracy and loss. A

classifier can be considered to have good generalizability, if both the response of

training and test data are similar. Figure 4.13 depicts good accuracy and

generalizability of the classifier. Confusion matrix is used for detailed output results

with respect to different classes. It is used for the calculation of various metrics like

precision, recall, F1 score, and Cohen’s kappa values.

4.3 Performance Analysis

Various aspects are considered for the optimization of CNN-LSTM model to achieve

maximum classification performance. Effects of various factors are analyzed which

includes: artifact removal, sliding window, and effect of train-test ratio.

4.3.1 Effects of Artifact Removal using ICA

Literature showed that various strategies of artifact removal in motor imagery

classification have been applied (shown in Figure 2.3). These strategies include

automatic removal, manual removal, artifact left in, and artifact not addressed.

Thus, the classification performance of the classifier is seen with and without artifact

removal using ICA. Five individual experiments are done for both artifact removal

using ICA, and no artifact removal. Results show that artifact removal using ICA

helps in increasing the average classification accuracy by 0.94%. This small increase

in classification accuracy is seen because hybrid CNN-LSTM network is able to

handle non-stationarity very well. In case of no removal of artifacts, CNN-LSTM

network uses artifacts also to classify EEG tasks which might be undesirable. Figure

4.1 shows increase in accuracy with the use of artifact removal using ICA where,

� Colored box represents the range of values covered by Q1 through Q3 of the

data.

� Horizontal line inside the box represents Q2 value of the data.
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� Maximum of upper tail represents the maximum value of the data.

� Minimum of lower tail represents minimum value of the data.

� Cross represents the mean value of data.

Figure 4.1: Box diagram of the effect of artifact removal on test set classification
accuracy.

4.3.2 Effect of Sliding Window

For the optimization of parameters of Sliding windows: window step, window size

and no of windows are analyzed. It is seen that 10ms window step yields the highest

classification performance (see Figure 4.2). As the step size increases, the amount

of missed information also increases causing a decrease in classification performance.

As for window size 1000ms captures the optimum amount of information required

for classification (see Figure 4.3). The classification performance saturated after 20

windows indicating that many windows are required to deal with the problem of

non-stationarity in EEG classification (see Figure 4.4).
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Figure 4.2: Effect of window step in accuracy.

Figure 4.3: Effect of window size in accuracy.

Figure 4.4: Effect of number of windows in accuracy.

4.3.3 Effect of Training and Testing Split

To test the validity of the CNN-LSTM network and its performance for various split

ratios of training set to test set, test set accuracy and test set loss are observed for

various split ratios for a patient. Here split ratio refers to the amount of test data

relative to the whole data. Test set accuracy and loss are observed for a split ratio
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ranging from 0.2 to 0.9. Figure 4.5 and 4.6 show the effect of split ratio on test set

accuracy and loss. It can be seen that as the amount of test set increases and training

set decreases, there is a decrease in final classification accuracy depicted by Figure

4.5. It should be noted that even for the split ratio of 0.9, i.e. 10% of the data is

used for training and 90% of the data is used for testing purposes, the final achieved

classification is 93%. This result is further validated by the final achieved loss value

by hybrid CNN-LSTM network. Final achieved loss is more for the split ratio of 0.9

compared to others. Likewise, it can be seen that when the split ratio is 0.2, maximum

classification performance is reached in a single epoch. It is the same for the split ratio

of 0.3. As the split ratio increases gradually to 0.9, the number of epochs to obtain

maximum classification performance also increases. This effect is also seen in Figure

4.6 graph, as there is a rapid decrease in loss value for split ratio 0.2 and the rate of

decrease slows down as the split ratio increases.

Figure 4.5: Effect of split ratio on test set accuracy.
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Figure 4.6: Effect of split ratio on test set loss.

4.3.4 CNN-LSTM Network Optimization

Various hyperparameters have been tuned to their optimum values for achieving

maximum validation classification performance. Optimal values of the

hyperparameters of hybrid CNN-LSTM network are as follows:

(i) Number of 3D Convolution filters for frequency learning = 16

(ii) Number of 3D Convolution filters for time series reduction filters = 8

(iii) Number of 3D Convolution filters for extraction of spatial information = 8

(iv) Number of ConvLSTM2D filters for sequence learning = 64

(v) Number of 3D Convolution filters for first layer reducing network = 16

(vi) Number of 3D Convolution filters for second layer reducing network = 4

(vii) Number of nodes in Classification Dense layer = 32

Multiple experiments have been carried out for the optimization of particular

hyperparameters. Only the hyperparameter in test is varied while the remaining

hyperparameters are kept constant. To evaluate the performance of the specific

values of hyperparameters, two graphs are considered: Accuracy vs Epoch; Loss vs
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Epoch. Each of these two graphs contains a plot of training set and test set of data

for different hyperparameter values which are separated by their color.

For Accuracy vs Epoch graph, a gradual increment of the accuracy of training and

test data is observed. Special attention should be given to the maximum accuracy

value obtained by test set which is generally lower. The highest accuracy achieved by

the test set is chosen. As for Loss vs Epoch graph, it can be seen that training loss

shows a characteristic exponential decreasing curve. Here, special attention should

be given to the response of loss of test set. Especially, whether the loss is decreasing

or increasing, and by what amount. Considering these criteria, optimum values of

hyperparameters are obtained. Figure 4.7, 4.8, 4.9, 4.10, 4.11, 4.12 shows response of

network with various hyperparameter settings.

Figure 4.7: Frequency filter optimization.

Figure 4.8: Time filter optimization.
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Figure 4.9: Localization filter optimization.

Figure 4.10: Convolutional LSTM filter optimization.

Figure 4.11: Node reduction filter optimization.
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Figure 4.12: Dense layer nodes optimization

4.3.5 Computational Requirement of Classifier

The experiments have been carried out in a computer having Core i9-11980K and MSI

RTX 3080 GPU. Hybrid CNN-LSTM DNN architecture had 4,98,185 parameters. The

size of entire trained network is 5.84 MB (MegaBytes) excluding EEG data. It took

an average of 16.1 seconds to complete each epoch. For each epoch, there are a total

of 7200 windows of 61 channels of EEG TFR data. Each batch of EEG TFR data

containing 32 samples took an average of 780 ms to complete during training. To

achieve maximum classification performance with data of all runs of each patient, it

took an average of 3.567 minutes at 10 epochs (with a split ratio of 0.9) excluding

data loading time.

4.3.6 Final Classification Results

Figure 4.13 shows the learning curve of the network for Patient P01. Taking into

account the calibration time issue in BCI, hybrid CNN˙LSTM classifier used 10%

of the dataset for training to achieve maximum classification performance using less

training data. This means the classifier is able to generalize using less amount of data.

In this research, following results are achieved:

(i) Using only 10% of the EGG data of attempted movements of SCI patients for
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training purposes, hybrid CNN-LSTM network is capable of learning features to

classify 90% of the remaining data with a testing set accuracy of 92.36%±1.5%

and training accuracy of 99.5±0.4%.

(ii) Proposed EEG classification procedure is able to use and extract spectral,

temporal, and spatial features from high dimensional EEG data (e.g. 61 EEG

electrodes used in this research).

It shows that the model is capable of generalizing the system by training on 10% of

the dataset. Also, Figure 4.14 shows that the loss of the training and testing dataset

decreased in similar manner further supporting the good generalization of the classifier

and validating the performance of the network.
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Figure 4.13: Accuracy-Epoch Plot for Patient 01.
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Figure 4.14: Loss-Epoch plot for Patient 01.

10 separate experiments with random sampling of data are carried out each yielding

its own accuracy and loss (e.g. Figure 4.13 and 4.14). Obtained results from 10

experiments for each patient are used to acquire the distribution of classification

accuracy shown by Figure 4.15.

Figure 4.15: Box plot of classification accuracy for all patients.
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4.3.6.1 Confusion Matrix of classification results

Figure 4.16 shows the confusion matrix for 5 class classification of attempted hand

movements for patient P08. This shows good classification performance and

generalization for all the classes. For a single trial, multiple windows are compared

and the output class is chosen according to maximum probability given by hybrid

CNN-LSTM network across all windows of this trial. This increases the overall

accuracy of the classifier by an average of 1.96%.

Figure 4.16: Confusion matrix for classification of 360 trials of Patient P08.

Using classification results of all patients, a confusion matrix is constructed which

sums up classification results for all patients shown by Figure 4.17. The overall

classification performance obtained is as follows:

(i) Overall accuracy: 92.363

(ii) Cohen’s κ Value: 0.905
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(iii) Precision: 92.384

(iv) Recall: 92.364

(v) F1 Score: 92.37

Figure 4.17: Confusion matrix for all patients.

4.3.7 Comparative Results

Table 2.4 shows various related EEG classification studies according to their output

class, strategies, tasks, subject, training set, test set, and accuracy. It is to be noted

that all the studies except for the task of attempted hand movements show that they

classify certain combinations of left hand, right hand, tongue, feet, and eye closing

tasks. Meanwhile, attempted hand movements deal with various movements from

a single hand. These hand movements originate from a smaller region of the brain

compared to other movements. This increases the complexity in classification because
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of additional interference among signals which makes it difficult to separate brain

response from artifacts. Further adding to the complexity, there is a greater extent

of non-stationarity and high chances of artifacts in EEG signals acquired from SCI

patients. The results of this research show that it achieves a consistent classification

performance across all patients which is not the case with related literature. This is an

increase of 47.36% classification accuracy compared to [20] for 5 class classification of

attempted movement of SCI patients for the same dataset. This indicates that EEG

classification process according to this research is able to handle non-stationarity of

EEG signals and is flexible to handle a wide variety of data by extracting relevant

features and classifying them.

Figure 4.18 shows a graphical comparison of this research among related EEG

classification studies. This research shows an increase in classification performance

across related literature for EEG classification of 5 classes while using 10% of the

dataset for training purposes. This shows CNN-LSTM model is generalizing the

data better than related studies while dealing with more complex scenarios of single

hand movement and five output classes.
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Figure 4.18: Comparison of classification accuracy across various related studies
(refer Table 2.4).

4.3.8 Results with BCI IV 2a Dataset

To further validate the procedure of EEG classification and performance of the CNN-

LSTM classifier architecture, a similar procedure of EEG classification is applied to

BCI IV 2a dataset [27]. Training Data for a subject of BCI IVA 2a dataset is used to

obtain classification performance as shown by Figure 4.19.
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Figure 4.19: Confusion matrix for the training set of a subject of BCI IV 2a dataset.

This shows that, EEG classification approach proposed by this research shows similar

classification performance on wide variety of datasets, patients/subjects, and tasks.

4.4 Chapter Summary

Good generalization with an average accuracy of 92.36% is achieved using hybrid

CNN-LSTM network for the classification of attempted hand movements of SCI

patients. A combination of FIR filter, downsampling, and ICA is used to remove

unwanted components and increase the SNR of EEG data. TFR along with spatial

encoding is used for the effective representation of EEG data for classification

purposes. Sliding window is used with TFR data before feeding it into hybrid

CNN-LSTM network and CNN-LSTM network architecture has been designed to:
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� Learn spectral component of each channel.

� Learn spatial information of frequency components.

� Learn time series variation of localization information.

� Use time series information to classify 5 classes

This approach for classification of attempted movement of SCI patients has led to an

increase of 47.36% classification accuracy compared to [20] for 5 class classification of

attempted movement of SCI patients while 10% data for training.
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CHAPTER 5
CONCLUSIONS AND FUTURE WORK

5.1 Conclusions

Classification of attempted hand movement of SCI patients is a very important step

in improving the quality of life of SCI patients. In this regard, this research has been

able to accomplish the objective of developing and optimizing a hybrid CNN-LSTM

model for multichannel EEG signal classification of attempted hand movement of SCI

patients, and validating its classification performance.

5.1.1 Research Outcomes

Key aspects of this research can be concluded as follows:

(i) Classification accuracy of 92.36% with good generalization of the classifer is

achieved using proposed method of EEG classification with hybrid CNN-LSTM

network.

(ii) Calibration time of the EEG classifier is reduced by using 10% of the dataset

for training purposes to achieve a classification accuracy of 92.36%.

(iii) Classification in done on EEG data from real-world SCI patients to classify five

classes of single hand movements (pronation, supination, hand open, palmar

grasp, and lateral grasp).

(iv) Proposed EEG classification procedure can extract and use spectral information,

spatial information, and temporal information of valuable neural impulses from

high dimensional EEG data.

(v) Artifact removal can be carried out using ICA to achieve maximum classification

performance. Although, the step of artifact removal using ICA can be dropped

to reduce computational complexity without much compromise on classification

performance.
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(vi) Proposed EEG classification method can be used to classify EEG data for other

applications such as mental disease diagnosing, BCI applications, etc.

5.1.2 Practical Application

This research shows a method for achieving high classification performance for EEG

signals. For the practical application of the proposed EEG classifier to classify hand

movements of SCI patients, there are several things to be considered. High

resolution acquisition of EEG signals for SCI patients is a challenging task to

perform for regular use. There is a requirement for a plug-and-play wearable system

for high resolution EEG imaging. Also, a fast communication system is required

which is capable of transferring EEG data with low latency such that there is an

acceptable lag between the attempted task and the transfer of EEG data to EEG

classifier system. If the EEG data is acquired by the classification system within an

acceptable delay, then we need to make a few adjustments to the proposed EEG

classification system to work on real-time classification. EEG classification system

should be made causal (e.g. FIR filters). Artifact removal using ICA is an effective

but computationally intensive process. Thus, artifact removal using ICA should be

avoided if the classification performance is sufficient enough for the patient because

there is no significant decrease in classification performance without artifact removal

using ICA. But, in some cases, artifact removal using ICA is a must to achieve

expected classification performance. This depends on the nature of the patient and

artifacts related to them. The computational time of post-processing and inference

via hybrid CNN-LSTM network should be within an acceptable delay. For this

purpose, a system with sufficient processing capabilities should be used.

On the actuator side, there is a requirement of robust, reliable, and ergonomic robotic

hand system capable of performing hand movements. The robotic hand should be

light weight and portable enough for daily use.
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5.1.3 Limitations and Future Work

Inter subject performance With reference to the achieved classification

performance of proposed EEG classification system, there is significantly low

classification accuracy when the system is trained for one patient and tested for

another patient. This is due to the fact that there are significant changes in EEG

signal generated for the same task by two different patients. Further study is

required to extract common EEG signals generated for a particular task irrespective

of patients.

End to End DNN System An end-to-end DNN classifier can be constructed by

further studies on the concept of CNN-LSTM architecture for EEG classification.

Time-Frequency Representation of 61 EEG channels requires a lot of hardware

requirement to store and load TFR data. A Convolutional Neural Network can be

designed to perform the task of time-frequency representation on the CNN-LSTM

network itself. This would reduce storage and computational requirement. Artifact

removal using ICA is computationally intensive and there is a requirement of

manually designing the encoding matrix according to the spatial information of

EEG electrodes used. Artifact removal and spatial encoding can also be

incorporated as part of DNN with further research in this field.

Number of classes Five classes of five different tasks are used in this research. It

can further be increased to a higher number of classes for additional types of tasks.

Other applications The concepts of this research can be used not only for

attempted movements of SCI patients but also for other neurological diseases,

neuroscience applications, mental workload, neuromarketing, and biometrics in

future works.
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APPENDIX A
PICARD Method of ICA

PICARD stands for Preconditioned Independent Component Analysis of Real Data

[59]. For large set of real data, the maximization of the likelihood is a demanding

issue. Even more so, if it has to be completed quickly and accurately. One way of

solving this problem is to use quasi-Newton methods which rely upon sparse

approximations of the Hessian of the log-likelihood, but doesnot hold for real

datasets where sources are not completely independent. PICARD is a method which

makes use of sparse approximatation of Hessian only as a preconditioner to the

L-BFGS algorithm. Hessian approximation is refined from a memory of the past

iterates [59]. Rewriting log likelihood of probability density function as:

L(W ) = −log|det (W )| − Ê

[
N∑
i=1

log(pi(yi(t)))

]
(A.1)

Where Ê denotes the empirical mean (sample average), W is mixing matrix, pi is

probability density function, yi(t) is source values at time t.

The variation of L(W ) with respect to a relative variation of W upto second order

as described by Taylor Expansion of L((I +E)W ) in terms of ‘small’ NxN matrix E,

along with first order Gij and second order Hessian Hijkl:

L((I + E)W ) = L(W )+ < G|E > +
1

2
< E|H|E > (A.2)

Gij = Ê [ψi(yi)yj]− δij or G(Y ) =
1

T
ψ(Y )Y T − Id (A.3)

Hijkl = δilδjk + δik Ê[ψ
′(yi)yjyl] (A.4)

Hessian Approximations The Hessian approximations and regularization can be

donoted as follows [59]:

H̃2
ijkl = δilδjk + δikδjl ĥjk (A.5)
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PICARD algortihm Input: Mixed signals X, initial unmixing matrix W0

Set Y = W0X

For k = 0, 1,. . . , k do

Compute relative gradient Gk

Computer Hessian approximation H̃k

Regularize H̃k

Compute the search direction pk = −(H̃k)
−1Gk

Set Wk+1 = (I + αkpk)Wk (αk set by line search)

Set Y = (I + αkpk)Y

End

Output: Y,Wk
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